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ABSTRACT 

Context – Aircraft engine maintenance, repair and overhaul (MRO) is crucial to ensuring aircraft 

reliability and passenger safety. Engines must be inspected on a regular basis to detect any defects at 

the earliest stage before they can propagate and cause any adverse outcome. Nonetheless, maintenance 

is a major contributor to aircraft accidents and incidents, and is responsible for flight delays and can-

cellations.  

Issues – The visual inspection of engine blades, which is the area under examination in this thesis, 

is performed by human operators, who are unreliable, inconsistent, subjective, prone to error, and have 

different personal judgements based on their risk appetite. Furthermore, working under time pressure 

forces operators to balance between two conflicting aspects, namely safety and performance. 

Need – The maintenance of aero engines is an intricate, time-consuming, highly repetitive and tedi-

ous process that is prone to slips, lapses and mistakes. This entails the risk of missing a critical defect 

during inspection. Hence, there was a need for more effective and efficient maintenance and inspection 

processes to reduce the turn-around times, maintenance costs, non-value adding tasks, human errors, 

and wrong-decision making, while improving the inspection quality and performance, i.e., increasing 

the inspection accuracy, consistency, reliability and productivity.   

Approach – This work used multiple different methods including an ontology to link root causes 

and blade defects; Bowtie analysis to determine critical factors in the inspection process; eye tracking 

to extract the visual search paths and understand if and why a defect was missed; statistical methods 

including ANOVA, odds ratio and model building to evaluate the inspection performance (accuracy, 

consistency, and time) and influence factors; image processing techniques to develop a defect detection 

software; SWOT and weighted factor analysis to compare different inspection agents including image 

processing software, artificial intelligence software, 3D scanning, and human operators.  

Results – A defect taxonomy was developed for blade defects. The subsequent Bowtie analysis 

showed that there are other important factors affecting visual inspection that are often neglected, such 

as management activities and training. As there was a lack of standardised Bowtie development, a sys-

tematic methodology was introduced applying 6M categorisation. Next, several factors affecting visual 

inspection were statistically analysed. Results show that, for example, cleanliness had a significant ef-

fect on defect detection rates. From the eye tracking recordings, the different search strategies and un-

derlying cognitive processes were extracted and inspection errors identified. Experts in contrast, ap-

plied a systematic search strategy, while novices’ gaze wandered across the blade in an unstructured 

way. The assessment of tactile perception showed higher inspection accuracies compared to sole visual 

inspection. The attribute agreement analysis revealed that human operators were highly inconsistent, 

and that the inspection system had low repeatability. An interesting result was that human operators 

outperformed both inspection software, while being less effective in their defect detection compared to 

the 3D scanner.  

Findings – A risk framework was developed for visual inspection taking into account defect sever-

ity, criticality, and manifestation. In addition, a revision of the visual inspection framework was pro-

posed based on the research findings. Furthermore, an inspection quality framework was introduced 

following the DMAIC structure. 

Originality – This thesis makes the following novel contributions: Development of a blade defect 

taxonomy; Bowtie analysis for inspection activities; assessment of the human performance in blade 

inspection; development of a visual search framework; evaluation of technological inspection methods; 

and development of an operational decision support methodology. 

3



ACKNOWLEDGEMENTS 

First and foremost, I would like to express my sincere gratitude to my supervisor, Professor Dirk 

Pons, for guiding me on this journey. It has been an absolute pleasure to work with you. I will always 

remember our weekly meetings and discussions about improving visual inspection and making air 

travel safer. It was with great joy to work with you on our research publications. Your advice, experi-

ence, and wisdom have positively influenced my academic and personal development. 

Next, I would like to thank my co-supervisor, Professor Antonija Mitrović, for the strong support in 

the area of computer science and software engineering. Your knowledge, specifically of eye tracking 

and statistical analysis has been of great value and allowed me to broaden my skills in those areas. My 

thanks also go to Sam Shankland, who significantly helped with the development of the defect detec-

tion software under the supervisor of Ramakrishnan Mukundan.  

This PhD research project was enabled and supported by the Christchurch Engine Centre. I would 

like to express my thanks to the present and former Engineering Managers, Ross Riordan and Tim 

Coslett, respectively. This project would not have been possible without your initiation and support 

throughout. A big thank you to all staff from the Engine Centre who supported my research project, 

particularly everyone who took part in the eye tracking study. I appreciate your patience and trust in 

sharing your valuable knowledge with me.  

My sincerest thanks go to Marcus Wade, for the outstanding support, technical guidance, and shar-

ing your extensive knowledge in lean management and continuous improvement paired with your rich 

experience in aero engine maintenance. You have been an excellent mentor and challenged me with 

new tasks, which allowed me to personally grow and believe in myself.  

I would like to acknowledge Piet Beukman for encouraging me in pursuing a Doctor of Philosophy 

and preparing me for this journey as part of my Masters’ degree. You are a great inspiration and have 

taught me several life lessons, e.g., Eagles do not catch flies. I always enjoyed visiting you in Wanaka and 

chatting about the progress of my research and appreciated your criticism and honest feedback. 

My personal thank goes to Beverley Hall, for sharing the office with me and the continuous metal 

support. It was great to have someone you could rely on and fully trust. You were always great com-

pany and a good listener no matter the topic. I am grateful for our friendship that emerged from it.   

I dedicate this PhD thesis to my beloved parents for their enormous love and support. The long 

distance between Germany and New Zealand has made it not always easy, but we managed to keep in 

frequent contact. To my dear mum for her courage to step out of her comfort zone and spending an 

unforgettable time with me in New Zealand. Those moments together with the family visits helped me 

to get through the ups and downs of the PhD. Thank you, dad, for all your wisdom, guidance, and 

support. You always showed great interest in my research and were never afraid of deep technical 

discussions. 

I am thankful for the help offered by my caring flatmates, who motivated me and ran interference, 

particularly during the last few months of the thesis write-up. Thank you for your on-going interest in 

my research and being patient listeners. 

Finally, I would like to thank everyone who has contribute in any form to this research project. Your 

support has made this PhD a great success. 

4



PREFACE 

This is a Thesis with Publications and was prepared in accordance with the guidelines for ‘Including 

Publications in a Thesis’ of the University of Canterbury. A thesis with publications allows to include 

work that has already been published, accepted for publication, or submitted for publication as stand-

alone thesis chapters in journal format. It is required that the PhD candidate wrote the first draft and 

contributed a substantive input of more than 50% to the manuscript. Moreover, co-authors must declare 

that the PhD candidate was the lead author of each publication and must sign a ‘co-authorship 

declaration’ form, stating the contribution of the candidate (see following page). 

The major difference between a Thesis with Publication and a Thesis by Monograph lies in its structure. 

Unlike a monograph that is typically written in book form and comprises a comprehensive literature 

review, methodology, results, and discussion chapter, in a Thesis with Publications, each published 

chapter includes those elements. That is, most chapters contain a concise literature review most relevant 

to the specific topic, along with a method statement outlining the methodological approach taken. 

Furthermore, each chapter has its own discussion, contextualising the relevant findings into the broader 

context relevant to each topic. Each chapter has its own reference list and numbering, i.e., references, 

tables and figures are numbered in accordance with the publication rather than consecutively 

throughout the thesis. Each publication required an introduction to the general research problem, hence 

leading to some minor repetition. In summary, a thesis with publications is a compilation of 

publications, each with their own introduction, literature review, methodology, results, discussion, and 

conclusion section. 

It should be noted that the PhD candidate was the main author of this thesis. However, since the 

thesis contains co-authored research publications, those chapters were written in the collective voice to 

acknowledge the co-authors’ contribution, while unpublished work was written in the singular voice.  

The data and images presented in the present thesis were acquired at my industry sponsor, the 

Christchurch Engine Centre. This research received ethics approval from the Human Ethics Committee 

of the University of Canterbury (HEC 2020/08/LR-PS, HEC 2020/08/LR-PS Amendment 1, and HEC 

2020/08/LR-PS Amendment 2). The relevant documents can be found in the Appendix.  

It was the researcher’s utmost priority to ensure a safe study environment for the participants by 

following the COVID-19 pandemic safety measures including social distancing and wearing of face 

masks. The study complied with all health and safety regulations of the Christchurch Engine Centre. 

For the eye tracking experiments specifically, the manufacturers ‘health and safety recommendations 

for data collection during the COVID-19 pandemic’ were followed, which are in accordance with the 

U.S. Center for Disease Control and Prevention (CDC) and Occupational Safety and Health 

Administration (OSHA). 

The publications included in this thesis are listed in the ‘Co-authorship Form’ on the following page. 
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ERRATA 

Chapter Section Erratum

2 Abstract “Defect was categorised” should be “Defects were categorised”

2 Figure 1 “KOD” should be “Known Object Damage (KOD)”

2 Table 3 “shorten” should be “shortened”

2 Table 3 “operational means” better described as “operational utilisation”

3 Section 4.3 “treats” should be “threats”

3 Figure 5 “inapproriate” should be “inappropriate”

4 Section 2.1 “form” should be “from”

4 Table 5 Should read “Material-related barriers, e.g., dirty part condition”

4 Figure 8 Mitigation barrier pictograms should be in reverse order

5 Section1 “aircrafts” should be “aircraft”

9 Abstract “aircrafts” should be “aircraft”

9 Section 2.2 “though is” should be “though are”
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CHAPTER 1: INTRODUCTION TO VISUAL INSPECTION OF AIR-

CRAFT ENGINE BLADES 

1. Background 

1.1. Aircraft Engine Maintenance 

Aircraft engine components such as engine blades are exposed to extreme operating environments 

including high rotational speeds and centrifugal loads, high temperatures and pressures, vibrations, 

and foreign object ingestion [1-4]. Foreign objects can include debris on the runway or particles in the 

air, ingested wildlife such as birds, or any items left behind in the engine such as tools or clipboards [6-

8]. All of these factors can cause internal stress and material fatigue, which has the potential to cause 

part failure over time. Hence, engine maintenance, repair, and overhaul (MRO) plays a crucial role in 

assuring safe aircraft operation and extended part life.  

Engines are inspected at regular intervals (planned shop visit), or after an unexpected event (un-

planned shop visit) [9]. A planned shop visit is performed after a set number of flying hours (e.g., 

15,000–20,000) or flying cycles, i.e., the number of flights from start to landing (e.g., 5000–10,000) [9]. 

An unplanned shop visit is commonly performed after engine problems, such as compressor surge, 

unusual vibration, loss of performance, or foreign object ingestion (e.g., bird strike). In such cases, the 

engine is visually inspected to determine whether the engine needs to be dismantled from the wing 

and sent to an MRO shop for more detailed inspection, maintenance and repair. In aircraft maintenance, 

approximately 90% of inspection tasks are performed visually [10-12], including the inspection of en-

gine blades for defects or indications of damage.  

There are two types of inspection errors that can occur: (a) rejecting a serviceable, non-defective part 

(false positive), and (b) accepting an unserviceable, defective part (false negative). False positives, while 

not desirable, generally have no negative effect on safety, but can introduce a financial burden for com-

mitting an engine to a costly tear-down and removing a good part from service, undergoing unneces-

sary repair work [13]. False negatives, on the other hand, have grave implications for flight safety, i.e., 

a missed defect can propagate towards part failure and cause severe damage to the engine and aircraft, 

with the potential to harm passengers or even lead to fatalities [1,14-17]. 

Several examples in aviation history teach us the importance of proper maintenance and inspection. 

For example, a United Airlines flight crashed in 1989 due to a missed fatigue crack in a fan disk and led 

to a catastrophic accident with 111 fatalities [14]. Most recently, in April 2018, a Southwest Airlines 

flight ended in a fatal accident, when a broken fan blade initiated a chain of events that led to the failure 

of the left engine and, ultimately, to the death of a passenger [15].  

Although the number of aircraft accidents has declined over the last 50 years, operational safety and 

aircraft reliability remain a major concern. Maintenance plays a crucial role in assuring safe aircraft 

operation. According to the Federal Aviation Authority (FAA), maintenance errors contributed to 

27.4% of fatalities and 6.8% of incidents [18]. The International Air Transport Association (IATA) stated 

that maintenance errors are among the top three causes for aircraft accidents [18,19]. This was con-

firmed by a study by Allan and Marx [20], who reported maintenance errors as the second largest con-

tributor to fatal accidents. Human factors are the dominant contributor to inspection errors and account 

for approximately 80% [18,19,21]. Within those, search and judgement errors are the primary issues 

[22,23]. Furthermore, it is known that structural failures are the main reason for maintenance-related 

incidents and that those are likely to occur on the engine, e.g., facture of a blade [18]. Hence, it is not 

surprising that compressor and turbine blades are the most rejected parts during engine maintenance 

[9] as they are exposed to extreme operating conditions, including high centrifugal forces, high pres-

sures, high temperatures (turbine section), foreign object damage (FOD in the compressor section) and 

vibrations [1-4]. Therefore, engine inspection is arguable one of the most important maintenance, repair 

and overhaul (MRO) activities and is responsible to ensure that all engine parts conform to the standard 

and meet all safety critical requirements. All defects must be detected at the earliest stage before they 

can propagate and cause any negative outcome. 
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While engine failures and fatal accidents attract most attention from the public, maintenance and 

inspection errors impose a significant financial cost on the operator. Studies by the Federal Aviation 

Authority (FAA) and Boeing Commercial Aviation Services show the economic losses of maintenance 

caused errors to the aviation industry. It was found that improper maintenance was responsible for 

50% of flight delays and cancellations due to engine problems, costing the airline US$10,000 (per hour) 

and US$50,000, respectively [16,24,25]. Furthermore, 20 to 30 percent of engine shutdowns were caused 

by maintenance and inspection errors at a cost of approximately US$500,000 [25]. It was further esti-

mated that an airline could face an annual cost of US$75-$100 million due to those errors [26]. Thus, the 

aircraft MRO system generally aspires to vigilance against false negatives on safety grounds, while 

accepting that there may be a slightly heightened rate of false positives as a consequence. At the same 

time, maintenance can create costs equivalent to the engine’s list price [10,27-29]. This creates a com-

petitive environment for MRO service providers, whereby the one with the lowest price and shortest 

turn-around time wins the order. 

1.2. Industrial Context 

This project was initiated at the Christchurch Engine Centre (CHCEC), a maintenance, repair and 

overhaul (MRO) service provider for commercial jet engines, specifically the International Aero En-

gines (IAE) V2500 engine. The services of the CHCEC include comprehensive overhaul and testing of 

V2500 engines, as well as non-destructive testing (NDT) and some component repair activities such as 

plating and plasma metal spraying.  

The V2500 is an engine developed and serviced by International Aero Engines (IAE), a joint venture 

engine consortium of Rolls-Royce, Pratt & Whitney, MTU Aero Engines, Fiat Avio, and Japanese Aero 

Engine Corporation [30,31]. It powers the Airbus A320 family (A320, A321, and A319, excluding A318), 

McDonnell Douglas MD-90, and the Embraer KC390. A sectional view of the V2500 engine is presented 

in Figure 1 below.  

A gas turbine engine has three main sections: (a) compressor, where the cold air is compressed; (b) 

combustion chamber, where fuel is injected and the compressed-air-fuel mixture burned; and (c) tur-

bine that uses part of the exhaust energy to drive the compressor [32]. Both, the compressor and turbine 

have low pressure and high-pressure stages. In the case of the V2500-A5, there are five stages of low-

pressure compressor (LPC) blades, ten stages high-pressure compressor (HPC) blades, two stages of 

high-pressure turbine (HPT) blades, and five stages of low-pressure turbine (LPT) blades. The first 

stage LPT is also called fan and the stages 1.5 to 2.5 are also known as booster. The V2500-A5/D5 differs 

to the V2500-A1 in an additional LPC stage (stage 2.3). This was done to create more thrust and provide 

an engine option for McDonnell Douglas’ MD-90 and the larger aircraft in the Airbus A320 family. 

Figure 1. V2500 engine cross-sectional view [5].
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Between each stage of rotating blades is one stage of stationary stator vanes. The different stages of the 

V2500 engine are shown in Figure 2. The blades are highlighted in green, and the stator vanes are col-

oured orange.  

Figure 2. V2500 engine blade stages [5], reproduced under permission.

Stage 3 of the high-pressure compressor has a unique feature compared to the other stages, namely 

clappers (see Figure 3). Clappers, also referred to as mid-blade shrouds or snubbers [33-35], are protru-

sions from the airfoil that provide torsional stiffness and prevent fluttering, i.e., aero-elastic resonant 

deformation, or twisting under cyclic loads caused by aerodynamic distortion and wakes [33,36,37].  

The main difference between compressor and turbine blades, although both have a similar shaped 

airfoil, is the hollow design with cooling holes and cooling air slots in turbine blades, as well as an 

additional ceramic thermal barrier coating (TBCs) to resist the high temperature of the hot gases leaving 

the combustion chamber [38-40].  

The main blade characteristics are listed below and the differences between the blade types are pre-

sented in Figure 3: 

1) Blade root 

2) Platform 

3) Fillet area (corner radius) 

4) Leading edge (foremost edge) 

5) Airfoil 

6) Blade tip 

7) Trailing edge (rearmost edge) 

8) Clapper 

9) Cooling holes 

10) Cooling air slot 

LPT (5 stages) 

Combustor 

Gearbox 

HPC (10 stages) 

LPC (4 stages) 

LPC (3 stages) 

Fan 

HPT (2 stages) 
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Figure 3. Overview of different blades from compressor and turbine section with individual features.

1.2. Review of the Maintenance and Inspection Processes 

A review of the maintenance and inspection processes was performed with a focus on engine blades. 

It shall be noted that the processes may differ from other MRO service providers and for different en-

gine parts. Furthermore, the maintenance an engine requires is determined early on and depends on 

several factors such as the type of shop visit (planned vs unplanned) and the level of maintenance (thus 

disassembly), reaching from light engine visits that are typically performed at the beginning of an en-

gine life, to heavy shop visits for restoration of older engines or after severe damage occurred. There-

fore, not every process step is carried out for every engine. The most detailed and comprehensive en-

gine maintenance and inspection process is presented in Figure 4 and further described below.    

Figure 4. Maintenance and inspection process. 
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In the case of an unexpected event, the engine is immediately inspected after landing. Such an event 

can either be known, e.g., a bird strike or flying through volcanic ash, or unknown, such as unusual 

vibrations or banging noises from the engine. The inspection includes examination of the outer parts 

and engine inlet by visual means. Additionally, the inner parts, such as blades, vanes and stators, are 

inspected by boroscopic means (step 1). At the first signs of damage, the engine is dismounted from the 

wing (step 2) and sent to a maintenance service provider for detailed inspection (step 3). Once received, 

the engine is inducted (step 4). This is done particularly for engines that come for regular maintenance 

(planned shop visits) and are typically not inspected on wing. The purpose of this inspection is to assess 

the engine’s health and create a maintenance work scope based on the findings. This is important to 

ensure that no critical defects are missed, while avoiding costly tear downs of engine sections that are 

fully intact. After a defect was found e.g., in the high-pressure compressor, the engine is disassembled 

into its modules (step 5). The compressor module, consisting of a shaft and attached blades, is then 

inspected in more detail while sitting in a fixture that allows full rotation of the shaft and blades, ena-

bling a 360-degree view on all parts, except for the blade roots and slots. It becomes quickly apparent 

that this type of inspection, although still visual, is easier to perform and defects are easier to detect 

compared to borescope inspection. The inspector then disassembles all blades from the rotor and de-

termines the condition of each blade, namely: serviceable, repairable, or must be replaced (scrap). Some 

parts with indications for damage often require a closer look on the bench using magnifying lenses 

(piece-part inspection), or other non-destructive testing (NDT) methods (step 6). The engine manual 

specifies the tolerance, i.e., the size of defect allowed based on its location on the blade determines the 

decision as to whether the part is scrapped, repaired or within limits. If a part is identified as repairable, 

it is then shipped to a turbine blade repair shop, if the repair cannot be done in-house. The parts are 

then cleaned and re-inspected to determine appropriate repair actions (step 7). Afterwards, the parts 

are repaired (e.g., blended) and shipped back to the MRO shop (step 8). For each scrapped part, a new 

one is ordered from the original equipment manufacturer (OEM) and shipped to the MRO shop as well. 

Once all parts (repaired and new) are received, the engine is re-assembled (step 9) and tested in a test 

cell to ensure that the engine conforms to the specifications (step 10). After each engine test, there is a 

final post-test borescope inspection (step 11) to ensure that no damage was introduced by left-behind 

parts or improper handling of tools during the re-assembly phase, or by FOD in the test cell. The engine 

is then sent back to the customer to be re-mounted back on the wing (step 12).   

Each process step in Figure 4 involving visual inspection can be further divided into five generic 

sub-tasks [41]:  

1. Initiate the inspection process, read the standard work and engine manual, set up inspection 

environment, and prepare and calibrate required inspection equipment.  

2. Access the engine and ensure that the part that needs to be inspected is presented in an ade-

quate manner to the operator, allowing a reliable inspection thereof.    

3. Search for any anomalies and indications of defects, using an appropriate search strategy by 

ensuring that all areas are being inspected. Stop the search when an anomaly was found.   

4. Decide whether the detected anomaly is an acceptable condition (e.g., deposit) or a critical de-

fect that needs to be repaired by identifying the defect type and comparing it to the relevant 

standard. 

5. Respond in form of recoding and documenting the inspection findings, and implementing the 

decision outcome, e.g., initiating tear-down and repair process (as required).  

1.3. Types of Visual Inspection 

Borescope inspection is the first means of examination of internal engine parts such as blades and 

vanes. A tubular device with a camera and light source at the tip is inserted into the engine through 

designated borescope holes and the blades are inspected while the engine is turned either manually or 

automatically via an electric motor attached to the gearbox. It allows to inspect hard-to-reach areas 

under magnification without the need for engine dismount and disassembly. The challenges of bo-
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rescope inspection are a dark environment, with the borescope diode being the only light source. Fur-

thermore, the accessibility and manoeuvrability of the borescope tip is constrained by the engine de-

sign. The imbricated blades are in dirty condition and presented on a distorted image due to the wide-

angle lens of the borescope. In this difficult environment, the inspector has to detect a wide variety of 

defects in a semi-manual, operator-dependent, time-consuming, and tedious procedure [27,42,43]. 

Based on the findings, the inspector then has to decide whether the engine can continue to operate or 

must be committed to a costly tear-down and maintenance process. If a critical condition was found 

during borescope inspection, the engine gets disassembled, and the parts inspected on a work bench. 

During this piece-part inspection, blades are presented one by one under somewhat ideal inspection 

conditions, i.e., they can be examined from any angle, under perfect lighting, and with the use of optical 

magnification if warranted. At this point, a decision has to be made for each individual blade as to 

whether the blade is returned to service in its current condition, diverted to the repair processes, or 

scrapped. 

1.4. Limitations of Visual Inspection 

In addition to the previously mentioned challenges due to the inspection environment, particularly 

in borescope inspection, there are other limitations related to the inspection task, organisation, and 

operator [44]. Visual inspections are predominantly performed by human operators, who are inaccu-

rate, unreliable, inconsistent, subjective, and prone to error [11,45-48]. Moreover, inspectors have dif-

ferent personal judgements based on their experience and individual risk appetite. Thus, there is an 

inherent risk of slips, lapses and mistakes [49]. There is no conformity in terms of the different defect 

definitions and terminologies, which further contributed to inconsistent inspection results, defect prog-

nosis and repair forecasts. 

Furthermore, there is a high time pressure in the maintenance environment as an engine that is in 

repair cannot operate and the downtime costs the airline significantly. On the other hand, a proper 

inspection is time-consuming, and the inspectors must balance two conflicting aspects, namely safety 

and performance [10]. Safety refers to the reliability of the operator detecting all critical defects while 

keeping false positives as low as possible. Thus, a reliable inspector shows a high inspection accuracy. 

Performance on the other hand, means that the inspection is performed in a timely, reasonable manner 

with the least resources to meet the tight schedules of aircraft maintenance.  

Previous research on visual inspection of subsea structures and pipelines [50], highway bridges [51], 

car lights [52], airbags [53], piston rings [54], steel chains [55], circuit boards [56], acoustical tiles [57] 

and precision manufactured parts for nuclear weapons [58] showed that the achieved detection rates 

of various defect types ranged from 52% to 94.1%. Studies within the aviation domain presented in-

spection accuracies of 68% for visual inspection of aircraft fuselage [59], 42% for cargo bay inspection 

[60], and 57–98% for magnetic particle inspection of landing gear components [61]. Moreover, research 

found that operators were consistent with their inspections in 85.6% to 97.0% of the time and agreed 

with each other on 36.7% to 83.3% parts [52,53,55,56]. Performance in visual inspection of engine blades 

has yet not been assessed. 

2. Research Motivation 

2.1. Specific Industry Needs for Defect Detection 

The Christchurch Engine Centre had a strong interest in enhancing engine maintenance quality, in 

particular visual inspection. This interest facilitated the possibility for this research project and pro-

vided valuable access to industry experts to gain relevant information first-hand and assess the opera-

tors’ inspection performance.  

The maintenance of aero engines is an intricate, time-consuming, and tedious process that is prone 

to errors caused by different human factors. This entails the risk of missing a critical defect during 

inspection. Hence, from an industry perspective, there was a need for more effective and efficient 

maintenance and inspection of aircraft engines to reduce the turn-around times, maintenance costs, 

non-value adding tasks, human errors, and wrong-decision making, while improving the inspection 
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quality and performance, i.e., increasing the inspection accuracy, consistency, reliability and produc-

tivity.  

There are three main areas for improvements in visual inspection tasks, namely (a) training (human 

operator), (b) inspection aids, and (c) inspection procedures [56]. This thesis addresses all three ele-

ments, with particular focus on inspection aids. 

2.2. Research Objectives 

The objective of this research was to evaluate and improve the visual inspection processes and sys-

tems for aircraft engine maintenance operations. For improvements in visual inspection, such as imple-

mentation of advanced visual inspection technologies (e.g., artificial intelligence or 3D scanning), to be 

successful, it is necessary to:  

a) Establish the study context including capturing the current state and challenges. 

b) Identify the different types of defects that need to be detected during inspection. 

c) Determine the criticality of each defect from a safety perspective if such defect is missed during 

inspection. 

d) Examine the factors influencing visual inspection including human operator, organisational, 

environmental, product, process, and tooling-related factors. 

e) Assess the current inspection performance and search strategies of the human operator.  

f) Identify the different types of errors occurring during visual inspection.  

g) Develop and test advanced technologies in regard to the achievable performance. 

h) Compare the human operator and advanced technologies, identify their strengths and weak-

nesses, and discuss how the two agents can be combined and augment each other in a hybrid 

inspection system to improve the overall inspection quality and reliability.  

3. Research Overview 

3.1. Approach 

The research approach is illustrated in Figure 5 and further described below. The diagram shows 

the organisation of the twelve thesis chapters along with the research objectives addressed in each of 

them.  

Figure 5. Overview of the research approach showing the thesis chapters and research objectives. 

First, there was a need to understand the overall context of aircraft engine maintenance and visual 

inspection of engine blades. This was done by own observations on the shopfloor and discussions with 

industry practitioners to understand the customer pain, and review of the general literature on visual 
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inspection. In doing so, it was identified that there was no universal understanding of defect terminol-

ogy. Consequently, the first piece of work was to develop a defect taxonomy, which includes a con-

sistent description of the various defect types that need to be detected during the visual inspection 

process. This was based on academic literature, guidelines from aviation authorities, and engine and 

maintenance manuals of different engine manufacturers. An ontological approach in Protégé software 

was taken to show the interrelationships by linking the root causes and the resulting defects. The results 

showed that the Protégé model on itself was not useful to take forward due to the fundamental limita-

tions of the software. Nonetheless, the defect classification was helpful for various other parts of this 

research project.  

Next, the visual inspection process and chain of human interactions were assessed, particularly to 

understand where the opportunities for human error intrusions might arise. The approach taken here 

was to apply Bowtie analysis, allowing to identify the various factors (threats) affecting inspection, the 

consequences a missed defect has, and the barriers that are in place to prevent or mitigate those adverse 

outcomes. BowtieXP was used to visualise the findings. This work led to an awareness that there was 

a lack of consistency for Bowtie development and a need for a more generalised Bowtie methodology 

using a systematic approach. This resulted in the development of a framework applying the 6M 

method. The novel framework allows the Bowtie method to be systematically deployed, while consid-

ering multiple types of threats, barriers and consequences, including but not limited to human error. 

For example, with the new method it becomes easier to explicitly include management activities, train-

ing, as well as the usual procedural errors and limitations of technology support.  

After this general high-level work, the approach changed to look more specifically at the human 

inspection process. For this research, eye tracking technology was used to record the gaze of the oper-

ator while performing a visual inspection. Industry practitioners were presented with photographs of 

defective and non-defective blades and were asked to search for any damage. Before this study could 

commence, it was necessary to select a representative sample of engine blades and create an image 

catalogue thereof. This was achieved by a photographic study which involved the development of a 

self-build light tent and subsequent image acquisition, resulting in a collection of several hundred blade 

images. Those images were then presented to the participants under eye tracking observation. This 

allowed to identify the factors that may influence the inspection performance (accuracy and time), as 

well as the visual search strategy of the individual operator. The factors have been previously identified 

in the Bowtie work stream and include, for example, the defect type and blade perspective. The effect 

was measured based on the measures of the confusion matrix, namely: true positives, true negatives, 

false positives, false negatives, and overall inspection accuracy. A statistical approach was taken for the 

analysis of the results and included methods such as ANOVA, odds ratio and model building.  

Given that the inspection process is not solely visual because in practice operators have access to the 

blades themselves and therefore have an opportunity for tactile input, a project was undertaken to 

determine the effect of tactile perception compared to purely visual inspection. A selection of blades 

images was presented to the participants in the first part of the study, before they were given the exact 

same blades as physical parts and allowed to take them in their hands. There was a two week break 

between the two experiments. Kruskal–Wallis test followed by Dunn’s pairwise test with the Bonfer-

roni correction was used to statistically analyse the data. The results quantified the difference in accu-

racy and inspection time based on the sense inputs, i.e., visual versus visual-tactile.  

From a practical perspective, the agreement between assessors is an important part of industrial 

operations because it is an indication of the reliability of the inspection system. This study was done to 

evaluate assessor agreement using photographic images (no tactile input was used for this study). The 

data were analysed statistically using Attribute Agreement Analysis (AAA) and Kappa analysis in 

Minitab software. The results showed the variability of the individual operators and the inspection 

system as a whole.  

Another piece of work was the evaluation of advanced inspection technologies. In particular, there 

were three approaches for the augmentation of the decision-making, namely: (a) heuristic-based image 

processing; (b) neural-network-based artificial intelligence; (c) 3D scanning. A particular piece of work 
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was done around the image processing approach. This involved developing software for automated 

defect detection on engine blades. This part of the work was done in collaboration with others. Subse-

quently, a comparison was done between the three advanced technologies and the human operator 

based on their inspection performances. The inspection accuracies, consistencies, and times were sta-

tistically analysed. Furthermore, the benefits and limitations were identified using SWOT analysis. A 

comparative analysis was performed by deploying weighted factor analysis. This allowed for the in-

clusion of additional evaluation criteria beyond the sole inspection performance.  

Finally, the work as a whole was summarised as a risk framework. The standard risk methodology 

was applied with the inclusion of the conventional consequence and likelihood parameters plus a third 

factor, the so-called ‘cofactor’. A general proposition was made that this cofactor could represent many 

different types of contextual sub-factors that are relevant for the area under examination. In the specific 

case of blade inspection, the contextual factors included severity, criticality, and manifestation. This 

work resulted in an overall framework to support decision making, particularly for go/no-go decisions. 

3.2. Ethical Considerations 

This research was approved by the University of Canterbury’s Human Ethics Committee (HEC 

2020/08/LR-PS) and the relevant documents are appended to this thesis. It was the researchers’ utmost 

priority to create a study environment where each participant feels comfortable contributing and par-

ticipating, without fear of repercussions. Informed consent was obtained after making all participants 

fully aware of the research objectives, the data being collected, and that those will only be used for the 

sole purpose of this research. Participants were assured that all collected data would be treated confi-

dentially. The information sheet and consent form can be found in the Appendix. 

Additionally, the anonymity of all participants was protected by appropriate actions such as assign-

ing identifying numbers and using codes. Identifiable data that was essential for this research included 

information on the participants’ work experience and certifications. Participation was voluntary and 

participants had the right to withdraw from the study anytime if they did not want to participate any 

longer or if they were uncomfortable with any data being used. 

A data usage agreement with the Christchurch Engine Centre has been signed to ensure data per-

taining customer information will be protected, customer names or any other information that could 

be linked to a customer (e.g., engine number) will be masked, and that the results of the data analysis 

will be presented in such manner that the customer identity is not revealed. 
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Abstract: Context—The maintenance of aero engines is intricate, time-consuming, costly and has
significant functional and safety implications. Engine blades and vanes are the most rejected
parts during engine maintenance. Consequently, there is an ongoing need for more effective and
efficient inspection processes. Purpose—This paper defines engine blade defects, assigns root-causes,
shows causal links and cascade effects and provides a taxonomy system. Approach—Defect types
were identified from the literature and maintenance manuals, categorisations were devised and
an ontology was created. Results—Defect was categorised into Surface Damage, Wear, Material
Separation and Material Deformation. A second categorisation identified potential causes of Impact,
Environmental causes, Operational causes, Poor maintenance, Poor manufacturing and Fatigue.
These two categorisations were integrated with an ontology. Originality—The work provides a single
comprehensive illustrated list of engine blade defects, and a standardised defect terminology, which
currently does not exist in the aviation industry. It proposes a taxonomy for both engine blade defects
and root-causes, and shows that these may be related using an ontology.

Keywords: aero engine; blade defects; blade failure; gas turbine; NDI; NDT; MRO; ontology;
visual inspection

1. Introduction

The operation of modern gas turbines demands ever higher temperatures, pressures and rotational
speeds to increase power and improve efficiency [1]. This ultimately creates a strenuous environment
for engine parts, particularly engine blades. Those blades are subject to high stress resulting from
exposure to extreme operating conditions, such as high centrifugal loads, high temperatures, high
pressures and vibration [2–5]. Blade failure and severe damage to the engine and airframe can be
caused by each of those factors, and can even result in death of passengers [6]. Most recently, a
Southwest Airline flight ended in a fatal accident, when a broken fan blade initiated a series of events
that caused failure of the left engine and ultimately led to the death of a passenger [7].

To prevent such aircraft accidents or incidents, engine maintenance is essential. This is crucial for
securing aircraft availability and passenger safety. Engine maintenance is provided by maintenance,
repair and overhaul (MRO) service facilities. They typically apply a reliability-centred maintenance
(RCM) methodology, whereby they seek to identify and manage failures to preserve the technical
functionality, and hence safety and airworthiness of the engine. Most defects that can lead to failures
are detected during maintenance inspection before any negative effects appear on flight operations.
Early failure detection ensures low engine failure rates during flight operation [2,8]. The maintenance
inspection is primarily by visual means [9–11]. The most rejected engine parts are blades and vanes from
compressor and turbine sections [8]. During engine maintenance, the first step of the inspection process
comprises that all blades are visually inspected for defects or indications of damages. Borescopes are the
most important optical aid to visually inspect the inside of the engine, which is otherwise inaccessible.
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It can be performed in-situ on-wing or at the MRO facility, followed by complete disassembly of the
engine module and on-bench piece part inspection, if any indication for a surface defects or structural
damage was found during the borescope inspection [12].

The inspector has to examine the blades and identify surface discontinuities, deviations or
anomalies, and quantify their intensity. In order to make a final decision on whether a part is
serviceable, repairable or has to be replaced, subsequent inspection steps are often required and
comprises other non-destructive testing (NDT) or inspection (NDI) methods. For example, infrared
thermography, magnetic particle, eddy current, ultrasonic, radiographic and penetrant inspection are
used to supplement visual inspection and to support detecting any subsurface flaws (e.g., inclusions,
micro cracks, etc.) that cannot be detected by pure visual means. Nonetheless, visual inspection
comprises the bulk of the defect-detection and initial quality inspections for engine repair.

After engine problems, such as compressor surge, unusual vibration or loss of performance, visual
borescope inspection is performed to determine whether the engine is to be dismantled from the wing
and sent to an MRO shop for more detailed inspection. Further, the findings of the induction borescope
inspection at the MRO shop determines whether or not to commit to a costly disassembly of the engine.
The maintenance of aero engines is intricate and time-consuming and even one maintenance episode
(shop visit) may be an appreciable proportion of the engine list price [10,13]. Consequently, there is an
ongoing need for more effective and efficient inspection processes.

Engine blades and vanes are the most expensive and highly stressed parts, and thus the most
rejected parts during engine maintenance [8]. Engine vanes are similar to blades to the extent that both
have an airfoil design and are made out of similar materials and coatings [8]. Thus, the defects found
on engine vanes are identical to those on blades. For simplification, hereinafter the term ‘blade’ is used
for both blades in the compressor and turbine section, and for turbine vanes.

The specific area under examination in this paper is the visual inspection of engine blades and
vanes. This paper focuses on defining engine blade defects, highlighting the differences between them
and providing a taxonomy system. Moreover, it proposes a method to link potential causes to the
defects, and show the inter-relationships and cascade effects. The main audience to whom the work is
directed are MRO service providers, but the results may also be applicable to engine developers and
accident investigators.

2. Background Literature

2.1. Defect Perspectives

In the aircraft maintenance discipline, the term ‘defect’ is used to represent a component failure
mode, which arises either from an intrinsic defect or an external event, and which becomes evident
over time.

Different people have different definitions of engine blade defects. For instance, a pilot would
describe a blade as defective when it has a negative impact on the aircraft operation and may have led
to engine failure, shutdown or damage.

From the perspective of an MRO, a defect is a damage that may or may not exceed the tolerances
set in the engine manual and may or may not be removed from service for repair or replacement.
In most cases, it is detected early enough to not compromise the function, failure resistance or safety of
the engine or aircraft yet. However, it may have resulted in operational variations, such as higher fuel
consumption due to deterioration of the airflow.

A defect that has been identified and assessed by an inspection, and where its magnitude is still
within specified limits (determined in the engine manual), is called an Acceptable Deferred Defect
(ADD), also referred to as a Carried Forward Defect (CFD).
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2.2. Engine Blade Defects

There have been several studies in the literature investigating failures of gas turbine blades after an
incident or accident by applying metallurgical [2,6,14,15], mechanical [14,16] or chemical analysis [17]
or other analytical methods [3,4]. These investigations focus on specific engine blade stages [2,3,15,17]
or a single, often fractured blade [6,16] that caused the event to happen. Only a few attempts have
been made to analyse all possible failures of engine blades. This includes research by Rao [4] and
Carter [8], which takes different failure modes [8] and failure mechanisms [4] into account, but does
not further describe the defects. In fact, only a high-level overview of six failure modes is presented.
Some causes have been illustrated but not categorised or linked to a specific type of defect [8].

More recently, a lexicon with typical damages to components of turbine engines has been
created [18]. This includes all defects that can be found on engines in general and therefore lists also
defects that do not apply to engine blades. By definition, a lexicon is in alphabetical order and contains
a brief description of each defect. The research by Laskowski presents the direct cause for the defect
only, but does not show the root-causes and how these interact and aggravate each other.

Aviation authorities, engine manufacturers and maintenance providers have created their own
documentation on engine defects. The ‘FAA Aviation Maintenance Technician Handbook’ [19] provides
a short list with 14 engine blade defects, which are listed in alphabetical order. This list is incomplete
and shows none or at the most only one cause for some but not all of the defects, even though there
are multiple causes that can potentially lead to the same defect. The defect description is short and
perfunctory, which makes it difficult to differentiate some of the defects from each other.

Pratt and Whitney uses a ‘Standard Practices Manual for Visual Inspection’ [20] and the ‘IAE
V2500 Maintenance Manual’ [21] that provide a similar list of defects. The list is more comprehensive
than the Federal Aviation Administration (FAA) handbook as it contains all potential defects that can
be found on an aircraft. These defects are not limited to the engine but further include damages to the
airframe, landing gear, electronics and control units. When performing borescope inspection of engine
blades, most of the defects are not applicable.

2.3. Variability in Practices

Engine manufacturers and MRO service providers use different terminologies to describe the
same type of defect. Even within the same organisation different terminologies are used depending on
the purpose of communication. For instance, the engine operator is only interested in what caused the
damage to the engine as this determines whether the maintenance costs are covered by their insurance.
That is the case if a foreign object damages the engine, but the insurance is not reliable if the cause can
be traced back to an operational error, such as an overloaded aircraft. In contrast, an MRO inspector
needs more specific information about the defect to make a decision on the part condition, that is,
whether a part is to be repaired or replaced with a new one. Moreover, there is a likelihood of confusion
between cause and defect descriptions. For example, it was found that several inspectors use the
term ‘Overheated’ instead of ‘Burn’ and ‘Foreign Object Damage (FOD)’ instead of ‘Crack’, ‘Nick’ or
‘Breaking’.

A precise defect description is often not possible due to other factors, such as the cleanliness
or discolouration of the part, the experience of the inspector and the limitation of visual inspection,
without additional inspection aids [22]. Additionally, some defects are closely related and only differ
in dimension, for example, their degree of depth, length or curve radius. This is the case for scratches,
scores and grooves. These all describe material deformation and removal by mechanical means but
differ in the degree of allowed damage and acceptable number of defects per (i) stage, (ii) engine
section and (iii) airfoil zones.

Beside nonconformities in terminology, there are defect definitions that contradict each other.
For example, there is inconsistency about whether material is removed and displaced [19] or only
displaced [21].
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Experts disagree about whether or not the engine or certain parts shall be cleaned prior to visual
inspection [19]. One perspective is that indications of failure, such as cracks, may often be better
detectable as they are intensified by the deposits on the part. Other defects may be more apparent
when the deposits are removed, e.g., surface damage.

In summary, the classification systems for blade defects show a great deal of variability in the
types of defect and their description. There are also inconsistencies between lists.

2.4. Defect Categorisation and Representation

The literature review revealed that most studies present the defects in alphabetical order and do
not provide a categorisation system. Moreover, they analyse engine blade failures after a particular
event has occurred. There appears to be no existing work that systematically describes root-causes of
blade defects and the interrelations. Some initial work in this direction is [8], but there is a need to
provide a more comprehensive treatment. This is worth doing for the potential to assist the consistency
and robustness of the maintenance activity. This is the motivation behind the present study.

3. Methodology

3.1. Purpose

The purpose of this research was to identify defects on aero engine blades, assign possible
root-causes, show their inter-relationships, causal links and cascade effects and present it in a
coherent manner.

3.2. Approach

Our approach was to identify all defects on aero engine blades that can be found during visual
inspection only. The procedure is shown in Figure 1. First, we examined the open literature on engine
defects and failures, with a particular focus on engine blades. Additionally, we reviewed engine
and maintenance manuals from engine manufacturers, such as Pratt and Whitney, Rolls Royce and
International Aero Engine (a multinational joint venture engine consortium). Part of the literature
review was also the examination of handbooks published by aviation authorities, such as the Federal
Aviation Administration.

Then, we integrated our findings in an initial single comprehensive defect list. This list was
further enhanced by our own insights gained from observation and personal communication with
industry experts. For greater clarity and ease of understanding, we added our own defect images,
taken during visual inspection of engine blades at an MRO facility.

Next, we evaluated different classification systems and categorised the defects based on the type
of damage. The defect categories include ‘Surface Damage, Wear, Material Separation and Material
Deformation’.

In parallel, we developed a second categorisation of potential causes grouped by the nature of
the root cause from the operator perspective (e.g., hail, ice, rain, etc.), as well as by similar defect
consequence for the blade (equi-finality). This list includes such items as ‘Environmental Impact,
Operational Failure and Fatigue’.

Finally, we assigned the causes to the resulting defects. This was challenging as causes can lead
to one or multiple defects, resulting in a complex intertwined network. The goal was to present it in
an integrated and coherent manner. As there are multiple categorisations, we applied the ontology
methodology to develop a logical representation structure. The benefit of an ontology is to visually
present the relationships between different defects, causes and contributing factors in an appealing
and easy-to-absorb way. In comparison to other causal mapping tools, such as cause–consequence
diagrams, an ontology is able to show cross-links not only between cause and consequences, but also
within the same class, that is, between a cause and another one, as well as between different types of
defects [23,24]. Another benefit of the ontology is that it provides means of knowledge storage in a
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computer readable way [25]. No application of ontologies to blade defects is apparent in the literature.
The specific ontology software used was ‘Protégé’ [26].

Ontologies have a wide range of applications and have been successfully applied to measure health
and safety risks [27], engineer healthcare and workforce management systems [28], develop software
server architectures [29] and emergency event models [30], as a database for gene clustering [31], and
to represent multimedia data [32]. No application of blade defects is apparent in the literature.
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4. Results

4.1. Blade Defect List and Taxonomy

Defects on engine blades were identified based on the existing literature and engine manuals.
The initial result was an unstructured collection of defect terminologies with duplicated information,
that is, different terms describing the same type of defect. These terminologies are labelled ‘equally
used terms’ and can be used interchangeably.

To structure our defect collection, we looked into a possible classification system. There are several
ways of categorising defects, corresponding to the lenses or perspectives of the audiences, as shown in
Table 1. Each of them is valid and used for different purposes. For example, for investigators of an
incident or accident, it is essential to know the root-cause and how such an event can be prevented in
the future. In contrast, an MRO facility is interested in the location within the engine where the defect
is most likely to occur, to identify parts needing to be replaced and therefore to be purchased.
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Existing categorisations tend to focus on only one such perspective. We propose that a holistic
categorisation may require the following attributes:

Table 1. Damage attributes.

Class Damage Attribute Description

A Damage type Surface damage, wear, material separation, material deformation.
B Influence Thermal influence, mechanical influence and chemical influence [33].
C Result of Production faults, improper repair or operational errors [3,34].
D Consequences Reduced fatigue life, engine blow-ups, engine shutdown, increased fuel consumption due

deterioration of airflow and efficiency, etc.
E Engine section Low-pressure turbine (LPT), Low-pressure compressor (LPC), High-pressure turbine

(HPT), High-pressure compressor (HPC), combustion chamber [35].
F Location on part Blade zones (A, B, C), blade side (convex or concave), edge (leading or tailing).
G Serviceability Non-serviceable/non-repairable, repairable/serviceable.
H Detectability Grouped by the amount of disassembly and non-destructive testing (NDT) or inspection

(NDI) detection technology required during maintenance procedures [13].
I Severity Allowable damage (may go undetected), damage detected by scheduled or directed field

inspections at specified intervals, obvious damage detected within a few flights, discrete
source damage immediately known by pilot to limit flight manoeuvres, severe damage
created by anomalous ground or flight events (that are outside design considerations) [36].

J Damage location ‘External and internal surface damage (corrosion, oxidation, cracks, erosion, etc.) and
internal damage of microstructure (phase coarsening or rafting, grain growth, grain
boundary creep voiding, carbide precipitation and phase formation)’ [2].

K Frequency General indication of likelihood of occurrence, common/rare, or conditional probability.

While the above may be ideal, for the purpose of this paper we only adopted the first attribute,
that of damage type. The other attributes are left for potential future work. We then further refined
that category. Four main damage categories were identified:

• Surface damage: Surface damages describes deviations from the nominal surface, such as roughness,
waviness, lay and flaws [20]. This may include material separation and/or loss of base material
or coating [19,21]. It is often aggravated by high air temperature, humidity, moisture and
contaminated environments, such as salt from sea or de-icing treatments. [8]

• Wear: The material removal from the part by mechanical means is called wear [20]. This can be
caused by foreign object impact, such as grit, sand or ground debris [37,38].

• Material separation: This describes a condition whereby material is split but not removed. An
example for this damage are cracks. Material separation is often caused by foreign object
impact [38] and operational means leading to overheating or loss of cooling [20].

• Material deformation: Material deformation is notable by significant change of the original contour
of the part. The deformation can be caused by mechanical or thermal means [21].

We propose that potential causes vary for different types of defects. For example, we divided
‘Corrosion’ further into three subcategories, namely oxidation, pitting and sulfidation.

The resulting categorised defects are listed in Table 2. We informally validated this list by
discussion with expert maintenance practitioners. This list is considered to be comprehensive for all
engine blades, independent of the blade type, engine model and manufacturer. A detailed description
of each defect is provided in Appendix A Table A1.
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Table 2. Engine Blade Defects categorised by the Type of Damage.

Blade Defect List

1. Surface Damage (Material separation and/or loss)
1.1. Corrosion

1.1.1. Oxidation
1.1.2. Pitting
1.1.3. Sulfidation

1.2. Burns
1.3. Blistering
1.4. Erosion

1.4.1. Guttering
1.5. Deposits (No material separation or loss, but additional particles on surface)

2. Wear (Material removal)
2.1. Abrasion
2.2. Gouge
2.3. Groove
2.4. Score

3. Material separation
3.1. Chipping
3.2. Crack
3.3. Breaking
3.4. Nick
3.5. Tear

4. Material Deformation (Change of contour)
4.1. Bent
4.2. Bow
4.3. Bulge
4.4. Burr
4.5. Battered
4.6. Creep
4.7. Curl
4.8. Dent
4.9. Peening
4.10. Scratch
4.11. Waviness

4.2. Six Main Categories of Causes

Potential causes were collected based on literature, e.g., [8,39], aviation authority documents [19,38,40]
and aircraft manufacturer [37]. There is a myriad of potential items that can cause a defect, and such
lists, including our own, tend to lose coherence as more items are added. Single lists scale poorly
as they grow. Therefore, a second classification system, orthogonal to the first, was introduced to
represent the causes. This groups the items based on their nature and effect of the cause, i.e., similar
items that lead to the same defect were grouped together.

We propose that six main cause categories are sufficient: Impact, Environmental causes,
Operational causes, Poor maintenance, Poor manufacturing and Fatigue. The structured cause
list is shown in Table 3.

The completeness of this list is limited to the second level as the number of items (causes) in lower
levels would increase considerably and would go beyond what can be communicated in this paper.
A few items were listed for the third level as representative of similar items. For example, ‘Left-behind
Items’ represents everything in or close to the air-intake that can become FOD when inadvertently
left behind. This includes but is not limited to such items as aircraft and engine fasteners, personal
belongings, catering supplies, cabin cleaning, baggage, cargo, coins or operation vehicles, which are
not listed individually [38,41]. The exceptions are maintenance tools and equipment [37] that are left
behind during maintenance tasks, which are instead listed in the ‘Poor Maintenance’ section.
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Table 3. List of Potential Causes.

Potential Causes

1. Impact
1.1. Foreign Object Damage (FOD)

1.1.1. Grit
1.1.2. Fine sand
1.1.3. Dust
1.1.4. Ground debris
1.1.5. Left-behind items

1.2. Known Object Damage (KOD)
1.2.1. Broken off pieces from upstream engine parts
1.2.2. Abrasion from worn parts

1.3. Organic
1.3.1. Birds
1.3.2. Wildlife

1.4. Weather
1.4.1. Ice
1.4.2. Hail

2. Environmental
2.1. Intake air contaminants

2.1.1. Polluted air
2.1.2. Volcanic ash
2.1.3. Deposited salts from sea or runway de-icing
2.1.4. Agricultural chemicals
2.1.5. Moisture

2.2. Accelerated by:
2.2.1. Warm air temperatures
2.2.2. Acids

3. Operational
3.1. Overheating

3.1.1. Abnormal flame pattern
3.1.2. Incorrect burning process
3.1.3. Lack of lubrication
3.1.4. Improper clearance
3.1.5. Complex thermal and mechanical loads
3.1.6. Overload
3.1.7. Heavy landings
3.1.8. Turbulences
3.1.9. Compressor surge
3.1.10. Aggressive environment

3.2. Loss of cooling
3.2.1. Blocked cooling passages
3.2.2. Blockage or malfunction of the cooling airflow

3.3. Sulphur deposits
3.3.1. Sulphurous jet fuel
3.3.2. Sulphur oxides from combustion or airborne salts

3.4. Damaged bonding caused by:
3.4.1. Aggressive gases
3.4.2. Pressure
3.4.3. Excessive heat

3.5. KOD as by-products of operation
3.5.1. Excessive oil burn
3.5.2. Carbon particles
3.5.3. Particles of ceramic thermal barrier coatings
3.5.4. Fuel (ash content)
3.5.5. Particles resulting from wear
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Table 3. Cont.

Potential Causes

3.6. Vibrations
3.6.1. Improper operation
3.6.2. Hard landing

3.7. Aggravated by massive air flow
3.7.1. Hot gases
3.7.2. Corroding liquids
3.7.3. Dirt-laden oil
3.7.4. Turbulences

4. Poor Maintenance
4.1. Improper assembly or disassembly
4.2. Careless handling of part or tools
4.3. Left behind hand tools or parts in engine
4.4. Disregard of (inspection) procedures

4.4.1. Use of prohibited metallic pencils (for markings)
4.4.2. Missed tip clearance check
4.4.3. Not performed or improper repair

4.5. Use of corrosive agent
4.5.1. Fire extinguisher agents

5. Poor Manufacturing
5.1. Improper bond
5.2. Incomplete bonding
5.3. Defective coating
5.4. Internal stresses (from machining)
5.5. Defective (raw) material (This could be a material defect, e.g., wrong alloy, composition, microstructure

or inclusions, or a faulty process, such as casting or forging or heat treatment.)
5.6. Missed or improper deburring after machining

6. Fatigue
6.1. Random stress fluctuations
6.2. Stress concentrations
6.3. Surface finish
6.4. Residual stresses
6.5. High cycle fatigue
6.6. Thermal fatigue
6.7. Life time of part exceeded
6.8. Shorten lifecycle caused by operational means

4.3. Integrated Cause–Defect Relationship

The inter-relations were then identified and the causes assigned to the defects. Identification of
the cause–defect relationship was done by analysis of the research literature, discussion with expert
maintenance practitioners, reference to the maintenance manuals [19–21] and general engineering
principles. Hence, this set of relationships has a degree of validation, and provides a sufficient
representation of the complexity of the real situation.

The links and inter-relations are complex. This is because a defect can result from multiple causes,
and a cause can lead to multiple defects. Furthermore, a defect can cause another defect in combination
with other factors that aggravate and accelerate the defect development. It is possible to show cascade
failures using this tabular data, as shown in the next section.

However, we do not claim that the list is perfectly comprehensive, nor entirely validated. It merely
represents what is commonly known about the cause–defect relationship. While it may be ideal
that each of these relationships be verified, that would require new research and a changed level of
record-keeping in the industry (see Discussion). Nor have we addressed the other ‘Damage Attributes’
identified above. Nonetheless, in principle, such additional data could be added to the table as
additional fields.
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The cause–defect list is believed to be adequate for the maintenance audience since it was
validated in that field, but we caution that it may not be sufficiently exhaustive for the accident
investigation audience.

This tabular representation of cause–defect relationships is a key output of this paper. There appears
to be no comparable list in either the research or practitioner literature. The full list is shown in
Table A1. An extract from that list is shown in Table 4 below.

Table 4. Extract of Cause–Defect List. For full list see Table A1.

Defect Synonym German
Translation Defect Description Cause Source of Cause Image

Breaking
• Broken
• Breakage
• Break-off

• Fracture
• Cut
• Burst
• Rupture

• Bruch
• Abbruch
• Fraktur

Complete
separation of a
blade into two or
more large-sized
pieces by external
force or internal
stresses. Different
defects, such as
cracks, nicks, dents
and notches, often
precede and lead in
combination other
causes to material
separation and a
broken engine
blade.

Resulting from
pre-existing
defects often
in combination
with:

Cracks, nicks, dents,
notches
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4.4. Representing Defect Development with an Ontology

Blade defects are often caused by occurrence and a combination of different damage mechanisms,
such as fatigue, creep, corrosion, erosion, sulfidation, foreign object damage and vibration [2].
For example, a foreign object impact, such as a bird, can cause a nick that breaks the material flow
and concentrates stresses, which initiates the development of a crack. The crack in turn can result in
material lift-up or breaking away of a significant piece of the blade.

This chain of defect development can be further accelerated and aggravated by several factors, such
as environmental conditions, fuel quality, operating settings, cyclic loads and engine and maintenance
history. In the case of crack development, contributing factors include salty air and vibrations, whereby
hail could be the initiator for the breaking of blade material. This type of defect development is unable
to be represented by simple lists.

The inter-relations, causal links and cascade effects lead to a complex network of defects and
causes. This is difficult to visualise. We applied an ontological method to express this complex network
of information. The ontology provides a rich conceptual framework that allows causes to be assigned
to defects in a systematic and coherent process.

We used Web Ontology Language (OWL) and Protégé software to build a knowledge base and
express relationships, hierarchies and object properties, and applied mapping analysis to visualise
the network. The ontology was developed based on the cause–defect table as shown in Table A1.
For the purpose of this paper, and to avoid an overloaded ontology, we only mapped causes up to
the second level. However, in the software, the ontology can be fully expanded to show all details
and inter-relations.

A simplified extraction of the ontology explaining the above case scenario is shown in Figure 2.
In rare, but possible cases the effects can even flow upstream and damage upstream engine

sections. This can be seen in burned-out engines, whereby a broken-off compressor blade gets shredded
and the small titanium pieces catch fire, which ignites an upstream blade fire.

The full ontology mapping is shown in Figures 3 and 4.
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5. Discussion

5.1. Summary of Outcomes

This work makes several novel contributions. First, it provides a single comprehensive collection
of engine blade defects. This may support standardisation and enable ease of communication by
providing a defect definition and description. This list summarises different terminologies for the same
defect and provides a German translation. This may be helpful for the avoidance of confusion as many
engine manufacturers and MRO service providers are based in Germany.

Second, we proposed a new classification system for both engine blade defects and root-causes.
The defects were categorised based on the type of damage, and the causes based on their nature and
resulting damage. These two categorisations were combined into a blade defect–cause taxonomy.
This appears to be the first systematic taxonomy for blade defects based on the type of damage.
In contrast, existing literature [18], engine manuals [20,21] and aviation handbooks [19] list the defects
alphabetically, which of course is language-specific.

Third, the defects are described in more detail than previous publications. This has the potential
to enable a better understanding, and distinguish different defects from another. Furthermore, in
addition to the defect description, a representative image was taken for each defect and added to the
list. This helps to better retrieve visually the differences between the defects, and may be useful for
MRO quality systems.

Fourth, we applied an ontology to link the potential causes to the defects and show the
inter-relations, causal links and cascade effects. This represented the complex relations and interactions
between defects, causes and temporal progression of events. This has potential to support aircraft
engine inspectors to guide their maintenance tasks, as well as investigators to identify the root-causes
after a defect leads to severe damage.

5.2. Implications for Practitioners

The defect list offers a precise definition and description of visually detectable damages.
The taxonomy of blade defect-causes may be practically useful because it offers a standardised
defect terminology, which currently does not exist in the industry. This has the potential to support
MRO quality systems, reduce confusion between different defects, avoid confounding defects with
causes and provide a common technical communication language between different departments,
suppliers, manufacturers, maintenance providers and customers. An example of a possible practical
use of the taxonomy by the MRO industry could be to provide the basis for training maintenance
staff to understand the differences between various defects. This is a key factor in quality systems,
minimisation of non-value-added time and responsiveness to clients.

The taxonomy could be applied in other ways too. It may be of relevance when investigations are
performed to find the root-cause after an aircraft incident or accident. If the defect is known, then the
ontology could reveal all potential causes and cascading effects that may have led to the defect.

Another potential application is for the ontology to be used as an inspection support tool to
analyse engine and maintenance history for unexpected events. For example, if it were known that an
engine had suffered a bird ingestion, then the ontology could be interrogated to identify the possible
defects. This may support the inspection task by guiding the worker during the inspection process,
and help prioritise such inspections as may be necessary to determine the health of the engine.

5.3. Limitations of the Work

This work has several limitations. First, the depth of causation is limited to the second level as
shown in Figure 3. This is also the reason why the links in the ontology between causes and defects
were only displayed to the second level of causation (Figure 4). The third level is only representative
as there are, for example, hundreds of objects that may cause a dent. We felt it was not useful to list all
those items, which only results in a massive ontology. Likewise, we did not further split up root-causes
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in subcategories. For example, for bird ingestion, we did not differentiate between say a sparrow and
an albatross as the expected type of defect remains the same; only the extent of damage increases with
increasing size of the ingested item.

The second limitation is that the defect list has been created for visual inspection only. It does not
include any defects or damages that can be detected by applying other NDT methods commonly used
in aviation maintenance, such as ultrasonic, radiography, eddy current, three-dimensional (3D) laser or
infrared thermography [42].

The third limitation is that even though the ontology can show all potential causes and loops of
causalities, it cannot describe to what extent each factor contributes towards the defect. Likewise, the
likelihood is not shown. This is due to the lack of data and limitations of the ontology itself.

5.4. Limitations of the Ontological Approach

It was interesting to apply the ontological approach to the problem of turbine blades. The ontology
was successful in representing the convolution of the two categories, defect versus cause. This is a
difficult situation to represent due to the many-to-many causalities, and the temporal and cascade
effects. However, ultimately, we were dissatisfied with the ontology, because of the intrinsic limitations
of the method, or perhaps of the software. There are multiple limitations. The first is that the ontology
cannot handle mathematic calculations or probability representation. This is because the OWL is based
on first-order logic and does not have any inherent mechanisms for logic [43]. Moreover, the ontology
cannot express logical gates, which is relevant to define whether one or multiple causes or conditions
must be present before a damage may occur. It is therefore not possible to differentiate between a cause
that lead to a defect on its own, and contribution factors that only accelerate the defect development
but cannot cause the defect independently.

Second, the ontology does not provide an easy mechanism for forward or backward chaining,
which is needed for the prediction and diagnosis activities. A related limitation of the ontology is its
limited export options. We could not find software, such as an expert system, that was able to further
process the data without additional extensive code writing.

Third, the ontology provides a limited user interface for inserting and extracting data. In the
present work, the ontology is not fully automated; instead, it requires manual input via a spreadsheet
and manual knowledge extraction via the ontology graph. The manual nature of the interaction creates
the risk that the ontology sets the focus on the most likely defect. In some cases, this might not be the
present or only defect that occurred. It is important to understand the ontology as a support tool and
not as a means to skip the inspection for any other defect type. Consequently, the ontology approach is
not yet robust enough that it could be given to maintenance technicians to use.

5.5. Implications for Further Research

A number of possible lines of further research are suggested.
In principle, this work is expandable to other parts of gas turbine engines, such as annulus fillers,

cases, discs, rotors, air seals, bearings, shafts, drums, liners, fuel nozzles and ducts. It is conceivable
that the introduced defect list and ontology is further applicable to other industries where turbines
with blades are deployed, such as marine craft propulsion [4], steam or hydropower generation [44,45]
and even wind power systems [46,47]. The work was developed for the aviation maintenance industry,
in particular for the visual inspection of gas turbine engine blades, but it may be possible to apply
more widely.

Another potential research question would be to extend the taxonomy to include likelihoods of
causes and defects. Engine data of unexpected events are available, but there are several limitations
with assigning frequencies to different defects. One of the challenges with this is the need to collect
more precise data. At present, MRO shops do collect information, such as how many engines had an
engine visit due to FOD. However, current industry practices tend not to differentiate the subcategories
of defect, e.g., between a nick, dent, breaking, etc. Similarly, the data on where the defect occurred are
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not commonly recorded, e.g., where on the blade edge or zone on the airfoil. Another limitation is that
only direct causes, if any, are reported unless the blade defect caused an incident or accident and a
root-cause investigation is performed. However, as those events are relatively rare, there is not much
data available and this makes it difficult to assign probabilities to root-causes and contribution factors.
The data gathering is further complicated by a manual data extracting process from several databases,
making it a search-intensive and time-consuming task. Consequently, the quantification of likelihoods
would require (a) adoption of a common taxonomy of defects, and (b) changes in MRO practices to
defect recording. The current work offers a solution to the first part, and hence it is not impossible
that progress may be made on the quantification issue. For the practical applicability and further
enhancement of the system, we recommend the collection of sufficient defect data in collaboration
with industry experts. Frequencies would need to be assigned to each cause and defect, as well as the
associated defect location on the airfoil.

There is also potentially a computer science research strand. We have shown that ontologies
provide an option for storing a knowledge base. However, the ontology prototype revealed that there
are many limitations. The pressing need is for inclusion of an expert system. Several researchers have
explored the feasibility of an ontology-based expert system for ‘pest and disease management’ [48,49],
‘analysis of coffee beans’ [50], ‘suspicious transactions detection’ [51], ‘process planning’ [52], ‘product
consultation’ [53], ‘financial rating’ [54] and ‘medical diagnosis’ [55–57]. For the development of an
expert system, we recommend to first determine the data properties and restrictions and create rules
using Semantic Web Rule Language (SWRL). The rules need to be added to the ontology and support
complex mathematical expressions. Next, a semantic reasoner, that is Hermit, Pellet, Racer, Jess,
etc. [51] might be used to evaluate the rules for consistency and derive new, non-explicitly expressed
knowledge [51,58]. Last, an easily accessible user interface needs to be developed to query information
from the ontology. The user interface could be in form of a web-based homepage or offline application
programmed in C++, Java, HTML, Visual Basic, etc. [49,58,59].

A final research suggestion is the development of an automated inspection support tool. Research
could explore the potential of a smart inspection system, whereby the defects are automatically
detected, evaluated, and appropriate maintenance actions proposed based on the inspection findings
and historical data of the engine. It may be possible to use artificial intelligence (AI) for the image
processing, and then an expert-system ontology for the logical processing. Ideally, this would also have
access to quantitative data on defect likelihood. This could potentially improve the inspection and
parts procurement process, enable early determination of the level of disassembly and required repair
actions, reduce engine downtime and ultimately reduce costs for both the MRO provider and airline.

6. Conclusions

This paper defines engine blade defects, assigns root-causes, shows causal links and cascade effects
and provides a taxonomy system. Defect types were identified from the literature and maintenance
manuals, and categorised into Surface Damage, Wear, Material Separation and Material Deformation.
A second categorisation identified potential causes of Impact, Environmental causes, Operational
causes, Poor maintenance, Poor manufacturing and Fatigue. These two categorisations were integrated
with an ontology.

The work provides a single comprehensive illustrated list of engine blade defects, and a
standardised defect terminology, which currently does not exist in the industry. It proposes a
taxonomy for both engine blade defects and root-causes, and shows that these may be related using
an ontology.

This has potential to support aircraft engine inspectors to guide their maintenance tasks, as well
as investigators to identify the root-causes after a defect may lead to severe damage.

Several potential research directions are suggested whereby the principles established here might
be enhanced and developed into a smart inspection support tool with the potential to optimise visual
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inspection processes, thereby contributing positively to maintenance planning and procurement
and quality.

Supplementary Materials: The following are available online at http://www.mdpi.com/2226-4310/6/5/58/s1,
Figure S1: Ontology without causation links, Figure S2: Ontology with second-level causation links, File S3:
Ontology OWL file.
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Appendix A Root-Cause and Defect List

The defect definitions originate from different engine and maintenance manuals [20,21] and aviation authority documents [19,36,38].

Table A1. Full root-cause and defect list.

Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

1. Surface Damage Surface texture • Oberflächen-beschädigung
Deviations from the nominal surface, such as waviness, roughness, lay
and flaws [60]. May include material separation and/or loss of material
or coating.

1.1. Corrosion - • Korrosion
Definition:
Slow deterioration of part surface or its coating by a chemical or
electrochemical reaction with atmospheric or hot gas contaminants in
the working environment. Parts made of aluminium and high strength
alloys, as well as some stainless steels can corrode when exposed to
tensile stresses [18].

1. Environmental 1.1. Intake air contaminants
1.1.1. Pollution and soot from
industry or forest fires
1.1.2. Volcanic ash
1.1.3. Salt deposits from sea air
or de-icing treatments [17]
1.1.4. Agricultural chemicals
1.2. Accelerated by:
1.2.1. Warm temperatures
1.2.2. Salts
1.2.3. Acids
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2. Poor
Maintenance

2.1. Carbon alloy or metallic
pencils (used for markings)
2.2. Corrosive agent
2.2.1. Fire extinguisher
agents

3. Operational 3.1. Higher burning
temperatures
3.1.1. Complex thermal and
mechanical loads
3.1.2. Overload
3.1.3. Aggressive environment

1.1.1. Oxidation • Rusted • Oxidierung
Definition:
Chemical reaction between oxidants or other corrosive contaminants in
the hot gases and the blade surface (coating), or in its absences, with the
base alloy.

1. Pre-existing
damages

1.1. Missing coating
1.1.1. Impact→See ‘Impact’
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in intake air in form of: 

1.1.1. Deposited salts 

1.1.2. Agricultural chemicals 

1.1.3. Airborne particles from 

forest fires 

1.1.4. Polluted air 

Oxidised deposits on HPC
blades

2. Environmental 2.1. Salt deposited on the
surface reacts with
ferrous-based metals or
deposits when getting into
contact with moisture-laden air
2.2. Chemical reactions of the
part with intake are
contaminants
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Table A1. Cont.

Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

1.1.2. Pitting • Pustules • Lochfraß
• Lochfraß-korrosion

Definition:
Small, irregularly shaped cavities or hollows, usually dark bottomed, in
the blade surface, herby material has been removed by corrosion or
chipping.
Sulphidation of pitting holes is called sulphidation pits or pustules.

1. Pre-existing
damages

1.1. Corrosion
1.1.1. Breakdown of surface by
oxidation
1.1.2. Chemical reaction due to
corrosive contaminants
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particles
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1.1.3. Sulfidation • Sulphidation • Sulfidierung
Definition:
Sulfidation, or sulphur corrosion describes a chemical process whereby
sulphur containments in the ingested air reacts with the coating and/or
base material of engine blades under heat influence.
This defect can be found in the engine’s turbine hot section where
temperatures are high. It appears as a greenish to pale blue
discolouration and as raised, blistered surface similar to corrosion pits.

1. Environmental 1.1. Sulphur containments in
intake air in form of:
1.1.1. Deposited salts
1.1.2. Agricultural chemicals
1.1.3. Airborne particles from
forest fires
1.1.4. Polluted air
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Sulfidation on LPT stage 4
blade root

2. Operational 2.1. Sulphurous jet fuel
2.2. Sulphur oxides from
combustion and airborne salts,
such as sodium, react with
water (by-product of fuel
combustion) and creates a
sulfric acid.

1.2. Burns • Burnings
• Charred
• Overheated

• Verbren-nungen
Definition:
Surface and/or structural damage due to excessive heat, visible as stain
or discolouration and, in severe cases, by loss or flow of material.
Often the term ‘overheated’ is misleadingly used as a defect. In fact,
‘overheated’ is the cause and ‘burns’ are one possible consequence of it.
The V2500 Engine Manual further distinguishes between:

1. Burn through: Local burn area that has continued through the
aerofoil surface.

2. Trailing edge burns: Burns or burn through that start at the
aerofoil trailing edge and continue forward to the aerofoil
leading edge.

3. Lift-up: Surface on one side of the crack is higher than on the
other side.

4. Coating damage: See: ‘1. Surface Damage’
5. Connected loop crack: A crack or a group of cracks that show an

isolated area of vane metal.

1. Operational 1.1. Excessive heat
1.1.1. Abnormal flame pattern
1.1.2. Incorrect burning process
or parameters
1.1.3. Lack of lubrication
1.1.4. Improper clearance
1.1.5. Overloaded
1.1.6. Hard landing
1.2. Insufficient cooling
1.2.1. Blocked cooling passages
1.2.2. Blockage or malfunction
of the cooling airflow
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Table A1. Cont.

Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

1.3. Blistering • Exfoliation
• Flaking
• Peeling

• Blasenbildung
• Bläschen-bildung

Definition:
Raised areas that indicate a separation of pieces of a coated surface from
a base metal, often evident as peeling and/or flaking.

1. Operational 1.1. Damaged bonding by:
1.1.1. Aggressive gases
1.1.2. Pressure
1.1.3. Excessive heat→see
‘Burns’
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2.1.1. Water droplets on inlet 

edge of a rotating blade 
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2.3.  Polluted air 

3.  Operational 3.1.  KOD: By-products of 

operation 

3.1.1. Excessive oil burn  

3.1.2. Carbon particles (from 

fuel injection) 

3.1.3. Particles of ceramic 

thermal barrier coatings 

(detaching due to 

thermal shock) 

3.2.  Aggravated by massive 

air flow 

3.2.1. Hot gases 

Blistering and loss of
coating of LPT blade

2. Environmental 2.1. Contaminants in airborne
3. Poor
manufacturing

3.1. Improper bond
3.2. Incomplete bonding
3.3. Defective coating

1.4. Erosion - • Abnutzung
• Erosion

Definition:
Erosion describes the surficial abrasion of material by the flow of fluids
or gases and thus leads to wear and destruction of engine parts. Heat or
particles in the hot gases accelerates this process. The impact of particles
typically larger than 20 µm is especially apparent on the leading edge of
the blade. It is visually recognisable by a rough surface with stripes or
marks in the direction of the particle; often in the air flow direction. The
amount of particles entering the engine and leading to erosion is
significantly higher during landing and take-off.

1. Impact 1.1. FOD: Solid particle impacts
1.1.1. Grit
1.1.2. Fine sand
1.1.3. Dust
1.1.4. Ground debris
1.2. KOD: Broken-off pieces
from upstream engine parts

Aerospace 2019, 6, x 21 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

2.  Environmental 2.1.  Contaminants in 

airborne 

 
 
 

Blistering and loss of coating of LPT blade 
 

3.  Poor manufacturing 3.1.  Improper bond 

3.2.  Incomplete bonding 

3.3.  Defective coating 

1.4. Erosion -  • Abnutzung 

• Erosion 

 

Definition:  

Erosion describes the surficial abrasion of material by the flow 

of fluids or gases and thus leads to wear and destruction of 

engine parts. Heat or particles in the hot gases accelerates this 

process. The impact of particles typically larger than 20 µm is 

especially apparent on the leading edge of the blade. It is 

visually recognisable by a rough surface with stripes or marks 

in the direction of the particle; often in the air flow direction. 

The amount of particles entering the engine and leading to 

erosion is significantly higher during landing and take-off. 

1.  Impact 1.1.  FOD: Solid particle 

impacts 

1.1.1. Grit 

1.1.2. Fine sand 

1.1.3. Dust 

1.1.4. Ground debris 

1.2.  KOD: Broken-off 

pieces from upstream 

engine parts  

 

Erosion on leading edge of fan blades 2.  Environment 2.1.  Moisture 

2.1.1. Water droplets on inlet 

edge of a rotating blade 

2.2.  Salty air 

2.3.  Polluted air 

3.  Operational 3.1.  KOD: By-products of 

operation 

3.1.1. Excessive oil burn  

3.1.2. Carbon particles (from 

fuel injection) 

3.1.3. Particles of ceramic 

thermal barrier coatings 

(detaching due to 

thermal shock) 

3.2.  Aggravated by massive 

air flow 

3.2.1. Hot gases 

Erosion on leading edge of
fan blades2. Environment 2.1. Moisture

2.1.1. Water droplets on inlet
edge of a rotating blade
2.2. Salty air
2.3. Polluted air

3. Operational 3.1. KOD: By-products of
operation
3.1.1. Excessive oil burn
3.1.2. Carbon particles (from
fuel injection)
3.1.3. Particles of ceramic
thermal barrier coatings
(detaching due to thermal
shock)
3.2. Aggravated by massive air
flow
3.2.1. Hot gases
3.2.2. Corroding liquids
3.2.3. Dirt-laden oil
3.2.4. Turbulences

1.4.1. Guttering - • Furchen Definition:
A deep, concentrated erosion that results from enlargement of a crack,
tear, or nick exposed to hot gases and/or concentrated combustion
chamber flames.

1. Enlargement of
pre existing defects
by burning

1.1. Cracks
1.2. Nicks
1.3. Tears
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1.1.  Cracks 

1.2.  Nicks 

1.3.  Tears 

 

 

Erosion of a preceding crack at nozzle guide vane 

1.5. Deposits 

(No material 

separation or 

loss, but 

additional 

particles on 

surface) 

• Contamin-

ation 

• Foreign 

material 

• Unwanted 

material 

• Ablagerungen Definition: 

Particles from foreign material, by-products during operation, 

or material from upstream part separation that are collected 

by centrifugal force and built up an extra layer on the casing, 

vanes and compressor blades. Foreign material can be 

apparent in solid or liquid state and may or may not be 

adherent to the surface of an engine part. Non-adherent 

particles are normally carted off by the air flow and may cause 

no further damage to the engine.  

1.  Environmental 1.1.  Intake air contaminants 

1.1.1. Polluted air 

1.1.2. Volcano ash 

1.1.3. Salty air 

1.1.4. Particles in air near 

ground (dirt, oil, soot) 

1.2.  KOD 

1.3.  Organic 

1.3.1. Birds 

1.3.2. Wildlife 

 

 

 

Deposits on LPC stage 2.5 blades 

Erosion of a preceding
crack at nozzle guide vane

48



Aerospace 2019, 6, 58 20 of 28

Table A1. Cont.

Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

1.5. Deposits (No
material separation
or loss, but
additional particles
on surface)

• Contamin-ation
• Foreign material
•

Unwanted material

• Ablagerungen
Definition:
Particles from foreign material, by-products during operation, or
material from upstream part separation that are collected by centrifugal
force and built up an extra layer on the casing, vanes and compressor
blades. Foreign material can be apparent in solid or liquid state and may
or may not be adherent to the surface of an engine part. Non-adherent
particles are normally carted off by the air flow and may cause no
further damage to the engine.

1. Environmental 1.1. Intake air contaminants
1.1.1. Polluted air
1.1.2. Volcano ash
1.1.3. Salty air
1.1.4. Particles in air near
ground (dirt, oil, soot)
1.2. KOD
1.3. Organic
1.3.1. Birds
1.3.2. Wildlife

Aerospace 2019, 6, x 22 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

3.2.2. Corroding liquids 

3.2.3. Dirt-laden oil 

3.2.4. Turbulences 

1.4.1. Guttering -  • Furchen Definition: 

A deep, concentrated erosion that results from enlargement of 

a crack, tear, or nick exposed to hot gases and/or concentrated 

combustion chamber flames. 

1.  Enlargement of pre 

existing defects by burning 

1.1.  Cracks 

1.2.  Nicks 

1.3.  Tears 

 

 

Erosion of a preceding crack at nozzle guide vane 

1.5. Deposits 

(No material 

separation or 

loss, but 

additional 

particles on 

surface) 

• Contamin-

ation 

• Foreign 

material 

• Unwanted 

material 

• Ablagerungen Definition: 

Particles from foreign material, by-products during operation, 

or material from upstream part separation that are collected 

by centrifugal force and built up an extra layer on the casing, 

vanes and compressor blades. Foreign material can be 

apparent in solid or liquid state and may or may not be 

adherent to the surface of an engine part. Non-adherent 

particles are normally carted off by the air flow and may cause 

no further damage to the engine.  

1.  Environmental 1.1.  Intake air contaminants 

1.1.1. Polluted air 

1.1.2. Volcano ash 

1.1.3. Salty air 

1.1.4. Particles in air near 

ground (dirt, oil, soot) 

1.2.  KOD 

1.3.  Organic 

1.3.1. Birds 

1.3.2. Wildlife 

 

 

 

Deposits on LPC stage 2.5 blades 
Deposits on LPC stage

2.5 bladesAerospace 2019, 6, x 23 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

2.  Operational 2.1.  KOD: By-products of 

operation 

2.1.1. Excessive oil burn 

2.1.2. Fuel (ash content) 

 

 

Deposits on LPT vane 

 
 

Deposits on HPC stage 3 blade 

2. Wear  
• Abnutzung 

• Verschleiß 
Material removal from the part by mechanical means.    

2.1. Abrasion • Chafing 

• Fretted 

• Galling 

• Scuffed 

• Scraped 

• Abnutzung 

• Abrieb 

• Fressen 

• Verschleiß 

durch Reibung 

• Verschleißen 

Definition: 

Abrasion or galling describes a roughened area usually 

caused by severe chafing or fretting action resulting from 

slight relative movement of two surfaces under high contact 

pressure during engine operation. The damage characteristics 

include microstructure changes of the part surface material or 

1.  Operational 1.1.  Wear 

1.1.1. Particles from abrasion 

are self-accelerating 

1.2.  Abnormal relative 

movement of parts 

1.3.  Parts out of alignment 

Deposits on LPT vane

Aerospace 2019, 6, x 23 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

2.  Operational 2.1.  KOD: By-products of 

operation 

2.1.1. Excessive oil burn 

2.1.2. Fuel (ash content) 

 

 

Deposits on LPT vane 

 
 

Deposits on HPC stage 3 blade 

2. Wear  
• Abnutzung 

• Verschleiß 
Material removal from the part by mechanical means.    

2.1. Abrasion • Chafing 

• Fretted 

• Galling 

• Scuffed 

• Scraped 

• Abnutzung 

• Abrieb 

• Fressen 

• Verschleiß 

durch Reibung 

• Verschleißen 

Definition: 

Abrasion or galling describes a roughened area usually 

caused by severe chafing or fretting action resulting from 

slight relative movement of two surfaces under high contact 

pressure during engine operation. The damage characteristics 

include microstructure changes of the part surface material or 

1.  Operational 1.1.  Wear 

1.1.1. Particles from abrasion 

are self-accelerating 

1.2.  Abnormal relative 

movement of parts 

1.3.  Parts out of alignment 

Deposits on HPC stage
3 blade

2. Operational 2.1. KOD: By-products of
operation
2.1.1. Excessive oil burn
2.1.2. Fuel (ash content)

2. Wear
• Abnutzung
• Verschleiß Material removal from the part by mechanical means.

2.1. Abrasion • Chafing
• Fretted
• Galling
• Scuffed
• Scraped

• Abnutzung
• Abrieb
• Fressen
• Verschleiß

durch Reibung
• Verschleißen

Definition:
Abrasion or galling describes a roughened area usually caused by severe
chafing or fretting action resulting from slight relative movement of two
surfaces under high contact pressure during engine operation. The
damage characteristics include microstructure changes of the part
surface material or coating, surfaces debris, wear or material removal
and reduced fatigue capability [35]. The degree of abrasion varies from
‘light’ to ‘heavy’ depending upon the extent of reconditioning required
to restore the worn surface. The abrasion effect is accelerated by the
presence of foreign material in addition to the detached abrasion
material.
Chafing is often used as synonym for the same defect description.
However, chafing shall be understood as action resulting in
deterioration of the surface condition rather than as the description of
the damage itself.
Note:
Not to be confused with scores, scratches or gouges.
Example:

• Relative motion between blade lock or lock nut and dovetail slot.
Also called ‘blade platform frettage’.

• Movement and rubbing of clappers.

1. Operational 1.1. Wear
1.1.1. Particles from abrasion
are self-accelerating
1.2. Abnormal relative
movement of parts
1.3. Parts out of alignment

Aerospace 2019, 6, x 24 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

 coating, surfaces debris, wear or material removal and 

reduced fatigue capability [35]. The degree of abrasion varies 

from ‘light’ to ‘heavy’ depending upon the extent of 

reconditioning required to restore the worn surface. The 

abrasion effect is accelerated by the presence of foreign 

material in addition to the detached abrasion material. 

Chafing is often used as synonym for the same defect 

description. However, chafing shall be understood as action 

resulting in deterioration of the surface condition rather than 

as the description of the damage itself.  

 

Note:  

Not to be confused with scores, scratches or gouges. 

 

Example:  
• Relative motion between blade lock or lock nut and 

dovetail slot. Also called ‘blade platform frettage’. 

• Movement and rubbing of clappers. 

2.  Environmental 2.1.  FOD 

2.1.1. Unwanted material 

between parts 

 
 

Abrasion of HPC stage 6 blade cheeks 

2.2. Gouge  • Gouging  • Furche 

• Rille 

Definition:  

A furrowing condition where material from the surface has 

been displaced and removed by cutting or tearing action. 

 

1.  Impact 1.1.  FOD 

1.1.1. Large, sharp unwanted 

foreign object 

1.2.  KOD 

 

 

Gouge on retaining slot of a HPC stage 5 blade 

2.  Poor Maintenance 2.1.  Improper (dis-) 

assembly 

2.2.  Careless handling 

Abrasion of HPC stage 6
blade cheeks

2. Environmental 2.1. FOD
2.1.1. Unwanted material
between parts
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Table A1. Cont.

Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

2.2. Gouge • Gouging • Furche
• Rille

Definition:
A furrowing condition where material from the surface has been
displaced and removed by cutting or tearing action.

1. Impact 1.1. FOD
1.1.1. Large, sharp unwanted
foreign object
1.2. KOD

Aerospace 2019, 6, x 24 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

 coating, surfaces debris, wear or material removal and 

reduced fatigue capability [35]. The degree of abrasion varies 

from ‘light’ to ‘heavy’ depending upon the extent of 

reconditioning required to restore the worn surface. The 

abrasion effect is accelerated by the presence of foreign 

material in addition to the detached abrasion material. 

Chafing is often used as synonym for the same defect 

description. However, chafing shall be understood as action 

resulting in deterioration of the surface condition rather than 

as the description of the damage itself.  

 

Note:  

Not to be confused with scores, scratches or gouges. 

 

Example:  
• Relative motion between blade lock or lock nut and 

dovetail slot. Also called ‘blade platform frettage’. 

• Movement and rubbing of clappers. 

2.  Environmental 2.1.  FOD 

2.1.1. Unwanted material 

between parts 

 
 

Abrasion of HPC stage 6 blade cheeks 

2.2. Gouge  • Gouging  • Furche 

• Rille 

Definition:  

A furrowing condition where material from the surface has 

been displaced and removed by cutting or tearing action. 

 

1.  Impact 1.1.  FOD 

1.1.1. Large, sharp unwanted 

foreign object 

1.2.  KOD 

 

 

Gouge on retaining slot of a HPC stage 5 blade 

2.  Poor Maintenance 2.1.  Improper (dis-) 

assembly 

2.2.  Careless handling 

Gouge on retaining slot of a
HPC stage 5 blade

2. Poor
Maintenance

2.1. Improper (dis-) assembly
2.2. Careless handling

2.3. Groove
• Fluted
• Furrowed

• Furche
• Kerbe
• Rille

Definition:
A smooth, rounded furrows, such as tear marks, whose edges have been
polished due to concentrated wear.

1. Operational 1.1. Concentrated wear
1.2. Abnormal relative motion
of parts
1.3. Parts out of alignment

Aerospace 2019, 6, x 25 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

2.3. Groove • Fluted 

• Furrowed 

• Furche 

• Kerbe 

• Rille 

Definition:  

A smooth, rounded furrows, such as tear marks, whose edges 

have been polished due to concentrated wear. 

1.  Operational 1.1.  Concentrated wear 

1.2.  Abnormal relative 

motion of parts 

1.3.  Parts out of alignment 

 

 

Groove in retaining slot of a HPC stage 4 blade 

 

 

 

 

 

 

 

 

2.4. Score -  • Riefenbildung 

• Riefen 

Definition:  

Multiple scratches of significant depth are called a score, 

which is often caused by sharp objects during engine 

operation. Contrary to scratches, scores show some removal 

of material. 

1.  Operational 1.1.  KOD 

1.1.1. Presence of chips 

between parts 

 

2.  Poor maintenance 2.1.  Careless assembly or 

disassembly techniques 

 

Groove in retaining slot of
a HPC stage 4 blade

2.4. Score - • Riefenbildung
• Riefen

Definition:
Multiple scratches of significant depth are called a score, which is often
caused by sharp objects during engine operation. Contrary to scratches,
scores show some removal of material.

1. Operational 1.1. KOD
1.1.1. Presence of chips
between parts

Aerospace 2019, 6, x 26 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

3.  Impact 3.1.  FOD 

3.2.  KOD 

3.3.  Organic damage 

 

Fan blade scoring 

 

3. Material 

Separation 
 

• Material-

trennung 
Material is split but not removed.    

3.1. Chipping • Spalling • Abblättern 

• Abplatzen 

• Absplittern 

 

Definition: 

Chipping describes mechanical separation of small pieces of 

blade material or coating often apparent on edges, corners or 

surfaces leaving a sharply roughened area of irregular shape. 

Often apparent on clappers. 

 

Note:  

Not to be confused with flaking. 

1.  Pre-existing defects 1.1.  Excessive stress 

concentration  

1.1.1. Nicks 

1.1.2. Surface cracks 

1.1.3. Scratches 

1.1.4. Peening 

1.2.  Fatigue 

1.3.  Subsurface inclusions 

 

 

 

Clapper wear on HPC stage 3 rotor blade 

2.  Poor maintenance 2.1.  Careless handling 

2.2.  Improper (dis-)assembly 

3.  Impact 3.1.  FOD 

3.2.  KOD 

Fan blade scoring

2. Poor
maintenance

2.1. Careless assembly or
disassembly techniques

3. Impact 3.1. FOD
3.2. KOD
3.3. Organic damage

3. Material
Separation •Material-trennung Material is split but not removed.

3.1. Chipping • Spalling • Abblättern
• Abplatzen
• Absplittern

Definition:
Chipping describes mechanical separation of small pieces of blade
material or coating often apparent on edges, corners or surfaces leaving
a sharply roughened area of irregular shape. Often apparent on clappers.
Note:
Not to be confused with flaking.

1. Pre-existing
defects

1.1. Excessive stress
concentration
1.1.1. Nicks
1.1.2. Surface cracks
1.1.3. Scratches
1.1.4. Peening
1.2. Fatigue
1.3. Subsurface inclusions

Aerospace 2019, 6, x 26 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

3.  Impact 3.1.  FOD 

3.2.  KOD 

3.3.  Organic damage 

 

Fan blade scoring 

 

3. Material 

Separation 
 

• Material-

trennung 
Material is split but not removed.    

3.1. Chipping • Spalling • Abblättern 

• Abplatzen 

• Absplittern 

 

Definition: 

Chipping describes mechanical separation of small pieces of 

blade material or coating often apparent on edges, corners or 

surfaces leaving a sharply roughened area of irregular shape. 

Often apparent on clappers. 

 

Note:  

Not to be confused with flaking. 

1.  Pre-existing defects 1.1.  Excessive stress 

concentration  

1.1.1. Nicks 

1.1.2. Surface cracks 

1.1.3. Scratches 

1.1.4. Peening 

1.2.  Fatigue 

1.3.  Subsurface inclusions 

 

 

 

Clapper wear on HPC stage 3 rotor blade 

2.  Poor maintenance 2.1.  Careless handling 

2.2.  Improper (dis-)assembly 

3.  Impact 3.1.  FOD 

3.2.  KOD 

Clapper wear on HPC stage
3 rotor blade2. Poor

maintenance
2.1. Careless handling
2.2. Improper (dis-)assembly

3. Impact 3.1. FOD
3.2. KOD
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Table A1. Cont.

Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

3.2. Crack • Fissure • Einriss
• Riss

Definition:
A material separation or partial fracture of material evidenced as a
linear opening that can easily be seen and which can cause the material
to break. The depth can vary from a few thousandths of the full part’s
thickness to its full thickness. The latter usually leads to full breakage of
the part into one or more pieces.
A crack is often an expansion of a pre-existing defect such as a nick,
scratch or gouge.
Note: Not to be confused with a hairline crack, which cannot be
detected by the naked eye and where special fluorescent or magnetic
penetrants are required to detect the defect.

1. Impact 1.1. FOD
1.2. KOD
1.3. Organic damage

Aerospace 2019, 6, x 27 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

3.2. Crack • Fissure • Einriss  

• Riss 

Definition:  

A material separation or partial fracture of material evidenced 

as a linear opening that can easily be seen and which can cause 

the material to break. The depth can vary from a few 

thousandths of the full part’s thickness to its full thickness. 

The latter usually leads to full breakage of the part into one or 

more pieces. 

A crack is often an expansion of a pre-existing defect such as 

a nick, scratch or gouge.  

 

Note: Not to be confused with a hairline crack, which cannot 

be detected by the naked eye and where special fluorescent or 

magnetic penetrants are required to detect the defect. 

1. Impact 1.1.  FOD 

1.2.  KOD 

1.3.  Organic damage 

 

 

 

HPT T2 blade cracked airfoil 

 

 

 

Crack in HPT T1 blade tip 

2. Operational 2.1.  Overheating 

2.1.1. Localised hot spots 

2.1.2. Overload 

2.1.3. Hard landing 

2.2.  Vibrations 

3. Pre-existing defects 3.1.  Corrosion 

3.2.  Nicks 

3.3.  Scratches 

3.4.  Scores 

3.5.  Gouges 

 

4. Fatigue 4.1.  Random stress 

fluctuations 

4.2.  Stress concentrations 

4.3.  Surface finish 

4.4.  Residual stresses 

4.5.  High cycle fatigue 

4.6.  Thermal fatigue  

 

5. Poor maintenance 5.1.  Careless handling of 

parts or tools 

5.2.  Improper (dis-) assembly 

5.3.  Left behind hand tools 

6. Poor manufacturing 6.1.  Internal stresses (from 

machining) 

6.2.  Defective (raw) material 

3.3. Breaking • Burst 

• Breakage 

• Break-off  

• Broken 

• Cut 

• Fracture 

• Liberation 

• Rupture 

• Abbruch 

• Bruch 

• Fraktur 

Definition: 

Complete separation of a blade into two or more large-sized 

pieces by an external force or internal stresses. Different 

defects, such as cracks, nicks, dents and notches, often precede 

and lead in combination with one of the causes to material 

separation and a broken engine blade. 

Resulting from pre-existing 

defects in combination with: 

Cracks, nicks, dents, notches 

→ See individual defect 

section for possible causes 

1. Impact 1.1.  FOD 

1.1.1. Left behind items 

1.2.  KOD 

1.3.  Organic impact 

 

HPT T2 blade cracked
airfoil

Aerospace 2019, 6, x 27 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

3.2. Crack • Fissure • Einriss  

• Riss 

Definition:  

A material separation or partial fracture of material evidenced 

as a linear opening that can easily be seen and which can cause 

the material to break. The depth can vary from a few 

thousandths of the full part’s thickness to its full thickness. 

The latter usually leads to full breakage of the part into one or 

more pieces. 

A crack is often an expansion of a pre-existing defect such as 

a nick, scratch or gouge.  

 

Note: Not to be confused with a hairline crack, which cannot 

be detected by the naked eye and where special fluorescent or 

magnetic penetrants are required to detect the defect. 

1. Impact 1.1.  FOD 

1.2.  KOD 

1.3.  Organic damage 

 

 

 

HPT T2 blade cracked airfoil 

 

 

 

Crack in HPT T1 blade tip 

2. Operational 2.1.  Overheating 

2.1.1. Localised hot spots 

2.1.2. Overload 

2.1.3. Hard landing 

2.2.  Vibrations 

3. Pre-existing defects 3.1.  Corrosion 

3.2.  Nicks 

3.3.  Scratches 

3.4.  Scores 

3.5.  Gouges 

 

4. Fatigue 4.1.  Random stress 

fluctuations 

4.2.  Stress concentrations 

4.3.  Surface finish 

4.4.  Residual stresses 

4.5.  High cycle fatigue 

4.6.  Thermal fatigue  

 

5. Poor maintenance 5.1.  Careless handling of 

parts or tools 

5.2.  Improper (dis-) assembly 

5.3.  Left behind hand tools 

6. Poor manufacturing 6.1.  Internal stresses (from 

machining) 

6.2.  Defective (raw) material 

3.3. Breaking • Burst 

• Breakage 

• Break-off  

• Broken 

• Cut 

• Fracture 

• Liberation 

• Rupture 

• Abbruch 

• Bruch 

• Fraktur 

Definition: 

Complete separation of a blade into two or more large-sized 

pieces by an external force or internal stresses. Different 

defects, such as cracks, nicks, dents and notches, often precede 

and lead in combination with one of the causes to material 

separation and a broken engine blade. 

Resulting from pre-existing 

defects in combination with: 

Cracks, nicks, dents, notches 

→ See individual defect 

section for possible causes 

1. Impact 1.1.  FOD 

1.1.1. Left behind items 

1.2.  KOD 

1.3.  Organic impact 

 

Crack in HPT T1 blade tip

2. Operational 2.1. Overheating
2.1.1. Localised hot spots
2.1.2. Overload
2.1.3. Hard landing
2.2. Vibrations

3. Pre-existing
defects

3.1. Corrosion
3.2. Nicks
3.3. Scratches
3.4. Scores
3.5. Gouges

4. Fatigue 4.1. Random stress fluctuations
4.2. Stress concentrations
4.3. Surface finish
4.4. Residual stresses
4.5. High cycle fatigue
4.6. Thermal fatigue

5. Poor
maintenance

5.1. Careless handling of parts
or tools
5.2. Improper (dis-) assembly
5.3. Left behind hand tools

6. Poor
manufacturing

6.1. Internal stresses (from
machining)
6.2. Defective (raw) material

3.3. Breaking
• Burst
• Breakage
• Break-off

• Broken
• Cut
• Fracture
• Liberation
• Rupture

• Abbruch
• Bruch
• Fraktur

Definition:
Complete separation of a blade into two or more large-sized pieces by
an external force or internal stresses. Different defects, such as cracks,
nicks, dents and notches, often precede and lead in combination with
one of the causes to material separation and a broken engine blade.

Resulting from
pre-existing defects
in combination
with:

Cracks, nicks, dents, notches→
See individual defect section
for possible causes

Aerospace 2019, 6, x 28 of 37 
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2. Fatigue 2.1.  Thermo-mechanical 

creep 

 

Broken off HPC blade 

3. Operational 3.1.  Stresses caused by heat 

3.2.  Sudden overload 

3.4. Nick • Notch • Einkerbung 

• Kerbe 

Definition: 

A small, sharp cut on the surface or edge of a part caused by 

a striking object. A nick has a characteristic V-shaped bottom, 

breaks the material flow and concentrates stresses. This weak 

point may initiate the development of cracks, leading to a 

decreased lifetime of the blade. The damage occurs often at or 

close to the leading edge of a blade [61].  

1. Impact 1.1.  FOD 

1.1.1. Sand 

1.1.2. Fine unwanted 

particles 

1.2.  KOD 

1.3.  Organic damage 

1.3.1. Birds 

1.3.2. Wildlife 

  

 

Fan blade trailing edge nick 

 

 

 

HPC stage 8 blade 

2. Poor maintenance 2.1. Careless handling of 

parts or tools 

2.2. Improper (dis-)assembly 

3.5. Tear - • Einriss  

• Riss 

Definition: May result from pre-existing 

defects in combination with or 

by: 

Nicks 

Broken off HPC blade

1. Impact 1.1. FOD
1.1.1. Left behind items
1.2. KOD
1.3. Organic impact

2. Fatigue 2.1. Thermo-mechanical creep
3. Operational 3.1. Stresses caused by heat

3.2. Sudden overload

3.4. Nick • Notch • Einkerbung
• Kerbe

Definition:
A small, sharp cut on the surface or edge of a part caused by a striking
object. A nick has a characteristic V-shaped bottom, breaks the material
flow and concentrates stresses. This weak point may initiate the
development of cracks, leading to a decreased lifetime of the blade. The
damage occurs often at or close to the leading edge of a blade [61].

1. Impact 1.1. FOD
1.1.1. Sand
1.1.2. Fine unwanted particles
1.2. KOD
1.3. Organic damage
1.3.1. Birds
1.3.2. Wildlife

Aerospace 2019, 6, x 28 of 37 
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2. Fatigue 2.1.  Thermo-mechanical 

creep 

 

Broken off HPC blade 

3. Operational 3.1.  Stresses caused by heat 

3.2.  Sudden overload 

3.4. Nick • Notch • Einkerbung 

• Kerbe 

Definition: 

A small, sharp cut on the surface or edge of a part caused by 

a striking object. A nick has a characteristic V-shaped bottom, 

breaks the material flow and concentrates stresses. This weak 

point may initiate the development of cracks, leading to a 

decreased lifetime of the blade. The damage occurs often at or 

close to the leading edge of a blade [61].  

1. Impact 1.1.  FOD 

1.1.1. Sand 

1.1.2. Fine unwanted 

particles 

1.2.  KOD 

1.3.  Organic damage 

1.3.1. Birds 

1.3.2. Wildlife 

  

 

Fan blade trailing edge nick 

 

 

 

HPC stage 8 blade 

2. Poor maintenance 2.1. Careless handling of 

parts or tools 

2.2. Improper (dis-)assembly 

3.5. Tear - • Einriss  

• Riss 

Definition: May result from pre-existing 

defects in combination with or 

by: 

Nicks 

Fan blade trailing edge nick
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2. Fatigue 2.1.  Thermo-mechanical 

creep 

 

Broken off HPC blade 

3. Operational 3.1.  Stresses caused by heat 

3.2.  Sudden overload 

3.4. Nick • Notch • Einkerbung 

• Kerbe 

Definition: 

A small, sharp cut on the surface or edge of a part caused by 

a striking object. A nick has a characteristic V-shaped bottom, 

breaks the material flow and concentrates stresses. This weak 

point may initiate the development of cracks, leading to a 

decreased lifetime of the blade. The damage occurs often at or 

close to the leading edge of a blade [61].  

1. Impact 1.1.  FOD 

1.1.1. Sand 

1.1.2. Fine unwanted 

particles 

1.2.  KOD 

1.3.  Organic damage 

1.3.1. Birds 

1.3.2. Wildlife 

  

 

Fan blade trailing edge nick 

 

 

 

HPC stage 8 blade 

2. Poor maintenance 2.1. Careless handling of 

parts or tools 

2.2. Improper (dis-)assembly 

3.5. Tear - • Einriss  

• Riss 

Definition: May result from pre-existing 

defects in combination with or 

by: 

Nicks 

HPC stage 8 blade

2. Poor
maintenance

2.1. Careless handling of parts
or tools
2.2. Improper (dis-)assembly
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Table A1. Cont.

Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

3.5. Tear - • Einriss
• Riss

Definition:
Separation of material by tensile stresses imposed by a sharp object. A
nick may have been pre-existent and was enlarged by a heavy impact. It
is apparent by ragged or irregular edges.

May result from
pre-existing defects
in combination with
or by:

Nicks
Aerospace 2019, 6, x 29 of 37 

Aerospace 2019, 6, x; doi: www.mdpi.com/journal/aerospace 

Separation of material by tensile stresses imposed by a sharp 

object. A nick may have been pre-existent and was enlarged 

by a heavy impact. It is apparent by ragged or irregular edges. 

1. Impact 1.1. FOD 

1.1.1. Significant tough and 

sharp foreign object 

1.1.2. Left-behind items 

1.2. KOD 

 

 

 

HPC stage 5 blade tear after organic impact 

4. Material 

Deformation  
 • Material-

verformung Extensive change of the original contour of a part. 
  

 

4.1. Bent • Creased 

• Distorted 

• Folded 

• Kinked 

• Leaning 

• Biegung 

• Krümmung 

Definition:  

Angular change from the original shape or contour usually 

the cause is a lateral force. 

1. Impact (lateral) 1.1. FOD 

1.2. Organic impact 

1.2.1. Bird ingestion 

 

 

HPC blade bent 

 

 

HPC stage 8 blade bent 

HPC stage 5 blade tear after
organic impact

1. Impact 1.1. FOD
1.1.1. Significant tough and
sharp foreign object
1.1.2. Left-behind items
1.2. KOD

4. Material
Deformation

•Material-verformung Extensive change of the original contour of a part.

4.1. Bent
• Creased
• Distorted
• Folded
• Kinked
• Leaning

• Biegung
• Krümmung

Definition:
Angular change from the original shape or contour usually the cause is a
lateral force.

1. Impact (lateral) 1.1. FOD
1.2. Organic impact
1.2.1. Bird ingestion

Aerospace 2019, 6, x 29 of 37 
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Separation of material by tensile stresses imposed by a sharp 

object. A nick may have been pre-existent and was enlarged 

by a heavy impact. It is apparent by ragged or irregular edges. 

1. Impact 1.1. FOD 

1.1.1. Significant tough and 

sharp foreign object 

1.1.2. Left-behind items 

1.2. KOD 

 

 

 

HPC stage 5 blade tear after organic impact 

4. Material 

Deformation  
 • Material-

verformung Extensive change of the original contour of a part. 
  

 

4.1. Bent • Creased 

• Distorted 

• Folded 

• Kinked 

• Leaning 

• Biegung 

• Krümmung 

Definition:  

Angular change from the original shape or contour usually 

the cause is a lateral force. 

1. Impact (lateral) 1.1. FOD 

1.2. Organic impact 

1.2.1. Bird ingestion 

 

 

HPC blade bent 

 

 

HPC stage 8 blade bent 

HPC blade bent
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Separation of material by tensile stresses imposed by a sharp 

object. A nick may have been pre-existent and was enlarged 

by a heavy impact. It is apparent by ragged or irregular edges. 

1. Impact 1.1. FOD 

1.1.1. Significant tough and 

sharp foreign object 

1.1.2. Left-behind items 

1.2. KOD 

 

 

 

HPC stage 5 blade tear after organic impact 

4. Material 

Deformation  
 • Material-

verformung Extensive change of the original contour of a part. 
  

 

4.1. Bent • Creased 

• Distorted 

• Folded 

• Kinked 

• Leaning 

• Biegung 

• Krümmung 

Definition:  

Angular change from the original shape or contour usually 

the cause is a lateral force. 

1. Impact (lateral) 1.1. FOD 

1.2. Organic impact 

1.2.1. Bird ingestion 

 

 

HPC blade bent 

 

 

HPC stage 8 blade bent 
HPC stage 8 blade bent

4.2. Bow • Bowed
• Verbogen
• Verzogen
• Verzug

Definition:
A bow is a stress-included bent or curve in the blade or vane contour. In
comparison to bent damage, bows are indicated by larger curve radii.
Additionally, the damage is caused by internal stresses arising from
excessive heat, pressure, or forming, rather than by lateral impact
resulting from foreign object hits.

1. Operational 1.1. Excessive heat
1.2. Uneven application of heat
1.3. Structural stresses
1.4. Thermal overload

4.3. Bulge • Ballooned
• Bulged
• Swelling

• Ausbeulung
• Ausbuchtung

Definition:
An outward bending or swelling of displaced material without
separation resulting from excessive heat. This defect often occurs on the
leading edge.

1. Impact 1.1. FOD (dull objects)
1.2. Organic impact

2. Operational 2.1. Excessive heat

4.4. Burr
• Raised edge
• Raised imperfection
• Ridge

• Erhöhte Kante
• Grat

Definition:
A narrow ridge of material, roughed edge or imperfection on the surface
of a material raised above the general contour of the part. It is most
likely appears along an edge.

1. Poor
manufacturing

1.1. Missed or improper
deburring after machining

Aerospace 2019, 6, x 30 of 37 
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4.2. Bow • Bowed • Verbogen 

• Verzogen 

• Verzug 

Definition: 

A bow is a stress-included bent or curve in the blade or vane 

contour. In comparison to bent damage, bows are indicated 

by larger curve radii. Additionally, the damage is caused by 

internal stresses arising from excessive heat, pressure, or 

forming, rather than by lateral impact resulting from foreign 

object hits.  

1. Operational 1.1.  Excessive heat 

1.2.  Uneven application of 

heat 

1.3.  Structural stresses 

1.4.  Thermal overload 

 

4.3. Bulge  • Ballooned 

• Bulged 

• Swelling 

• Ausbeulung 

• Ausbuchtung 

Definition: 

An outward bending or swelling of displaced material 

without separation resulting from excessive heat. This defect 

often occurs on the leading edge.  

1.  Impact 1.1.  FOD (dull objects) 

1.2.  Organic impact 
 

2.  Operational 2.1.  Excessive heat 

4.4. Burr • Raised edge 

• Raised 

imperfection 

• Ridge 

• Erhöhte Kante 

• Grat 

 

Definition:  

A narrow ridge of material, roughed edge or imperfection on 

the surface of a material raised above the general contour of 

the part. It is most likely appears along an edge. 

1.  Poor manufacturing 1.1.  Missed or improper 

deburring after 

machining 

 

Burr on blade tip resulting from tip rub 

2.  Environmental 2.1.  Excessive wear 

2.2.  Deposits 

3.  Impact (sharp hitting 

object during operation) 

 

3.1.  FOD 

3.1.1. Ice or hail 

3.1.2. Sharp objects 

3.1.3. Left-behind items 

3.2.  KOD 

4.5. Battered -  • Abgenutzt 

• Angeschlagen 

• Ramponiert 

• Verbeult 

• Zerschmettert 

• Zertrümmern 

Definition: 

Damage on a part that is repeatedly hit and as a consequence 

severely deformed. 

1.  Impact 1.1.  FOD 

1.1.1. Hail 

1.1.2. Ice 

1.1.3. Ground debris 

 

 

Heavy battered fan blade 

Burr on blade tip resulting
from tip rub

2. Environmental 2.1. Excessive wear
2.2. Deposits

3. Impact (sharp
hitting object
during operation)

3.1. FOD
3.1.1. Ice or hail
3.1.2. Sharp objects
3.1.3. Left-behind items
3.2. KOD
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Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

4.5. Battered -
• Abgenutzt
• Angeschlagen
• Ramponiert
• Verbeult
• Zerschmettert
• Zertrümmern

Definition:
Damage on a part that is repeatedly hit and as a consequence severely
deformed.

1. Impact 1.1. FOD
1.1.1. Hail
1.1.2. Ice
1.1.3. Ground debris

Aerospace 2019, 6, x 30 of 37 
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4.2. Bow • Bowed • Verbogen 

• Verzogen 

• Verzug 

Definition: 

A bow is a stress-included bent or curve in the blade or vane 

contour. In comparison to bent damage, bows are indicated 

by larger curve radii. Additionally, the damage is caused by 

internal stresses arising from excessive heat, pressure, or 

forming, rather than by lateral impact resulting from foreign 

object hits.  

1. Operational 1.1.  Excessive heat 

1.2.  Uneven application of 

heat 

1.3.  Structural stresses 

1.4.  Thermal overload 

 

4.3. Bulge  • Ballooned 

• Bulged 

• Swelling 

• Ausbeulung 

• Ausbuchtung 

Definition: 

An outward bending or swelling of displaced material 

without separation resulting from excessive heat. This defect 

often occurs on the leading edge.  

1.  Impact 1.1.  FOD (dull objects) 

1.2.  Organic impact 
 

2.  Operational 2.1.  Excessive heat 

4.4. Burr • Raised edge 

• Raised 

imperfection 

• Ridge 

• Erhöhte Kante 

• Grat 

 

Definition:  

A narrow ridge of material, roughed edge or imperfection on 

the surface of a material raised above the general contour of 

the part. It is most likely appears along an edge. 

1.  Poor manufacturing 1.1.  Missed or improper 

deburring after 

machining 

 

Burr on blade tip resulting from tip rub 

2.  Environmental 2.1.  Excessive wear 

2.2.  Deposits 

3.  Impact (sharp hitting 

object during operation) 

 

3.1.  FOD 

3.1.1. Ice or hail 

3.1.2. Sharp objects 

3.1.3. Left-behind items 

3.2.  KOD 

4.5. Battered -  • Abgenutzt 

• Angeschlagen 

• Ramponiert 

• Verbeult 

• Zerschmettert 

• Zertrümmern 

Definition: 

Damage on a part that is repeatedly hit and as a consequence 

severely deformed. 

1.  Impact 1.1.  FOD 

1.1.1. Hail 

1.1.2. Ice 

1.1.3. Ground debris 

 

 

Heavy battered fan blade 
Heavy battered fan blade

4.6. Creep • Elongation
• Growth
• Stretched

• Ausdehnung
• Kriechen
• Verlängerung

Definition:
Continuous stretch or deformation of a part in operation under high
temperatures, and/or centrifugal loads and high rotational speeds (latter
impacts rotating parts only). Creep is predominant in the engine’s hot
section (turbine) and in the last blade stages of high-pressure
compressors (HPC), whereby the blades elongate towards the
surrounding shroud case, and the shrouds expand under thermal
influence. In order to improve the engine efficiency, the clearance
between blades and casing shall be kept as minimal as possible. When
heavy operations cause severe blade elongation, the blade tips rub
against the non-moving shrouds. The resulting damage is known as tip
rub.
The V2500 engine manual further distinguished between:

• Leading edge tip rub
• Mid chord tip rub
• Trailing edge tip rub

1. Operational 1.1. Loss of cooling
1.1.1. Blocked cooling passages
1.1.2. Blockage or malfunction
of the cooling airflow
1.2. Continued and/or
extensive heat accelerated by
high rotating speeds and
centrifugal forces
1.2.1. Turbulences
1.2.2. Heavy landings
1.2.3. Overloaded
1.3. Deposits on casing
1.4. Compressor surge
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4.6. Creep • Elongation 

• Growth 

• Stretched 

• Ausdehnung 

• Kriechen 

• Verlängerung 

Definition: 

Continuous stretch or deformation of a part in operation 

under high temperatures, and/or centrifugal loads and high 

rotational speeds (latter impacts rotating parts only). Creep is 

predominant in the engine’s hot section (turbine) and in the 

last blade stages of high-pressure compressors (HPC), 

whereby the blades elongate towards the surrounding shroud 

case, and the shrouds expand under thermal influence. In 

order to improve the engine efficiency, the clearance between 

blades and casing shall be kept as minimal as possible. When 

heavy operations cause severe blade elongation, the blade tips 

rub against the non-moving shrouds. The resulting damage is 

known as tip rub.  

The V2500 engine manual further distinguished between:  
• Leading edge tip rub 

• Mid chord tip rub 

• Trailing edge tip rub 

1.  Operational 1.1.  Loss of cooling 

1.1.1. Blocked cooling 

passages 

1.1.2. Blockage or 

malfunction of the 

cooling airflow 

1.2.  Continued and/or 

extensive heat 

accelerated by high 

rotating speeds and 

centrifugal forces  

1.2.1. Turbulences 

1.2.2. Heavy landings 

1.2.3. Overloaded 

1.3.  Deposits on casing 

1.4.  Compressor surge 

 

 
 
 
 
 
 

 

 

HPC stage 11 tip rub 

 

Fan blade tip rub against fan case 

2.  Fatigue 2.1.  Creep cracking 

2.1.1. Random stress 

fluctuations 

2.1.2. Stress concentrations 

2.2.  Life time of part 

exceeded 

2.3.  Shortened lifecycle 

caused by operational 

means 

3.  Poor maintenance 3.1.  Inspection procedures 

not correctly followed 

3.1.1. Missed tip clearance 

check 

3.1.2. Not performed or 

improper repair, e.g., blades 

not trimmed to restore 

minimum tip clearance 

HPC stage 11 tip rub
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4.6. Creep • Elongation 

• Growth 

• Stretched 

• Ausdehnung 

• Kriechen 

• Verlängerung 

Definition: 

Continuous stretch or deformation of a part in operation 

under high temperatures, and/or centrifugal loads and high 

rotational speeds (latter impacts rotating parts only). Creep is 

predominant in the engine’s hot section (turbine) and in the 

last blade stages of high-pressure compressors (HPC), 

whereby the blades elongate towards the surrounding shroud 

case, and the shrouds expand under thermal influence. In 

order to improve the engine efficiency, the clearance between 

blades and casing shall be kept as minimal as possible. When 

heavy operations cause severe blade elongation, the blade tips 

rub against the non-moving shrouds. The resulting damage is 

known as tip rub.  

The V2500 engine manual further distinguished between:  
• Leading edge tip rub 

• Mid chord tip rub 

• Trailing edge tip rub 

1.  Operational 1.1.  Loss of cooling 

1.1.1. Blocked cooling 

passages 

1.1.2. Blockage or 

malfunction of the 

cooling airflow 

1.2.  Continued and/or 

extensive heat 

accelerated by high 

rotating speeds and 

centrifugal forces  

1.2.1. Turbulences 

1.2.2. Heavy landings 

1.2.3. Overloaded 

1.3.  Deposits on casing 

1.4.  Compressor surge 

 

 
 
 
 
 
 

 

 

HPC stage 11 tip rub 

 

Fan blade tip rub against fan case 

2.  Fatigue 2.1.  Creep cracking 

2.1.1. Random stress 

fluctuations 

2.1.2. Stress concentrations 

2.2.  Life time of part 

exceeded 

2.3.  Shortened lifecycle 

caused by operational 

means 

3.  Poor maintenance 3.1.  Inspection procedures 

not correctly followed 

3.1.1. Missed tip clearance 

check 

3.1.2. Not performed or 

improper repair, e.g., blades 

not trimmed to restore 

minimum tip clearance Fan blade tip rub against
fan case

2. Fatigue 2.1. Creep cracking
2.1.1. Random stress
fluctuations
2.1.2. Stress concentrations
2.2. Life time of part exceeded
2.3. Shortened lifecycle caused
by operational means

3. Poor
maintenance

3.1. Inspection procedures not
correctly followed
3.1.1. Missed tip clearance
check
3.1.2. Not performed or
improper repair, e.g., blades
not trimmed to restore
minimum tip clearance

4.7. Curl
• Twisted
• Warped

• Geknickt
• Umgebogen
• Verdreht

Definition:
A rounded fold in a rotating part after contact with a fixed, non-moving
part. This defect can be observed after a blade tip rubbed against the
engine case (see ‘tip rub’).

1. Tip-rub 1.1. Elongation/creep of blade
(see ‘3.9 Creep’)
1.1.1. Heavy landings
1.1.2. Overloaded
1.2. Deposits on casing
1.3. Compressor surge
1.4. Missed maintenance
inspection or incorrect
procedures during
maintenance inspection of tip
clearance
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4.7. Curl • Twisted 

• Warped 

• Geknickt 

• Umgebogen 

• Verdreht 

Definition: 

A rounded fold in a rotating part after contact with a fixed, 

non-moving part. This defect can be observed after a blade tip 

rubbed against the engine case (see ‘tip rub’). 

 

1.  Tip-rub 1.1.  Elongation/creep of 

blade (see ‘3.9 Creep’) 

1.1.1. Heavy landings 

1.1.2. Overloaded 

1.2.  Deposits on casing 

1.3.  Compressor surge 

1.4.  Missed maintenance 

inspection or incorrect 

procedures during 

maintenance inspection 

of tip clearance 

 
 

HPC stage 1.5 blade tip curl 

4.8. Dent - • Delle 

• Einbeulung 

• Einbuchtung 

• Eindruck 
• Vertiefung 

Definition: 

Damage to the surface of a part caused by mechanical impact 

of a dull object. A dent is visible as small, smooth indention 

with rounded edges, corners and bottom. Material is 

displaced but not removed. Often, dents can be found at or 

close to the leading edge of a blade [61]. A cluster of multiple 

dents on the leading edge can result in waviness of the blade.  

 

 

 

1.  Impact 1.1.  FOD 

1.1.1. Hail 

1.1.2. Ice 

1.1.3. Left-behind items 

1.2.  KOD 

1.3.  Organic damage 

1.3.1. Birds 

1.3.2. Wildlife 

 

 

Dent on leading edge of LPT stage 5 vane 

HPC stage 1.5 blade tip curl
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Defect Equally Used Terms German Translation Description Potential Causes Sources of Cause Image

4.8. Dent -
• Delle
• Einbeulung
• Einbuchtung
• Eindruck
• Vertiefung

Definition:
Damage to the surface of a part caused by mechanical impact of a dull
object. A dent is visible as small, smooth indention with rounded edges,
corners and bottom. Material is displaced but not removed. Often, dents
can be found at or close to the leading edge of a blade [61]. A cluster of
multiple dents on the leading edge can result in waviness of the blade.

1. Impact 1.1. FOD
1.1.1. Hail
1.1.2. Ice
1.1.3. Left-behind items
1.2. KOD
1.3. Organic damage
1.3.1. Birds
1.3.2. Wildlife

Aerospace 2019, 6, x 32 of 37 
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4.7. Curl • Twisted 

• Warped 

• Geknickt 

• Umgebogen 

• Verdreht 

Definition: 

A rounded fold in a rotating part after contact with a fixed, 

non-moving part. This defect can be observed after a blade tip 

rubbed against the engine case (see ‘tip rub’). 

 

1.  Tip-rub 1.1.  Elongation/creep of 

blade (see ‘3.9 Creep’) 

1.1.1. Heavy landings 

1.1.2. Overloaded 

1.2.  Deposits on casing 

1.3.  Compressor surge 

1.4.  Missed maintenance 

inspection or incorrect 

procedures during 

maintenance inspection 

of tip clearance 

 
 

HPC stage 1.5 blade tip curl 

4.8. Dent - • Delle 

• Einbeulung 

• Einbuchtung 

• Eindruck 
• Vertiefung 

Definition: 

Damage to the surface of a part caused by mechanical impact 

of a dull object. A dent is visible as small, smooth indention 

with rounded edges, corners and bottom. Material is 

displaced but not removed. Often, dents can be found at or 

close to the leading edge of a blade [61]. A cluster of multiple 

dents on the leading edge can result in waviness of the blade.  

 

 

 

1.  Impact 1.1.  FOD 

1.1.1. Hail 

1.1.2. Ice 

1.1.3. Left-behind items 

1.2.  KOD 

1.3.  Organic damage 

1.3.1. Birds 

1.3.2. Wildlife 

 

 

Dent on leading edge of LPT stage 5 vane 
Dent on leading edge of

LPT stage 5 vane

4.9. Peening -
• Gehämmert
• Gestrahlt

A group of very small dents caused when a part is repeatedly hit is
called peening.

1. Impact 1.1. FOD
1.1.1. Hail
1.1.2. Ice

Aerospace 2019, 6, x 33 of 37 
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4.9. Peening - • Gehämmert 

• Gestrahlt 

A group of very small dents caused when a part is repeatedly 

hit is called peening. 

1.  Impact 1.1.  FOD 

1.1.1. Hail 

1.1.2. Ice 

 

HPC stage 4 blade root 

 

 

LPC stage 2.5 blade 

4.10. Scratch - • Kratzer Definition: 

Shallow, thin lines, marks or dragged indentations on either 

the coating (if present) or the material surface caused by 

movement of sharp foreign objects, careless handling or 

improper assembly. Scratches have a sharp bottom and 

material is usually not removed. 

1.  Impact 1.1.  FOD (fine foreign  

particles) 

1.1.1. Airborne particles 

1.1.2. Fine sand and dust 

1.1.3. Polluted air 

1.1.4. Volcano ash 

 

 

 

LPT stage 7 blade scratched on airfoil surface 

2.  Poor maintenance 2.1.  Careless handling of 

parts or tools 

2.2.  Improper (dis-) assembly 

4.11. Waviness - • Welligkeit 

• Wellig 

An engine blade that has been deformed under influence of 

high temperatures is called waviness (The term ‘waviness’ 

originates from the FAA Aviation Maintenance Handbook). 

1.  Operational 1.1.  Loss of cooling 

1.2.  Continued and/or 

extensive heat 

accelerated by high 

 

HPC stage 4 blade root
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4.9. Peening - • Gehämmert 

• Gestrahlt 

A group of very small dents caused when a part is repeatedly 

hit is called peening. 

1.  Impact 1.1.  FOD 

1.1.1. Hail 

1.1.2. Ice 

 

HPC stage 4 blade root 

 

 

LPC stage 2.5 blade 

4.10. Scratch - • Kratzer Definition: 

Shallow, thin lines, marks or dragged indentations on either 

the coating (if present) or the material surface caused by 

movement of sharp foreign objects, careless handling or 

improper assembly. Scratches have a sharp bottom and 

material is usually not removed. 

1.  Impact 1.1.  FOD (fine foreign  

particles) 

1.1.1. Airborne particles 

1.1.2. Fine sand and dust 

1.1.3. Polluted air 

1.1.4. Volcano ash 

 

 

 

LPT stage 7 blade scratched on airfoil surface 

2.  Poor maintenance 2.1.  Careless handling of 

parts or tools 

2.2.  Improper (dis-) assembly 

4.11. Waviness - • Welligkeit 

• Wellig 

An engine blade that has been deformed under influence of 

high temperatures is called waviness (The term ‘waviness’ 

originates from the FAA Aviation Maintenance Handbook). 

1.  Operational 1.1.  Loss of cooling 

1.2.  Continued and/or 

extensive heat 

accelerated by high 

 

LPC stage 2.5 blade

4.10. Scratch - • Kratzer
Definition:
Shallow, thin lines, marks or dragged indentations on either the coating
(if present) or the material surface caused by movement of sharp foreign
objects, careless handling or improper assembly. Scratches have a sharp
bottom and material is usually not removed.

1. Impact 1.1. FOD (fine foreign particles)
1.1.1. Airborne particles
1.1.2. Fine sand and dust
1.1.3. Polluted air
1.1.4. Volcano ash
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4.9. Peening - • Gehämmert 

• Gestrahlt 

A group of very small dents caused when a part is repeatedly 

hit is called peening. 

1.  Impact 1.1.  FOD 

1.1.1. Hail 

1.1.2. Ice 

 

HPC stage 4 blade root 

 

 

LPC stage 2.5 blade 

4.10. Scratch - • Kratzer Definition: 

Shallow, thin lines, marks or dragged indentations on either 

the coating (if present) or the material surface caused by 
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improper assembly. Scratches have a sharp bottom and 

material is usually not removed. 
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1.1.3. Polluted air 

1.1.4. Volcano ash 

 

 

 

LPT stage 7 blade scratched on airfoil surface 
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parts or tools 

2.2.  Improper (dis-) assembly 

4.11. Waviness - • Welligkeit 

• Wellig 

An engine blade that has been deformed under influence of 

high temperatures is called waviness (The term ‘waviness’ 

originates from the FAA Aviation Maintenance Handbook). 

1.  Operational 1.1.  Loss of cooling 

1.2.  Continued and/or 

extensive heat 

accelerated by high 
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on airfoil surface

2. Poor
maintenance

2.1. Careless handling of parts
or tools
2.2. Improper (dis-) assembly

4.11. Waviness -
• Welligkeit
• Wellig

An engine blade that has been deformed under influence of high
temperatures is called waviness (The term ‘waviness’ originates from
the FAA Aviation Maintenance Handbook).

1. Operational 1.1. Loss of cooling
1.2. Continued and/or
extensive heat accelerated by
high rotating speeds and
centrifugal forces
1.2.1. Turbulences
1.2.2. Heavy landings
1.2.3. Overloaded
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Abstract: Background—The inspection of aircraft parts is critical, as a defective part has many
potentially adverse consequences. Faulty parts can initiate a system failure on an aircraft, which
can lead to aircraft mishap if not well managed and has the potential to cause fatalities and serious
injuries of passengers and crew. Hence, there is value in better understanding the risks in visual
inspection during aircraft maintenance. Purpose—This paper identifies the risks inherent in visual
inspection tasks during aircraft engine maintenance and how it differs from aircraft operations.
Method—A Bowtie analysis was performed, and potential hazards, threats, consequences, and
barriers were identified based on semi-structured interviews with industry experts and researchers’
insights gained by observation of the inspection activities. Findings—The Bowtie diagram for visual
inspection in engine maintenance identifies new consequences in the maintenance context. It provides
a new understanding of the importance of certain controls in the workflow. Originality—This work
adapts the Bowtie analysis to provide a risk assessment of the borescope inspection activity on
aircraft maintenance tasks, which was otherwise not shown in the literature. The consequences
for maintenance are also different compared to flight operations, in the way operational economics
are included.

Keywords: aviation maintenance; borescope inspection; Bowtie analysis; maintenance, repair, and
overhaul (MRO); risk assessment; risk management; visual inspection

1. Introduction

The inspection of parts is critical to the safety and quality of aerospace hardware. There is value
in better understanding the risks of the inspection process itself. The inappropriate diagnosis of part
condition may have significant engineering, cost, and safety implications.

Understanding and controlling inspection risks is an important component of the organisational
risk management process. A method with particular relevance to procedural risks is the Bowtie
analysis. Bowtie analysis was first applied to accident investigation in the oil and gas industry, and
was quickly applied to other high-reliability organisations (HROs) including aviation, mining, and
nuclear energy [1,2].

The risk assessment approach is named Bowtie, due to the diagram’s distinctive shape, reminiscent
of the dress bowtie [1]. The diagram is a combination of a fault tree analysis (FTA), event tree analysis
(ETA), and barrier analysis (BA) [3]. Hence, the Bowtie is also known as a barrier diagram.

In recent years, Bowtie was increasingly adopted by other industries after the benefits of the
method were recognised. Today, Bowtie is applied to several industries including oil and gas [1,4],
aviation [5–8], chemical [9,10], defence [11], banking [12], healthcare [2,13], marine [14], mining [1,15],
nuclear energy [16], transportation [17,18], and road safety [19].
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The current paper extends the Bowtie method to visual inspection tasks during aircraft engine
maintenance, repair, and overhaul (MRO). This is worth doing because the existing MRO processes
tend to be arranged around conventional notions of manufacturing quality such as standardised work
procedures. Nonetheless, it is impossible to standardise all processes; there is always an element of
personal approach to the work and, hence, variability. This is especially evident where workers are
required to exercise judgement in the inspection processes, e.g., deciding whether or not to scrap a
turbine blade. There are a variety of human errors that may occur, along the lines of slips, lapses,
mistakes, and violations [20]. Consequently, there is a need to find ways to create in workers an
awareness of the critical factors that contribute to success and failure of the aerospace hardware.
A similar issue arises in other areas of aerospace, especially commercial aircraft operations where
standard procedures exist, and are further supplemented by Bowtie analysis for training purposes.
In the same way, there is value in developing Bowtie models for MRO, to assist in training workers
and sensitising them to the consequences of their work.

Borescope inspection was chosen as the particular situation under examination, as it is one of
the main means of defect detection in aircraft engine maintenance. Defects that stay undetected
have the potential to cause severe damage to the engine or aircraft, and result in accidents and
fatalities [21]. The reliable assessment of part condition is essential. It is crucial to understand risks
associated with the inspection process, as well as the barriers that can prevent or recover the outcomes.
A better understanding and targeted management of those risks has the potential to contribute towards
improved airworthiness and aviation safety.

2. Review of the Bowtie Method

2.1. Historical Origins

The exact origin of the Bowtie remains to be fully clarified, but it was first mentioned in 1979 in
the lecture notes of a hazard analysis class presented by Imperial Chemical Industries at the University
of Queensland, Australia [22]. It is accepted that the first company to integrate the Bowtie method
as a risk management tool was the Royal Dutch Shell Group in the early 1990s in response to the
Piper Alpha oil and gas platform explosion in the North Sea (1988) and after the introduction of the
Seveso Directive [23–25]. This new risk analysis and assessment approach was developed as the
main component of the “hazard, effect, and management process” (HEMP) and was communicated
internally by Shell as a “Bowtie diagram” [25].

The Seveso Directive used a “methodology for the identification of major accident hazards”
(MIMAH) to investigate the disaster of accidental toxic dioxin release in Seveso, Italy (1976). Bowtie was
used as the basis for the MIMAH methodology. A major achievement of the Seveso Directive includes
legislations by the European Union to prevent major accidents and to limit their outcomes [2,26,27].

2.2. Methodological Parents

There were different preceding risk assessment methods that provided the context for the Bowtie
to emerge, namely, fault tree analysis (FTA), event tree analysis (ETA), cause consequence analysis
(CCA), and barrier analysis (BA) [1].

2.2.1. Fault Tree Analysis

The fault tree analysis as a method has two applications. Most commonly, it is used during the
system design and development stage to predict and prevent future problems. The second application
of FTA is for accident investigation, whereby FTA helps to identify and analyse the root-causes
contributing through different failure paths to the critical event, which is often referred to as the “top
event” (loss of control or failure) [28]. Probabilities can be assigned to the causes, and the top event
probability can be computed by employing Boolean logic, which allows the FTA to be quantified [1,29].
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This method was developed by Bell Laboratories in 1962 for the United States (US) Air Force
to determine the reliability of the intercontinental Minuteman missile launch control system [30,31].
Later, Boeing adopted, improved, and applied the method for civil aircraft design and for hazard
identification. Today the fault tree analysis is used to analyse high-hazard safety systems in nuclear
power plants, aerospace, and defence [32].

The key benefit of FTA is the graphical representation of complex relationships between various
failure paths and combinations of possible outcomes [33]. The structured and logical approach enables
quantification of all possible root-causes. Another benefit of the FTA is that it may be used to predict
future failures, and also to diagnose past failures. However, the limitations include the difficulty of
quantifying probabilities, inaccuracy in case of scarce or insufficient data, uncertainty in covering
all failure modes, and incorporating partial failures, including external environmental effects, and
including human behavioural effects (procedures and human error) [33,34].

2.2.2. Event Tree Analysis

It is understood that event trees were developed during the WASH-1400 nuclear power plant
safety study (around 1974) as a condensed, alternative diagram to fault trees, as using the latter would
have led to very large and cumbersome diagrams [35].

While fault trees that start with identifying causes lead to the top event, event trees, in contrast, take
a single initial event (top event) and analyse all possible system failure paths leading to consequences
caused by the initiating event. A probability can be assigned to each path and, thus, the probability of
different consequences can be calculated, which makes the method qualitatively applicable. The risk
calculation can be done before an accident to determine possible consequences or after an accident for
investigation purposes to identify functional failures of the system. Typical applications of event trees
are transportation and nuclear power plants [29,36].

Similar to the FTA, the benefits of the ETA lie in the graphical representation of the failures and
the sequence of events. Multiple failure paths can be analysed, and cause–effect relationships can
be displayed with their dependencies expressed. Furthermore, it allows probability assessment and
detection of insufficient countermeasures [33,37].

A limitation of the ETA is that it analyses only one initiation event at a time. Hence, it is not an
effective method when multiple events must occur simultaneously, as it would result in redundant
branches. Since the ETA uses binary logic, it is difficult to represent situations with uncertainties
such as human or environmental factors. Complex events can be expressed, but they lead to massive
and highly complex diagrams. At the same time, simplifying the diagram can lead to missed subtle
dependencies [33,38].

2.2.3. Cause Consequence Analysis

The cause consequence analysis was developed in 1971 at Riso Laboratories in Denmark, to reveal
accidents in complex nuclear installations [39]. It connects the causes and consequences through a
so-called “critical or top event”, combining two diagrams. Firstly, a cause diagram leading to the top
event is a traditional fault tree. Secondly, the consequence diagram is an event sequential diagram that
tries to find potential outcomes of the top event [1,39]. The CCA aims to determine the probability of
each consequence using FTA logic. It is recognised as the predecessor of the Bowtie method [40].

Among the benefits of the CCA are the visual presentation of complex cause–consequence
relationships, the structured method for probability assessment, and the incorporation of system
dependencies in the risk evaluation. Furthermore, it enables the representation of time-sequenced
events and the analysis of multiple outcomes. A drawback of the CCA is that only one initiating
event at a time can be evaluated [41]. Hence, several diagrams are needed when analysing multiple
critical events. Since CCA uses a top-down approach, there is the risk that a high-level event or hazard
is missed.
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2.2.4. Barrier Analysis

Barrier analysis is a system safety assessment method to identify hazards and to evaluate any
controls that can prevent the event occurring. The first application of systematic safety barriers was
the hazard–barrier–target model developed by Haddon in 1973 [42]. The barrier approach was used to
express means of control in systems with a hazardous energy source, which could potentially lead
to damage to either equipment or personnel. Later, Reason introduced his Swiss-cheese metaphor
(1990) [20]. This concept often has multiple barriers (cheese slices), such that, if one fails, the next one
may stop the event. The holes in the slices symbolise the inherent ineffectiveness of the barriers. When
the holes of all slices align, it is the moment when all barriers fail and the control of the situation is lost,
and undesired consequences may occur [1,20,33,43].

Most recent, Sklet worked on barrier models and came up with a definition widely used by
practitioners. He defines safety barriers as “physical and/or non-physical means planned to prevent,
control, or mitigate undesired events or accidents” [44].

Even though the barrier concept is mainly qualitative, studies by Duijm and Goossens showed
that barriers can be quantified by combining weighted factors and a rating system. Each barrier is then
scored based on its safety performance measures, i.e., effectiveness, reliability, consistency, and other
criteria [45].

Currently, BA is more broadly used for any process where a controlled state should be maintained,
including areas of quality, safety, security, and health.

The BA is simple to understand as it visually represents the barriers that are in place, as well as
the absence of any barrier which could have prevented or mitigated an undesired event to occur. The
BA directly results in recommendations for where to implement additional barriers or to improve or
maintain existing barriers.

A limitation of the original BA is its incomprehensiveness as a sole risk assessment tool, as it does
not identify human errors and hardware failures that are not directly associated with hazardous energy
sources [46]. However, it can be easily combined with other methods.

The BA may lead to linear thinking and is, therefore, highly subjective, which makes it difficult to
reproduce, in particular, for non-obvious and complex causes, as there is a risk of confusing causes and
countermeasures (barriers).

2.3. Principles of Bowtie Analysis

The Bowtie method combines features of the above methods. It includes a simplified FTA and
ETA, without the logic symbols, and combines them based on the CCA approach, through single
cause–consequence relationships. The functional blocks of these other methods are replaced with
barriers, which are placed on both sides of the diagram to prevent or mitigate any undesired outcomes.
The structure is laid out horizontally, whereas those other charts are vertical, and this results in the
characteristic shape with the central knot and, hence, the Bowtie name.

There is no standardised terminology for the different elements of a Bowtie, which often causes
confusion. The definitions below originate from the United Kingdom Civil Aviation Authority
(UK CAA), the European Aviation Safety Agency (EASA), and the Federal Aviation Administration
(FAA) [5–7]. This coincides with the terminology used by Shell, where the method was first applied [23].

Hazard: A hazard is defined as condition, object, or activity that can potentially cause harm or
damage, including injuries to personnel, damage to equipment, properties, or environment, or reduced
ability to perform an action as intended.

Top Event: The top event is the moment when the controlled state of a hazard is lost. It is yet to
cause any damage or negative impact, but can lead to undesired outcomes if all prevention barriers
fail. The term “top event” is derived from the fault tree analysis, where the critical event is on the top.

Threats: Threats describe initiating events that can potentially cause, through several pathways,
the occurrence of the identified top event if all safety barriers fail. There can be one or multiple threats
leading to the top event.
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Consequences: Consequences are potential outcomes or a chain of outcomes resulting from the
release of the top event, directly resulting in loss of control or damage if all mitigation barriers fail.

Barriers: Barriers, which are also called controls or layers of protection, are measures that prevent
or mitigate undesired outcomes or reduce the likelihood of their occurrence, as well as maintaining the
desired state. Derived from the fault tree and event tree analysis, the barriers can be categorised based
on their location in the Bowtie diagram and their function. Prevention barriers are located on the left
side of the Bowtie diagram, between the threat and top event. They eliminate the threat entirely or
prevent the top event from occurring and, consequently, they prevent the hazard from being released.
When the top event is reached, mitigation barriers become effective and reduce the likelihood of the
consequences to occur, or limit the severity of the undesired consequences [10,13,47]. These barriers
are located between the top event and the consequences.

Escalation Factors and Escalation Factor Barriers: Safety barriers are not 100% effective, as well
as having inherent and temporary weaknesses. In Bowtie, the conditions influencing the effectiveness
are called escalation factors [47], degradation factors [48], or barrier decay mechanisms [49], and are
depicted using branches from the main path barrier. Once the escalation factors are determined, the
next step is to identify barriers that are in place to manage the escalation factors. Those barriers are
called escalation factor barriers or degradation factor safeguards [48]. In the Bowtie diagram, those
barriers are placed between the escalation factor and the affected barrier on the main threat path.

Figure 1 shows the schematic structure of a Bowtie diagram with all elements.
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3. Methodology

3.1. Purpose

The purpose of this research was to identify the risks occurring in visual inspection tasks during
aircraft engine maintenance in an MRO environment. This is a very different situation to aircraft
operations, and, while there is substantial literature including Bowtie analysis for operations [5–8],
there is a paucity for MRO applications. The questions that arose include how the Bowtie analysis could
be used in aviation maintenance, and what the difference of Bowtie is in aircraft operation. In particular,
there is a need for understanding the multiple factors that influence the visual inspection and how
those can be controlled by prevention. Furthermore, it is crucial to understand the consequences that
can occur and how these can be mitigated in the case of the top event release. This goes beyond the
most obvious worst-case scenarios, i.e., incidents, accidents, and fatalities.

It should be noted that Bowtie analysis and diagrams vary depending on the area under
investigation and the target audience. Where operations are complex, it can be helpful to divide work
streams into smaller pieces and perform risk analysis for each individually. Bowtie analysis is typically
performed for a specific, usually critical, step in a complex operation chain. However, since all the
process steps are linked together, Bowties can also be linked together. In BowtieXP this is realised by
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chaining Bowties to represent the full operation and process chain. In this context, it is important to
understand that a Bowtie element can be both a threat and a consequence at the same time, depending
on the operational environment the risk analysis is performed. For example, a consequence in the
manufacturing environment (e.g., a defective part) can be a threat in the subsequent maintenance
Bowtie diagram. A generic Bowtie chain is shown in Figure 2, and the common element is highlighted.
In this research, the Bowtie diagrams were created for the MRO environment only and were not
chained together.
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The specific case under examination is borescope inspection, particularly the impact of hardware
factors. Borescope inspection is a technique to visually inspect the inside of an aircraft engine, while
avoiding a costly tear-down. It enables the evaluation of engine parts for their airworthiness and
operability, which is critical for aircraft reliability and safety. The borescope tool is an optical instrument
with a built-in camera and light source, which displays the image live on a screen. The borescope
inspection occurs either with the engine on the wing, or when the engine is first presented to the MRO.
The latter is called an induction inspection. There is also a post-test borescope inspection that occurs
after re-assembly and testing as a last step before returning the engine to the aircraft.

3.2. Approach

The specific industry under observation was the Christchurch Engine Centre (CHCEC). This is
an MRO facility with 470 staff, maintaining over 140 IAE V2500 engines per year. The borescope
inspection tasks were not limited to in-house induction and post-test inspection, but also included
on-wing inspection at the customer’s premises. Hence, inspectors had considerable experience.

Initially, we examined the open literature on Bowties applied to visual inspection and aviation
maintenance in general. However, nothing relevant was found; hence, it was necessary to start from
scratch. Our approach was based on the “AS9110 Quality Maintenance Systems—Requirements for
Maintenance Organizations” standard [50]. Firstly, the hazard and top event were identified. We framed
this in terms of the worker perspective, specifically wording it in such a way as to be aligned with
the role, and recruiting personal motivation and pride in workmanship. We did this because the
primary audience for the Bowtie is the worker. Hence, the top event was “inappropriate diagnosis of
part condition”.

We then identified the consequences in the MRO environment. These are not identical to the
aircraft operation perspective. Next, we constructed the threat branches and added prevention barriers.
Subsequently, escalation factors and escalation factor barriers were added.

These constructions were based on discussion with 15 aircraft maintenance technicians (AMTs)
and through observation of their activities. Three AMTs had up to 10 years work experience in the
field, seven had more than 10 years, and five had more than 20 years. Their certifications ranged
from non-destructive testing (NDT) operator to borescope operator and borescope video reviewer.
The barriers of the main threat paths and the escalation path were inferred based on engineering
knowledge. This part of the process was consistent with the approach suggested by Lewis [51]. Threats
and consequences were identified by the individual AMTs, recorded in field notes by the researcher, and
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subsequently grouped into the various categories shown in the results. The Bowties were constructed
using BowTieXP software revision 9.2.13 [52].

We then validated the Bowties by discussing them with the most experienced inspection expert at
our industry partner (borescope operator with level 2 certification, which is the highest certification
available in the field). A consensus was reached on the structure of each Bowtie.

4. Results

4.1. Identification of Top Event

The top event that was identified in the Bowtie analysis was “inappropriate diagnosis of part
condition”. For further explanation of the top event, borescope inspection for engine blade defects was
used as a specific example. Safety critical defects include cracks, nicks, dents, tears, etc. [21].

There are several scenarios that could lead to an inappropriate diagnosis of the part condition.
These include the following:

1. Defect missed: If the inspector misses a defect that exceeds the tolerance limits. In the terminology
of the confusion matrix, this is known as a true negative.

2. Defect falsely detected: The inspector finds something and declares it as defective despite it
being within the tolerance level or detecting a non-existent defect. This is called a false positive
as it was incorrectly rejected. For example, deposit on an airfoil could be incorrectly identified as
pitting or corrosion [21].

3. Indication mis-located: Engine blades are divided into multiple areas, so-called airfoil zones.
Each zone has a different tolerance level in terms of the size of defect and the number of defects
per blade or blade set (stage). A defect that is localised in zone B, which may be acceptable
for the zone B tolerance, is not necessarily acceptable for zone A. Consequently, a blade that is
incorrectly identified as airworthy could be released to service. In the contrary case, a defect is
incorrectly identified as being unairworthy in zone A, while actually located in zone B and, hence,
is scraped unnecessarily.

4. Defect forgotten before decision is made: This might happen when the inspector examines the
full blade stage in one full run and later revisits the defective blades. If no marker is set or the
inspector gets distracted for some reason, he might forget the defect and not go back to check.

It was found that the threats and prevention barriers, as well as the consequences and mitigation
barriers, were nearly identical for all those scenarios. Hence, one combined Bowtie was developed
instead of four duplicated ones, which only differed in the top event.

4.2. Consequences

Consequences are generally characterised by damage. While the Bowtie method is well established,
existing applications in the aviation industry are focused on the aircraft operation and the “significant
seven”. These describe a range of significant safety scenarios, namely, loss of control, runway excursion,
controlled flight into terrain, runway incursion, airborne conflict, ground handling, and fire, which were
analysed by CAA applying Bowtie [6,53]. The consequences for MRO, however, are somewhat different.

We identified that the consequences in the MRO context include not only the safety of the aircraft
passengers and the potential for fatalities, but also the operational economics. These economic damages
could affect the MRO service provider, the engine owner, or the airline. The identified economic and
technical perspectives include the following:

• Gate returns and air turn-backs;
• Reputation damage;
• Fines and litigations;
• Reduced part lifetime;
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• Shortened cycle time;
• Premature engine shop visit;
• Financial loss;
• Airworthy parts scrapped;
• Release of an unairworthy part to service;
• Severe damage to engine and/or aircraft;
• Fatality, accident, incident.

It was noticed that consequences may appear in a chronological or procedural order and can be
divided into immediate, subsequent, or final consequences. In this work, the immediate consequences
for “inappropriate diagnosis of the part condition” were the “release of an unairworthy part into
service” and “scrapping of an airworthy part” (Figure 3). The latter had only financial loss as a
subsequent consequence, whereas the consequences for the release of an unairworthy part were much
greater and included the examples shown in the list above. As the work stream under examination was
“borescope inspection”, we made this the hazard label. This is because borescope can be an activity
that can potentially cause harm or damage if not performed properly.
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The Bowtie method cannot express this chronological consequence path and, hence, this could not
be visualised with the BowtieXP software. We applied image editing software to modify the Bowtie
diagram manually. The result is shown in Figure 4.

4.3. Threats

When evaluating the threats of incorrect diagnosis of the part condition, seven main threats arose.
The Bowtie software allows one to add a description to each threat. However, this is not displayed in
the diagram. Hence, we prepared the list shown in Table 1 below and added a short description with a
typical example to each of the threats.

The table represents what we think is the right level of detail for the borescope inspection Bowtie,
without detailing each failure mode. Factors that had the same or similar barriers to prevent the top
event from occurring were grouped as main treats.
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Table 1. Threat list with descriptions.

Threat Description

Incorrect tool or setting

Wrong borescope or borescope tip is being used. This can result in
difficulties obtaining an angle from which the inspected part is seen
properly and is visually assessable.
Incorrect settings in the borescope menu selected include if the contrast
is too high or the brightness of the light source is too low.

Borescope not working properly
Borescope is not working properly as required for the inspection task.
This can be a result of inappropriate handling or transportation of the
borescope.

Damaged borescope tip or
inappropriate tip condition

Borescope tip is damaged or in an inappropriate condition. This often
happens when borescoping a dirty engine and the fine deposit sticks to
the tip or clogs the opening, which results in a limited, blurry, or
smeared image.

Inadequate engine or borescope
knowledge

A lack of knowledge of the engine or borescope inspection such as the
correct manipulation of the borescope can result in inspecting the wrong
parts, revisiting the same parts multiple times, or missing the inspection
on others.

Correct tool not available

Borescope tips often get dirty and sometimes appropriate cleaning
material is not available. As a result, the tips get sent to the
manufacturer for cleaning. The same process occurs when the borescope
has a technical issue. Due to the time pressure, the engine cannot wait,
and the inspection process is performed with alternative available tools.

Tip lost or left behind after
inspection

An unnoticed left behind or lost tip can cause foreign object damage
(FOD) to the engine once it is running.

Inappropriate or missing aids

Aids include insertion tubes, magic arms, hockey arms, etc. If these are
incorrectly installed or missing, borescope inspection can be challenging,
which results in a shifting of focus from the actual inspection and
evaluation of the part condition to the manipulation and handling of the
borescope or aids.

The threat side of the Bowtie is shown in Figure 5.

4.4. Barriers and Escalation Factors

For each threat and consequence branch, barriers were added to the Bowtie diagram. The barriers
were a combination of current existing barriers from the MRO site of our industry partner and our
own knowledge. Subsequently, escalation factors and escalation factor controls were added, showing
the aspects that influence the effectiveness of the main barriers.

Since the main target of risk management is the prevention of the top event, most Bowties
focus on the prevention, rather than the recovery side. Hence, we emphasised the prevention side.
Nonetheless, the main recovery barriers and its escalation factors, as well as the escalation factor
barriers, are presented.

To reduce the complexity of the diagram, only the two immediate consequences are displayed
on the right side of the Bowtie diagram. The threat side of the Bowtie is shown in Figure 6, and the
consequence side is illustrated in Figure 7. Since the Bowtie diagram could not be adjusted in the
BowtieXP software in order to present it in a legible way, we applied manual image processing to
split the original Bowtie into its single threat and consequence paths. The full Bowtie with all barriers,
escalation factors, and escalation factor barriers can be found in Figures A1–A5 (Appendix A). For a
higher- resolution version of those figures, please see Supplementary Materials S1–S5.
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5. Discussion

5.1. Summary of Outcomes

While the Bowtie method is well known in the aviation industry, it is only applied to significant
accident scenarios, named the “significant seven”. However, there is no mention of the method
being applied in other high-risk and error-prone areas of the complex aviation system, such as
aircraft and engine maintenance—at least there is nothing published in the research literature.
This paper investigated the adaptability of the Bowtie method to the maintenance, repair, and
overhaul environments and analysed how it differs in principle from the conventional Bowtie used in
aircraft operation.

We showed that it is possible to reconceptualise the consequence component of the Bowtie to
include organisational economics and the adverse effects on the organisation in whichever dimensions
those occur. We propose that, in general, it could be worthwhile to identify the consequences that are
consistent with the organisational purpose—which is evident in vision, value, and mission statements.
This is because employees already understand these concepts, at least in the sense that these factors
are important for the survival of the organisation. In this way, the Bowtie consequences might be
explicitly aligned with the organisational purpose, and in turn this may provide a coherent rationale
and motivation to the operator to engage with the quality and safety systems.

5.2. Implications for Practitioners

There are several potential uses for the Bowtie, for inspection and for applying Bowtie to
aviation maintenance.

Firstly, the presented Bowtie is particularly useful for borescope inspection, which creates
awareness of the relevance of visual inspection in aircraft maintenance. It helps the inspectors to
understand the risks and how they can be prevented or minimised. Furthermore, it provides a better
understanding as to which specific barriers are in place and why it is important to maintain them.
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For example, when training courses are held frequently, workers can visually see their impact and why
they are crucial from a risk management perspective. It demonstrates the importance of complying
with organisations risk management strategies. Additionally, it enables them to identify missing or
ineffective barriers, and demonstrate where resources have the greatest impact and, hence, should be
invested. This insight can also be used for investment recommendations to executive management,
which applies the aforementioned organisational economics, as implementing and improving barriers
is costly and can affect the overall profitability.

Generally speaking, the Bowtie approach can be used for teaching purposes and to create
awareness of the importance of risk management, demonstrating the risk strategies of the company,
highlighting weaknesses in risk management, and supporting the safety culture of the company.

The Bowtie analysis and the development of the diagram demand a detailed risk and hazard
assessment. This process promotes improved understanding and has the possibility to gain new
insights, which can be exploited on a company level, in other areas of the engine maintenance process,
or even within the broader maintenance industry. It may also be valuable outside the MRO industry
for aircraft operators, as it highlights the importance of operational economics and how it can be added
into Bowtie analysis.

As originally intended, the Bowtie can be used as a tool for communicating within the different
management levels in an organisation. Depending on the required level of detail needed for a specific
audience, different levels of a Bowtie can be created to align with the needs of that specific department.
It also offers the opportunity to use Bowtie as a tool to express one’s concerns for a lacking process and
how it could be improved by implementing additional barriers or improving the existing ones.

5.3. Limitations of the Work

There are several limitations to the applied Bowtie methodology. Depending on the audience,
the Bowtie may have not the right level of detail. Some tend to be too generic, whereas others tend
to be too specific. However, both can be valid depending on the audience that the Bowtie addresses.
For example, the borescope manufacturer or the inspector requires more specific details compared
to the upper management. Therefore, there will always be a struggle in providing the right level of
detail, which can only be handled either by developing multiple Bowties for the same top event, which
means double the work, or the more detailed paths could potentially be hidden when presenting to a
higher audience.

When developing the Bowtie for visual inspection, we realised that some barriers, including their
escalation factors and escalation factor barriers, were repeated on nearly every single threat branch.
This resulted in a more complex-looking Bowtie diagram, which can lead to the loss of the main
purpose of using a Bowtie, which is its effectiveness as a communication tool.

Even though Bowtie generally allows for quantification of the top event and its consequences, we
found it challenging because of the scarcity of historical data [54]. While the idea of accumulating
data from multiple sources such as audits, accident reports, and statistics over a period of time is
attractive [55], it is not altogether certain how this might be achieved, since data for extremely rare
events are often not reliable or applicable, making probability and failure rate assignments difficult.

In the case of visual inspection, data were not available and, therefore, we had to ask industry
experts for their opinions. When talking to these experts, who were inspectors, they were able to
name many factors that they could identify as influential to the inspection result. However, as they are
inspectors and not system risk analysts, they were not able to provide us with realistic estimates for
the frequency of a threat occurrence and how likely a barrier was to fail. The same problem would
occur when calculating the impact of the escalation factors. Even with estimates, a Bowtie does not
account for the accuracy and the certainty of those estimates (probability of failure on demand) or the
extent of influence that escalation factors have on the barrier. As a result, the presented Bowtie is not
quantified, until we can develop a strategy to account for the limitations.

72



Aerospace 2019, 6, 110 15 of 30

Borescope inspection is performed at multiple stages in the maintenance process. These stages
include on-wing inspection, induction inspection, and post-test inspection. Due to the different
environments, engine conditions, and performance at different times, the factors vary between
inspection types, despite it all existing under the borescope inspection umbrella. Some mitigation
barriers are only present when the Bowtie is used for induction inspection. On the other hand, in
the case of a post-test inspection, the same barriers will not be present, since they already passed
from a process perspective. These barriers are namely the “engine test” and the “post-test borescope
inspection”. This paper presented the Bowtie analysis for induction inspection, since this is the
inspection where most defects are found, which decides whether or not to strip down the engine.
Hence, for on-wing and post-test inspection, the presented Bowties are only partially applicable and
need further adjustment.

The strength of using Bowtie lies in its visual representation of threats, barriers, and
consequences [56]. Nonetheless, the method has limited possibilities of representing the chronological
order of the barriers, i.e., representing barriers that take place simultaneously (from a process point of
view) and barriers that are process-wise in series.

Similar to the barriers, it was found that there is a chronological order of consequence. Since
BowtieXP only allows one consequence per branch, it was not possible to show the consequence event
chain and, hence, only the subsequent or the last event of this chain could be displayed. In practice,
it tends to be the most propagated outcome in the consequence path, which is ultimately the worst-case
scenario. This is purposely done to create awareness and highlight the level of risk in each task that
an aircraft maintenance technician performs, which could potentially lead to severe damage to the
engine, aircraft, passengers, airliner, or MRO provider. We bypassed this limitation using image
editing to manually sequence the immediate and final consequences for the inappropriate diagnosis of
part condition.

Lastly, a Bowtie cannot show sub-interactions and correlations; for example, multiple escalation
factors must occur at the same time to degrade the barrier. Furthermore, it does not account for the
severity of the top event and consequences if multiple threats release the top event at the same time.
This causes a fixed mindset that threats, barriers, and escalation factors are always independent and
cannot aggravate each other.

5.4. Implications for Future Research

After applying Bowtie to visual inspection in the MRO industry, we identified the need for
future research. The first two points address the problem of representing the chronological order of
threats, barriers, and consequences, followed by the need for a more structured and standardised
Bowtie approach.

Firstly, a Bowtie has no possibility of presenting causational paths of the threat development.
Equally, there is no option to present the consequence development path. One way to bypass this
limitation is by connecting the Bowties in chronological sequence. In the presented case which used
“inappropriate diagnosis of part condition” as the top event, the direct consequence would be the
release of an unairworthy part or the scrapping of an airworthy part. Both consequences would form
the threats for the subsequent Bowtie, and the new consequences are chronologically subsequent.
However, since Bowtie diagrams are viewed individually, the subsequent and ultimate consequences
are not visible. Hence, we introduced a new way of representing the consequence chain, which could
be used similarly for the threat development path. This could be further investigated and potentially
be added as a feature in the software.

Secondly, barriers could be chronologically expressed by adding a second dimension to the
barriers. Barriers that prevent the top event at the same point in time could be grouped together.
Barriers or barrier groups that prevent the top event at different points in time or in a subsequent
process step could be displayed separately.
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A third opportunity for future research could be to address some of the unsystematic aspects of
Bowtie creation. Our experiences in constructing the above Bowtie suggested that there is a need for a
structured approach for Bowtie construction. Existing methods tend to be ad hoc, and they rely on the
existing knowledge of the analyst. Possible ways to address this may include introducing the 6M’s,
PEAR, SHELL, or similar risk categorisations to the current Bowtie model.

An obstacle for developing a Bowtie is the lack of a generic structure. While the Bowtie diagram
itself has a characteristic shape and common elements, there is still little standardisation in terms
of how to identify threats and barriers. There are different ways of performing a Bowtie analysis.
The most common one is based on expert knowledge. However, this is subjective and based on
the perspective of the risk analysis expert rather than that of the operator. In an accident scenario,
the Bowtie is developed by investigators who investigate which barriers are in place, which ones
failed, and why. However, when developing a new system or analysing an existing one prior to an
incident or accident occurrence, there is no standardised framework provided. As each Bowtie and
its top event are unique, the process of Bowtie analysis is ad hoc. This provides potential for further
research to develop an approach for systematically developing a Bowtie without fully relying on expert
knowledge and availability, and ultimately simplifying the Bowtie method, while reducing the current
ad hoc approach.

The development of a Bowtie diagram is time-consuming and strenuous, particularly for top
events with many possible threats and long threat branches. Some barriers and their escalation factor
sub-branches are often repeated in the threat branches, and this makes the method cumbersome.
The focus and energy, however, should be on the critical thinking and analysis process, rather than
the drawing of the diagram. Future research could focus on a simplified process of creating Bowtie
diagrams, which has the potential to further increase its application across industries.

This could potentially be the solution for another limitation of Bowtie, i.e., the static representation
of the specific point in time when the risk analysis was performed and when the Bowtie was created.
Bowties lack the adaptability to changes in the system. Changes could include the implementation
of additional barriers, barrier efficiency and effectiveness improvements, or organisational changes.
Some attempts were made to update and monitor Bowties in real time, enabling a more dynamic risk
assessment [57,58]. An automated approach for the Bowtie generation would support this approach.

6. Conclusions

The purpose of this research was to identify the risks occurring in visual inspection tasks during
aircraft engine maintenance in an MRO environment. This work makes several novel contributions
towards solving this problem. Firstly, it provides a method for using the Bowtie analysis on aircraft
maintenance tasks—this required a reconceptualisation of the consequences, which are different
compared to flight operations. They include not only the safety of the aircraft passengers and the
potential for fatalities, but also the operational economics. Secondly, it provides a detailed analysis of
the risks associated with borescope inspection and the barriers that can prevent or mitigate those risks,
which were otherwise not shown in the literature.
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Appendix A. Bowtie Analysis for Borescope Induction Inspection

Figure A1 shows the threat side of the Bowtie diagram with prevention barriers. For a higher-
resolution version, please see the online Supplementary Materials.

Figure A2 shows the threat side of the Bowtie diagram with prevention barriers, escalation factors,
and escalation factor barriers. It is apparent that the disadvantage of Bowtie can be a massive diagram,
which is barely legible. Hence, we segmented the diagram into sub-diagrams—one for each threat path.

Figure A2a–g show the extracts from the Bowtie diagram presented in Figure A2.
Figure A3 shows the consequence side of the Bowtie diagram with recovery barriers.
Figure A4 shows the consequence side of the Bowtie diagram with recovery barriers, escalation

factors, and escalation factor barriers.
Figure A5 shows the complete Bowtie result with all elements. This figure only serves the

purpose of illustrating the characteristic shape, which may have been lost in the previous diagrams,
as these were edited to improve the legibility. For a higher-resolution version, please see the online
Supplementary Materials.
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Figure A2. Threat side of the Bowtie diagram with prevention barriers, escalation factors, and escalation
factor barriers.
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Figure A3. Consequence side of the Bowtie diagram with recovery barriers.
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Abstract: Background—Bowtie analysis is a broadly used tool in risk management to identify root
causes and consequences of hazards and show barriers that can prevent or mitigate the events
to happen. Limitations of the method are reliance on judgement and an ad hoc development process.
Purpose—Systematic approaches are needed to identify threats and consequences, and to ascertain
mitigation and prevention barriers. Results—A new conceptual framework is introduced by combining
the Bowtie method with the 6M structure of Ishikawa to categorise the threats, consequences
and barriers. The method is developed for visual inspection of gas turbine components, for which an
example is provided. Originality—Provision of a more systematic methodology has the potential
to result in more comprehensive Bowtie risk assessments, with less chance of serious omissions.
The method is expected to find application in the broader industry, and to support operators who are
non-risk experts but have application-specific knowledge, when performing Bowtie risk assessment.

Keywords: Bowtie analysis; risk assessment; safety; MRO; visual inspection; cause–consequence
analysis; barrier model; 6M; Ishikawa; aircraft maintenance

1. Introduction

The barrier method of risk assessment, more commonly called Bowtie analysis, has been widely
adopted in multiple industries. The key concept encapsulated in the method is that of preventative
barriers that prevent a hazardous outcome (the ‘top event’) from occurring, and recovery processes
that limit the escalation of that event into a larger catastrophe. It is a composition of a fault tree, event
tree and barrier concept. The method is especially good at visually representing the event chains from
the root cause to the consequence and identifying barriers that are in place, missing or ineffective.
Industries in which the Bowtie method is particularly popular include oil and gas [1,2], aviation [3–7],
transportation [8–10], chemical and process [11,12], mining [2,13], IT [14–16], and medical [17–19].

In the aviation industry, the safety of the passengers and crew is of utmost priority. To ensure
this, maintenance, repair and overhaul (MRO) plays a crucial part. It includes the frequent inspection
of the aircraft and its engines after a certain amount of flight hours or cycles, or after an unexpected
event occurred, such as a bird strike. In both cases, different means of visual inspection are applied.
The aircraft engine is mainly inspected via borescope inspection (BI) and if required via subsequent
piece part inspection (PPI). Since the results of such inspections are crucial for the aircraft airworthiness
and passenger safety, it is important to understand the inherent risks of the process. A high-level MRO
process with the different borescope inspection procedures and related risks is presented in Figure 1.
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Figure 1. Maintenance, repair and overhaul (MRO) process with borescope inspection procedures and 
risks. 

Previous work showed that Bowtie is a useful tool for such risk assessments, but has some 
limitations, such as the process of constructing a Bowtie being ad hoc and arbitrary [7]. It highly 
depends on expert knowledge and the personal preferences and outlook of the analyst [4, 20–22]. 
This is problematic because a risk analyst will have different technical and operational insights to a 
technician. There is a risk of missing important threats, consequences, and barriers. This paper offers 
a solution by introducing a conceptual framework for a more systematic Bowtie risk assessment for 
manufacturing and maintenance operations. It achieves this by an integration with the 6M cause-
and-effect methodology from Ishikawa [23].  

2. Review of Bowtie Development and Structures 

2.1. Existing Approaches Constructing a Bowtie Diagram 

There are no standards for developing Bowtie diagrams, which results in a variety of different 
representations and interpretations [22]. However, a generally accepted and widely used approach 
for constructing a Bowtie diagram is presented in the following. This process aligns with the 
minimum requirements for a safety management system (SMS) and safety risk assessment 
introduced by the International Civil Aviation Organization (ICAO) [21]. Since the Bowtie 
methodology originates from the fault tree and event tree analysis, the diagram could be directly 
derived from these. In practice, however, the diagram is commonly developed based on 
brainstorming sessions [24]. 

A Bowtie diagram may be constructed using a bottom–up or top–down approach [4,25,26]. The 
latter starts with identification of the hazard, which sets the scope and context of the risk assessment 
[19,24]. As per the ICAO Safety Management Manual, a hazard is defined as “condition, object, 
process or activity with the potential of causing harm or damage, including injuries to personnel, 
damage to equipment, properties or environment, loss of material or reduction in ability to perform 
a prescribed function” [27].  

Figure 1. Maintenance, repair and overhaul (MRO) process with borescope inspection procedures
and risks.

Previous work showed that Bowtie is a useful tool for such risk assessments, but has some
limitations, such as the process of constructing a Bowtie being ad hoc and arbitrary [7]. It highly
depends on expert knowledge and the personal preferences and outlook of the analyst [4,20–22].
This is problematic because a risk analyst will have different technical and operational insights to
a technician. There is a risk of missing important threats, consequences, and barriers. This paper
offers a solution by introducing a conceptual framework for a more systematic Bowtie risk assessment
for manufacturing and maintenance operations. It achieves this by an integration with the 6M
cause-and-effect methodology from Ishikawa [23].

2. Review of Bowtie Development and Structures

2.1. Existing Approaches Constructing a Bowtie Diagram

There are no standards for developing Bowtie diagrams, which results in a variety of different
representations and interpretations [22]. However, a generally accepted and widely used approach for
constructing a Bowtie diagram is presented in the following. This process aligns with the minimum
requirements for a safety management system (SMS) and safety risk assessment introduced by the
International Civil Aviation Organization (ICAO) [21]. Since the Bowtie methodology originates from
the fault tree and event tree analysis, the diagram could be directly derived from these. In practice,
however, the diagram is commonly developed based on brainstorming sessions [24].

A Bowtie diagram may be constructed using a bottom–up or top–down approach [4,25,26].
The latter starts with identification of the hazard, which sets the scope and context of the risk
assessment [19,24]. As per the ICAO Safety Management Manual, a hazard is defined as “condition,
object, process or activity with the potential of causing harm or damage, including injuries to personnel,
damage to equipment, properties or environment, loss of material or reduction in ability to perform a
prescribed function” [27].
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The next step is defining the top event, which describes the release or loss of control over the hazard.
“It has not caused any damage or negative impact yet, but can lead to undesired outcomes if all
prevention barriers fail” [7]. The terminology of the ‘top event’ originates form the fault tree analysis.
The top event forms the centre of the Bowtie diagram and links the fault tree and event tree. It can be
caused by one or multiple threats.

Threats describe causes that can lead to the release of the top event, if all preventative barriers
on the threat branch fail. They derive from fault tree analysis (FTA). Once identified, the threats are
drawn as branches to the left of the top event.

The release of the hazard can lead to one or multiple consequences. These consequence branches
are drawn to the right of the top event. Consequences are potential events or chain of events having
a negative impact such as loss of control, damage, or harm. They originate from the event tree
analysis (ETA).

Barriers, also referred to as ‘controls’ or ‘layers of protection’, are a means of prevention or
mitigation for any negative outcome and can reduce the occurrence likelihood of the latter. Sklet [28]
defined safety barriers as “physical and/or non-physical means planned to prevent, control, or mitigate
undesired events or accidents”. Depending on their purpose, barriers can be either on the left or on the
right side of the Bowtie diagram. Prevention barriers are placed on the threat branches between the
causes and the top event. Their function is to prevent the top event and ultimately the release of the
hazard [12,18,21]. In contrast, mitigation barriers, also called recovery or protective barriers, aim to
reduce the likelihood or minimise the severity of the consequences [29,30]. Thus, these barriers are
positioned on the consequence branches between the top even and negative outcomes.

Barriers are not entirely effective or may not be permanently effective. Conditions that have the
potential to adversely affect the effectiveness of a barrier are called escalation factors [31]. These factors
are depicted as sub-branches from the main barrier path in the Bowtie diagram. To prevent the
escalation factors from leading to barrier failure, additional controls, also called escalation factor
barriers, are put in place [32]. These are drawn on the sub-branch of the escalation factor they are
trying to prevent or mitigate. A generic Bowtie with all its elements is shown in Figure 2 below.
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Figure 2. Generic structure of a Bowtie diagram.

As previously shown, the Bowtie method has elements of fault and event trees, albeit without
the quantification or Boolean logic. There have been occasional efforts to re-introduce those features
into Bowtie, e.g., in cyber security [14] and the process industry [33]. However, quantification and
formalisation of the logic still suffers from the limitation of requiring estimates of probabilities—the
provenance of which is as difficult as it originally was for FTA. This is particularly difficult if no historic
data is available and must be estimated.
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2.2. Categorisations Applied in Bowtie Analysis

Culwick et al. proposed two Bowtie structures [17]. One is a generic structure for general
risk assessment, and the other one is an application-specific structure for malignant hyperthermia
(MH) susceptibility. The focus for the following discussion is on the generic structure, as this might be
transferable to other applications and industries. The generic Bowtie structure introduced by those
authors has prompts and examples. For the preventive barriers, these include assessment, optimisation,
preparation, planning, checklists, and forcing strategies. Examples given for the barrier controls are
monitoring, vigilance, detection, and correction. As a means of recovery, the authors mentioned
crisis management, resource and expertise, diagnosis and treatment as possible barrier categories.
However, there was no structure or prompts provided for threats and consequences. It was proposed
to organise the consequences from the top of the diagram to the bottom based on their severity reaching
from ‘no harm’ to ‘severe harm’ respectively. The authors recommended that the Bowtie shall be
“constructed by a group of individuals who have an interest in managing the particular hazard” [17].
This raises the question of whether or not an interest in the hazard is sufficient for creating a valid
and comprehensive Bowtie risk assessment or if it would be better to have an expert or a group of
experts, ideally with an experienced Bowtie facilitator, performing the risk assessment as suggested
by CAA and ASEMS [4,22]. In addition to the generic Bowtie elements, the authors recommended
consideration of factors influencing the efficacy of controls, namely patient factors, procedural factors,
system factors, human factors, and chance factors. These factors are only suitable for the medical
industry and were only conditionally transferable to other industries.

Hamzah developed a Bowtie based on a risk assessment matrix [34]. The matrix categorised the
consequences into four categories, namely people, assets, environment, and reputation. These categories
were used to evaluate the severity of consequences and, subsequently, to determine the risk of the
hazard. However, this structure was not used for the development of the Bowtie diagram, but for the
severity assessment and quantification.

Another approach was taken by Maragakis et al. [21], who did not provide a categorisation,
but a hazard checklist deriving from past events and experience to help quickly identifying hazards.
This list grouped hazards into the following categories: natural, technical, economical, ergonomic, and
organisational hazards.

CAA UK used the ‘Significant Seven’ safety scenarios to categorise different top events and created
a Bowtie for each. However, there was no categorisation suggested for threats, consequences and
barriers [4,25].

As part of the “Basic Aviation Risk Standard (BARS) Program”, the Flight Safety Foundation (FSF)
performed a Bowtie risk assessment on offshore helicopter operation [35]. Similar to the Significant
Seven by CAA UK, the threats were divided into eleven groups, namely: heliport and helideck
obstacles, fuel exhaustion, fuel contamination, collision on ground, unsafe ground handling, controlled
flight into terrain/water, aircraft technical failure, weather, loss of control, mid-air collision, and
wrong deck landing. Furthermore, barriers were divided in organisational, flight operations, and
airworthiness controls. This categorisation is particularly detailed and application specific, which
makes the transferability to other industries somewhat difficult.

Barriers have been categorised based on their function, characteristics, and origins. Kang et al. [36]
distinguished between physical and non-physical barriers and subsequently divided each group into three
main categories, based on the work of Neogy [37] and Chevreau [38]. These include technological barriers,
organisational barriers, and personnel barriers. Technological barriers can be further divided [18,29,32].
The division of risks into only two categories—‘physical’ and ‘non-physical’, or ‘human behaviour’
and ‘technology related’—is insufficient for a broader categorisation as attempted here. Furthermore,
an active and passive classification works well for barriers, but not for threats and consequences.
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2.3. General Categorisations and Classifications in Risk Management

No systematic methodology is evident in the Bowtie literature, but there are some in the wider field
of risk management. Some originate from the risk breakdown structure (RBS) focusing on project risks,
while others derive from root cause analysis (RCA), a tool commonly used after a major, single-event
problem occurred [39]. Still others focus on human factors, i.e., risks and conditions that cause humans
to err.

2.3.1. Risk Categorisations

The most high-level and generally applicable categorisation of risks in any type of project, business
and industry is based on the risk breakdown structure, a risk management tool, which has been broadly
applied [40–42]. Hall and Hullet [40] proposed three ‘universal risk areas’, namely management risk,
external risk, and technological risk, which differ from the four risk types proposed by Tanim et al. [43]
comprising strategic, financial, operational, and compliance risks. These may be suitable for threats
and particularly for consequences, but not so much for barriers.

The project management perspective of Lester [44] provides four main risk categories, namely
organisational, environmental, technical, and financial, with further sub categories of technical,
economic, environmental, operational, legal political, cultural, financial, commercial, resource, and
security risks. It is one of the more detailed frameworks available.

The risk categorisation scheme of Chung and Zhu [45] includes operational, economic and
environmental, strategic, technological and legal risks. This scheme was used to categorise company
risks from news articles using a machine-learning algorithm. However, the categorisation emphasises
management risks, less so the human involvement.

Industry specific approaches exist, such as a categorisation of airport construction risks into
technical, logistical, economical, financial, legal, construction, commercial, social, natural, and legal [46].
In the pharmaceutical and health care industry, risks have been divided into facility, personnel, process,
system, and product risks [47]. While these categories may well fit within the relevant industry, they
may be less suitable for categorising risks in other areas—similar to the categorisation used in health
care (see Section 2.2).

The PEST, also called the STEP framework, is a tool used in market research [48]. The acronym
stands for Sociological, Technological, Economic and Political. This categorisation was later enhanced
to PESTLE by adding a legal and environmental component. This framework is more common in
strategic management or marketing rather than for risk assessment (for an exception, see [49]). This is
because the PEST(LE) analysis helps to identify factors in the market that affect the development and
viability of an organisation. However, these factors do not necessarily have to be risks or threats, but
can also be opportunities. It is evident that many of the above categorisations have strong similarities
with the PESTLE framework.

2.3.2. Threat and Root Cause Categorisations

In computer systems, threat can be classified into physical damage, technical failure, natural event,
compromise of information, compromise of functions, and loss of essential service [50]. Jouini et al. [51]
introduced another classification for threats in information systems. The two main categories are external
and internal threats, with both having sub-categories of human, environmental and technological threats.

In Bowtie, the term threat is used to describe root causes. Taproot is a root cause tree dictionary that
classifies causes into eight categories, namely equipment difficulty, management system, quality control,
procedures, human engineering, communications, training, and work direction [52]. The International
Air Transport Association (IATA) uses five categories for the accident root cause classification system
including human, organisational, environmental, technical, and insufficient data [53]. This approach
covers human factors only in the form of human engineering. Furthermore, equipment difficulty and
insufficient data work well for categorising threats or accidents, for which the categorisation from
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Taproot and IATA was developed. However, it may not work for barriers, since they should prevent or
mitigate any negative outcome.

The most common categorisation for root causes originates from the cause and effect diagram,
also referred to as ‘Ishikawa’ or fishbone diagram [23,47]. To help identifying the root causes in a
manufacturing environment and to break them down, Ishikawa identified six categories starting with
the letter M, hence the 6M method. The Ms stand for man (or mind power), machinery, materials,
methods, and Mother Nature (or milieu) [47]. Variations exist on the basic idea, using different
terminologies [54]. For instance, some used the term ‘environment’ instead of ‘Mother Nature’ or
‘equipment’ instead of ‘machinery’, hence leading to the 5M and 1E categorization [55,56], while others
replaced the term ‘manpower’ with ‘people’ resulting in the 5M and 1P approach [57]. Some extended
the categorisation to eight Ms by adding ‘management’, ‘money’, and ‘maintenance’ [58]. This
categorisation originates from manufacturing and is therefore somewhat limited to its industry.
However, the categories can be adjusted as needed.

Different categorisations have been developed to make the cause and effect diagram applicable to
other industries. The 8P method (procedures, product, price, people, place, processes, policies, and
promotion), for instance, is a common cause categorisation used in the marketing sector, while the
4S (surroundings, suppliers, systems, and skills) is well established in the service sector [55,56,59].
Both imply that a contextualisation may be required to apply a categorisation broadly.

2.3.3. Human Factors Categorisations

In aviation maintenance and inspection environments, errors can be categorised by their root
causes including task, environmental, individual, organisational, and social factors [60]. However, most
emphasis is on human factors, since it is generally accepted that humans have caused or contributed
significantly to aviation incidents and accidents [61,62]. The two most common categorisations for
human factors are the SHEL and PEAR models.

The SHEL model is a conceptual framework proposed by Edwards [63] to classify accident causes
in aviation. The four categories are Software, Hardware, Environment, and Liveware. This concept
was modified later by Hawkins, who added another ‘liveware’ component and presented the SHELL
model [64,65]. Most recently, organisational factors were introduced by Chang and Wang making it
the SHELLO model [66].

For the field of aviation maintenance, Johnson and Maddox developed the PEAR model,
an acronym for People, Environment, Actions, and Resources [67]. It helps in categorising human
factors and was first applied by Lufthansa.

Both PEAR and SHELL were developed for human risk factors in aviation. The SHELL model only
focuses on interfaces within Human Factors (software–human, hardware–human, environment–human,
and human–human) [27]. However, it does not include interfaces between the other factors
(hardware-software, hardware-environment, and software-environment). Since we were looking for a
categorisation covering risk factors and not only the interfaces between them, the SHELL model was
not suitable. Similar, the PEAR model focused only on Human Factors and would not provide the
universality needed for our purpose.

2.4. Limitation in the Methods for Bowtie Construction

While several approaches exist for Bowtie construction, there is no standard [22,33]. The two
main issues are (i) the lack of a standard methodology for systematically identifying Bowtie elements,
and (ii) the subjectivity of the process. The latter relates to the subjectivity of the brainstorming method.
These issues are interrelated.

Existing methods focus on the diagram construction and bringing the elements into the
characteristic bowtie shape, but not on the identification of these elements, i.e., threats, consequences
and barriers. This identification is ad hoc. There is a need for a structured methodology to identify
threats and consequences and to ascertain barriers without missing important ones.
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There is also inconsistency regarding the hierarchy of the hazard and top event. Although it is
commonly accepted that the Bowtie construction starts with identifying the hazard, followed by the top
event, the hierarchy of these is inconsistent. Some risk assessments followed the top–down approach,
whereby multiple Bowties with different top events for the same ‘umbrella’ hazard were developed,
such as the Significant Seven Bowties by CAA UK [4,25]. Others followed the reverse approach and
constructed several Bowties with different hazards for the same top event [26]. Still others analysed
only one hazard with its top event, whereby the relationship was not problematic [26]. It was found
that often the top event is a subjective and pragmatic choice of the risk analyst and that it is rephrased
once the Bowtie diagram is completed [19]. This contributes to the inconsistency in the hazard and top
event hierarchy.

Most Bowtie diagrams are developed using brainstorming sessions and hence are dependent on the
expertise and personal view of the participants and the skills of the facilitator. Although brainstorming
encourages creative unbounded thinking, it can be time consuming and sometimes chaotic, which
results in an unstructured and incomprehensive approach, and is always subjective. Moreover, the
sessions are prone to group dynamics, which can influence the assessment results and may lead to
missing important risks [21].

3. Method

3.1. Purpose

The purpose of this research was to develop a systematic methodology for conducting Bowtie
risk assessments. The desired attribute of such a methodology is to provide a structure to guide the
analyst when identifying the barriers, so that no important threats, consequences or barriers are missed.
The area under examination is maintenance engineering, and within that the aviation MRO and
inspection operations, specifically visual borescope inspection of aero engine parts. We were especially
interested in the risk of missing a defect on a turbine blade.

3.2. Approach

This work is of a theory-building nature. First, we reviewed the literature for candidate approaches
to develop and construct a Bowtie diagram. Further, we reviewed different existing systems in the
safety and broader risk management field that help identifying and categorising risks, hazards, threats,
and root causes. These include general risk approaches, human factors models, and cause and
effect classifications. From these we selected one approach, namely 6M, as the basis for the new
Bowtie framework.

Next, we resolved the ambiguity in the hazard–top event coupling, and applied the 6M to the
Bowtie process. In doing so, we contextualised it to the area under examination. We also addressed the
structure of the escalation factors. We identified that strings of escalation factors were often common to
different places in the Bowtie, and we proposed making these into modules for better representation.

The method was then applied to the specific case of visual borescope inspection of gas turbine
components in an MRO environment. A total of 15 aircraft maintenance inspectors from the industry
partner participated. The experience profiles were: five inspectors with more than twenty years of
experience in visual inspection, seven inspectors who had worked for over ten years in the field, and
three operators with up to ten years of experience. Their certifications included borescope operation
and non-destructive testing (NDT). Each was observed independently for approximately 30 min during
a real inspection process, and they were asked to articulate the risks and threats of the process, and
what barriers were or could be in place to prevent negative outcomes. The specific instructions were:
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• ‘Please describe the inspection process you are performing and the challenges of each step.’
• ‘What factors influence the inspection process and why are they safety critical?’
• ‘What are the risks inherent in each process step?’
• ‘What means of prevention or mitigation are or could be in place to prevent missing a defect

during inspection?’

All the operators were familiar with Failure Mode and Effects Analysis (FMEA), and some were
also familiar with the Bowtie methodology. Their verbal comments and insights were noted, and
subsequently used by the primary author to construct the Bowtie diagrams shown in this paper.
Ethics approval was obtained from the University of Canterbury (HEC 2020/08/LR-PS) and permission
from the industry partner. The results and limitations of the new approach were then validated by
discussion with the two highest certified borescope inspectors (who both held a level 2 certification
in borescope inspection, which is the highest certification achievable in the industry), and a human
factors and risk analyst for the organisation. They were presented with the Bowtie results and asked to
comment. They confirmed the accuracy of the results, commented on the method (they were generally
in favour), and made suggestions for improvements (primarily in the precise wording of threats and
barriers). For the visualisation of the Bowtie diagrams, the software ‘BowTieXP’ revision 9.2.13 was
used [68].

4. Results

4.1. Consistent Interpretation of Relationship between Hazard and Top Event

Regarding the inconsistency of usage of the hazard and top event, we propose the
following categorisation.

Format A: In cases where the scope of analysis is limited to one situation, the correspondence
between hazard and the top event is not problematic. If the Bowtie diagram is too large, it may be
represented as multiple smaller diagrams, providing the hazard and top event are used in the same
way. The case study presented in this paper follows this approach.

Format B: The top event may have multiple hazard dimensions. In which case the top event
should be consistent across all the diagrams, while the hazard changes. The hazard thus corresponds
to a different contextualisation for the same top event; see Figure 3.
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Format C: A hazard may have different top event dimensions. Each dimension may represent a
different step in a process. Figure 4 provides an example for human factors in different areas of the
maintenance process.

97



Aerospace 2020, 7, 86 9 of 35
Aerospace 2020, 7, 86 9 of 37 

 

     

Figure 4. Hazard investigation with different top events. 

We propose that the Bowtie analyst should decide beforehand how the problem is to be 
structured, and select one of the above formats, and then use it consistently throughout the analysis. 
This has the potential to avoid some of the inconsistencies seen in practice. 

4.2. Proposal to Use 6M Structure 

The challenge with selecting the most suitable categorisation was that Bowtie contains different 
risk elements including hazards, root causes (threats), consequences, barriers and controls. For each 
of these elements, different approaches and categorisations exist. Some are suitable to categorise risks 
(causes and effects), but less suitable for categorising barriers. Hence, we decided to choose a risk 
categorisation that works for both risks (threats and consequences) and means of risk prevention and 
mitigation (barriers).  

The 6M approach was seen as most suitable for the planned research and case study for the 
following reasons. First of all, the 6M approach was chosen due to the familiarity of the Bowtie and 
the Ishikawa diagram, with both being a cause and effect diagram. The 6M has already been 
successfully applied to structure such a diagram [23]. Secondly, it has been successfully applied 
outside the manufacturing environment such as health care [69,70], management [71], and education 
[72]. Moreover, the 6M categorisation was well known at our industry partner, as the cause and effect 
diagram from Ishikawa is part of the measure phase of the DMAIC, a continuous improvement 
process often used in Six Sigma and know by industry practitioners [73]. The 6M structure can be 
used for both vertical categorisation of the threats and consequences, as well as horizontal 
categorisation of barriers. 

The 6M aligns with other categorisations presented in the broader literature in Section 2.3 
including the five accident categories used by IATA [53], and the four main risk categories by Lester 
[44]. Both are quite similar and a terminology adjustment, following the ‘category starts with the 
letter M’ concept, would make these categories match the selected 6M approach. 

4.3. Integration of 6M with Bowtie (Contextualisation) 

The MRO environment differs to the manufacturing environment, and hence the original 6M 
structure by Ishikawa required modification. The contextualisation was carried out in the light of 
organisational quality factors that influence the maintenance and inspection result. In a production 
environment, the measurement category commonly includes the inspection and measurement of the 
parts to check if they meet the quality requirements. However, in an inspection environment the 
‘measurement’ category can overlap with ‘machine’ and ‘method’, since the inspection tool and 
followed processes would fit into all three categories. The measurement category was therefore less 
useful to apply in an inspection environment. Instead of the ‘measurement’ category, we included 
‘management’, which is one of the additional categories from the 8M approach by Burch et al. [58] 
and aligns to the work by Gwiazda [74] and Vaanila [73]. This was carried out as it matches the area 
under investigation being the highly regulated aviation and maintenance industry (see below) 
[75,76]. Management refers to organisational and regulatory factors. The other category from the 8M 
we could have chosen was maintenance, but since we wanted to investigate risks in a maintenance 

Incorrect 
assembly

Human 
factors

Figure 4. Hazard investigation with different top events.

We propose that the Bowtie analyst should decide beforehand how the problem is to be structured,
and select one of the above formats, and then use it consistently throughout the analysis. This has the
potential to avoid some of the inconsistencies seen in practice.

4.2. Proposal to Use 6M Structure

The challenge with selecting the most suitable categorisation was that Bowtie contains different
risk elements including hazards, root causes (threats), consequences, barriers and controls. For each of
these elements, different approaches and categorisations exist. Some are suitable to categorise risks
(causes and effects), but less suitable for categorising barriers. Hence, we decided to choose a risk
categorisation that works for both risks (threats and consequences) and means of risk prevention and
mitigation (barriers).

The 6M approach was seen as most suitable for the planned research and case study for the
following reasons. First of all, the 6M approach was chosen due to the familiarity of the Bowtie
and the Ishikawa diagram, with both being a cause and effect diagram. The 6M has already been
successfully applied to structure such a diagram [23]. Secondly, it has been successfully applied outside
the manufacturing environment such as health care [69,70], management [71], and education [72].
Moreover, the 6M categorisation was well known at our industry partner, as the cause and effect
diagram from Ishikawa is part of the measure phase of the DMAIC, a continuous improvement process
often used in Six Sigma and know by industry practitioners [73]. The 6M structure can be used for both
vertical categorisation of the threats and consequences, as well as horizontal categorisation of barriers.

The 6M aligns with other categorisations presented in the broader literature in Section 2.3 including
the five accident categories used by IATA [53], and the four main risk categories by Lester [44]. Both are
quite similar and a terminology adjustment, following the ‘category starts with the letter M’ concept,
would make these categories match the selected 6M approach.

4.3. Integration of 6M with Bowtie (Contextualisation)

The MRO environment differs to the manufacturing environment, and hence the original 6M
structure by Ishikawa required modification. The contextualisation was carried out in the light of
organisational quality factors that influence the maintenance and inspection result. In a production
environment, the measurement category commonly includes the inspection and measurement of
the parts to check if they meet the quality requirements. However, in an inspection environment
the ‘measurement’ category can overlap with ‘machine’ and ‘method’, since the inspection tool and
followed processes would fit into all three categories. The measurement category was therefore less
useful to apply in an inspection environment. Instead of the ‘measurement’ category, we included
‘management’, which is one of the additional categories from the 8M approach by Burch et al. [58]
and aligns to the work by Gwiazda [74] and Vaanila [73]. This was carried out as it matches the area
under investigation being the highly regulated aviation and maintenance industry (see below) [75,76].
Management refers to organisational and regulatory factors. The other category from the 8M we
could have chosen was maintenance, but since we wanted to investigate risks in a maintenance
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environment, maintenance as a threat and a hazard at the same time would have caused problems
with the consistency of the Bowtie structure.

In Table 1 below, we demonstrate how the categories and their interpretation may change according
to the industry. This is demonstrated based on three examples, namely manufacturing, maintenance
and health care. The latter was chosen to demonstrate the integration to a quite different industry.

Table 1. Contextualisation of the 6M categories to different industries.

Category Manufacturing Maintenance Health Care

1st M
Method (workflow and
production processes and
procedures)

Method (maintenance
processes and
procedures)

Method (surgery or
medical treatment
procedures)

2nd M Man (operator human factors) Man (inspector human
factors)

Man (personnel human
factors)

3rd M Mother Nature (Production
environment and facilities)

Mother Nature
(maintenance
environment and
facilities)

Mother Nature (hospital
and GP facilities)

4th M Machine (manufacturing
machinery)

Machine (repair
machinery and
inspection tools)

Machine (surgery
equipment and tools)

5th M Material (manufactured
product)

Material (maintained
product)

Material (used product,
e.g., medicine and aids)

6th M Measurement (quality control
and maintenance)

Management (MRO
organisation and
regulators)

Man (patient)

4.4. Threats and Consequence Structure Using 6M

4.4.1. Threat Structure in MRO

We started with integration of the 6M structure for the threats. A description of each category
together with an example is given in the Table 2 below.

Table 2. The 6M categories for threats with description and example.

6M Category Threat Description and Example

1. Machine-related threats Machine or tools not working properly, e.g., faulty borescope

2. Mother Nature-related threats Poor inspection environment, e.g., poor lighting

3. Man-related threats Human error or failure, e.g., misinterpretation of the defect

4. Method-related threats Lack of standard processes and procedures, e.g., incorrect,
outdated or no standard working procedures

5. Material-related threats Poor condition of the part, e.g., deposit on blade hides defect

6. Management threats Poor operational management, e.g., time pressure leads to
rushed inspection
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4.4.2. Consequences for Different Stakeholders

There are two main stakeholders in this situation: (i) the MRO service provider, and (ii) the airline
company and its passengers. The stakeholders are linked in a cascade of consequences [7]. A missed
defect during borescope inspection can propagate from minor consequences for the MRO service
provider and engine owner, towards catastrophic consequences for the airline, passengers and cabin
crew; see Figure 5. For each link in the consequence chain, a new Bowtie risk assessment can be
performed and a diagram drawn, tailored to the focus of the affected stakeholder.Aerospace 2020, 7, 86 11 of 37 
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Immediate Consequences for the MRO Service Provider

The consequences for the MRO provider include additional costly and time-consuming repairs or
improvement processes, and reputational damage. An overview of possible consequences is given in
Table 3 below.

Table 3. The 6M categories for immediate consequence for the MRO service provider with description
and example.

6M Category Consequence Description and Example

1. Machine-related consequences Damage to machinery, e.g., damaged borescope

2. Mother Nature-related consequences Adverse effect on MRO environment, e.g., damage of test cell
or facility

3. Man-related consequences Consequences for employees, e.g., additional training or
certification needed

4. Method-related consequences Changes of methods required, e.g., revision of standard work
protocols and subsequent re-training of staff

5. Material-related consequences Additional part preparation, e.g., water jet wash

6. Management consequences Reputational consequences, e.g., degradation of engine shop
status

Subsequent Consequences for the Airline

In the airline situation, the effect of a defective part in an engine has a different set of consequences,
as shown in Table 4. These can reach from less critical gate returns and flight delays, to engine failure
during flight operation with the potential to cause accidents or harm to passengers and cabin crew.
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Table 4. The 6M categories for subsequent consequences for the airline with description and example.

6M Category Consequence Description and Example

1. Machine-related consequences Damage to the engine or aircraft, e.g., uncontained engine failure

2. Mother Nature-related
consequences

Contamination of airport or nature after engine failure, e.g., debris
from engine falls from aircraft

3. Man-related consequences Harm to passengers and cabin crew, e.g., fatality

4. Method-related consequences New procedures, e.g., additional checks before flight operation

5. Material-related consequences Material failure, e.g., propagation of a defect leads to part separation
(FOD)

6. Management consequences Reputational or financial consequences for airline, e.g.,
compensation for causing harm

4.4.3. Combined Threat and Consequence Structure Using 6M

The combined threat and consequence structure of the Bowtie diagram applying 6M is presented
in Figure 6 below. The diagram illustrates the structure of the concept and that there is no limit
for the number of threats in each category. It provides a systematic guide to identify threats and
consequences. Furthermore, a threat of an M category does not necessarily result in a consequence of
the same category.
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4.5. Barrier Structures Using 6M

4.5.1. Generic 6M Barrier Structure

One limitation of Bowtie is that barriers are not presented in a time or process following manner [7].
This limitation, however, allows grouping the barriers based on their nature and following the 6M
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categorisation, without changing the overall Bowtie structure. Providing this 6M structure for barriers
supports and structures the brainstorming sessions, which will remain an essential part of the element
identification process. The framework is presented below—see Figures 7 and 8—and shows one barrier
per category. It should be noted that each of these barriers is a representation for all barriers of its
type. There may be threat or consequence paths that have no barriers of one or more 6M categories,
whereas they may have multiple barriers of another category. A description and example of each
barrier category can be found in Table 5. For more barrier samples please refer to the case study below.

Table 5. The 6M categories for prevention and mitigation barriers with example.

6M Category Barrier Description and Example

1. Machine-related barriers Machinery and inspection tool-related barriers, e.g., backup tools
availability

2. Mother Nature-related barriers Work environmental barriers (external and internal environment,
e.g., appropriate work place design

3. Man-related barriers Operator or inspector-related barriers, e.g., airmanship,
self-awareness, and experience

4. Method-related barriers Prevention and mitigation processes and procedures, e.g., standard
working procedures

5. Material-related barriers Material-related barriers

6. Management barriers Operational management-based barriers, e.g., provision of
appropriate training

4.5.2. Colour Coding of Barriers

To support the core function of Bowtie, being a communication tool that is easy to understand,
we propose colour coding the barriers by 6M category. The colour assignment was to some extent
random and did not follow a particular scheme. In addition, each barrier should have a colour that has
not been used before for any other element of the Bowtie diagram. The colour assignment of each
M category is shown in Figures 7 and 8. If greater emphasis is necessary, either to draw attention to
specific categories, or to provide greater clarity for the visually impaired, additional demarcation could
be added in the form of a symbol. Some suggested symbols are illustrated in Figures 7 and 8 below,
though it should be noted that these have been added manually as this is not currently a feature of the
BowtieXP software used here. Alternatively, hatching may be added to the Bowtie elements.
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4.5.3. Escalation Factor Paths with a 6M Structure

In principle, the escalation factor path on the prevention and mitigation side of the Bowtie
diagram could follow the same 6M structure as demonstrated for the threat and consequence path in
Figures 7 and 8. The result would look like Figure 9. After the higher-level structure of the Bowtie has
been completed, it may in some situations be necessary to extend the analysis to the escalation factors,
and in this case, the methodology proposed here offers a way this may be approached.
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4.5.4. Barrier Modules

Since barriers repeat themselves multiple times along the Bowtie, we propose defining “barrier
modules”. This has the potential of making the Bowtie development process more time efficient since
not every barrier with its entire escalation factor and escalation factor control path has to be repeated.
Furthermore, it tidies up the diagram without diminishing comprehensiveness. A visualisation of the
barrier module is presented in Figure 10.
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When introducing barrier modules, one limitation might be that all barriers are expected to have
the same efficiency. Some barriers (modules) might be repeated because they are of the same nature;
their effectiveness in regards to the threat, however, might be different. For example, when considering
‘fire’ being the threat, the extent of the fire might vary significantly, e.g., a burning candleholder, a house
fire or a wildland fire. In each case, a fire-extinguishing agent would be a barrier. However, for the
small fire, a handheld fire extinguisher might be sufficient, while for a house fire, a fire truck is the right
level of prevention, and for a wildland fire, an extinguishing plane may be required. This limitation
must be considered when using barrier modules.
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4.6. Full Bowtie with a 6M Structure

Combining the 6M structure for threats and consequences from Section 4.4.3, the 6M structure
for barriers from Section 4.5.1, and the colour-coding scheme from Section 4.5.2, results in a
6M × 6M matrix structure on both sides of the Bowtie diagram. The full Bowtie structure is
shown in Appendix A. For better legibility, both sides of the diagram are presented individually in
Figures 11 and 12.Aerospace 2020, 7, 86 15 of 37 
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4.7. Application to a Case Study

The conceptual framework was applied to the specific case of visual inspection of aero engine
parts in an MRO environment. Borescope inspection plays a crucial part in engine maintenance, since
it allows inspecting parts inside the engine for defects, such as nicks, dents, cracks, tears, and fractures,
without the need for a costly teardown. Missing such a defect during visual inspection is highly
critical for the airworthiness of the engine and passenger safety. Hence, we defined the top event
as being the risk of a ‘Defect missed during inspection’. The next step was the identification of the
threats, consequences and barriers. We asked each specialist from the maintenance and inspection
domain to identify risks inherent in the process of borescope inspection, and what means of prevention
and mitigation are or could be in place. The insights were extracted from field notes taken during
the observation and the Bowtie diagrams were drawn. It shall be noted that the main emphasis
was put on the prevention side, which is common practice in Bowtie application [4,26]. The reason
behind this approach is that prevention efforts are more cost-effective and hence more attractive from a
management perspective [77].

A general limitation of Bowtie and other root cause diagrams is the scalability and legibility when
analysing complex systems, as the diagrams tend get quite large. When using BowtieXP software,
there is a function to show and hide different layers of the Bowtie diagram. The layers include:
(a) only hazard and top event; (b) hazard, top event, threats and consequence; (c) hazard, top event,
threats and consequences with all barriers; (d) hazard, top event, threats, consequences, barriers
and escalation factors; (e) threats, consequences, barriers, escalation factors and escalation factor
controls. This is helpful when presenting the diagram to an audience who does not need all the
details, but without losing any of the data in the background. Unfortunately, this is a manual task and
there is no automatism for expanding or condensing Bowtie diagrams, or hiding individual threat
or consequence paths. It would be helpful if this feature could be enhanced in future versions of
BowtieXP software.

Possibly, multiple threats of the same category can be merged into one ‘higher-level’ threat path
(similar to the barrier modules introduced in Section 4.5.4), e.g., summarising fatigue, distraction, and
complacency, into a single human factors threat path instead of listing all twelve human factors (HFs)
individually. However, this requires that all threats have the same barriers, which often is not the case.

In order to represent the Bowtie diagram of this research in a legible and receptive way, it was
divided into six Sub-Bowties based on the M categories. The six Sub-Bowties for the threat side are
shown in Figures 13–18. The consequence side of the diagram is presented in Figure 19. Additionally,
for purposes of illustration, the size of all Bowtie diagrams was somewhat artificially limited to a
maximum six barriers per threat and consequence path. This is solely a limitation to provide legible
diagrams within the journal constraints.

The full-sized Bowtie diagrams with all barriers can be found in Appendix A Figures A2–A8.
For a higher resolution version of the developed diagrams, refer to Supplementary Materials
Figures S1–S8.
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Figure 17. Mother Nature-related threat paths with barriers.

The categorisation and barrier colour coding were made in collaboration with the risk and
management team of our industry partner. The categorisation was based on the responsibility
and exerting agency of the threat or barrier. This decision was made after a discussion with the
industry experts, about the Bowtie elements that could be placed in more than one category, such as
task-related threats. In this particular example, the threat could be placed in the man category since the
inspection personnel performs the task. On the other hand, it could also be a method-related threat,
since a task is part of a process or procedure. Based on the decision above, we categorised it as a
man-related threat, since the human performs the task and human performance is always critical in
this industry. It is generally accepted that human errors cause over 70% of all aircraft accidents [78].
Furthermore, 80% of all maintenance errors involve human factors [79]. Hence, it can be expected that
the threat paths in the man category will make up the majority of all threats in the Bowtie diagram.

The diagrams produced as part of this research should not be considered comprehensive.
We limited the consequence side of the Bowtie to the immediate consequence rather than the full
consequence chain.
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5. Discussion

5.1. Summary of Outcomes

This work proposes a new methodology for integrating structured frameworks to the
Bowtie method. Ishikawa’s 6M approach was chosen to structure the Bowties and the accompanying
brainstorming sessions. We showed that a contextualisation of the 6M categories was required for
application to a maintenance environment. While constructing the Bowtie diagram, it was found
that there is inconsistency and confusion about the hazard and top event relationship. A consistent
interpretation was provided to overcome this problem. Furthermore, it was found that there are
cascading consequences for different stakeholders. Depending on the focus of the risk analysis and the
target audience, there are different consequences, which we demonstrated in this work. Moreover,
the visualisation and receptivity of the diagram was improved by assigning different colours to
each barrier category, which supports the main purpose of the Bowtie method, i.e., functioning as
communication tool. Finally, the proposed conceptual framework was tested by applying it to the
specific case of visual borescope inspection of aero engine parts.

5.2. Implications for Practitioners

The proposed structured approach was tested in the aviation maintenance area. However,
the method could be applied in other areas within or outside the aviation industry. It might be of
particular interest to other high-reliability organisations (HROs), such as oil and gas, nuclear power
generation, health care, or wildland firefighting [80,81]. This is supported by the fact that the structured
approach could make the development of Bowtie somewhat simpler and hence promote the broader
application of Bowtie.

The framework provides non-risk experts with a tool to perform risk assessment. Operators,
who may have limited risk management skills but a better knowledge of the system and processes
than a risk analyst, might use the tool to identify threats, consequences, and means of prevention
and mitigation. The framework encapsulates a wide range of previous known areas relevant to
risk assessment and ensures that most common and obvious threats, consequences and barriers are
not missed. Furthermore, it enables the analyst to put the emphasis on the threat, consequence, and
barrier identification, rather than on the construction of the diagram itself. The conceptual work could
also be used to structure the accompanying brainstorming sessions of the Bowtie development process,
which has the potential to overcome some of the limitations mentioned in Section 2.4.

The categorisation of threats and consequences may help to better address them by appropriate
means. Categorising barriers in turn may help practitioners to gain a better overview of the types
of barriers in place and how diverse a threat or consequence path is in terms of barrier types.
Furthermore, it may help to identify appropriate and efficient barriers that prevent more than one
threat or consequence path, i.e., barriers that occur on multiple paths. This could be beneficial when
identifying and eliminating ineffective barriers or barriers that only prevent one path, and rather
improve barriers that prevent multiple threats. This brings in a management perspective of barrier
prioritisation and investment strategies.
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The idea of cascading consequence could allow an organisation to break the complex MRO process
down into smaller blocks and perform a risk assessment for each of these process steps with the
relevant process experts. This goes along with the previously mentioned practicability of the proposed
method by non-risk analysts and may improve the quality of the Bowtie diagrams.

5.3. Limitations of the Work

The proposed methodology may be of limited use when analysing novel systems outside the
manufacturing and maintenance industry, where 6M originated. It is important to accept that there is
not only one right solution. Every model needs to provide a certain extent of flexibility that enables
it to be applicable to the broader industry. The categories need to be tailored to suit the different
needs and concerns of the specific industry and organisation that is applying it [82]. This limitation
was already addressed and we showed that the categories can be contextualised and adjusted to the
area under investigation. It was found that the level of risk assessment plays an important role when
contextualising the categories.

In other industries, different categorisations have already been applied such as the ‘8Ps marketing
mix’ or the ‘4S cause categories’ in the service industry. Each of these categorisations could theoretically
be applied to Bowtie following the principles presented in this paper. It is recommended to use
a common approach to avoid arbitrary structures, which would act adversely on the attempt to
provide consistency.

As mentioned in the previous section, the approach covers the most common risk areas based
on previous experience. However, this involves the risk of missing Bowtie elements that have not
previously occurred. The use of strictly defined categories may limit the imagination when identifying
threats, consequences, or barriers. Analysts will need to ensure they are not so fixated on the method
that they fail to anticipate new threats.

In some cases, the classification is not explicit as threats or barriers may fit into two of the
proposed categories. From a risk point of view, it is not essential where and under which category an
element is listed, as long as it is listed and brought to attention, so that it can be further analysed. In the
case study, we made the decision to categorise the elements based on their nature and exerting agent.

The process of developing a Bowtie diagram following the proposed structure can be time
consuming and people may focus too much on trying to fill in all gaps, although it is realistic and
acceptable that there is not a threat, consequence, or barrier in each category type for every case.

There is a caveat regarding the Management category. The intent is to represent the operations
management, as opposed to management-theory, leadership and vision. Consequently, the management
threats shown here are aimed for an audience of operators, who have the operational knowledge to
know how the integrity of the work may be compromised. Business executives normally do not know
every process in detail and are not risk experts, and hence tend not to create Bowtie diagrams.

While there are many risk assessment methods (e.g., Bowtie, FTA, FMEA, Zonal analysis,
and Ishikawa), and they all cope with single threats, they often struggle to represent multiple
simultaneous failures. Reason [83] stated that often multiple barriers fail at the same time, which then
releases the top event, and ultimately has the potential to cause severe damage or result in a catastrophe.
Consequently, any type of method that fixates on identifying root causes has the intrinsic detriment
of under-emphasising the temporal relationships of causality between the contributory factors. It is
particularly difficult to represent how organisational factors (such as work culture) affect physical
failure, since the causal mechanisms are indistinct and perhaps easier to obfuscate [84]. Many enquiries
into major disasters focus on the physical root causes and the accident sequence: the organisational
root causes are treated differently, are termed ‘contributory factors’, and are not easily representable
with some diagrammatic methods. Bowtie analysis is not particularly efficient at representing complex
relationships of causality, neither natively nor with the changes proposed in this paper. This is evident
in the need to repeatedly represent causal chains on the diagram, hence our suggestion to use modules.
It does not readily capture the more abstract organisational factors such as organisational culture and
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perverse agency [85]. Nonetheless, Bowtie does excel at representing the failings of the operational
systems alongside the physical faults. This plus its simple depiction make it an effective communication
tool by which operators can build a shared understanding (and hence a local work culture) of how
their tasks contribute to a larger good. Hence, we propose that the purpose of any risk analysis tool
is to capture sufficient complexity of the real system behaviour as to direct improvement efforts and
consolidate work-culture around actions that improve safety outcomes.

5.4. Implications for Future Research

We identify the potential for future research in the following areas. Now that there is a more
systematic approach for developing Bowtie, this means that there can be different representations of
it, similar to a Gantt chart and a network diagram, which are complementary representations of the
same project plan. While the Gantt chart is a visual representation, it can also be expressed as a table.
It is conceivable that there could be a similar spreadsheet representation of Bowtie. If so, this may
provide a mechanism to add additional information about the likelihoods and frequencies of the threats
and the effectiveness of the barriers, and include other application critical factors. In the presented
case study, these factors could include defect detectability, engine history, and other influence factors.
Furthermore, the spreadsheet has the potential to calculate the risk of each threat and the overall
hazard considering these factors.

A user interface could be developed for automated query of the values for the Bowtie elements,
i.e., hazard, top event, threats, consequences, barriers, escalation factors and escalation factor barriers,
following the proposed structure. These values might be used to automatically generate a starting
Bowtie. This has the potential to generate Bowtie diagrams quicker and more efficiently. Moreover, the
automation of Bowtie would allow selecting different levels of detail and presenting the most relevant
elements for a target audience, or based on the likelihood and impact. This might be carried out by
applying different filters in the Bowtie interface and retrieving the data from the spreadsheet accordingly.
The generated Bowtie could then be limited to (say) the most important ten threats (highest risk) and
the five most effective barriers of each threat and consequence path. This has not only the potential
to significantly reduce the size and complexity of the Bowtie diagram, but also to further support a
standardised presentation and to highlight the critical elements, where most emphasis should be put
on improvement efforts.

6. Conclusions

The purpose of this research was to overcome the arbitrariness of the Bowtie methodology.
This work makes several novel contributions by addressing the research purpose. Firstly, it provides a
structured way of performing Bowtie analysis and constructing the diagram accordingly by following
the 6M approach. This required contextualisation of the 6M categories for application in a maintenance
area, which differs to a production environment. Secondly, it was applied to borescope inspection of
aero engine parts and extended the risk analysis beyond the tool (borescope device), and included
other relevant risks related to methods, management, material, work environment and human factors.
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Appendix A

Figure A1 shows the full Bowtie diagram with the 6M structure for threats and consequences,
as well as for the colour-coded prevention and mitigation barriers.
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Figure A1. Full Bowtie structure with a 6M × 6M matrix on both sides of the diagram.
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Figures A2–A7 show the Sub-Bowties of the threat side of the Bowtie diagram including all
prevention barriers. Figure A8 presents the consequences and the prevention barriers in place.
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Abstract: Background—The visual inspection of aircraft parts such as engine blades is crucial to
ensure safe aircraft operation. There is a need to understand the reliability of such inspections
and the factors that affect the results. In this study, the factor ‘cleanliness’ was analysed among
other factors. Method—Fifty industry practitioners of three expertise levels inspected 24 images
of parts with a variety of defects in clean and dirty conditions, resulting in a total of N = 1200
observations. The data were analysed statistically to evaluate the relationships between cleanliness
and inspection performance. Eye tracking was applied to understand the search strategies of different
levels of expertise for various part conditions. Results—The results show an inspection accuracy
of 66.8% and 86.8% for clean and dirty blades, respectively. The statistical analysis showed that
cleanliness and defect type influenced the inspection accuracy, while expertise was surprisingly not
a significant factor. In contrast, inspection time was affected by expertise along with other factors,
including cleanliness, defect type and visual acuity. Eye tracking revealed that inspectors (experts)
apply a more structured and systematic search with less fixations and revisits compared to other
groups. Conclusions—Cleaning prior to inspection leads to better results. Eye tracking revealed that
inspectors used an underlying search strategy characterised by edge detection and differentiation
between surface deposits and other types of damage, which contributed to better performance.

Keywords: eye tracking; inspection; visual search strategy; decision making; MRO; aircraft engine
maintenance; blade inspection; visual perception; attentional trajectory

1. Introduction
1.1. Industrial Context

In the aviation industry, engine maintenance, repair and overhaul (MRO) is essential
to ensure the continued airworthiness of aircrafts and safe flight operations. Engines
are inspected on a frequent basis, either after a certain amount of flight hours or cycles
(planned shop visit), or after an unexpected event such as a bird strike or flying through
volcanic ash (unplanned shop visit) [1]. The inspection is predominately performed by
human operators and thus there is an inherent risk of human error [2–5]. According to
the International Air Transport Association (IATA), one of the top three causes for aircraft
accidents are maintenance and inspection errors, and every third accident chain started
with an event caused by incorrect maintenance [6,7]. A Federal Aviation Authority (FAA)
report on aircraft maintenance risks concluded that maintenance errors contributed to
27.4% of fatalities and 6.8% of incidents [6]. The most common component failures occur
on the engine. Compressor and turbine blades are the most rejected parts during engine
maintenance [8], since they are exposed to extreme operating conditions, including high
centrifugal forces, high pressures, high temperatures (turbine section), foreign object dam-
age (FOD in the compressor section) and vibrations [9–12]. Hence, the frequent inspection
of those parts is of high importance in order to find any damage before it propagates.
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1.2. Engine Blade Inspection

Visual inspection is the most common non-destructive testing (NDT) technique used
and accounts for approximately 90% of inspections of aircraft parts, including engine
blades [2,13,14]. Several areas of the blade (identified in Figure 1) have to be inspected for
different types of defects. There are two possible inspection errors that can occur, i.e., when
a non-defective blade is incorrectly identified as defective (false positive), and when a
defective blade is incorrectly classified as serviceable (false negative). While false positives
have no negative impact on flight safety, they directly increase the maintenance cost. A
non-defective blade that is classified as defective is subsequently repaired or scrapped,
which introduces additional costs for unnecessary labour and material [15]. In contrast,
missing a blade defect can cause severe damage to the engine and fuselage of the aircraft,
with the potential to harm passengers and even lead to fatalities [16]. This may be caused
by improper maintenance and inspection, which is prone to human error tendencies as
well as lack of accuracy, reliability, subjectivity, consistency and repeatability [3,17,18].

Figure 1. High-pressure compressor (HPC) blade with highlighted blade regions: (1) blade root; (2)
platform; (3) trailing edge; (4) blade tip; (5) leading edge; (6) airfoil; (7) platform radius.

One factor that may affect the detectability of defects is the cleanliness. There are
two conditions of part cleanliness. When the engine is first inspected, the blades are dirty
and often covered with deposits. After disassembly and repair, the blades are in a clean
condition (high-pressure water sprayed and alkaline bathed) and have to be re-inspected
before installation back on the engine.

There is a need to determine the effect of part cleanliness on the inspection results.
This is important for the industry in regard to future improvement, e.g., to determine
what cleaning processes prior to inspection could improve the inspection performance.
Counterintuitively, it is also possible that cleaning might make detection poorer, e.g., there
is some anecdotal evidence that deposits might highlight defects. This paper applies
eye tracking and statistical testing to evaluate the relationships between cleanliness and
detectability, for the specific case of engine blades. The results show that clean parts are
better than dirty ones in relation to inspection performance.

2. Literature Review
2.1. Research on Visual Inspection

During engine maintenance, blades are checked at several stages in the process, in
different conditions and for different types of damages [19]. The first inspection is by
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borescopic means, whereby an inspector looks for any operational damage. If a defect
is found that validates a tear down, subsequent module and piece-part inspections are
performed. The parts are generally in dirty conditions, although a compressor wash may
precede. Damaged parts are either scrapped or repaired depending on the severity, location
and type of defect. After repair, the parts are visually inspected as part of the quality
assurance processes to ensure that the damage was successfully repaired and no repair
limits are exceeded. During reassembly of the engine, the blades are inspected again for
any transportation or handling damages that might have occurred between the repair shop
and the assembly line.

2.1.1. Parameters Affecting Visual Inspection

The FAA published a list of factors affecting visual inspection, namely inspection
personnel qualifications and training, inspection area access, lighting, pre-cleaning and the
working environment [20]. In [15], additional factors impacting the inspection performance
were gathered, which were grouped into task-related, individual, environmental, organisa-
tional and social factors. More recently, Aust and Pons [21,22] applied 6 M categorisation to
group impact factors that affect borescope inspection. While the importance of those factors
is generally accepted, it remains difficult to quantify them. Few studies quantitatively
assessed the effect of some factors on dent and crack detection in composite panels [23–26].
The assessed factors included part-related and work-environmental parameters, including
surface colour and finish, part cleanliness, inspection distance and angle, and lighting.
Furthermore, the effect of personal factors such as professional qualification, training,
experience, education, visual capability, age and gender was evaluated. The cleanliness
factor, however, was only analysed based on artificially created dirt using soot and coffee
powder [24].

While those factors were analysed for the inspection of composites, the effect on blade
inspection might be changed due to several significant differences, including the operating
environment, complex part geometry, materials, surface finishes and defect types [19].

When it comes to metal parts, a study by See [27] analysed similar factors for the
inspection of precision manufactured parts. However, the defect types analysed were
mostly welding defects such as creases, cuts or puffiness, and the parts were in new and
clean condition.

2.1.2. Inspection Performance

The assessment of different inspection tasks, such as the inspection of subsea structures
and pipelines [28], piston rings [29], highway bridges [30], acoustical tiles [31] and precision
manufactured parts for nuclear weapons [27], showed detection accuracies of 53%, 67%,
52%, 76%, and 75%, respectively. Studies on inspection accuracies within the aviation
domain presented detection rates of 68% for the visual inspection of aircraft fuselage [32],
42% in cargo bay inspection [33], and 57–98% for the magnetic particle inspection of landing
gear components [34]. The main focus in this industry is on crack and dent detection,
predominantly in composite materials, and thus inspection results are commonly reported
as probability of detection (PoD) curves, i.e., the chance of defect detection depending on
the defect size [23–26,35].

2.2. Eye Tracking

Eye tracking is a non-invasive method using near-infrared light and cameras to
record the position and movement of the eye in the form of gaze points (x/y-coordinates),
fixations (dwell times), fixation sequence (gaze paths, also referred to as the attentional
trajectory), number of fixations and saccades [36]. Monitoring may be monocular or
binocular, screen-based or through wearable glasses [37,38]. The technology has improved
in accuracy and usefulness [39–41], enabling widespread application. Examples of areas
of application are health and safety [36], retail [42,43], medical [44–46], education [47–49],
neuroscience and psychology [50,51], marketing and advertisement [52], conservation and
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animal welfare [53], construction [54], automotive [55], aerospace [54,56], maritime [54],
consumer electronics [57,58], tourism [59] and security [60]. Eye tracking helps illuminate
the visual processes of perception [36,61], task-specific human behaviour [62] and cognitive
processing during complex tasks [62,63]. It is also useful for training purposes [64,65] to
assess proficiency [51] and compare levels of expertise [36].

A closer look at the aviation industry revealed that eye tracking was predominantly
used in flight simulators to access and monitor pilot performance in different situa-
tions [56,66], such as flying in challenging conditions [67,68], landing [69,70], navigat-
ing [71] and the failure of cockpit instruments [72]. Most of these studies compared the
performance of expert pilots with learners. Other research tested the usability and effects
of new cockpit instruments [73,74] and changed cockpit layouts [75]. An interesting work
in that area is the attempt to use eye tracking as an input to control the aircraft [76]. Pilot
training is another well-studied area in eye tracking research [77–79]. Only a few studies
applied eye tracking to scanning and decision-making tasks outside the cockpit, including
air-traffic control [80,81] and airport luggage screening [82–84].

The two main areas in which eye tracking has been used to explore visual search
and diagnostics tasks are the medical [85] and manufacturing industries [86]. While in
healthcare, the ‘inspection’ is related to the condition assessment of living beings, in the
production industry, it refers to the inspection of parts. The assessment of the human body
can be considered as being more complex than the quality assessment of manufactured
parts, since no human or medical condition is identical. Nonetheless, they involve a similar
procedure, including task initiation and access of the area to be assessed, followed by a
systematic search for any anomalies or alarming conditions, and a detailed examination [87].
Subsequently, a decision as to whether this condition is critical and how it must be treated
has to be made. Due to the similar procedure, the findings of one research area might be
interesting for the other.

Sometimes, the inspection and decision can be made on the actual (body) part, while
other times, it must be made based on images or videos due to restricted accessibility,
e.g., borescope inspection in an industrial context, or X-ray, mammography or CT scan
in healthcare [88–91]. When it comes to inspections as part of the quality management
system in manufacturing, eye tracking was applied to evaluate the defect detection of sheet
metal [92,93], porcelain plates [86], empty bottles [94], woven fabrics [86], integrated circuit
chips [95], tapered roller bearings [86], tin cans [86] and electrical edge connectors [86].

Only one research project was found that applied eye tracking to inspection within the
aviation maintenance domain. Those researchers published several papers on the develop-
ment and evaluation of advanced eye tracking technology, using a virtual reality (VR) eye
tracker for inspection training in a three-dimensional aircraft inspection simulator [96–99].
The inspection task involved the search for damaged conduits, cracks and corrosion in an
aircraft cargo space. The effect of cognitive feedback from the eye tracker on inspection
training improvements was assessed [96]. A decrease in fixations and search time was
presumed to indicate an improved visual search strategy. While the authors of the earlier
publications stated that the detection accuracy (number of detected and missed defects)
was another metric used to measure the effect of training, the results were not reported [96].
Only a later publication reported on the performance of novices before and after training,
with inspection accuracies of 13.77% and 42.27%, respectively [33].

2.3. Gaps in the Body of Knowledge

The inspection performance for operational defects such as foreign object damage
(FOD) on engine components has yet not been quantified. The inspection of such com-
ponents is challenging due to the dirty part condition. Previous attempts were made to
assess the cleanliness effect in composite panel inspection [24,25]. However, the material
shows different types of defects that were introduced post hoc and manually by the re-
searcher [24]. Furthermore, the cleanliness factor was only analysed based on artificially
created dirt using soot and coffee powder. None of the previous studies applied eye track-
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ing to analyse the underlying cognitive and attentional processes. Only one research group
used eye tracking for inspection training for aircraft cargo bays in a virtual maintenance
environment [33,96]. However, no personal, environmental or stimuli-related factors were
addressed. Moreover, no work was found that assessed the visual inspection task of metal
parts with complex geometries such as engine blades and the impact factors affecting the
inspection task, e.g., cleanliness.

3. Materials and Methods
3.1. Research Objective and Methodology

The objective of this study was to examine the relationship between cleanliness and
the detectability of defects. We were particularly interested in how this is moderated by
operator demographics (e.g., expertise), and whether this changed for various types of
defects. The area under examination was compressor blades from the V2500 jet engine.

Photographs were taken of clean and dirty blades from a variety of engines with differ-
ent defects (including non-defective blades). Images were shown to industry practitioners
under eye tracking observation. The results were analysed statistically and qualitatively.

3.2. Research Sample (Stimuli)

The parts under examination were N = 12 high-pressure compressor (HPC) blades
of various engines from different airlines. HPC blades were chosen as they are close to
the engine intake and thus exposed to air containments and FOD. The different operating
environments lead to different blade conditions ranging from lightly to heavily dirty and
various types of deposits. The sample size of this research comprised twelve blades. Of
those twelve blades, four were non-defective and eight were defective. The blades covered
the most common types of defects including nicks, dents, and tears. All blades were
removed from service and scrapped. The parts were mutilated to remove serial numbers.
This did not affect the airfoil area under inspection. Of each part, two photographs were
taken—one before cleaning the part, i.e., in dirty condition, and one after cleaning. This
led to 24 images that were presented to 50 participants, resulting in a total of N = 1200
observations. The large dataset lends itself to statistical analysis.

The image acquisition was a two-stage process. First, images of the blades in dirty
condition were taken before the parts underwent a cleaning procedure. Subsequently, a
second set of images was taken of the now cleaned blades with the same camera setup and
settings. For the image acquisition, we used the same set-up as in [100]. This comprised
a self-made light tent and three LED ring-lights (LSY 6W manufactured by Superlux,
Auckland, New Zealand) placed on the left and right side and on the top of the light tent
for optimal illumination. A Nikon D5200 DSLR camera with Nikkor Macro lenses with a
focal length of 105 mm (both manufactured by Nikon Corporation, Tokyo, Japan) captured
the images with a resolution of 24.1 mega pixels in JPEG format.

After images of the blades in dirty condition were acquired, the blades went through a
cleaning process. First, high-pressure water spraying was used to remove loose or powdery
soil. Subsequently, the parts were soaked in an alkaline rust remover solution and dried. A
sample blade before and after cleaning is presented in Figure 2 below.
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Figure 2. (a) Dirty blade before cleaning; (b) blade after cleaning.

3.3. Research Population

We recruited N = 54 participants, 3 female and 51 male (MeanAge = 44.5; Standard
DeviationAge = 10.33 years) from our industry partner, a maintenance repair and overhaul
(MRO) shop for the V2500 aircraft engine. To compensate the technical limitations of the eye
tracking device [101] and avoid loss of data, exclusion criteria included any neurological
disorder, impaired vision, eye surgery, photochromic glasses or varifocals, eye movement
or alignment abnormalities, long and thick eyelashes, and excessive makeup.

From the staff meeting those criteria, the research population was purposely selected
in a way that meant different levels of expertise and experience were covered. This was
determined based on their job assignment and the number of years spent working in the
aviation industry, in particular in the field of blade inspection. The participants were
divided into three groups of 18 participants: (a) on-bench and borescope inspectors, here-
inafter referred to as inspectors, (b) power plant and production engineers referred to
as engineers and (c) aircraft tradespersons, from now on referred to as assembly opera-
tors. Participants had worked between 18 months and 35 years in the aviation industry(

MExperience = 17.7; SDExperience = 9.4 years
)
.

Four participants (two engineers and two assembly operators) were excluded from
the studies, as the eye tracker was unable to record sufficient gaze data of the participants
to meet the minimum data quality standard (eye recognition rate > 85%). This could
have been caused by, e.g., extensive blinking, some issues with their glasses, or facemasks
covering their eyes. Thus, when referring to the research population in the following
sections, it only refers to the 50 participants that met the requirements and where the eye
tracking data could be used for further analysis.

Before the actual eye tracking task began, some obligatory tasks had to be completed,
including filling out a questionnaire, providing informed consent, task introduction, partic-
ipant positioning and calibration of the eye tracker. The questionnaire was used to obtain
information about the participants’ demographics, pre-existing knowledge on visual in-
spection, in particular of blade, as well as previous work experience in the aviation industry.
An overview of the participants’ demographics can be found in Table 1. This information
was used to group the participants into three skill levels. We also asked for any medical
condition, such as eye surgery, to ensure that the person could participate without any risks.
The participants were introduced to the task and informed about their right to withdraw
from the study at any time. Consent was obtained, which allowed for the collection of their
individual data. The participants volunteered and received no compensation for their time.
All experimental procedures and materials were approved by the by the Human Ethics
Committee of the University of Canterbury (HEC 2020/08/LR-PS).
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Table 1. Demographics of participating research population (N = 50).

Inspectors (N = 18) Engineers (N = 16) Assembly Operator
(N = 16)

Gender

Male 17 15 15
Female 1 1 1

Corrected vision 10 10 5

Currently assigned
to inspection 17 0 0

Previously been assigned to inspection (how many years ago)

Never - 9 12
1 to 4 Currently 0 1
5 to 10 Currently 1 2
10 to 20 Currently 6 0
20 and more Currently 0 1

Work experience in the field in years

1 to 4 2 0 3
5 to 9 2 0 3
10 to 19 6 3 8
20 and more 8 13 2

Highest qualification

Trade certificate 10 3 13
Diploma 3 6 1
University degree 5 7 2

3.4. Eye Tracking Approach
3.4.1. Technology Setup

For this study, a Tobii Pro Spectrum (manufactured by Tobii AB, Danderyd, Sweden)
eye tracker was used to capture the participants’ eye movement. The device has a sampling
rate of 300 Hz, an accuracy of 0.3◦ and a precision of 0.06◦ at optimal conditions, i.e., at a
distance of 65 cm [102]. Two cameras (one per eye) captured stereo images of both eyes of
the participants (binocular). The average gaze sampling rate was 93.3% (SD 6.1%).

In addition to the Tobii Pro Spectrum, the eye tracking setup consisted of a desktop
computer (HP Elitedesk with Intel i7 3.4 GHz processor and 16 GB RAM) with Windows
10 Enterprise operating system, a standard cable keyboard and a laser mouse (Figure 3).
For the presentation of the images, we used the 24.8-inch built-in LED screen (EIZO
FlexScan EV2451) of the eye tracker with a resolution of 1920 × 1080 pixels. The monitor
was mounted on top of the eye tracker that was attached to a stand (desktop mount).
Equipment of the University of Canterbury was used.

A dual screen setup was chosen for several reasons. First, it was easier for the
facilitator launching Tobii Pro Lab, opening the PowerPoint presentation, starting the
calibration and storing the collected data. Additionally, it allowed one to monitor the
participants’ eye movements in real time and take notes during the study. Most important
was the compliance with the COVID-19 pandemic health and safety measures such as
social distancing. The study complied with all health and safety regulations of our industry
partner and followed the manufacturer’s ‘health and safety recommendations for data
collection during the COVID-19 pandemic’, which is in accordance with the U.S. Center for
Disease Control and Prevention (CDC) and Occupational Safety and Health Administration
(OSHA) [103]. Facemasks did not affect the eye tracking results as long as the masks did
not cover the line of sight between the participants’ eyes and the eye tracker [104].
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Figure 3. Eye tracking setup with dual monitor for real-time assessment.

3.4.2. Stimuli Presentation

The images were presented in a PowerPoint presentation, whereby the participants
could navigate through the presentation at their own speed. For this research, the time each
participant had to perform the inspection was not limited, since in practice, the accuracy of
the safety critical inspection task is more important than the speed. However, participants
could not go back to review an image. The presentation was created with PowerPoint 2016
version 16.0.4266.1001 (developed by Microsoft, Redmond, WA, USA). The main benefit
of PowerPoint is the ‘pen tool’ [105]. This function allowed the participants to mark any
defects they found, which represents the real situation with the exception that the marking
is not physically on the blade but digitally saved on the image. This enabled the collection
of additional information about the detections and location of the findings.

A fundamental rule of eye tracking is that the stimuli should be represented as close
as possible to the real-world situation which is trying to be assessed. This will make the
findings more applicable and allows for generalisation and valid conclusions [106]. For
piece-part inspection, the engine manual permits the use of threefold to tenfold magnifica-
tion as an aid to examine any condition found. For this reason and due to the relatively
large distance between the participants’ eyes and the computer screen that should be
preserved at all times, we decided to present the parts with a threefold magnification. The
resulting image sizes on the screen measured 975 by 645 pixels, or 24 by 15.9 cm. This
corresponds to 39.8◦ by 26.4◦ visual angle. All images were presented in the centre of
the screen.

The images were presented in random order in terms of stage numbers, defect types,
non-defective and defective, and dirty and cleaned parts. The dataset presented in this
paper comprises 24 images and is a subset of a bigger study comprising 120 images. Due
to the size and variety of the dataset, it was assumed that memory effects did not occur, i.e.,
participants were not able to recognise the same blade in dirty and clean condition. This
was proven in another sub-study, results not reported here, whereby the exact same images
of the same parts and under same conditions was shown to the participants twice. A high
variation in the participants’ detection performance indicated that they did not remember
seeing the picture before, nor their previous inspection decision for that blade.

3.5. Data Collection

First, the eye tracking device was positioned 65 cm in front of the participants and
adjusted to their height. This was followed by a calibration of the eye tracker. After a
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successful calibration, the main inspection task began. The images were shown to the
participants in random order, and they were asked to search for and locate any defects that
could warrant an engine tear down and scrapping or repairing of the blade. When such
a defect was found, the participants were instructed to draw a circle around it. Once the
participants were confident that they found all defects on a blade, they could advance to
the next image. The participants had as much time as they needed, but could not go back
and revisit an image. An exit survey was conducted which asked what the participants
found difficult, whether they had any particular search approach, and how confident they
were with their performance.

3.6. Determination of Ground Truth

The acquired piece-part images were presented to two bench-inspection experts who
routinely inspect blades. The first one was asked to identify and mark all safety critical
defects. The second inspection expert was then asked to confirm this determination. In
case of a deviation between the two, the actual part and the engine manual was consulted,
and the defects were measured before a final decision was made. This formed the ground
truth against which the individual inspection results of the participants were compared
later on. After determining the ground truth, the two inspection experts were excluded
from the subsequent tasks.

3.7. Data Analysis

The data were analysed to test Hypotheses H1 and H2 (Table 2). The independent
variables were the cleanliness of the blade, defect type, participants’ level of expertise, work
experience, previous experience in inspection, education, visual acuity, and confidence
rating. The dependent variables included inspection accuracy, inspection time, and search
pattern. All variables were statistically analysed using TIBCO Statistica, version 13.3.0
(developed by TIBCO, Palo Alto, CA, USA).

Table 2. Research hypotheses.

Hypothesis

H1 Inspectors perform better in terms of (a) inspection accuracy and (b) inspection time
than non-inspecting staff.

H2 Cleaned blades lead to improved inspection performance measured in (a) inspection
accuracy and (b) inspection time, compared to blades in dirty condition.

The inspection results (decision) of each participant were extracted from the eye
tracking data and PowerPoint presentations and compared to the ground truth to determine
whether their decision was correct or incorrect. The four possible inspection outcomes
are true positive (TP), false positive (FP), true negative (TN) and false negative (FN). An
overview of all metrics used in this study can be found in Table 3. The primary output
metrics selected for reporting in this paper were Inspection Accuracy and Inspection Time.

The Tobii Pro Spectrum collected a variety of data on eye movement, including
gaze points, fixations (dwell times), the number of fixations and saccades. Additionally,
participant actions such as mouse clicks and key presses were recorded. Tobii Pro Lab
software version 1.145 [107] was used for the subsequent analysis of the collected data and
the creation of additional metrics, such as times of interest (TOIs).

To visualise the gaze movements of the participants, we used the fixations in defined
TOIs to generate heat maps and gaze plots. The latter enabled us to analyse the search
patterns and to understand whether there was a correlation between the search strategy
and the performance of the participants.
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Table 3. Metrics to evaluate the inspection performance.

Metrics Description

Decision
Determination whether a part is defective or non-defective. Takes the
value of one (1) when a correct decision was made and zero (0) when
an incorrect decision was made.

True Positive (TP) Blade was correctly identified as defective (hit).

False Negative (FN) Blade was incorrectly identified as non-defective and thus the defect
was missed (miss).

False Positive (FP) A non-defective blade was incorrectly classified as defective (false
alarm).

True Negative (TN) A non-defective blade was correctly classified as non-defective
(correct acceptance).

Inspection Accuracy (IA)
Measure for the inspection performance taking into account the
correct decisions (TP and TN), and the total population; also referred
to as Decision Accuracy.

Improvement Rate (IR) Inspection accuracy improvement between dirty and clean condition.

Inspection Time (IT) Time needed to inspect a blade.

Confidence Rating (CR) Self-rate confidence level of participant on a scale from one to five.

Areas of interest (AOIs) were not used in this study due to the small size of the defect
and in consideration of the accuracy and precision of the eye tracking hardware, which
would have resulted in high selectivity with the risk of not collecting meaningful data. The
manufacturer proposed the ‘1 degree’ guideline, i.e., the AOI shall not be smaller than one
degree visual angle, which translates to 50 × 50 pixel on the computer screen [108,109].
Others reported that AOIs smaller than 10% of the stimuli height and width or smaller
than 200 × 200 pixels should be avoided [110,111]. Rather than use AOIs, the researchers
instead examined the gaze plots and heat maps around each defect to determine how much
attention it was given. The time aspect was determined by the heat maps (intensity of
colour), and quantitatively measured as the average time per image.

4. Statistical Results

There are two dependent variables of interest for inspection performance, namely
Inspection Accuracy and Inspection Time. These are each analysed in turn.

4.1. Inspection Accuracy

The inspection accuracy describes the ratio of correct decisions (true positives and
true negatives) divided by the number of blades and is presented as a percentage. The
inspection accuracies of the different expertise groups are presented in Table 4 for dirty
and clean blades. The average improvement describes the percentage change from dirty
to clean blades to demonstrate the direction and size of the effect. This was calculated for
each participant first, and then the mean and standard deviation for each expertise group
were formed.

Table 4. Inspection accuracies by expertise group and cleanliness (in percentages).

Expertise Dirty Blades
M (SD)

Clean Blades
M (SD)

Improvement
M (SD)

Inspectors (N = 18) 68.1 (13.8) 87.0 (10.4) 33.6 (33.1)
Engineers (N = 16) 63.0 (10.5) 87.0 (8.03) 42.5 (32.8)

Assembly Ops. (N = 16) 69.3 (10.4) 86.5 (11.3) 29.0 (32.8)
All participants (N = 50) 66.8 (11.8) 86.8 (9.83) 35.0 (32.7)
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The results indicate that on average, the performance improved for all three groups of
expertise, with engineers improving the most and assembly operators the least.

4.1.1. Hypothesis Testing

Hypothesis H1a. Inspectors perform better in terms of inspection accuracy than non-inspecting
staff.

This hypothesis was tested by generalised linear/non-linear Logit testing with Ex-
pertise as the categorical variable, and Decision as the dependent variable. The statistical
analysis (Table 5) shows that Expertise is not a significant variable for Inspection Accuracy
(Decision) with photographed defects and unlimited inspection time. However, it shoud
be noted that Expertise was found to have a significant correlation with Inspection Time, as
shown later in Section 4.2.

Table 5. Statistical analysis of the effect of expertise on the inspection accuracy (parameter estimates and odds ratios). The
probability value (p) is of the odds ratio.

Effect Reference Level Level of
Effect Estimate Wald. Stat Odds

Ratio
Lower CL

95%
Upper CL

95% p

Expertise Assembly Operator Engineer −0.104208 1.1711 0.853871 0.612345 1.190663 0.279170
Expertise Assembly Operator Inspector 0.050441 0.2794 0.996679 0.716831 1.385778 0.597094

Parameter estimates and odds ratios. Distribution: BINOMIAL. Link function: LOGIT. Modelled probability that Decision = 1.

The finding that trained inspectors do not perform significantly better than assembly
operators or engineer is surprising. This might be due to the somewhat new task and
environment: while inspectors perform visual checks on a daily basis, they would normally
hold the part in their hands as opposed to making a serviceability decision based on an
image. The latter only applies to borescope inspectors (N = 2). Engineers and assembly
operators in turn are not assigned to inspection tasks, and thus the situation was new for
them, especially for assembly operators. Another explanation for the non-significance of
the level of expertise on the decision might be that inspectors become complacent, while
non-inspecting staff are not familiar and thus perform the task slower, but potentially in a
more detailed and rather cautious manner (see Section 4.1.2). It might also show the best
achievable inspection performance of humans in general, using solely their vision.

Hypothesis H2a. Cleaned blades lead to improved inspection performance measured as inspection
accuracy compared to blades in dirty condition.

This hypothesis was also analysed by generalised linear/non-linear Logit testing, with
Cleanliness and Decision being the categorical and dependent variable, respectively. The
results shown in Table 6 highlight a significant correlation between the part cleanliness and
decision of the part serviceability. The odds ratio shows that detecting a defect on cleaned
blades is over three times more likely than detecting the same defect on dirty blades. The
comparable one-way ANOVA result is F(1, 1198) = 68.455, p < 0.001.

Table 6. Statistical analysis of the effect of cleanliness on the inspection accuracy (parameter estimates and odds ratios). The
probability value (p) is of the odds ratio.

Effect Reference
Level

Level of
Effect Estimate Wald. Stat Odds

Ratio
Lower CL

95%
Upper CL

95% p

Cleanliness Dirty Clean 0.578399 61.4089 3.179736 2.380880 4.246631 0.000000

Parameter estimates and odds ratios. Distribution: BINOMIAL. Link function: LOGIT. Modelled probability that Decision = 1.
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Although this might be self-explanatory, it should be noted that for ‘clean’ blades,
all the pre-existing deposits were removed in the cleaning process. The results support a
conclusion that clean blades provided fewer distracting features, and no deposits obscured
the defect, thereby leading to higher inspection accuracy. The assumption that deposits
highlight the defect and thus improve the detectability was not supported by this study.

4.1.2. Statistical Model for Inspection Accuracy

The situation is more complex than the simple hypothesis test implies, because there
are other factors that may affect the inspection performance. Thus, a statistical model was
constructed around the Inspection Accuracy. The variable Decision takes values of 1 (correct
decision) or 0 (incorrect decision). Hence, an appropriate statistical analysis is Logit Odds
Ratio. A statistical model was built with Inspection Accuracy (Decision) as the dependent
variable. The categorical factors were Expertise, Visual Acuity, Education, Previous Inspection
Experience, Cleanliness, Defect Type, and Confidence Rating. The continuous predictors were
Work Experience and Inspection Time. Due to the uneven distribution of male (N = 47) and
female (N = 3) participants, a statistical analysis of gender was not performed. It should
be noted that the following variables are demographic parameters of the participants and
not recorded at the level of individual blades: Work Experience; Confidence Rating; Expertise;
Visual Acuity; Education; and Previous Inspection Experience. Additionally, a test of all effects
was performed. The results are shown in Table 7.

Table 7. Statistical model around the inspection accuracy (Wald test and odds ratios). The probability value (p) is of the
odds ratio. Significant factors are indicated by an asterisk *.

Effect Reference Level Level of
Effect Wald. Stat Odds

Ratio
Lower CL

95%
Upper CL

95% p

Work Experience 0.23356 0.994938 0.974668 1.015629 0.628900
Inspection Time 0.10953 0.997451 0.982491 1.012640 0.740683

Confidence
Rating 0.62841 1.087622 0.883665 1.338654 0.427940

Expertise Assembly Operator Engineer
0.53783

1.167187 0.758731 1.795531 0.477357
Expertise Assembly Operator Inspector 1.036288 0.667100 1.609792 0.832337

Visual Acuity No glasses Glasses 1.40159 0.821929 0.594074 1.137178 0.236457
Education Trade Cert. Diploma

1.22683
1.214756 0.802685 1.838372 0.615918

Education Trade Cert. Bachelor 1.210193 0.804527 1.820406 0.631881
Prev. Inspection

Experience No Yes 0.23881 0.901183 0.593719 1.367870 0.625066

Cleanliness * Dirty Clean 62.72209 0.305089 0.227422 0.409279 0.000000
Defect Type * No damage Tear

20.75906
0.451933 0.245067 0.833419 0.041402

Defect Type * No damage Nick 0.533789 0.375063 0.759687 0.028675
Defect Type * No damage Dent 1.068135 0.755904 1.509335 0.001932

Test of all effects and odds ratios. Distribution: BINOMIAL. Link function: LOGIT. Modelled probability that Decision = 1.

Apart from Cleanliness (see Section 4.1.1), the only other factor that was significant for
the Inspection Accuracy was the Defect Type, F(3, 1196) = 7.0352, p < 0.001 (ANOVA results in
Figure 4, please note that this ignores cleanliness as a factor). However, not all defect types
were equally detectable. Nicks and tears showed a higher chance of detection compared to
dents, independent of the blade cleanliness. Furthermore, participants generally showed a
lower performance on non-defective blades, with no significant difference between clean
and dirty blade condition.

137



Sensors 2021, 21, 6135 13 of 40

Figure 4. Effect of defect type on inspection accuracy.

The unforeseen finding is that all demographic variables that are somewhat related to
the skill level of the participants, including Expertise, Work Experience, Previous Inspection
Experience and Education, had no significant effect on the inspection outcome. In addition
to the before-mentioned reasons, this could stem from the nature of the industry, whereby
all employees are aware of the negative consequence that a missed defect might have.

Other non-significant factors were Inspection Time, Confidence Rating and Visual Acuity.
The most surprising one is Inspection Time. The statistical analysis revealed that a longer
inspection time did not automatically lead to a higher accuracy. This might have been
caused by a poor search strategy (see Section 5.7), insecurity, task novelty or excessive de-
mand. It is also interesting that participants could not make a reliable estimate of their own
ability, i.e., their confidence is not a dependable self-judgement of their performance. The
results show that self-confidence is an unreliable indicator of both inspection accuracy and
inspection time. The implications of this, from the perspective of an industrial employer,
are that human performance on this task needs to be measured rather than determined
by self-report. Furthermore, from a training and continuous-improvement perspective, it
would seem necessary to de-bias operators about their ability.

4.2. Inspection Time

The inspection time was measured for each participant and each blade. It represents
the time from the first appearance of the image on the screen to the moment the participant
advanced to the next blade. The results for each expertise group and cleanliness type are
shown in Table 8. Note that lower inspection times are preferable from an operational
perspective.

Table 8. Inspection times by expertise group and cleanliness type (in seconds).

Expertise Dirty Blades
M (SD)

Clean Blades
M (SD)

Time Savings
M (SD)

Inspectors (N = 18) 11.914 (4.302) 10.390 (3.827) 1.524 (2.263)
Engineers (N = 16) 17.773 (7.315) 16.757 (6.124) 1.016 (3.632)

Assembly Ops (N = 16) 17.400 (8.341) 15.001 (7.944) 2.399 (2.723)
All participants (N = 50) 15.545 (7.189) 13.903 (6.593) 1.641 (2.899)
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The results show that the inspection time was reduced on average by 10.4%, 3.1%, and
12.9% for inspectors, engineers, and assembly operators, respectively. On average, across
all participants, clean blades led to 8.9% time savings.

4.2.1. Hypothesis Testing

Hypothesis H1b. Inspectors perform faster than non-inspecting staff.

The hypothesis for time was analysed using ANOVA, with Inspection Time as the
dependent variable and Expertise as the categorical variable. There was statistical support
for this sub part of the hypothesis, F(2, 1197) = 47.238, p < 0.001 (Figure 5). Inspectors were
on average 1.54 times faster than engineers and 1.45 times faster than assembly operators.
There was no significant difference between engineers and assembly operators.

Figure 5. Effect of expertise on inspection time.

As expected, inspectors performed the task faster than non-inspecting staff. This could
either be caused by a better search strategy (see Section 5.7) allowing them to find the defect
faster, or the fact that they were able to make a quick decision based on their experience,
while non-inspecting staff required additional time to make the final determination.

Hypothesis H2b. Cleaned blades lead to improved inspection performance measured in inspection
accuracy compared to blades in dirty condition.

An ANOVA was performed for this hypothesis, this time with Cleanliness as the
categorical factor and Inspection Time as the dependent variable. All participants performed
faster on clean blades compared to dirty ones, F(1, 1198) = 8.0772, p < 0.005 (Figure 6).
While the average time saving of approximately 1.5 s per blade does not seem much, the
time adds up considering there are several hundred blades in a single engine.
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Figure 6. Effect of cleanliness on inspection time.

Deposits are often confused with edge damage or can hide critical defects. Thus, dirty
blades in particular necessitate a detailed assessment. With deposits being washed off on
clean blades, the inspection was faster, as such detailed inspection is no longer required.

4.2.2. Statistical Model for Inspection Time

A generalised linear/non-linear normal log model was constructed around Inspection
Time as the dependent variable, and the following independent variables: the categorical
variables were Expertise; Cleanliness; Defect Type; Visual Acuity; Education; Previous Inspection
Experience; and Decision. The continuous variables were Work Experience and Confidence
Rating. The results are presented in Table 9.

Table 9. Statistical model around the inspection time (Wald test and parameter estimates). The probability value (p) is of the
odds ratio. Significant factors are indicated by an asterisk *.

Effect Reference Level Level of
Effect Wald. Stat Estimate Lower CL

95%
Upper CL

95% p

Work Experience 0.2720 −0.001457 −0.006932 0.004018 0.601996
Confidence

Rating 0.0786 −0.007156 −0.057186 0.042874 0.779215

Expertise * Assembly Operator Engineer 11.1835 0.104217 0.043137 0.165298 0.000825
Expertise * Assembly Operator Inspector 69.1614 −0.286814 −0.354409 −0.219218 0.000000

Visual Acuity * No glasses Glasses 56.4609 0.154085 0.113893 0.194276 0.000000
Education Trade Cert. Diploma 2.3705 0.051595 −0.014086 0.117275 0.123651
Education Trade Cert. Bachelor 0.0172 0.004301 −0.059895 0.068497 0.895535

Prev. Inspection
Experience No Yes 0.0072 −0.002031 −0.049062 0.045001 0.932561

Cleanliness * Dirty Clean 11.5048 −0.061458 −0.096971 −0.025945 0.000694
Defect Type * No damage Tear 13.0585 0.148160 0.067801 0.228518 0.000302
Defect Type * No damage Nick 4.2438 0.056915 0.002765 0.111064 0.039393
Defect Type No damage Dent 3.3302 −0.058704 −0.121753 0.004345 0.068017

Decision 0 1 1.1045 0.023340 −0.020188 0.066868 0.293284

Test of all effects and parameter estimates. Distribution: NORMAL, Link function: LOG.
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Results show that Work Experience, Confidence Rating, Education, Previous Inspection
Experience, and Decision were not significant. Instead, the significant variables were Expertise,
Visual Acuity, Cleanliness and Defect Type. Expertise and Cleanliness were discussed earlier
and are not repeated here.

In the case of Defect Type, the significant effect was only for tears and nicks, while the
time required for dented blades was not significantly different to the one of non-defective
blades, F(3, 1196) = 8.3188, p < 0.001 (ANOVA results in Figure 7; please note that this
ignores cleanliness as a factor). Surprisingly, the inspection times for nicks and tears were
longer than for dents, although the former are more salient defect types. A look at the
inspection accuracy for the different defect types (as presented in Section 4.1.2) revealed
that dents had a high false negative rate (often missed), which could be the reason for a
shorter inspection time. However, there was no significant correlation between Inspection
Accuracy and Inspection Time.

Figure 7. Effect of defect type on the inspection time.

It came as a surprise that visual acuity had an effect on the inspection time, F(1, 1198)
= 38.478, p < 0.001. Participants without glasses were on average 3.5 s faster than the ones
with corrected visual acuity. This might be attributed to the study being screen-based and
wearing glasses might have caused issues such as glare or reflections either on the screen
or from the ceiling lights.

It is worth briefly commenting on the observation that Inspection Accuracy was not
correlated with Inspection Time, F(2,1194) = 0.05997, p = 0.94. While the average inspection
time does vary greatly with expertise (inspectors are much quicker than the other roles),
within any one group, the time taken for correct vs. incorrect decisions is about the same.
This implies that people looked at the images for the same length of time.

5. Evaluation of the Eye Tracking Data
5.1. Observations about the Experimental Arrangements

Given that there was no time limit and participants could inspect images at their
own pace, there were no complaints about time pressure. This coincides with the findings
of [27]. However, a frequently made comment was that the task was highly repetitive, and
thus tedious and tiring. This emphasises the challenges in visual inspection tasks and the
importance of human factors such as fatigue or complacency, which implies a high risk
that can cause incorrect detections and decisions. It confirms the need to investigate those
factors further and the impact they have on the inspection performance.
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It was observed that during the inspection task, some participants moved and tilted
their head when trying to get a better perspective of the blade. While doing so, they
expressed the need to see the blade from a different perspective to get a better depth
perception and to make a final decision. However, since they were presented with a static
image, the head movement did not improve their view or performance. Another frequently
made comment was that the participants would like to rub off the deposits with their
fingers to be able to see whether the dirt was hiding any damage.

The exit survey revealed that engineers and assembly operators in particular found
it challenging to detect unfamiliar defects. Moreover, they stated that it was difficult to
make a decision on whether a discovery was acceptable when they were unfamiliar with
the allowed defect limits. For the dirty blades, participants commonly mentioned that it
was difficult to differentiate between deposits and defects, in particular those built up on
the leading and trailing edge.

Several inspectors made a comment on the challenge to judge the condition of a
blade based on an image, while in practice they would hold that part in their hands.
Handling enables them to view the blade from different angles, and also feel it. This
finding implies that—although it is called a visual inspection task—it is not purely visual,
but also encompasses a tactile component, whereby the inspectors would feel along the
edges for any deviations in shape and for rough or uneven surfaces. This would be an
interesting area for future research and could be performed under eye tracking conditions,
perhaps using wearable eye tracking glasses. Optimal viewing perspectives could be
extracted from such a study.

5.2. Visual Search Strategies

There was a tendency across all participants, irrespective of the blades in question,
to focus on inspecting the edges of the blade as opposed to the centre of the airfoil. This
could be an intentional or intuitive behaviour when inspecting blades, with all recruited
participants working at an engine MRO organisation and knowing that the most critical
defects are defects on the edges.

Participants tended to inspect (scan) the blade more than once to ensure that they
had not missed a defect. Generally, engineers and assembly operators performed more
scans than experienced inspectors, and thus needed more time for their inspection (further
discussed in Section 5.7). When doing so, they may or may not have an explicit search
strategy. It was found that there are common ‘paths’ they follow—mostly lines. These
could be the leading or trailing edge, along the platform, the contour of the root or any
striking features, such as diagonal lines formed by deposits on the airfoil (Figure 8).

Figure 8. Blade with deposits forming a diagonal line that attracts the participants’ attention.
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5.3. Example of a Structured Search

An example of a structured search is shown in Figure 9. The participant started with
the inspection at the corner of the platform in the centre of the image, and then moved down
to the root and back up to the platform, which was inspected from left to right (Figure 9a).
The left to right movement is a natural preference of most participants, possibly since it
aligns to their usual reading direction [112]. In a second step (Figure 9b), the participant
inspected the trailing edge and the tip of the blade until they stopped and dwelled at
the location of the first defect (gaze plot number 9). The longer dwell time is visualised
by the size of the gaze plot. After identifying this defect, the participant continued the
search, and their eyes went back to the trailing edge and dwelled at the second defect
(gaze plot 15 in Figure 9c). Gaze plots 12, 13, and 14 indicate that the neighbouring regions
were inspected first before a decision was made on whether the finding is a defect or an
acceptable condition. The final eye movement went down the leading edge (Figure 9d)
where nothing significant was found (small gaze plots). Interestingly, the leading edge was
not inspected any further (area between gaze plot 5 and 9).

Figure 9. Example of a structured search shown in two-second intervals: (a) shows the first 2 s, (b) shows the first 4 s,
(c) shows the first 6 s, and (d) shows the full 8 s.

This example is noteworthy, since the participant did not move their eyes straight to
the obvious defect, but rather followed a structured search strategy to ensure no defect
was missed.

5.4. Types of Inspection Errors Leading to Missed Defects

In inspection, there are three different types of errors that can occur and cause a
critical defect to be missed, namely search error, recognition error and decision error. It is
important to understand which type of error occurred in order to address it by appropriate
means [113]. A search error, or scanning error, happens when a participant fails to look at
the defective region of the blade [114,115]. This can be easily seen in the eye tracking data
when there are no fixations on the defective area. If the participant failed to fixate on the
defective area, then a recognition of the defect will not happen and consequently a decision
cannot be made.

A recognition error in contrast arises when the participant fixates on the defective
region, but the defect is not recognised as relevant enough for further consideration in the
decision-making processes. One method to differentiate between successful and failed
recognition of a defect is to look at the fixation durations and apply a quantitative threshold.
If the fixation duration is below the threshold, it is considered as failed recognition, whereas
a fixation duration above the threshold indicates a successful recognition. Common fixation
thresholds range from 600 ms [116] to 1000 ms [117]. A recognition error might be caused
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by low prevalence and low salience [118], i.e., the defect might be rare and might not be
visually prominent in terms of shape, contrast or location on the blade.

One drawback of the fixation duration method is that a longer fixation time can also
be associated with difficulties in the interpretation of the finding. Thus, Brunyé et al. [114]
suggested that additional evidence (e.g., think-aloud protocols) is necessary to be truly
certain that a feature was successfully recognised. In this work, we introduced a stimuli
presentation using Microsoft PowerPoint and the pen function thereof. This enabled us
to gather the evidence needed (defect markings) to determine whether a condition was
detected and classified as a defect correctly or whether it was solely looked at. Based on
the eye tracking data and inspection results recorded in PowerPoint, the type of error can
be determined using the flowchart in Figure 10.

Figure 10. Flowchart for defining the type of error in the inspection task.

A poor inspection would show a long inspection time with many gaze plots being
below the threshold fixation duration. This would indicate a wandering of the eye without
knowing where to look at and not perceiving any important information. The likelihood
of a defect being missed in this situation is relatively high. Thus, a longer inspection time
does not necessarily mean a more comprehensive inspection.

5.5. Improved Inspection Accuracy for Clean Blades

The statistical analysis in Section 4 revealed that there is a correlation between in-
spection accuracy and cleanliness, and between inspection time and cleanliness. Next, we
analysed the eye tracking data in the form of heat maps and gaze plots (Figure 11) for the
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same blade in dirty and clean condition to compare them and understand any variations
that might explain the measured differences in inspection accuracy and inspection time.

Figure 11. A blade with two defects (indicated by red circles) was presented to participants in
(a) dirty and (b) clean condition. The heat maps (c,d) and gaze plots (e,f) were created.

The heat maps show a clear difference between the dirty and clean blade. The dirty
blade received geometrically dispersed attention, and the heat map shows that almost the
entire blade was comprehensively inspected, with exception of the root. Nonetheless, two
areas stood out—one at the bottom left of the airfoil close to the platform radius and one on
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at the centre-left of the airfoil close to the leading edge. None of them coincided with the
actual defects. In contrast, in the heat map of the cleaned blade two heat spots in warmer
colour (red and orange) clearly stand out, which both align with the defective locations.

For the sample blade shown in Figure 11, the inspection time for the dirty blade was
18.094 s for 63 fixations, while the time for the cleaned blade was 11.453 s for 35 fixations.
Hence, the gaze plots revealed that there were almost double the number of fixations
on a dirty blade in comparison to a cleaned one, and nearly double the time. Thus, the
inspection of the blade in dirty condition was 58% longer than in clean condition. The
disorganised eye movement, increased fixations and longer fixation durations indicate a
higher workload and decision uncertainty, and thus may imply a higher risk of missing a
critical defect or making an incorrect decision. Those findings align with other research
results, whereby an increase in the fixation parameters implied a higher level of complexity
and cognitive load [63,114,119–124]. Hence, it can be concluded that dirty blades are more
challenging to inspect.

The visualisations of the eye tracking data shown in Figure 11 are of the same par-
ticipant inspecting the same blade in dirty and in clean condition. It can be seen that the
crisscross search pattern did not significantly change. This indicates that the underlying
search strategy is less affected by the cleanliness but rather depends on the participant. A
comparison of the different search strategies is discussed in Section 5.7.

While the presented example shows the results of an assembly operator, the effect of
reduced fixations and inspection time is consistent across the different levels of expertise
and is further discussed in Section 5.7.

5.6. Decreased Inspection Accuracy for Clean Blades

Despite a general significant improvement in inspection accuracy from dirty to clean
blades, in a few cases and for one blade in particular, the detection rate decreased. While
eight participants (16%) performed better on the clean blade, the detectability of eleven
others (22%) decreased, and the remaining 31 participants (62%) performed equally well in
both conditions. Thus, participants tended to fall into two categories: the ones that were
equally accurate on clean and dirty blades (N = 31), and the others that had a more exclusive
preference for either clean or dirty blades (N = 19). To test this effect, the correlation between
the improvement in the detectability of this particular blade and the overall improvement
in detectability for all blades was analysed for each of the 19 participants. The results show
that the effect of a personal preference is significant, F(1,17) = 25.702, p < 0.001.

When looking at the images of the blade in dirty and clean condition (Figure 12a,b,
respectively), it becomes apparent that the airfoil defect (indicated by red circle) stands
out more on the dirty blade. The higher contrast between damage and airfoil in the dirty
condition might make this defect more visible and thus more likely to be detected [125].
The heat maps and gaze plots were created, and one example of an assembly operator,
who detected the defect in dirty condition but missed it when the blade was cleaned, is
shown in Figure 12c–f. The results revealed that the participant focused on the defect
in dirty condition for quite some time, while in clean condition their eyes briefly moved
over the defective location (indicated by small gaze plots). The short dwell time on the
defective location could be either caused by (a) the participant making a quick decision
with the outcome that the condition was not a defect, or (b) the participant not visually
recognising any relevant condition that needed further investigation. The extreme short
dwell times of less than 200 ms suggest that the latter might be the reason for missing
the defect (recognition error). Furthermore, it seems like something on the opposite edge
caught the participant’s attention. However, it remains unclear what might have caused
this, since there is no salient feature visible.

146



Sensors 2021, 21, 6135 22 of 40

Figure 12. A blade with an airfoil defect (indicated by red circle) was shown to the participants in
dirty (a) and clean (b) condition. The heat maps (c,d) and gaze plots (e,f) were created for an assembly
operator, who detected the defect in dirty condition but missed it when the blade was cleaned.

5.7. Comparison of Search Strategies between Expertise Groups

In the following example, we analysed the search patterns of the different expertise
levels. For a fair comparison, three representative participants (one of each expertise
group) were selected that had the same inspection results, i.e., each of them missed the
two defects on the dirty blade (Figure 13) but found both on the clean blade (Figure 14).
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The participants’ eye gaze was analysed qualitatively and quantitatively to assess any
deviations. The gaze plots show the trajectory of eye fixation and include both the sequence
(order of observation) and a qualitative measure of the time duration (diameter of circle).

Figure 13. Eye tracking results for dirty blade by expertise group.

From the eye tracking data, the inspection times were extracted and compared. The
comparison was made between the different expertise groups and the blade condition (dirty
vs. clean). All three participants—inspector, engineer and assembly operator—performed
a faster inspection on clean blades than on dirty ones, with a 41%, 24%, and 37% shorter
inspection time, respectively. Furthermore, the inspection time of the inspector, engineer
and assembly operator differed. The inspection of the dirty blade took the engineer 67%
longer than the inspector, and the assembly operator needed two and a half times longer
than the engineer and over four times longer than the inspector. The same effect was
observed with the cleaned blade, whereby the assembly operator required double the
amount of time than the engineer, who in turn needed twice as long as the inspector.
Consequently, the assembly operator was four times slower than the inspector. Thus,
although the inspection results were the same for all three participants, the study showed
that there was a significant difference in inspection times. A closer look at the respective
heat maps and gaze plots revealed that the participants applied different search approaches
and that different inspection errors occurred.

In the dirty condition, all three participants missed the defects—but for different rea-
sons. The heat map and gaze plot of the inspector (Figure 13) revealed that the participant
did not look at the defective area on the leading edge at all (search error). The defect on
the trailing edge, however (gaze plot 11), was looked at for quite some time, but it was
not determined as defective and thus a decision error occurred. Both the engineer’s and
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assembly operator’s eyes moved over both defective areas (gaze plots 4, 10, 11, and 3, 26,
55, respectively), but failed to recognise them as defective (recognition error).

Figure 14. Eye tracking results of the different levels of expertise group for the same blade shown in Figure 14 but in now
cleaned condition.

The heat maps of the clean blade (Figure 14) show that all participants found the
defects and that their eyes dwelled at the defective location for quite some time. The
successful detection was confirmed by their marking results. More interesting are the gaze
plots, which show the participants’ search paths. The inspection expert’s eyes quickly
focused on the defective area within a few fixations, even before the search process started.
This phenomenon was already observed in previous studies, such as in diagnostics of med-
ical images [126]. The researchers concluded that for experts, an initial holistic recognition
of a feature preceded the detailed search and diagnosis. Novices, in contrast, were more
attracted to salient features such as higher contrast, brightness or strongly pronounced
geometries. However, with increasing complexity (dirty blades), inspectors tended to
fall back into the same search pattern as non-inspectors and conduct a (more) structured
search first.

It stood out that in both conditions, dirty and clean, the inspector’s and engineer’s
search was much more structured and systematic, whereas the assembly operator scanned
almost the entire blade in an unorganised and random crisscross pattern. Furthermore, the
former focused predominantly on inspecting the edges, as opposed to the airfoil. While
theories of visual attention [127] suggest that inspecting those areas is more likely than
plain surfaces such as the airfoil, our results show that this is only true for inspectors
and engineers, not for assembly operators. Thus, we would expect to see the opposite,
i.e., if inspecting edges and corners is a natural behaviour, it would be more likely to be
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seen in the novice category as opposed to the experts. This suggests that the reason is
rather related to the pre-existing knowledge and experience of the participants than to the
visual regions [128], i.e., inspectors knew to look at edges, whereas novices did not. The
importance of edges is explicitly developed as part of their training. The ability of experts
to differentiate relevant from less relevant features, while novices consider both equally, is
already discussed in educational theory [129].

Inspectors gain experience with every day and every part they inspect, covering a vari-
ety of different conditions, defect types, locations and severities. Engineers typically review
the images taken by the inspectors in cases of uncertainty to confirm whether a condition is
a defect. Thus, it can be concluded that both groups have a better understanding of blade
defects in general. It should be noted that almost half (44%) of the engineers had previous
experience in the visual inspection of blades, which might have further contributed to their
pre-existing knowledge. Assembly operators, in turn, only see clean blades as part of their
daily job with no deposits or defects on them (unless the part has some transportation
damage, which is considerably rare). Hence, this group was considered as having the
least experience.

This is also evident in the eye tracking data, whereby the heat map and gaze plot
of the assembly operator stood out from the other two participants. It is apparent that
the assembly operator’s search took significantly longer and required more gazes than
the other two. The majority of gaze plots are found on the airfoil (centre of the blade),
which indicates a poor search strategy due to missing training and previous experience [15].
Moreover, it is apparent that less experienced participants tended to revisit suspect areas
(defective and non-defective) multiple times. An explanation for this behaviour might
be their confidence level. When inspectors found and classified a defect, they marked it
straight away and move on. This implies that they were confident with their decision made.
Assembly operators in contrast returned multiple times to re-confirm that the finding was
a defect, which indicates a low level of confidence in their search findings. This finding
that less-experienced staff are less confident also emerges from the self-ratings of their
confidence level (requested in the exit survey). The random search behaviour seems typical
for novices, as they lack experience and thus confidence [36,130]. It should be noted that
gaze plots, which represent the observational trajectories, may be person specific, i.e.,
inspection accuracy may be achieved by different trajectories.

5.8. Towards a Mental Model of Visual Inspection

Differently than anticipated, inspectors did not always perform best and there was no
significant difference between them and the engineers and assembly operators in terms
of inspection accuracy. In fact, they even performed worse in some cases. The following
example of a blade with two defects is a case in point. The marking results and gaze plots
of an inspector (Figure 15a) and an engineer (Figure 15b) show that both found the bigger
defect (gaze plot 9 and 7, respectively). While the inspector moved on to the next blade
straight away after finding the defect, the engineer in contrast continued the search on the
same blade and found the second defect as well (gaze plot 8 in Figure 15b).

There are two conclusions that can be drawn from this observation. First, it comes as
no surprise that a defect that is more salient in size, shape or contrast is likely to be detected
first. The second finding, however, is more interesting, i.e., it was the inspector who found
the bigger defect but missed the smaller one, and not the engineer. This implies that there
is an underlying mental model whereby inspectors intuitively apply lean principles and
do not waste time on further inspecting a blade that has already been confirmed as being
defective with the finding of the first defect. This behaviour is quite common in industries
where working under time pressure is the norm. The inspector does not deem additional
time justifiable if the first detected defect requires the blade to be scrapped or repaired. The
general literature calls this phenomenon ‘satisfaction of search’ [131].
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Figure 15. Eye tracking results of (a) inspector and (b) engineer for a compressor blade with two
defects on the trailing edge.

While from a business point of view, this approach is highly efficient, it also entails
the risk that the detection of highly visually salient damage can lead to the premature
termination of the search and consequently cause other defects that are less salient but
potentially more critical to be missed. The detection of the latter is important for the
subsequent repair task. Similar observations were made in the medical industry, whereby a
diagnostician prematurely made an incorrect diagnosis based on the first finding [130,131].

Another interesting finding is that none of the participants focused on the salient
marking on the centre of the airfoil. This further supports the idea of an underlying mental
model, whereby the knowledge that those types of markings are non-critical is stored in
their subconscious mind.

6. Discussion
6.1. Summary of Work and Comparison with Other Studies

This study evaluated the effect of cleanliness and expertise on the inspection per-
formance (accuracy and time), among other demographic parameters. First, a statistical
analysis was performed, followed by a semi-qualitative evaluation of the eye tracking data.

The results show that on average, an inspection accuracy of 67% for dirty blades and
87% for clean blades was achieved. This is comparable with previous studies: in manu-
facturing, where parts are typically in clean condition and inspected for manufacturing
defects, inspection accuracies ranged from 45% to 76% [27,29,31,95,132]. Inspections as
part of maintenance procedures are typically performed on dirty parts that have already
been in use, and thus intend to detect operational defects. Previous research in this area
reports accuracies of 53% to 68% [4,28]. Thus, the results of this study are consistent with
other findings in the general literature but are still considerably off the targeted 100% mark.

The statistical analysis of inspection accuracy revealed that the part cleanliness has a
significant impact for all three groups (Figure 16). Clean blades are 3.25 times more likely
to be detected than dirty ones. This aligns to the findings of Baaran [24] and might be due
to a reduction in salient features, such as deposits that are often confused with defects.
Thus, from a safety perspective, the cleaning of blades prior to inspection is desirable. The
assumption that deposit might highlight defects was generally not supported by this study.
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Figure 16. Effect of cleanliness on the inspection accuracy for each group of expertise.

An unanticipated finding was that there was no correlation between inspection ac-
curacy and level of expertise, i.e., inspectors had similar accuracy performance to non-
inspecting staff. The general literature is ambiguous on this. While some studies support
our finding that there is no dependency [25,95,130], others found a strong correlation
between expertise and accuracy [24,119]. The opposite findings could be due to different
task complexities, and whether pre-existing knowledge is essential. It is possible that the
contextual factors are important.

It came as no surprise that more salient defect types such as nicks and tears led to
higher detection rates, while dents were often missed. Cleanliness further improved the
inspection accuracies, with the largest effect on nicks and tears, while dents showed a lower
but still substantial performance improvement on clean blades. In the case of non-defective
blades, however, the cleanliness made no difference (see Figure 17).

Figure 17. Effect of cleanliness on the inspection accuracy for clean and dirty blades.
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In passing, it may be worth noting that although dents are more difficult to detect
compared to tears and nicks, they are also less critical from a safety standpoint, since it is
unlikely that they would propagate and cause an engine failure. It is not impossible that
participants applied this tacit knowledge to the task.

In accordance with previous research [27], the gaze plots showed that most partici-
pants looked at salient features first as opposed to starting the inspection at a particular
location. If there was more than one defect present on a single blade, the less salient one
was quite often missed. Eye tracking revealed that the search was terminated straight after
the most obvious defect was found. This behaviour was found previously, but not further
explained [25]. This finding emphasises the idea of an underlying mental model based on
previous work experience. In practice, once a defect is found that validates the removal
of the part from service, the inspector stops the inspection and continues with the next
blade. This behaviour is further imposed by the inherent time pressure of the operations.
Searching for additional defects would add time non-valuably, and therefore, be wasteful
according to lean principles.

The comparison of findings to those of other studies [24,25,27] confirms that most
demographic variables were not correlated with inspection accuracy. In this work, the
non-significant parameters include work experience, previous inspection experience, ed-
ucation, and visual acuity. The effect of gender and age was not analysed in this study.
Spencer [25] found that previous experience in inspection had no effect on the inspection
performance; however, the overall work experience in the industry had indeed. This could
be indirectly seen in our results and interpretation as well, in the way that all participants
were industry practitioners with several years of experience and had a clear understanding
of the importance of finding critical defects (underlying mental model). As the results
show, there was no difference between their job roles or whether participants had previous
experience in inspection.

There was statistical evidence that on average, less time was spent on clean blades
compared to dirty ones. The gaze plots revealed that dirty blades had notably more
fixations compared to the same blade in clean condition. The reason might be that dirty
blades have more salient features that require careful consideration and more detailed
inspection to make a decision on whether the feature is a defect or an acceptable condition
such as a deposit. The increase in fixations explains the longer inspection times on dirty
blades compared to clean ones. The exit survey showed that most participants found the
inspection of dirty blades more challenging. This is backed up by the general literature
that agrees that an increase in fixation parameters implies a higher task complexity and
cognitive load [64,114,119–124].

Consistent with the literature [95,130] was the finding that inspection times varied
significantly between the different groups of expertise. As expected, inspectors were faster
than engineers and assembly operators. No significant difference between the latter two
groups was found. The gaze plots of inspectors (experts) showed the most structured search
with fewer fixations and revisits thereof, leading to shorter inspection times. Engineers and
assembly operators, in contrast, did not search systematically. The evaluation of their gaze
paths revealed that their eyes wandered across the stimuli in a crisscross pattern between
far off gaze points, causing greater distances between those. Ultimately, engineers’ and
assembly operators’ eyes had to ‘travel’ more, and thus those two groups needed more
time for the inspection. This was consistent for both clean and dirty blades, as shown
in Section 5.7 and Figure 18 below. The findings are consistent with earlier observations,
which showed that experts had a clear search pattern with fewer eye fixations and shorter
viewing times than novices [25,95,130].
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Figure 18. Effect of cleanliness on the inspection time for each group of expertise.

Surprisingly, the visual acuity of participants had an effect on their inspection time,
whereby participants without glasses inspected faster than spectacle wearers. No previous
work was found that has measured this effect. Most literature analysed the effect of visual
acuity on the inspection accuracy as opposed to inspection time, and found that they can
be positive, negative or not related, depending on the task [24,25,27].

Another interesting finding was that inspection accuracy and inspection time were
not correlated. While this is supported by the research of Spencer [25], in contrast, See [27]
found that longer inspection times led to higher detection rates, and Schoonard’s [95]
results showed that the fastest participants performed most accurately. The contradicting
findings indicate that the task and complexity might define the dependency and direction
of the effect. When reviewing the eye tracking data, we found that a long inspection time
can either represent a detailed search, which leads to a higher accuracy, or contrarily an
unstructured, almost chaotic search, with long distances between gaze plots and many
revisits thereof, but without any improvement in accuracy. Thus, the present results
support both the research of See and Schoonard. However, since the measured effect in our
study was in some cases positive and in some other negative, the odds ratio straddled 1,
and hence was not significant.

The results also show that participants were not able to make a reliable self-assessment,
as there is no correlation between their self-judgement and inspection performance (accu-
racy and time). These findings are somewhat surprising given the fact that other research
shows that higher confidence ratings indicate increased accuracies, and that lower con-
fidence ratings are associated with longer inspection times [27]. Given that an overall
confidence rating was acquired after the task was completed, confidence ratings for indi-
vidual blades could not be extracted. Measuring individual confidence ratings after each
inspection might provide statistical support to the findings of See [27].

With the help of eye gaze data, it was possible to identify the type of inspection
error that occurred when an incorrect inspection was made, i.e., whether it was a search,
recognition or decision error. This could not be extracted from the performance data [86].

6.2. Implications for Practitioners

This study shows that cleaning blades prior to inspection has the potential to signif-
icantly improve the inspection accuracy. The inspection time was also shorter for clean
blades than for dirty ones for all representative participants of this study (inspector, en-
gineer and assembly operator). Thus, it is recommended that MRO providers and blade
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overhaul shops consider the implementation of cleaning procedures prior to inspection
where feasible. Future research on reduced inspection times for clean blades could provide
further justification for the cleaning procedure.

The results and insights gained from this study could serve as informative guidelines
for any organisation performing inspection as part of their quality assurance system. It
could change the expectations of the achievable inspection performance of staff. Knowing
the limitations of visual inspection might lead to the consideration of improved visual
inspection techniques including inspection aids, or the application of other NDT techniques
for critical detect types where a higher detection accuracy is required to ensure a defect-
free state.

Eye tracking may provide a method for competency assessment and inspection per-
formance gaging between different inspectors within organisations and networks [127].
Another opportunity is to use eye tracking for enhanced training in the future [51,133]. Our
results and other research suggest that a systematic search strategy can improve inspection
performance [50,134–136]. Playing the eye tracking video of an experienced inspector with
a desirable structured and systematic search strategy to novices or inspectors who inspect
unseen parts for the first time could have a positive effect on their learning process and
search strategy, leading to improved inspection performance [65,133,137].

Furthermore, eye tracking might be used to measure and record an inspection novice’s
initial competence and track their improvement as they learn. It could also be used as
part of a certification process, whereby a set standard for inspection accuracy and search
strategy needs to be met. Typical industry practice is for staff to undergo classroom training
and a theory test, followed by hands-on experience on the shop floor. However, it is
up to the supervisor to decide when the trainee inspectors are ‘qualified’ to perform the
task on their own, and therefore the process is highly subjective. While this qualification
process only examines the basic understanding of visual inspection, it does not consider
the inspection accuracy. A quantitative performance assessment using eye tracking and in-
spection performance measures could overcome this limitation and provide a standardised
certification process that can be applied at any MRO service provider.

Visualisations of the gaze data (e.g., gaze plots) can help practitioners to understand
which inspection error occurred and caused missing a critical defect. This allows one
to implement or adjust training accordingly and helps to prevent the reoccurrence of
those errors.

6.3. Limitations

There are several limitations in this study. First, participants were asked to inspect
images of defective and non-defective parts as opposed to the actual parts themselves. From
comments made by the subjects, they would normally hold the part and be able to study it
from different orientations and feel the blade (damage) with their hands, which was not
possible for photographs. Our reason for using photographs was to provide the consistence
of presentation to multiple subjects. That is, when giving a dirty blade to 50 participants,
the deposit on the blade would fade away after a few participants, especially when they
rubbed off the deposit with their fingers during the inspection. This would have made the
results incomparable. Thus, images provided the best repeatability and a fair comparison
of inspection results. Additionally, some inspection tasks such as borescope inspection
or detailed confirmation inspection are screen-based, which provides further justification
for the chosen research design. However, we acknowledge that if the objective was to
conduct individual studies, then it may be preferable to use eye tracking glasses and 3D
presentation of the attention trajectory instead.

Second, the proportion of defective and non-defective parts did not represent the
common operational situation, where defective blades are much rarer. One exception,
however, is the inspection of FOD engines, where the number of defective blades is
significantly higher. Thus, the study represents the FOD engine situation, which is less
common but can still occur multiple times a year. The over-proportional amount of

155



Sensors 2021, 21, 6135 31 of 40

defective blades might have affected the ‘defect occurrence expectation’ (complacency) and
inspection behaviour of the participants in yet unknown ways [138].

Third, the time to perform the inspection task was not limited, which allowed the
participants to process at their own pace. In MRO operations, staff are frequently exposed
to working under time pressure, which was not represented in this study. The effect of
limited time could be explored in future research.

The participants of this study were recruited from one MRO facility, and hence the re-
search population was somewhat limited. Future research could expand the population and
include participants from different companies and countries to analyse any organisational,
cultural or educational factors.

For organisational reasons and due to limited participant availability, the study was
carried out during day and nightshifts. While we recognise the possibility that this could
have influenced the inspection results, we note that in practice, inspections are also per-
formed during the day and night time, and thus our study represents the operational
environment. However, since not all three groups were working on both shifts, a statistical
analysis of the effect of the working time shift was not feasible. It should be noted that all
participants took the inspection task seriously and provided positive feedback throughout,
stating that they enjoyed participating.

6.4. Challenges in Eye Tracking Technology

Eye tracking technology significantly advanced in recent years [42,139,140]. Nonethe-
less, there are still challenges with eye tracking, mainly in the area of data extraction,
evaluation and interpretation. The data preparation and analysis were laborious and
time-consuming processes that involved several manual steps, including: (a) creating
and labelling custom events, (b) replaying the recording and manually setting the cus-
tom events, (c) selecting a frame from for each stimuli and linking it to a time of interest
(TOI) and (d) visualising the eye tracking data by creating and customising heat maps or
gaze plots.

This process had to be repeated for each stimuli and each participant—in this study,
there were N = 2515 events and just as many TOIs. Since we chose a screen recording,
which allowed us to use the pen function of PowerPoint for defect marking, only a few
system-generated events (N = 4) and TOIs (N = 2) were generated automatically, i.e., the
start and end time, as well as the duration of the recording and calibration. While the
participant events (mouse clicks and key presses) were shown on the timeline, they still
required manual labelling and logging. This is a fundamental limitation of the eye tracking
hardware and software.

When the stimulus size varied (Figure 19a), there was an unexpected side effect that
needed to be taken into account, i.e., the human eye had to re-adjust to the new stimulus
size. The gazes and time required to readjust should not be included in the analysis.
This side effect only became apparent when we created the heat maps and gaze plots.
Without manual adjustment (Figure 19b), the last gazes from the previous stimuli showed
up on the next one. This problem was solved by manually adjusting TOIs and creating
an offset (result shown in Figure 19c). Again, this was a time-consuming and onerous
task, showing that even automatically generated time marks required manual adjustment.
While it was relatively simple to exclude the relevant gaze plots in our study (due to the
plain background), it would have been more challenging in situations where the stimuli
showed complex environments, such as the ones shown in [64].
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Figure 19. (a) Overlaid previous and next stimulus to show the transition of gaze plots from one to another. Gaze plot
(b) without and (c) with manual adjustment of the TOI. Note that there was no fading between stimuli (as may appear in
(a)). The opacity was adjusted manually for this paper to show both blades in one image.

Not only was the eye tracking analysis a laborious task, but also it was challenging
to keep track of the many markers and time stamps. A clear labelling strategy and well-
organised structure was required to keep track of all the eye tracking data (markers, events,
TOIs, heat maps, gaze plots, etc.), which are stored for all participants in the same project
file. As previous researchers have already pointed out, there is no automated process
or algorithm for the stimuli processing and eye tracking data analysis or interpretation,
which is one of the largest drawbacks of eye tracking [141]. This offers great potential
for future development and could make eye tracking more attractive to researchers and
industry practitioners.

It was found that it was difficult to compare different heat maps and gaze plots
quantitatively with each other to make a statement as to whether two search patterns were
similar or not. Each gaze plot and heat map was unique and differed from one participant
to another. Currently, the only possible option is the use of areas of interest (AOI) [142].
Those are particularly helpful for stimuli with multiple objects or areas that are clearly
separated, such as different elements of a website or user interface. The different gaze
paths might be compared based on the order the participants viewed the AOIs. In the case
of, e.g., three AOIs, there are 15 possible viewing orders—providing that an AOI was not
visited multiple times, otherwise the number of combinations would be infinite. While
this might work for a small number of AOIs, it is difficult to apply to stimuli that have no
clearly separable areas or stimuli with a large number of AOIs. The possible combinations
increase exponentially with the increasing number of AOIs, which significantly reduces
the likelihood of multiple participants having the exact same gaze order. The problem of
comparing gaze plots and heat maps quantitatively has not yet been adequately solved.

Eye tracking technology is not yet able to collect every participant’s eye movement
effectively. In N = 4 cases (8%), the eye tracker was unable to record the participants eye
gaze and eye recognition rates of only 40% or less were achieved. In one case, the eye
tracker failed to detect the participant’s eyes entirely (during the calibration) and thus the
participant could not participate. This limitation has to be considered in the sampling
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phase and when recruiting participants. Pernice and Nielsen [106] suggested adding a
23% fallout rate to account for any data loss due to failed eye recognition or calibration.
However, this remains particularly challenging, when only a limited amount of people,
e.g., experts in the field are available.

It is not within the capability of eye tracking to tell the researcher with certainty
whether the participant looked at something consciously or without any awareness. This
is when someone is ‘staring into space’ and lets their gaze wander without focusing on
anything particular. While this eye movement is recorded by the eye tracker, the technology
cannot differentiate between actively looking and wandering. Furthermore, peripheral
vision is not captured by eye tracking [143].

Eye tracking cannot explain why a participant looked at something. This reasoning is
up to the researcher and requires a combination of contextual knowledge of the task, and
understanding of the human vision, eye anatomy, visual perception, cognitive processing
and eye physiology [144].

Although eye tracking technology advanced significantly in the past years, recent
studies [145] show that the recording of the eye gaze is still very sensitive to head movement
and orientation. Eye tracking manufacturers claim that the quality of the collected data is
not affected by the head position, movement and orientation as long as the eyes are within
a recommended recordable area (headbox) and that high accuracy, precision and tracking
robustness is maintained independently [146]. Further, the manufacturer states that chin
rests are only required for e.g., micro-saccade studies [147]. However, research suggests that
significant precision, accuracy and data loss occurs if the head is in a non-optimal position
or orientation [145]. In our study, participants claimed that it was challenging to hold their
heads in a fixed position for the duration of the study, even when they were allowed some
head movement (within the headbox). Neck pain was a common complaint made.

Furthermore, participants found it challenging and tiring to look at the screen for the
duration of the study—particularly participants that did not work in front of a monitor
in their daily job. While this problem is not specifically related to eye tracking but any
screen-based study, it should certainly be considered when designing the study, e.g., by
including frequent breaks. The disadvantage of frequent breaks during eye tracking studies
is the need for a recalibration after each break [106].

6.5. Future Work

Several avenues for future research have been identified in the text above and are not
repeated here. The present study provided a self-paced task, and it could be interesting to
repeat the study but limit the available inspection time per blade. A difference in detection
accuracy would be expected between the three groups. Lower accuracies may accompany
shorter inspection times [148]. Another line of research could be to examine saccades, blink
rates, and pupil diameter. Tactile vs. visual inspection tasks could also be valuable.

From an operational perspective, the detection accuracy itself is not a good measure if
the inspection takes exceptionally long, and would cause a bottleneck in the production.
Conversely, a fast inspection time might also be a poor measure for the inspector perfor-
mance, since a short inspection time could lead to poor accuracies. Future work could focus
on calculating productivity based on inspection time and accuracy. Potentially, the risk
component could also be considered, i.e., defects that impose a higher risk of propagating
before the next engine shop visit.

There are several concepts that could be applied to automate the visual inspection
process in several ways. This could include personalised training based on the initial eye
tracking results and inspection competency to accelerate the transition from novice to
expert [149–151], monitoring of the visual expertise development [130,152], utilising the
eye tracking data to train an artificial intelligence system for automated defect detection
adopting the human’s search strategy and decision making [153,154], and a pre-warning
system indicating when an inspection error emerges during the search, recognition, or
decision-making process [155–157].
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There is a need to support human decision making during inspection [100,158,159].
The challenge is integrating human operators and inspection software.

7. Conclusions

This work makes several novel contributions. First, the inspection performance of
metal parts with complex geometries, namely engine blades, was measured in the form
of inspection accuracy and inspection time. This included the assessment of operational
defects caused by foreign object damage (FOD), including dents, nicks, and tears, but also
non-defective blades. Findings were based on images of parts, rather than the physical parts
themselves, and hence the tactile dimension of inspection was excluded from this study.

Secondly, the correlation between the cleanliness factor and the inspection results was
statistically and qualitatively analysed. While the findings regarding cleanliness may seem
self-evident, this is less obvious for industrial practitioners. Within the industry, there are
two prevalent schools of thought: (a) that a compressor wash prior to inspection washes
away all the evidence of the defect; (b) that deposits hide the defects, and hence cleaning
is valuable. This is a complex problem because of the variety of defect types. This work
makes a novel contribution by identifying the importance of cleanliness at least for nicks,
dents, and tears.

Moreover, the effect of self-confidence rating and other demographic variables on
the inspection time and accuracy was analysed. Additionally, eye tracking was used to
extract the search strategies for different levels of expertise and part cleanliness using
heat maps and gaze plots. This provided insights into the underlying cognitive and
attentional processes. Overall, the present study adds to the understanding of inspection
accuracies and search strategies of complex manufactured parts, not only in aviation, but
the manufacturing and maintenance industry as a whole. Eye tracking methods have the
potential to assist in the training of human operators for inspection tasks, and support the
continuous improvement of the processes.
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Abstract: Background—There are various influence factors that affect visual inspection of aircraft engine
blades including type of inspection, defect type, severity level, blade perspective and background colour.
The effect of those factors on the inspection performance was assessed. Method—The inspection accuracy
of fifty industry practitioners was measured for 137 blade images, leading to N = 6850 observations.
The data were statistically analysed to identify the significant factors. Subsequent evaluation of the eye
tracking data provided additional insights into the inspection process. Results—Inspection accuracies in
borescope inspections were significantly lower compared to piece-part inspection at 63.8% and 82.6%,
respectively. Airfoil dents (19.0%), cracks (11.0%), and blockage (8.0%) were the most difficult defects
to detect, while nicks (100.0%), tears (95.5%), and tip curls (89.0%) had the highest detection rates. The
classification accuracy was lowest for airfoil dents (5.3%), burns (38.4%), and tears (44.9%), while coating
loss (98.1%), nicks (90.0%), and blockage (87.5%) were most accurately classified. Defects of severity
level S1 (72.0%) were more difficult to detect than increased severity levels S2 (92.8%) and S3 (99.0%).
Moreover, visual perspectives perpendicular to the airfoil led to better inspection rates (up to 87.5%) than
edge perspectives (51.0% to 66.5%). Background colour was not a significant factor. The eye tracking
results of novices showed an unstructured search path, characterised by numerous fixations, leading to
longer inspection times. Experts in contrast applied a systematic search strategy with focus on the edges,
and showed a better defect discrimination ability. This observation was consistent across all stimuli,
thus independent of the influence factors. Conclusions—Eye tracking identified the challenges of the
inspection process and errors made. A revised inspection framework was proposed based on insights
gained, and support the idea of an underlying mental model.

Keywords: visual inspection; influence factors; impact factors; gas turbine engine blades; defect
detection; eye tracking; MRO; aviation; aircraft engine maintenance

1. Introduction

Aircraft engine components are subject to various internal and external factors such
as vibration, high temperatures, rotational speed, rubbing, corrosion, and foreign ob-
jects debris (FOD). All of these factors combined can cause internal stress and material
fatigue, which has the potential to cause part failure over time. Hence, to assure safe
operation, aircraft engines are inspected frequently either after a set amount of flying
hours (e.g., 15,000–20,000) or flying cycles, i.e., the number of flights from start to landing
(e.g., 5000–10,000) [1]. Rotating parts such as engine blades are subject to more wear and
tear compared to static components. Preventative maintenance and frequent inspection
can extend the life of those components, thus saving the airline material costs and reduc-
ing downtime. Visual inspection is the most common check-up of aircraft engines, as it
accounts for 90% of all non-destructive testing (NDT) [2,3].

In gas turbine maintenance, repair, and overhaul (MRO), engine blades are visually
inspected at different levels and under different inspection conditions. The first type of
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inspection, the so called borescope inspection, is used for internal examination of the
engine. A tubular device with a camera and light source at the tip is inserted into the
engine through borescope holes and the blades are inspected while the engine is turned
either manually or electronically. It allows for the inspecting of hard-to-reach areas under
magnification without requiring disassembly. This inspection type is characterised by a
dark environment with the borescope diode being the only light source, limited accessibility
and manoeuvrability of the borescope tip due to the engine design, overlapping blades,
and distorted images due to the wide angle borescope lens.

If a critical condition is found during borescope inspection, the engine gets subse-
quently disassembled and the parts are inspected on a work bench. During this piece-part
inspection, blades are presented one by one under somewhat ideal inspection conditions,
e.g., optimal lighting. It also allows for the inspecting of the blades from different perspec-
tives and on different backgrounds.

This paper contributes to the body of knowledge by addressing several gaps. Firstly,
the inspection accuracy in borescope inspection is assessed and compared to piece-part
inspection. Secondly, the detectability of defect types that have yet to be quantified was
evaluated, including bends, breakage, burns, coating loss, tip curl, and tip rub. Thirdly,
the effect of other influence factors such as defect severities, blade perspectives, and
background colour was analysed. This was worth doing because the gained insights have
the potential to improve the inspection processes and training strategies accordingly. The
results show significant differences for the type of inspection, defect type, severity level,
and blade perspective. No significance was found for background colour. Furthermore,
eye tracking was applied to understand the different search strategies, how the influence
factors affect the gaze pattern, and what inspection errors occurred. Lastly, a revised
visual inspection framework has been developed, taking into account the recognition and
judgement component.

2. Literature Review

The purpose of any inspection is to assure that an organisation’s products or services
meet a defined standard. Therefore, it is essential to understand how accurate the inspection
processes are, i.e., how well deviations from the standard are detected and serviceability
decisions are made. The most common measure for evaluating the inspection performance
is the inspection accuracy. It takes into account correct and incorrect inspections of defective
and non-defective parts. Previous studies analysed the inspection performance as part
of both quality assurance processes in manufacturing and serviceability inspections in
maintenance operations [4,5]. The achieved inspection accuracies range from 67% to
76% [6–8], and from 52% to 68% [5,9,10], respectively. In the aviation maintenance domain,
the inspection of several components including aircraft fuselage, cargo bays, landing gear
components and engine parts was addressed, and inspection rates of 42% to 87% were
reported [5,11–13]. Not all studies reported a specific detection rate, since it is dependent
on the defect type and size. Hence, for cracks and dents—the most common defects
investigated in previous studies—the results were commonly reported as probability of
detection (PoD) curves, which visualises the likelihood of detecting the defect (y-axis) as a
function of the defect size (x-axis) [14–18]. For such PoD curves, a minimum sample size of
N = 60 per defect type is required [19].

While it is important to know how accurate the inspection processes are, there is also
a need to understand why the performance is not 100%, i.e., what factors influence the
inspection performance and to what extent? Several works have identified the various
influence factors in visual inspection including individual (subject), physical and envi-
ronmental, task-related, and organisational factors [20]. An overview is provided in [21],
which was later complemented by additional factors by See [20]. Aust and Pons provided
an overview of factors affecting borescope inspection specifically, and grouped them by
Ishikawa’s 6M categories [22,23].
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Although the various influence factors were already identified, and their relevance
acknowledged, the quantification thereof remains difficult. Previous work on the vi-
sual inspection of composite materials focused on assessing the effect of lighting, defect
size, surface slant, paint colour and surface finish, part cleanliness, and inspection dis-
tance [14–17,24]. Furthermore, the effect of demographic factors on the inspection results
was evaluated, taking into consideration the work experience, professional certifications,
inspection training, education, visual acuity, gender and age. While the above factors were
assessed for dent and crack detection on flat composite panels, there might be differences
in blade inspection due to the more complex geometries, different material properties, and
surface coatings, leading to different defect types and severities [25].

There are several gaps in the body of knowledge, which will be addressed in the
following. A first study by Aust and Pons measured the inspection accuracy in piece-part
blade inspection under consideration of the cleanliness factor [13]. However, no previous
work was found that quantified the performance of borescope inspection. Moreover, no
other impact factors affecting blade inspection were quantitatively analysed.

Dent and crack detection received the most attention, while other defects such as nicks
and tears were only recently addressed [13]. There is still a range of defects that have not
yet been evaluated, such as bends, breakage, burns, coating loss, tip curl, and tip rub [25].
Most studies created the defects artificially using drop weights [14] and impact testing
devices [15]. While this is beneficial to control the defect size, it is limited to dull impact
damage such as dents. Other defect types such as tears, burns or coating loss are much
more difficult to create artificially as the results would look fairly different to real defects,
and thus would not be representative. Hence, there is a gap in assessing operationally
introduced defects of different severities.

Another factor that was analysed in previous studies was the surface slant and tilt
of composite aircraft panels [14]. The study focused on the effect of lighting and the
resulting reflection, shading and shadow cues. Hence, only a single, somewhat ideal
perspective was analysed. As proposed by the author, future work could focus on analysing
different perspectives from various angles. This might even be more worthwhile to do for
parts with more complex geometries such as compressor or turbine blades. Moreover, it
could provide additional insights that might be useful for advanced technologies such as
continuum robots [26–28].

The effect of colour was analysed in different ways. While one study assessed the
influence of the defect colour in woven fabrics [4], another tested whether the paint colour
of composite materials affected the inspection performance [14]. However, none of them
addresses the effect of background colour.

The different influence factors have yet not been analysed under eye tracking observa-
tion, except for cleanliness [13] and part complexity [4]. Eye tracking offers the opportunity
to gain a better understanding of the inspection process such as the various search strategies
that have been applied and how the different influence factors affected the gaze paths and
search patterns. This information cannot be extracted from the performance data (inspec-
tion accuracy). Furthermore, eye tracking allows identification of which inspection error
occurred. This has the potential to suggest remedies, thereby improving the inspection
quality and thus contribute to safety.

An alternative to eye tracking is the think-aloud method, whereby participants are
asked to verbally express what they are looking at while inspecting the parts. However,
in the light of blade inspection this much more difficult to do than in the typical usability
studies where participants navigate through a website with clearly separated elements.
Moreover, there is the risk that the verbalisation could hinder their thought process and
affect the performance significantly [29]. More drawbacks of this approach are outlined
in [29,30]. It should be noted that a substantial number of participants in the present study
were non-native English speakers. Thus, verbalising their search approach would have
added another layer of complexity. Eye tracking in turn provides a method to capture
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relevant data about the eye movement without any additional effort or actions required by
the participant.

3. Materials and Methods
3.1. Research Objective and Methodology

The study objective was to analyse the effect of different influence factors on inspection
performance. The variables admitted to the study were inspection type, defect type, severity
level, blade perspective, background colour, and demographic variables such as expertise.
Each one was analysed individually. The study was not designed to seek a correlation
between these various factors. This would have been a much larger research work.

The parts under examination were compressor and turbine blades of V2500 turbo
fan engines. The research sample comprised images taken of those blades with different
settings (background colour and blade perspective), as well as stills from the corresponding
borescope videos. The images were presented to industry practitioners under eye tracking
observation.

The approach taken in this work was hypothesis testing. The hypotheses are based
on the typical industry practice, which is understanding the effect of the factors on the
inspection accuracy. The results were analysed statistically and where applicable model
building was applied to each factor looking at the demographic variables.

3.2. Research Sample (Stimuli)
3.2.1. Part Selection

For this study, high-pressure compressor (HPC) blades were used, since these parts
are exposed to airborne contamination, debris on the runway, and wildlife causing foreign
object damage (FOD)—one of the main reasons for unscheduled engine shop visits. Due
to the current operational processes at our industry partner, only stages six to 12 were
available to us. Of those we collected 524 blades from different engines and airlines for
possible inclusion in this study. Only a portion of this catalogue could be used to minimise
the impact the study might have on the operational processes and productivity. Purposeful
sampling was applied (see Figure 1) which led to N = 80 blades (53 defective and 27 non-
defective). Non-defective refers to both undamaged blades and blades with acceptable
conditions. In this study we presented the participants with images of the blades to allow
for the specific assessment of each factor individually. All variables were held constant and
only the one factor to be analysed was varied. Hence, some blades were shown multiple
times with different image acquisition settings, i.e., the same part was shown with different
background colours. The same principle applies to the other factors. Thus, a total number of
137 images (118 piece-part images and 19 borescope stills) were presented to 50 participants,
leading to N = 6850 observations. This large dataset lent itself to statistical analysis.

While the main focus of this study lies on the inspection of HPC blades, we also
included a few high-pressure turbine (HPT) blades to analyse other defect types that only
occur in the hot section, such as burns, cracks, coating loss, and cooling hole blockage.

3.2.2. Part Preparation

The defective and non-defective parts were provided by our industry partner. The
defective parts were all scrap parts and hence could be used for our research without any
risk. When scraping a part, it is part of the inspection procedure to mark the defect with a
red pen and take a photograph of the blade for evidence. These markings however were not
helpful for the purpose of our study, since the part should be presented to the participants
in such a way as if it just came off the engine. Hence, these markings had to be cleaned
off. To maintain the dirty condition, including deposits and discolouration of the blade, we
removed the red markings in a manual process using methylated spirit and cotton buds. A
before and after picture is shown in Figure 2.
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Figure 1. Sample part selection process. The diagram purely serves illustration purposes and is not
drawn to scale.

Figure 2. (a) Part before and (b) after marking removal.

3.2.3. Image Acquisition

There are two levels of inspection we want to analyse, namely borescope inspection
and piece-part inspection. For borescope inspection, a set of stills was extracted from
the borescope videos that were recorded with a Mentor iQ borescope (manufactured by
Waygate Technologies, Shorewood, IL, USA) at our industry partner. The exported stills
contained technical and customer-related data such as engine numbers, which was blotted
out as it might have influenced the participants’ inspection.

To represent the on-bench inspection environment, a second set of images of single
blades was acquired in a self-built light tent with somewhat ideal lighting (Figure 3). This
provided flexibility to take images from different perspectives and with different coloured
backgrounds. A wooden template was used for repeatable positioning of the blade to
assure standardised blade orientations.
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Figure 3. Image acquisition setup comprising (1) three Superlux LSY LED ring lights, (2) self-built
light tent, (3) Slik U9000 tripod, (4) Nikon Macro lenses (AF-S Micro Nikkor 105 mm 1:2.8 G), and (5)
Nikon D5100 DSLR camera.

The acquired piece-part images and the extracted borescope stills were presented to a
bench-inspection and borescope inspection expert respectively to identify all safety-critical
defects. This was set as the ground truth for the analysis of the inspection performance.
The two experts defining the ground truth did not further participate in the study.

3.3. Research Population

The research population was the same as in [13]. A total of N = 50 participants(
MAge = 44.5 years; SDAge = 10.33 years

)
working in a V2500 engine maintenance, repair

and overhaul (MRO) shop participated in this study. Participants had 1.5 to 35 of years
of work experience in aviation

(
MWork Exp. = 17.7 years; SDWork Exp. = 9.4 years

)
. A de-

tailed overview of the participants’ demographics is provided in [13]. The study included
three groups of expertise, namely: inspectors, engineers and assembly operators in descend-
ing order. The inspector group includes both borescope inspectors and bench inspectors.
While the effect of expertise was already analysed in [13], other research in visual inspection
suggests that the performance of individual operators is task-dependent [16]. While the
task has not changed much, the inspection environment has.

3.4. Stimuli Presentation under Eye Tracking Observation

This study utilised eye tracking technology to record the participants’ eye movement
during the inspection task. The eye tracking setup is described in detail in [13]. To present
the images, we used PowerPoint 2016 (developed by Microsoft, Redmond, WA, USA), as
the pen function was beneficial for the recording of the inspection results, i.e., participants
were able to draw a circle around their findings using the mouse, which is somewhat
similar to the inspectors’ daily job. Moreover, the participants could navigate through the
presentation at their own pace. The time was not restricted, but we asked the participants
to perform as they would in their daily job.

The research sample (images) was presented in random order with regard to the engine
stage, defect type, defect severity, blade perspective, background colour, and inspection
type. Any possible learning or fatigue effect is distributed equally across the sample set.
However, piece-part images were presented first and borescope stills last, since mixing the
two does not represent the operational processes.

172



Aerospace 2022, 9, 18 7 of 40

3.5. Influence Factors
3.5.1. Inspection Type

The inspection environment varies significantly based on the inspection type (borescope
vs. piece-part). While the blades are fully exposed in piece-part inspection and can be inspected
one by one, the borescope inspection situation is much different and shows a high level of
variability (see Figure 4). For example, the lighting is limited to the integrated borescope LED
diode, and is absorbed differently depending on the cleanliness and coating. Moreover, the
view is restricted by the engine design and overlapping adjacent blades. While the expectations
towards borescope inspectors is to find every single defect in such a difficult environment, this
study intended to analyse the feasibility and measure the performance when compared to
piece-part inspection in a somewhat ideal environment.

Figure 4. Blade with nick on leading edge at different inspection levels: (a) borescope inspection;
(b) piece-part inspection.

Hypothesis 1 (H1). The inspection type affects the inspection performance.

3.5.2. Defect Type

Some defect types are more salient than others. Hence, there was an interest to
understand which defect types are most difficult to detect. The research sample included
airfoil dents, bends, blockage, breakage, burns, coating loss, cracks, dents, nicks, non-
defective blades, tip curl, tip rub, and tears. An overview of the different defect types
including a representative image and defect description can be found in [25]. While the
focus of this study lies on compressor blades, the inclusion of turbine blades in this sub-
study was inevitable in order to analyse additional defect types.

Another metric that is important when it comes to analysing different defect types
is the defect classification accuracy, i.e., how many defects have been correctly classified.
Correct classification is essential as it determines the service and repair action of that
blade. An incorrectly classified defect might be accepted or scrapped without justification
depending on the confused defect type. Since the detection of a defect is a prerequisite of the
defect classification, the classification accuracy is based on the correctly identified defects,
i.e., it provides a measure for the correct classifications of the correctly identified defects.

Hypothesis 2 (H2). The defect type affects the inspection and classification accuracy.
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3.5.3. Defect Severity

The defect severity is another factor that needs to be assessed. While it might seem
obvious that a larger defect size generally leads to a higher detectability, it is unclear yet
where the threshold is and whether some defect types are more difficult to detect than
others. A simplified defect categorisation was applied with the three defect groups being
airfoil defects (surface damage), edge defects with deformation, and edge defects with
material loss. Each defect was presented in three severity levels (Figure 5). A tiered severity
classification was chosen over a probability of detection (PoD) curve, since the latter would
have required a sample size of at least N = 60 per defect, and thus would have exhausted
the study. Moreover, the detection rates (probability) for each severity level can be fed back
into the defect detection risk framework in [31].

Figure 5. Different levels of defect severity from (a) lowest Level 1 to (c) highest Level 3. The defects
are highlighted by red circles.

Hypothesis 3 (H3). The defect severity affects the inspection performance.

3.5.4. Blade Perspective

Different levels of inspection allow for different viewing perspectives of the part. Thus,
there is a relationship between the level of disassembly and the defect manifestation [31].
There was an interest to understand which perspective(s) are most beneficial to detect
different defect groups (edge defects vs. surface defects). The insights could be useful
for future standardisation and automation. Eight different blade perspectives were tested
(Figure 6). The perspective nomenclature was adopted from [32].

Figure 6. Different blade perspectives with 45 degree intervals.

Hypothesis 4 (H4). The blade perspective affects the inspection performance.
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3.5.5. Background Colour

The motivation for analysing the background colour derived from industry. When
reviewing historic data of defective blades, we realised that quite a few of the blade
images were taking on a coloured background. When asking staff why they took those
images on a coloured background as opposed to a white work bench, they said that the
colour made the defects stand out more. This hypothesis that defects are more salient on
coloured background and lead to better inspection results was tested. If this hypothesis
could be proven true, the coloured background would be an easy and affordable way to
improve inspection.

The parts were presented on four different backgrounds including white, red, green,
and yellow (Figure 7). In the image acquisition process we used different sheets of coloured
paper, rather than post-processing the images and changing the colour artificially. The
paper was provided by our industry partner to represent the real situation as close as
possible. We also included different defect groups, i.e., surface defects, edge defects and
non-defective blades to understand whether certain defects are better visible on one colour
than another.

Figure 7. Blade with different coloured backgrounds: (a) chalky white (RGB: 229, 230, 232), (b) brick
red (RGB: 230, 99, 79), (c) mint green (RGB: 111, 194, 124), and (d) honey yellow (RGB: 241, 212, 59).

Hypothesis 5 (H5). The background colour affects the inspection performance.

3.6. Data Analysis

This study applied statistical hypothesis testing to analyse the five hypotheses H1
to H5 as previously outlined. Each hypothesis tests the effect of an influence factor on
the inspection performance. The inspection performance can be measured in Inspection
Accuracy and Defect Classification Accuracy. The primary measure in this study was
Inspection Accuracy, and is defined as the proportion of correct serviceability decisions
(true positives and true negatives) and the total amount of blades inspected. For the
assessment of the defect type an additional measure was introduced, namely the Defect
Classification Accuracy. The purpose was to analyse how accurately participants identified
the defect type after successful detection.

The independent variables assigned to this study were the five influence factors and
the following demographic variables: Expertise, Education, Previous Inspection Experience,
Work Experience, and Visual Acuity (Table 1).
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Table 1. Overview of demographic factors and levels thereof.

Demographic Factor Levels

Expertise Inspector, Engineer, Assembly Operator
Education University degree, Diploma, Trade Certificate
Previous Inspection Experience Yes, No
Work Experience in Aviation 1 to 4, 5 to 9, 10 to 19, 20 and more years
Visual Acuity Corrected vision, No corrected vision

Statistical methods were selected considering the type of data. Analysis of Variance
(ANOVA) was used to analyse each influence factor individually and provide a visual
representation of the direction of effects. When two categorical variables were assessed
(e.g., inspection type and defect type), a factorial ANOVA was performed. Subsequently,
the interaction of the multiple variables was analysed using generalised linear/non-linear
model building. This allowed the dependencies between the individual variables to be
elucidated. For example, there are complex interactions between blade perspective and
defect type. In the case of inspection accuracy, and again for classification accuracy, the
dependent variable takes values of 1 and 0, i.e., the decision can be correct (1) or incorrect
(0). Hence, logit odds ratio was applied in these cases.

4. Statistical Results
4.1. Inspection Type

The first factor that was analysed is the type of inspection, i.e., borescope and piece-part
inspection. Table 2 shows the inspection accuracy for each of them by group of expertise.

Table 2. Inspection accuracies by expertise group and inspection type (in percentages).

Expertise Borescope Inspection
M (SD)

Piece-Part Inspection
M (SD)

Inspectors (N = 18) 66.7 (13.0) 83.3 (10.1)
Engineers (N = 16) 63.4 (11.6) 82.1 (14.3)
Assembly Ops. (N = 16) 60.7 (20.5) 82.1 (12.2)
All participants (N = 50) 63.7 (15.3) 82.6 (12.0)

The results show that the average inspection accuracy improved throughout all groups
of expertise from borescope inspection to piece-part inspection. This was confirmed by an
ANOVA, F(1, 698) = 33.085, p < 0.001. To see whether this is consistent for all defect groups,
a Factorial ANOVA was subsequently performed and showed significance too, F(3, 692)
= 5.093, p < 0.002. Figure 8 highlights that the significant difference was predominantly
for non-defective blades and nicks, while the inspection accuracy was less affected by the
inspection type for dents and tears.

Dents were equally detectable in both levels of inspection with a tendency towards
better performance in borescope inspection. A possible reason could be the advantage
of the borescope lighting being quite focused and creating shades on the blade surface,
which may allow for better differentiation between dents (indentations) and deposits (offset
material), and thus an improved inspection performance.

As later discussed in Section 4.4., the blade perspective in borescope inspection (P3) is
most beneficial for detecting airfoil damage such as dents. Hence, this could have further
contributed to an equal performance in borescope and piece-part inspection.

It stood out that the inspection accuracy for non-defective blades was quite low in
both piece-part and borescope inspection. This could possibly be explained by staff of
high reliability organisations (e.g., in aviation) taking a conservative approach in favour
of safety, i.e., in the case of uncertainty it would be reasonable to remove the blade from
service. Another reason for the low performance might be the skewed research sample,
i.e., the amount of defective blades was disproportionately high compared to reality. Thus,
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participants may have been biased towards finding defects. Furthermore, participants knew
that they were under scrutiny and that their performance was recorded, which might have
further contributed towards a risk averse approach resulting in higher false-positive rates.

Figure 8. Effect of Inspection Type on the Inspection Accuracy for each defect group.

A Generalised Linear/Non-linear logit model for Inspection Accuracy with categorical
factors (Inspection Type, Expertise, Previous Inspection Experience, Education, and Visual
Acuity), and continuous predictor of Work Experience, showed the only significant factor
was Inspection Type (X2(1, 698) = 32.347, p < 0.001), which has already been discussed.

4.2. Defect Type

In this section the factor ‘Defect Type’ is analysed in detail. The inspection results
measured in detection accuracy and classification accuracy are shown in Table 3.

Table 3. Inspection accuracy and classification accuracy by defect type (in percentages).

Defect Type Mean Inspection Accuracy %
Mean (SD)

Mean Classification
Accuracy %
Mean (SD)

Airfoil dent 19.0 (31.8) 5.3 (25.8)
Bend 79.0 (30.5) 58.8 (41.7)
Blockage 8.0 (25.5) 87.5 (44.7)
Burn 79.5 (18.7) 38.4 (38.2)
Coating Loss 85.3 (24.4) 98.1 (8.7)
Crack 11.0 (29.1) 73.3 (50.5)
Dent 36.0 (32.0) 54.3 (49.9)
Nick 100.0 (0.0) 90.0 (30.3)
No damage 59.0 (23.0) 100.0 (0.0)
Tear 95.5 (6.1) 44.9 (22.2)
Tip Curl 89.0 (20.9) 84.1 (29.0)
Tip Rub 83.3 (16.8) 76.0 (30.6)

The statistical analysis using a Factorial ANOVA (Figure 9) revealed statistical signifi-
cance of defect type on the inspection accuracy, F(11, 1738) = 112.11, p < 0.001. The results
show that blockage, cracks, and airfoil dents were the most difficult ones to detect with 8%,
11% and 19%, respectively. The highest detection rates were achieved for nicks (100.0%),
tears (95.5%), and tip curls (89.0%). The defect classification accuracy was also dependent
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on the defect type, F(11, 1130) = 31.273, p < 0.001. Airfoil dents (5.3%), burns (38.4%), and
tears (44.9%) were the most difficult defects to classify, while the highest classification
accuracy was noted for coating loss (98.1%), followed by nicks (90.0%), blockage (87.5%)
and tip curl (84.1%). An interesting finding is that blockage had the lowest detection rate
(8.0%) while having one of the highest classification accuracies (87.5%). This implies that
participants who found this defect type knew exactly what to look for. The same effect can
be seen for cracks. Contrarily, tears had the second highest detection rate (95.5%), but a low
classification accuracy (44.9%). This is further discussed below.

Figure 9. Mean inspection accuracy and defect classification accuracy for each defect type.

Generalised linear/non-linear logit modelling around inspection accuracy and clas-
sification accuracy with Defect Type, Expertise, Visual Acuity, Education, and Previous
Inspection Experience as categorical factors and Work Experience as a continuous vari-
able showed that there was no correlation between the demographic variables and the
inspection or classification accuracy, respectively.

There was a need to understand which defects were misclassified and with what
other defect types they were confused. Figure 10 provides an overview of the actual defect
type (ground truth) and the classification thereof made by the participants. The correct
classifications of each defect type are highlighted in grey. The highest miss-classification
occurred for airfoil dents, burns and tears.

Airfoil dents (surface) are most commonly confused with dents (edges) potentially
due to their similarity in terminology and characteristics, while the difference might not be
known by inspectors. Even if adding the two types of dents, the accumulative classification
rate is still below 50% and offers great potential for improvement.

Burns are often confused with coating loss (31.6%) and breakage (28.2%), depending
on the amount of missing material. Tears in contrast have the widest range of confused
defect types with breakage (21.9%) and cracks (21.3%) being the most common ones. This
appears to indicate that defects were classified based on their visual appearance rather than
on contextual knowledge or by taking into account the potential root causes.

Breakage was added to Figure 10 under predicted class as a significant amount of
participants predicted this defect class. Since it was not pre-defined and there was no breakage
in the dataset, this class does not appear as a column under the ground truth. The ‘no damage’
column was added to the defect list as it provides additional insights of what participants
supposedly detected on non-defective blades, e.g., in 7.5% of the time a non-defective blade
was incorrectly removed from service because participants supposedly detected an airfoil

178



Aerospace 2022, 9, 18 13 of 40

dent. Most non-defective blades were incorrectly classified because of suspect tip rub (22.5%)
and nicks (18.0%), followed by coating loss (12.5%) and tip curls (12.0%).

Figure 10. Classification matrix showing the distribution of defect types that are often confused.

4.3. Severity

Three levels of severity (S1 to S3) were analysed and the inspection results of each
level grouped by the different defect categories are presented in Table 4.

Table 4. Inspection accuracies by defect group and severity level (in percentages).

Defect Group Severity Level 1
M (SD)

Severity Level 2
M (SD)

Severity Level 3
M (SD)

Airfoil defects (surface
damage) 30.0 (46.3) 76.0 (43.1) 98.0 (14.1)

Edge defects (deformation) 83.3 (37.4) 98.0 (14.1) 98.0 (14.1)
Edge defects (material loss) 74.7 (43.6) 96.7 (18.0) 100 (0.0)
All defects 72.0 (45.0) 92.8 (25.9) 99.0 (10.0)

It comes as no surprise that the inspection accuracy improved with increasing severity,
X2(2, 797) = 102.5, p < 0.001. The difference was measured between severity level one and
level two (Odds Ratio = 5.01, p < 0.001), and between level one and level three (Odds Ratio
= 38.5, p < 0.001). There was no significant difference between level two and three (Odds
Ratio = 7.68, p = 0.624).

Generalised linear/non-linear logit modelling revealed that both Defect Type (X2(2,
797) = 37.889, p < 0.001) and Expertise (X2(2, 797) = 9.585, p < 0.01) were correlated with
inspection accuracy. Surface defects were more difficult to detect than both types of edge
defects, i.e., with and without material loss. On average and across all three severity levels,
engineers showed the lowest inspection accuracy of 80.5% followed by assembly operators
(86.7%) and inspectors (88.2%). Figure 11 highlights that the difference specifically occurred
in severity level S1, i.e., engineers had an inspection accuracy of 61.6%, while both assembly
operators (73.2%) and inspectors (80.2%) performed better on smaller defects. No other
demographic factors were significant (all p > 0.129).
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Figure 11. Effect of defect severity on inspection accuracy for each group of expertise.

4.4. Blade Perspective

Eight different blade perspectives covering a 360-degree view of the blade were tested.
The inspection rates of each perspective are presented in Table 5.

Table 5. Inspection accuracies by blade perspective and defect group (in percentages).

Blade
Perspective

Airfoil Defects
(Surface Damage)

M (SD)

Edge Defects
(Deformation)

M (SD)

Edge Defects
(Material Loss)

M (SD)

No Damage
(Non-Defective)

M (SD)

All Blades
M (SD)

P1 98.0 (14.1) 100.0 (0.0) 10.0 (3.0) 58.0 (49.9) 66.5 (47.3)
P2 84.0 (37.0) 98.0 (14.1) 100.0 (0.0) 44.0 (50.1) 81.5 (38.9)
P3 100.0 (0.0) 96.0 (19.8) 100.0 (0.0) 54.0 (50.4) 87.5 (33.2)
P4 80.0 (40.1) 98.0 (14.1) 100.0 (0.0) 44.0 (50.1) 80.5 (39.7)
P5 38.0 (6.9) 20.0 (5.7) 100.0 (0.0) 46.0 (50.4) 51.0 (50.1)
P6 34.0 (47.9) 100.0 (0.0) 100.0 (0.0) 64.0 (48.5) 74.5 (43.7)
P7 64.0 (48.5) 46.0 (7.1) 100.0 (0.0) 66.0 (47.9) 69.0 (46.4)
P8 86.0 (35.1) 96.0 (2.8) 98.0 (2.0) 44.0 (50.1) 81.0 (39.3)

The results were statistically analysed, and the One-way ANOVA confirmed that the
blade perspective is significant for the inspection performance, F(7, 1592) = 14.772, p < 0.001.
Figure 12 shows that the inspection accuracy in P5 (51.0%) was significantly lower than in
any other perspective. Perspective P3 shows the highest accuracy with 87.5% and is notably
higher than P1 (66.5%), P6 (74.5%), and P7 (69.0%). Good results were also achieved in
perspectives P2, P8, and P4 with 81.5%, 81.0%, and 80.5%, respectively.

A subsequently performed generalised linear/non-linear logit model with Inspection
Accuracy as the dependent variable, Blade Perspective, Defect Type, Expertise, Previous
Inspection Experience, Education, and Visual Acuity as categorical factors, and Work
Experience as the continuous predictor revealed that besides the Blade Perspective the
Defect Type was a significant factor affecting the inspection accuracy, X2(7, 1592) = 94.771,
p < 0.001. No other demographic factor was significant. Thus, there was an interest to
understand what perspectives are preferable for which defect type. The mean accuracies
of all participants for the different groups of defects and perspectives are presented in
Figure 13. Edge defects with material loss (e.g., nicks) were the most detected defects
in any perspective except for P1 (10.0% detection rate). Airfoil defects (e.g., dents) and
edge deformation, (e.g., bends) in contrast, showed one of the highest detection rates in
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the P1 perspective with 98.0% and 100.0%, respectively. This highlights the difficulty of
standardising the inspection process, especially when no previous work has analysed the
perspective factor.

Figure 12. Effect of blade perspective on inspection accuracy.

Figure 13. Effect of blade perspective on inspection accuracy for each defect group.

4.5. Background Colour

Four different background colours were assessed to evaluate whether colour had any
effect on the inspection performance. The results for each colour is presented in Table 6.

There was no significant difference in inspection accuracy between the different colours
for the sample as a whole, F(3, 796) = 0.759, p = 0.517. A generalised linear/non-linear logit
model around inspection accuracy with Background Colour, Expertise, Previous Inspection
Experience, Education, and Visual Acuity as categorical factors and Work Experience as the
continuous predictor confirmed also that none of the demographical factors was significant.
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Table 6. Inspection accuracies by defect type and severity (in percentages).

Defect Type White
M (SD)

Red
M (SD)

Green
M (SD)

Yellow
M (SD)

Surface defects 80.0 (40.4) 86.0 (35.1) 86.0 (35.1) 82.0 (38.8)
Edge defects 100.0 (0.0) 100.0 (0.0) 100.0 (0.0) 100 (0.0)
No damage 30.0 (46.3) 38.0 (49.0) 22.0 (41.9) 46.0 (50.4)
All defects 77.5 (41.9) 81.0 (39.3) 77.0 (42.2) 82.0 (38.5)

Similar to previous influence factors, there was interest in understanding whether this
effect is consistent across all defect types, or whether one benefits more from a specific
colour than another. The factorial ANOVA in Figure 14 with inspection accuracy as the
dependent variable, and background colour and defect type as categorical factors shows
that for both airfoil defects and edge defects, the background colour had no significant
effect. For non-defective blades, however, the background colour affects the inspection
performance, F(6, 788) = 2.5287, p < 0.02. Green had the lowest mean inspection accuracy
of 22.0%, followed by white (30.0%), red (38.0%), and yellow (48.0%). The difference was
measured between green and yellow backgrounds (Odds Ratio = 3.02, p < 0.05), while
the performance improvement for white and red backgrounds was not significant. Yellow
was the brightest colour and while some participants stated it highlighted defects the best
(which was actually not the case for the research population as a whole), others complained
about the bright colour and that it was fatiguing for the eyes. This might explain why
there was a tendency towards less findings on yellow backgrounds, as well as for defective
blades, although not significant.

Figure 14. Effect of defect type on inspection accuracy for each background colour.

Another unanticipated finding was that participants tended to perform better on one
colour over the others, although this was not consistent across the research population.
Thus, it was hypothesised that there was a personal preference (intentionally or unin-
tentionally) that one or more colours are preferred, while others are not. This raises the
possibility that colour perception, including colour blindness, may be a factor. Individual
inspection results for each participant and colour are plotted in Figure 15. The results show
that 23 participants (46%) performed best on a specific colour, while the other three colours
lead to equally poor performances. Contrarily, 15 participants (30%) tended to have a least
preferred colour on which they performed worst. This finding was underpinned by the
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feedback provided by the participants, who had a clear opinion towards specific colours
(positively as well as negatively).

Figure 15. Effect of background colour on the individual inspection accuracy (without standard
deviation for legibility purposes). The diagram shows high personal preference for specific colours.

5. Evaluation of the Eye Tracking Data

The eye tracking data were analysed to gain insights into the inspection and influence
factors. More specifically, we wanted to understand why defects were missed, what search
strategies were applied, and what inspection errors occurred. Background colour was
the only factor that was not statistically significant and screening of the eye tracking
recordings showed no striking conspicuousness. Hence, the gaze plots and heat maps are
not presented here.

The way the two eye tracking outputs can be interpreted is as follows. Heat maps
highlighted the areas that attracted most attention and we used a traffic light colour
scheme whereby green indicates areas receiving scant attention (short dwell times) and red
highlighting indicates areas with the most attention (long dwell times). Areas that were not
looked at are not coloured. Gaze plots in contrast show the scan path, order of fixations,
and dwell times. A larger gaze plot diameter indicates a longer dwell time, and vice versa
for smaller gaze points.

One of the limitations of eye tracking is the restricted ability to quantitatively compare
heat maps and gaze plots between different sample groups and subject groups [13]. For this
reason and to present the findings in the most concise way, some representative samples
were selected and semi-quantitatively analysed in the following sections.

5.1. Inspection Type

The statistical analysis in Section 4 revealed that, overall, piece-part inspection led to
better inspection performance than borescope inspection of the same blade. A detailed
analysis of the inspection results revealed that this was true for 26.9% of the cases, while
65.1% of the time the same results were achieved in both inspection types. In 8.0% of
inspections, borescope led to better results than piece-part. This was predominantly for
non-defective blades, i.e., participants incorrectly marked more non-defective blades as
defective during piece-part inspection than in borescope inspection.

The eye tracking data were further analysed to better understand this effect. The
resulting heat maps for piece-part inspection in Figure 16 indicate that all participants
detected the defect during piece-part inspection. This was confirmed by their recorded
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defect markings. As expected, the bench inspector—having the most experience in blade
inspection—performed the fastest with 3.799 s. The borescope inspector took significantly
longer (15.402 s) and their inspection time was fairly similar to the engineer’s (14.912 s).
Thus, the latter two took around four times longer than the bench inspector. The longest
inspection time was measured for the assembly operator (39.224 s), which was 10 times
as long as the one of the bench inspector and 2.5 longer than the borescope inspector’s
and engineer’s.

Figure 16. Eye tracking results for piece-part inspection by expertise.

The gaze plots show the search path of each participant. The bench inspectors’ eye
tracking results show 11 fixations predominantly on the edges of the airfoil. The number of
fixations on the airfoil edges in the borescope inspector’s recording are similar to the bench
inspector. However, while the bench inspector did not even look at the root, the borescope
inspector spent half of the time inspecting the platform and root.

This is interesting for two reasons: firstly, because the root is exposed during piece-part
inspection and thus one would expect the bench inspector to inspect it. This might reveal
another issue with blade inspection, i.e., the term ‘blade’ is confused with the term ‘airfoil’,
and thus only the latter was inspected, while the root and platform was left out. Secondly,
this finding is interesting because the root is not visible during borescope inspection.
It might indicate the unfamiliarity of the borescope inspector with inspecting this part of
the blade, which might have led to a more detailed and thus longer inspection.

Furthermore, the gaze plots show that both inspectors’ focus lay on the edges, whereas
the engineer and assembly operator also inspected the airfoil surface. Some discolouration
and a negligible surface scratch close to the middle right edge particularly attracted their
attention, as can be seen in the heat maps. Additionally, the assembly operator focused on
the right corner of the platform with some acceptable chafing (within limits). Thus, we
conclude that with increasing experience, smaller, acceptable conditions are being ignored
and the focus is rather set on critical locations and defect types. Moreover, less experienced
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staff in visual inspection (engineers and assembly operators) tended to inspect the blade in
more detail and returned multiple times to re-inspect areas of interest.

Next, the eye tracking recordings of the same blade shown as for the borescope image
were evaluated. The resulting heat maps and gaze plots are shown in Figure 17. The
defect markings show that only the borescope inspector found and marked the defect.
None of the others classified the blade as unserviceable. However, the heat maps show
that all participants looked at the defective area for a while. Hence, it is likely that the
irregularity (defect) was noticed, but an incorrect decision was made in regards to the
serviceability of the blade.

Figure 17. Eye tracking results by expertise for the same blade shown in Figure 16 but now as
borescope image.
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The inspection times show that the borescope inspector was 1.640 s (21%) slower
than the bench inspector, followed by the engineer who was 2.4 times slower than the
bench inspector and 1.9 times slower than the borescope inspector. Similarly to piece-part
inspection, the assembly operator was significantly slower than the engineer, borescope
inspector and bench inspector, and required 3.5, 6.6 and 8.3 times longer, respectively.

The gaze plots of both the bench and borescope inspectors showed a similar number of
fixations, with 28 and 34, respectively. However, their scan paths differed significantly from
another, i.e., the bench inspector scanned the image in a zig-zag pattern, while the borescope
inspector followed a clear search strategy (further described below). The engineer made
50 fixations, and their gaze plots form two clouds: one around the blades in the centre of
the image and one around the vanes in the subsequent row. The assembly operator’s gaze
plot showed 146 fixations with no patterns or clusters, but an unstructured back and forth
eye movement.

The eye gaze visualisations show that shiny areas (reflections of the borescope light)
attracted the attention of the bench inspector, engineer and assembly operator, and that
those areas were inspected multiple times. This was different to the borescope inspector
and might be explained by pre-existing knowledge of the latter, i.e., there is no defect
information retrievable from reflections. It is further apparent that all participants except
the borescope inspector looked at the ceramic liners (top right corner). Equally, their
eyes dwelled at the manufacturing stamps, which suggests that the participants were not
familiar with those markings and unsure whether it was a defect. Finally, it is visible in the
gaze visualisation that the borescope inspector focused on the edges only, while the other
participants inspected surfaces such as the airfoil or the aforementioned liners.

The gaze plot of the borescope inspector was further analysed, as it indicated a quite
specific search approach that is worthwhile to highlight. As shown in Figure 18a, the
borescope inspector’s eyes fixated on the defective area straight away (gaze plot 2 to 4). The
search continued along the leading edge with some focus around gaze plot 8 (Figure 18b).
After the leading edge, the participant continued their search on the trailing edge shown
by gaze plots 9 to 12 (Figure 18c). This was followed by inspecting the platform (gaze plot
13 to 22 in Figure 18c,d). Finally, the leading edges of the subsequent blades were analysed
(Figure 18e,f). The borescope inspector specifically focused on the trajectory of the foreign
object after finding a defect on the foremost blade, i.e., from experience the participant
would expect damage on subsequent blades as well. This behaviour was observed for all
borescope inspectors and thus seems typical.

Overall, it stood out that for both inspection types (borescope and piece-part) the
inspectors had a more systematic and structured search compared to engineers and assem-
bly operators. The latter two showed a larger number of fixations, distributed across the
stimuli. The long saccades (distances) in combination with several revisits of the same area
led to long inspection times for both the engineer and particularly the inspector.

The bench inspector took 2.465 s (65%) longer in borescope inspection compared
to piece-part inspection. Similarly, the assembly operator required 12.648 s (32%) more
time in borescope inspection. Less surprising was the observation that the borescope
inspector was faster in borescope inspection. However, it was indeed surprising that
piece-part inspection took them twice as long, although only one blade was presented.
Another interesting finding was that the inspection times of the engineer for borescope and
piece-part inspection were almost identical, with only 0.144 s of a difference (<1%).

After reviewing the eye tracking data it can be concluded that the reason for the
lower inspection performance in borescope inspection did not stem from overlooking the
defect, but from incorrect decisions made, i.e., the defect was not recognised as a defect,
but as an acceptable condition. The gaze plots further indicate that non-inspecting staff
looked at more irrelevant features that might be visually more salient but not critical from
a safety perspective.

The direct comparison of the piece-part and borescope image of the same blade
revealed that the defect appears much bigger in borescope inspection than in piece-part
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inspection. Herein lies the possibility that either the defect is more likely to be detected
because it appears bigger, or, contrarily, the damage might not be marked as a defect because
the operator does understand the magnification effect and that everything appears bigger
in borescope inspection. Our results suggest that the magnification helped with recognising
the defect by all levels of expertise. However, the reason for the incorrect decision remains
unclear. Future work could address this question by using the think-aloud method to
gain additional insights.

Figure 18. Gaze plot of an experienced borescope inspector in 1.5-s intervals.

5.2. Defect Type

As the results in Section 4.2 show, the lowest detection rates were achieved for dents,
airfoil dents, cracks and blockage in descending order. While blockage and airfoil dents are
less critical from a safety perspective, the successful detection of cracks and dents on the
edges, however, is crucial. Hence, eye tracking was used to understand what caused the
low detection rates of cracks and dents, respectively.
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The cracked blade (Figure 19) showed a second defect, namely a burn. It is likely
that participants focused on this more salient feature and hence overlooked the crack. The
heat map and gaze plot in Figure 19 (left) confirm that the participant who missed the
crack spent quite some time focusing on the top left corner where the burn was located.
Furthermore, it becomes apparent from the gaze plot that the search was aborted once the
first defect was found. While this is generally an effective approach and favourable from an
operational perspective, it entails the risk that other defects that are more critical or require
a different repair action are being missed. While the serviceability decision might be the
same, the blade could have been removed from service for the wrong reason.

Figure 19. A blade with a crack (red circle) and burn (blue circle) was presented to participants. Heat
maps and gaze plots were created for a missed crack (left) and a detected crack (right).

The eye tracking data of a participant who detected both defects (including the crack)
shows that a more systematic and detailed search was performed with continuously in-
spection of the leading edge and tip of the blade from bottom to top, from left to right, and
back repeatedly (Figure 19, right). The detailed search required more time as the eyes had
to fixate on almost five times more areas as evident in the gaze plot.

In order to improve the reliability of visual inspection, it is necessary to understand
why the defect was missed and what inspection error occurred. Therefore the framework
introduced by Aust et al. [13] was utilised to determine the inspection error that might
have occurred. There are three types of inspection errors: (1) search error, (2) recognition
error, and (3) decision error. A search error occurs when the defective areas was not looked
at, i.e., the eye tracking data shows no gaze plots in that area. When the defective area
shows fixation points but they were below a set threshold, e.g., 600ms [33], then it can be
concluded that a recognition error occurred. If the gaze plot on the defective area is above
the threshold but the participant did not mark their finding and classify it as defect, then a
decision error arose.
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The dented blade in Figure 20 had a detection rate of 62% (31 participants), i.e., 19 par-
ticipants (38%) missed the defect. The evaluation of the eye tracking data shows that all
three types of inspection errors occurred. Of the 19 participants who missed the defect,
four (21.1%) did not look at the defective area (search error). The eyes of another eight
participants (42.1%) wandered over the defect location, but without recognising the defect
(recognition error). The eyes of the remaining seven participants (36.8%) dwelled for a
significant amount of time at the defective area with some returning to re-inspect the
indication multiple times. However, they decided that the finding is acceptable (did not
mark the defect) and thus a decision error occurred.

Figure 20. Blade with dent on the trailing edge (indicated by red circle). Heat maps and gaze plots
were created, highlighting the different inspection errors.
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The gaze plot analyses in Figure 20 indicates that the number of fixations and the inspec-
tion time T increases for each inspection error, i.e., T(search error) < T(recognition error) <
T(decision error). To test whether this was true for the entire research population, an ANOVA
was performed around inspection time and inspection error. It was found that there is a strong
correlation between the two, F(2, 19) = 44.182, p < 0.001. As shown in Figure 21, participants
who made a search error needed on average 3.710 s, while inspections leading to recogni-
tion errors took 8.659 s, and participants who could not decide whether the finding was a
defect or acceptable required 18.449 s. A generalised linear/non-linear normal log model was
constructed around inspection time. The results are presented in Table 7 and show that the
inspection times associated with all three types of inspection errors differ significantly from
each other. Hence, the inspection time might indicate what inspection error occurred.
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Figure 21. Correlation between inspection time and inspection error.

Table 7. Statistical model around the inspection time (Wald test and parameter estimates).

Effect Reference
Level

Level of
Effect Wald. Stat Estimate Lower CL

95%
Upper CL

95% p

Inspection
Error

Recognition
Error Search Error 14.2811 −0.817130 −1.24093 −0.393333 <0.001

Inspection
Error

Recognition
Error

Decision
Error 43.3729 0.786754 0.55261 1.020895 <0.001

5.3. Severity

As expected, the inspection accuracy decreased with decreasing defect severity. An
interesting finding, however, was that the inspection performance in the lowest severity
level S1 differed significantly between the expertise groups. As the analysis in Section 4.3
showed, inspectors were more accurate than assembly operators, who in turn performed
better than engineers.

The evaluation of the eye tracking recordings for the different expertise groups re-
vealed that there is a predominant error occurring in each group, and interestingly it is
a different type of error for each of them. Figure 22 shows that most inspectors made a
search error (57.1%), while engineers struggled to recognise the defect 80.0% of the time,
and two out of three assembly operators incorrectly classified the defect as acceptable
(decision error).
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The eye tracking data of the participants who missed the defect were further analysed,
and heat maps and gaze plots were created for a representative sample of each group and
for the predominant inspection error. The results are shown in Figure 23.

Figure 23. Eye tracking results for each level of expertise, highlighting the predominant inspection
error. Defect indicated by red circle.
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The eye tracking recordings of inspectors who missed the defect showed that a search
error occurred and that other features attracted their attention. This can be deduced from
the gaze plot in Figure 23, which clearly shows that the defective area was not looked at,
i.e., not showing any fixations.

One inspector stood out from the others, as the recording showed an extreme short
inspection time of 2.224 s. The eye tracking results revealed that this participant only
skimmed the blade, which is evident by the few fixations (N = 9), each under 283 ms and
thus below the recognition threshold. This phenomenon of an initial holistic scan prior to a
detailed search is already described in [13,33]. However, in this case the inspector did not
continue with a detailed search but rather continues inspecting the next blades and thus
missing the defect. This search behaviour was only observed for one of the inspectors and
thus is not representative for the expertise group.

The engineer’s gaze plot indicated that the participant focused predominantly on
the leading edge and thus missed the defect on the trailing edge. Their eyes scanned
the defective area early on (gaze plot 7) for 197 ms, but never returned to inspect it in
more detail. This infers that the participant did not recognise the defect and a recognition
error occurred.

The heat map and gaze plot of the assembly operator highlighted that the participant
looked at and recognised the defective area (red colour in heat map and large gaze plot #6).
However, they did not mark it as defective, which leads to the conclusion that a decision
error occurred. The presented blade is relatively dirty with deposits on in the airfoil. A
possible explanation for the decision error might be that the participants identified the
irregularity as a deposit on the edge as opposed to an edge defect.

Another interesting finding from the eye tracking data is a notable difference in
inspection time between the three groups. The inspector was 3.232 s (31.5%) faster than
the engineer, who was 6.952 s (40.4%) faster than the assembly operator. Consequently, the
inspector was 10.184 s (59.2%) faster than the assembly operator. This aligns with previous
studies [13]. It also matches the findings in Section 5.2, whereby search errors are associated
with short inspection times, while decision errors are linked to long inspection times.

When comparing the eye tracking results of the three expertise groups it becomes
apparent that the gaze plots varied significantly. While the scan path of the inspector
showed fewer gaze plots and a more systematic search in a counter clockwise circle, the
engineer’s gaze plot exhibited more fixations, predominantly on the leading edge. The
assembly operator in turn inspected the entire airfoil and root of the blade in an unorganised,
almost chaotic way. Nonetheless, the more detailed search led to recognition of the defect,
although the serviceability decision was incorrect, i.e., the defect was classified as acceptable
(decision error).

5.4. Blade Perspective

The statistical analysis revealed that perspective P3 is overall the best viewing per-
spective for defective and non-defective blades. However, the inspection accuracy is still
not 100%, and the eye tracking data were further analysed to understand why even the
optimum perspective led to missing the damage. Figure 24 shows the heat maps and
gaze plots of two representative participants who missed a bend on the leading edge. The
inspection times and number of gaze plots of the two are fairly similar and do not stand
out from other participants who detected the defect. Thus, no conclusions can be drawn
from these quantitative numbers.

The first participant looked several times and for quite a while at the defective area, as
evident in the heat map and gaze plot (Figure 24, left). This means that a decision error
occurred, which could have been caused by insufficient training or inexperience. In the
second case, the heat map (Figure 24, right) shows that the first area the participant looked
at was the defect. The participant did however continue the search immediately without
spending much time on it. However, based on a dwell time of 517 ms it can be assumed
that the feature was recognised.
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Both cases confirm that perspective P3 is beneficial for detecting deviations and that
missing the defect was caused by incorrect decision making rather than due to visual search
capabilities or inappropriate search strategies.

Figure 24. Two participants missed the defect from the most favourable blade perspective.

6. Discussion
6.1. Summary of Research Findings and Comparison with Other Studies

In this study the effect of different influence factors on the inspection performance was
evaluated. Statistical analysis was used for screening of the significant effects, followed by
semi-quantitative assessment of the eye tracking data to gain additional insights into the
inspection process. The tested hypotheses are summarised in Table 8 along with a brief
overview of the results. The findings are further discussed and compared to other studies
in the field.

6.1.1. Inspection Performance

Overall, an inspection accuracy of 75.5% across all influence factors was achieved.
This is comparable to the inspection performance reported for other maintenance activities,
ranging from 53% to 77% [9,13,34]. Similar accuracies were measured in the manufacturing
industry and range from 45% to 76% [6–8,35,36]. Interestingly, the performance seems
to settle around the 80% mark, independent of the industry, inspecting part, and defect
type (manufacturing or operational). This suggests that there may be a natural limit to
human performance.

The results show that the inspection rates in borescope inspections are significantly
lower than for piece-part inspection with 63.8% and 82.6%, respectively. This was consistent
for all three groups of expertise. Since it is the first study that quantifies the borescope
inspection performance, no comparison to the literature could be made.
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Table 8. Research hypotheses and findings.

Hypotheses Findings

H1 The inspection type affects
the inspection performance.

Accepted. Piece-part inspection showed a
higher inspection rate than borescope
inspection.

H2 The defect type affects the inspection and
classification accuracy.

Accepted. Nicks, tears, and tip curls had
the highest detection rates, while
blockage, cracks, and airfoil dents were
the categories more often missed. The
classification accuracy was highest for
coating loss, nicks, blockage, and tip curl.
Airfoil dents, burns, and tears were most
difficult to classify.

H3 The defect severity affects the inspection
performance.

Accepted. The inspection accuracy
decreased with decreasing severity and
the critical threshold was identified
between severity level S1 and S2.

H4 The blade perspective affects
the inspection performance.

Accepted. Perspective P3 lead to the
highest accuracy, while P2, P4, and P8
also achieved good results. The worst
perspective was P5.

H5 The background colour affects
the inspection performance.

Rejected. The background colour had no
impact on the inspection performance.

Assessment of the defect types revealed that some defects are more difficult to detect
than others. Airfoil dents (19.0%), cracks (11.0%), and blockage (8.0%) showed the lowest
detection rates, while nicks (100.0%), tears (95.5%), and tip curls (89.0%) had the highest.
This supports previous research whereby salient defects such as tears had a high detection
rate and surface defects (e.g., airfoil dents) were often missed [37]. This was consistent for
different inspection methods including visual and visual-tactile inspections [37]. Megaw
and Richardson [4] pointed out that knowing the critical defects and their appearances can
lead not only to better search strategies, but also to higher inspection performances. This
corresponds to the comments made by some participants of the present study (mainly non-
inspecting staff), who stated that a defect list with a description and sample photograph
would have been helpful to better detect and classify defects.

The classification accuracy was also dependent on the defect type. While airfoil dents
(5.3%), burns (38.4%), and tears (44.9%) showed the lowest performance, coating loss
(98.1%), nicks (90.0%), and blockage (87.5%) were most accurately classified. Across all
defect types an average classification accuracy of 62.3% was achieved, which is higher
than the 39.1% reported in previous work [37]. This could be due to the current study
having a larger research population and sample size with a bigger variety of defect types
with a more distinct manifestation. Examination of the classification results identified
specific confusion between defect types. The biggest confusion occurred between dents
and nicks, with 45.7% of dents being classified as nicks. This is in alignment with previous
findings [37] where tears were often confused with breakage. In the present study 21.9%
of tears were confused with breakage, and 21.3% with cracks. The present findings show
that bends are the most common defect type that that is confused with tip curl in 11.5%
of the cases and reflects previous findings [37]. None of the other defect types and their
misclassification distribution were previously analysed.

A study by Spencer [16] found that if an area had two defects, e.g., in the case where
one defect propagated to another one, the inspectors would name only one or the other. In
the present study we found that multiple participants understood the propagation well
and verbally expressed the propagation of the defect. Since they were asked to select only
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one defect type, they would naturally choose the worst one as it validates the removal of
the part from service.

During the study, the researchers noted that several participants described defects with
their own terminology, e.g., they were calling a nick a ‘notch’. Moreover, defects tended to
be classified based on their visual appearance rather than on contextual knowledge or by
taking into account the potential root causes. Hence inconsistency was found in the use of
defect terminology. Many participants were ignorant, causing inability to discriminate the
defects. Appropriate training and a standardised defect taxonomy might offer potential to
improve the classification accuracy, see also [25].

Defects of severity level S1 (72.0%) were more difficult to detect than severity level S2
(92.8%) and S3 (99.0%). Previous studies [14–18] reported the detection performance in the
form of probability of detection (PoD) curves, which cannot be compared to our findings.
However, it is generally accepted that with increasing defect size, and thus severity, the
likelihood of detecting the defect increases [15].

The blade perspective had a significant effect on the inspection performance with
the best perspective being P3 (87.5%) followed by P2, P8, and P4 with 81.5%, 81.0%, and
80.5%, respectively. The worst perspectives were P5, P1, and P7 with 51.0%, 66.5%, and
69.0%, respectively. Megaw and Richardson [4] analysed the perspective factor in visual
inspection of electrical connectors. Those authors determined the best perspective based on
eye tracking parameters, namely fixation times and number of fixations, while we ranked
the different perspectives based on the inspection accuracy. Several studies [14,15] assessed
the effect the tilting angle of flat composite panels has on the detection rate of surface
dents. The main difference to our work is that we analysed the perspective based on an
incremental rotation of the part as opposed to tilting. Moreover, in [15] the angle between
light source and panel surface changed with changing tilting angle, thus a combination of
angle and lighting effect was assessed. While the results are not comparable to our study, it
might provide an opportunity for future research, i.e., to assess the effect of illumination
including light source angle and distance, colour temperature, and luminous flux. An
interesting finding is that the identified favourable perspectives of the present study are
also beneficial for automated inspection systems such as the one in [32]. Both the human
and software apply (computer) vision for the visual search and inspection task. We propose
that the perspective highlights a variety of edge and surface defects and thereby contributes
to visual perception and recognition.

Surprisingly, the background colour had no significant effect on the inspection accuracy.
This is contrary to other studies [4,14,15]. Waite [38] found that surface damages are easier
to find on green painted composite panels. In the present study, the green background
colour showed the highest positive-rate (TP & FP) and was significantly higher compared
to the white background, F(3, 796) = 2.315, p < 0.05. However, due to the high false-
positive rate, the inspection accuracy was overall the lowest. Hence, it can be said that
a green inspection background is beneficial for detecting any irregularities that require
further investigation, while it is less favourable for making a serviceability decision as it
leads to a high rejection rate of serviceable (non-damaged) blades. Another interesting
finding of the present study was that there seems to be a personal preference towards one
colour or another, but without a clear tendency towards a specific one for the research
population as a whole.

This study generally found no correlation between expertise and inspection perfor-
mance (accuracy). The only difference measured was in severity level S1, i.e., blades
with very small defects, which accounts for 8.75% of the research sample. In this specific
case, inspectors performed best (80.2%), followed by assembly operators (73.2%), with
engineers performing the worst (61.6%). The general observation of the present work is
supported by several studies [13,16,35,39]. The S1 finding is also consistent with other
research [15,40]. This shows that the general literature is ambiguous about the effect of
the expertise. The lowest severity level S1 was perceived as most challenging according to
participants’ comments. Thus, the significance of expertise in this case might be explained
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by the task difficulty, i.e., the more challenging the inspection, the more important the
previous experience and contextual knowledge.

The statistical analysis revealed that none of the demographic factors had a significant
effect on the inspection performance (with expertise being the only exception in the severity
sub-study, as discussed previously). This is in line with the earlier literature [8,13,15]
that found that demographic variables such as work experience in the industry, previous
experience in inspection, education, certification, and visual acuity did not affect the
inspection performance. It is possible to conclude that there are other personal factors that
need to be considered, such as visual perception capabilities that go beyond the sole visual
acuity, e.g., search strategies or cognitive feature recognition. Furthermore, there might be
a knowledge component affecting the serviceability decision and thus performance. Since
the years of work experience in the industry seem to have no effect, the knowledge might
be individually developed and could have been influenced by previous training.

6.1.2. Inspection Approach

Assessment of the eye tracking data in the form of heat maps and gaze plots showed
the complexity of borescope inspection compared to piece-part inspection in the form of
longer inspection times and the larger number of fixations. This is in alignment with the
general literature, which agrees that an increase in eye tracking parameters indicate more
complex tasks and a higher cognitive workload [40–47].

The eye tracking recordings further showed significant differences between the dif-
ferent groups of expertise, which was in accordance with previous work [13,35,39,48]. A
review of the gaze plots revealed that inspectors made fewer fixations than engineers
and assembly operators. Moreover, it was apparent that bench inspectors in piece-part
inspection and borescope inspectors in borescope inspection, respectively, applied a sys-
tematic search strategy with clear focus on the edges. Engineers and assembly operators,
in contrast, inspected the blade in an unstructured way. Their gaze plots showed widely
spread fixations across the stimuli and multiple revisits of the same areas. This could
indicate a level of ‘technical anxiety’.

There is a relationship between the number of fixations and inspection time, i.e.,
more fixations mean additional dwell time for each of those and more ‘travelling’ (time)
for the participants’ eyes between the fixations [4,13]. Therefore, it was not surprising
that inspectors performed the fastest, while engineers and assembly operators required
more time. Comparison of the findings with those of other studies confirms that experts
have a clear search strategy with fewer fixations and thus shorter times compared to
novices [13,16,35,39].

Consistent with the literature [8,13,16], this research found that participants looked
at salient features first and most often. If a blade had more than one defect, participants
tended to detect the most obvious one, while less salient defects were missed. The results
further support the idea of an underlying mental model introduced in [13], i.e., previous
work experience and contextual knowledge influences the search focus and inspection
approach. This was observed in several ways:

Firstly, as previously discussed, inspectors (experts) focused on the blade edges, these
being the most critical areas. With experience, they might have developed their individual
inspection patterns, e.g., visual circuits with focus on areas where defects usually appear.
These findings are consistent with those of Spencer [16], who concluded that experts
develop an expectancy of where to find defects. Therein lies the risk that the inspection is
performed too rapidly due to high self-efficacy (over confidence) and following a deeply-
rooted approach, whereby only suspect areas are inspected, rather than the entire part. This
behaviour might explain why in the present study the most common inspection error made
by inspectors was a search error, i.e., the defective area was not inspected, possibly because
the participant did not expect a defect at this location. This could further explain why their
inspection performance was not significantly better than any of the other groups.
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Secondly, if a defect was detected that justified the removal of the part from service,
then the search was aborted and the next blade was inspected. Working in an environment
under time pressure imposes this behaviour further. Industry practitioners understand
the time constraints and aim to work efficiently. Hence, searching for additional defects
on a blade that has already been identified as unserviceable would be a non-value adding
activity and considered as ‘waste’ according to lean principles.

Furthermore, inspectors were able to distinguish defects from other conditions such
as deposits or reflections of the borescope light. This could be seen in their eye tracking
recordings, whereby the gaze plots showed no fixations in areas with conditions, but rather
a clear focus (fixations with long dwell times) on the defect.

An interesting finding was that borescope experts inspected anticipatorily, i.e., when
a defect was found on the foremost blade (edge), they drew an imaginary trajectory of
the foreign object that caused that defect and searched for any damage on the subsequent
blades along that trajectory. Figure 25 shows the defect markings of a borescope inspector
(red circles) and the trajectory (blue line, added later for better understanding). This search
behaviour was only observed for borescope inspectors and could have been consciously or
subconsciously undertaken.

Figure 25. Inspection results of a borescope inspector (red circles) and foreign object trajectory
(indicated blue line).

The results show that eye tracking can be used to identify the occurring inspection
error of each individual operator and thus areas of improvement. For example, search
errors are visible in the gaze plots in the form of missing fixations in the suspect area.
The visual locus does not overlap with the defective area. If participants fail to pause
their search to look at an irregularity, a recognition error occurred. The gaze plot shows
short fixations below the recognition threshold. It appears that recognition errors often
occur in situations where people get distracted by other, more prominent features like
reflections, deposits or other defects. When the defect was detected but misjudged as being
an acceptable condition, then a decision error was made. This is related to the classification
ability and understanding of the quality systems.

An interesting finding was that each expertise group tended to make a different in-
spection error. Inspectors were prone to search errors, while engineers did not recognise
anomalies and continued their search without pausing. Assembly operators struggled to
differentiate between defects and conditions, indicating the lack of contextual knowledge
and experience in inspection. Moreover, this study found a correlation between the inspec-
tion time and type of error. Both findings were not previously reported in the literature
and add to the understanding of visual inspection.

197



Aerospace 2022, 9, 18 32 of 40

6.2. Towards a Revised Visual Inspection Framework Including Inspection Errors

The existing framework for visual inspection entails five functions: Initiate, Access,
Search, Decision, and Response [34,49]. This concept may need to be reconsidered in
the light of the present findings and previous research [13], taking into account the eye
tracking observations.

Firstly, the current results show the importance of the visual locus in the search phase,
i.e., the specific search strategy for the preferred retinal locus that the operator selects
(perhaps unconsciously) to guide their eye movements. Secondly, the decision component
in [34] has been replaced by two processes, namely a recognition and a judgement activity.
The recognition comprises ontological knowledge of defect terminology and discrimination
ability of irregularities. This is different from the search and the decision phase because
search is motoric, i.e., physical movement of the eye, while recognition is cognitive, i.e., the
brain processes information and pauses once an alarming feature is found. Thus, the
recognition phase is added as an individual step to the inspection framework. Thirdly,
the judgement phase requires knowledge of the serviceability conditions and includes
an accept-reject decision. If required, a closer inspection might be performed before the
defect is confirmed. In the case of borescopy this might involve replaying the video, and
re-searching for other visual diagnostic clues. For inspection more generally this might
involve looking at the part from other perspectives, tactile inspection, use of magnification,
or commitment of the part to another non-destructive test (NDT). Errors in the judgement
activity correspond to the ‘decision errors’ in the above text. Fourthly, the inspection
process finishes with the completion of the inspection task, making it a continuous process
(see Figure 26). The different process steps of the proposed visual inspection framework
are further described in Table 9.

Figure 26. Visual Inspection Framework.
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Table 9. Description of the Visual Inspection Framework exemplary for borescope inspection.

Process Step (Hazard) Process Description Potential Error (Top Event) and
Possible Causes (Threats)

Tasks in the Example of
Borescope Inspection (Barriers)

1. Initiation

Inspection workplace setup and
part preparation. Provision and
setup of required inspection tools.
Comprehend standard working
procedure (SOP).

Initiation error:

• Incorrect part preparation
• Inadequate, missing, or

non-compliance with
procedures

• Inadequate setup
knowledge

• Incorrect, inoperative, or
non-calibrated tools

• Inadequate inspection
environment

Pre-wash engine, select
appropriate borescope tip and
correct camera settings, read and
comply with engine manual and
standard work procedures.

2. Access

Locate inspection area and gain
access to location. Ensure best
possible position for reliable part
inspection.

Access error:

• Incorrect part accessed
• Incorrect part presentation

(distance, angle, or lighting)
• Part or surrounding

components damaged
during access

Remove borescope hole plug,
insert borescope, and manoeuvre
borescope into appropriate
location for blade inspection.

3. Search

Comprehensively scan the part
and systematically search for any
irregularity. Ensure an adequate
search strategy covering the entire
stimulus is used.

Search error:

• Inappropriate search
strategy

• Inexperience staff
• Human factors, e.g., fatigue
• Operational time pressure

Start video recording, initiate
engine rotation, and search for
any damages on the blade.

4. Recognition

Process visual information and
perceive indications of possible
anomalies. Recognise that the part
differs from its ideal condition
and discriminate against other
possibilities.

Recognition error:

• Indication missed
• False memory of ideal part
• Distracted by other (more

salient) features
• Human factors, e.g., fatigue

Pause engine rotation if indication
is found. Inspect finding in detail.

5. Judgement

Classify indication as condition or
defect. Determine defect type and
compare finding to corresponding
limits in standard. Decide
whether finding is within limits
(acceptable) or outside limits
(reject).

Decision or judgement error:

• Irregularity forgotten before
decision is made

• Misclassification of
indication

• Misjudgement or incorrect
measurement of indication
size and location

• Incorrect comparison to
standard

Decide whether the finding is
acceptable or needs to be repaired,
i.e., whether an engine tear-down
is required.

6. Response
Record and report findings.
Complete inspection
documentation.

Response error:

• Findings not reported
• Incorrect documentation
• Task not signed off

Take a picture (snapshot) of the
paused borescope video, report
finding (classify defect and
location). Repeat from step 3 until
all blades are inspected.

7. Completion

Remove equipment from
inspection area and return to
storage for next use. Release part
to next process in accordance with
inspection outcomes (e.g., repair).

Completion error:

• Misinterpretation of the
reported findings

• Incorrect action performed
• Incomplete action

Remove borescope and re-install
borescope plug. Repeat from step
2 until all stages have been
inspected. Continue maintenance
procedure, e.g., engine tear down
and repair.

The inspection framework can be used as an operational guide and can be represented
in two ways: (a) as a table, or (b) graphically as a bowtie diagram. The two representations
are complimentary and could be used for different purposes, i.e., to express different
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information. While the table can be used as a checklist to manage the inspection task, the
bowtie diagram allows representing barriers and escalation factors in a concise way that is
easy to communicate and to understand, which may have benefits for training. Moreover,
the bowtie diagram allows for the colour-coding of the barrier to show their effectiveness,
and using the 6M framework to further explore other contributing factors [22].

A bowtie diagram was drawn for the first process step (Initiation) to exemplify the
concept, see Figure 27. The process step forms the hazard of the bowtie diagram and the top
event is the inspection error that can occur in this step. The threats are any inherent risks in
the process that can cause an inspection error, e.g., incorrect part preparation or incorrect
equipment. Any procedure that is part of the process can act as a barrier, e.g., compressor
wash or selecting an appropriate borescope tip. Moreover, preceding procedures, such as
appropriate training, can be included as barriers. If a task is performed incorrectly and the
barriers fail, an error occurs. It can cascade through the subsequent processes, causing an
incorrect serviceability decision (e.g., missing a defect), ultimately affecting part reliability
and operational safety. The development of a bowtie representation of the visual inspection
framework is not the key objective of this paper, hence only the ‘Initiation’ phase is shown
here. There is an opportunity for further research.

Figure 27. Exemplary Bowtie Diagram for the first step of the inspection process.

In this study there were cases of defects being missed. It should be noted that from an
operational perspective, a missed defect is not necessarily a safety issue. This is because the
safety consequences are also affected by defect type, size, and severity. For example, a crack
might cause a blade to fracture and result in a catastrophic engine failure, whereas the much
larger feature of an airfoil dent might merely decrease the fuel efficiency of the engine.
Furthermore, the safety outcomes are moderated by regular inspection. From a safety
perspective the fundamental objective is that any blade condition that could propagate to
a dangerous state during the next engine tour (before the next regular engine shop visit),
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should be removed from service before that tour begins. Hence, the minimum inspection
requirement is for the operator to ensure that the blade under examination does not have
any such conditions. However, this is a complex serviceability decision because of the
aforementioned interaction between defect type, size & severity. There are heuristics for
this decision, as represented in the engine manuals, but nonetheless a judgement must be
made by the operator. It is natural that operators will use the precautionary principle when
applying their agency, i.e., err on the side of rejecting a blade rather than risk the adverse
consequences to the engine, aircraft, and passenger.

Being a high reliability industry, operators are conditioned by their training and the
work culture to make safety-conservative decisions. Nonetheless, missed defects do occur.
At a first approximation it can be assumed that this is a genuine slip, lapse or mistake, rather
than perverse agency [50]. The eye tracking analysis was useful in identifying where the
people gazed relative to the defect, and this informed the development of the revised visual
inspection framework. Specifically, we noted that one cause of missed defects was related
to the search—recognition—decision error progression (see Figure 23 and related text). We
noted a variety of visual search strategies, even within one group of operators, not all of
which were effective. In other cases participants looked at a defect, even for some time,
but did not classify it as a defect in the end (serviceability decision error). We tentatively
suggest that a way to protect against missed defects might be to more deliberately talk
about visual search strategies and decision errors when training operators.

It was also apparent from the eye tracking results that borescope inspectors were all
using a similar search strategy of examining the edges (see Figure 18). This was generally
effective and efficient. However, it should be noted that the serviceability decision that
needs to be made by a borescope inspector when examining an engine on the wing is not
the same as an operator examining disassembled blades. The borescope inspector needs
to determine whether or not the engine needs to be committed to tear down, and defects
to the blade edges are the key determinants. This illustrates that it may be possible to
develop specific inspection protocols, including visual search strategies, but these would
presumably need to be contextualised to each situation.

6.3. Implications for Practitioners
6.3.1. Inspection Environment and Emerging Technologies

The insights gained from this study concerning the effect of different influence factors
on the inspection performance could be used to improve the inspection environment
and processes, and thus performance. For instance, the favoured perspective could be
considered in the engine design (location and orientation of borescope holes). Another
approach might be using the most beneficial perspective to standardise the image and
video acquisition in piece-part and borescope inspection, respectively. This could be
achieved with advanced technologies such as continuum robots [26–28]. Standardisation
increases the repeatability and is desirable for automated defect detection software using
conventional image processing [32]. It would also benefit artificial intelligence (AI) systems
with deep learning (DL) algorithms, as it would require smaller datasets to train the AI,
making the training faster and cheaper [51].

6.3.2. Training Implications

This study identified different inspection errors that occurred. Due to the different
nature thereof, different training interventions are required. We propose that eye tracking
can be used to evaluate any one inspector and identify which types of errors they are most
prone to. Subsequently, customised training can be provided to selectively address those
errors and improve their performance. For example, if someone shows a high search error
rate, then it might be valuable to provide this person with a search strategy, e.g., scanning
along the edges of the blade. As previous studies already indicated, there might be an
opportunity for eye tracking being used as a training tool by playing the gaze recording of
an inspection expert to learn by example.
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If a recognition error occurred, staff might need more practice in recognising relevant
features that require further assessment. This relates to the person’s visual sensitivity, and
slowing down their search could potentially allow them to recognise more irregularities.
We would tentatively recommend not putting them under time pressure, particularly with
regard to novices and new staff.

Decision errors could possibly be mitigated by having a training set of blades with a
variety of defects and conditions. It is important to train staff in the difference between a
defect and an acceptable condition. Currently, there is no consistent ontological description
of defect types within the industry and thus it cannot be assumed that everyone in an
organisation understands the difference between the different defect types. We also notice
a conservativeness towards part rejection leading to high false positive rates, which shows
the importance of operators knowing the criteria for part acceptance and rejection. Ulti-
mately, it is tentatively recommended to work towards a common understanding within
an organisation and the industry by applying a standardised defect taxonomy such as
the one in [25].

While some factors such as defect type or severity cannot be influenced, it was still
worthwhile to analyse them. The insights could be used by maintenance providers to tailor
their training endeavours and focus them around the critical and difficult detectable defects
and defect locations. The mentioned training implications have all the potential to improve
the inspection performance and staff competency, thereby assuring flight safety [52–54].

6.4. Limitations

This study has several limitations. Firstly, the blades were presented as piece-part
images on a computer screen rather than handing the physical part to the participant for in-
spection. Similarly, the borescope images were stills from a borescope video that inspectors
would usually see. In both cases, images were used to allow for eye tracking recording and
repeatedly measured with consistent parameters such as lighting or blade perspectives.
Thus, images provided the best solution and somewhat represent the borescope inspection,
which is already a screen-based inspection. However, we acknowledge that eye tracking
glasses might be better for piece-part inspection, as it allows for the recording of the eye
gaze while holding the actual part, and could be considered for future research. Previous
research [37] measured an inspection accuracy of 70.5% when presented with images, and
84.0% when inspecting physical parts. This translates to an improvement of 19.1% over the
images. However, the accuracy of image-based piece-part inspection in the present paper
was already 82.6%, which is higher than the 70.5% measured in [37]. Thus, the benefit of
physical handling might be much lower than 19.1%.

Secondly, there were only two borescope inspectors participating in this study. Thus, it
was not possible to include them as an individual group in the statistical analysis. The small
number was due to limited staff available at our industry partner with certified borescope
experience. Future work could analyse the borescope inspection further, allowing for a
sufficiently large research population for statistical evaluation.

Thirdly, safe flight operation is of utmost importance and thus the inspection accuracy
was chosen as the main performance measure. The influence factors might also have an
effect on the inspection time. However, the inspection time was not analysed in this study
due to the nature of eye tracking analysis being a tedious process and could be addressed
in the future when eye tracking analysis will be further automated and less laborious. Refer
to [13] for a detailed overview of the limitation of eye tracking technology.

We introduced three levels of defect severity to allow for quantification of the inspec-
tion risk using the framework provided in [31]. An alternative is to describe the severity
as a function of the defect size (similar to a PoD curve) [18]. Still another way of defining
severity is to take into account the defect tolerances such as fatigue life [15]. Furthermore,
the location of the defect plays a crucial role and is included in the engine limits of the
different tolerance zones.
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There is a risk that a memory effect might have occurred when the same blade was
presented multiple times, e.g., with different background colours or from different perspec-
tives. To minimise this effect, the stimuli were presented in random order and distributed
across a large sample set of 120 images. Nonetheless, the possibility of an occurring memory
effect cannot be entirely ruled out.

6.5. Future Work

Some future work streams were already discussed previously and are not repeated
here. This study did not seek correlation between the various influence factors. Future
research could explore those interrelationships. The findings of the present study indicate
that colour is not a major variable and therefore we tentatively recommend that if there
was a wider study looking at the associations between the variables that the colour variable
could be excluded.

There is an interest to study how inspection operations can be enhanced to improve
the inspection accuracy and get closer to the 100% mark. Future work could explore several
pathways including but not limited to (a) increasing the performance of the human operator
by providing better training (as discussed earlier); (b) improving the inspection processes
by e.g., introducing a consecutive, independent inspection or developing procedures to
counteract human factors; and (c) introducing emerging technologies such as artificial intel-
ligent software for automated defect detection or 3D scanning technologies to complement
the human operator.

The performance of the participants and the effect of the influence factors was mea-
sured based on the inspection accuracy. However, there are other ways of determining the
performance and selecting the best parameter for each influence factor. Weighted statistical
analysis could be used to reflect the importance of the defect, e.g., based on the frequency
with which the defect type occurs during visual inspection, or based on the associated risk
if the defect is missed (i.e., critical defects are weighted more than non-critical ones). This
could result in a different outcome when comparing the different groups of expertise.

A quantitative comparison of the eye tracking results of the different participants and
expertise groups could potentially be made using areas of interest (AOIs). AOIs are defined
regions of a stimulus for which eye tracking data can be specifically extracted. An example
for blade inspection is given in Figure 28. After identifying relevant areas, eye tracking
metrics such as the number of fixations or the time spent in that area can be extracted and
analysed statistically. This is a manual and laborious process and might not be applicable to
borescope inspection, where parts of the blade are covered by other blades and the image
is highly distorted.

Figure 28. Blade with areas of interest (AOIs).
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7. Conclusions

This work makes the following original contributions to the field. Firstly, the effect
of different influence factors on the inspection performance was quantitatively and quali-
tatively assessed. Those factors include the type of inspection, defect type, severity level,
blade perspective, and background colour. This complements the previously analysed
defect types in [13] and takes into account turbine blade defects such as burns, cracks, coat-
ing loss, and cooling hole blockage. Furthermore, the correlations between the influence
factors and demographic variables including expertise, education, previous experience in
inspection, work experience in the industry, and visual acuity were analysed.

Secondly, eye tracking was applied to further understand the effect of each influence
factor on the visual search process. It provided a better understanding of the visual focus
and underlying cognitive processes. The different search strategies and inspection errors
made by the operator were extracted from the heat maps and gaze plots. Eye tracking
has proved to be useful for individual performance assessment and could be beneficial for
customised training to improve the inspection performance of the operator.

A third contribution is the suggestion of a revised visual search framework, taking
into account the cognitive processes that appeared in the empirical findings. This was
applied to borescopy. It was shown that this can in principle be extended into a bowtie
framework. The principles appear to be generalisable.

There is a general understanding in the industry that borescope inspection is more
challenging than piece-part inspection. The present study is the first work in the literature
that quantitatively assessed the operators’ performance in borescope inspection and con-
firmed the hypothesis. This may contribute to a more realistic expectancy of the industry
and regulatory authorities regarding the achievable performance of human operators in
such an inspection environment. The insights gained might be applicable to other indus-
tries using borescopes as inspection aids, including automotive, oil and gas, and power
generation.

Overall, the findings contribute in several ways to our understanding of visual inspec-
tion and might be applicable to other industries with inspection processes. The insights can
be used to improve the inspection environment and to customise training endeavours. This
has the potential to increase inspection performance in both reliability and productivity.
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Abstract: Background—In aircraft engine maintenance, the majority of parts, including engine blades,
are inspected visually for any damage to ensure a safe operation. While this process is called visual
inspection, there are other human senses encompassed in this process such as tactile perception.
Thus, there is a need to better understand the effect of the tactile component on visual inspection
performance and whether this effect is consistent for different defect types and expertise groups.
Method—This study comprised three experiments, each designed to test different levels of visual
and tactile abilities. In each experiment, six industry practitioners of three expertise groups inspected
the same sample of N = 26 blades. A two-week interval was allowed between the experiments.
Inspection performance was measured in terms of inspection accuracy, inspection time, and defect
classification accuracy. Results—The results showed that unrestrained vision and the addition of
tactile perception led to higher inspection accuracies of 76.9% and 84.0%, respectively, compared
to screen-based inspection with 70.5% accuracy. An improvement was also noted in classification
accuracy, as 39.1%, 67.5%, and 79.4% of defects were correctly classified in screen-based, full vision
and visual–tactile inspection, respectively. The shortest inspection time was measured for screen-
based inspection (18.134 s) followed by visual–tactile (22.140 s) and full vision (25.064 s). Dents
benefited the most from the tactile sense, while the false positive rate remained unchanged across all
experiments. Nicks and dents were the most difficult to detect and classify and were often confused
by operators. Conclusions—Visual inspection in combination with tactile perception led to better
performance in inspecting engine blades than visual inspection alone. This has implications for
industrial training programmes for fault detection.

Keywords: visual inspection; defect detection; tactile perception; aircraft maintenance; aviation;
engine blades; sensory system; sense of touch

1. Introduction

To ensure safe flight operation, it is essential that aircraft, and aircraft engines in
particular, are inspected on a frequent basis. In aircraft engine maintenance, approximately
90% of inspection tasks are performed visually [1,2]. Some of the most critical parts that
need to be inspected are engine blades and vanes. These are the most rejected, life-limited
parts during engine maintenance because of the extreme environment they operate in. Not
only do these parts experience inner stresses caused by high rotational speed and high
temperatures, but they are also prone to foreign object damage (FOD). Foreign objects
can include debris on the runway or particles in the air, ingested wildlife such as birds,
or any items left behind in the engine such as tools or clipboards [3–5]. Each of these has
the potential to cause damage to the engine, and in particular to engine blades. Thus,
during engine inspection, it is crucial to find any defects at the earliest stage before they
can propagate and cause severe engine failure.
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In engine maintenance, there are different types of inspection. First, the engine is
borescoped; i.e., a device, the so-called borescope, is inserted into the engine, and the blades
are inspected in situ. This inspection is screen-based, and the visual view is quite restricted.
Depending on the maintenance level, the engine is sometimes stripped even without a
preceding borescope inspection, in which case the process starts with a module inspection.
Here, the engine rotor assembly—comprising the shaft and assembled blades—is removed
from the engine. While this inspection allows the operator to rotate the shaft and inspect
the blades from different angles, the operator cannot hold individual blades in their hands.
The next level of inspection is piece–part or on-bench inspection. This is the lowest level of
inspection, in which all blades are fully exposed and the inspector can hold the blade in
their hands.

Although it is called visual inspection, observations in previous studies [6] suggest
that inspectors do not only rely on their vision, but also apply other senses such as their
sense of touch (where feasible). Different levels of inspection seem to extend perception and
affect inspection ability. Hence, there was an interest to analyse the different stages of the
inspection process and what effect the inspection method and accompanying perception
have on inspection performance. Does an extended visual view and the use of additional
senses improve inspection performance? Are inspection operators more accurate or faster
when they can use their tactile sense? This paper addressed these questions and analysed
the effect of extended vision and the tactile component in visual inspection.

The results showed that unrestrained vision and the addition of tactile perception
improved inspection accuracy significantly, to 76.9% and 84.0%, respectively, compared to
screen-based inspection with 70.5% accuracy. An improvement was also noted in classifica-
tion accuracy, as 39.1%, 67.5%, and 79.4% of defects were correctly classified in screen-based,
full vision, and visual–tactile inspection, respectively. The shortest inspection time was
measured for screen-based inspection (18.134 s), followed by visual–tactile (22.140 s) and
full vision (25.064 s).

2. Literature Review

Examination of the literature on industrial inspection tasks revealed that only a
few studies reported on visual inspection extending to encompass some form of tactile
component [6–10]. Spencer defined visual inspection as the “process of examination and
evaluation of systems and components by use of human sensory systems [ . . . ] including looking,
listening, feeling, smelling, shaking, and twisting” [8]. Drury listed a few common examples in
aviation in which these other senses can complement the visual sense [10]. The inspection
of fastener and control cables is typically accompanied by a haptic component, while oil
leakage might be smelled before it is visually detectable. Noises, such as the specific sound
of a bearing or door hinge, can also be indicators for faults.

Tactile inspection describes any form of examination that encompasses active touching
of the object under examination, typically using the palm of the hand or fingertips [11].
However, the examination can be accompanied by other senses such as vision, smell, or
hearing. Tactile perception can be passive or active, depending on whether the touching
motion was intended (active) or not (passive) [12]. In tactile inspection, the hand is moved
actively to detect any anomalies. Tactile inspection is used in a variety of conditional
assessments, from quality inspection of manufactured parts to examination of the human
body in the medical sector [13,14]. In an industrial context, tactile inspections are found in
quality checks for a variety of products including textiles [15], injection-moulded parts [11],
hydraulic hoses [16], and car tyres [17].

The purpose of tactile inspection is the same as that of any other inspection, i.e.,
detecting any deviations from an ideal standard that could affect the function, aesthetic, or
customer satisfaction in regard to the product under inspection. Thus, the goal of tactile
inspection is to detect defects such as distortion in shape or unevenness of surfaces by
scanning the part using the palm of the hand, fingertips, or even fingernails to detect
discontinuities with sizes on the order of a few micrometres [15]. Such minute irregularities
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are not always visible to the human eye, and their detectability highly depends on the
individual visual acuity of each inspector and the size, contrast, colour, illumination, and
shape of the defect [7,18,19]. Likewise, tactile inspection depends on individual touch
perception, but also on whether gloves are worn during the inspection process and on
defect-related characteristics such as size and shape, e.g., sharp versus soft edges [11]. Since
both inspection methods seem to have their advantages and disadvantages, the present
study aimed to quantify the differences in terms of inspection performance measured in
inspection accuracy and inspection time.

Although it is commonly accepted that visual inspection is accompanied by other
senses such as the tactile sense [7–10], the literature on tactile inspection is still sparse.
Spencer emphasised the need for additional research into other sensory systems [8]. Desai
and Konz [16] analysed the effect gloves have on the tactile sense during hydraulic hose
inspection. The experiment focused purely on the tactile sense, i.e., the participants were
blindfolded and used only their hands with and without gloves to make a decision whether
the part was acceptable or defective. In practice however, shop floor staff do not operate
blindfolded, and the inspections they perform comprise a combination of their tactile sense
and vision. The findings are nonetheless relevant since they show that gloves had no effect
on the detectability of defects. This was a useful insight when designing our study and
deciding whether participants should wear gloves.

Another study by Kleiner et al. [20] investigated the tactile inspection process of metal
cylinders. In this study, tactile inspection referred to examining a part using a handheld
probe to detect cracks. Hence, the task under examination actually used a combination
of the human sensory system (sense of touch) and aiding tools rather than pure tactile
inspection. The authors also tested the effect of vision on the tactile inspection. Previous
studies compared visual, tactile, and visual–tactile examination and concluded that visual
appearance had a major effect on accuracy [21]. However, Kleiner et al. found that
additional visual capability did not affect the inspection result. This implies that the effect
depends on the inspection task and complexity.

A study by Noro [17] analysed inspection tasks using different senses and combina-
tions thereof. Some process steps involved pure visual inspection, while others relied only
on the tactile sense because of restricted views, and still others allowed a combination of
both visual and tactile inspection. A comparison of the three different inspection methods
was not made by the authors. However, when reviewing their results, it became apparent
that the tactile inspections were faster than the visual inspections, and both were completed
in less time than the visual–tactile inspection. These results showed that the inspection
time was significantly shorter for missed defects than for correct decisions (true positives
and true negatives). However, a performance comparison among the different sensory
inspections based on inspection accuracy was not presented by the authors and could not
be retrieved from the presented results.

When inspecting composite materials, research found that allowing inspectors to run
their hands over panels or perform a tactile test (tap test, scratch test, or poke test) increased
the detectability of flat dents and other very small damages, which were otherwise hard
to detect [7]. While the study included both visual and visual–tactile inspection of dents,
the research sample was different for each task. Furthermore, the results of the two
experiments were not qualitatively compared. Even though dents also occur on engine
blades, the manifestation and shape of such dents differ from those found on composite
materials. Moreover, we would expect a different touch perception of worn engine blades
compared to smooth composite panel surfaces.

According to previous studies, inspectors need a long time to acquire the skills nec-
essary to perform a tactile inspection reliably [11]. This raises the question of whether
inspection experts perform more accurately than non-inspecting staff with less or no
experience. Our study aimed to answer this question.

Visual inspection of engine blades has been analysed in [6], which was the first study
examining inspection accuracy. The work included eye tracking observation of images that
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somewhat represented borescope inspection. However, module and piece–part inspection,
in which the actual blade can be viewed from different angles and even be touched (piece–
part only), were not addressed in the study, nor were they covered elsewhere in the
literature. There is also a need to incorporate tactile inspection.

3. Materials and Methods
3.1. Research Objective and Methodology

The objective of this research was to assess the impact the inspection method has on
inspection performance. Each method was characterised by the accessibility, visual view,
and touchability of the part. There was a particular interest to investigate the extent to
which the ability to apply tactile sense affected inspection performance and whether the
effect was different for various defect types and levels of expertise.

The study comprised three experiments, each representing an inspection method:
(1) screen-based inspection, (2) full vision inspection, and (3) visual–tactile inspection. In
the first experiment, images were presented to the participants, while in the second, the
actual blade was shown to the participants, and in the third, the blade was handed over
to the participants. The inspection results were recorded and analysed statistically and
semi-qualitatively and then compared with each other.

3.2. Research Sample

The research sample comprised N = 26 high-pressure compressor (HPC) blades re-
moved from V2500 engines during regular engine maintenance (Figure 1). The blades
originated from different engines operated by different airlines around the world. The
selected blades covered a variety of defects that can be typically found during engine
maintenance and inspection. Defect types included airfoil dents, bends, nicks and dents on
the leading or trailing edge, tears, tip rub, and tip curl. Some non-defective blades were
also included in the sample.

Figure 1. High-pressure compressor (HPC) blade.

The research sample was presented in two different ways. In the first task (screen-
based inspection), images of the blades were shown to the participants. Those images
were taken in a self-developed light tent with surround lighting as per [22]. In the full
vision and visual–tactile inspection tasks, the actual parts were presented and handed out,
respectively, to the participants.

Since the cleanliness of the blade affects inspection performance, all blades in this study
were presented in the clean condition to provide somewhat ideal inspection conditions [6].
Another reason for this decision was the fact that participants would naturally clean the
blade by rubbing off the deposit. This would lead to inconsistency of the research sample
in terms of cleanliness and thus variation between subjects. Screening analysis using
ANOVA (not shown here) identified that the background colour had no significant effect
on inspection performance. Hence, the blade images for the screen-based inspection were
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taken on a white background, and for the full vision and visual–tactile inspections, the
blades were placed on a white table and under ceiling lighting to somewhat represent the
shop floor environment.

3.3. Research Population

From our industry partner, a Maintenance, Repair, and Overhaul (MRO) facility for
V2500 engines, we recruited N = 6 participants, 5 male and 1 female (MAge = 41.2; SDAge =
12.1 years). The participants were sorted into three groups of expertise, determined by their
current job position and previous experience in inspection of engine blades: inspectors,
engineers, and assembly operators, in descending order of experience. The two participants
from each expertise group volunteered in this study without compensation for their time.
All experimental procedures and materials were approved by the Human Ethics Committee
of the University of Canterbury (HEC 2020/08/LR-PS Amendment 2).

It should be noted that the research population was limited by the availability of par-
ticipants under Covid-19 restrictions. The limitations of this research are further discussed
in Section 5.3.

3.4. Experiment Design

Each experiment (screen-based inspection, full vision inspection, and visual–tactile
inspection) represented an inspection method and was designed so as to imitate the
restricted part accessibility and the different sensory perceptions, including vision and
touch, that characterised each method. The experimental setups are shown in Figure 2 and
further discussed in the following paragraphs.

Figure 2. Three experiments representing three inspection methods: (a) screen-based inspection, in
which the part was presented on a computer monitor; (b) part-based inspection, with full vision of
the blade from all angles and distances; (c) visual–tactile inspection of the part, allowing the use of
the sense of touch additionally to vision.

The task was the same in all three experiments. Participants were asked to determine
the serviceability of the blade, i.e., to search for any defects. Once a defect was found, the
participants had to classify it into one of the following eight categories: airfoil dent, bend,
dent, nick, tear, tip curl, tip rub, and non-defective. There was unlimited time to complete
the task, but participants could not go back to reinspect a blade. The time for each blade
was measured, and the participants were asked to rate their confidence in their assessment
after each experiment.

The sample set and research population was the same for all experiments to allow for
comparison. However, there was no particular order in which participants were tested.
Between each experiment was at least a two-week break to account for any memory effects
that might have occurred. The two-week period was also chosen to account for shift
rotations, i.e., all experiments were performed at the same time of the day.
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In the first experiment, images were presented on a 24.8-inch LED computer screen
with a resolution of 1920 × 1080 pixels (FlexScan EV2451, EIZO, Ishikawa, Japan) placed
at distance of 65 cm in front of the participants (Figure 2a). For the image presentation,
PowerPoint was used, as it allowed the participants to mark their findings on the screen,
i.e., drawing a circle around defects using the ‘pen tool’. Participants’ actions, such as
mouse clicks and keyboard presses, were recorded to measure the inspection time taken
for each blade.

During the second experiment (Figure 2b), the samples were presented one after
another on a table in front of the participant. The participants could move their head to
view the blade from any angle and distance to gain a 360-degree view of the part, but
they were not allowed to touch the blade. Only in the last experiment, the visual–tactile
inspection, were the blades were handed out to the participants, who were allowed to use
their hands to feel the contour and run their fingers along the edges of the blade while
inspecting it visually (Figure 2c).

In the screen-based inspection, participants were asked to draw a circle around defects
using the computer mouse, followed by ticking the corresponding defect type. In the full
vision and visual–tactile inspections, however, any markings would have required cleaning
of the blades after each participant finished the task. Rather than marking the defects,
participants were asked to verbalise their findings in Experiments 2 and 3. A review of the
recordings showed no notable time difference between marking the defect in Experiment 1
and describing the defect in Experiments 2 and 3. Thus, the recorded inspection times were
comparable without any additional editing.

3.5. Data Analysis

This study tested three hypotheses listed in Table 1 below. The inspection results of
each participant were extracted from the recordings and subsequently statistically analysed
in SPSS Statistics, version 25 (developed by IBM, Armonk, NY, USA). The data in this
research were not normally distributed. Hence, a nonparametric test was required. We used
the Kruskal–Wallis test followed by Dunn’s pairwise test with the Bonferroni correction to
test hypotheses H1 and H2. Hypothesis H3 was analysed semi-quantitatively because of
the small research population.

Table 1. Research hypothesis.

Hypothesis

Hypothesis H1. The inspection method and associated inspection capabilities affect inspection
performance measured in (a) inspection accuracy, (b) inspection time, and (c) defect classification accuracy.

Hypothesis H2. The defect type affects inspection performance measured in (a) inspection accuracy,
(b) inspection time, and (c) defect classification accuracy.

Hypothesis H3. Inspectors perform better in terms of (a) inspection accuracy, (b) inspection time, and
(c) defect classification accuracy than non-inspecting staff.

Inspection performance was measured using three different metrics, namely, Inspection
Accuracy, Inspection Time, and Classification Accuracy. These were the dependent variables
in the study, each of which is further described in Table 2 together with its underlying
variables from the confusion matrix. The independent variables were Inspection Method,
Defect Type, and Expertise.
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Table 2. Metrics used for measuring inspection performance.

Metric Description

True Positive (TP) Defect correctly detected (hit).
True Negative (TN) Undamaged blade correctly identified as non-defective.
False Positive (FP) Non-defective blade incorrectly identified as defective.
False Negative (FN) Defective blade incorrectly identified as non-defective (miss).

Inspection Accuracy (IA)

The percentage of correct decisions made, i.e., correct removal
from service of a defective blade (TP) or passing of a
non-defective blade (TN).

IA = TP + TN
TP + FP + TN + FN (1)

Inspection Time (IT) Time spent per blade to perform the inspection in seconds.
Defect Classification
Accuracy (DCA)

The number of correct classifications divided by the number of
correct detections (not the sample size).

4. Results

The three dependent variables—Inspection Accuracy, Inspection Time, and Defect Classi-
fication Accuracy—were analysed for the three hypotheses H1, H2, and H3, respectively.

4.1. Hypothesis H1 Testing

This section presents analysis of the effect the inspection method had on inspection per-
formance measured in inspection accuracy, inspection time, and defect classification accuracy.

4.1.1. Inspection Accuracy

Inspection accuracy indicates how well participants performed in each inspection
experiment. It takes into account the number of correct and incorrect decisions made.
A correct decision could be either a true positive (correct detection) or a true negative
(correct acceptance). Table 3 shows the inspection accuracies of each participant and in
each inspection method.

Table 3. Inspection accuracy of each participant by inspection method.

Participants Screen-Based
Inspection

Full Vision
Inspection

Visual–Tactile
Inspection

Inspector 1 69.2% 69.2% 88.5%
Inspector 2 57.1% 65.4% 73.1%
Engineer 1 57.7% 88.5% 88.5%
Engineer 2 76.9% 69.2% 84.6%

Assembly Operator 1 76.9% 80.8% 92.3%
Assembly Operator 2 84.6% 88.5% 76.9%

All Participants 70.5% 76.9% 84.0%

The results showed that overall, the participants performed worst when presented
with an image of the blade. Inspection accuracy improved when participants had uncon-
strained vision of the part and the ability to view the blade from different perspectives.
Only for one participant (Engineer 2) was this not the case; for this participant, the de-
tectability decreased from screen-based to full vision inspection. There might have been
other factors that influenced the inspection that were not analysed in this study, e.g., the
individual’s daily performance.

The highest number of correct serviceability decisions was achieved when the par-
ticipants were allowed to use their hands additionally to their vision. The tactile sense
led to better inspection results for all participants except one. This exception (Assembly
Operator 2) made the most incorrect decisions in the visual–tactile inspection compared to
the other two inspection methods. While this is somewhat surprising, a review of the indi-
vidual results indicated that the decline in inspection accuracy was most likely be caused
by an increase in false positives, i.e., non-defective blades being removed from service
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unjustifiably. The sense of touch might have led to ‘over-inspection’ and sensitisation of
defect perception.

Figure 3 provides an overview of the continuous increase in inspection accuracy from
screen-based through visual–tactile inspection. The findings were supported statistically.
The Kruskal–Wallis H test was chosen because of the non-normally distributed data and
showed significance for inspection accuracy, H(2) = 8.004, p < 0.02, with median inspection
accuracies of 100% for all three inspection methods. A post hoc pairwise comparison
with Bonferroni correction revealed a significant difference between screen-based and
visual–tactile inspection, p = 0.014.

Figure 3. Mean plot of inspection accuracy by inspection Method.

4.1.2. Inspection Time

The mean inspection times of each participant for each inspection method are reported
in Table 4. It should be noted that from an operational perspective, a shorter inspection
time is favoured.

Table 4. Decision time of each participant by inspection method (in seconds).

Participants Screen-Based
Inspection

Full Vision
Inspection

Visual–Tactile
Inspection

Inspector 1 9.875 (4.768) 11.582 (4.350) 9.441 (4.777)
Inspector 2 10.276 (7.329) 29.113 (11.567) 29.267 (15.224)
Engineer 1 15.957 (8.486) 21.625 (11.964) 11.279 (8.073)
Engineer 2 20.277 (9.572) 40.775 (30.401) 39.388 (23.619)

Assembly Operator 1 17.280 (5.259) 14.339 (6.759) 16.779 (10.653)
Assembly Operator 2 35.136 (13.822) 32.949 (17.122) 26.684 (23.338)

All Participants 18.134 (9.264) 25.064 (11.261) 22.140 (11.635)

A statistical analysis was performed on inspection method and inspection time. The
Kruskal–Wallis test showed significance, H(2) = 14.15, p = 0.001. As presented in Figure 4,
screen-based inspection had the shortest inspection time (median = 13.897), followed by
visual–tactile inspection (median = 15.495), while the full vision inspection required most
time (median = 21.070). This is not surprising, since the latter two led to infinite possibilities
of viewing angles and distances, and thus unlimited perspectives. Each perspective needed
to be processed visually and cognitively, and a decision had to be made whether a defect is
present on the blade from that perspective. This is likely to have caused longer inspection
times. The visual–tactile inspection was on average three seconds (12%) shorter than the
full vision inspection. Thus, tactile ability seems to have had a supporting effect on the
search and decision-making process.
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Figure 4. Mean plot of inspection time by inspection method.

Dunn’s pairwise tests were carried out for the three inspection methods. There was
evidence (p = 0.001, adjusted using the Bonferroni correction) that screen-based inspection
was significantly faster than full vision inspection. Likewise, visual–tactile inspection
was shorter than full vision inspection, p = 0.021. There was no statistical evidence for
a difference between screen-based and visual–tactile inspections.

We also considered another possible reason for the shorter inspection time in the
screen-based inspection, i.e., that this inspection method showed the lowest inspection
accuracy (see Section 4.1.1) and thus fewer defect markings. A subsequent analysis was
performed to test whether inspection time was correlated with inspection accuracy. Pear-
son’s R showed a significant and negative correlation, r(468) = −0.094, p = 0.041. Correct
detections took on average less time, despite the additional marking time, than incorrect
decisions without defect marking (Figure 5). Thus, the reasoning that screen-based inspec-
tions were significantly shorter because of the low inspection accuracy in this method was
not supported.

Figure 5. Mean plot of inspection time by decision.

4.1.3. Defect Classification Accuracy

The defect classification accuracies of each participant and for each inspection method
are shown in Table 5. The results indicated that defect classification accuracy improved
from screen-based through visual–tactile inspection. The only exception for whom classifi-
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cation accuracy worsened was Engineer 2 in the full vision inspection. This aligns with the
findings in Section 4.1.1, in which this participant also showed a decreased inspection accu-
racy in the same experiment. As noted previously, this could be due to daily performance,
which might have varied between the experiments.

Table 5. Defect classification accuracy of each participant by inspection method.

Participants Screen-Based
Inspection

Full Vision
Inspection

Visual–Tactile
Inspection

Inspector 1 33.3% 55.6% 73.9%
Inspector 2 33.3% 70.6% 94.7%
Engineer 1 46.7% 82.6% 87.0%
Engineer 2 40.0% 33.3% 63.6%

Assembly Operator 1 45.0% 76.2% 79.2%
Assembly Operator 2 36.4% 78.3% 80.0%

All Participants 39.1% 67.5% 79.4%

In the screen-based inspection, 39.1% of defects were correctly classified, while the
full vision and visual–tactile inspections showed higher classification rates of 67.5% and
79.4%, respectively (Figure 6). The medians were 100% for all three inspection methods.
The effect of the inspection method on the defect classification accuracy was tested with
the Kruskal–Wallis test and was significant, H(2) = 43.067, p < 0.001. Subsequent post hoc
testing showed that differences occurred between screen-based and full vision inspections
(p < 0.001) and between screen-based and visual–tactile inspections (p < 0.001). Viewing
the blades from different perspectives, touching the blades, and feeling the defect shapes
may have allowed for better differentiation between often-confused defect types such as
nicks and dents (further discussed in Section 4.2.3).

Figure 6. Mean plot of defect classification accuracy by inspection method.

4.2. Hypothesis H2 Testing

The following section presents our investigation of whether the defect type affected
inspection performance measured in inspection accuracy, inspection time, and defect
classification accuracy.

4.2.1. Inspection Accuracy

The inspection rates of each inspection method grouped by defect type, including
non-damaged blades, are presented in Table 6.

217



Aerospace 2021, 8, 313 11 of 23

Table 6. Inspection accuracy of each inspection method by defect type.

Inspection Method Airfoil Dent Bend Dent Nick Tear Tip Curl Tip Rub No Damage

Screen-based Inspection 41.7% 70.8% 73.3% 58.3% 100.0% 83.3% 100.0% 60.0%
Full Vision Inspection 83.3% 79.2% 63.3% 66.7% 100.0% 100.0% 100.0% 66.7%

Visual–Tactile Inspection 100.0% 83.3% 86.7% 83.3% 100.0% 100.0% 100.0% 56.7%

All defects were more likely to be detected with increasing inspectability (screen-
based < full vision < visual–tactile) (Table 6). This supports hypothesis H1 in Section
4.1.1. The greatest detection increase was noted for airfoil dents. For this defect type,
the perception of depth plays a crucial role, which was given only in the full vision and
visual–tactile inspections.

There was one exception for which inspection accuracy decreased in the visual–tactile
inspection, and that was non-defective blades. While inspection accuracy improved from
screen-based to full vision inspection, it declined from the full vision to the visual–tactile
inspection. This indicates an increasing false-positive rate; i.e., participants removed more
non-defective blades from service than they should have. A possible cause might be that
the participants felt some irregularities in the surface that were residuals from operation
but did not warrant unserviceability. While a high false-positive rate is not safety critical, it
does induce needless maintenance and repair costs to the MRO provider.

It stands out that the easiest defects to detect were tears, tip curls, and tip rubs,
with a 100% detection rate in almost all three inspection methods. Those were the de-
fects with the most salient visual appearance and were also the most severe defects [23].
Tears imply the greatest risk as far as safety is concerned, since they have a high chance
to propagate, cause material separation, and subsequent damage of the engine. As
this experiment showed, the risk of missing a tear is quite low, and thus the risk score
(Likelihood o f missing a de f ect × Consequence this de f ect implies) is low. Nicks, however,
can propagate to cracks and also cause material separation with equally severe conse-
quences. The data showed that the detectability of nicks was among the lowest for the
defects studied. This is concerning from a safety perspective.

To find out whether there was significant differences in inspection accuracy between
the different defect types, a Kruskal–Wallis H test was carried out, H(7) = 43.36, p < 0.001.
Subsequent pairwise comparisons revealed that inspection accuracy was significantly
higher for tears (p < 0.001), tip curls (p = 0.002), and tip rubs (p = 0.01) when compared to
non-defective blades. Moreover, tears had a higher detection rate than nicks (p = 0.002) and
dents (p = 0.012). No other significant differences were found after Bonferroni adjustment
(all p > 0.093). TA mean plot of inspection accuracy by defect type is shown in Figure 7.

4.2.2. Inspection Time

An overview of the resulting inspection times of each inspection method grouped by
defect type is presented in Table 7.

A review of the results showed that the detection of airfoil dents in screen-based
and full vision inspection took almost twice as long as in the visual–tactile inspection.
This is somewhat surprising, because as shown in Table 6 above, inspection performance
also improved significantly through the latter method. The tactile component seemed to
have the greatest effect on both inspection accuracy and inspection time, and thus on the
efficiency of the inspection task as a whole.

There was a significant difference noted in inspection time for the different defect
types, H(7) = 24.74, p = 0.001. As the mean plot of the inspection time in Figure 8 shows,
non-defective blades and dents took the longest time to inspect with 28.0 s and 25.6 s,
respectively. The Bonferroni test showed that both, non-defective blades (p = 0.005) and
dents (p = 0.025) took significantly longer compared to airfoil dents. No other significant
differences were noted.
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Figure 7. Mean plot of inspection accuracy by defect type for all inspection methods.

Table 7. Inspection time and standard deviation of each inspection method by defect type (in seconds).

Inspection Method Airfoil Dent Bend Dent Nick Tear Tip Curl Tip Rub No Damage

Screen-based
Inspection 16.497 (14.565) 19.541

(11.861)
18.328

(12.524)
15.923

(12.465)
22.589
(12.328)

22.185
(10.202)

16.221
(9.809)

15.325
(11.317)

Full Vision
Inspection 19.474 (16.962) 19.717

(10.562)
33.161

(29.752)
22.144

(10.711)
21.394
(13.208)

21.653
(10.397)

17.147
(11.079)

30.850
(20.315)

Visual–Tactile
Inspection 10.599 (5.800) 17.883

(14.658)
25.538

(15.687)
22.804

(17.438)
9.912

(5.841)
17.517

(19.117)
11.275
(6.198)

37.732
(25.147)

Figure 8. Mean plot of inspection time by defect type for all inspection methods.

4.2.3. Defect Classification Accuracy

Defect classification accuracies for the different defect types are listed below (Table 8).
Non-defective blades were always correctly classified following a correct serviceability
decision. The reason for this is that there was only one category for non-defective blades,
but seven for defective ones. For the sake of completeness, classification accuracies for
non-defective blades were also included in our analysis.

As the results highlighted, the classification accuracy improved for all defect types
except one from the screen-based through the visual–tactile inspection. The biggest differ-
ence was noted for airfoil dents, bends, dents, and nicks, while the inspection method had
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only little impact on the classification accuracy of tears, tip curls, tip rubs, and nondefective
blades (see Figure 9). Further statistical tests confirmed that there was a correlation between
defect type and defect classification accuracy, H(7) = 98.327, p < 0.001. Bonferroni testing
confirmed that the classification accuracy for tears was significantly lower than those for
airfoil dents, bends, tip curl, tip rub, and non-damaged blades (all p ≤ 0.002). Furthermore,
there was statistical evidence that dents showed a worse classification accuracy than bends,
tip rub, airfoil dents, and non-damaged blades (all p ≤ 0.009). Finally, nicks were more
challenging to classify compared to tip rub (p < 0.023) and non-defective blades (p < 0.001).

Table 8. Defect classification accuracy of each inspection method by defect type.

Inspection Method Airfoil Dent Bend Dent Nick Tear Tip Curl Tip Rub No Damage

Screen-based Inspection 40.0% 41.2% 4.5% 0.0% 16.7% 70.0% 83.3% 100.0%
Full Vision Inspection 80.0% 89.5% 57.9% 56.3% 22.2% 50.0% 100.0% 100.0%

Visual–Tactile Inspection 100.0% 100.0% 61.5% 80.0% 38.9% 83.3% 100.0% 100.0%

Figure 9. Mean plot of defect classification accuracy by defect type for all inspection methods.

Tears were frequently confused with breakage, particularly when a piece of the blade
was torn off. Since tears showed a 100% detection rate in all inspection methods, no tears
were missed. Confusing tears with material separation (breakage) or cracks is not of great
concern, since the maintenance and repair actions are the same for all three defect types.

Tip curl was often confused with bends, since the appearance of these defects is
somewhat similar. The difference between the two is the initial cause of the defect. While tip
curls stem from rubbing of the tip against the liners and hence are generally accompanied
by some tip rub, bends, in contrast, are typically caused by impact damage from dull
foreign objects. Both defects can be repaired using blending as far as repair limits allow,
and thus misclassification is not drastic.

More problematic was the low classification accuracy of nicks and dents, which were
often confused with one another. It is important to differentiate between the two defect
types because of the different risks each type implies. While a dent typically does not
lead to any negative consequences, except some negligible deterioration of the airflow,
a nick can propagate into a crack, which can cause material separation and subsequent
damage to the engine and aircraft. The main difference in appearance is that dents only
show material deformation, while a nick also shows some material loss [24]. Dents have
smooth bottoms with rounded edges, while nicks are characterised by a sharp v-shaped
bottom [24]. The ability to touch the blade in the visual–tactile Inspection led to more
accurate defect classifications (improvement of 103% and 17.6% compared to screen-based
and full vision, respectively) and thus played a crucial role in inspecting blades.
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4.3. Hypothesis H3 Testing

Because of the small research population (further discussed in Section 5.3), it was
not possible to apply statistical methods. Therefore, a semiqualitative analysis was per-
formed in order to obtain preliminary evidence that would validate a subsequent and more
comprehensive analysis with a larger research population.

4.3.1. Inspection Accuracy

A mean plot of inspection accuracy for the three groups of expertise (Figure 10)
showed that on average, assembly operators performed best with 83.3% accuracy, followed
by engineers with 77.6% and inspectors with 70.5%. This is the reverse order of what we
would have expected to see. It is reemphasised that the research population was small,
and thus the results are tentative. It could be worthwhile to investigate this further with a
larger study group to see whether this trend can be confirmed.

Figure 10. Mean plot of inspection accuracy by expertise.

4.3.2. Inspection Time

Inspectors performed, on average, faster than engineers and assembly operators; the
three groups had mean inspection times of 16.592 s, 24.884 s, and 23.861 s, respectively
(Figure 11). This supports previous findings [6]. The average inspection times were
overall longer in comparison to our previous study, since the blades could be viewed from
different perspectives in the present study, while the results in [6] represented screen-based
inspection only. For illustration purposes, the results of our previous study were added as
a small graph at the bottom right of Figure 11. The proportions among the three groups of
expertise were approximately the same in [6] and the present research. This implies that
factors influencing the inspection, such as cleanliness [6] or inspection method, may have
had little effect on the performance of the different groups in terms of inspection time.
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Figure 11. Mean plot of inspection time by expertise. The results of [6] are shown in the bottom-right
corner for comparison (Reprinted with permission from ref. [6]. Copyright 2021 MDPI Aerospace).

4.3.3. Defect Classification Accuracy

The results in Figure 12 showed that there was no striking difference between the three
groups, although there was a tendency towards assembly operators performing slightly
better in the classification task. On average, assembly operators classified the most defects
correctly with 75.4%, followed by inspectors with 70.1% and engineers with 67.3%. This
shows a lack of consistency in the classification of engine blade defects. Even experienced
inspectors achieved only an average of 70.1% classification accuracy. This suggests that
there might be benefit in standardisation of defect terminology and training [24].

Figure 12. Mean plot of defect classification accuracy by expertise.

5. Discussion
5.1. Summary of Work and Comparison with Other Studies

This work analysed and compared the visual and visual–tactile inspection of engine
blades based on inspection performance measured in inspection accuracy and inspection
time. The data of three experiments were collected and subsequently analysed statistically
and semi-quantitatively.
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5.1.1. Inspection Method

The results showed that both inspection accuracy and defect classification accuracy
improved with additional abilities of viewing and touching the part. In the screen-based
experiment, an average inspection accuracy of 70.5% was achieved, while an unrestricted
full view led to 76.9% accuracy and visual–tactile inspection led to 84.0% accuracy, the
highest detection rate. Similar, the defect classification increased from screen-based (62.3%)
to full vision (66.9%) and further to visual–tactile inspection (79.4%). No other research
was found that reported those metrics in regard to the inspection method.

While the tactile sense led to the highest accuracies of both measures, it also caused
over-inspection of blades and increased false-positive rates. This may result in more
serviceable blades being removed from service and undergoing unjustified repair work
or even scrapping. The sense of touch is much more sensitive than the visual sense [25].
Thus, minor imperfections that would have been missed by the human eye were perceived
as supposed defects when inspectors held the blades in their hands. This supports the
statement by Kishi et al. [11] that tactile inspection and decision-making process is a
sophisticated task and requires experience and practice to differentiate between those
minor but acceptable imperfections and defects that can propagate and lead to more
severe consequences.

The average inspection time increased from the screen-based to the full view inspection
from 18.134 s to 25.064 s, respectively, and decreased from the full view to the visual–tactile
inspection from 25.064 s to 22.140 s, respectively. Thus, the visual–tactile inspection was
located between the two mere visual inspection methods in terms of inspection time.
Noro [17] found that times for visual inspection (equivalent to our full-vision experiment)
were shorter than for visual–tactile inspection tasks. However, it should be noted that the
different inspection methods in [17] were used to inspect different areas of the part except
one. The latter was inspected twice—first visually and then tactually. The results showed
that the tactile inspection was 20.4% faster than the visual inspection of the same area. This
aligns somewhat to our results in the sense that the tactile component in the visual–tactile
inspection led to 11.7% shorter inspection times than the full vision inspection. There is
another limitation in the comparison, since [17] neglected the order effect, i.e., whether
the second inspection (tactile) was shorter only because the area had already been visually
inspected beforehand or the effect was due to the inspection method. Another interesting
finding of Noro was that sole tactile inspection was faster than visual and visual–tactile
inspection. While [17] included pure tactile inspection due to limited accessibility (dead
angles), in our study, limited accessibility referred to borescope inspection, which allows for
only a screen-based assessment. Although both inspection methods showed the shortest
inspection time, a comparison could not be made.

The effect of inspection time on inspection accuracy was assessed, and the results
showed that longer inspection time was associated with poorer inspection performance.
Previous research reported the opposite effect [17]. This could be due to different part and
defect complexities, inspection conditions, the nature of the inspection under examination
(manufacturing quality control vs. maintenance inspection), and the operating environment.
Moreover, there might be a difference in thresholds for defect acceptability based on the
risk involved. For instance, the aviation industry tends to be more conservative and biased
towards part rejection because of the negative consequences a missed defect might have.

5.1.2. Defect Types

The assessment of individual defect types showed that airfoil dents, tears, tip curls,
and tip rubs had the highest detection rate of 100% in visual–tactile inspection, while
nondefective blades had the lowest inspection accuracy (56.7%). This performance was
comparable to other findings in the literature [7,26]. Drury and Sinclair [26] analysed the
inspection of manufactured metal cylinders with nicks and dents, tool marks, scratches,
and pits with detection rates of 75.2%, 92.4%, 79.6%, and 99.1%, respectively. In order to
compare the detection rates to our results, we had to combine the achieved inspection
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accuracy of nicks (83.3%) and that of dents (86.7%) in the visual–tactile experiment into a
combined inspection accuracy for nicks and dents of 85.2%. This showed that the participants
in the present study found 10% more nicks and dents compared to those in [26]. As per [24],
pits have a fairly similar appearance to airfoil dents, and thus the two detection rates were
compared with each other. In the visual–tactile experiment a detection rate of 100% for
airfoil dents was achieved, which was almost identical to the 99.1% in [26]. No other defect
types could be compared.

In [7], six inspectors were given 20 min time to detect dents on composite panels using
any inspection aids. Because of the different experiment design and sample material, the
results are not fully comparable. An average inspection accuracy for dents of 70% was
achieved in [7], while the participants in our study detected 100% of airfoil dents and 86.7%
of dents on blade edges in the visual–tactile experiment.

Non-defective blades and dents took the longest time to inspect with 28.0 s and 25.6 s,
respectively. This might indicate a higher complexity and workload when inspecting these
blades [17]. It is also possible that the participants had a mental checklist with which they
inspected the blade for one defect type after another, and that only after an unsuccessful
search did they confirm that a blade was non-defective. Thus, the multiple preceding
searches might have caused significantly longer inspection times for undamaged blades.

While classification problems are an integral part of machine learning [27], there
has been little emphasis on measuring and comparing the classification accuracies of hu-
mans with those of software or other technological systems. Previous studies compared
the performance of humans and software in text classification problems [28,29] and im-
age recognition and classification tasks [30,31], assessing effects such as image quality
and visual distortion. However, the accuracy of defect classification has not yet been
analysed. To the authors’ knowledge, the current findings are the first in an industrial
context, specifically in an inspection environment. The results identified nicks and dents
as the most challenging defect types to classify and thus those with the biggest potential
for improvement.

A scatter plot of inspection time vs. accuracy is shown in Figure 13, representing
the means across all participants for all defects and inspection methods. The optimal
region is short inspection time with high accuracy, i.e., the bottom-right quadrant. The
visual–tactile inspection dominated this region. The worst performing quadrant, at the top
left, comprised mostly no-damage conditions.

Figure 13. Scatter plot of inspection time and inspection accuracy for each defect type and inspection
method. ‘No damage’ refers to non-defective blades and acceptable conditions.
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The scatterplot shows that the inspection of non-defective blades in the visual–tactile
inspection had the worst efficiency and performance. While every single blade of an
engine must be inspected, since the majority of blades are typically non-defective, this may
be the area with the greatest single improvement opportunity from an operational and
cost perspective.

There is an operational trade-off between inspection time and accuracy: While a high
false-positive rate means that undamaged blades are removed from service (hence a cost),
the inspection of non-defective blades takes the longest of all defect types (hence also
incurring a cost). A false positive during borescope inspection can lead to the engine being
introduced to a shop visit and costly teardown. In piece–part inspection, in contrast, the
cost of a false positive is limited to the value or repair cost of a single blade.

There is a related question as to whether performance limits can be set for true
positives, false positives, true negatives, and false negatives for the various inspection
methods. While that might be possible in simple classification problems, the confusion
matrix becomes problematic in the complex situation of blade inspection. This is because a
positive in this case refers to the serviceability decision: that the operator correctly rejected
or accepted the blade, irrespective of the number of features. In this context, features refers
to both defects and non-defective conditions. There are multiple layers of decision making
beneath the serviceability decision. These decisions must address the type and location of
the condition (e.g., a nick on leading edge is more critical than a tip rub) and the size of the
condition (e.g., dents smaller than a certain size are acceptable). Hence, in practice, there
is a hierarchy of confusion matrices. The present paper did not attempt to disentangle
these but rather used the overall metric of inspection accuracy, which combined these four
measures per Equation (1).

Hence, it is difficult to establish performance limits, other than to state that the goal
from a safety perspective is to have 0% false negatives (or 100% true positives) for defects.
From the economic perspective, the goal is 0% false negatives for defects and 100% false
positives for conditions, since the latter imply unnecessary work or scrappage.

Likewise, an acceptable value of inspection accuracy is difficult to determine precisely.
It need not be 100% because: (a) it is not achievable because of human factors [32]. Even if
there were a technology with 100% detection accuracy (finding all suspicious features), it
would not necessarily yield 100% inspection accuracy because a decision component would
still need to be applied; (b) there are additional in-service inspections at regular intervals
and periodic shop visits (tear-down) that can detect missed defects that have propagated
to larger size but not yet failed; (c) the acceptable inspection accuracy depends on the
criticality and type of defect [23], i.e., whether they aresafety-critical types (bend, dent, nick,
and tear) or flight efficiency-reducing types (airfoil dent, tip curl, and tip rub). Possibly,
and this is only a guess, an inspection accuracy around 75% [33] might be sufficient for
safety-critical defects to allow safe flight status while minimising unnecessary scrappage,
assuming normal inspections are adhered to. Lower values of possibly 33 to 67% may be
appropriate for flight efficiency-reducing defects.

There is also an operational constraint in the form of taken time. An inspection time
of about 30 s would seem reasonable.

Applying the above to the data in Figure 13, all types of defects had inspection accura-
cies above 75% when using the visual–tactile method. All safety-critical defects appear to
have been detected at a sufficient level for operational purposes using this method (but not
always with the other methods).

Using the tentative guidelines above, the areas for possible improvement are as follows:

• For inspection accuracy, the most valuable improvements would be for screen-based
inspection of nicks.

• For inspection time, the no-damage conditions were noted to take more than 30 s
when visual–tactile and full vision inspections were used. Surprisingly screen-based
methods were faster and of similar inspection accuracy. The full vision method applied
to dents was also time consuming.
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Hence, there may be value for research to explore better (quicker) ways of determining
that a blade is non-defective.

5.1.3. Expertise

On average, assembly operators made correct serviceability decisions 83.3% of the
time, followed by engineers with 77.6% and inspectors with 70.5% correct decisions. Sur-
prisingly, higher expertise did not necessarily lead to better inspection performance. This
suggests that there might be other work-environmental or personal factors affecting inspec-
tion performance such as individual perception ability, defect tolerance, daily performance,
time pressure, gender, or age.

There was a difference in inspection time; inspectors were faster with their inspections
(16.592 s) than both engineers (24.884 s) and assembly operators (23.861 s). This is consistent
with previous findings [6]. There might be a risk that inspectors were overly confident and
rushed the inspection, which may have led to a lower inspection performance compared
to the other two groups; however, this is merely hypothetical. Another explanation could
be decreasing sensory perception with age [34]. In terms of the demographics of the
participants, assembly operators were the youngest group, followed by engineers and
inspectors. This corresponds to the groups’ inspection accuracies and may indicate that
younger participants perform better than older ones. This is a surprising finding, since
with age comes experience, but visual and tactile perception decrease with age as well.
Future research might consider examining this effect.

Another interesting finding in the demographic aspect is that the best performing par-
ticipant in the visual–tactile inspection was female. This is consistent with the observation
that women generally have a higher tactile perception than men [35].

The classification accuracy among the three groups did not vary notably. This may
imply that for classification accuracy, years of experience are less important than proper
training. If experts never learn to properly differentiate between different defect types,
then they may start developing their own definitions and norms, which become embedded
in their unconscious mind. Hence, appropriate (initial) training might offer the best
opportunity to improve this metric.

Participants were on average more confident with their decision the more senses
and inspection abilities they could use (see Figure 14), although this correlation was not
statistically significant (X2(4, N = 18) = 0.099, p = 0.071).

Figure 14. Confidence rating for each inspection method.

5.2. Implications for Practitioners

While it is generally accepted that visual inspection goes beyond the visual sense [6–10],
tactile perception has not been given much attention in visual inspection tasks to date.
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Not only eyesight but the sense of touch deteriorates with age [34,36,37]. Moreover, tactile
perception varies from person to person [38]. However, frequent eye tests are mandatory
and a fixed part of the certification procedure in aviation, while the tactile sense is neglected
entirely. Organisations with visual inspection procedures as part of their quality control
processes could introduce tactile tests. There are several common tests to evaluate tactile
perception, particularly in medicine, e.g., after a stroke [39]. An alternative and potentially
more meaningful test for quality assurance tasks might be having a sample set of parts to
be inspected with standardised defects on them and testing the inspectors’ tactile ability
based on their detection (or not) of those defects. Similar to an eye test, wherein the subject
is asked to read out several lines of different letters in decreasing font size, in the tactile
test, subjects could be asked to identify different defect types and decreasing defect size.

Such a test could have several useful applications. There is the potential to use such
a test as part of a staff hiring and development regime consisting of an inspection-based
input control. Job applicants could be given a physical test in which their initial tactile
perception would be assessed along with their visual abilities. Another option would be to
use a tactile test in the inspector certification process to measure whether a set standard is
met, similar to 20/20 vision in eye tests. This would also allow for repeated measure of an
individual’s tactile perception to check for deterioration over time.

The same set of blades could be used for training purposes. Previous research found
that it takes years of practice and experience to acquire the skills of tactile inspection [11].
However, tactile inspection is not currently part of the training package of aircraft mainte-
nance technicians or inspectors. A training set of blades with standardised defects covering
different defect types, severities, and sizes could be introduced. This has the potential not
only to advance novices to inspection experts faster, but also to improve inspection and
defect classification accuracy, which is still considerably low even for experts.

5.3. Limitations

This work had several limitations. The first was caused by the global COVID-19
pandemic and the resulting limited availability of industry practitioners, resulting in a
small research population of N = 6 participants. Thus, the results especially in Section 4.3,
serve only as preliminary evidence and should be interpreted with caution.

Participants were asked to verbalise their findings, which was a new task for them
and thus might have caused longer inspection times. This effect was evaluated, and the
time to call out a defect in the full-vision and the visual–tactile experiments was compared
to the time required to mark a defect in the screen-based experiment. The results showed
no difference, and the assumption was made that this was negligible. It should be noted
that marking and classifying defects was part of inspectors’ daily jobs. Hence, the time
recordings of this study for both defect marking and the verbalisation of defects were
believed to represent the real situation fairly well.

As shown in Section 4.3.2, non-defective blades took longer to inspect than defective
ones. Participants expected to find a defect even on non-defective blades, i.e., they were
biased towards detecting defects. While such defect expectancy is desirable from a safety
perspective, it might have been created artificially by the relatively large number of de-
fective blades in the research sample. This was due to time restrictions and limited part
availability. In practice, the majority of blades would be serviceable (non-defective), and
industry practitioners may tend to become complacent for those. In this study, a similar
effect was noticeable, but in this case, participants became biased to find defects, which
might have increased the number of false positives.

Although extraneous variables were controlled to the best of our ability, there could
have been other factors that might have influenced inspection accuracy and inspection
time, such as individuals’ daily performance and other human factors.

Other types of blade defects that typically occur in the hot section of the engine such as
cracks, burns, or coating loss [24] were not analysed but could be included in future work.
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There are several potential areas of bias in the study. One is organisational bias, in
that different MROs might have a different tolerance for what they consider a defect. In
practice, this bias is probable very low in the aviation industry because of regular audits,
prescriptive engine manual specifications, systematically trained staff, and a worldwide
common understanding of quality. Another potential bias is that operators in this industry
tend to make conservative decisions, i.e., they tend to reject blades if they are in doubt.
This was evident in the high false-positive rates for non-defective blades. A third bias is
that the sample of blades presented to participants was skewed towards defective blades.
In practice, the proportion of defects would be much less than in the sample set. Hence,
participants may have been conditioned to look for defects. They would reasonably have
been more risk averse knowing they were under scrutiny, and this might have contributed
to elevated false-positive rates for non-defective blades. The selection of participants was
random, being purely based on their availability, so this was not expected to be a significant
biasing factor.

5.4. Future Work

There are several avenues for future research. Some have already been identified in
previous sections and are not repeated here.

The study could be repeated with a larger population, allowing for more substantive
statistical analysis including other demographic factors. An approximate power and
sample size analysis indicated the desirability of a population of N = 60 participants
with 20 participants per expertise group and equally distributed across age and gender.
There could also be value in conducting the study under more natural conditions, i.e., on
the inspection bench, by measuring inspection performance afterwards, perhaps without
telling subjects that their performance is assessed.

Eye-tracking glasses could potentially be used to provide insights of where partici-
pants looked, at which angle relative to their eyes the part was held, and what their hands
were doing during the inspection, i.e., whether they solely used their hands to rotate the
blade, if they used their fingertips to feel the edges, or if they rubbed off any deposits.
Fingertip tracking could be also valuable, e.g., by applying dye to the operator’s gloves
that would leave residue on the part surface, indicating the contact areas and direction of
fingertip movement.

Complex parts with undercuts that restrict visual inspection abilities and force inspec-
tors to rely solely on the tactile sense are also an area for future research. This is the area
that might benefit the most from the insights gained in his study.

Tactile inspection is complex and has yet not been automated [40]. Future work could
look into new technologies such as 3D scanning to measure and to analyse the shape,
surface, and specific features of parts.

6. Conclusions

This work made several novel contributions. First, three inspection methods from
visual through visual–tactile were assessed and compared based on inspection perfor-
mance measured in inspection accuracy, inspection time, and defect classification accuracy.
The results showed that an increasing degree of inspectability—unrestrained vision and
tactual perception—led to higher inspection and defect classification accuracies, while the
inspection time increased as well. The false positive rate was high for all three inspection
methods and offered the greatest potential for improvement. A possible cause might be that
the participants felt some irregularities in the surface that were residuals from operation
but did not warrant unserviceability. While a high false-positive rate is not safety critical, it
does induce needless maintenance and repair costs to the MRO provider. Thus, the sense
of touch might have led to ‘over-inspection’ and sensitisation of defect perception.

The most common defect types on high-pressure compressor blades caused by foreign
object damage (FOD) were analysed, and the detection and classification rates as well
as the inspection times were calculated. Nicks and dents were identified as the most

228



Aerospace 2021, 8, 313 22 of 23

difficult defect types to detect and classify and were often confused with each other. This is
concerning from a safety perspective.

A second novel contribution to the literature is that this study analysed and quan-
tified the defect classification performance of human operators in an industrial context,
specifically in inspection tasks.

Several future work streams were suggested that might have the potential to increase
inspection performance while counteracting human factors, thus making aircraft engine
inspection more reliable.
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Abstract: Background—Visual inspection is an important element of aircraft engine maintenance to
assure flight safety. Predominantly performed by human operators, those maintenance activities are
prone to human error. While false negatives imply a risk to aviation safety, false positives can lead to
increased maintenance cost. The aim of the present study was to evaluate the human performance
in visual inspection of aero engine blades, specifically the operators’ consistency, accuracy, and
reproducibility, as well as the system reliability. Methods—Photographs of 26 blades were presented
to 50 industry practitioners of three skill levels to assess their performance. Each image was shown to
each operator twice in random order, leading to N = 2600 observations. The data were statistically
analysed using Attribute Agreement Analysis (AAA) and Kappa analysis. Results—The results
show that operators were on average 82.5% consistent with their serviceability decision, while
achieving an inspection accuracy of 67.7%. The operators’ reproducibility was 15.4%, as was the
accuracy of all operators with the ground truth. Subsequently, the false-positive and false-negative
rates were analysed separately to the overall inspection accuracy, showing that 20 operators (40%)
achieved acceptable performances, thus meeting the required standard. Conclusions—In aviation
maintenance the false-negative rate of <5% as per Aerospace Standard AS13100 is arguably the
single most important metric since it determines the safety outcomes. The results of this study show
acceptable false-negative performance in 60% of appraisers. Thus, there is the desirability to seek
ways to improve the performance. Some suggestions are given in this regard.

Keywords: human cognitive performance; aviation safety; visual inspection; aero engine maintenance;
measurement systems analysis; attribute agreement analysis; inspection accuracy; consistency;
repeatability; reproducibility; reliability; human factors

1. Introduction

Although the number of aircraft accidents declined over the last 50 years, operational
safety and aircraft reliability remain a major concern. Maintenance plays a crucial role in
assuring safe aircraft operation. It contributes to 27.4% of fatalities and 6.8% of incidents
according to the Federal Aviation Authority (FAA) [1], with increasing tendency [2]. The
International Air Transport Association (IATA) stated that maintenance errors are among
the top three causes for aircraft accidents [1,3]. This aligns to the findings of Allan and
Marx [4], who reported maintenance errors as the second largest contributor to fatal acci-
dents. Marais [1] stated that 31% of maintenance component failures involved the engine,
which is supported by two UK Civil Aviation Authority (CAA) studies [5,6] that found
that powerplant (engine) failures were the second most common area for maintenance
error. A recent study by Insley and Turkoglu [7] on maintenance-related accidents and
incidents found that loss of thrust, engine cowling separation, engine fire, uncontained
engine failure, and engine separation from aircraft are among the top ten causes for such
events. Hence, aero engines undergo regular maintenance, repair and overhaul (MRO)
to detect any defects at the earliest stage before they can propagate and cause negative
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outcomes. The most critical and rejected parts during maintenance are engine blades [8], as
they are exposed to high rotational speeds, vibrations, high temperatures (turbine section),
and foreign object damage (compressor section) [9–12].

The first and most important mean of blade assessment in engine maintenance is by
visual inspection, which accounts for 90% of all inspections [13]. Operators inspect each
part for anomalies and make a serviceability decision whether the blade conforms to the
specification, i.e., whether the blade is acceptable or must be removed from service. Visual
inspection can be highly repetitive and tedious, but complex and difficult to perform at
the same time, due to the inspection environment and variety of defects [14,15]. Since the
inspection is predominantly performed by inspectors, it is prone to human error and entails
the risks of slips, lapses and mistakes [16,17].

There are two types of incorrect serviceability decision in inspection: (a) rejecting a
serviceable, non-defective part (false positive), and (b) accepting an unserviceable, defective
part (false negative). False positives, while not desirable, have generally no negative effect
on safety, but can introduce a financial burden for committing an engine to a costly tear-
down and removing a good part from service, undergoing unnecessary repair work [18],
see also [19] for avionics. Raza and Ulansky [19] state that the false-alarm rate in aviation
can reach up to 30%. False negatives, on the other hand, have grave implications for flight
safety, i.e., a missed defect can propagate towards part failure and cause severe damage
to the engine and aircraft, and harm to passengers [10,20–22]. Inadequate inspection was
the second most common maintenance error and caused 18.1% of maintenance-related
accidents and serious incidents [7]. More specifically, in 7.2% of the cases the inspector
missed the defect (search error), while in 4.5% of the time the inspection carried out was
insufficient. The third most common maintenance error, accounting for 4.1%, was the
release of a non-airworthy part back to service (decision error). In 2.3% of the time, the
inspection was not undertaken. False negatives can also impose a significant financial cost
to airlines, since it is estimated that maintenance errors cause 50% of flight delays and
cancellations due to engine problems [22,23]. Thus, the aircraft MRO system generally
aspires to vigilance against false negatives on safety grounds, while accepting that there
may be a slightly heightened rate of false positives as a consequence.

Hence, there is a need to better understand the reliability of the inspection system,
specifically of the human operator. Previous studies showed system reliabilities of 36.7%
to 83.3% and Kappa values of 0.45 to 0.91 [24–27]. However, the inherent variability
of inspection systems in a maintenance environment has yet not been quantified. This
paper aims to assess the human performance in terms of inspection accuracy, consistency,
reproducibility, and reliability, applying Measurement System Analysis (MSA) for statistical
assessment of the data. Inspection accuracy measures the correctness of the serviceability
decision, i.e., does the operator find all defects, while accepting all airworthy parts? The
inspection consistency describes the operator’s ability to make the same serviceability
decision when inspecting the same part twice. The reproducibility of the inspection system
refers to the unified agreement between two or more operators when inspecting the same
part. The agreement of all operators with the ground truth is defined by the system
reliability. All four measures are important for the assessment of the inspection system
as they can identify any inherent problems that must be addressed. It might be used as
a baseline for assessing the effectiveness of future improvement efforts, such as better
training, enhanced processes, and implementation of advanced technologies to assist the
human operator [28].

2. Literature Review

A variety of quality systems exist in aviation maintenance [29]. A key principle in all
quality systems is a factual approach to decision making, and this requires measurement
and instrumentation [30]. Moreover, consistency of processes is always essential, and
this is complicated by human processes, especially where decisions require an element of
judgement. These requirements need to be satisfied in a systematic way. Measurement
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System Analysis (MSA) is a structured procedure that is widely applied to assess the
quality of measurement and inspection systems [31]. A measurement system is defined
as “combination of people, equipment, materials, methods and environment involved
in obtaining measurements” [31]. In MSA, the people under examination are commonly
referred to as appraisers, assessors, inspectors, or operators [32–34].

The two main MSA methods are (a) Gauge Repeatability & Reproducibility (Gauge
R&R) study and (b) Attribute Agreement Analysis (AAA), also known as Pass/Fail study
or Agreement between Assessors (AbA) [35]. Both approaches aim to assess the consis-
tency (agreement within appraisers), accuracy (appraiser agreement with ground truth),
reproducibility (agreement between appraisers), and overall accuracy (agreement of all
appraisers with ground truth) [35,36]. Gauge R&R is used when the measurement is a
numerical value on a continuous scale such as time, weight, dimensions, pressures, or tem-
peratures. Attribute Agreement Analysis in contrast is applied when the scale is discrete
and has two or more categories, e.g., in the case of go/no-go or pass/fail decisions.

Traditionally, MSA has been applied to manufacturing to assess any variation in the
measurement system, including operators [25,26,37], machines and equipment [38,39], and
procedures [27]. However, the general principles of MSA are not limited to manufacturing
but can also be applied to many other domains such as healthcare. In the latter, MSA has
predominantly been used to assess the reliability of the medical instrumentation rather
than the decision making of the medical doctor [32,34,40–42]. Furterer and Hernandez [32]
applied AAA to assess the accuracy of pressure ulcer detection.

In the last decade, MSA has found versatile application in the aviation industry,
from aircraft tyre pressure assessment [43] to assembly checks of aircraft engine exhaust
nozzles [44]. However, all of the reviewed studies in aviation applied Gauge R&R [43–48]
as opposed to Attribute Agreement Analysis, except for [49], which will be discussed later.
Barbosa et al. compared the reliability of laser technology to the manual measurement
of gaps in aircraft assemblies [45]. A study by Hawary et al. assessed the repeatability
and reproducibility of a self-developed inspection system measuring the lead length of
semiconductors [50]. The results showed a significant variance between different operators
using the same equipment in the same operational environment. The potential sources
for such variances and measurement errors were studied by Wang et al., who applied
MSA to assess the reliability of crystal oscillators used in quality assurance of aerospace
parts [48]. An interesting application of Gauge R&R is provided in the work of Fyffe
et al. [46], who analysed variations in ignition performance and flame stability of several
alternative jet fuels and compared the results to the performance of conventional jet fuel.
This example shows that not only appraisers can be compared using MSA, but any ‘agents’
or options (in [46]: different types of jet fuel). Furthermore, the performance is not limited
to measurement or inspection accuracy, but can assess any measurable performance such
as flame stability [46].

Cotter and Yesilbas were the only researchers that applied Attribute Assessment Analy-
sis to aviation to determine the classification reliability of pilots rating aircraft accidents [49].
The authors assessed the effect of training on the assessors’ performance and concluded
that AAA might be a viable method for providing feedback. Outside the aviation industry,
previous studies evaluated the reliability of inspection systems in manufacturing using
AAA, e.g., for inspection of electronic circuit boards and chips [33,37], tablets [38], steel
chains [26], car lights [27], and airbags [25]. In specific ways, there may be differences
between manufacturing and maintenance inspections. Specifically, in manufacturing, the
parts are in new condition and inspected for manufacturing defects, thus one part resembles
the other. This is different to a maintenance environment, specifically aviation MRO, where
engine parts are in various conditions, e.g., different levels of dirtiness depending on the
operating environment and airborne particles. Moreover, there is a variety of different
defect types and manifestations thereof that can occur, with no defect looking like the other.
In manufacturing the defects are much more in control, and likely to occur in predictable
locations, compared to maintenance.
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The literature review identified several gaps in the body of knowledge. First, no
work was found that applied AAA to maintenance activities. We speculate that the lack
of application of AAA to maintenance may be due to manufacturing having need for a
measurement, whereas the maintenance perspective seeks to categorise defects. Further-
more, the reliability of visual inspection was previously assessed in other sectors such
as the automotive industry, e.g., for inspection of car lights. In aviation however, the
safety implications of inspections might be different. Thus, there was a need to under-
stand the reliability, repeatability and consistency that can be expected in high reliability
organisations such as aviation, where human operators know the adverse consequences
their decision could have. Finally, the effect of the study size (number of appraisers) on
the attribute agreement results was not analysed previously. This could be useful for
researchers and industry practitioners when designing future AAA studies, independent
of the area under examination. This paper contributes towards a better understanding of
the human performance, specifically in maintenance and visual inspection, by addressing
the identified gaps.

3. Materials and Methods
3.1. Research Objective and Methodology

The purpose of this research was to assess the human performance in the visual
inspection of aero engine blades. Specifically, discussions with industry identified the
need to understand how reliable the current inspection system is and how accurate the
serviceability decisions are. The four research questions were:

• How accurately is each operator making a serviceability decision, i.e., do they detect
all defects, and do they know the difference between a defect and a condition?

• How consistently do operators inspect blades, i.e., do they come to the same service-
ability decision when inspecting the same blade twice?

• How reproducible are the inspection results, i.e., do different operators make the same
serviceability decision when inspecting the same blade?

• How accurate is the inspection system, i.e., do all operators’ agreeing decisions align
to the ground truth?

The research approach to answer those questions is outlined in Figure 1 and will be
further discussed in the following sections.
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3.2. Research Sample

For this study, photographs of 26 high-pressure compressor (HPC) blades of V2500 jet
engines were acquired, representing on-bench inspection (see Figure 2 for sample blades
and refer to [51,52] for photographic setup and image acquisition). The images with a
resolution of 24.1 mega pixels were shown to 50 appraisers twice (inspection trial A and B)
in random order, resulting in 2600 serviceability decisions. This dataset was statistically
analysed using Attribute Agreement Analysis (AAA) and Kappa Analysis.
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There is a variety of different defect types and manifestations thereof that can occur.
Examples include nicks, dents, bents and airfoil dents. Since no defect resembles another,
it is possible that a memory effect could occur in a repeated measure study, which would
falsify the results [33]. To counteract this effect, the 26 blades of the present study were
mixed with a larger dataset of 137 blades used in [52]. While this may compensate the
memory effect, we acknowledge that the repeated samples for the AAA was just short of
the minimum recommended sample size of 30 to 50 parts [35]. This would have otherwise
resulted in a much bigger study, which was not feasible due to operational constraints.

Before the study commenced, an expert with 34 years of work experience in aviation
and 21 years in visual inspection determined the correct serviceability decision for each part.
To avoid any mistake or bias of the expert, a second independent inspector with 27 years
in aviation and 12 years in inspection was asked to confirm the serviceability decision. In
the case of any disagreement between the two, the physical parts were inspected under
optimal lighting and with the ability to use additional aids such as magnification glasses
(as required). This formed the ground truth of the study. The two operators were then
excluded from the subsequent experiment.

3.3. Research Population

This study included the same research population participating in [51,52]. The
50 participants were industry practitioners from a maintenance, repair and overhaul
(MRO) shop for aircraft engines and had 1.5 to 35 years of experience in MRO opera-
tions MExp. = 17.7 years; SDExp. = 9.4 years. A detailed list of their demographics can
be found in Table 1 in [51]. There was an interest to understand how different skill levels
affect the reliability and consistency of the blade inspection. Therefore, three levels of
expertise were included in this study, namely: inspectors (experts), engineers (proficient),
and assembly operators (competent). Participants of AAA studies are often referred to as
Appraisers, Assessors, or Raters [34,36,40]. In the present work, the term ‘Appraiser’ will
be used. This research received ethics approval from the Human Ethics Committee of the
University of Canterbury (HEC 2020/08/LR-PS).
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3.4. Experimental Setup and Data Collection

Since the present study was part of a bigger study involving eye tracking technol-
ogy [52,53], it was inevitable to use a screen-based setup. This included an office desk,
chair, desktop computer, monitor, mouse and keyboard (refer to Figure 3 in [51]). Blade
images were presented in PowerPoint on a 24.8-inch LED monitor (EIZO FlexScan EV2451).
Participants were asked to navigate through the presentation in their own pace. There
were no time limits, neither for individual blade inspections nor for the inspection task
as a whole. If they found a defect, they were asked to mark their findings by drawing
a circle around it using the mouse cursor. Each participant had their own presentation
with their individual inspection results (markings), which were subsequently extracted
and collected in an Excel spreadsheet (defect marking = 1, no defect marking = 0). The
individual findings were then compared to the ground truth and the data were statistically
analysed. Participants did not see their results and no feedback was provided that could
have influenced their performance.

The experiment was conducted in a meeting room with the participant and the lead
author being the only attendees. This was done for several reasons. First, it avoided
participants being distracted by other operators on the shop floor. Vice versa, operators
were not distracted by the study, thus avoiding any negative impact of the study on the
industry operations. Furthermore, the lead author was the only person seeing the indi-
vidual performances, which was important to ensure confidentiality compliance. Finally,
other environmental conditions such as lighting could be controlled and kept consistent
throughout the study.

For logistical reasons and to minimise the impact on our industry partner’s operations,
the study was conducted over a period of two weeks and during both shifts. Thus, the factor
concerning the time of the day could not be eliminated. However, since the participants of
the three expertise groups were randomly distributed across both shifts, the effect (if any)
was equal for all three groups.

All participants had a five-minute break before the study commenced, in which
the researcher prepared the study. Subsequently, the participants were asked to fill in a
questionnaire and sign the consent form. Once completed, instructions were given, and the
study commenced.

3.5. Attribute Agreement Analysis

The participants were asked to inspect engine blades for operational damage and to
make a serviceability decision as to whether the blade is defective (unserviceable) or non-
defective (serviceable). Hence, the collected data were of categorical nature and Attribute
Agreement Analysis was the appropriate method to evaluate the inspection system [35].
The data were analysed statistically in Minitab software, version 18.1 (developed by Minitab
LLC, State College, PA, USA) to answer the research questions in Section 3.1 concerning the
inspection consistency, repeatability, reproducibility, and reliability. We applied the AAA
metrics (Equations (1)–(4)) and agreement limits (Table 1) outlined in the Reference Manual
RM13003 for Measurement Systems Analysis (MSA) from the Aerospace Engine Supplier
Quality (AESQ) Strategy Group [35], which aligns to the Aerospace Standard AS1310 [54].

With respect to the nomenclatures used in Equations (1)–(6), the serviceability decision
of Appraiser 1 in Inspection Trial A is abbreviated to 1A. The same appraiser’s repeated
serviceability decision in Inspection Trial B is referred to 1B. The same principles apply to
Appraiser 2, i.e., inspections 2A and 2B. The standard against which the individual results
are compared with is abbreviated to ‘GT ’for ground truth.

Appraiser Consistency =
Number o f blades where 1A = 1B

Total number o f blades
(1)

Agreement between Appraisers =
Number o f blades where 1A = 1B = 2A = 2B

Total number o f blades
(2)
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Appraiser Agreement with Ground Truth =
Number o f blades where 1A = 1B = GT

Total number o f blades
(3)

All Appraisers with Ground Truth =
Number o f blades where 1A = 1B = 2A = 2B = GT

Total number o f blades
(4)

Table 1. Agreement acceptance limits as per AS13100 [54].

Attribute Agreement Excellent Acceptable Unacceptable

Appraiser Consistency >90% 80–90% <80%
Agreement between Appraisers >90% 80–90% <80%
Appraiser Agreement with Ground Truth >90% 80–90% <80%
All Appraisers with Ground Truth >90% 80–90% <80%

In aviation, as in any other high-reliability organisation, it is more critical if a defect
stays undetected and the defective part is released back into service (false negative), than a
non-defective part being removed from service for detailed inspection and overhaul (false
positive). Therefore, the Aerospace Standard AS13100 outlines a second set of agreement
metrics (Equations (5) and (6)) and associated limits (Table 2). Those can be applied to
determine the percent agreement of appraisers with the ground truth taking into account
the false positives (Equation (5)) and false negatives (Equation (6)) separately.

FP Agreement =
Number o f blades where (1A = 1B = GT) + Number o f ′GT = 1′ blades where (1A = 1B 6= GT)

Total number o f blades
(5)

FN Agreement =
Number o f blades where (1A = 1B = GT) + Number o f ′GT = 0′ blades where (1A = 1B 6= GT)

Total number o f blades
(6)

Table 2. Agreement acceptance limits for false positives (FP) and false negatives (FN) as per
AS13100 [54].

Attribute Metrics False Positive False Negative

Appraiser Agreement with Ground Truth >75% >95%

3.6. Kappa Analysis

Kappa analysis provides a way to assess the agreement reliability by taking into
account the possibility of agreement occurring by chance [35]. The Kappa value (κ) is
considered more robust than the percent agreement of the AAA [35,55]. At the same
time, Kappa is sensitive to the sample distribution and hence is often not comparable
across studies [56]. Moreover, the Kappa value might not be well understood by industry
practitioners, while inspection accuracy (agreement with ground truth) is a commonly used
metric. For completeness, the results of both analyses are reported in this paper.

Kappa values (κ) can range from −1 to 1, whereby κ = 1 means perfect agreement,
κ = 0 shows that the agreement is the same as expected by chance, and a negative Kappa
value indicates an agreement weaker than expected by chance. A detailed overview of the
Kappa values and equivalent agreement classes is shown in Table 3.
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Table 3. Kappa values and interpretation [57].

Kappa Values Agreement Class

κ > 0.80 Almost perfect agreement
0.80 ≥ κ > 0.60 Substantial agreement
0.60 ≥ κ > 0.40 Moderate agreement
0.40 ≥ κ > 0.20 Fair agreement

0.20 ≥ κ > 0 Slight agreement
κ ≤ 0 Poor agreement

4. Results
4.1. Appraiser Consistency and Reproducibility

First, the ‘agreement within appraisers’ was analysed. The results are summarised
in Table A1 (Appendix A) and visualised in Figure 3. The consistency of each appraiser is
indicated by the blue dot together with the 95% confidence intervals (blue crosses). The
results show that mean self-agreement ranged from 50% to 100%.

The highest consistency was measured for four appraisers with 100% self-agreement
each. On average, all appraisers agreed in 82.5% of the time with themselves, with a 95%
confidence interval of 79.3% to 85.8%, which is an acceptable agreement result (refer to
agreement limits in Table 1). However, the individual repeatability results of one-third (17
of 50 appraisers) were below the 80% agreement limit (red line in Figure 3) and returned
a poor to moderate agreement (κ ≤ 0.49). Fourteen of the 50 appraisers (28%) showed
excellent agreement above 90% (indicated by green line in Figure 3), with almost perfect
Fleiss’ kappa values (κ ≥ 0.84). The remaining 19 appraisers (38%) showed a substantial
agreement (0.77 ≥ κ > 0.61).

It might seem concerning that even the means and upper limit of the confidence
interval of some appraisers were below the acceptable threshold of 80%. However, it must
be borne in mind that the design of the study limited the medium to static photography,
whereas in practice appraisers would have access to visualise the real blade with their own
eyes (considering also that eye-wear may be better optimised for physical inspection rather
than viewing photographs on a computer screen), the ability to turn the blade (change the
perspective and the lighting relative to the surfaces), and to subject it to tactile inspection
(including feeling the edges). There is reason to believe from [51] on a different study
design that perspective contributes about an additional 5.4%, and tactile another 7.1%.
Hence, there is no reason to be alarmed by the present results. Additionally, note that the
data presented here are for a portfolio of defects, which have different degrees of severity
of consequences. The severity topic has been addressed elsewhere [58].

Non-defective blades were correctly classified as serviceable in 67–81% of the time.
Nicks and bents showed the highest inspection accuracies of 95–100%, thus being easiest to
detect. Airfoil dents on the other hand were the most difficult defect type to detect with
34–39% accuracy. This aligns to previous findings [51–53].

Next, the ‘agreement between appraisers’ (reproducibility) was assessed. Figure 4
shows that all appraisers agreed with each other on the serviceability decision for four
blades (indicated by single-colour columns), i.e., blades number 1, 5, 14 and 23. This results
in a reproducibility rate of 15.4% and a moderate Kappa value of κ = 0.34 (p < 0.001). This
highlights the variability and inconsistency of the inspection system.
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Figure 3. Agreement within appraiser graph. There are two agreement thresholds, namely acceptable
agreement and excellent agreement indicated by the red and green line respectively. Data for static
images only, without the usual ability to view the blade from different perspectives and tactile feeling
of the blade.
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Figure 4. Agreement between appraisers by decision correctness. Data for static images only, without
the usual ability to view the blade from different perspectives and tactile feeling of the blade.

4.2. Appraiser and Inspection System Accuracy

The inspection accuracy (agreement with ground truth) is arguably the most common
AAA metric used to communicate the performance of an inspection system. The results
in Figure 5 and Table A2 (Appendix A) show an average inspection accuracy of 67.7%
and a Kappa value of 0.45 across all appraisers. The individual accuracy ranged from
38.5% for Appraiser 44 to 88.5% for Appraiser 39. Therefore, the majority of the appraisers’
inspection accuracy would be unacceptable (<80%) if the whole inspection were to rely on
static photography, with Kappa values below 0.6. Only seven individuals (14%) showed
acceptable results and no appraiser achieved excellent accuracy (>90%).

240



Safety 2022, 8, 23 10 of 24Safety 2022, 8, x FOR PEER REVIEW 10 of 24 
 

 

 

Figure 5. Appraiser agreement with ground truth. There are two agreement thresholds, namely ac-

ceptable agreement and excellent agreement indicated by the red and green line respectively. Data 

for static images only, without the usual ability to view the blade from different perspectives and 

tactile feeling of the blade. 

The Aerospace Standard AS13100 [54] suggests differentiating between poor accura-

cies caused by false positives (FP) and the ones due to false negatives (FN). Two different 

acceptance limits of 25% and 5% were introduced for false positive and false negatives, 

respectively (Table 2). In Minitab software, this is referred to as ‘Assessment Disagree-

ment’. It is evident from the results in Table A3 that 11 appraisers (22%) showed a false-

positive rate above 25%, with 66% being the highest. Furthermore, the false-negative rate 

of 20 appraisers (40%) exceeded the 5% limit, with appraiser number 15 having missed 

87.5% of all defects. This leaves 20 appraisers (40%) with an acceptable false-positive and 

false-negative rate, thus meeting the required standard. The ‘Mixed’ column in Table A3 

indicates the number of inconsistent decisions made across the inspection trials. The pro-

portion of the inconsistent decisions and the total number of inspected blades is called 

‘inconsistency’ or ‘imprecision’ and equals 1 minus the inspection consistency. The ap-

praisers of this study on static photography showed an average inconsistency of 17.5%. 

The last metric analysed was the agreement between all appraisers and the ground 

truth. The results are shown in Figure 4 and Table A5. In this study, the ‘agreement be-

tween appraisers’ and the ‘all appraisers vs. ground truth’ accuracies were identical, since 

all the appraisers’ agreeing decisions were correct. The accuracy of the inspection system 

was 15.4% and κ = 0.34 (p < 0.001). 

4.3. Assessment of the Expertise Factor 

The effect of expertise on the inspection performances may be analysed using One-

way ANOVA—one with Inspection Consistency (agreement with themselves) as the de-

pendent variable, and one with Inspection Accuracy (agreement with ground truth). The 

categorical factor in both analyses was Expertise. The first analysis shows that there was 

no significant difference in inspection consistency between the different groups of exper-

tise, F(2, 47) = 0.717, p = 0.494 (see Figure 6). 

5045403530252015105

100

90

80

70

60

50

40

30

20

Appraiser

P
e
rc

e
n

t

95.0% CI

Percent

Appraiser vs Ground Truth

Figure 5. Appraiser agreement with ground truth. There are two agreement thresholds, namely
acceptable agreement and excellent agreement indicated by the red and green line respectively. Data
for static images only, without the usual ability to view the blade from different perspectives and
tactile feeling of the blade.

The Aerospace Standard AS13100 [54] suggests differentiating between poor accuracies
caused by false positives (FP) and the ones due to false negatives (FN). Two different
acceptance limits of 25% and 5% were introduced for false positive and false negatives,
respectively (Table 2). In Minitab software, this is referred to as ‘Assessment Disagreement’.
It is evident from the results in Table A3 that 11 appraisers (22%) showed a false-positive
rate above 25%, with 66% being the highest. Furthermore, the false-negative rate of
20 appraisers (40%) exceeded the 5% limit, with appraiser number 15 having missed 87.5%
of all defects. This leaves 20 appraisers (40%) with an acceptable false-positive and false-
negative rate, thus meeting the required standard. The ‘Mixed’ column in Table A3 indicates
the number of inconsistent decisions made across the inspection trials. The proportion of
the inconsistent decisions and the total number of inspected blades is called ‘inconsistency’
or ‘imprecision’ and equals 1 minus the inspection consistency. The appraisers of this study
on static photography showed an average inconsistency of 17.5%.

The last metric analysed was the agreement between all appraisers and the ground
truth. The results are shown in Figure 4 and Table A5. In this study, the ‘agreement between
appraisers’ and the ‘all appraisers vs. ground truth’ accuracies were identical, since all the
appraisers’ agreeing decisions were correct. The accuracy of the inspection system was
15.4% and κ = 0.34 (p < 0.001).

4.3. Assessment of the Expertise Factor

The effect of expertise on the inspection performances may be analysed using One-way
ANOVA—one with Inspection Consistency (agreement with themselves) as the dependent
variable, and one with Inspection Accuracy (agreement with ground truth). The categor-
ical factor in both analyses was Expertise. The first analysis shows that there was no
significant difference in inspection consistency between the different groups of expertise,
F(2, 47) = 0.717, p = 0.494 (see Figure 6).
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Figure 6. Effect of expertise on inspection consistency. Data for static images only, without the usual
ability to view the blade from different perspectives and tactile feeling of the blade.

Likewise, the second analysis around inspection accuracy showed no correlation
between expertise and inspection accuracy, F(2, 47) = 0.666, p = 0.519 (see Figure 7). While
not being significant, there was a tendency that the inspectors’ agreement with themselves
and with the ground truth was on average slightly higher than for the other two groups.
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Figure 7. Effect of expertise on inspection accuracy. Data for static images only, without the usual
ability to view the blade from different perspectives and tactile feeling of the blade.

5. Discussion
5.1. Summary of Results and Comparison to Other Studies
5.1.1. Attribute Agreement Results

The purpose of this study was to assess the human performance in aviation main-
tenance, specifically in engine blade inspection. The findings are summarised in Table 4
and compared with other studies in the field of visual inspection. On average, appraisers
agreed 82.5% of the time with themselves when inspecting the same blade twice. This is
comparable to the appraiser consistencies reported in previous research, which ranged from
85.6% to 97.0% [25–27,37]. The inspection accuracy of each appraiser, i.e., the ‘agreement
with the ground truth’, was on average 67.7% and aligns to other studies. For example, the
inspection of car lights, airbags, steel chains, and circuit boards led to inspection accuracies
of 68.9%, 84.0%, 92.2% and 94.1%, respectively [25–27,37]. However, it should be noted that
the risk of a missed defect in e.g., car light inspection is different to aviation, where it can
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lead to adverse consequence and affect flight safety. The ‘agreement between assessors’ in
the present work was 15.4%, which is lower than previously reported reproducibility rates
of 36.7% to 83.3% [25–27,37]. Since the 15.4% of inspections where all appraisers agreed
with each other were also correct and aligned to the ground truth, the overall ‘agreement
of all appraisers with the ground truth’ was also 15.4%. The agreement rates reported in
the literature are higher and range from 36.7% to 83.3% [25–27]. It should be noted that the
participants of the present study were presented with images of the parts rather than the
physical parts themselves. Moreover, the research population of the present study (N = 50)
was much larger than in other studies (further discussed below). This could explain the
lower performance compared to previous studies.

Table 4. Summary of Attribute Agreement Analysis results.

Metric Percent Agreement (95% CI)

Appraiser Consistency 82.5 (79.3, 85.8)
Appraiser Accuracy 67.7 (64.8, 70.6)
Appraiser Reproducibility 15.4 (4.36, 34.87)
All Appraisers Agreement with Ground Truth 15.4 (4.36, 34.87)

Differentiating between false positive and false negative agreements provides a better
understanding of what inspection errors occur. While false positives may imply additional
costs for the maintenance operator and engine owner, it has no negative effect on the
flight safety. Contrarily, false negatives imply a high risk, and a missed defect can have a
direct effect on the safety status of the aircraft. Thus, it is not surprising that there was a
tendency towards false positives, which highlights the necessary conservative approach of
the operators. The insights gained may allow for targeted improvement attempts, such as
customised training and framing. The results are summarised in Figure 8, which puts the
appraiser consistency and appraiser accuracy into relation. The three different agreement
levels (a) unacceptable, (b) acceptable, and (c) excellent are highlighted in red, yellow and
green colour, respectively.
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This study found that expertise had no statistically significant effect on the inspection
accuracy. This supports previous research [52,53,59–62] that found that there might be a
natural limit to human performance. Furthermore, the present study found that there was
no correlation between expertise and appraiser consistency. Since no previous study has
assessed this effect, no comparison could be made. It appears that level of expertise, and by
implication training, is not associated with improved consistency. This is an interesting
question in its own right, because it suggests that the ‘judgement’ faculty has not been
improved by the training even if the ‘skill’ activity has. This is consistent with the visual
inspection framework [52] and implies that in the present study appraisers may have been
successful in search, but may have made errors in recognition of defect type, or decision.

5.1.2. Kappa Results

The data were also analysed using Kappa statistics. The distribution of the achieved
‘agreement with themselves’ and ‘agreement with ground truth’ are summarised in Table 5.
Overall, it can be concluded that the ‘agreement within appraisers’ is substantial to almost
perfect in 52% of the cases. In terms of inspection accuracy, a substantial agreement was
achieved in 22% of the time, while none of the appraisers showed almost perfect agreement
with the ground truth. All appraisers agreed with each other on 4 of 26 blades (15.4%). This
returned a Kappa value of κ = 0.344 (p < 0.001). All appraisers’ assessment also agreed with
the ground truth for four blades (15.4%) with a Kappa value of κ = 0.450 (p < 0.001). Low
Kappa values indicate low agreement and thus the greatest potential for improvement.
Since Kappa is sensible to the sample size and distribution [56], the results cannot be
compared to other studies.

Table 5. Summary of Kappa values by agreement metrics.

Kappa Value Agreement Level Distribution of Achieved
‘Agreement with Themselves’

Distribution of Achieved
‘Agreement with Ground Truth’

1.00 ≥ κ > 0.80 Almost perfect agreement 12 (24%) 0 (0%)
0.80 ≥ κ > 0.60 Substantial agreement 14 (28%) 11 (22%)
0.60 ≥ κ > 0.40 Moderate agreement 11 (22%) 22 (44%)
0.40 ≥ κ > 0.20 Fair agreement 7 (14%) 12 (24%)
0.20 ≥ κ > 0.00 Slight agreement 0 (0%) 4 (8%)

κ ≤ 0.00 Poor agreement 6 (12%) 1 (2%)

5.1.3. False Negative Results

In the case of aviation MRO, the false-negative rate is arguably the single most im-
portant metric since it determines the safety outcomes (false positives only have cost
implications). The results of this study show acceptable false-negative performance in 60%
of appraisers. While this might seem alarming, it should be noted that there are a number
of moderating effects.

First, there is variability in the defect type and size (samples shown in Figure 2), which
affects the criticality of the detection. In particular, only very small defects are permitted
on leading edges of blades, and these can be challenging to detect with the naked eye,
even when the part is held in the hand. Other types of defects, such as minor dents or
scratches to the airfoil section, are less critical from a safety perspective. They might
decrease the fuel efficiency of the engine but are highly unlikely to cause any damage to
the engine. Second, photographs were used in the present study, which is consistent with
how borescope results are presented in practice, but for on-bench inspections, the operators
would ordinarily have physical access to the blade and have lighting and magnification
available. Third, the regular inspections provide another barrier to accident causation.
Even in the case of leading-edge defects, a small defect that is missed will not necessarily
propagate to complete fracture, because there is an opportunity to detect it at the next
regular inspection interval.
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For these reasons, the sub-optimal false-negative performance is not necessarily a
failure of the MRO system. From a Bowtie perspective, the results can be interpreted as an
indication of the effectiveness of the visual inspection barrier, and the desirability to seek
ways to improve the performance. We return to this matter in Section 5.2 below.

5.1.4. Effect of Appraiser Number on the AAA Results

This paper included a large number of N = 50 appraisers inspecting the same set of
blades twice. Typically, the number of assessors in other AAA studies has been three: Two
operators and one expert who is considered as being the ground truth [25–27,35]. This
small number of appraisers could possibly be explained by the nature of most inspection
being single-opportunity detections, i.e., the parts are only inspected once by one oper-
ator. However, in sequential inspections whereby two or more operators inspect a part
independently of each other, the ‘agreement between appraisers’ is even more important.
At the same time, the more appraisers are included (each with their own inconsistency)
the smaller the likelihood of ‘agreement between each other and the ground truth’. This
could explain the relatively lower ‘agreement between appraisers’ and ‘agreement of all
appraisers vs. ground truth’ in the results section.

To understand the effect of the appraiser size on the agreement results, the AAA was
repeated with 2, 5, 10, 15, 20 and 30 randomly selected appraisers and compared to the
agreements achieved by the 50 operators. The results are summarised Table 6. Based on
the assumption that the results of 50 appraisers is a better representation of the truth, it
can be said that the agreements of only two appraisers differ to the ones of 50 appraisers.
More precisely, the appraiser consistency and appraiser accuracy were 6.8% lower in each
case. A much bigger difference was noted for appraiser reproducibility and ‘agreement
of all appraisers with the ground truth’. While two appraisers achieved a reproducibility
accuracy of 65.4%, the agreement between the 50 appraisers was only 15.4% (over four
times lower). Similarly, the ‘agreement between appraisers and the ground truth’ was
57.7% and 15.4% for 2 and 50 appraisers, respectively. This shows that while it is common
to include two appraisers and compare their agreements to the ground truth, the results
might not represent the performance of the inspection system. At the same time, it might
not always be feasible to include 50 participants due to operational constraints, for instance,
when the task is only performed by a few operators, or when the time to perform the
AAA is limited. Thus, the intermediate appraiser numbers might be of interest. While the
appraiser consistency and accuracy did not vary much between the different number of
appraisers, the results show three ‘drops’ in appraiser reproducibility and all appraisers
accuracy. The first one is between two and five appraisers, where the reproducibility and ‘all
appraiser agreement vs. ground truth’ halved. The next drop occurred between five and ten
appraisers, where both metrics decreased further by 25%. The numbers remained consistent
from 10–20 appraisers before they decreased again by a third for 30 appraisers. Based on
those observations we would recommend including at least 5, preferably 10 appraisers in
AAA studies. More appraisers will always be beneficial but will not necessarily provide
additional insights.

An additional factor for consideration is that the assessment process tends to exclude
blades from circulation at each inspection stage, i.e., decisions are conservative rather than
a voting process. Hence, having more appraisers in a series arrangement of inspections
has the potential to raise the reliability of the process as a whole. Per 4.1, even one level of
inspection has the potential to have a relatively high level of exclusion of defective blades
but has a high dependency on the personal variability of the appraiser.
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Table 6. Repeated AAA with varying appraiser numbers.

Number of
Appraisers

Appraiser
Consistency

Appraiser
Accuracy

Appraiser
Reproducibility

All Appraisers vs.
Ground Truth

2 76.9% 63.1% 65.4% 57.7%
5 81.5% 63.9% 30.8% 30.8%

10 82.7% 66.2% 23.1% 23.1%
15 79.2% 64.9% 23.1% 23.1%
20 80.0% 69.5% 23.1% 23.1%
30 80.8% 69.2% 15.4% 15.4%
50 82.5% 67.7% 15.4% 15.4%

5.2. Implications for Practitioners

This study provides insights into the inspection process that might be relevant to
other organisations performing maintenance inspection of used parts with operational
damages. The part condition (e.g., dirtiness) has a significant effect on the performance [53]
and thus previous findings from the manufacturing industry may not provide a reliable
indication of the achievable inspection performance in maintenance activities. This work
fills that gap and provides an understanding of human performance and capabilities in
maintenance inspection. It shows what an employer and ultimately the aviation authorities
can expect from an operator when mandating a visual inspection performed solely by the
naked eye, at least in image-based inspections as here. This may support reconsideration
of the existing inspection policies and procedures. Furthermore, it might be worthwhile
assessing the FP and FN rates separately and applying different limits, which might be
more appropriate for high reliability organisations.

The Attribute Agreement Analysis can help identifying the specific defects the oper-
ators struggled with by looking at the appraisers’ accuracy. Furthermore, the parts with
the highest disagreement and inconsistency can be identified and the inspection training
adjusted accordingly to specifically target those challenging defects. This could be done
e.g., by including a standardised set of blades with representative defects as part of the
classroom training. Feedback could be provided during such training to sensitise the
operators to what defect types and severities must be detected and ultimately rejected. The
visual inspection framework [52] may be useful at this point, particularly the concept of
recognition error and decision error [53]. This because results of the present paper show no
statistically significant association between expertise and inspection accuracy. This implies
that the higher levels of training associated with expertise had not developed the decision
faculty (and perhaps recognition) to the level that might be expected. Possibly training
might need to consider the decision activity more explicitly. This has the potential to guide
an organisation’s continuous improvement efforts through informed decision-making. The
effectiveness of such changes can be easily assessed using Attribute Agreement Analysis.
Thus, AAA provides a useful tool for Lean Six Sigma approaches such as DMAIC [63,64].

Moreover, AAA provides the opportunity of being used as part of the proficiency
evaluation and certification process to ensure that operators meet the required performance
standard. It might even be possible to use it for assessing the operator’s performance early
in the application process and selecting the best candidate for the role based on their natural
or pre-existing inspection skills.

Investing in advanced technologies such as Automated Visual Inspection Systems
(AVIS) including artificial intelligence and 3D scanning [65–68] might offer an opportunity
to overcome some of the limitations due to human factors. For the moment, it is unlikely
that the human operator will be replaced entirely due to the strong cognitive capabilities
and subjective judgement required in visual inspection [26]. Thus, future research could
evaluate the opportunities and risks of each inspection agent (human or otherwise) and
assess a possible integration and interaction with the human operator. An interesting
finding of the present study is that inspection accuracy was, for many appraisers, less
than ideal when photographs were the only mode of input. In real industrial practice,
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appraisers have additional modes of input, such as being able to change viewing angle,
lighting, magnification, video, and tactile feedback, and these augment the pure visual
inspection. However, advanced technologies such as artificial intelligence (AI) are often
limited to static photographs (even videos tend to be reduced to analysis of individual
frames), and hence may show similar limitations in certain situations. Possibly, different
types of inspection (human, AI, 3D scanning, etc.) may be better for certain tasks than
others, but if so, these contingency variables are still poorly understood. Herein lies the
potential of advancing the operators’ performance, thus improving the inspection quality
and reliability, which ultimately contributes to flight safety. However, these technologies
come with their own limitations. Thus, a case-specific assessment should be performed
before investing in new technology.

Furthermore, this study provides a recommendation regarding the number of apprais-
ers, which might be helpful for the study design of future Attribute Agreement Analyses.
This has the potential to make such studies more economical and hence more readily
implemented.

5.3. Limitations

There are several limitations in this study. First, the actual inspection performance in
MRO is likely to be better than in the present study due to the limitations arising from the
study design. That is, the inspection was based on photographs of the blades rather than
the actual ‘physical’ parts themselves. Allowing operators to hold the blades in their own
hands, to inspect them from any arbitrary angle, to control the lighting, and to use their
fingertips to feel the blade (tactile sense) could have limited their inspection ability and
caused lower inspection accuracies, as further explored in [51]. Contrarily, it might also
be possible that the inconsistency and reliability of the inspection system would remain
unchanged due to the nature of the operations being dependent on the human operators
and thus prone to human error regardless of the inspection mode.

While there was a concern regarding a potential memory effect due to the unique shape
and manifestation of each defect, the results indicate that this effect was of no consequence,
i.e., even if the appraisers might have remembered having seen the blade before, the results
show low consistencies (agreement within appraisers).

Another limitation was the sample size being slightly below the recommended number
of 30 to 50 parts [35]. This could have influenced the statistical analysis. Future work could
repeat the study with a larger sample size and more time between the inspection trials (on
different days) to avoid a memory effect.

The effect the number of appraisers has on the inspection performance was assessed
and the results show that the reproducibility and the ‘appraiser agreement with the ground
truth’ decreased with increasing appraiser numbers. Hence, the comparison of the perfor-
mance results of the present study (50 appraisers) with other studies in the field might have
not been fully valid and were in favour of studies with lower appraiser numbers [25–27].

In the present study, we presented a representative portfolio of defects to the partici-
pants. In principle, the AAA and other metrics might be determined for each type of defect
and size thereof, but that would be a much larger study than the present one.

Finally, recommendations towards an ideal number of appraisers were made based on
a semi-qualitative analysis of the inspection results reported in this paper. There was no
methodological or statistical evaluation of this concern, which provides great potential for
future research.

5.4. Future Work

Some recommendations for future work have already been addressed previously and
are not repeated here.

Future work could repeat the study with physical parts as opposed to images thereof
and assess any differences in performance. We would expect the appraiser accuracy to
increase based on previous findings [51]. However, it remains unclear whether the ability
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to inspect the actual parts and using the tactile sense will affect the appraiser consistency
and reproducibility. It might be possible that inspection consistency and reliability are
independent of whether humans inspect images or physical parts.

There is an opportunity to research training approaches that might help to improve the
human performance and ultimately lead to higher consistency, accuracy and reproducibility.
Previous studies showed that Attribute Agreement Analysis is a suitable method to measure
and evaluate the effect of continuous training and feedback by tracking the individual and
system performance, and adjust the training needs each time based on the results [27,33].

It might be further possible to introduce a training and certification programme that
requires each inspector to assess a certain number of blades on a regular basis. The results
could be analysed using Attribute Agreement Analysis. They could also be used to train an
AI-based inspection system. This could allow tracking the personal performance of each
inspector, while training the algorithm of the AVIS at the same time.

6. Conclusions

This study makes several novel contributions to the field. First, the operators’ con-
sistency, repeatability, reproducibility, and reliability were assessed, applying Attribute
Agreement Analysis and Kappa analysis. This was the first study using those methods
to analyse the operator performance in a maintenance environment, specifically in visual
inspection of engine blades. This was different to quality assurance processes in a produc-
tion environment since the parts were in used condition and with operational defects as
opposed to manufacturing defects.

Second, the human performance in inspection was evaluated considering the false-
positive rate and false-negative rate separately, in addition to the generic inspection ac-
curacy metric. This included applying different agreement limits based on the type of
inspection error and the associated risk on operational safety. In the case of aviation
maintenance, the false-negative rate is arguably the single most important metric since it
determines the safety outcomes (false positives only have cost implications). The results
of this study show acceptable false-negative performance in 60% of appraisers. This sub-
optimal false-negative performance is not necessarily a failure of the MRO system. From a
Bowtie perspective, the results can be interpreted as an indication of the effectiveness of
the visual inspection barrier, and the desirability to seek ways to improve the performance.
Some suggestions are given in this regard.

Third, the present study was the biggest Attribute Agreement Analysis published in
the literature in terms of the size of the research population. This allowed us to analyse
the effect of the number of appraisers on the AAA metrics. Recommendations towards a
somewhat optimal research population were made.

Several future work directions were recommended with the potential to overcome the
limitations of the human operator and improve the inspection consistency, accuracy and
reproducibility. This might contribute towards better inspection quality and reliability, and
ultimately, lead to improved aviation safety.

Attribute Agreement Analysis has an important place in the wider safety processes,
since it relates to the human reliability of the inspection process, and hence in the removal
of defects from technical systems.
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Appendix A

The individual inspection results are presented in Tables A1–A5. Each table shows
the number of inspected and matched blades, the agreement percentage (number of blades
matched divided by the number of blades inspected) and the related 95% confidence
interval (95% CI). Table A3 further shows the number of false positives (FP) and false
negatives (FN) together with the resulting FP and FN rates. The ‘Mixed’ and ‘Imprecision’
columns show the number and proportion of inconsistent decisions, respectively.

Table A1. Summary of Inspection Consistency (Agreement within Appraiser).

Appraiser Number
Inspected

Number
Matched

Agreement
Percentage 95% CI

1 26 26 100.00 (89.12, 100.00)
2 26 22 84.62 (65.13, 95.64)
3 26 20 76.92 (56.35, 91.03)
4 26 24 92.31 (74.87, 99.05)
5 26 22 84.62 (65.13, 95.64)
6 26 21 80.77 (60.65, 93.45)
7 26 19 73.08 (52.21, 88.43)
8 26 20 76.92 (56.35, 91.03)
9 26 24 92.31 (74.87, 99.05)

10 26 17 65.38 (44.33, 82.79)
11 26 18 69.23 (48.21, 85.67)
12 26 21 80.77 (60.65, 93.45)
13 26 22 84.62 (65.13, 95.64)
14 26 23 88.46 (69.85, 97.55)
15 26 25 96.15 (80.36, 99.90)
16 26 17 65.38 (44.33, 82.79)
17 26 18 69.23 (48.21, 85.67)
18 26 21 80.77 (60.65, 93.45)
19 26 20 76.92 (56.35, 91.03)
20 26 18 69.23 (48.21, 85.67)
21 26 21 80.77 (60.65, 93.45)
22 26 24 92.31 (74.87, 99.05)
23 26 23 88.46 (69.85, 97.55)
24 26 14 53.85 (33.37, 73.41)
25 26 24 92.31 (74.87, 99.05)
26 26 25 96.15 (80.36, 99.90)
27 26 18 69.23 (48.21, 85.67)
28 26 21 80.77 (60.65, 93.45)
29 26 23 88.46 (69.85, 97.55)
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Table A1. Cont.

Appraiser Number
Inspected

Number
Matched

Agreement
Percentage 95% CI

30 26 19 73.08 (52.21, 88.43)
31 26 24 92.31 (74.87, 99.05)
32 26 22 84.62 (65.13, 95.64)
33 26 20 76.92 (56.35, 91.03)
34 26 21 80.77 (60.65, 93.45)
35 26 26 100.00 (89.12, 100.00)
36 26 23 88.46 (69.85, 97.55)
37 26 21 80.77 (60.65, 93.45)
38 26 23 88.46 (69.85, 97.55)
39 26 25 96.15 (80.36, 99.90)
40 26 26 100.00 (89.12, 100.00)
41 26 25 96.15 (80.36, 99.90)
42 26 13 50.00 (29.93, 70.07)
43 26 23 88.46 (69.85, 97.55)
44 26 17 65.38 (44.33, 82.79)
45 26 26 100.00 (89.12, 100.00)
46 26 24 92.31 (74.87, 99.05)
47 26 22 84.62 (65.13, 95.64)
48 26 23 88.46 (69.85, 97.55)
49 26 19 73.08 (52.21, 88.43)
50 26 20 76.92 (56.35, 91.03)

Average 26 21.5 82.54 (79.29, 85.79)

Table A2. Summary of Inspection Accuracy (Appraiser Agreement with Ground Truth).

Appraiser Number
Inspected

Number
Matched

Agreement
Percentage 95% CI

1 26 14 53.85 (33.37, 73.41)
2 26 17 65.38 (44.33, 82.79)
3 26 18 69.23 (48.21, 85.67)
4 26 20 76.92 (56.35, 91.03)
5 26 18 69.23 (48.21, 85.67)
6 26 18 69.23 (48.21, 85.67)
7 26 16 61.54 (40.57, 79.77)
8 26 18 69.23 (48.21, 85.67)
9 26 22 84.62 (65.13, 95.64)
10 26 15 57.69 (36.92, 76.65)
11 26 16 61.54 (40.57, 79.77)
12 26 18 69.23 (48.21, 85.67)
13 26 18 69.23 (48.21, 85.67)
14 26 17 65.38 (44.33, 82.79)
15 26 18 69.23 (48.21, 85.67)
16 26 17 65.38 (44.33, 82.79)
17 26 15 57.69 (36.92, 76.65)
18 26 16 61.54 (40.57, 79.77)
19 26 14 53.85 (33.37, 73.41)
20 26 18 69.23 (48.21, 85.67)
21 26 19 73.08 (52.21, 88.43)
22 26 22 84.62 (65.13, 95.64)
23 26 18 69.23 (48.21, 85.67)
24 26 14 53.85 (33.37, 73.41)
25 26 19 73.08 (52.21, 88.43)
26 26 21 80.77 (60.65, 93.45)
27 26 16 61.54 (40.57, 79.77)
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Table A2. Cont.

Appraiser Number
Inspected

Number
Matched

Agreement
Percentage 95% CI

28 26 14 53.85 (33.37, 73.41)
29 26 18 69.23 (48.21, 85.67)
30 26 17 65.38 (44.33, 82.79)
31 26 16 61.54 (40.57, 79.77)
32 26 18 69.23 (48.21, 85.67)
33 26 20 76.92 (56.35, 91.03)
34 26 19 73.08 (52.21, 88.43)
35 26 22 84.62 (65.13, 95.64)
36 26 21 80.77 (60.65, 93.45)
37 26 16 61.54 (40.57, 79.77)
38 26 21 80.77 (60.65, 93.45)
39 26 23 88.46 (69.85, 97.55)
40 26 20 76.92 (56.35, 91.03)
41 26 20 76.92 (56.35, 91.03)
42 26 11 42.31 (23.35, 63.08)
43 26 18 69.23 (48.21, 85.67)
44 26 10 38.46 (20.23, 59.43)
45 26 20 76.92 (56.35, 91.03)
46 26 16 61.54 (40.57, 79.77)
47 26 19 73.08 (52.21, 88.43)
48 26 18 69.23 (48.21, 85.67)
49 26 15 57.69 (36.92, 76.65)
50 26 16 61.54 (40.57, 79.77)

Average 26 17.6 67.69 (64.82, 70.56)

Table A3. Summary of Inspection Errors (Disagreement with Ground Truth).

Appraiser False Positives (FP) FP Rate False Negatives (FN) FN Rate Mixed Imprecision

1 12 66.67 0 0.00 0 0.00
2 5 27.78 0 0.00 4 15.38
3 2 11.11 0 0.00 6 23.08
4 4 22.22 0 0.00 2 7.69
5 0 0.00 4 50.00 4 15.38
6 3 16.67 0 0.00 5 19.23
7 1 5.56 2 25.00 7 26.92
8 2 11.11 0 0.00 6 23.08
9 2 11.11 0 0.00 2 7.69
10 0 0.00 2 25.00 9 34.62
11 0 0.00 2 25.00 8 30.77
12 3 16.67 0 0.00 5 19.23
13 1 5.56 3 37.50 4 15.38
14 6 33.33 0 0.00 3 11.54
15 0 0.00 7 87.50 1 3.85
16 0 0.00 0 0.00 9 34.62
17 3 16.67 0 0.00 8 30.77
18 5 27.78 0 0.00 5 19.23
19 4 22.22 2 25.00 6 23.08
20 0 0.00 0 0.00 8 30.77
21 0 0.00 2 25.00 5 19.23
22 2 11.11 0 0.00 2 7.69
23 5 27.78 0 0.00 3 11.54
24 0 0.00 0 0.00 12 46.15
25 2 11.11 3 37.50 2 7.69
26 0 0.00 4 50.00 1 3.85
27 2 11.11 0 0.00 8 30.77

251



Safety 2022, 8, 23 21 of 24

Table A3. Cont.

Appraiser False Positives (FP) FP Rate False Negatives (FN) FN Rate Mixed Imprecision

28 3 16.67 4 50.00 5 19.23
29 0 0.00 5 62.50 3 11.54
30 0 0.00 2 25.00 7 26.92
31 8 44.44 0 0.00 2 7.69
32 0 0.00 4 50.00 4 15.38
33 0 0.00 0 0.00 6 23.08
34 2 11.11 0 0.00 5 19.23
35 4 22.22 0 0.00 0 0.00
36 2 11.11 0 0.00 3 11.54
37 5 27.78 0 0.00 5 19.23
38 2 11.11 0 0.00 3 11.54
39 2 11.11 0 0.00 1 3.85
40 6 33.33 0 0.00 0 0.00
41 0 0.00 5 62.50 1 3.85
42 2 11.11 0 0.00 13 50.00
43 5 27.78 0 0.00 3 11.54
44 5 27.78 2 25.00 9 34.62
45 4 22.22 2 25.00 0 0.00
46 8 44.44 0 0.00 2 7.69
47 1 5.56 2 25.00 4 15.38
48 2 11.11 3 37.50 3 11.54
49 4 22.22 0 0.00 7 26.92
50 0 0.00 4 50.00 6 23.08

Average 2.58 14.33 1.28 16.00 4.54 17.46

Table A4. Inspection Reproducibility (Agreement between Appraisers).

Appraiser Number
Inspected

Number
Matched

Agreement
Percentage 95% CI

All 26 4 15.4% (4.36, 34.87)

Table A5. Inspection System Accuracy (All Appraisers vs. Ground Truth).

Appraiser Number
Inspected

Number
Matched

Agreement
Percentage 95% CI

All 26 4 15.4% (4.36, 34.87)
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Abstract: Background—In the field of aviation, maintenance and inspections of engines are vitally
important in ensuring the safe functionality of fault-free aircrafts. There is value in exploring
automated defect detection systems that can assist in this process. Existing effort has mostly been
directed at artificial intelligence, specifically neural networks. However, that approach is critically
dependent on large datasets, which can be problematic to obtain. For more specialised cases where
data are sparse, the image processing techniques have potential, but this is poorly represented in the
literature. Aim—This research sought to develop methods (a) to automatically detect defects on the
edges of engine blades (nicks, dents and tears) and (b) to support the decision-making of the inspector
when providing a recommended maintenance action based on the engine manual. Findings—For a
small sample test size of 60 blades, the combined system was able to detect and locate the defects with
an accuracy of 83%. It quantified morphological features of defect size and location. False positive
and false negative rates were 46% and 17% respectively based on ground truth. Originality—The
work shows that image-processing approaches have potential value as a method for detecting defects
in small data sets. The work also identifies which viewing perspectives are more favourable for
automated detection, namely, those that are perpendicular to the blade surface.

Keywords: automated defect detection; blade inspection; gas turbine engines; aircraft; visual inspec-
tion; image segmentation; image processing; applied computing; computer vision; object detection;
maintenance automation; aerospace; MRO

1. Introduction

Aircraft engine maintenance plays a crucial role in ensuring the safe flight state and
operation of an aircraft, and image processing—whether by human or automatic methods—
is key to decision-making. Aircraft engines are exposed to extreme environmental factors
such as mechanical loadings, high pressures and operating temperatures, and foreign
objects. These contribute to the risk of damage to the engine blades [1–4]. It is vitally
important to ensure high quality inspection and maintenance of engines to detect any
damage at the earliest stage before it propagates towards more severe outcomes. Missing
defects during inspection can cause severe damage to the engine and aircraft and have the
potential to cause harm and even fatalities [5–7].

There are several levels of inspection, each with their own tools and techniques. A
comprehensive inspection workflow is presented in Figure 1. The V-diagram shows the
different levels and their hierarchy. The more detailed the inspection (further down in
the diagram), the better the available inspection techniques, but at the same time the
higher the cost introduced for further disassembly and reassembly. The different inspection
levels can be summarised into two main types of inspection: in-situ borescope inspection
performed on-wing or during induction inspection and subsequent module and piece-part
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inspection where the parts are exposed. While borescope inspection is an essential first
mean of inspection to determine the health and condition of the parts and subsequently
make the decision as to whether further disassembly and detailed inspection is required,
it also has limitations of relatively low image quality and poor lighting conditions inside
the engine [8]. Furthermore, there is limited accessibility, which creates the need to use
different borescope tips, which in turn leads to a high variation of images [9]. Due to
the challenging borescope inspection environment, this research focuses on piece-part
inspections, where these conditions can be better controlled. If successful, the proposed
method could be refined and might then be transferable to higher levels of inspection,
namely, module and borescope inspection.
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Figure 1. Inspection workflow and hierarchy of levels of inspection.

During all visual inspections, a skilled technician obtains an appropriate view of the
part and evaluates the condition by searching for any damages. When a defect is detected,
the inspector has to make a decision whether or not it is acceptable, i.e., check if it is within
engine manual limits. This decision is based on the inspector’s experience and to some
extent on the risk appetite. Some inspectors tend to take a more risk adverse stand, which
may lead to a costly tear down of the engine or scrapping of airworthy parts. Both tasks,
defect detection and evaluation, are time consuming and tedious processes that are prone
to human error caused by fatigue or complacency. This entails the risk of missing a critical
defect during inspection. Thus, there is a need to overcome those risks and support the
human operator, while improving the inspection quality and repeatability, and decreasing
the inspection times. Ultimately, this has the potential to improve aviation safety through
reduction of accidents in which defects were missed during the inspection task [10,11].

In this research, the focus is on defects present on the leading and trailing edges of
compressor blades. These blades are located as per Figure 2 and highlighted in yellow. An
isolated blade is presented next to it.

The most common edge defects are dents, nicks and tears. An overview of the
defect types and their characteristics together with a sample photograph is shown in
Figure 3 below. It should be noted that the sample images show severe defects. This is for
demonstration purposes only, to highlight the difference between the different defect types.
The test dataset also contained blade images with smaller defects that are more difficult
to detect. Detecting those defect types is important as they can lead to fatigue cracks [13]
resulting in material separation and breakage of the entire blade under centrifugal load [14],
which has the potential to cause severe damage to the engine and aircraft.
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2. Literature Review
2.1. Automated Visual Inspection Systems (AVIS)

In aviation, automated inspection systems have been developed for detecting damages
on aircraft wings and fuselage [16–21], tyres [22], engines and composite parts [16,23–26].
Several airlines have shown increasing interest in automating visual inspection and tested
several systems, including inspection drones for detection of lightning strikes, marking
checks and paint quality assurance [27,28], robots with vacuum pads for thermographic
crack detection [29] and visual inspection robots for fuselage structures [30]. Engine
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parts such as shafts [31,32], fan blades [20,33], compressor blades [9,34,35] and turbine
blades [9,26,36–43] are also of particular interest as all are safety-critical to flight operations.

Deep learning is used in several types of classification problems where feature repre-
sentations are automatically learned using large amounts of labelled training data. These
models can have many, possibly millions of, trainable parameters. In contrast, the problem
at hand deals with simple geometrical characteristics of images that require few parameters
(e.g., slope of a line segment). Such problems can be solved directly using a small set of
image processing methods that extract and quantify relevant features. A small feature
space also makes it possible to use simple rule-based detection and classification algorithms.
Deep learning based solutions could still be attempted, where the entire blade image is
provided as input and classified into one of the defect types.

One drawback of these techniques, however, is the need for large training datasets in
order to produce good models. This is potentially problematic in the case of jet engines, as
there are many different parts with variations in geometry. In particular, the compressor
and turbine blades have different geometric features in addition to size changes. There are
also the stationary vanes between each row of moving blades. All this variety adds up to a
formidable detection task for AI systems, and hence is still the preserve of expert human
inspectors. Humans have the ability to understand the context of what they are looking at,
specifically what is and is not important in the visual field.

Several attempts to overcome the challenge with small datasets have been made,
including the approach developed by Kim et al., which was able to detect nicks with
a 100% accuracy on training data [43]. The approach used the scale invariant feature
transform (SIFT) algorithm [44,45] and principal component analysis to produce a damage
representation, which is then compared with input images. Should a sufficient level of
feature matching be achieved, the image was processed by a CNN to provide a classification.
Although it was able to achieve a high detection rate, the software was only able to detect
nicks, no other defect types.

Other research using CNN techniques have explored detection of cracking in wind
turbine blades [46], cracking on the surfaces of compressor blades in jet engines [9] and
detection of surface erosion on turbine blades in jet engines [47]. All of these approaches
use some form of feature extraction or segmentation techniques to normalise the input
into a trained CNN and typically achieved a high accuracy of detection. However, the
training examples were of advanced damage that is clearly visible to the human eye. In
reality, a system needs to detect defects at much smaller scales of severity, and this has not
yet been convincingly demonstrated in the literature. Additionally, all these applications
required large quantities of training data. The issue, as identified by Wang using x-ray
inspection and CNN, is that lack of training data for rare defects results in extremely poor
performance of the network when exposed to novel defects [48].

These methods use feature extraction techniques and then classification of the features
in comparison to features trained from both damaged and non-damaged blades. Of the
image-processing algorithms, positive results have been shown for bilateral filtering and
Gaussian blur algorithms [49,50].

However, the range of defects that can be detected is still limited. Typically, neu-
ral networks are used for classification tasks [51]. However, they require significant
amounts of data to accurately perform a classification, especially with increasing number
of classes [52–54]. There exist several commercial AI software for inspection of gas turbine
blades. Some focus on borescope inspection [55,56], while others target the automated
inspection of piece-parts [57–59]. They all use Deep Learning AI, which is perhaps feasible
due to their fortunate commercial situation of being able to collect a large dataset of defec-
tive blade images. Thus, there is a fair chance that Deep Learning AI can be successfully
applied, in the right conditions. However, in cases where images are scarce, the neural
network approach may have inherent limitations due to the variety of defect types and
the rarity of some defects. Consequently, there is value in exploring other approaches,
especially those that are less critically dependent on large datasets.
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2.2. Automated Defect Measurement

Before a decision can be made whether a defect is within or out of limits, the damage
has to be measured. The biggest challenge with measuring the defect size is the variety
of defect shapes and appearances. Different attempts have been made for estimating the
defect size. For example, borescope instruments allow measuring the defect size using
stereo imaging or optical phase shifting. However, this is a manual and time-consuming
task, since the inspector has to acquire an image first and then mark the contour points
(start and end of defect) between which the distance shall be measured. The situation can
be improved by providing a scaled measurement grid [60].

In automatic visual inspection systems, traditional approaches use the bounding box
or the horizontal cross-section of the detected defect to estimate the defect size [61,62]. For
surface defects, this does not represent the actual defect size and thus they recommend
using the largest dimension of all cross-sections of the detected defect [62]. Those authors
developed a software tool to detect and to calculate the defect characteristics, including
the defect size, shape, location and type. However, it is not mentioned which methods are
used to extract the defect information from the image and how the defect size is estimated.
The only information given is that the maximum length across all cross-sections was used.
This however does not apply to engine blade inspection, where the engine manual limits
determine the serviceability based on the depth of the defect independent of its other
dimensions, such as defect height or volume of missing material. The defect depth is not
always the largest dimension, and thus, the width of the bounding box provides a better
estimate of the critical defect size than the maximum length of all cross-sections.

Most surface defects appear in a circular or elliptical shape rather than a rectangle.
Hence, there has been work to approximate the real defect shape [63,64]. Volume-based
measuring methods have been attempted [65], though is less suitable for edge defects,
where material is deformed or missing, and thus, there is no depth to measure.

2.3. Decision-Support Systems for Maintenance and Inspection Applications

In the literature, there are mainly three types of decision support systems: (1) mainte-
nance and inspection decision support systems for selecting the best inspection techniques
and timing for performing a maintenance cycle [66–70], (2) decision support after the
inspection is performed to determine if the findings are critical [71] and (3) a combination
of both with recommendations for the best repair action based on the findings [72]. The
focus of this paper is on the decision support after the inspection is performed and the
relevant literature is reviewed in this section.

The work by Zou et al. [72] proposed a support tool to improve the inspection,
maintenance and repair decision-making, taking into account factors that affect the defect
propagation. The approach was based on risk assessment and life cycle cost analysis. The
decision support tool provided answers to the questions where to inspect, how frequent to
inspect, and what technique to use. Furthermore, it recommended whether, when and how
to repair the defects.

While they used the risk of failure, this is less relevant in aircraft engine maintenance,
Instead the risk is incorporated in the engine maintenance limits of allowed defect sizes
and thus does not need to be included in the decision support tool.

In the medical field, a skin inspection system was developed to search for pigments
that indicate skin cancer [71]. The software utilised image-processing techniques, such as
threshold-based feature segmentation. After the detection of skin anomalies, a machine
learning based decision support tool was introduced to help the classification of those
findings and determine whether the anomaly was benign lesions or melanoma. It took
into account several influence factors that have an effect on the likelihood of melanoma
such as gender, age, skin type, and affected area of the body. The concept that different
body parts have different risk levels can be translated to engine blade inspection, where
the blade has different tolerance areas as well. This tool used machine learning. Due to the
scarce amount of data, machine learning might be less suitable for a decision support tool
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in the MRO domain. Furthermore, the approach by Alcon has only two classes and the
threshold is determined based on the training dataset. In the case of blade inspection, the
threshold is determined by well-defined engine manual limits.

2.4. Gaps in the Body of Knowledge

Although the field has moved towards automated visual inspection in the maintenance
environment, there are limitations. Typically, neural networks are used for defect detection
and classification [73].

It is generally accepted that the performance of a deep learning neural network im-
proves logarithmically with increasing sample size [74–77]. Several sources state that a
dataset of 1000 images per class is required to successfully train a neural network [74,78–80].
A recent example in the medical field for COVID-19 detection used a dataset of 1128 im-
ages [81]. Sun et al. [77] used 300 million images to train a neural network. The number
of images may be reduced by using a pre-trained model (where applicable) and smart
augmentation to artificially create a larger dataset. Good accuracies with reasonable classi-
fication results can be achieved with sample sizes as small as 150–500 images per class [76].
However, “good” and “reasonable” are subjective. It can be summarised that a “small”
dataset for neural networks is at least 150 images, though about a thousand images is the
norm, and “big data” comprises millions of records. In contrast, the minimum number
of images for traditional image processing approaches is much less, of the order of about
10–100 [82,83].

Hence, the neural network method critically depends on relatively larger training and
test datasets compared to image processing methods [52–54]. Furthermore, there are several
sizes, shapes and types of blades (especially compressor versus turbine differentiation),
which further increases the required amount of data. This limitation is also prevalent in
more advanced neural networks, such as CNNs and their variants. Thus, there is a need
to develop defect detection system that would perform well for small datasets and rare
defects. The rare defects are precisely the types that are important to detect.

An alternative to neural networks and their variants comes in the form of classical
image processing techniques that have been used in the field of computer vision for a long
time [84]. There is a lack of recent applications of these techniques to blade inspection. In
fact, the field is somewhat weak and has been dominated by the neural networks and deep
learning approaches instead [9,19,47,85].

Furthermore, most research focuses on defect detection on turbine blades rather than
compressor blades. This encompasses mainly crack detection [9,33,37,38,42], as this is the
most critical type of defect and the main source of failure. Nonetheless, other types of
defects can lead to significant shortage of the part life cycle and propagate towards cracks
leading to the same consequences. For example, in the compressor stage, the blades are
vulnerable to impact damage on their leading edges, in the form of small nicks and dents.
Broken blades propagate through the engine, damaging downstream parts. Thus, detecting
small damages at the front of the engine is particularly important. Hence, there is a need to
find those defects that are poorly represented in the literature, such as nicks and dents in
the compressor blades.

A pervasive problem is that many systems presented in the literature have been
developed on samples with obvious defects that would quickly be detectable by any
trained human operator, and hence do not need support. The smaller defects are harder to
detect and hence a smart inspection system could have benefit. Furthermore, the reviewed
systems have difficulty detecting multiple defect types. Most have focused on detecting
cracks on turbine blades, since these are highly critical. However, other types of defect are
of similar importance or even more critical, e.g., tears or broken-off material. In practice,
it is of utmost importance to detect all defects that are critical and have the potential of
negatively affecting flight operation.

The accurate detection of blade condition early in the maintenance cycle is essential.
False positives can commit the engine to an unnecessary expensive remanufacturing pro-
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cess. False negatives on the other hand may cause a continued operation of the engine in a
defective state with the potential loss of the entire aircraft and passengers. Consequently,
decisions made while the engine is still on wing have a material impact on the organisa-
tional risks and human safety. Detecting a defect is only the first step, while the subsequent
decision whether the defect is acceptable has a bigger impact on the operation. Most
literature on decision support systems in the maintenance domain focused on preventive
and predictive models to forecast and prioritise maintenance activities [70]. However, little
to no attention has been directed to the maintenance actions after the inspection has been
performed. No maintenance decision support tool appears to exist, neither in the aviation
industry nor in the journal literature, which takes into account engine manual limits as a
basis for the decision. The present paper specifically addresses this problem.

3. Methods
3.1. Purpose

The purpose of this research was to develop software with two main functions. The
first one is the automated detection of blade defects in the aero engine domain. This
comprises the detection and location of the defect, and quantitative assessment of the
defect morphology, including the defect size measured in height, depth, and area of
missing material, and the edge deformation measured in change of angle. The scope is
limited to the detection of edge defects, rather than airfoil defects. This was because the
edge defects are more important from a safety perspective, since this is where cracks and
other catastrophic failures originate. In contrast, surface defects lead to efficient losses, but
no further damage or harm. An image perspective comparison was made to determine the
best view with the highest detection accuracy.

The second function is a decision-support tool to assist the inspector by providing
a recommended maintenance action based on a comparison of the defect findings (from
the previous detection software) and the limits extracted from the maintenance manual.
The potential benefit of this is shortened inspection times, while improving the detection
accuracy and thus quality.

3.2. Approach

The overall approach comprised (1) image acquisition, (2) development of a detection
software and (3) development of a decision support tool. Both (2) and (3) use heuristics.
The overall structure of the solution is shown in Figure 4 and will be further discussed in
the following sections.
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3.2.1. Data Acquisition

The research sample for model generation and testing contained a mix of 52 damaged
and 28 non-damaged high-pressure compressor (HPC) blades of stages 6 to 12 from V2500
aircraft engines undergoing maintenance. This dataset is small in comparison to the related
work introduced in the literature review. The blades were in different dirty conditions.
There are two main categories of defects, namely edge defects and surface defects. Edge
defects typically appear as a change in shape of the leading or trailing edge. Surface defects
in turn, appear as a change in gradient. This work focuses on edge defects, as these are
more critical due to their inherent risk of propagating and cause severe engine damage
if they stay undetected. The most common defect types in this category are nicks, dents,
and tears on leading and trailing edges. The defect proportion of the research sample was
42% nicks, 38% dents and 20% tears. Only blades with defects that are visually detectable
were used as the detection software as well as the human eye of the operator performs an
optical analysis.

A standardised image acquisition procedure was developed to ensure repeatability.
This includes eight standardised camera views and a defined camera setup. The setup
comprises a self-built light tent with three ring-lights (Superlux LSY 6W LED) and a
24.1 mega pixel Nikon D5200 DSLR camera with Nikon Macro lenses (AF-S Micro Nikkor
105 mm 1:2.8 G) mounted on a tripod (SLIK U9000). The acquired images were stored in
JPEG format with a resolution of 4928 × 3264 pixels. This setup was chosen, as we wanted
to represent an ideal environment for on-bench piece-part inspection. In total, 80 blade
samples were collected and images thereof acquired, before they were submitted to the
detection software.

Typical levels of defects in blades are shown in Figure 5. The sample blades originated
from an engine with foreign object damage (FOD), and thus, the defects represent an
intermediate level of damage.
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Figure 5. Sample blade defects: (A) nick on leading edge, (B) dent on trailing edge, (C) nick on leading edge, (D) teared-off
corner, (E) dent on leading edge.

For 33 blades, images from eight different perspectives were taken, giving 264 images.
The remaining 47 blades were photographed from perspectives P3 and P7 (perpendicular
to the airfoil) providing a dataset of 94 images. As shown in Figure 6, the different blade
perspectives represent the rotation of the blade in 45-degree increments.

3.2.2. Detection Software

As identified above, the approach taken here eschewed neural networks and rather
focussed on image processing. The detection software was developed in Python version
3.7.6 [86] using the OpenCV library version 4.3.0 [87]. It involves a series of algorithms
applied to generate a ground-truth model of an undamaged blade and subsequently
processed each input image to detect edges. The principle of detection was based on breaks
in line continuity and acts as the implemented heuristic function. The algorithm parameters
were determined using an iterative approach to optimise the performance of the model as
described in more detail in the following sections.
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First, 20 non-defective blades were used to establish the ground truth model with
respect to the heuristic function. Next, JPEG images were imported and processed following
a specific procedure. This included image pre-processing to reduce the noise, converting
the image to greyscale and compressing the image size down to 30% to improve the
performance (computation speed).

Thereafter, regions of interest (ROI) were generated on the input image using the same
heuristic function. The ROIs were then compared region by region to the ground-truth
model and any significant difference between the two was considered as defective area.
This area was marked on top of the input image by the renderer in form of a bounding
box around the detected area. Finally, the descriptor performed an analysis of the detected
regions and calculated their mathematical properties as described in the following sections.
These defect characteristics were then exported together with the marked image as an
output file.

The system architecture is shown in Figure 7. Please note that the surface defect
heuristic highlighted in red was not implemented; however, it acts as an example of adding
additional heuristics for characterisation of different defect types.
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Image Processing

The image processing operation is as follows. The input image is stored in a matrix of
the size (H, W, C), whereby H represents the height and W the width of the input image.
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C stores the colour channels Red, Green and Blue of the image. This matrix is then scaled
down on the H and W axes, and the C axis is collapsed to 1 as the image is converted to
grayscale. The grey-scaling follows the equation as specified by OpenCV:

Y = 0.299× R + 0.587× G + 0.114× B (1)

with R, G, B representing the colour channels red, green, and blue respectively. The matrix
of size (H, W, 1) is then convolved with a bilateral filter kernel (shift-invariant Gaussian
filter) to produce a de-noised image.

Generation and Analysis of Regions of Interest

All processed blade images are passed to the ROI generator, which applies the heuristic
function that generates points of interest. In this case, the heuristic is based around finding
breaks in line continuity. To do so, the edges of the blade are found using the Canny edge
detector. As all blade images contain one foreground object against a bright and uniform
background, effective background segmentation and edge detection in such images can
be achieved by using adaptive thresholding methods that provide robustness against
illumination variations. Commonly used lower and upper threshold values are certain
percentages (empirically determined) of mean, median or Otsu thresholds [86]. In the
proposed method, the lower and upper thresholds used for the Canny algorithm are 0.66
and 1.33 M, respectively, where M is the median pixel intensity.

The Suzuki algorithm [88] is then applied to the found edges in order to extract
contours and order them in a hierarchical structure. The external contours are placed at
the top of the hierarchy; in this case, these are the contours relating to the outside of the
blade. Internal contours are discarded, as they are not relevant, since they represent the
contours of surfaces on the blade. The points in the external contours are concatenated
forming an array of points representing the contour of the entire outside of the blade. This
point array is iterated through to find the differences in angles ∆θ between two consecutive
line segments along an edge contour using the inverse tangent extension function atan2 as
shown in Equation (2):

∆θ =
∣∣atan2

(
cy − by, cx − bx

)
− atan2

(
by − ay, bx − ax

)∣∣ (2)

where a, b and c are the points in which the angle difference is computed (Figure 8). These
values are reassigned to new points in the point array as it is iterated through. Should the
threshold of π

12 rad be exceeded for ∆θ, the points a, b and c are added to a suspect points
set. The threshold value was selected using an imperative approach such that the impact
of noise at the edge of the blade was minimised whilst retaining high accuracy in detecting
derivations from the continuity of the edge contour. We experimented with various values
ranging from zero to π

6 rad in π
180 increments using a sample blade and determined that

the best result was achieved with π
12 rad. Contour following was used because the defect

types that are being detected exhibit the common characteristic of having non-contiguous
or sharp changes in the direction of the contour on the edge of the blade.
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In order to create regions of interest, the bounding box of the edge contour is found
and subdivided into R× R regions. The proposed method used R = 10 in order to produce
100 regions on the blade. Each point in the suspect point set is then assigned to a region
based on the x, y coordinate of the point being located within the bounds of that region.
Each region is assigned an index Rx,y, which determines the location in relation to the
top-left corner of the bounding box.

Model Generator

The model generator module takes a set of non-damaged blades and performs the
edge defect heuristic method in order to determine the ground truth. This produces a
4D array of size (N, X, Y, P), where N is the number of example images, X and Y are the
indices of the region, and P is the suspect point list. Then the average density of each
region is calculated using the number of points per region to produce a matrix of size
(R, R), where R is the number of axis divisions for each region. This matrix is then stored
as the ground truth model for the edge defect heuristic.

Comparison Module

The comparison module is used to load a built model and compare the ROI analysis
of the input image and the ground truth model. The comparison is threshold based, in
which a region in the input image that has a density that is greater than a certain multiplier
of the model for that region will be marked as defective, per Equation (3):

De f ectx,y =

{
1 Inputx,y > Modelxy ×multiplier
0 otherwise

(3)

De f ectx,y is a True/False value of the defectiveness for the region with index (x, y). Modelx,y
is the value in the model for the same region index (x, y) and Inputx,y is the number of
suspect points in the input image. The multiplier was determined by using a 1D-grid
search and selecting a value from the range of 1 to 15 that produced the best F1 score.
The lower bound of 1 was selected as it was expected that a defective blade would have
greater-one number of defects. The upper bound of 15 was arbitrarily chosen, as densities
requiring more than 15-times the number of defects would indicate some issues with the
heuristics. The best results were achieved with a multiplier value of 10.

If there are regions in the input that are labelled as defective, then their suspect
points are clustered with the DBSCAN algorithm [89]. These clusters now more concretely
represent the actual defect and allow for the computation of their characteristics with the
bonus of additional noise being removed. The DBSCAN algorithm used a neighbourhood
radius of 15 and a density threshold of 3.

Renderer and Descriptor

This component takes the input image and a list of clusters found by the comparison
module and computes the bounding box with padding for each cluster. The bounding box
is drawn onto the input image with a unique colour and ID. The mathematical properties
of the cluster are also computed with respect to the non-padded bounding box. Firstly,
the absolute width and height of the defect is calculated as a function of the max and min
values for the x- and y-coordinates of all points in a cluster. Secondly, the area in square
pixels is calculated with respect to the polygon formed by the points. Lastly, the minimum
angle is computed in relation to the interior-most point and exterior-most points with
minimum and maximum y-values. Interior and exterior-most refers to points where their
x-coordinate is closest and farthest to the x-coordinate of the centre of mass of the contours
that make up the blade respectively. Finally, the image with the defects drawn and the list
of the properties of each defect are output.

The method used for each image-processing step introduced in the previous sections
and a visualisation of the results is shown in Figure 9.
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3.2.3. Decision Support Tool

The decision support tool (DST) starts from the output of the detection software
and applies engine maintenance heuristics to determine the serviceability of the blade.
The rule-based approach uses a lookup table to retrieve the data (limits) and compare it
to the findings of the detection software. The look-up table includes the limits for each
different blade stage and zone. These limits are fictional numbers for reasons of commercial
sensitivity. The purpose is to prove the concept rather than develop a commercial, ready-
to-use software. The performance of the decision support tool was measured using the
true and false decision outputs. This was done by comparing the maintenance decisions of
the decision support tool with the ground truth that was determined by a senior inspector
with over 30 years of experience in the field.

In a first step, we developed a reference table to record all the relevant information
and measurements (Figure 10). The table was structured the following way: In the first
column, the blade stages were listed and each of them was further sub-divided in the
second column into the three blade zones A, B and C. These zones describe regions in
which the same inspection limits apply. They are defined by their location on the blade,
expressed by a set of the x/y-coordinates (column 3 to 6). For each zone, three defect size
limits are listed (column 7 to 9). These contain an acceptance-, repair- and reject-threshold.

For ease of processing, the zones are measured in pixels and are determined by a set
of x/y-coordinates that represent the top left and bottom right corner of each zone area.
The origin of the coordinate systems is at the top left corner, with the x-axis pointing to the
right and the y-axis pointing downwards. The coordinate system is shown in Figure 11.

The user interface is divided into three sections: input from the output file of the detec-
tion software, manual input required by the operator, and the decision result (Figure 12).

The output file of the detection software contains the defect location, dimensions and
shape descriptors (defect characteristics). However, not all of this information is needed
for the DST and only the required data is extracted. This includes the defect location and
the depth of the damage.
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The x- and y-coordinates of the defect location are used to determine in which blade
zone the defect is located. This is important as each zone has different limits in terms of
allowed damage size. The detection software delivers a set of two x/y-coordinates that
define the bounding box of the detected defects. We took a risk adverse approach and
therefore used the x/y-coordinates of the bottom right corner of the bounding box rather
than the centre point coordinates, as former are closer to the root and thus more critical.
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Since the different blade stages vary in size, the dimensions of the blade zones vary
as well. Therefore, the stage number is a required input size to determine which set of
limits to use. This number cannot be retrieved from the input image, as the information
was not stored in the image, e.g., in the file name. Thus, it has to be manually entered by
the operator.

The software then returns the identified blade zone in which the defect was detected,
i.e., zone A, B or C. This interim result was needed to evaluate if the zone classification was
done correctly. The classification results were compared to the senior inspector, who was
given the actual part and a scale to determine the blade zone.

Next, the defect size (depth) computed by the detection software was compared to the
allowed limits of the relevant zone and stage listed in the reference table. The data were
interpreted as follows:

1. If the defect size is smaller or equal to the acceptable defect size, then the defect is
acceptable and the blade airworthy.

2. If the defect is bigger than the acceptable defect size but smaller or equal to the reject
threshold, then the defect is repairable and the blade serviceable once the airworthy
condition has been retrieved.

3. If the defect size is above the reject threshold, then the defect is not repairable anymore,
and the blade must be scrapped.

Depending on the comparison result, the tool then returns one of the following three
decision outputs: The detected defect has to be (1) accepted, (2) repaired or (3) rejected.

4. Results
4.1. Defect Detection Software (DDS)

We performed two experiments. The first one analysed the effect of the blade per-
spective on the detection performance of the software. Eight models were trained with
images of the according perspectives, and the best viewing angles were determined based
on the true positive and false positive rate. The second experiment used the best two
viewing angles and tested the model with optimal parameters to determine the accuracy of
the software. These parameters were determined using an imperative approach in which
the parameters that produced the best F1 metric on a small subset of the research sample
was selected. A grid-search method was used to find the best parameters by running
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exhaustive trials on both, the thresholding values for finding angle derivations and density
threshold, as well as on the radius parameter for the DBSCAN algorithm. This produced
the parameters with values as discussed in Section 3.2.2 and summarised in Figure 16.

4.1.1. Evaluation Metrics

The performance of the proposed software was measured based on the detection
rates from the confusion matrix, which is a commonly used evaluation method for defect
detection applications [90]. The ground truth was determined by an inspection expert and
formed the basis of comparison between the computed and actual detections. Evaluation
criteria included the probability of defect detection, namely recall rate (also called true
positive rate (TPR) or sensitivity), the precision of the detection (also referred to as positive
predictive value (PPV)), and the accuracy of detection based on the F1-score. The latter
takes into account both the precision and recall rate. The three measures are defined as:

Recall = TP
TP+FN × 100%

Precision = TP
TP+FP × 100%

F1− score = 2×Precsion×Recall
Precision+Recall = TP

TP+ 1
2 (FP+FN)

(4)

where TP represents the correct detection of a present defect in the input image; FP refers
to the false detection of a defect that is not present on the picture, and FN describes the
missed detection of a present defect.

4.1.2. Experiment 1

Since the introduced system applies a grid-based approach, the algorithm would cut
the blade image (particularly in the edge views) into very thin slices, which may result in
defects being in multiple regions. In the case where the density of suspect points is lower
than the threshold, it would cause more false positives. Thus, it is important to determine
the best viewing angles in order to maximize the detection rates and minimize the false
positive rates when used with a larger dataset of unseen images.

First, eight different ground truth models (one for each perspective) were created
by the model generator. The dataset for the model generation included 160 images of
20 non-damaged blades taken from eight different perspectives.

Subsequently, a test dataset of 104 images of eight defective and five non-defective
blades from eight different perspectives each was processed. For each perspective, the
performance of the model is shown in Figures 13 and 14. The viewing perspectives with
the lowest incorrect detections (false positives) are one, three, seven and eight.
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Additionally, as shown in Figure 14, the increase in false positives directly correlates
with the decrease in true positives and an increase in false negatives. This experiment
showed that the best viewing perspectives to use for model training are three, four, seven
and eight, which are the perspectives most perpendicular to the airfoil.

4.1.3. Experiment 2

The second experiment tested the optimal algorithm parameters and showed the de-
tection power of the heuristic method. The sample size for this experiment was 44 defective
and 3 non-defective blades, adding up to 47 blades in total. For each of those blades, two
images—one front perspective (P3) and one back perspective (P7)—were processed. As
seen in Figure 12, the optimal model performs well across different sizes of blades (stages
6 to 9) from both, the front and back perspectives. This is due to the gridding feature
of the detector making the models more resilient to physical size changes of the blades
themselves. Overall, a TP (recall) rate of 83%, FN rate of 17% and precision of 54% were
achieved across a testing dataset of 94 images. This indicates that most of the defects are
being found; however, many false positives show that the increased sensitivity to defects
also increased the false positives. An overall F1-score of 59% was achieved. An F1-Score
of 100% means perfect accuracy and precision, whereas an F1-Score of 0% indicates that
no correct detections were made. The detection performance was consistent among the
different defect types. It is to be noted that detections occurring in the roots of the blades
were not counted as they are excluded by the decision support tool.

The decision support tool was developed as a supplement to further improve the
automated detection system by reducing the number of false positives and improving the
accuracy of the results. The reduced FP rates and F1 scores are presented in Figure 15
(stacked diagrams) and further discussed in Section 4.2.2.

The algorithm parameters used for the detection software are further described in
Figure 16.

4.2. Decision Support Tool
4.2.1. Evaluation Metrics

Both location and size of defect are input variables of the decision support tool, and
thus, their accuracy directly affects its performance. For instance, if the computed defect
location deviates from the true location, it could consequently be allocated to a different
tolerance zone, and hence, incorrect inspection limits would be applied. Likewise, if the
depth were computed incorrectly, the defect might be classified as less or more critical than
it actually is. This would lead to release of an unairworthy part to service, or unnecessary
repair or scrapping of the blade respectively.
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Therefore, it was important to understand the accuracy of the defect characteristics.
Evaluation metrics for defect size estimation and defect location were developed. The
discrepancy in defect size was defined as the absolute error ε between the computed
defect depth dc or height hc and the actual defect depth da or height ha, respectively. The
percentage error δd and δh normalises the error based on the actual defect size, which
represents the error more accurately, in particular when the defect sizes varied quite
significantly. The metrics are defined as
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εd = |dc − da|

εh = |hc − ha|

δd =
∣∣∣ dc−da

da

∣∣∣× 100%

δh =
∣∣∣ hc−ha

ha

∣∣∣× 100%

(5)

Equally, the accuracy of the defect location is determined by comparison of the com-
puted and the actual location. The resulting discrepancy is the absolute error in x-direction
εx and y-direction εy respectively. This can also be expressed as relative location error in in
x-direction δx and y-direction δy. A radial discrepancy measure was introduced, which
takes both, the displacement of the defect location in x- and y-direction into account. The
radial error δr is calculated using the relative Euclidean distance. Equation (6) describes
the metrics further:

εx = |xa − xc|

εy = |ya − yc|

δx =
∣∣ xa−xc

w

∣∣× 100%

δy =
∣∣∣ ya−yc

h

∣∣∣× 100%

δr =
√

δx2 + δy2

(6)

where xa and ya are the actual x- and y-coordinates, and xc and yc are the computed
coordinates of the defect location, respectively. The error in x-direction was calculated
based on the blade width w and based on the blade height h for the discrepancy in y-
direction.

4.2.2. Decision Output and Recommended Maintenance Action

The decision support tool relies on the output (morphology) of the detection software.
The mean deviation of the computed defect location compared to the actual one was 3 pixel
or 0.9% in x-direction and 8 pixel or 1.3% in y-direction. This translates into a mean error
of 9 pixels or 1.6% in radial direction. The defect size had a computation error of 9 pixels or
6.3% for the depth and 35 pixels or 22.4% for the height. Therefore, the defect location was
determined with 98.4% accuracy, while the defect depth estimation was 93.7% accurate.
This performance of the location determination was uniform across all defect positions on
both, leading and trailing blade edges. However, the percentage error tends to be bigger
for shallow defects than for deeper ones. This can be explained by reviewing Equation
(5). If a defect is two pixels in depth, but the software determined it to be three pixels (or
vice versa), then the error rate is 50%. Whereas a large defect of 20 pixels with a one-pixel
discrepancy results in a percentage error of only 5%.

The DST was only able to process positive detections made by the DDS, i.e., true
positives and false positives. Figure 17 lists the computed defect characteristics with their
true values and the discrepancy listed next to it. The DST then processes that information
following the procedure described in Section 3.2.3 and provides a maintenance recom-
mendation. The two right-hand columns compare the maintenance decision made by the
decision support tool with the decision of the human operator. The basis for the evaluation
is the ground truth that was determined by inspection experts. In doing so, they considered
whether the observed condition is an acceptable or repairable defect or if the blade has to
be scrapped. The engine maintenance manual provides details for this determination. The
results show that the DST has recommended the correct maintenance action in most cases.

There is a small but important difference in terminology for different roles: to an
inspector working in MRO, a “condition” on the blade (such as a small nick on the edge)
will only be a “defect” when it exceeds a given size in a given location. In contrast, from
the perspective of the detection software, any geometric anomaly on the edge is considered
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a “defect”. The decision-support tool encapsulates these heuristics and helps determine
whether the condition is acceptable or if the defect has to be repaired or rejected.

Furthermore, the decision support tool was able to reduce the false positives by 16%
by differentiating between the (true) detections that are actual edge defects and (false)
detections on the root caused by the distinctive curved dovetail shape (results in Figure 15).
This is done by taking the location of the computed defect and comparing it against the
upper limit of zone C, which is the one closest to the root (refer to Figure 11 for image
coordinate system). If the detection is located above zone C, then the finding is determined
to be at the root and thus excluded from further processing.
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The detection software had particular difficulties with long smooth edge defects (such
long dents), where the deformation expressed in change in angle is below the threshold
and thus was not detected. A common challenge in inspecting blades for both, neural
networks and image processing is the detection of large material separations (breakage)
typically found at the corners (refer to Figure 5D). Software tends to struggle with those
defects as the algorithm cannot detect continuation of the line [55]. The proposed system
was able to detect correctly all teared-off corners. However, the computed bounding box
was significantly smaller than the actual defect, which resulted in large discrepancies of
the defect size and location in those few cases.

In some cases, a small (absolute) error has no impact on the decision if (a) the predicted
defect location is still in the same zone and (b) the computed defect size is still below the
next higher threshold. Thus, the accuracy of the decision is higher than the accuracy of
the defect location and size as the DST is to some extent error-resistant. When looking
at the results, it was noticeable that the defect height had a much bigger error with a
mean discrepancy of 29%. However, since the defect depth is the decisive measure, an
incorrect estimated defect height has no impact on the decision accuracy. Finally, if both the
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computed and actual defect depth are above the upper tolerance threshold, a discrepancy
has no impact on the decision, since in both cases the blade is to be rejected.

5. Discussion
5.1. Comments on the Defect Detection Software

The introduced defect detection software and decision support tool both have the
potential to reduce the time spent for visual inspection of aero engine components, while
improving the inspection accuracy and decision consistency across inspectors. The inspec-
tion time of the detection software was 186–219 ms per blade. In comparison, the human
operator requires on average 85 s for inspecting a blade during piece-part inspection and
about 3 s for borescope [91]. However, to enable the use of such software, the workflow
of the MRO operations has to be adjusted. The acquisition of images is yet not part of the
inspection process. If in the future blades were also photographed at the point of inspection,
then hypothetically those images could be fed into a system like the proposed one and
used as an independent secondary check.

The inspection of engine blades is a time-consuming and tedious process with over a
thousand blades and vanes to inspect per engine. Thus, another benefit of the detection
software is that it will never get tired or have performance fluctuations related to vigilance.
Humans in contrast are prone to error and human factors, including but not limited to
vigilance problems, fatigue, distraction and most importantly complacency. This creates
the risk of missing critical defects. The proposed system provides a way to reduce this risk.

The software was able to detect “rare” defects. Rare can be defined in two ways:
(a) defect types that are rare on compressor blades, e.g., cracks, which are more common
on blades in the hot section, since heat aggravated the fatigue process. Corrosion is another
uncommon type of defect on compressor blades, but since it is a less critical surface defect,
a different detection approach is required. (b) Small defects can be rare since most blades
with nicks and dents originate FOD engines and are quite severe. Small defects were
included in the experiment. However, since the blade sample provided was relatively
small, there was no rare defect type (crack) present and thus could not be tested.

The shape of the blades is an important factor, which resulted in separate models for
each different perspective being trained. This is because of the non-symmetrical nature
of the blades. This caused increased false positives around the roots of the blades. Due
to the nature of borescope inspections, it is not always guaranteed that the front/back
orientation and the stage number would be easy to discern without significant additional
input from the engineer using the software. Therefore, it is required in the future to
add additional filtering and logic to normalise the orientations and back/front views to
appropriate models.

The main drawback of the proposed solution is the model comparison module, where
only the point densities of each region are being compared. The point densities do not carry
representation of the shape of the points that have been considered suspect. Therefore, the
shape properties and other comparison between them cannot be done. Therein also lies
an issue in which defects that are present near the edges of the regions may not be picked
up as the number of suspect points would be distributed across different grid cells, thus
reducing the number of points per region. This can lead to the problem of those regions
having their suspect point densities falling below the required threshold and therefore
contributing to a false-negative detection.

A potential solution to this issue is to perform DBSCAN clustering before generating
a model and determining the average shape of a defect with the centroid of the cluster
being codified in the grid cells. This would remove the issue of defects being cut off
because some points are not in the correct region. In order to determine average shape, a
similarity-based approach could be used. This has been done in other studies to a high
level of success [92–94]. Furthermore, when comparing a defect cluster to the modelled
cluster a Procrustes analysis [95] might be used to measure shape similarity between the
two clusters. The dissimilarity measure can then be used to determine if an input image
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contains a detected defect that has not been generalised by the model, and label it as such.
This method was not fully implemented by the time the project ended, and as such, an
evaluation on the performance was not possible.

In terms of the overall software solution, the use of open-source libraries and Python
means that the software itself can be implemented without licensing issues in a real-world
solution. Furthermore, the software solution is proof of a positive response. Should appro-
priate optimisation techniques be applied for the parameters, perhaps using experimental
metrics as a loss function, then the performance of the software might be improved.

Future work could include evaluating the accuracy of the bounding boxes the sur-
round a defect, as well as comparing the software performance with the human perfor-
mance for the same data sets. A significant improvement would be the ability to accept
video streams and perform real time processing on borescope videos. Addition of different
defect profile types would allow for an increased scope on the ability to perform defect
detection, as well as performing execution optimisation that would allow multiple profiles
to be used in real time.

While edge defects mainly focus on the continuity of the edges of the blades, sur-
face defects, such as corrosion, airfoil dents and scratches would require computation of
surface meshes and derivations in the geometric representations of the surface as shown
by Barber et al. [96]. Thus, additional image processing modules would be required to
develop the current system into a workable system.

5.2. Comments on the Decision Support Tool

The decision support tool avoids subjectivity in the decision process and incorrect
decision-making when it comes to the serviceability determination of a blade. Generally, in-
spectors are rather risk adverse (low risk appetite) as they know the consequences a missed
defect could have. However, this can lead to costly teardowns and unnecessary scrapping
of airworthy parts, which introduces a high cost to the MRO provider. Thus, the proposed
method supports optimisation of the maintenance processes and operation efficiency.

The proposed method might be transferable to other levels of inspection (refer to
Figure 1) such as module inspection, where the blades are still mounted on the shaft, and
theoretically, an automated image acquisition tool could obtain photographs and forward
them to an automated inspection system for evaluation. This would allow identifying any
blades that are unserviceable (scrap) before the detailed piece-part inspection, and this may
reduce the workload for the operators.

In borescope inspection, the acquisition of images or rather videos is already a well-
established process. The challenge with automating this form of inspection is the incon-
sistent camera position and orientation, in combination with the challenging environ-
ment [8,9]. However, if the image acquisition task could be standardised, the detection
system and decision support tool would have a fair chance to be applied successfully.

The DST counteracts subjective judgement of the human operator and supports
moving away from a “best guess” approach towards a quantifiable and justifiable deci-
sion making process. Ultimately, this could reduce the amount of airworthy parts being
scrapped, while avoiding critical defects being missed.

One limitation of the proposed decision support tool is that it treats all detected defects
as dents and nicks in terms of their inspection limits. It can yet not process tears that always
have to be rejected, independent of the defect size. The reason for this restriction is that
the defect classification was not realised and is future work. Previous research showed
that a rule-based framework could be used to classify defect types [62]. The descriptor
that provides mathematical morphology introduce in Section 3.2.2 is also capable to extract
additional characteristics, including information about the amount of missing material
and edge deformation. This has the potential to be used for such a defect classification
framework based on the characteristic appearance of the defect. Although this has not
been part of this research, therein might lie the advantage that such a classification is
possible even with small datasets, whereas a neural network has to be trained on hundreds
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of images. Once the classification has been achieved, the decision support tool can be
advanced by adding different inspection limits for each defect type. For said reasons, the
detection software with its defect characteristics extraction capabilities was kept separately
from the decision support tool to provide more flexibility to use the morphology for other
purposes such as defect classification.

Additional contextual factors could be added to the decision support tool, based
on available data on, e.g., the operational environment, engine history and previous
engine shop visits and repairs. Therein lies the potential of advancing the introduced
decision support tool from an appearance-based diagnosis towards a contextual-based
diagnosis system.

When implementing the decision support tool in the maintenance operations environ-
ment, some considerations towards the total number of allowed defects, per blade, stage
and engine have to be made. This feature was not included in the decision tool.

The defect detection software and decision support tool could be transferred to other
turbo machinery and power generation applications, such as steam turbines. The blades are
quite similar in shape and materials. The decision support tool could also be applied, e.g.,
to wind turbine blade inspection and broader inspection tasks within the manufacturing
industry or to other industries such as medical examination [71].

5.3. Performance Comparison

The recall rate of the proposed detection software in combination with the DST was
82.7%, and the precision was 54.1%. The detection rate is comparable with the performance
of neural networks in the reviewed literature [21,35,42,48], which ranged from 64.4% to
85%. Their performance was highly depended on the chosen deep learning approach and
the specific requirements, i.e., what blades are being inspected, what defect types and
sizes shall be detected and whether it was piece-part, module or borescope inspection.
The detection rates of borescope applications were generally higher than the ones of
piece-part inspection, since videos were being analysed, and a defect was present on, e.g.,
50 individual frames (images). If the defect was detected in at least one frame, it was
classified as TP, and thus, detection rates of 100% could be achieved [43].

Note that there is a lack of consistency when it comes to reporting the performance of
inspection systems. Some researchers only reported the TP rate [35,42] or the FP and FN
rates [20], while others reported the error rate [48], detection rate [21,43] or accuracy [43],
and still, others made it dependent of the defect size and used a probability of detection
curve [33]. For some neural networks, the performance was measured in pixel accuracy,
which describes the quality of the classification rather than the detection [9,47]. This makes
comparison somewhat difficult.

The detection results are also comparable to the human inspector, who has a commonly
quoted error rate of 20% to 30%, or rather a detection rate of 70% to 80% [97,98]. In
aircraft visual inspection in particular, the defect detection rate was stated to be 68% to
74% [42,99]. There is no inspection performance reported in the literature specifically for
blade inspection. Future work could assess the detectability rates of a variety of inspectors
with different experience levels by showing them the same images and make a direct
comparison between the human and software performance.

When it comes to the quality of the defect size estimation, our results were comparable
with other research results. An error rate of less than 13% was achieved. In comparison,
Tang et al. used a Markov algorithm to predict the depth and diameter of defects of similar
size (1–2.5 mm) with a percentage error of 10% [100]. There has been no work found that
specifies the exact location of the detected defect. The results of Kim et al. [43] are presented
in a coordinate system, so that the inspector can read of the values, but this is a manual
process and has not been automated yet.

The proposed system is a first proof of concept, and the accuracy, recall rates and
sensitivity can be further improved. The results indicate that image-processing techniques
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can be used for small dataset and a comparable detection performance to both, neural
networks and human inspectors can be achieved.

6. Conclusions

The objective of this project was to apply image-processing methods to underlay a
decision support tool used in aircraft engine maintenance. Both are heuristic approaches,
as opposed to neural networks, and both showed a promising degree of performance.
As it currently stands, the software solution can use image processing and computer
vision techniques to detect defects on the leading and trailing edges of compressor blades.
The approach has the distinct advantage of requiring a relatively small dataset, while
achieving a detection performance comparable to the human inspector and neural networks.
Furthermore, there are multiple avenues for improvement: optimisation of the algorithm
parameters, implementing a solution to the grid-based analysis issue and incorporating
better defect profiles. Hence, we propose that image-processing approaches may yet prove
to be a viable method for detecting defects.

The work also identifies which viewing perspectives are more favourable for auto-
mated perspectives, namely, those that are perpendicular to the blade surface. While this is
somewhat intuitive, it is useful to have quantified the effect.

A decision support tool was proposed that provides the inspector with a recom-
mended maintenance action for the inspected blade. The rule-based approach was proven
reliable, and any inaccuracies in the decision were caused by discrepancies in the defect
size and location computed by the detections software. Future work could include: incor-
porating different defect types and their corresponding tolerances, enhancing the decision
algorithm by taking into account the findings of several blades and their dependencies,
and integrating the decision support tool into the defect detection software. The proposed
automated systems have the potential to improve the speed, repeatability and accuracy,
while reducing the risk of human errors in the inspection and decision process.
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Appendix A

Figure A1 shows more results of the defect detection software compared to the actual
defect characteristics and the recommended maintenance action of the decision support
tool compared to the decision made by the human operator.
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Abstract: Background—Aircraft inspection is crucial for safe flight operations and is predominantly
performed by human operators, who are unreliable, inconsistent, subjective, and prone to err. Thus,
advanced technologies offer the potential to overcome those limitations and improve inspection
quality. Method—This paper compares the performance of human operators with image processing,
artificial intelligence software and 3D scanning for different types of inspection. The results were
statistically analysed in terms of inspection accuracy, consistency and time. Additionally, other factors
relevant to operations were assessed using a SWOT and weighted factor analysis. Results—The results
show that operators’ performance in screen-based inspection tasks was superior to inspection software
due to their strong cognitive abilities, decision-making capabilities, versatility and adaptability to
changing conditions. In part-based inspection however, 3D scanning outperformed the operator
while being significantly slower. Overall, the strength of technological systems lies in their consistency,
availability and unbiasedness. Conclusions—The performance of inspection software should improve
to be reliably used in blade inspection. While 3D scanning showed the best results, it is not always
technically feasible (e.g., in a borescope inspection) nor economically viable. This work provides
a list of evaluation criteria beyond solely inspection performance that could be considered when
comparing different inspection systems.

Keywords: human technology comparison; human versus machine; visual inspection; automated
defect detection; aircraft engine maintenance; MRO; emerging technologies; Industry 4.0

1. Introduction

Regular inspection of aircraft engines is essential for safe flight operations. Yet main-
tenance is a major contributor to aircraft accidents and incidents [1–4]. According to the
Federal Aviation Authority (FAA) and the International Air Transport Association (IATA),
incorrect maintenance has started the event chain of every third accident and of every
fourth fatality [2,3]. Human factors are the dominant contributor to maintenance errors and
account for approximately 80% of them [2,3,5]. Within those, search and judgement errors
are the primary issue [6,7]. Furthermore, it is known that structural failures are the main
reason for maintenance-related incidents and that those are likely to occur on the engine,
e.g., facture of a blade [2]. Thus, engine inspection is arguable one of the most important
maintenance, repair and overhaul (MRO) activities and is responsible for ensuring that all
engine parts conform to the standard and meet all safety critical requirements. Any defect
must be detected at the earliest stage to avoid propagation and any negative outcome.

The visual inspection of engine blades, which is the area under examination here, is a
highly repetitive, tedious and time-consuming task [8], performed by human operators,
who are unreliable, inconsistent, subjective, prone to error and have different personal
judgements based on the individual’s risk appetite [9–11]. Furthermore, inspectors must
balance two conflicting aspects of visual inspection, namely safety and performance [12].
On one hand, no critical defect can be missed to ensure safe flight operation, while keeping
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the false-positive rate as low as possible. On the other hand, inspectors do not have a great
deal of time and must meet the takt time to avoid causing a bottle neck to the operation.
Beside the human element, there are other factors influencing the visual inspection of
engine blades, including operational, environmental, procedural and part and equipment
related factors [13,14].

Hence, there was an interest to assess whether there is a technical system equivalent
to the human that might overcome those limitations of human error and improve visual
inspection quality and reliability, thus contributing to flight safety. The purpose of this
research was to compare the human operators’ inspection abilities and performance in
engine blade inspection with those of advanced technologies including image processing
(IP), artificial intelligence (AI) and 3D scanning.

2. Literature Review
2.1. Inspection of Aero Engine Parts

In engine maintenance, there are two main types of engine blade inspection, namely:
(a) borescope and (b) piece-part. A borescope inspection is the first means of assessing the
engine’s health and is performed in situ, where the engine is still assembled (Figure 1a). If
during borescope inspection a critical defect is found, the engine is subsequently committed
to a tear-down. The disassembled engine blades are then inspected one by one during
piece-part inspection (Figure 1b). As Figure 1 shows, the inspection environments differ
significantly from each other. While piece-part inspection can be standardised and provides
somewhat ideal inspection conditions, a borescope inspection, in contrast, has a much
higher variability e.g., due to space and illumination constraints.

Figure 1. Two types of engine blade inspections: (a) in-situ borescope inspection, (b) on-bench
piece-part inspection.

2.2. Advanced Technologies

In aviation maintenance, several attempts have been made to either aid the operator
or fully automate the inspection and repair process by introducing new technologies such
as artificial intelligence in combination with robots [15–19] or drones [20,21] for defect
detection of aircraft wings and fuselage structures [22–28], wing fuel tanks [29], tires [30]
and composite parts [22,31–34]. The inspection and serviceability of engine parts such as
shafts [35,36], fan blades [26,37], compressor blades [38,39] and turbine blades [8,40–45] is
of particular interest as they are safety-critical, and thus unsurprisingly the most rejected
parts during engine maintenance [46]. From a hardware perspective, the automation of
inspection and repair processes is commonly done using robots. For in situ operations,
recent developments focused on continuum robots, i.e., snakelike robots that combine the
functionality of a borescope and a repair tool, comparable to endoscopic surgery in the
health sector. The use of these continuum robots has been successfully demonstrated on
coating repairs in the combustion chamber using thermal spraying [18,19] and blending,
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i.e., smoothing of edge defects on engine blades such as nicks and dents [16,17]. The fol-
lowing literature review focuses on studies that compared the performance of humans and
advanced technologies. Advanced technologies are often referred to as machines [47–49],
software [50], computers [51], artificial intelligence [52–54], neural networks [55,56], deep
learning [57–60], machine learning [61,62], image processing [63], technological support [64]
or automation [65], depending on the nature of the approach and underlying principles.
In this paper, we use the term ‘advanced technologies’ representatively for image pro-
cessing and artificial intelligence software and 3D scanning, being the main methods
under examination.

2.2.1. Software

The performance of humans and software (predominantly AI) has been compared in
various industries and different applications including speech and face recognition [54,65–67],
object recognition and classification [48,55,57], translation [54], gaming [54], music classi-
fication and prediction [49,68], teaching [69,70], learning ability [61], communication [52]
and autonomous driving [71,72].

The healthcare industry in particular has had an increasing interest in developing
advanced technologies in recent years [58,73–76]. The motivation lies in the necessity to
assist the clinician and avoid incorrect diagnosis that could have severe, or even fatal
consequences for the patient. Medical diagnosis is quite similar to quality inspections in the
sense that professionals (clinicians or inspectors) perform an assessment of the human body
or aircraft parts and search for any indications or alarming conditions that might hint at a
disease of defect, respectively [6,9,10]. The consequences of a missed adverse anomaly can
be critical in both cases. Moreover, no defect or condition is identical to another, although
the human body can be seen as being more complex than manufactured engine blades [9].
In both cases the assessor needs to be versatile to be able to detect these various anomalies.

The diagnostics performance of clinicians and AI software for medical imaging has
been analysed and compared for a variety of medical assessments, including detection and
characterisation of acute ischemic stroke [50], age-related macular degeneration [60], breast
cancer [76] and lesions [59]. Liu et al. provided a comprehensive literature review on deep
learning and performed a meta-analysis using contingency tables to derive and compare
the software performance with healthcare professionals [58]. Those authors showed that
the results of deep learning models are comparable to the human performance. They also
noted that the performance of AI is often poorly reported in the literature, which makes
human–software comparisons difficult. Only a few studies were found that used the same
sample to measure both the performance of AI and human [50,59,60,76]. This limits the
reliable interpretation of the reported performances in [58] and the results should be viewed
with caution.

For quality inspections, Kopardekar et al. [77] reviewed the literature on manual,
hybrid and automated inspection systems and provided a comprehensive summary of
those studies, including factors influencing human inspection performance and an overview
of advanced digital technologies used for automated visual inspection systems (AVIS). The
authors concluded that some inspection tasks cannot be fully automated due to the nature
and complexity of the inspection, thus a human is unlikely to be replaced by a machine.
Likewise, there are inspections that cannot be performed by human operator due to the
inspection environment, e.g., inspection of hot steel slabs [77].

Different image processing approaches for defect detection in textiles were compared
in the work of Conci and Proença [63]. This study suggests that the performance highly
depends on the selected approach and defect type. Thus, in the present study we analysed
the inspection performance of a variety of defects.

Only one study by Drury and Sinclair [47] was found that compared human and
machine performances. The study analysed an inspection task of small steel cylinders for
any defects, including nicks and dents, scratches, pits and toolmarks. Neither the human
nor the automated inspection system showed an outstanding performance, specifically for
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nicks and dents. The inspection machine was able to detect most faults but was inconsistent
in the decision, i.e., whether the finding was acceptable or had to be rejected. Overall, the
inspectors outperformed the inspection machine due to their more sophisticated decision-
making capabilities. The field of automated inspection and artificial intelligence has since
evolved significantly [78,79]. Thus, it must be evaluated if the findings and such statements
are still valid.

2.2.1.1. 3D Scanning

3D scanners are commonly used to measure the shape of an object. The literature
review revealed that like AI, most research on this topic was conducted in the medical
sector. Previous performance comparisons of 3D scanners with humans were done for
measuring wounds [80], foot and ankle morphology [81], and other body parts [82]. An
interesting study by Reyes et al. used an intraoral scanner for colour scans of teeth and
compared the performance on dental shade matching with those of dentists [83]. In their
study a colour scale was used as opposed to a metric scale to measure the characteristic of
(body) parts. Kustrzycka et al. [84] compared the accuracy of different 3D scanners and
scanning techniques for interoral examination. The only work in an industrial context
was undertaken by Mital et al. [85], who analysed the measurement accuracy of a manual
and hybrid inspection system. The measurement results of the manual examination being
performed by human operators using a vinier calliper were compared to the outcomes
of a hybrid inspection system aiding the human operators with a coordinate measuring
machine (CMM). The findings show that the hybrid system led to shorter inspection times
and fewer errors than the manual measurement. Khasawneh et al. [86] addressed trust
issues in automated inspection and how the different inspection tasks can be allocated in
hybrid systems that combine the human operator and an automated inspection system.

No work was found that applied 3D scanning for inspections and compared the perfor-
mance to a human operator in an industrial environment such as manufacturing or maintenance.

3. Materials and Methods
3.1. Research Objective and Methodology

The purpose of this research was to compare a human operators’ inspection abilities
and performance with those of advanced technologies including image processing (IP),
artificial intelligence (AI) and 3D scanning. The study comprised three human-technology
comparisons for three different inspection types, namely: piece-part inspection, borescope
inspection and visual-tactile inspection. We introduced the term ‘inspection agent’ when
referring to both the human operator and technology. The performance of the inspection
agent was measured in form of inspection accuracy, assessor agreement (consistency)
and inspection time. The results were statistically analysed and compared against each
other. The assessment of the inspection abilities was done using a weighted factor analysis
and included additional criteria such as technology readiness level, agility, flexibility,
interoperability, automation, standardisation, documentation and compliance.

3.2. Research Design

An overview of the research design, research sample, study population, demographics
and technological comparison partner is provided in Table 1 and will be further described
below. For a fair human–technology comparison, we followed the guidelines of [48] and
constrained the human with software-like limitations, and vice-versa. For example, in
comparisons 1 and 2 both inspecting agents had to inspect photographs as opposed to
physical parts. This was done to generate equal study conditions.
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Table 1. Overview of research design. Icons adapted from [87].

Comparison 1:
Piece-Part Inspection

Comparison 2:
Borescope Inspection

Comparison 3:
Visual–Tactile Inspection

Inspection mode

Screen-based Screen-based Part-based

Research sample

118 blade images
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Committee (HEC 2020/08/LR-PS, HEC 2020/08/LR-PS Amendment 1, and
HEC 2020/08/LR-PS Amendment 2).

3.3. Research Sample

The research motivation was to assess the performance of advanced technologies and
whether they can assist a human operator with difficult detectable defects that are often
missed. Thus, the research sample was intended to cover a variety of different defect types
and severities, with specific focus on the challenging threshold defects. High-pressure
compressor (HPC) blades of V2500 gas turbines with airfoil dents, bends, dents, nicks, tears,
tip curls and tip rubs were tested in the study. Non-defective blades were also included.
The sample size varied between the three comparisons and included 118 blade images,
20 borescope images and 26 physical parts for piece-part, borescope, and visual-tactile
inspection, respectively. For each comparison, the exact same set of blades was presented
to both the human operator and technological inspection agent. For more details about the
image acquisition process please see [88].
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3.4. Research Population and Technological Systems

For this research, we recruited 50 industry practitioners from our industry partner.
More specifically, there were 18 inspectors who performed visual inspections on a daily ba-
sis. Another 16 engineers occasionally inspected parts typically during failure analyses. The
job of the remaining 16 assembly operators involved checking the parts for inhouse damage.
Thus, all participants had some form of inspection experience. Overall, participants had
between 1.5 and 35 years of practical work experience in the field of engine maintenance,
repair and overhaul. More detailed information about the participants’ demographics can
be found in [9,87].

For the comparison, three different technologies were tested, namely image processing
software, deep learning artificial intelligence (AI) software, and 3D scanning. Each of those
is introduced in the following.

3.4.1. Software for Piece-Part Inspection

Self-developed software using an image processing approach was used for the in-
spection of the piece-part images [88]. The software fundamentally applies a series of
algorithms to pre-process the image, create a model and compare it to a reference model.
After the image undergoes noise reduction and greyscale conversion, an edge detector is
used to extract the features, specifically the contour of the blade. This is then compared
to a reference model of an undamaged blade. Any deviation from the reference models is
highlighted by a rectangular bounding box. A detailed description of the image processing
approach is described in [88].

3.4.2. Software for Automated Borescope Inspection

Artificial intelligence (AI) approaches use deep learning algorithms that are trained
on labelled images. It is well understood that training AI requires several thousands of
images for each defect type (class) to create a reliable model [90–93], with a borescope
inspection necessitating even larger datasets due to its nature and inherent variability [94].
The current project used a commercial prototype AI, the development and training of
which was external to the present project. For all practical purposes it was a black box in
the present study, and merely represents a point of comparison as to what AI is currently
capable of achieving. The purpose of the present study was not to compare between
different AI systems.

3.4.2.1. 3D Scanning

There are several technologies available to scan an object, both with contact and
contactless. The most common 3D scanning systems are coordinate measuring machines
(CMM) that physically scan (‘touch’) the part via tactile probing; and contactless 3D
scanners that typically use a source of light, laser, ultrasound or x-ray and measure the
wave reflection or residual radiation when sensing the part [95]. The 3D scanner used in
this project was an Atos Q (manufactured by GOM, Braunschweig, Germany). This device
works with structured light, which means that different light patterns are projected onto
the object and the distortion is measured when the patterns are reflected on the object.
Stereoscopic cameras take images of those patterns which are triangulated to calculate
millions of data points forming a point cloud that resembles the scanned part. Thus, 3D
scanning allows the sensing of the blade’s contour and detects any irregularities, just like
the operator with their hands.

This technology has already been used in the quality assurance process of blade
manufacturing to ensure that blade dimensions are correct and within limits, e.g., to
confirm the minimum airfoil thickness of turbine blades is met [96]. However, it has not
yet been applied to MRO whereby operational damages such as FOD must be detected,
assessed and a serviceability decision made.
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3.5. Data Interpretation

Human operators assessed in previous studies [9–11,87] were asked to mark their
findings on the computer screen by drawing a circle around the defect. The only exception
was the visual–tactile study, whereby participants were asked to verbalise their findings as
opposed to mark them on the physical blade. Further details regarding this can be found
here [87].

Both of the software, image processing for piece-part inspection and AI software for
the borescope inspection, were presented with the same images as the human operator.
The software output was in both cases the input images with marked defects in the form of
a bounding box drawn around the identified area, if the software detected any anomaly. If
no defect was found, the software returned the input image without a bounding box.

In 3D scanning, any anomaly identified by the system was highlighted (colour coded
in red) in the output file.

All collected data were interpreted using the performance metrics of the confusion
matrix, as highlighted in Table 2. The same interpretation ‘rules’ apply to the output data of
all inspection agents, no matter if the finding was manually marked by a human operator,
highlighted by the software with the bounding box, or colour-coded in the 3D scanning files.

Table 2. Data interpretation using confusion matrix principles.

Performance Metric Data Interpretation

True positive (TP) If a defective blade shows a marking around the defect, then the
defect was correctly detected.

False negative (FN) If a defective blade shows no marking box, then the defect was
missed.

True negative (TN) If a non-defective blade shows no markings, then the blade was
correctly accepted.

False negative (FN) If a non-defective blade shows a marking, then an incorrect
detection was made.

3.6. Data Analysis and Comparative Methodology

This study used a mix of quantitative, qualitative and semi-quantitative assessment
methods for the analysis and comparison of a human operator and advanced technologies.
First, the inspection performance of the different inspection agents was quantitatively anal-
ysed by determining the inspection accuracy, inspection time and inspection consistency.
Hypothesis testing was used to analyse whether the results of the operator statistically
differed from the technological counter partner, or if the difference was purely due to
chance (Table 3). As the data were not normally distributed, nonparametric testing was re-
quired. Mann–Whitney U Test and Wald–Wolfowitz Runs Test were chosen for comparing
two independent non-normally distributed samples. The statistical analysis was done in
Statistica, version 13.3.0 (developed by TIBCO, Palo Alto, CA, USA).

Table 3. Research hypothesis.

Hypothesis

Hypothesis H1. The inspection performance measured in (a) inspection accuracy, (b) inspection time and
(c) inspection consistency of advanced technologies differs to the human operator.

Next, the strengths, weaknesses, opportunities and threats of each inspection agent
were identified using a SWOT analysis.

Finally, an attempt of proof of concept was made to semi-quantitatively assess the dif-
ferent agents and rank them using a weighted factor analysis. The importance (weighting)
of each criterion was determined performing a pairwise comparison, also called paired

291



Appl. Sci. 2022, 12, 2250 8 of 27

comparison [97]. This was done in close collaboration with our industry partner to incorpo-
rate the industrial aspect.

4. Inspection Results

The inspection accuracy (reliability), inspection time, and inspection consistency
(repeatability) of each inspection agent are reported along with some general observations
made that will be important for the subsequent human–technology comparison. It should
be noted that the inspection time refers solely to the processing time of the inspection agent.

4.1. Human Operator

The performance of the human operator has been evaluated in depth in previous
work [9–11,87] and the results are summarised as follows. The combined inspection
accuracy for screen-based piece-part inspection of engine blades with a variety of defect
types, severity levels and part conditions is 76.2% [9–11,87]. When operators were given the
actual (physical) part and allowed to use their hands to feel the blade and apply their tactile
sense, an accuracy of 84.0% was achieved [87]. In borescope operations the inspection
is always made based on a digital presentation of the parts on a screen. The inspection
accuracy in such situation was determined to be 63.8% [10].

The inspection time differed between the different inspection types. Screen-based
piece-part inspection was the fastest with 14.972 s, followed by the borescope inspection
with 20.671 s on average. Allowing the operators to touch and feel the blade led to the
longest inspection times of 22.140 s [87].

The assessment of the inspection consistency and repeatability revealed that operators
agreed with themselves 82.5% of the time, and 15.4% of the time with each other [11].

For a detailed evaluation of the human inspection, please refer to [9,10]. The authors
applied eye tracking technology to assess the search strategies applied by different operators
and to determine the inspection errors.

4.2. Piece-Part Inspection Software

The software for piece-part inspection correctly detected 42.2% of defects, while
incorrectly identified 27.8% of non-defective blades as defective. This equals an inspection
accuracy of 48.8%. The processing time for each image ranged from 186 to 219 ms. An
average inspection time of 203 ms was achieved. When processing the same set of images
twice, the results remained unchanged. Thus, the repeatability of the inspection software
was 100%.

Several observations were made, when processing the images and analysing the
results. Since the software was developed for defects on the leading and trailing edges (e.g.,
nicks, dents, bends and tears), defects on the airfoil surface such as airfoil dents as well as
defects on the tip (e.g., tip rub) were often missed. An example of a missed airfoil dent is
shown in Figure 2d.

Furthermore, it was found that defects with a pronounced or ‘sharp/rough’ deforma-
tion of the edge led to higher detection rates. This was evident from the high inspection
accuracies of tip curls, tears and nicks (example in Figure 2a), while smoother deformations
like bends and dents showed lower performances (example in Figure 2c). Dirty blades with
built-up deposits on the edges were the main reasons for false positives (refer to Figure 2b).

Moreover, a white background led to the best detection rates, followed by a yellow
background colour. It should be noted that the images are transformed into greyscale as
part of the image processing. The difference in performance could be explained by lighter
colours, such as white and yellow, leading to lighter grey tones, thus showing a higher
contrast between the blade and background. This was also evident when processing images
of shiny, silvery blades that showed a poor contrast to the background, when transformed
into greyscale.
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Figure 2. Sample outputs of piece-part inspection software: (a) correctly detected nicks—true positive,
(b) marked deposit and root radius—false positives, (c) missed bend—false negative, (d) missed
airfoil dent—false negative. Software detections are indicated by red bounding boxes. Missed defects
are highlighted by blue circles.

4.3. Borescope Inspection Software

The AI software achieved an inspection accuracy of 47.4%, with a processing speed
of 30 to 60 images per second. This translates to 17–33 ms per image, which on average
results in a processing time of 25 ms. Repeating the assessment of the dataset led to the
same inspection results, thus the software was 100% consistent.

AI was able to successfully detect anomalies on the blade edges (Figure 3a) and airfoil
surfaces (Figure 3b). However, one of the challenges the software experienced was to
differentiate defects and deposits. In several cases acceptable deposits were marked as
defects (Figure 3c,d). Since the software was developed to assist the human operator, it was
trained to pick up any anomalies and present the results to the operator, who then makes
a serviceability decision. Thus, highlighting deposits is a safety cautious approach and
is desirable to assure no critical defects are missed. However, it is concerning that other
critical defects were missed (Figure 3f) although their appearance is somewhat similar to
the previously mentioned deposits (Figure 3d), i.e., salient due to the high contrast between
the defect and blade.

Performance was highly dependent on the borescope camera perspective and lighting.
Particularly difficult to detect were defects on blades that were poorly lit, as shown in
Figure 3e. Furthermore, the location of the defect in the image (centre vs. corner) might
have influenced the detectability (Figure 3d). Without a detailed understanding of how the
algorithm works, no further interpretations of the results can be made.

It shall be noted that for the purpose of this study, borescope stills were presented
to the AI. This was done to allow for an ‘equal’ comparison of the human operator and
software performance. In practice however, the AI would be presented with a borescope
video (i.e., a series of images), thus having multiple opportunities to detect a defect when
the blade rotates past the borescope camera. This would further provide some slightly
different angles and lighting conditions depending on the relative position of the blade,
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camera and light source. Therefore, the inspection performance is likely to improve when
processing borescope videos and could be analysed in future work.
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Figure 3. Sample output of borescope inspection software: (a) Correctly detected airfoil dents,
(b) correctly detected leading edge dent, (c) detected deposit, (d) detected deposit and missed dent
on leading edge, (e) missed nick on trailing edge, (f) missed dent in leading edge. Software detections
are indicated by red bounding boxes. Missed defects are highlighted by blue circles.

4.4. 3D Scanning Technology

The 3D scanner successfully detected any deviations from the gold standard, i.e.,
100% defect detection. The full blade scan and processing of the scan data took just under
a minute (approx. 55 s). Repeated scanning resulted in the same inspection outcome, i.e.,
blades rejected in the first round of inspection were also rejected in the second round. The
same applied for accepted blades. Thus, the scan repeatability was 100%. While it is known
that any measurement systems including 3D scanning have a measurement error, this did
not affect the inspection results of this study.

The results can be visualised in different ways using colour coding to highlight the
deviation based on (a) metric measurements, (b) severity levels and (c) as accept/reject
criteria. An example of each representation is given in Figure 4. For the purpose of this
study, the accept/reject representation was chosen, since it allows comparison of the results
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with the IP and AI software. In the scan output, any deviations between the scanned and
nominal blade are coloured in red. This corresponds to the bounding boxes in the borescope
and piece-part inspection software.

Figure 4. Different visualisations of the 3D scanning result: (a) heat map indicating different degrees
of deviation from reference model, (b) categorical visualisation of three severity levels, (c) categorical
visualisation for accept/reject decisions. For illustration purposes only, this figure presents severe defects.

The scanner was successful in detecting a variety of defects including tears (Figure 4a),
nicks and dents (Figures 4b and 5c), bends (Figure 4c), tip curls (Figure 5a), as well as
airfoil dents (Figure 5b). The effect of deposit build-up on the edges—a common cause
for false positives in human inspection—was not tested in the present study. Accepting
‘offsets’ to the ground truth model might lead to better inspection results since deposits
are being accepted (avoiding false positives), or contrarily, it could decrease the inspection
performance as other defects (e.g., corrosion) might be incorrectly accepted (increasing
false negatives). This would be an interesting assessment for future work.

Figure 5. Scan results for different defect types: (a) tip curl, (b) airfoil dents, (c) nicks and dents.

5. Human–Technology Comparison

The inspection agents were compared quantitatively, qualitatively and with a combina-
tion of both. First, a comparison of the inspection performance was made and statistically
analysed. Subsequently, the strengths, weaknesses, opportunities and threats were identi-
fied. A weighted factor analysis was applied to allow for the inclusion of other factors that
were more difficult to quantify than the inspection performance.
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5.1. Performance Comparison

Performance was compared based on the achieved inspection accuracy, inspection
time and consistency. Furthermore, the defect types that were difficult to detect by either or
both inspection agents were identified.

5.1.1. Piece-Part Inspection

The achieved inspection accuracy of the human operator in the piece-part inspection
was 76.2% and was significantly higher than the software with 48.8%, U = 179,252.0,
p < 0.001. The operators agreed, on average, 82.5% of the time with themselves when
inspecting the same blade twice. The technological systems in contrast made the same
serviceability determination each time, thus showing higher repeatability than the human
operator, Z = −2.347, p < 0.05. A similar observation was made for the inspection time that
differed significantly between the two inspection agents, Z = −4.950, p < 0.001. The software
took 203 ms which was only a fraction of the time of the human operator, who needed, on
average, 14.972 s. In other words, the software was able to process 74 blade images in the
same amount of time the operator needed for a single blade.

Figure 6 shows the mean plot of the inspection accuracies achieved by each in-
spection agent for each type of defect. The operator consistently outperformed the
software on all defects except tip curl and non-defective blades. The biggest differ-
ence in detection accuracy occurred for airfoil dents. This was because the software
was programmed to detect edge damage, not airfoil defects. Furthermore, it was no-
ticed that the software performance was proportional to the amount of deformation
of the blade, i.e., smaller defects such as nicks, dents and minor tip rub were more
difficult to detect than more advanced and salient detects including bends, tears and
tip curls (airfoil dents < dents < tip rub < nicks < bends < tears < tip curl). The human op-
erator had a similar but not identical order of successful defect detection (dents < airfoil
dents < bends < tip rub < tip curl < nicks < tears). This order represents the criticality of the
different defect types rather than solely their appearance, although the two were somewhat
correlated. There is a chance that the operators consciously or unconsciously applied their
underlying mental model [9], which might have influenced their decision making, i.e., they
know what defect types are more critical than others. The software does not have that
contextual knowledge and relies solely on the visual appearance of the defect.

Figure 6. Mean plot of inspection accuracy in piece-part inspection by defect type and for different
inspection agents.
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All tip curls were successfully detected by the software, while the operator missed
11% on average. The second category for which the inspection accuracy was higher for the
software than the operator was non-defective blades. This indicates that the software is not
as sensitive to anomalies as the human operator is. While it is generally desirable to reduce
the false-positive rate, this should not be at the expenses of high false-negative rates, i.e.,
missing critical defects. A high detection rate (even if incorrect) might be acceptable if the
software is used as an inspector-assisting tool that highlights any anomalies but leaves the
judgement to the human operator.

5.1.2. Borescope Inspection

In the borescope inspection, the human operators detected 63.8% of defects and
inspected more accurately than the software (47.4%), U = 6963.5, p < 0.001. However, the
software was significantly faster at processing the image, Z = −4.950, p < 0.001. The average
inspection time per blade was 25 ms for the AI and 20.671 s for the human operator.

The false-positive rate of the software was twice as low as the human operators’
(Figure 7). As previously shown, a low false-positive rate is generally preferred as it means
that less serviceable (i.e., good) parts are scrapped or committed to unnecessary repair
work. However, this should not be at the expense of missing critical defects, as is the case
here. The software was not able to detect any bends and also struggled to detect some
nicks and dents on the edges, with both detection rates being 50% below the operators’
performance. Tears were the only defect type where the performance of AI was comparable
to the human operator.

Figure 7. Mean plot of inspection accuracy in the borescope inspection by defect type and for different
inspection agents.

Surprisingly, the location of the defect in terms of leading or trailing edge did not
play a crucial role, but rather the absolute location in the image did (centre better than
corners). Another interesting finding was that the operator seemed to be more cautious
in the borescope inspection. This was evident in the higher false-positive rates, i.e., more
conditions were identified as defects than in the piece-part inspection.

5.1.3. Visual–Tactile Inspection

In the last comparison, the operators’ performance was compared to a 3D scanner.
While the human was able to detect 84.0% of defects, the scanner was able to perceive any
deviations in shape (even very small ones), thus outperforming the human, U = 1703.0,
p < 0.05. This outstanding performance was at the expense of inspection time. The 3D

297



Appl. Sci. 2022, 12, 2250 14 of 27

scanner took approximately 55 s for a full scan of the blade. In contrast, the human
operators, with 22.140 s, were twice as fast and thus more efficient, Z = −1.581, p < 0.05.

The mean plot of achieved detection rates in Figure 8 shows that the greatest potential
for 3D scanning lies in the inspection of bends, dents and nicks. Moreover, the incorrect
removal of serviceable blades from service could be eliminated by 3D scanning the parts.
The scanning and processing time of the data took approximately 55 s—twice as long as
the operator—and did not include the setup time. Thus, while scanning each blade might
lead to optimum inspection accuracy and quality, it is a time-consuming task that could
create a bottle neck in the operation. Thus, both measures should be taken into account
when considering 3D scanning for blade inspection.

Figure 8. Mean plot of inspection accuracy in the visual–tactile inspection by defect type and for
different inspection agents.

5.2. SWOT Analysis

A SWOT analysis was performed to identify the strengths, weaknesses, opportunities
and threats. The results are summarised in Table 4. Following the definition of SWOT
analysis for project management, strengths and weaknesses have internal origins (attributes
of the organisation), while opportunities and threats are of an external nature (attributes of
the environment). In the context of this study, we defined the internal factors as attributes
related to the inspection agent and their performance, while external factors concerned
the inspection environment including operational processes and procedures, policies and
regulation compliance, interoperability, automation and connectivity.

5.3. Weighted Factor Analysis

First, criteria had to be established based on which the inspection agents would be
compared against each other. This was done in a brainstorming session with industry
practitioners to capture the operational relevance of each factor. The chosen factors and a
description thereof are listed in Table 5.
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Table 4. SWOT Analysis of human operator and advanced technologies in visual inspection.

Human Operator IP Software AI Software 3D Scanning

Strengths

• Strong cognitive ability
and flexibility

• Sophisticated
decision-making
capability

• Ability to deal with
high variation of parts
and different defect
types

• Qualified and certified
to perform inspection

• Use of common sense

• Good performance on
small datasets (rare
defects)

• Ability to detect a big
variety of defect
manifestations (edge
defects)

• Not prone to human
factors

• High repeatability
• Fast processing times

• Ability to assist the
human inspector in the
most challenging and
tedious types of
inspection, i.e.,
borescope

• Continuous learning
and improvement of
algorithm with each
new dataset

• Not affected by human
factors

• High repeatability
• Fast processing times

• High detection rate of
any type of irregularity
from the ideal shape

• Defect quantifiable and
thus categorisable
(accept/reject)

• High reliability and
repeatability

• Versatile—can scan any
part (size constrained)

• Functional from part
quantities of one (CAD
model required)

Weaknesses

• Prone to err
• Inspection around

68–83% accurate in
borescope and
piece-part inspection,
respectively

• Performance variances
across the system (low
repeatability within and
between operators)

• Performance affected by
human factors, e.g.,
complacency,
distraction, lack of
awareness, lack of
knowledge and fatigue

• Performance static, i.e.,
does not improve
automatically (manual
algorithm tuning
required)

• Currently low accuracy
(significantly lower
than human operator)

• Does not currently
detect surface defects
and edge defect with no
3D deformation

• Slow and manual
process (image
acquisition not
automated)

• Human error and bias
can be programmed
into algorithm

• Requires other assisting
technologies
(automated,
standardised image
acquisition), causing
additional costs

• Problems with
explainability

• Currently low accuracy
(significantly lower
than human operator)

• Requires large datasets
to train algorithm

• Additional work for
operator to label data

• Only possible for
defects with high
occurrence, difficult to
detect rare defect types
(lack of data)

• Long setup time to train
algorithm—additional
time for operator to
‘teach’ software and
validate results

• Extensive development
process until
performance is
comparable to human
operator

• Learns from human and
may learn errors too

• Problems with
explainability

• High investment cost
• Slow scanning and

labour intensive, unless
fully automated,
requiring even higher
investment

• Only suitable for
piece-part inspection

• Difficult to scan
reflective parts, thus
requires part
preparation

• Sensitive to ambient
light and cannot be
used outdoors or in
bright inspection
environments

• Sensitive to motion of
the part or scanner

• Might require 3D
scanning specialist to
setup and operate

• Large footprint not only
for scanner but also for
parts feed and storage

Opportunities

• Trusted by regulators
and customers

• Ability to make
decisions and sign off
tasks

• Versatile—can perform
different tasks in
different processes

• Applicable to other
similarly shaped parts
(e.g., vanes) without
training (only
optimisation of the
parameters)

• Enabling smart
factories and Industry
4.0

• Productivity
improvement and
shorter turnaround
times, thus competitive
advantage

• Enabling smart
factories and Industry
4.0

• High technology
awareness (trend)

• Record of operational
wear over part life;
could be used for
reverse engineering

• Enabling smart
factories and Industry
4.0

• Easy to integrate into
inspection operations

• Opportunity to develop
3D scanning for
borescope inspection
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Table 4. Cont.

Human Operator IP Software AI Software 3D Scanning

Threats

• Intentional or
unintentional
disregarding of SW,
regulations and
procedures (norms)

• Organisational
pressure

• Seen as untrustworthy,
unreliable and
unethical

• Requires regulatory
approval (legislation)

• Risk and responsibility
of incorrect decision

• Discordance between
software and
inspection expert

• Seen as untrustworthy,
unreliable and
unethical

• Risk and responsibility
of incorrect decision

• Primarily supplied by
one vendor

• Discordance between
AI and inspection
expert

• Might become
bottleneck of
operations

• Risk and responsibility
of incorrect decision

Table 5. Description of criteria for weighted factor analysis.

Criteria Description

Accuracy Inspection accuracy is the proportion of correct serviceability
decisions and number of blades inspected.

Consistency Repeated inspection outcome when presented with the same blade
twice (assessor agreement with themselves).

Inspection time Time required to inspect each part.

Investment cost Initial procurement and setup cost.

Operating cost Cost for operating the system including license cost, maintenance
cost and supervision cost (as applicable).

H/TRL How much time and effort for training and development is required
to bring the inspection agent up to the required performance level?

Agility How easily can the inspection agent be transferred to the inspection
of a new (different) part?

Flexibility How resistant is the inspection agent to changing inspection
environments (e.g., different perspective or part condition)?

Interoperability
How well can the system be integrated into the operational

environment and interact with other processes (in light of smart
factories, interconnectivity and Industry 4.0)?

Automation Can the system be fully automated?

Standardisation Does the inspection agent support standardisation?

Documentation How accurate are the recordings of the inspection results?

Compliance Is the inspection system approved by aviation authorities and does it
comply with regulatory requirements?

Next, the weightings of the criteria had to be determined. Therefore, a pairwise
comparison was used (Figure 9). Each criterion was compared against the others. If criterion
A (first column) was less important than criterion B (first row), it received a score of 0.
In contrast, if criterion B was more relevant than criterion A, a score of 2 was given. If
the criteria were of equal importance a score of 1 was given. Subsequently, the points
were summed up for each criterion and the percentage calculated. The results showed
that inspection accuracy, inspection time and inspection consistency were most important,
followed by flexibility and compliance. The ranking can be explained by the necessity
to of achieve a performance similar to or better than the human operator in order to
consider an alternative inspection agent. Thus, the performance metrics can be seen as a
‘circuit breaker’.
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Figure 9. Pairwise comparison of criteria for weighted factor analysis.

The weightings were used for the subsequent weighted factor analysis (Figure 10).
Each inspection agent was rated based on the criteria on a scale from 1 to 5, with
5 representing the highest fulfilment of the criteria. The score was multiplied by the
weighting into a weighted score. The weighted scores were then summed for each inspec-
tion agent to form the total score. The ranking of the different agents was based on the
total score. In this study the inspection performance and capabilities of blade inspection
were assessed. The weighted factor analysis revealed that 3D scanning was the most
suitable option for this type of inspection (total score of 380.8). The AI software came
second with a score of 327.6, closely followed by the human operator, who achieved a
weighted score of 319.2. The image processing software received the lowest score of 241.0.

It should be noted that the pair-wise comparison and weighted factor analyses were
a proof-of-concept to demonstrate that these methods are useful for human–technology
comparisons in general. However, the ratings depend on the specific application, industry
needs and user case. Thus, the presented ranking of the criteria and the scoring of the
different inspection agents is case specific and should not be seen as representative.
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Figure 10. Weighted factor analysis for different inspection agents.

6. Discussion
6.1. Summary of Work

This study compared a human operator to advanced technologies including image
processing and AI software, and 3D scanning. The comparison comprised a quantita-
tive assessment and statistical analysis of the inspection performance. Subsequently, the
strengths, weaknesses, opportunities and threats of each inspection agent were identified,
and a weighted factor analysis was introduced as a method to semi-quantitatively compare
and rank the different options.

6.1.1. Inspection Performance

A summary of the achieved inspection performance, measured in inspection accuracy,
inspection time and inspection consistency of each inspection agent is presented in Table 6
and further discussed below.

Table 6. Summary of inspection performance by inspection method and inspection agent.

Piece-Part Inspection
(Image-Based)

Borescope Inspection
(Image-Based)

Visual–Tactile Inspection
(Part-Based)

Human IP Software Human AI Software Human 3D Scanner

Inspection Accuracy 76.2% 48.8% 63.8% 47.4% 84.0% 100.0%
Inspection Time 14.972 s 0.203 s 20.671 s 0.025 s 22.140 s 55.000 s

Each technological system was limited to the type of inspection it was developed
for, while the human operator was able to accomplish all the different inspections. The
human operator was more tolerant of different inspection conditions such as dirty blades,
different types of defects and different inspection environments (in situ vs. on bench)
along with their viewing and lighting restrictions, e.g., in the borescope inspection. This is
consistent with [86] who found that the human’s cognitive abilities of irregularity recogni-
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tion, decision-making and adaptability to new inspection environments was superior to
advanced technologies.

There was only one study in the field of visual inspection that allowed for a direct
comparison to the present work, which was Drury and Sinclair [47]. Those authors found
that human operators outperformed the automated inspection system. This aligns with our
findings, which compared a human to inspection software (image processing or AI based).
In the visual–tactile inspection however, the opposite was the case. The 3D scanner did
not miss a single defect, whereas the human operator was, on average, only 84% accurate
with their inspection. Drury and Sinclair further stated that humans showed a lower
false-positive rate than the automated system [47]. This finding was not supported by the
present study, as the software seemed to be less sensitive to anomalies and accepted more
non-defective blades than the human operator. While a low false-positive rate is generally
desirable, this should not be at the expense of missing critical defects (false-negatives).
Another interesting finding of the previous study [47] was that only 56.8% of inspectors
detected low-contrast defects such as nicks and dents. Of those, another 24.8% of operators
incorrectly classified the defect as acceptable, making it a total of 42.7% of the research
population who missed or incorrectly accepted those two defect types. This was somewhat
similar to the 38% reported in [10]. The present study confirmed this difficulty that human
operators demonstrate when inspecting low-contrast defects in all three inspection types.
Particularly in a challenging environment such as in borescope inspections, the detection
rate for nicks and dents was poor [10]. Nonetheless, the detection rate was 83% and 87%
for nicks and dents, respectively, which is still higher than in [47]. This might be explained
by the negative impact a missed defect has in this industry. Those were the same types
of defects the IP and AI software struggled with. Thus, there was a similar performance
curve for the software across the different types of defects, but overall, it was lower than
the human operator. As previously mentioned, this was different for the 3D scanner that
detected all defects.

Furthermore, [47] concluded that the inspection device had a worse false-alarm rate
than the operator. Based on our findings, we would tentatively suggest that a higher
false-positive rate would have been acceptable if the majority of defects had been found.
However, since this was not the case, the sensitivity of both software must be improved to
be comparable to the human operator.

The strength of the inspection software lies in the computational power and fast
processing speed [98,99]. Results showed that both algorithms (IP and AI) required a
fraction of the time of the human, excluding the setup time. However, as mentioned above,
the defect detection rates were not comparable. Conversely, the inspection time of the 3D
scanner for a full scan and analysis of the scan data was twice as long as the human operator.

Kopardekar et al. [77] stated that the image processing speed should not limit the
throughput. However, there is also the time required for part preparation and image
acquisition in software inspection. For 3D scanning, there is also a setup time, which can
take up to four times the processing time. If not fully automated, the setup time can account
for the greatest proportion of the overall time. This must be considered from an operational
perspective when making the decision to implement advanced technologies and selecting
the most appropriate one.

All three technological systems showed perfect repeatability for the present research
sample, i.e., the systems consistently made the same serviceability decision when presented
with the same part twice. The human operator in contrast was, on average, consistent
only 82.5% of the time. However, five operators (10%) showed a consistency of 100%. No
previous study was found that applied repeated inspection to measure the repeatability
of the inspection performance, possibly because it is expected that any technology would
perform highly repeatably.
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6.1.2. Benefits and Limitations of Humans and Advanced Technologies

The strengths, weaknesses, opportunities and threats of each technology were iden-
tified and compared with the human operator. In summary, both humans and advanced
technology were not perfect and came with their own benefits and limitations. An overview
of the generic pros and cons is provided in Table 7. Generally, the strength of one system
(human) is the weakness of the other (technology), and vice versa. Thus, some factors may
be listed only once to avoid repetition.

Table 7. Benefits and limitations of humans versus advanced technologies.

Human Operator Advanced Technology

Benefits

• Applies common sense
• Sophisticated decision-

making capabilities
• Strong cognitive ability
• Versatility
• General intelligence
• Ability to ask questions and

overcome uncertainties
• Improves with experience

• 24/7 availability
• Faster processing, thus higher

efficiency
• Higher system repeatability
• Rational and unbiased decision

making
• Excels at dealing with large

amounts and high-dimensional
data

Limitations

• Affected by human factors
• Prone to err
• High inconsistency

• Lacks contextual knowledge
• Difficulties with decisions that

require general understanding
• High implementation cost
• Often requires other assisting

technologies (more cost)
• Technological dependency
• May cause laziness and

complacency of human operator
• Lack of understanding the effect

the decision has (look-ahead [100])

6.2. Implications for Practitioners

This work assessed the performance of different technologies for visual blade inspec-
tion. In this context, 3D scanning showed the highest inspection accuracy, while offering
the ability to quantify the defect. However, it is not always technically feasible (e.g., in
a borescope inspection) nor economically viable. In such instances, software might be
a more suitable option. The choice of the type of software is dependent on the number
of parts being inspected each year and the ratio of defective blades. If the sample size is
sufficiently large for deep learning, then an AI approach could be used, which provides the
most flexibility. Previous research [88] showed that similar performance can be achieved
using conventional image processing approaches. This is particularly beneficial if only a
few samples parts are available.

One of the advantages of advanced technologies is the documentation of inspection
findings. 3D scanning would enable the creation of a digital twin (model) of the blade. This
might enable tracking the deterioration and wear of a part over time and could possibly be
fed back into the design process of new engine blades (reverse engineering).

The visual–tactile inspection of engine blades is a tedious and highly repetitive task.
There is a risk of causing numbness, wrist joint pain or upper limb disorder [101,102]. Thus,
considering 3D-scanning could not only improve the inspection quality, but might be also
interesting from an ergonomics and health & safety perspective.

To ascertain if advanced technologies can be superior to the human performance
by overcoming human factors, more comparisons are required [85]. The most suitable
inspection tasks for automation are typically ones with large volumes, high speeds and
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simultaneous checks. Less suitable are inspections of complex parts with rare defects under
varying conditions that require contextual knowledge and complex reasoning.

When the assessment of advanced technology does not provide satisfying performance
results, an alternative improvement strategy should be chosen. Rather than investing
into potentially expensive technologies, a company could, in such circumstances, aim to
provide better training [103], optimised workplace design [104], revised standards [105]
and improved processes [105]. This might be a more cost-efficient and effective way of
improving an inspection system.

Organisations might consider implementing advanced technologies when aiming
for one or more of the following: (a) improving inspection quality, i.e., the accuracy
and consistency, (b) increasing efficiency by reducing inspection time that is considered
as waste, (c) streamlining inspection processes, (d) reducing labour cost, (e) avoiding
manual handling either to protect the part (sensitive) or the operator (unsafe environment),
(f) monitoring the inspection process in real time or (g) reducing human error by eliminating
subjective evaluation.

The findings of this study could be useful for organisations that are considering
investing into advanced technologies. While the present work specifically addressed the
visual inspection of engine blades, the applied approach and insights might be transferable
to other part inspections, processes and industries. The SWOT analysis and weighted
factor analysis have been proven to be useful when comparing factors that are difficult to
quantify and for unequal inspection agents, such as humans and technologies. Since the
three agents were applied to three different types of inspection, companies could repeat
the assessment using those methods and their own list of criteria that are relevant to the
specific organisation and operational situation.

It is a matter of debate whether new technologies such as artificial intelligence will
cause job losses or will create new and possibly more interesting jobs. The World Economic
Forum predicts that significantly more jobs will be created than lost [106]. Advanced
technologies such as automated inspection machines have the potential to take on the
highly repetitive and tedious tasks and free up the human operator. For the operator
this means less strain and being able to focus on their expertise, higher skills and more
fulfilling tasks, which may provide more motivation and excitement, leading to higher
job satisfaction. From an organisation perspective, employees can do more difficult and
value-added activities that cannot be automated and require fundamental knowledge and
more sophisticated decision-making abilities, e.g., development of new innovations to
enhance productivity and processes. There is also potential for ‘hybrid intelligence’, as
discussed later.

6.3. Limitations

There are several limitations, some of which have already been addressed in previous
sections. The attempt was made to perform a ‘fair’ (equal) comparison [48] by presenting
the same dataset in each comparison to both inspection agents. While the research sample
was equal it was not necessarily equitable. The authors acknowledge that the research
design was rather in favour of the technology and might have limited the human perfor-
mance. This limitation was accepted to allow for the utilisation of eye tracking as part of
this research project [9,10]. In concrete terms, this means that in comparisons 1 and 2 the
inspection agents were presented with images as opposed to borescope videos or physical
parts. Only in comparison 3 were the operators given the blades, which allowed them to
view them from different angles and use their tactile sense (further discussed below).

The image processing software in comparison 1 was developed for detecting edge
defects, such as nicks, dents, tears, tip curls and tip rub, and was unable to detect defects
on the airfoil surface, e.g., airfoil dents. This decision was made due to edge defects being
the most critical and common types of defects. To represent the real situation in MRO, a
similar defect distribution was assessed, and thus most blades had damage on the leading
and trailing edges. Only a small proportion of airfoil defects were included due to their
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rare occurrence. Therefore, the performance of the software was only marginally affected
by this limitation.

The limitation in the borescope comparison was that both the human and AI were
presented with images rather than borescope videos for the same reason as above. Seeing
the blade rotating past the borescope camera from slightly different angles and under
varying lighting conditions might provide additional information. With 30–60 frames per
blade (depending on frame rate) the AI has a higher chance of detecting a defect than on a
single image. Likewise, the operator has multiple frames per blade to detect any anomaly.
However, the computational power of the software is much greater, and the AI can process
every single frame, whereas the human operator might only perceive every fifth frame due
to the rotational speed [107]. On the other hand, the operator has contextual knowledge
and the cognitive ability to perceive motion, which might provide additional cues that hint
at defects. In summary, both inspection agents were tested under somewhat non-ideal
conditions; and performance might improve when presented with videos. This would be
an interesting topic for future work.

The 3D scanner created a model of the blade and compared it quantitatively with the
nominal. The operator, in contrast, had to sense the blade using their eyes and fingertips to
look for and feel for any irregularities in the shape. However, they were unable to quantify
the deviation (in metric terms). Measuring tools (e.g., shadowgraphs) were not provided
because in practice the operator would make a serviceability determination based on a
(subjective) perception. Measuring every blade is time consuming and not economical.

The weighted factor analysis in Section 5 attempted to provide a proof-of-concept
for rating different inspection agents based on a variety of criteria. Both, the scores of the
pairwise comparison and of the weighted factor analysis were assigned to the authors’ best
knowledge, but could be subjective, particularly for non-quantifiable factors. In future, the
scoring process could apply the nominal group technique [108] to reduce the subjectivity
of the scoring system.

6.4. Future Work

Several future work streams have been proposed previously and are not repeated here.
It is well understood that manual inspection is not error free, while full automation of the
inspection processes is not always technically feasible or economical [77]. Thus, hybrid
systems, combining the strengths of both human operators and advanced technologies,
offer potential for future research. Rather than comparing the individual performances
and capabilities of each inspection agent independently, the combined performance of
such technology integrated inspection systems could be assessed, i.e., do human operators
perform better when aided by technology? Attribute agreement analysis and eye tracking
could be used to extract any improvements in their performance and search approach.
There are several conceivable scenarios concerning the integration of human operator and
technology: (a) the technology could be used as a ‘pre-scan’ highlighting any anomalies
and leaving the defect confirmation and serviceability decision to the operator, (b) both
agents inspect the parts independently and only in cases of disagreement is the expert is
consulted. Those and other options could be evaluated to ensure optimal utilisation of
both agents.

There is a potential that by implementing a hybrid inspection system, the operator
undergoes some form of training, as they must evaluate not only their own findings but
also the ones of the aide. This might improve the underlying mental model [9,10] of the
operator to the extent that their sensing gets stimulated by the findings of the aide, i.e., other
conditions and defect manifestations that would have otherwise not attracted the operators’
attention. Future work could investigate the possibility of using advanced technology for
training purposes.

Previous work [10,87] has indicated that human operators have been inaccurate in
their defect classification. The classification performance was not tested in the present study
due to the limitations of the technological systems. In principle, however, it is possible to
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program a classification algorithm and compare it to the accuracy of the human operator.
The classification accuracy could then be added to the weighted factor analysis.

SHERPA (developed by [109]) applies hierarchical task analysis to anticipate deeper
causes of human error. The present study did not explore for such deeper causality, and to
do so would require the prior development of a classification system or taxonomy of human
errors. This might be an interesting and useful avenue of future research. The SHERPA
taxonomy (action, check, retrieval, communication, selection) may or may not be the best
way forward for the specific case of visual inspection, as it is weaker on the cognitive
processes than the existing visual inspection framework [10]. Somewhat related work,
from a SHERPA perspective, is evident in [110] for the construction industry. Possibly a
Bowtie approach might be considered because this is well attested in the aerospace industry.
Furthermore, a taxonomy of blade defects already exists [111], as does a Bowtie of human
error for the inspection task [13,14].

7. Conclusions

This research makes several novel contributions to the field. First, 3D scanning
technology was applied to scan damaged blades. This was different to previous applications
in manufacturing, where parts were inspected as part of the quality assurance process to
ensure that they conformed to the standard and the critical sizes were within manufacturing
limits. In a maintenance environment however, parts are in used condition and need to
be inspected for operational damage, such as nicks, dents or tears. To the authors’ best
knowledge, this is the first study that applied 3D scanning to attribute inspection.

Second, this work presents the first human–technology comparison in the field of
visual blade inspection with ‘state-of-the-art’ technology (at the time the research was
conducted). The basis for the comparison was the inspection performance measured
in accuracy, time and consistency. Furthermore, this work provides a list of additional
evaluation criteria beyond the sole inspection performance that could be considered when
weighing up different inspection systems. An attempt was made to semi-quantitatively
compare the different agents based on those criteria using a SWOT and weighted factor
analysis. The defect types that were difficult to detect by the different inspection agents
were identified and compared.

Several implications for practitioners and future work streams were suggested, specifi-
cally regarding hybrid inspection systems. The results of this work may contribute to a better
understanding of the quality management system, the current performance of both humans
and advanced technologies, and the strengths and weaknesses of each inspection agent.
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34. Andoga, R.; Fozo, L.; Schrötter, M.; Češkovič, M.; Szabo, S.; Breda, R.; Schreiner, M. Intelligent Thermal Imaging-Based Diagnostics

of Turbojet Engines. Appl. Sci. 2019, 9, 2253. [CrossRef]
35. Ghidoni, S.; Antonello, M.; Nanni, L.; Menegatti, E. A thermographic visual inspection system for crack detection in metal parts

exploiting a robotic workcell. Robot. Auton. Syst. 2015, 74, 351–359. [CrossRef]
36. Vakhov, V.; Veretennikov, I.; P’yankov, V. Automated Ultrasonic Testing of Billets for Gas-Turbine Engine Shafts. Russ. J.

Nondestruct. Test. 2005, 41, 158–160. [CrossRef]
37. Gao, C.; Meeker, W.; Mayton, D. Detecting cracks in aircraft engine fan blades using vibrothermography nondestructive evaluation.

Reliab. Eng. Syst. Saf. 2014, 131, 229–235. [CrossRef]
38. Zhang, X.; Li, W.; Liou, F. Damage detection and reconstruction algorithm in repairing compressor blade by direct metal

deposition. Int. J. Adv. Manuf. Technol. 2018, 95, 2393–2404. [CrossRef]
39. Tian, W.; Pan, M.; Luo, F.; Chen, D. Borescope Detection of Blade in Aeroengine Based on Image Recognition Technology. In

Proceedings of the International Symposium on Test Automation and Instrumentation (ISTAI), Beijing, China, 17–21 November
2008; pp. 1694–1698.

40. Błachnio, J.; Spychała, J.; Pawlak, W.; Kułaszka, A. Assessment of Technical Condition Demonstrated by Gas Turbine Blades by
Processing of Images for Their Surfaces/Oceny Stanu Łopatek Turbiny Gazowej Metodą Przetwarzania Obrazów Ich Powierzchni.
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Abstract: Risk assessment methods are widely used in aviation, but have not been demonstrated
for visual inspection of aircraft engine components. The complexity in this field arises from the
variety of defect types and the different manifestation thereof with each level of disassembly. A
new risk framework was designed to include contextual factors. Those factors were identified using
Bowtie analysis to be criticality, severity, and detectability. This framework yields a risk metric that
describes the extent to which a defect might stay undetected during the inspection task, and result
in adverse safety outcomes. A simplification of the framework provides a method for go/no-go
decision-making. The results of the study reveal that the defect detectability is highly dependent on
specific views of the blade, and the risk can be quantified. Defects that involve material separation or
removal such as scratches, tip rub, nicks, tears, cracks, and breaking, are best shown in airfoil views.
Defects that involve material deformation and change of shape, such as tip curl, dents on the leading
edges, bents, and battered blades, have lower risk if edge views can be provided. This research
proposes that many risk assessments may be reduced to three factors: consequence, likelihood, and a
cofactor. The latter represents the industrial context, and can comprise multiple sub-factors that are
application-specific. A method has been devised, including appropriate scales, for the inclusion of
these into the risk assessment.

Keywords: risk assessment; risk management; aviation safety; gas turbine engine; blade inspection;
MRO; aircraft maintenance; contextual factors

1. Introduction

Gas turbine aircraft engines are inspected at regular intervals, or after a known incident
(e.g., bird strike). While maintenance, repair and overhaul (MRO) of engines is crucial
for flight safety, it is predominantly performed by human operators who are prone to
error. The International Air Transport Association (IATA) reported that maintenance and
inspection errors are under the top three causes of aircraft accidents and that in 26% of
the cases, a maintenance-caused event started the event chain [1,2]. According to Federal
Aviation Authority (FAA) records, maintenance was involved in 27.4% of fatalities and
6.8% of incidents [1]. Furthermore, it was reported that component or structural failures
are the primary root-cause for maintenance-related incidents and that it most likely occurs
at the engine.

In aircraft engine maintenance, the first inspection made is by boroscopic means,
whereby a borescope is inserted into the engine (typically while on the wing) and the
rotating parts are inspected. The inspector has to examine each blade for indications of
damage. If a defect is found, it has to be recorded and quantified as to acceptability. The
inspection has to be made in a difficult environment with several constraints, such as
limited space for the operator, restricted views, restricted lighting, limited pixel resolution,
boredom, distraction, and time pressure [3].

A sample borescope photograph image is presented in Figure 1.
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Figure 1. Typical borescope view.

Borescopy is the first in a sequence of several inspection activities. In a semi-manual,
operator-dependent, time-consuming, and tedious procedure [4], the inspector has to
identify a wide variety of defects, with different severity degrees and locations under
different angles [5]. This activity informs the decision whether to let the engine continue
flying, reduce the inspection interval to check for propagation of the defects over time, or
remove it for maintenance. Committing the engine to a (costly) teardown process enables
other means of inspection, both visual and other non-destructive testing (NDT) methods,
to be applied.

Once an engine is committed to repair, it is disassembled and further visual inspections
occur. While the initial borescope inspection is limited in what can be seen, once the engine
is disassembled, the blades can be visually inspected individually and in better conditions.
The most detailed inspection is the examination of disassembled parts. This is called the
‘on-bench’ or ‘piece-part’ inspection, and is the subject of the present paper. This inspection
is done visually, and allows the blades to be individually examined from any angle, with
excellent lighting, and the use of optical magnification if warranted (refer to Figure 2). At
this point, the decision will be made as to whether the blade may be returned to service in
its current condition, or diverted to the repair or scrapping processes.

Figure 2. On-bench inspection of a single blade.

The inspection process is prone to human error tendencies as well as lack of accuracy,
reliability, subjectivity, consistency, and repeatability, among other factors [6–9]. Missing a
defect (false negative) during an inspection task anywhere on this chain has the potential to
lead to catastrophic engine failure, hence risk of damage to the engine and fuselage [10,11],
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as well as to severe harm to passengers or even fatalities [12,13]. On the other hand, a false
positive detection may commit the engine to a needless repair process that is costly in time
and financial utility. Hence, visual inspection tasks introduce key decision points into the
maintenance process, with far-reaching consequences.

Furthermore, engine maintenance is a complex, time-consuming, and expensive task
and one shop visit can create costs equivalent to the engine list price [5,14–16]. This creates
a competitive pressure between MRO service providers, whereby the one with the lowest
price and shortest turn-around time wins the order.

Increasing fleet sizes, heavy growth of the MRO industry, and shortage of trained
personnel at the same time creates additional time pressure to meet the demand [17]. This
is highly critical, as time pressure must not have any negative impact on the inspection
quality, which affects passenger safety. It further contributes to human error and the risk of
missing a critical defect.

Since 90% of inspections in aircraft maintenance are done visually [8,14,18], there is a
need to understand the risk inherent in such inspection process. In this paper, we develop a
risk framework specifically for visual inspection tasks of geometrically complex parts such
as blades. While the subject under examination is inspection of blades, it should be pointed
out that much of the safety of aviation systems depends on the inspection vigilance of
human operators during manufacture, operation, and maintenance of the technical system.

2. Literature Review

We briefly review the risk management literature and related question of how risk
might be determined in the specific activity of visual inspection.

2.1. Extended Risk Constructs Using n-Tuples

The term ‘risk’ is somewhat ambiguous as it has multiple definitions and methods
for determination [19]. Thus, depending on the context, risk may be: uncertainty, po-
tential loss, consequences, probability of an undesired event, or effect of uncertainty on
objectives. It is also often a combined metric, e.g., Consequences or damage + Uncertainty, or
Probability + Consequences.

Over time, the interpretation of the ISO 31000 risk management [20] concept has
tended to dominate. This standard defines risk as the ‘effect of uncertainty on the possibility
of achieving the organization’s objectives’. Furthermore, it provides a specific mechanism
to determine risk. It partitions risk into two dimensions: consequence, and likelihood
of that occurring. Then, these are combined into a risk metric. The combination may be
done in two ways: (a) simply multiplying consequence and likelihood, if both are numeric
scales, or (b) using a correlation matrix or map. Thresholds for acceptable risk are then
applied, to categorise the risks and prioritise them based on acceptability, practicality,
response time, enforceability, durability, cost–benefit ratio, compliance with legislation, and
possible treatment. The expected efficacy of the treatments can be estimated by calculating
the ‘residual’ risk after treatment, and this too can be evaluated for acceptability. The
results are tabulated in the ‘risk register’. The overall outcome of the process is that
it provides a methodology whereby organisations can show due diligence towards a
systematic assessment of risk, and justify rationing resources to treat the more important
risks. Note that in ISO 31000, the concept of risk includes both threats and opportunities,
hence the treatments are prevention of threats and capture of opportunities respectively,
but here we are primarily interested in the threat component.

The ISO 31000 construct of Consequence× Likelihood has the benefit of providing a
common method for the determination of risk. Nonetheless, it has limitations. In the
general application of risk management, the scales are almost always subjective and highly
variable between organisations [21,22]. Different analysts could even estimate different
outcomes with the same scale, contributing towards the inconsistency. Even technical
systems, like piece-part inspection, are prone to qualitative assessments of risk as not
every quality parameter can be measured and quantified, at least not in real operational

315



Aerospace 2021, 8, 117 4 of 30

settings. Moreover, in reality, failure outcomes are not single consequences but rather a
chain of progressive deterioration of the system with multiple opportunities to intervene.
The method does not accommodate this—it assumes an equifinality to consequence (and
likelihood) that may be unjustifiable in complex failure sequences. Moreover, the two
factors do not provide sufficient granularity for many engineering situations.

In an attempt to incorporate other conditional factors, the literature shows diverse
ways of achieving this. A common but highly variable approach is to extend the risk
metric to encompass a third or more factors. The most common ones were vulnerabil-
ity [23–26], detectability [27–30], manageability [29,31–35], and time [29,36–39]. Other
more application-specific factors that have been added to the risk equations include pre-
ventability [35], layers of protection [40], resilience [41], volatility [39], experience [42],
knowledge [43–45], social impact [46] and coping capacity [47,48], performance-shaping
factors [49], and human factors [50]. Many of these methods start by defining the conse-
quences and likelihood and then adding the other factors. Other methods augment this by
instead focusing on the events leading up to the consequences, typically using a correlation
approach such as Quality Function Deployment (QFD) and related extensions [51–54].
Invariably, the objective is to quantify the risk for a specific situation or context. A detailed
list of risk equations with a contextual variable is shown in Table 1. As this shows, there is
no general approach capturing all the different approaches.

2.2. Specific Frameworks for Visual Inspection Risk

Several approaches attempt to incorporate detection in the risk assessment of failure.
The most common approach is the Failure Mode and Effect Analysis (FMEA) [57,58], which
analyses the components of a system and how these can fail, and assigns a consequence to
each of them. On an operational level, the failure modes are typically processes, thus the
resulting framework is Process Failure Mode and Effect Analysis (PFMEA) [58,59], while
in the design stage, it is called Design Failure Mode and Effect Analysis (DFMEA) [58,60].
Some attempts have been made to include the criticality and detection of failure modes
into the model, leading to the Failure Mode Effect and Criticality Analysis (FMECA) [57],
and Failure Mode Effect and Detection Analysis (FMEDA) [61], respectively.

Risk-based inspection (RBI) is a process of developing a risk analysis scheme of inspec-
tion. It may include an assessment of the likelihood (probability) of failure due to flaws,
damage, or deterioration or degradation, along with an assessment of the consequences of
such failure.

A key concept is that of the Probability of Detection (POD), which was originally
developed for the US Air Force focusing on turbine engine inspection [62]. The typical
area of interest is cracks and flaws, for which the conventional parameters of interest
are crack length and sometimes crack depth. However, there does not appear to have
been any consideration of other parameters such as other defect types, image quality,
inspector expertise, etc., nor has the POD concept evolved into a broader risk management
framework. Probability of detection in supply chains has been included in the risk equation
by Griffis and Whipple [30], but not for defect detection in manufactured parts.

While there has been some prior work on visual inspection, the literature is sparse on
the application of risk frameworks to this area. For example, human factors were studied
for borescope operators [63], but without quantifying the risks. Where risk assessments
have been used, they have been addressed to the implementation of new systems, rather
than the inspection decisions themselves. For example, the authors of [64] provided a risk
assessment for the implementation of the structural health monitoring, and similarly, the
authors of [65] for a detection procedure.
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Table 1. Overview of existing approaches that considered other factors.

Author(s) Consequence Metric Likelihood Metric Other Metrics Application

Chien et al. [41] Hazard Vulnerability Resilience Soil liquefaction on land
development and utilisation

UNDRR [26] Hazard Vulnerability Exposure Natural disasters

Marin-Ferrer et al. [47],
Boudreau [48] Hazard and Exposure Vulnerability Lack of coping capacity Disaster risk assessment

Cioaca et al. [25] Consequence Threat probability Vulnerability probability Aviation systems

Azadeh et al. [35] Severity Frequency Preventability Occupational injuries

Higbee [50] Severity Likelihood Human factors Welding and assembly
operations

Gray et al. [42] Severity Likelihood Occupational role Aero medical risk

Jin et al. [40] Occurrence
consequence

Occurrence
likelihood Independent protection layers Public safety

monitoring system

The University of
Mebourne [55] Consequence Likelihood Exposure Knife cuts and cold burns in

university laboratories

Juan et al. [23] Severity Possibility Vulnerability Food quality and safety and
supply chain

Talbot and Jakeman [39] Consequence Likelihood Time × Incidence Dying in a car crash

Project Management
Institute [29] Impact Probability Time × Frequency Project risk

(generally applicable)

Talbot and Jakeman [39] Consequence Likelihood Volatility × Confidence in risk
rating Security risk management

Project Management
Institute [29],

Valitov and Sirazetdinova [31],
Lowe [32], Aven et al. [33]

Impact Probability Manageability/ Controllability Enterprise and
commercial risks

Xia et al. [34] Impact Probability Stakeholder attributes ×
Manageability

Stakeholder-related risks in
construction projects

Dobson and Dobson [36] Impact Probability Time × Remediation Project risk
(generally applicable)

Osundahunsi [38] Impact Occurrence Velocity (speed) Enterprise and project risk
management

El-Karim et al. [37] Impact (cost) Probability Impact (schedule) Construction projects

Kolesar and Petruf [24] Consequence severity Threat (perceived
likelihood)

Vulnerability (probability of
breach of failure)

Acts of
Unlawful Interference of

Civil Airport

Paltrinieri et al. [43], Aven [44]
Aven and Krohn [45] Consequence Probability Knowledge

Oil and Gas drilling rig,
High Reliability

Organisations (HROs)

Griffis and Whipple [30] Potential Impact Likelihood of
Occurrence Probability of detection Supply chain

risk assessment

Hughes [27] Impact Probability Undetectability Risk of developer stories

Youssef and Hyman [28],
Project Management

Institute [29]
Severity Probability Hazard detectability × Hazard

correctability × Product utility Medical devices

Zhang and Zhang [46] Loss Accident rates Social impact of accidents Tourism attractions
accident risk

Arjmandi et al. [56] Consequence Probability
Weight of application-specific

parameters (here: chemical
composition of wastewater)

Wastewater treatment

Luquetti dos Santos et al. [49] Consequence Frequency Performance-shaping factors Offshore
installation

Cascading correlation
matrices, e.g., quality function

deployment (QFD). Liu and
Tsai [51], Fargnoli et al. [52,53],

Bas [54]

Consequence Probability
Various combinations of work
activities, tasks, hazard causes,

hazard types
Occupational safety
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2.3. Representation of Inspection Risk for Decision-Making

All tabular approaches have in common that they multiply the failure likelihood,
consequence, and any additional factors. To perform the calculation, numeric scales are
required at input and output [21]. Ideally, these scales would represent consequences in a
robust variable (such as economic utility, though even that fails to capture all dimensions
of value), likelihood as a probability, and the output risk as a number to which people
could relate. In practice, there are seldom sufficient data to quantify the input variables,
and instead an ordered scale (e.g., from rare to almost certain) is used to which numerical
values are assigned (e.g., 1 to 5) [28]. The numbers are then used in the product function,
and the resulting risk score (RS), also called risk rating (RR), risk priority number (RPN),
or risk value (RV), is mapped back to a descriptive scale (e.g., from low to extreme). All
these processes introduce subjective judgements [22]. This, plus the variability in scales
used, make it difficult to compare risk assessments from different organisations. Pons [21]
showed that this is also problematic for safety assessments, especially considering the need
to reconcile these with legislative requirements (which vary across jurisdictions).

An important aspect of risk management is the communication of the risks and
identification of appropriate means of prevention and mitigation that address those risks.
Typically, colour coding is used to highlight different risk levels, which enables a faster
reception and identification of critical risks.

Most common risk matrices use a traffic light system to colour risks from low or
acceptable (green), over moderate or tolerable (amber), to high or intolerable risks (red) [66].
Some researchers have added yellow as another colour to their risk matrix, representing
low risks in risk assessments that have large values for likelihood and impact, and typically
these are non-linear scales [67,68].

In New Zealand and Australia, the handbook for risk management (HB 436:2004)
suggests five colours: green, blue, yellow, orange, and red, in ascending order of risk
levels [69]. However, there is inconsistency with the order and allocation of these colours.
While some follow the Australian and New Zealand standard (AS/NZS 4360) order [70],
others follow the order of green-yellow-blue-red [71], and still others start with blue
followed by green, yellow, and red [72]. Vose introduced a graded colour scheme with
nine colour tones [73]. Only a few risk levels with adjacent RPNs were assigned the
same colour. Although the risk heat map consists of nine shades, it contains only four
different colours, i.e., green, amber, orange, and red. Since some shades are so similar, it
is hard to differentiate the associated risk levels from each other, which does not support
the idea of an easier risk perception. As the author stated, it adds more complexity to
a tool that was meant to simplify the risk assessment process. It can be concluded that
too many colours are detrimental. Vose stated that managers need to know whether to
say ‘Stop!’ or ‘Go!’ based on the risk involved [73]. Another way of specifying colours is
by consideration of the intended audience. In most organisations, there is a progressive
escalation of communication about risk depending on the risk appetite of the organisation.
Thus, small risks might be treated by the operators, with larger risks progressively escalated
to supervisors, managers, executives, board, and external regulators. Hence, the notion
of risk might be portioned not so much into arbitrary colours, but into audiences and
stakeholders [21]. Some risk assessment tools provide an icon-based rating, which is
beneficial for colour-blind people. The tool was used for risk rating biased assessment [74].
The different risk levels are as follows, with their associated icons shown in brackets: low
(+), moderate (−), serious (x), and critical (!) [74,75].

2.4. Gaps in the Body of Knowledge Regarding Visual Inspection

A two-dimensional risk matrix, while simple to understand, does not allow the
complex causality to be represented. This has given rise to an extensive literature on
methods that multiply consequence, likelihood, and an additional contextual factor that
is application-specific. Most studies have included only a single third dimension. The
work by Luquetti Dos Santos et al. presents the idea of multiple performance-shaping
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factors [49]. However, they did not show how these factors could be included into the
risk equation. There is a general lack of understanding as to how additional factors can be
added to the risk assessment, especially if there is more than one application-specific factor.
There are two primary issues.

The first issue is the increasing risk score when adding (multiplying) additional factors.
It is difficult to determine the relative importance or weighting of these factors. Often,
they are given the same weighting as the likelihood and severity, which potentially leads
to distorted results. To solve this, it is necessary to compensate for the additional factor.
Thus, there is a need for a standardised approach to include one or more sub-factors into
the risk equation, which should be as generic as possible to allow for its applicability to
different industries.

The second issue is that all the risk assessment methods struggle to include factors
that are difficult to quantify, such as human factors. While the presence of such factors is
generally acknowledged [50,76–79], it remains problematic to quantify, or even identify an
appropriate scale.

Different risk assessment methods have been applied to the aviation industry and
specifically to aircraft maintenance. These including Event Tree Analysis (ETA) [80], Bowtie
Analysis [81], Maintenance Factors and Analysis Classification System (MxFACS) [11], and
Failure Mode, Effect, and Criticality Analysis (FMECA) combined with Fuzzy Logic, and
the ‘as low as reasonably practicable’ (ALARP) approach [82]. Most commonly however,
a tabular approach (risk register) is used for the risk assessment in the aviation domain,
e.g., by the International Civil Aviation Organization (ICAO) [83,84], European Union
Aviation Safety Agency (EASA) [85], Federal Aviation Administration (FAA) [86], or Civil
Aviation Safety Authority (CASA) [87]. However, these methods are applied in basic form,
i.e., multiplying the probability and severity, with no considerations of additional factors
affecting this risk score. Moreover, no previous study has examined the inherent risk in
visual inspection tasks of aircraft engine components, and the factors that might influence
the process and hence the risk.

3. Methods
3.1. Research Objective

The research objective was to devise a standardised methodology for evaluating risk,
in the specific area of visual inspection. The desired outcome was a generic framework
for risk assessment with the following attributes: is clearly structured, can accommodate
multiple application-specific factors, and can be applied to any industrial visual inspection
task. The proposed framework is then applied to the specific case of visual inspection of
defects in gas turbine blades.

3.2. Approach

The approach involved the lead author being embedded in MRO for the duration of
the project. This experience provided contextual knowledge, and access to expert operators.
Several work streams were undertaken, of an overlapping and mutually informing nature.
The methodology was therefore developed around the industrial context. The concepts
were refined through an iterative process of theory building and testing of face validity
in the industrial context. The workflow is presented in Figure 3 and each work stream is
subsequently described in more detail.

3.2.1. Work Stream 1: Collection of Specimen Images

A reference set of images was needed for ‘type’ defects. By ‘type’ we refer to a
specimen, that represents a particular category and size of visual defect. The type image
presents the defining features of that defect. This is semantically similar to how type is
used in biology and within taxonomies. We adopted the taxonomy of blade defects per [88].
We then examined a large number of damaged blades, categorised per the defect taxonomy.
Photographs of each defect type were taken with standardised image acquisition and

319



Aerospace 2021, 8, 117 8 of 30

lighting conditions to give a consistent image quality comparable to inspection with a
low-magnification glass as available on inspection workbenches in the industry. The image
acquisition was done with a Nikon D5200 digital single-lens reflex (DSLR) camera (Nikon
Inc., Tokyo, Japan) and a Nikkor 105 mm micro-lens, in a self-built light tent with three
6 W Superlux (Superlux, Auckland, New Zealand) light-emitting diode (LED) ring lights.

Figure 3. Research approach and workflow.

3.2.2. Work Stream 2: Design of Risk Framework

Having identified the relevant factors for visual inspection, it was then necessary to
design a conceptual framework to include these into a risk metric.

3.2.3. Work Stream 3: Identification of Contextual Factors

First, it was necessary to identify the factors involved in the visual inspection task.
This was achieved by observation of the inspection process and communication with
industry experts. Specifically, a visual inspection task always depends on how well the
defect is manifested in the view. Hence, the detectability or manifestation is a factor that
needs to be included. See related work with Bowtie analysis [89]. We identified three
primary factors: criticality, severity, and detectability. Criticality is the importance of the
defect type to be detected before the part is released back to service. Severity in turn
describes the characteristics of the defect shape and probability of propagation towards a
severe outcome. The manifestation represents the detectability of the defect in the present
level of inspection. There is a correlation between the three factors.

3.2.4. Work Stream 4: Integration of Factors into an Inspection Risk Calculation and
Method Validation

The relationships between the three factors were analysed and expressed using a
three-dimensional correlation matrix. Subsequently, the proposed method was applied
to a case study in a MRO environment. A comparison between the traditional two-factor
risk equation and the proposed three-factor approach was done by calculating the two risk
scores for the selected defect samples. The most experienced industry expert then validated
the veracity of the two results for each case and determined which one best represents the
reality. We have high confidence in the validity of the experts’ ability to detect the ground
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truth, since the highly regulated nature of the aviation industry ensures that there is a
hierarchy of inspection seniority based on passing a personal certification process.

4. Results
4.1. Defect Taxonomy and Specimen Images

The defect taxonomy was used from [88]. Specimen images for each defect are shown
in Table 2. These represent a subset of a larger collection of images.

Table 2. Sample images for each blade defect type.

Defect Type Sample Image Defect Type Sample Image

Battered Bent

Breaking Corrosion

Crack Dent on Airfoil

Dent on Leading edge Nick

Scratch Tear

Tip Curl Tip Rub
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4.2. A Generalised Model for Cofactors in Risk Assessment

Inspection of the existing methodologies hints at a common underlying structure,
whereby a consequence metric is multiplied by a likelihood metric, and then by a variety
of other factors. Hence, to some extent, many of the methodologies follow an approximate
ISO 31000 construct of risk, though they do not all use the consequence and likelihood
metrics in precisely the same way (see Table 1).

Therefore, we propose a general scheme for an extended risk assessment, whereby the
basic structure follows the ISO 31000 framework of consequence× likelihood, for continuity
of interpretation. To this is appended a third ‘cofactor’. Hence:

Risk = Consequence (C) × Likelihood (L) × Co f actor (X) (1)

We propose that the cofactor runs from halving to doubling the risk, i.e., takes
the range:

r = [x | 0.5 ≤ x ≤ 2.0] (2)

The cofactor can vary according to the industry and application. Alternative termi-
nologies might be conditional, influence, situational, impact, or correction factors.

The ‘cofactor’ (X) itself comprises any number of additional ‘contextual’ factors CF1,
CF2, CF3, etc. These are determined based on the industrial context. The relationship
between the cofactor and the contextual factors is determined by a correlation matrix. This
calculation methodology is illustrated in Figure 4.

Figure 4. Calculation methodology for the risk assessment.

Multiple contextual sub-factors can be assimilated in the cofactor, and for each ap-
plication, it would be necessary to determine how to do this, i.e., the algorithm need not
be fixed.

We interpret consequence as the harm or damage outcome to the overall system. Thus,
the other terms for consequence are severity, impact, and loss. The likelihood describes the
chances that an event results in these negative outcomes. Thus, in the example of Failure
Mode and Effect Analysis (FMEA), we would interpret its severity as a type of consequence,
the probability as a likelihood metric, and the detection as a cofactor for the covertness
of the failure mode. The same applies to the Failure Mode Effect and Criticality Analysis
(FMECA), whereby the criticality is interpreted as the cofactor.

The consequence and likelihood scales are not always continuous scales, but rather
have discrete steps. Most frameworks have a five-step scale for consequence and likeli-
hood. Hence, for consistency, we propose that the maximum product of consequence and
likelihood without the cofactor shall be about 50, however, that is arranged. Thus, for a
context involving inspection of a defect, the risk scales would be as shown in Table 3. The
consequence represents any adverse outcome that could occur if a defect stays undetected
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and propagates. The likelihood in turn describes the occurrence rate of such negative
outcome. The contextual factor represents variables that may influence the outcome (in-
spection accuracy in the present case). Ultimately, the contextual factor adjusts the risk
score based on the reliability of the inspection. The resulting risk score can range from 0.5
to 100. An overview of the risk scores and associated risk levels is presented in Table 4 and
visualised as a three-dimensional risk matrix in Figure 5.

Table 3. Proposed risk factor scales for an inspection process.

Consequence Score Likelihood Score Contextual Factor Score

Hazard in control:
Defect present but existing

barriers prevent progression
1

Rare:
Theoretically possible but

not expected to occur
1 Minor:

Defect always detected 0.5

Incident without harm:
Incident occurs with no
harm (system failure)

2
Unlikely:

Did happen in
other industries

2
Low:

Defect detectable and
rarely missed

0.8

Minor harm:
Incident occurs and minor

harm arises
5

Possible:
Event does occur in the

industry from time to time
3

Moderate:
Certified inspector should
be able to detect this defect

1

Serious harm:
Incident results in

serious harm
8

Likely:
Has occurred at least once
in the company’s history

4
High:

Defect difficult to detect
during visual inspection

1.5

Fatality:
Fatalities and possibly
catastrophe; recovery
systems inadequate

10
Almost certain:

Annual occurrence in
this situation

5
Extreme:

Defect visually
not detectable

2

Table 4. Relationship between risk score (RS) and risk level (RL).

Risk Score (RS) Risk Level (RL) Colour Scheme
RS < 3 Minor Green

3 ≤ RS < 8 Low Yellow
8 ≤ RS < 20 Moderate Orange
20 ≤ RS < 50 High Red

RS ≥ 50 Extreme Burgundy

Figure 5. Three-dimensional risk matrix including cofactor.
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4.3. Contextual Factors in Visual Inspection

In the case of visual inspection tasks, there are multiple contextual factors that need to
be identified and then assimilated into a single risk cofactor. Visual inspection of aircraft
components is a complex task, since there are numerous internal and external variables,
parameters, and conditions that may adversely affect the inspection. Thus, it is difficult to
incorporate all factors. We therefore focused on those having the largest influence on the
visual perception of the inspector, since the subsequent decision-making process is highly
dependent on that perception.

We determined the contextual factors by applying a Bowtie analysis [89], which in
turn relied on discussion with experts. Hence, we propose three contextual factors for
visual detection:

1. The criticality of the defect if it stays undetected and the part is being released back to
service, with the risk of propagating and cascading towards severe damage and harm.

2. The severity and characteristics of the defect shape.
3. The ability to detect the defect with the selected inspection method before the engine

returns to service.

All three play a crucial role in the ability to detect a defect and the resulting decision-
making. The factors are elaborated below, and the integration into the overall risk equation
is shown subsequently. Regarding the scales for the contextual factors, we decided to use
scales with scores ranging from 1 to 5 rather than −2 to +2. This is because the combination
of multiple negative numbers, e.g., in a product operation, results in confusion of signs in
the outcome.

4.3.1. Defect Class Type—Criticality Factor

The seriousness level is determined by the risk of propagation during future operation
and the ease of repairing the defect.

There are twelve different types of defects that can occur on engine compressor
blades [88], each with its own characteristics. Some defects are more critical than others, as
they can lead to more severe damage and the propagation is much quicker, which means it
can cause damage even before the next routine inspection.

The approach taken was to understand the stress initiators (e.g., sharp bottoms) and
stress pathways in the material based on the loading occurring in service. Since the depth of
some surface defects, such as corrosion, on these type of blades is sometimes negligible and
the blades may not even fail, the risk is relatively low to cause any negative outcome except
for efficiency loss. It is also not a common type of defect found on this blade material.

The criticality scale is shown in Table 5 below. Defects with a high criticality were
rated with a score of three, while critical defects were scored with two points, and less
critical ones received a score of one.

Table 5. Qualitative criticality scoring scheme.

Criticality
Score

Criticality
Descriptor Description

1 Low criticality

Serviceable as long as the defect does not propagate to a
more severe defect, e.g., a scratch might be acceptable, but
once propagated into a crack it must be removed. Unlikely

to propagate.

2 Moderate criticality Serviceability depending on defect location and severity.
Often can be repaired.

3 High criticality Parts need always be removed from service if this defect is
found. Typically not repairable.

The proposed criticality rating (Table 6) is based on the risk of failure and the poten-
tial of resulting in catastrophic outcomes. This includes consideration of several defect
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attributes. For instance, the location of where the defect commonly occurs plays an im-
portant role, i.e., defects on the edges are more critical than defects on the centre of the
airfoil. Furthermore, the characteristics of the defect shape are taken into account, i.e.,
sharp defects propagate faster to more severe defects than smooth round bottom defects.

Table 6. Criticality rating for each defect type.

# Defect Type Criticality Rating

1 Breaking 3
2 Battered 3
3 Tear 3
4 Crack 3
5 Bent 2
6 Nick 2
7 Dent on edges 2
8 Tip Curl 2
9 Dent on airfoil 1
10 Scratch 1
11 Corrosion 1
12 Tip Rub 1

The most critical defects involve material separation, while the critical ones are char-
acterised by material deformation. Both criticality level two and three defects are typically
found on the edges, which increases the severity further (see next section). Criticality level
one defects however are typically found on the airfoil, the least critical blade area. The only
exception is tip rub, which is caused by elongation of the blade under centrifugal forces
during operation and is hence not foreign object-related. Since it is a known effect, it has
been considered in the design phase when determining the life cycle of the part and thus
the criticality is considered as being low despite some material deformation and removal.

4.3.2. Propagation Characteristics—Severity Factor

It should be noted that in the area of aircraft engine inspection, there is a periodic
inspection process at certain intervals. Hence, the question is not so much whether an
undetected defect will be released to service, but rather whether that defect might propagate
to catastrophic outcomes before the next service. This complicates things because it requires
that regard be given to the type of defect and its propagation characteristics.

Severity represents the potential for the defect to grow to catastrophic outcomes before
the next maintenance inspection. It takes into account the size of the defect, categorised by
type of defect. For example, a long crack is more likely than a small edge nick to propagate
to complete engine destruction before the next inspection, and hence has higher severity.
In contrast, a surface defect such as a scratch or corrosion has low severity. When assessing
severity, the inspector uses their expertise and training to evaluate how severe the outcomes
would be, if the defect under examination was not repaired or replaced.

We propose the concept of retained defect to represent a condition that is not treated
but instead passes back into service. The defect could be retained for many reasons: because
the inspector judged it to be small (that judgement could be correct or wrong), or it was
not visible with the technology available (borescope resolution is limited), the part was too
dirty to see it, or it was not apparent from that view. Several of these are covered by the
other contextual factors, and hence there is correlation between the factors (explored later).

The proposed severity scoring scale is presented in Table 7 below. A minor defect has
a low probability of progressing to severe engine failure before the next engine shop visit
(score of one), while a large defect has a high severity (score of three).
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Table 7. Qualitative severity scoring scheme.

Severity
Score Severity Descriptor Description

1 Low severity Retained defect will not cause an engine failure before the
next shop visit (6–12,000 cycles).

2 Moderate severity

Defect has the potential to increase and propagate towards a
more severe damage and has the potential to cause engine
failure during test or operation. The latter can lead to loss of

engines, aircraft, and even lives.

3 High severity
Obvious defects that can cause damage to the engine and
test cell, or subsequently in service cause severe damage

and harm to aircraft, engine or passengers.

The primary categorisation of severity is again by defect type, see Table 8. Note that
some defects have no level one severity, as they are: (a) not visually detectable at this level
e.g., micro-cracks, or (b) because they are progressions of other pre-existing defect types,
e.g., a teared, battered, or broken blade. Likewise, for some defects, there might not be a
level three, e.g., for corrosion, since the blades are made of titanium and the corrosion is
merely of the surface deposits.

As the table shows, the more severe defects are visually pronounced, and have a high
likelihood of being detected under favourable viewing conditions.

4.3.3. Detection of the Defect—Detectability Factor

Detectability refers to the extent to which the defect is visible to the inspector. The
main parameters are (a) the level of disassembly, and (b) the viewing angle that the operator
has of the defect.

There are different levels of inspection before and during an engine shop visit, starting
with on-wing in-situ borescope inspection, followed by module inspection, and on-bench
piece-part inspection. Each inspection method allows additional views of the part com-
pared to the previous one. Hence, there is a relationship between camera view and level
of disassembly. The higher the level of disassembly, the higher the part exposure, and
hence the more camera views are possible. Some defects are simply not visible from certain
directions or at certain stages of disassembly.

Defects vary in shape and appearance, and hence there is a need to better understand
which views are beneficial for each type of defect. An unfortunate view may lead to missing
an important defect even by an expert inspector. Thus, it is even more critical when the
level of expertise is low and the defect is not presented in the best possible way.

Representative Blade Views

Eight representative blade views were chosen in a way that all relevant areas that
need to be inspected during visual in-situ inspection of engine blades are covered. The
designation of those views is: leading edge 1 (LE1), leading edge 2 (LE2), concave airfoil 1
(CC1), concave airfoil 2 (CC2), trailing edge 1 (TE1), trailing edge 2 (TE2), convex airfoil 1
(CX1), and convex airfoil 2 (CX2). For better understanding, the acronyms of the relevant
views and the viewing directions towards the blade are shown in Figure 6a,b below. The
diagram serves only the purpose of illustrating the different views. Since the airfoil is
curved and twisted, a simplified but not-to-scale representation was chosen. The acronyms
are used in the following sections.
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Table 8. Severity levels of growth factors.

Defect Type Severity Level 1 Severity Level 2 Severity Level 3

Battered Refer to Level 3 Bent

Bent

Breaking Refer to level 3 Nick

Corrosion

Typically, deposits on
the blade corrode and

not the blade
material, which is

why it is superficial
and no level 3 exists

Crack Not detectable by
purely visual means

Dent
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Table 8. Cont.

Defect Type Severity Level 1 Severity Level 2 Severity Level 3

Nick

Scratch

Tear

Tip Curl

Tip Rub

The idea of detectability is included in the literature, though not specifically applied
to visual orientation as it is here. For example, Youssef et al. defined the detectability
as ‘the likelihood of discovering and correcting a hazard or failure mode’ [28]. During
inspection of parts, either in the manufacturing process or during a maintenance repair
and overhaul (MRO) process, the viewing angle of either the camera or the human eye and
the illumination have a major effect on the appearance of anomalies and defects.

328



Aerospace 2021, 8, 117 17 of 30

Figure 6. Schematic presentation of the different blade perspectives and its acronyms. (a) Isometric presentation of the
blade, (b) presentation of the blade from the top.

Lee et al. [90] previously discussed this phenomenon in the manufacturing process
of injection-moulded parts. Detection of defects, such as cracks, scratches, or finishes, are
dependent on the viewing angle and incidence of light. Likewise, Zhang et al. [91,92]
emphasised the same effects during inspection of highly specular reflective (HSR) surfaces,
such as of chrome-plated parts. Reflection on engine blades is less common since these
parts, made of titanium and some with a ceramic coating, are often discoloured or covered
with deposits, and thus illumination might be less critical. In a manual inspection process,
the inspector can move the part relatively to the light source and their eyes, but this is not
possible with photographs. In borescope inspection the light source and the camera are
always in line—this is a design constraint.

There is a correlation between the view that the operator has of the defect, and the
type of defect. We approached this as follows.

Defect View Scale

A camera view comparison was made to determine the best views showing the
defect under investigation. The evaluation of the view suitability was made based on the
perception of industry experts and verified by the actual defect dimensions as visible from
that particular view.

We prepared a set of photographs comprising different views of a variety of defects.
These images were shown to the inspection experts (N = 2). We then asked them to rate the
viewing positions based on a rating scale from most unfavourable (3) to most favourable
(1), as shown in Table 9 below. Between them, the experts had 45 years of experience. One
expert did the first evaluation, and the second reviewed and approved the scores. It shall
be noted that the scale is inverse, i.e., a high detectability receives a low score as missing
the defect is low. Likewise, a low detectability results in a high risk score.

Table 9. Qualitative defect detectability scaling scheme.

Detectability
Score

Detectability
Descriptor Description Confidence

of Detection Level of Inspection

1 High detectability
Defect detectable and
classifiable with full

dimension visible
>80%

Detailed visual inspection (DET),
i.e., on-bench

piece-part inspection

2 Moderate detectability Defect type just detectable ≈50% General visual inspection (GVI),
i.e., module inspection

3 Low detectability
Some visual anomaly

detectable but not sure
whether it is a defect

<25% General borescope
inspection (GBI)
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We added the level of disassembly to the table as this might help industry select the
appropriate detectability score.

The verification was done by using a software that measures the defect size visible
on the photograph (in pixels) for each view [93]. The results were than compared and a
ranking was made based on the visible defect size.

Correlation Between View and Type of Defects

The ratings given by the experts for each type of defect and viewing angle are pre-
sented in Table 10.

Table 10. Correlation table of expert rating of image acquisition view for each defect type.

Defect Type CC1 CC2 LE1 LE2 CX1 CX2 TE1 TE2

Battered 2 1 1 1 3 1 1 1
Bent 2 1 3 1 3 1 1 1

Breaking 1 1 2 1 1 2 3 1
Corrosion 1 1 3 1 1 1 3 1

Crack 1 1 3 1 1 1 2 2
Dent on Airfoil 1 1 2 3 3 3 1 1

Dent on LE 2 1 1 1 3 3 3 1
Nick 1 1 1 2 1 1 3 2

Scratch 1 1 3 1 1 1 3 1
Tear 1 1 2 1 1 1 2 1

Tip Curl 2 1 1 1 2 1 2 2
Tip Rub 1 2 3 1 1 1 3 1

It can be concluded from the scores that defects that have a stronger three-dimensional
shape on the edges, such as teared or battered blades, can be detected from most angles,
whereas surface defects have less views from which they can be seen.

Implications are that the view needs to be selected for the type of defect being sought.
For example, the best perspective to detect a crack is the CX1 view, but this is relatively
poor for bent or battered defects. Generally, it will be necessary to have multiple views. If
only one view is possible, then the results identify it as CC2.

4.4. Inspection Risk Calculation

To recap, our objective is to determine the multiple sub-factors that make up the
cofactor for the risk equation. Having identified three sub-factors for blade inspection
(criticality, severity, and detectability), it is now necessary to identify the relationships
between them.

4.4.1. Determination of the Cofactor for Blade Visual Inspection

Multiplication of the factors is the most common approach when calculating a risk
score. However, other mathematical operations, such as the power law, can be applied as
well [47]. In the case of four dimensions, the risk has been calculated by the volume of the
pyramid [39]. The literature shows that another way to solve the problem of combining
multiple scales can be to use a nomogram. This graphical method involves constructing
lines between points on multiple scales, with the intersections then giving the output
variable. They were once popular for sizing engineering componentry in an era before
computing power, as they obviated the need for the complexity of using slide rules. A
novel application of a nomogram to safety has more recently been shown by Amirshenava
and Osanloo for mine closure risk [94]. Nonetheless, nomograms do require an explicit
algorithm for their construction, even if that is not apparent in the graphical representation.
Hence, they were not considered further here. Instead, we proceeded with a correlation
matrix between the three factors.

In a first step, the relationship between criticality and severity was represented as a
product operation. We justify this on the basis that each of these factors makes the other

330



Aerospace 2021, 8, 117 19 of 30

worse. With a three-level ordinal scale for each, the resulting scores range from 1 to 9 (see
Figure 7).

Figure 7. Defect criticality and severity matrix if scales are equal.

The issue that arises with this approach is that different combinations can result in the
same overall score. For instance, a non-critical defect of criticality level 1 but with a level 3
severity rating would mathematically result in the same score as a highly critical defect
(level 3) of minor severity (level 1). In practice however, this is not the case, as a critical
defect, such as a cracked, teared, battered, or broken blade, always needs to be removed
from service, independent of the severity level. This problem becomes even more apparent
when adding a third dimension to the contextual factor matrix, as there is an increase in
combinations available, obtaining the same score. Therefore, the scales need to be adjusted
for the subsequent calculation.

The solution we propose is to adjust the weighting. Thus, the criticality, being the most
important factor, is given the largest weighting, followed by the severity and detectability.
Hence, criticality is rated 1 to 10, severity 1 to 5, and detectability 1 to 3.

Therefore, the Contextual Factor Score becomes:

Contextual Factor (CF)Score =
Criticality (de f ect type) × Severity (de f ect size) × Detectability (view)

(3)

Similar to the risk matrix, the three contextual factors influencing the inspection and
decision-making process can be visualised as a three-dimensional matrix (Figure 8). The
scores can range from 1 to 150. The higher the score resulting from Equation (3), the
higher the influence on the inspection risk. An extended colour scheme was introduced to
visualise the different levels, reaching from minor (green), low (yellow), moderate (orange),
high (red), and extreme (burgundy). The resulting cofactor that is fed back into the generic
risk equation (Equation (1)) can be retrieved from the right column of the correlation matrix
shown in Table 11.
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Figure 8. Contextual factor matrix.

Table 11. Correlation matrix for contextual factor to cofactor conversion.

CF-Score Influence Level Colour Coding Action by borescope inspector Cofactor Score
1–4 Minor Green No action required 0.5
5–14 Low Yellow Flag for next service 0.8

15–29 Moderate Orange Monitor – recheck after × h 1.0
30–74 High Red Remove as soon as possible 1.5

75–150 Extreme Burgundy Immediate removal of engine from service 2.0

4.4.2. Case Study

The proposed framework was tested and validated by applying it to a case study
of high-pressure compressor (HPC) blades of gas turbine engines. This includes sample
blades with different types of defects and severity levels at different inspection levels
(Figure 9a–d).

First, the traditional two-factor method was applied to calculate the overall risk score
(RS) for all four blade samples by multiplying the consequence and likelihood. This resulted
in the following risk scores: Blade (a) and (b) RS = 8 (2× 4), blade (c) RS = 5 (1× 5), and
blade (d) RS = 6 (2× 3).

Subsequently, the risk scores for the same blades were determined using the new
approach, which takes into account the contextual factors (criticality, severity, and de-
tectability). The defect type was classified as nick and thus the criticality score was 5
(level 2). Its deformation is quite severe and therefore received a score of 5 (level 3). Both
the criticality and severity score are the same for image (a) and (b), since it is the same
blade. However, Figure 9a shows the boroscopic representation where the defect is quite
difficult to detect, whereas in the piece-part representation, the defect can hardly be missed
(Figure 9b). Therefore, Figure 9a has a detectability score of 3 (level 3), whereas Figure 9b
has a score of 1 (level 1).

Multiplying the contextual factors following Equation (3), the resulting cofactor is 75
and 25 for Figure 9a, b, respectively. Applying the correlation matrix (Table 11), the cofactor
for Figure 9a is 2.0 and is 1.0 for Figure 9b. This shows not only that the overall risk scores
differ to the one of the traditional risk approach, but also that the risk can be different for
the same blade and defect at different levels of inspection (borescope vs. piece-part).
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Figure 9. Sample blades with different defects highlighted with red markings. (a) Borescope image of high-pressure
compressor (HPC) stage 8 blade with nick on leading edge. (b) Same blade as in (a) but this time presented as during
on-bench piece-part inspection. (c) Airfoil dents on an HPC stage 8 blade in boroscopic view. (d) Broken-off leading edge
corner of a high-pressure turbine (HPT) stage 1 blade.

The conditions shown in Figure 9c are two dents on the airfoil and therefore the
criticality factor equals 1. The defect is presented in the CC1 view (perpendicular to the
surface). Since this is the ideal perspective for airfoil dents, it is highly detectable and
receives a detectability score of 1. The defect is of moderate size and thus equals severity
level 2. The CF score is 2 and the resulting cofactor score is 0.5. This indicates that the defect
does not affect the safety of aircraft operation, which was confirmed by the industry experts.
If such a defect is detected during borescope inspection, the engine does not require a costly
teardown or further inspection. This is the result of the proposed framework, whereas
the traditional approach would have resulted in a twice as high risk score and possible
different maintenance and disassembly decision.

In some cases, such as the blade presented in Figure 9b, the cofactor score equals 1.0
and the proposed three-factor approach results in the same risk score as the traditional
two-factor method. This demonstrates that the traditional risk approach is still accurate in
some cases (where the cofactor equals 1.0).

We wanted to show that the proposed inspection risk approach is also applicable to
other engine blades and parts and therefore included a turbine blade in the case study
(Figure 9d). The defect is a broken-off corner of the blade with a criticality score of 10
(level 3), a severity score of 5 (level 2), and a detectability score of 1 (level 1). The resulting
contextual factor score is 50 (10× 5× 1), which translates to a cofactor score of 1.5. This
leads to an overall risk score of 9 (2× 3× 1.5). While this particular example shows a
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defect type that is common on both HPC and HPT blades, there are other defects that only
occur on HPT blades and that need to be added to the score lists. Nonetheless, it is possible
to apply the same principles and risk equations to any other engine parts.

4.4.3. Go/No-Go Matrix

In some cases, a five-level scoring system is not effective and a simplified version
might be required, for example in situations where a decision has to be made. This is
readily accommodated by reducing the decision factor categories down to two, namely
‘go’ and ‘no-go’. The threshold can be adjusted based on the company’s risk-appetite.
‘Go’ means that the inspection conditions are good enough to make a sufficiently reliable
decision as to whether or not to strip down the engine and perform a more detailed
inspection. ‘No-go’, in contrast, shows that the decision cannot be made with certainty. The
relationship between the decision factor score and decision output is shown in Table 12,
and the resulting three-dimensional go/no-go matrix is presented in Figure 10.

Table 12. Relationship between decision factor and decision output.

Risk Score Decision Output Colour
1–29 Go Green

30–150 No-go Red

Figure 10. Three-dimensional go/no-go matrix.

4.4.4. Optimal Viewing Perspectives

When working in an environment with time pressure, such as in aviation maintenance,
it is often not practical to take several recordings of a single part, especially if there are
hundreds of parts that need to be inspected. Hence, there was an interest to identify the
most favourable views to capture as many defects with as few perspectives as possible.

The above method lends itself to this. The multiple views can be analysed using the
risk assessment to give a score for criticality and detectability. The view with the highest
score is best. This process can be repeated for the range of defect types, to determine overall
scores, or scores for specific types of defect (e.g., nicks). This information may then be used
to determine which views to prioritise as part of the organisational quality management
system. Results for the blades in this dataset are shown in Table 13.
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Table 13. Weighted factor analysis for different viewing perspectives.

Defect Type CR
CC1 CC2 LE1 LE2 CX1 CX2 TE1 TE2

DR WS DR WS DR WS DR WS DR WS DR WS DR WS DR WS

Battered 3 3 9 4 12 4 12 4 12 2 6 4 12 5 15 4 12
Bent 2 3 6 4 8 1 2 4 8 2 4 4 8 5 10 4 8

Breaking 3 5 15 4 12 3 9 5 15 5 15 3 9 2 6 4 12
Corrosion 1 5 5 5 5 2 2 4 4 5 5 5 5 2 2 5 5

Crack 3 4 12 4 12 2 6 4 12 5 15 4 12 3 9 3 9
Dent on Airfoil 1 4 4 5 5 3 3 1 1 1 1 1 1 4 4 4 4

Dent on LE 2 3 6 5 10 5 10 4 8 2 4 2 4 1 2 4 8
Nick 2 5 10 4 8 4 8 3 6 5 10 4 8 2 4 3 6

Scratch 1 5 5 4 4 1 1 4 4 5 5 4 4 1 1 4 4
Tear 3 4 12 4 12 3 9 5 15 4 12 5 15 3 9 5 15

Tip Curl 2 3 6 4 8 5 10 4 8 3 6 4 8 3 6 3 6
Tip Rub 1 2 2 5 5 2 2 5 5 4 4 5 5 2 2 5 5

Overall Score 92 101 74 98 87 91 70 94

The results show that when choosing a minimum set of views to cover all areas of
the blade, CC2 and CX2 combined have the greatest potential to cover all defect types,
locations, and severity levels. CC2 combined with CC1/LE2/TE2 would have given a
higher total score, but would not have covered all blade regions.

In some cases, it is known that an engine has experienced a particular event, e.g., bird
strike, ‘lucky’ coin ingestion, or volcanic ash, in which case it becomes possible, knowing
the types of defects that arise, to determine which views would be most effective to view
any damage.

For all defects that involve material separation or removal such as scratches, tip rub,
nicks, cracks, and breaking, an airfoil view (CC1, CC2, CX1, and CX2) is beneficial. For all
defects that involve material deformation and change of shape, such as tip curl, tears, dents
on the leading edges, bents, and battered blades, edge views (LE1, LE2, TE2) are beneficial.
For all defects that occur on the airfoil surface, such as corrosion, scratches, and dents on
airfoil, a concave view (CC1 and CC2), and dependent on the severity, also a convex view
(CX1 and CX2), can provide a good detection.

Dents

The appearance and detectability of dents is highly dependent on where the defect is
located on the part and on the level of severity. For example, dents on the leading edge are
never entirely on the vertex of the edge. The foreign object that hit the blade continues its
pathway on either the convex or the concave side of the blade. View LE1 is always good
but dependent on the trajectory of the foreign object, sometimes view LE2 is the best, and
some other times, perspective CC2 is the best to see the damage. In contrast, a dent on the
airfoil highly depends on the severity for its detectability.

Tears

The detectability of tears depends on the location and severity. In some cases, the tear
evolved in a way that it is not detectable (as a tear) but rather looks like a nick. This is
because a nick often pre-exists and evolves into a tear over time. Hence, a nick can be the
preceding defect from which a tear evolves. Thus, the defect may not be detectable in the
TE1 view, although this is the position where the defect is closest to the camera sensor. In
other cases, this is the best view. Hence, it is difficult to determine a standard view here.
We decided to choose a “good view” (LE2) as a somewhat ideal view, knowing that in
some cases, there might be a better view, but this one is the one whereby the defect can
always be seen. The same counts for LE1.
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Nicks

The situation with nicks is similar to tears. The best view highly depends on how the
defect was formed and its severity level.

5. Discussion
5.1. Summary of Outcomes

This work provides a universal framework for risk assessments that incorporates a
third dimension into the risk equation, the so-called cofactor. This factor represents the
industrial context, and can comprise multiple sub-factors that are application-specific. A
method has been devised, including appropriate scales, for the inclusion of these into
the risk assessment. A traffic light colour scheme was applied to visualise the different
risk levels.

A simplification of the framework provides a method for go/no-go decision-making,
which is more relevant to industry practitioners, who need a more black-and-white ap-
proach, since any grey will cause inconsistency and potentially an incorrect decision.

In principle, the proposed method allows to add an unlimited number of contextual
factors to the risk equation. The contextual factors are summarised (normalised) into one
cofactor using a correlation matrix. This is necessary to avoid that the total risk score
does not increase infinitely and that adding more contextual factors does not outweigh
the likelihood and consequence component, i.e., the number of contextual factors does not
affect the risk score.

The proposed framework was applied to a case study in the aircraft engine mainte-
nance domain. The contextual factors relevant for the specific case of visual inspection of
engine blades were identified as being criticality, severity, and detectability. Appropriate
scales were devised and the new framework was validated by experts in the field.

We suggest that factors that affect the risk can have a negative but also a positive effect.
For instance, under ideal inspection conditions such as the ones in on-bench inspection, the
risk of missing a defect is much lower than, for example, in borescope inspection, where
the environment is more difficult and thus the overall risk score needs to be higher.

5.2. Implications for Practitioners

The proposed framework was tested and validated in the specific area of visual inspec-
tion of gas turbine engine blades. The generic structure, however, allows for application
of the risk framework to other inspection and quality assurance tasks within and outside
the aviation sector. Likewise, it is applicable to any other process within the aviation
maintenance domain and beyond. It might be of particular interest to other error-prone
high-reliability organisations (HROs), including nuclear power, oil and gas, mining, or
healthcare [89], as the understanding of risk and safety in those industries is of utmost
importance. This generic framework not only allows for the integration of human fac-
tors into the well-known consequence × likelihood risk equation, but also supports the
standardisation of risk assessment across different organisations and industries.

The go/no-go matrix can be generalised and applied to other applications outside
quality assurance, since decisions have to be made in any area. For example, a company
might decide whether to invest into a certain product or market based on the inherent risk
and the company’s risk appetite. In project management, one could think of a project that
is exposed to increased risk and the project manager needs to make a call if the project shall
continue as planned or needs to be adjusted to the changed circumstances.

One of the most important aspects of risk assessment is the effective communication of
those [95,96]. If risks cannot be communicated properly so that stakeholders understand the
need to implement new means of prevention and mitigation, or reinforce existing ones, and
understanding which risks are most critical, then the entire risk calculation and assessment
is of little use. Thus, applying a traffic light system, or a go/no-go system, although done
before, can support such risk communication and make it more understandable to people
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throughout the organisation. Consistency of quality expectations across an organisation,
and between organisations, is important in high-reliability systems.

Adding contextual factors to the risk equation requires the involvement of shop floor
staff in the risk assessment process to identify the important factors, since they are the
ones with the best understanding of the context. Furthermore, the quantification of those
factors often relies on expert judgement, when historical data might be scarce or simply not
available. Thus, it is beneficial if the context expert (in our case the visual inspection expert)
can perform or at least support the risk assessment and provide an ‘as good as possible’
estimate. This collaboration between the risk analyst and shop floor staff might have several
benefits, including increased awareness and better understanding of the inherent risks
of the specific application due to improved communication between the risk analyst and
workforce, as well as buy-in for changes to reduce those risks. Potentially, the generic and
simple structure may even allow non-risk analysts to perform a risk assessment themselves.

5.3. Limitations

The framework proposed here could do with more validation. Potentially, this might
take the form of a larger study whereby the ground truth was established for multiple
blades (by expert assessment), and the risk determined. The detection accuracy from the
confusion matrix (false positive/false negative) has not been determined and would be
a useful step forward. Alternatively, it could be interesting to track one defective blade
through the various work inspection stages, i.e., undertake a longitudinal study of the risk.

The time component of failure has only partly been accommodated in this framework.
Some defects may change criticality over time when they propagate towards more severe
defects, for example, a nick can become a tear or crack, which can cause a blade to break.

Although one benefit of the proposed framework is that there is no restriction for the
number of contextual factors, this is one of the drawbacks at the same time. In this specific
case study of visual inspection, three contextual factors were identified. However, in other
cases, there might be more or less factors, or the factor scales might be different, and thus
the contextual factor scores may vary. Therefore, an adjustment of the correlation matrix
based on the number of contextual factors and scores is needed. Such uniform scaling
approach has yet not been devised and could be the scope of future work.

The weighting of the scales used for the three contextual factors in this research were
adjusted to the specific case. As highlighted in Section 4.4.1, the use of equal and linear
scales, would have resulted in risk scores that derive from the reality and thus needed to
be adjusted. Applying the risk framework to other industries is possible, but scales may
need adjustment. The framework is flexible enough to cope with those variations in scales
and the resulting contextual factor scores, providing the correlation matrix is adjusted.

The modified risk equation might be of limited use in situations where the contextual
factors or the scales thereof are difficult to quantify. This could be either because of the lack
of historic data or the inability of providing estimates by the industry experts.

The three-dimensional risk cube with its traffic light colour coding might be a helpful
visualisation and support the communicating risks to stakeholders. While it may work well
for the overall risk score comprising three factors (likelihood, consequence, and cofactor), it
might not be applicable for the contextual factors level, as there might be more than three
sub-factors, which will be difficult to express visually.

5.4. Future Research Opportunities

There are several directions for future research. Firstly, there is a knowledge dimension
to any risk assessment [44]. We believe this aligns with the expertise and experience of the
operator and hence could be included in the risk framework.

Secondly, Hameed et al. introduced a risk-based approach for optimising shutdown in-
spection and maintenance including human errors and human error probabilities, whereby
the authors introduced performance-shaping factors (PSF) related to the performance of
the human operator [97]. These include factors such as training, experience, time pressure,
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work memory, and work environment, among others. Potentially, these ideas might be
applied to the current situation.

Thirdly, as mentioned above, sometimes the engine under examination is known
to have experienced an incident such as bird strike, in which case, Bayesian methods
(conditional probabilities) might be used to determine the likelihood of undetected damage
given the views available for inspection.

Lastly, as explained in the Limitations Section, an adjustment of the correlation matrix
might be needed if the number of contextual factors or their scale values change. This
could be done by proving percentages rather than absolute numbers in the left column of
the correlation matrix (Table 11). The contextual factor score levels could then be calculated
by multiplying the percentages with the maximum achievable score, which equals the
product of the highest value of each scale.

6. Conclusions

This work makes several novel contributions. The first one is of philosophical nature in
that it is proposed that many risk assessments may be reduced to three factors: consequence,
likelihood, and a cofactor. The latter represents the industrial context, and can comprise
multiple sub-factors.

The second contribution is the identification of three factors that are relevant to visual
inspection: criticality, severity, and detectability. Associated with those are a variety of
scales for their measurement, and a method to combine them into the risk calculation.
This generic framework has the potential to support standardisation in risk assessment
to counteract the high variation among different organisations and industries. It has
been tested on visual inspection of jet engine blades, but we believe that the principles
are adaptable to other inspection tasks. Moreover, due to its generic structure, the risk
framework might be applicable to other industries and applications as well.

Another contribution is in the form of a go/no-go matrix that has been devised to
support the decision-making process, wherever a clear answer is required and a maybe is
not acceptable. One finding worth mentioning is that risk scores do not always have to
increase when adding additional factors, but can also decrease, depending on the positive
or negative impact those factors have.

A fourth contribution is specific to blades, and the identification of the views for
which defects are most visible. In practice, the usefulness of this is more likely to be in its
corollary: knowing what incident an engine has experienced, what is the likelihood that
any associated defects will be visible? While this paper does not completely answer this
question, it provides a method by which it ought to be possible.
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CHAPTER 12: DISCUSSION AND CONCLUSION 

1. Summary of Thesis Findings 

The individual findings have all been detailed in the relevant results chapters. They may be inte-

grated into a framework for evaluating visual inspection by noting that there are relationships between 

the inspection processes, human operators, technology, and serviceability decisions that could affect 

the overall safety of aircraft operations. The interactions of those elements are summarised in Figure 1

and further described below.  

Figure 1. Integrated framework for evaluating visual inspection systems. 

The primary focus of this research was the visual inspection of engine blades (1). This required a 

fundamental understanding of the defect types that can be found in these parts (2). The presented study 

found that there was no consistent use of defect terminology by industry practitioners and a lack of 

standardised defect descriptions. Thus, a taxonomy for engine blade defects was developed and sup-

ported by representative images thereof. Contextual knowledge, such as information about the engine 

343



history and any unexpected events wherefore the engine was sent for overhaul could provide a better 

understanding of the defect types that can be expected and the location these are most likely to occur. 

An attempt was made to link the root-causes and the defect types via an ontology, which further allows 

representing any cascading effects. This has the potential to be enhanced into an expert system. It is 

conceivable that the defect taxonomy and ontology could be applied to other industries with turbine 

blades, such as marine craft propulsion [1], steam or hydropower generation [2,3] and even wind power 

systems [4,5]. 

Next, the inspection processes were analysed using the Bowtie methodology (3). After a first attempt 

to determine the various hazards, top events, threats, consequences, prevention and mitigation barriers, 

and difficulties to draw the diagram in a coherent manner, it was noticed that there was no systematic 

approach for Bowtie development. Therefore, some emphasis was put on developing a new framework 

that aimed to assist with Bowtie creation using Ishikawa’s 6M categories [6]. The 6M categorisation was 

originally developed for the manufacturing industry and hence required contextualisation for the ap-

plication to maintenance, which led to the following categorisation: machine, Mother Nature, man, 

method, material and management. The proposed framework might be of particular interest to other 

high-reliability organisations (HROs), such as oil and gas, nuclear power generation, health care, or 

wildland firefighting [7,8]. It might be even possible to apply it to industries like healthcare, after con-

textualisation of the 6M categories [9]. In the present thesis, the methodology was applied to borescope 

inspection of engine blades and the influence factors (threats), consequences and barriers were identi-

fied. The findings were later integrated into an inspection risk framework, which attempted to stand-

ardise the risk assessment. It was proposed that many risk frameworks may be reduced to three factors, 

namely: consequence, likelihood, and a cofactor. The latter represents the industrial context and can 

comprise multiple sub-factors. The concept was tested on blade inspection, incorporating some of the 

influence factors as contextual factors, which constitute the cofactor.  

The identified influence factors in Bowtie analysis were cleanliness, inspection type, inspection 

mode, severity, defect manifestation (blade perspective), defect type, and background colour. Statistical 

analysis revealed that all factors influenced the defect detection, except for background colour. While 

previous research [10-12] identified colour as relevant, the results of the present study show that there 

was no specific colour leading to higher inspection accuracies. However, there might have been an 

individually beneficial colour, but this was not consistent across the research population.  

Cleaning of blades prior to inspection improved the inspection accuracy, which aligns to previous 

findings in the literature [12]. This might be an insightful finding for industry practitioners where the 

effect of cleanliness was a matter of debate, hence addressed in this research. The assumption that de-

posits might highlight defects was generally not supported. Thus, from a safety perspective, cleaning 

prior to inspection is desirable.  

The two main types of inspection during engine maintenance are borescope and piece-part inspec-

tion. While the latter is performed on a bench under somewhat ideal conditions, borescope inspection, 

in contrast, is conducted in a much more difficult environment. Hence, it is not surprising that the 

statistical analysis showed a better performance in the piece-part inspection.  

While borescope inspection is purely visual and based on a digital presentation of the blade on a 

monitor, in piece-part inspection operators can hold the blade in their hands and apply their tactile 

sense in addition to their visual perception. The effect of each inspection mode was analysed, and a 

positive correlation between the inspectability (use of multiple senses) and the inspection performance 

was found. Operators were more accurate when touching the blade. While the tactile sense led to higher 

accuracies, it also caused over-inspection of the blades, resulting in high false-positive rates. Even 

though the accuracy improved from visual to visual-tactile, it was still off the 100% mark.  

It came as no surprise that smaller defects (severity level S1) were more difficult to detect than more 

severe ones (levels S2 and S3) and that more salient defect types such as nicks, tears and tip curls led to 

the highest detection rates, while dents, cracks and blockage were most often missed. This was con-

sistent for different inspection types and methods. Moreover, visual perspectives perpendicular to the 

airfoil led to better inspection rates than edge perspectives.  

344



Additionally, the effect of demographic factors on inspection performance was analysed. This in-

cluded expertise, work experience in aviation, previous experience in inspection, education, and visual 

acuity. An unanticipated finding was that there was no correlation between inspection accuracy and 

expertise. The general literature is ambiguous on this. While some studies support that there is no de-

pendency [13-15], others have found a strong correlation between expertise and accuracy [12,16]. The 

opposite findings could be due to different task complexities, and whether pre-existing knowledge is 

essential. Furthermore, none of the other demographic variables were correlated with inspection accu-

racy, which supports previous research [12,13,17].  

However, the inspection times varied between the different levels of expertise, which is consistent 

with the literature [14,15]. As expected, inspectors were significantly faster than non-inspecting staff. 

Surprisingly, the visual acuity of participants had an effect on their inspection time, whereby partici-

pants without glasses inspected faster than spectacle wearers.  

Another interesting finding was that inspection accuracy and inspection time were not correlated. 

While this is supported by some studies [13], others [17] have found that longer inspection times led to 

higher detection rates, which might be task dependent. The results also show that participants were not 

able to make a reliable self-assessment, as there was no correlation between their self-judgement and 

inspection performance (accuracy and time). These findings were somewhat surprising given the fact 

that other research shows that higher confidence ratings indicate increased accuracies, and that lower 

confidence ratings are associated with longer inspection times [17]. 

Attribute agreement analysis was then applied to assess the inspection accuracy, consistency, and 

reproducibility of the human operators (4). Results show that human operators were highly incon-

sistent and inaccurate. On average an inspection accuracy of 75.5% under varying influence factors was 

achieved. This is comparable with previous studies, where inspection accuracies ranged from 45% to 

76% [15,17-21]. Interestingly, the performance seemed to settle around the 80% mark, independent of 

the industry, inspected part, and defect type (manufacturing or operational). This suggests that there 

may be a natural limit to human performance. 

Operators were on average 82.5% consistent with their serviceability decisions, which is comparable 

to previous research that reported consistencies of 85.6% to 97.0% [14,22-24]. The research population 

as a whole agreed only on a small number of blades, and thus reproducibility was poor. It was lower 

than previous findings [14,22-24] and might have been due to the large number of participants (N=50). 

Therefore, the effect of the number of appraisers on the AAA metrics was subsequently analysed and 

a recommended research population size was proposed for future researchers and industry practition-

ers when performing an attribute study.   

The performance assessment of human operators was done under eye-tracking observation. This 

allowed to extract search patterns, gain a better understanding of the visual locus, and explore the un-

derlying cognitive processes when making a serviceability decision (7). The key findings were that nov-

ices showed an unstructured search path, characterised by numerous eye fixations, leading to longer 

inspection times. Experts in contrast, applied a systematic search strategy with a clear focus on the 

edges (being the most critical areas) and showed better defect discrimination ability. This observation 

was consistent for all blades, and thus independent of the influence factors. Those findings were con-

sistent with earlier observations, which showed that experts had a clear search strategy with fewer eye 

fixations and shorter viewing times compared to novices [13,21,25]. 

Consistent with the literature [13,17], this research found that participants looked at salient features 

first and most often. If there was more than one defect present on a single blade, the less salient one 

was often missed. This might have been due to the operators’ fundamental understanding of lean prin-

ciples and that any additional search activity, after a defect was found that validates removal of the 

part from service, is considered as non-value adding and therefore waste.  

Assessment of the eye tracking data showed the complexity of borescope inspection compared to 

piece-part inspection indicated by longer inspection times and more eye fixations. This is in alignment 

with the general literature, which agrees that an increase in eye tracking parameters indicate more com-

plex tasks and a higher cognitive workload [26-32]. 
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A recommendation was made to use eye tracking for future training (6). The results of this research 

and other studies show that a systematic search strategy can improve inspection performance [33-36]. 

Playing the eye tracking video of an experienced inspector with a desirable structured and systematic 

search strategy to novices or inspectors who inspect unseen parts for the first time could have a positive 

effect on their learning process and search strategy, leading to improved inspection performance [37-

39]. 

From the eye tracking data, it was possible to extract the type of inspection error that occurred, i.e., 

whether it was a search, recognition, or decision error. This information might be used for training 

purposes, i.e., to focus on the most common type of error made by the individual operator.  

A revised visual inspection framework was proposed in the light of the present findings, taking into 

account the eye tracking observations and cognitive processes that appeared in the empirical findings 

(8). A tabular and graphical Bowtie representation of the revised framework was provided and may 

serve as an operational guide for any organisation with inspection processes.   

The human performance was compared to three different technologies (5). The first one was a self-

developed software for on-bench inspection and was based on image-processing and computer vision 

principles. The approach has the distinct advantage of requiring a relatively small dataset. This could 

be useful for future applications addressing inspections of parts with low volumes or rare defect occur-

rences. 

The other two technological inspection agents were an AI-based software for borescope inspection, 

and a 3D scanner for piece-part inspection. The performances of all three technologies were assessed 

using the same metrics as for the human operator in the AAA study (4). A human-technology compar-

ison revealed that the operator outperformed both software solutions in terms of accuracy, while taking 

significantly longer to inspect each blade, which supports the findings of [40]. The 3D scanner, on the 

other hand, was more accurate than the operator, but therefore took twice as long.  All three technolog-

ical systems showed perfect repeatability, while the human operators were only 82.5% consistent in 

their serviceability decisions. Overall, 3D scanning showed the highest inspection accuracy, while of-

fering the ability to quantify the defect. However, it is not always technically feasible (e.g., in borescope 

inspection) nor economically viable. In such instances, software might be a more suitable option. 

The strengths, weaknesses, opportunities, and threats of each inspection agent were identified, and 

weighted factor analysis was introduced as a method to semi-quantitatively compare and rank the dif-

ferent options. Both, humans and advanced technology were not perfect and came with their own ben-

efits and limitations. While humans have a clear advantage in terms of sophisticated decision-making, 

common sense, cognitive abilities, and versatility, they are affected by human factors, and thus highly 

inconsistent and prone to error. The technological systems, on the other hand, are available 24/7, highly 

repeatable, and have the ability to process a large amount of data in an unbiased way. At the same time, 

these systems lack fundamental and contextual knowledge, and an understanding of the effect the in-

spection outcome has (look-ahead [41]). Several avenues for potential improvements to visual inspec-

tion processes were identified (6), including new training regimes and the implementation of hybrid 

inspection systems that combine the strengths of humans and technology. 

2. Implications for Practitioners 

Each result chapter proposed several implications for practitioners concerning the relevant topic 

under examination. For example, implications for a standardised defect taxonomy are shown in Chap-

ter 2. Implications for practitioners regarding Bowtie risk assessment are presented in Chapters 3 and 

4. The insights gained concerning the inspection performance and search strategies extracted from the 

eye tracking data can be found in Chapters 5 to 8. For a defect detection software and decision frame-

work, see Chapter 9. Recommendations for implementing advanced technologies in visual inspection 

are detailed in Chapter 10. A generic risk framework and its implications are presented in Chapter 11. 

Finally, a proposed implementation framework is shown below.  
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2.1. Inspection Quality Framework  

The above findings were generalised and integrated into a framework for inspection quality (Figure 

2). The DMAIC structure for continuous improvement was adapted to accommodate the various find-

ings of this thesis and contextualise them for industrial engineering implementation. DMAIC is an ac-

ronym for define, measure, analyse, improve, and control.  

Figure 2. Inspection Quality Framework. 

In the Define stage, the context needs to be established. This includes a general understanding of the 

inspection processes and occurring problems (1.1). Typically, there is a known issue that provides mo-

tivation to perform a revision of the inspection system. This could be (a) insufficient inspection quality, 

e.g., revealed through customer complaints; (b) inspection being the bottleneck of the operations and 

thus causing delays; (c) inconsistent operator performance or conflicting inspection outcomes; (d) 

changes to the inspection processes caused by e.g., expansion of the product portfolio or production 

site; or (e) a missed defect that had a negative effect downstream, either on operations or part reliability, 

i.e., safety. The latter is arguably the most critical and common reason for assessing and the need to 
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improve the current inspection system. In the automotive industry, for instance, if a defect is missed 

and only detected in the final check before the car gets delivered to the customer, the missed defect 

would induce unnecessary disassembly of the car and repair or replacement of the defective part. If, 

however, the defect stays undetected, there is a risk that it propagates and causes part failure during 

operations. Ultimately, this could lead to harm to the driver and passengers, or even fatalities.  

Once the specific problem is defined, the next step is to determine which defects must be detected 

during the quality inspection. These could be manufacturing or operational defects. Since the frame-

work could possibly be applied to diagnostic tasks in the medical sector, defects in this context might 

be interpreted as health conditions. A defect taxonomy (1.2) should be created with a clear definition 

of each defect type and ideally a representative image for easier identification and classification later 

on. For example, in the case of injection moulded parts, defect types would include burn marks from 

hot tools, sink marks, or lack of fill. It is important to understand, which of these are actual defects and 

which ones are acceptable conditions. There might not be a clear answer to this, as it depends on the 

individual application, part specifications, and customer requirements. Furthermore, there are com-

pany and industry standards the inspection must comply with. Those standards must be identified and 

a sound understanding obtained (1.3).   

While the consequences of a problem in the inspection process might be apparent (e.g., missed de-

fect), the root-causes are often unknown. Therefore, the inspection operation should be reviewed, and 

critical processes identified (1.4). This could be done via process mapping, value stream mapping 

(VSM), or SIPOC (suppliers, inputs, process, outputs, and customers) diagrams. Next, each of those 

processes needs to be assessed to understand what the inherent risks are and what influence factors 

(threats) could negatively affect the inspection outcome (1.5). This might be done via Bowtie analysis, 

which allows for a visual representation of the threat paths with a lack of or ineffective barriers, i.e., the 

weakness of the inspection system.    

The Measure phase starts with establishing the ground truth (2.1), i.e., identifying which parts are 

defective and which ones are acceptable. Typically, this determination is based on the standard, oper-

ational requirements, or inspection expert experience. Subsequently, the inspection performance of the 

operators that should be examined is measured in terms of accuracy, consistency, reproducibility, and 

time (2.2). Attribute agreement analysis has been proven to be a useful tool for such performance eval-

uation. The effect of the previously identified influence factors on inspection performance needs to be 

measured as well (2.3). The confusion matrix might provide suitable metrics to measure the inspection 

decisions in terms of true positives, false positives, true negatives, and false negatives.  

In the Analysis phase, the measured inspection performances are statistically analysed (3.1). This 

might be done manually by calculating the confusion matrix, or electronically using statistical software 

for more complex operations such as the attribute agreement analysis. The outcome of this phase is a 

ranking of the influence factors with the biggest impact on the inspection performance, thus providing 

the greatest potential for improvement (3.2). Moreover, it allows to statistically analyse the individual 

performances to identify operators that may require additional training to ensure the required standard 

is met.  

Once the issues with the inspection system are identified and the greatest influence factors deter-

mined, Improvement strategies should be developed. This could include a new training regime (4.1), 

inspection aids (4.2), improved inspection processes and environments (4.3), or a combination of those. 

If eye tracking was applied during the measurement phase, then the inspection errors could be ex-

tracted from the heat maps and gaze plots, and individual training could be provided based on these 

insights (4.1). Moreover, the eye tracking recordings of experts could be shown to novices to learn by 

example. Another approach might be the use of training kits with standardised blade defects to test the 

visual and tactile perception. Framing of the inspection problem could also be part of the training pack-

age, i.e., establishing the context and providing a clear understanding of the consequences an incorrect 

decision could have. This may also include training of the individual’s discrimination power as to what 

is acceptable and what must be rejected. The risk of different defects could also be considered in such 

training regimes. 
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There is also an opportunity for advanced inspection technologies such as artificial intelligence soft-

ware or 3D scanning (4.2). A user case study might be performed to analyse the different options and 

select the most suitable one based on predefined criteria that are relevant to the specific type of inspec-

tion and organisation. Useful tools might include SWOT and weighted factor analysis. Such advanced 

inspection systems could also be a hybrid system combining human operators and emerging technol-

ogies.  

Another way to improve the inspection might be a revision of the inspection procedures or an audit 

of the inspection environment. This may seem simpler than introducing new technologies but could be 

just as effective.  

The inspection system should then be re-evaluated, for instance, by measuring the inspection per-

formance after changes to the inspection system were made to validate the effectiveness of those. If the 

improvement was not satisfactory and the requirements are still not met, the process steps 4.1, 4.2, and 

4.3 should be repeated.  

Once the inspection system is improved and the initial issue with the system addressed, it is essen-

tial to control the new processes. This includes initial training if new processes or technologies were 

implemented, and recurring training to maintain the inspection performance (5.1). Frequent checks and 

certification of the inspection agent (human or technology) are suggested (5.2). The standard working 

procedures should be created or updated according to the system changes (5.3) and a quality control 

plan developed (5.4). Finally, the process needs to be monitored to detect any changes at the earliest 

stage before reoccurring or the initial or a new problem (5.5).  

3. Limitations of the Study 

The limitations of the various pieces of work have already been identified in the relevant result 

chapters. The two main limitations were due to the operational situation and the study design.  

3.1. Limitations due to the Operational Situation  

The data set was limited by the number of defective parts the Christchurch Engine Centre (CHCEC) 

received during the time of this project. This was due to two factors: (a) the operational process out-

sourced the detailed blade inspection and repair to a third-party blade repair and overhaul shop, hence 

limiting the availability of certain types of blades and defects for this study; (b) reduction in blade 

availability due to Covid-19 induced travel restrictions, resulting in the grounding of aircraft, and there-

fore a significant decline in engine shop visits.  

Similar, the research population was limited by the number of industry practitioners working at 

CHCEC. Expert availability declined over the duration of this project due to staff redundancies as a 

consequence of the pandemic and low engine volume. This forced the researcher to carry out the study 

with the remaining staff, which was done during the day and night shifts. While there might be a pos-

sibility that the working time could have influenced the inspection results, it should be noted that in 

practice, inspections are also performed during both day and night shifts, and thus the study represents 

the operational environment fairly well. However, since not all participants were working both shifts, 

a statistical analysis of the effect of the working time was not feasible. 

3.2. Limitations in the Study Design 

Participants were asked to inspect images of defective and non-defective parts on a computer screen 

as opposed to the actual parts themselves. The reason for using photographs was to allow for eye track-

ing recording and repeated measurements with consistent parameters such as lighting or blade per-

spectives. Therefore, images provided the best solution to ensure repeatability and a fair comparison 

of the inspection results. Some inspection tasks such as borescope inspection are always screen-based, 

which provides further justification for the chosen research design. Moreover, the inspection software 

was only able to process images as well, thus making it a somewhat ‘fair’ comparison. To account for 

the effect of tactile perception, a small-scale study was performed in Chapter 7. The results indicate that 

inspection improved indeed by 19% from screen-based to visual-tactile, but it does not reach 100% 
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accuracy. This might be an area for future research and could provide the potential to use eye tracking 

glasses when analysing such inspection tasks.  

In this research, participants were exposed to a higher defect density than in practice. The propor-

tion of defective and non-defective parts did not represent the common operational situation, where 

defective blades are much rarer, with the exception of FOD engines. A closer representation of the real 

situation would have led to a much larger study with 50-100 times more blades that would have had 

to be inspected. This was unreasonable, considering the participants’ availability and attempts to avoid 

interruptions of the CHCEC’s operations, particularly in the light of increased organisational pressure 

due to redundancies. The over-proportional number of defective blades might have affected the ‘defect 

occurrence expectation’ (complacency) and inspection behaviour (vigilance) of the participants in yet 

unknown ways. 

There were not time constraints to complete the inspection task, which allowed the participants to 

inspect at their own pace. While this allowed to assess any differences in inspection speed between the 

expertise groups, in MRO operations staff are frequently exposed to working under time pressure, 

which was not represented in this study. The effect of limited time could be explored in future research. 

4. Future Development of this Field 

4.1. Future Research Suggestions 

Several avenues for future work that are relevant to the specific topic were already presented in the 

individual results chapters and are not repeated here.  

4.1.1. Training 

One way to improve the inspection system is to upskill the human operators by providing adequate 

training. The Covid-19 pandemic might have further increased the need for more efficient training. The 

industry is likely to recover and there will be an increasing demand for engine maintenance. However, 

due to previous redundancies there will not be enough staff to cope with the demand. Thus, new staff 

must be hired and trained, which is a time-consuming process. The problem here is twofold: (a) new 

staff must meet the required proficiency as quickly as possible, allowing the organisation to meet the 

increasing engine demand; and (b) the time required by current staff to train the new staff means less 

time to work on the engines and thus creating additional pressure. This creates room for human error. 

Therefore, better training and advanced technologies (discussed later) may play a crucial role in the 

future of aviation maintenance. This is a call for the development of effective and efficient training 

approaches. One possibility could be playing the eye tracking recording of an expert to novices so that 

they learn by example. Another concept could be to use a standardised training set of parts covering 

all relevant defect types and conditions for hands-on training. 

4.1.2. Eye Tracking 

Eye tracking technology has significantly advanced in recent years. Nonetheless, there are still lim-

itations, mainly in the area of data extraction, evaluation, and interpretation. The process of analysing 

eye tracking data is excruciatingly slow. At present, the analyst has to prepare, extract, analyse, and 

interpret the eye tracking data in a laborious, time-consuming, and subjective process. Each gaze plot 

and heat map is unique and differs from one participant to another, and even for the same participant 

when presented with different parts. Currently, there is no statistical method available to quantitatively 

analyse and compare different eye tracking visualisations to make a statement on whether multiple 

search patterns are similar. This is a call for improvements of the eye tracking post-processing software, more 

specifically the development of algorithms for automated analysis of the collected eye tracking data and a method 

for statistical aggregation of spatial data, namely heatmaps and gaze plots. Such improvements have the potential 

to make eye tracking technology more user-friendly and thus more attractive to researchers and industry practi-

tioners. 

350



4.1.3. AI Software for Inspection 

It might be worthwhile applying deep learning AI to piece-part inspection first and developing a 

model of the blade before applying it to the more complex borescope environment. More broadly spo-

ken, we tentatively recommend starting with a proof-of-concept study of new technologies in a con-

trolled environment before testing it under challenging conditions. This could have been the reason for 

an underperforming AI software in borescope inspection. To improve the sensitivity and defect detection 

rate, further tuning of the algorithm might be needed. Additionally, more training data might be necessary to 

accommodate for the various, uncontrolled conditions, particularly in borescope inspection. Alternatively, future 

work could look into standardising the borescope inspection process to reduce variation, e.g., via robotic borescopes 

so that the camera is repetitively placed in a pre-defined position.  

4.1.4. 3D Scanning for Borescope Inspection 

The findings of this thesis suggest that 3D scanning provides potential for more accurate inspections 

and defect quantification. Previous research attempted to integrate 3D scanning technologies into en-

doscope devices for aircraft fuel tanks [42] and gas turbine inspection [43]. The key challenges are the 

size and spatial requirements (triangulation) of the technological components. Thus, it would require 

major technical advancements in 3D scanning in terms of miniaturising the components to make it the same size 

as existing borescope tips so that the technology can be used on existing engine models. Furthermore, the process 

of measuring individual defects needs to be automated, e.g., by developing algorithms that extract the defect size, 

and the scan time needs to be reduced in order to make this technology economically viable.   

4.1.5. Hybrid Systems 

The combination of advanced technologies and human operators into a hybrid inception system 

may offer the opportunity to combine the strengths of both. Previous research has suggested that hy-

brid systems perform better than either humans or technology on their own [44,45]. In the light of visual 

inspection there might be different scenarios concerning the integration of human operator and tech-

nology. The technology could be used as a ‘pre-inspection’ agent, highlighting any anomalies and leav-

ing the serviceability decision to the operator. It might also be conceivable that both agents inspect 

independently and only in cases of disagreement the expert is consulted. This is a call for further evalua-

tion of hybrid inspection systems. Future work could investigate how a potential collaboration of the two inspec-

tion agents may look like, i.e., what tasks might be passed on to the technology and what remains of a human 

operator activity.   

4.1.6. Ethics and Advanced Technologies 

A matter of concern is the trustworthiness of new technologies such as artificial intelligence. Can 

the decision of the algorithm be trusted? How reliable is the outcome of the algorithm? Are confidential 

data secure? What is the impact on the human operator? Will new technologies replace operators, or 

will they be integrated into hybrid systems? Which parts will be done by humans and which ones by 

technology? And who is responsible and liable when an incorrect decision is made by or based on the 

AI’s findings, which could have catastrophic consequences? These questions need to be answered be-

fore advanced technologies can be successfully implemented in high-reliability organisations. This re-

quires consideration of the social impact, accuracy and trustworthiness, and governance of such emerging tech-

nologies. Guidelines could be developed in close collaboration with regulatory authorities.  

4.1.7. Inspection Risk Framework 

The introduced inspection risk framework could be further advanced by including additional influ-

ence factors such as type of inspection, expertise, experience, part cleanliness, and other inspection en-

vironmental or operator-related factors [46-48]. It might be possible to represent the various factors as 

threats or even barriers in Bowtie and apply conditional probabilities. The risk scores might change 

according to the selected sub-factors, e.g., a high-risk score for dirty parts and a low score when the 

parts were cleaned prior to inspection. Furthermore, the consequences might be split up into those 

caused by false positives (remanufacturing economics) and false negatives (safety concerns). To do this, 

it would be necessary to first develop a dynamic correlation matrix or equation that would allow accommodating 
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as many contextual factors (CF) as needed and normalising the resulting CF score. Subsequently, it would be 

required to incorporate conditional threats or barriers into the Bowtie diagram.  

4.2. The Future of Visual Inspection in Maintenance 

4.2.1. Future of Blade Inspection in the Light of Industry 4.0 

Engine shop visits are likely to ramp up again after the Covid-19 pandemic and more resources will 

be required. However, it is not clear if companies will re-employ all their previous staff or whether new 

technologies will be implemented. An example for such a change in labour was the world financial 

crisis, where tellers were made redundant and subsequently replaced by machines (ATMs). While this 

possibility cannot be entirely ruled out, it may be unlikely that aviation maintenance staff are replaced 

by machines due to the nature of their work being highly diverse and complex. However, simple and 

highly repetitive tasks could be done by advanced technologies, as demonstrated in this thesis. Therein 

lies the opportunity that operators can focus on more cognitively challenging and satisfying jobs, while 

the overall inspection quality may improve due to reducing the risk of human factors.  

A possible future for automated blade inspection may look as follows. The engine is disassembled 

by the human operator, which will most likely remain a human task in the future. While removing the 

blades from the shaft, the operator could make a preselection, i.e., bin all obviously damaged blades 

that do not require a detailed examination and pass on the remaining blades to an automated inspection 

system. Possible technologies could be inspection software using defect detection algorithms or 3D 

scanners, depending on the organisational requirements and performance of the technologies in the 

specific task. In the case of inspection software, automated image acquisition could be done using the 

optimal photographic settings as explored in Chapter 9. The camera could be attached to a robotic arm 

for optimal flexibility. Likewise, the 3D scanner head could be attached to a robotic system. In either 

case, the automated inspection performs a detailed examination and divides the parts into serviceable 

and unserviceable. Any borderline cases may subsequently be shown to an inspection expert to make 

a final decision.  

4.2.2. Futuristic Vision of Borescope Inspection 

In the future of engine maintenance, boroscopic inspection robots could be inserted into the engine 

and automatically perform a full inspection thereof. This could include recording of the different blades 

from standardised perspective, as per the findings of this thesis. Those could also be considered in the 

design of the next engine generation. The borescope videos would then be sent off to an AI or other 

inspection software to analyse the videos and create an inspection report for the inspector. There may 

be different possibilities at which stage such an assessment could be done: (a) Between flights, when 

the engine is still on the wing, either as part of frequent checks before flights or after an unexpected 

event, such as an unusual engine vibration or a bird strike. Using a cloud-based system could further 

allow borescope experts to perform remote diagnoses. (b) During transportation of the engine to the 

MRO shop, a full borescope inspection could be performed, and the data stored in and analysed by a 

cloud-based inspection system. The robotic borescopes could theoretically be part of the engine 

transport bracket. (c) When the engine is received, and the induction borescope performed. (d) In post-

test borescope inspection after the engine was serviced and tested.  

In the far future it might even be possible that borescope inspection could be eliminated entirely, 

i.e., cameras and sensors will be integrated part of the engine design and will collect data of the engine’s 

health in real-time and store this information in the digital twin of the engine. This information could 

then be used for preventive maintenance planning so that an engine only comes in for a shop visit when 

it is needed, while ensuring a safe flight state. In fact, each blade could have a digital twin where dif-

ferent information might be stored, including historical maintenance data, such as previous inspection 

results, completed repair work, of any other data generated during the inspection process. Addition-

ally, information about the engine’s history, such as the environment it operated in, could be stored 

and used for an expert system (refer to ontology in Chapter 2). 

Such information could be used to simulate the future condition or deterioration of parts and predict 

when the engine is due for a service and whether the parts should be repaired or must be replaced. 
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Knowing which parts need replacement, may allow procurement and supply chain managers to plan 

ahead and have the parts ready when needed. This could reduce delays and save unnecessary storage 

costs. Moreover, big data of the engine stored in the digital twin could be used for individualised in-

spections and shop visit intervals, utilising the highest possible part life, and reducing the engine down-

time, thus saving cost for the MRO provider and airline. However, this may require a rethinking and 

restructuring of the MRO operations towards being more agile and flexible to allow for data-driven 

maintenance schedules and decisions. Overall, digitalisation and advanced technologies might offer 

the potential to increase part and engine reliability and ultimately passenger safety. 

4.3. Concluding Remarks 

The findings of this research provide potential for debate as to whether the current average inspec-

tion accuracy of 76.2% is sufficient. This number does not provide any further information about the 

criticality and thus the inherent risk of missed defects. While most likely everyone would agree that all 

critical defects must be detected, the reality is that the missed defects were likely to be less critical to 

operations, otherwise we would see a much higher number of engine failures during operations. To 

achieve a 100% defect detection rate, the number of false positives is likely to increase significantly, 

putting a financial burden on the MRO service provider and consequently on the airline. Thus, it is 

debatable whether a 100% inspection accuracy is desirable and should be advised by aviation authori-

ties. This could possibly lead to a rethink of expectations and requirements in visual inspection tasks. 

Some suggestions for thought leadership in this area could be to increase allowable defects on blades 

up to the threshold of reliable human detectability. Engine manufacturers would need to then consider 

what effect defects below that threshold could have on the reliability of the engine. For example, nicks 

sized the fraction of an inch are difficult to detect by visual means. Rather than increasing the rigor of 

the inspection, it may be better for engine designers to actively consider and design the blade for ex-

tended operation. Some of the responsibilities for maintenance inspection arise in the upstream design 

processes. Potentially some of these could be reconsidered to consult a quicker inspection process with-

out sacrificing engine reliability and safety. With the increasing use of composite materials in aircraft 

and engine construction, the whole issue of size of reasonably detectable defects may be one that becomes 

more important.   

5. Conclusions 

5.1. Development of a Blade Defect Taxonomy 

A single comprehensive illustrated list of engine blade defects and standardised defect terminology 

thereof has been devised. It proposes a taxonomy for both engine blade defects and root-causes. An 

ontology was applied to link the defects to their root-causes and present the causal links and cascading 

effects.  

The benefits of the taxonomy are that it standardises the defect terminology, which is currently not 

the case in the industry. Furthermore, it provides a framework for subsequent developments, such as 

risk and decision-making. The taxonomy might be used in other related industries, such as power gen-

eration for classifying blade defects in steam or hydro turbines.   

5.2. Bowtie Analysis for Inspection Activities 

Bowtie analysis was applied to aircraft maintenance to identify the risks (influence factors) associ-

ated with visual inspection and the barriers that can prevent or mitigate those risks. Reconceptualisa-

tion of the consequences was required, as they differ to flight operations, i.e., consequences in mainte-

nance include not only safety related aspects such as passenger safety but also the operational econom-

ics for the airline and maintenance provider. Furthermore, several limitations of Bowtie development, 

such as the lack of standardisation and missing structure were highlighted.  

A framework was developed for performing Bowtie analysis and constructing the diagram, using 

the 6M structure to overcome the above-mentioned limitations. This required contextualisation of the 

6M categories for application in the maintenance domain, which differs from a production environ-

ment. The framework was then applied to borescope inspection of aero engine parts and extended the 
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risk analysis beyond the inspection equipment (borescope device) and included other relevant influ-

ence factors related to methods, management, material, work environment and human factors. The 

effect of those influence factors on the inspection performance was analysed. 

The benefits of the Bowtie work are that it identifies and visually presents the weaknesses of the 

inspection systems. The results show that the inspection process is not merely a quantitative measuring 

activity but rather has substantial human components which are vulnerable to several different types 

of human errors. The subsequent work on formalising the Bowtie method via the addition of 6M pro-

vided a more generalised approach to the inclusion of organisational factors into inspection tasks and 

offers the potential to be broadened to other processes. 

5.3. Assessment of the Human Performance in Blade Inspection 

The effect of different factors on the inspection performance was statistically analysed. Those factors 

include the type of inspection, defect type, severity level, blade perspective, background colour, and 

part cleanliness. This was the first work that quantitatively analysed the operator performance in bo-

rescope inspection. This may contribute to a more realistic expectancy of the industry and regulatory 

authorities regarding the achievable performance of human operators in such an inspection environ-

ment. The insights gained might apply to other industries using borescopes as inspection aids, includ-

ing automotive, oil and gas, and power generation. Moreover, the correlations between the influence 

factors and demographic variables including expertise, education, previous experience in inspection, 

work experience in the industry, and visual acuity were analysed based on the inspection performance 

metrics. The results may provide a better understanding of which factors have the greatest effect and 

thus provide the most effective area of improvement in the inspection process. This may be generalised 

and applied to any inspection task outside blade examination.  

Another work stream assessed three different inspection methods from visual through visual–tac-

tile. The results were compared based on inspection performance measured in inspection accuracy, 

time, and classification accuracy. The latter has not been quantified previously for inspection tasks. An 

increasing degree of inspectability led to higher defect detection and classification accuracies, while the 

inspection time increased as well. Nicks and dents were the most difficult defect types to detect and 

classify. The false positive (FP) rate was high for all three inspection methods and offered the greatest 

potential for improvement. Thus, the sense of touch might have led to ‘over-inspection’ and sensitisa-

tion of defect perception. The understanding that visual inspection is not purely visual but involves an 

element of tactile sensing that significantly affects the inspection performance might be relevant to in-

dustry practitioners in any inspecting industry and could lead to a rethinking of the inspection require-

ments as outlined in the standard working procedures, or engine and maintenance manuals.  

Moreover, the operators’ consistency, repeatability, reproducibility, and reliability in visual inspec-

tion of engine blades were assessed, applying Attribute Agreement Analysis (AAA) and Kappa analy-

sis. The false positive rate and false negative rate were considered separately to the overall inspection 

accuracy. The false negative rate is arguably the single most important metric for high-reliability or-

ganisations since it determines the safety outcomes and therefore should be particularly emphasised. 

Furthermore, the effect of the number of appraisers on the AAA metrics was analysed. This may benefit 

future researchers and industry practitioners when designing and performing an AAA, particularly 

when the available time or number of appraisers are limited. The insights might be further used for 

improving the inspection processes, e.g., a consecutive inspection of two independent operators to 

counteract human factors. 

5.4. Development of a Visual Search Framework 

Eye tracking technology was applied to record the operators’ eye gaze and extract their search strat-

egies and inspection errors from the heat maps and gaze plots. Moreover, the effect of each influence 

factor on the visual search process was assessed. This provided additional insights into the visual focus 

and the underlying cognitive and attentional processes.  
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A revised visual search framework was proposed, taking into account the different inspection errors 

and cognitive processes that appeared in the empirical findings. The framework was applied to bo-

rescope inspection, and it was shown that this can in principle be extended into a Bowtie framework. 

The principles appear to be generalisable. 

Eye tracking has proved to be useful for individual performance assessment and could be beneficial 

for customised training to improve inspection performance and staff competency. Playing the gaze re-

cording of an inspection expert to novices may help them to adopt an effective search strategy and learn 

by example. Identifying the inspection errors made by the individual operator could allow for custom-

isation of their training needs. The use of eye tracking for better inspection training could be adopted 

by other inspecting industries and has the potential to bring up new staff to the required performance 

level and improve the search strategy of existing staff to make their inspection more efficient and accu-

rate.  

5.5. Evaluation of Technological Inspection Methods 

A software was developed for automated detection of defects on the leading and trailing edges of 

compressor blades. The software applies image-processing and computer vision techniques. The ap-

proach has the distinct advantage of requiring a relatively small dataset. This could be useful for future 

applications addressing inspections of parts with low volumes or rare defect occurrences. Recommen-

dations were made towards standardised image acquisition to improve the software performance.  

3D scanning was applied to attribute inspection of compressor blades during engine maintenance 

and the inspection performance was measured. This was different to previous applications in manu-

facturing, where parts have been inspected for conformity with the standard. In maintenance, parts are 

in used condition and need to be inspected for operational damage. The technology has been proven 

to be highly accurate for maintenance inspections. It further allowed quantifying the defect severity 

and classifying the defects into pass/fail categories.  

A human-technology comparison in the field of blade inspection with ‘state-of-the-art’ technology 

was undertaken. The basis for the comparison was inspection performance measured in the form of 

accuracy, time, and consistency. Furthermore, this work provides a list of additional evaluation criteria 

beyond the sole inspection performance that could be considered when weighing up different inspec-

tion systems. An attempt was made to semi-quantitatively compare the different agents based on those 

criteria using SWOT and weighted factor analysis. The defect types that were difficult to detect by the 

different inspection agents were identified and compared.  Several potential improvement approaches 

to the visual inspection process were identified, including the implementation of hybrid inspection 

systems and new training regimes. 

5.6. Operational Decision Support Methodology 

An attempt was made to standardise risk assessment. It was proposed that many risk frameworks 

may be reduced to three factors, namely: consequence, likelihood, and a cofactor. The latter represents 

the industrial context and can comprise multiple sub-factors. The concept was tested on visual inspec-

tion but could be applied to other industries and applications. The generic framework has the potential 

to support standardisation in risk assessment to counteract the high variation among different organi-

sations and industries. Relevant scales were proposed for all three factors and accommodate both sce-

narios, where an influence factor can either increase or decrease the overall risk score depending on the 

positive or negative impact they have. Another contribution was a go/no-go matrix that has been de-

vised to support the decision-making process. In alignment with this, a decision support tool was de-

veloped that provides the inspector with a recommended maintenance action. The rule-based approach 

has proven reliable for blade inspection. There might be potential for such decision-support tools or 

expert systems to help overcome human error in decision-making tasks, which was previously identi-

fied as being the greatest contributor to incorrect maintenance and inspection. 

355



6. Summary 

This research contributes in several ways to our understanding of visual inspection. In summary, 

they key contributions are: 

 Defect taxonomy and ontology 

 New Bowtie methodology applied to blade inspection 

 Eye tracking analysis for assessment of human inspection performance 

 Software for defect detection and decision support tool 

 Human-Technology comparison 

 Inspection risk framework 

 Visual search framework 

The research findings might be applicable to other industries and could serve as informative guide-

lines for any organisation performing inspections as part of their quality assurance system. It could 

change the expectations of the achievable inspection performance of staff. Knowing the limitations of 

visual inspection and human operators might lead to rethinking and improvement of the inspection 

systems, including better inspection environments, introducing advanced technologies as inspection 

aides, and providing customised training. Eye tracking methods have the potential to assist with this 

training and support the continuous improvement of the processes. Ultimately, this has the potential 

to increase the inspection quality and reliability.  
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Information Sheet 
Title of Project: Assessment of the Visual Inspection of Aircraft Engine Blades 

Eye-tracking Study 

My name is Jonas Aust, and I am conducting a study on the visual inspection process and decision-

making process when searching for defects on aircraft engine parts. This research is completed as part 

of my doctoral degree under the supervision of Associate Professor Dirk Pons, and Professor Tanja 

Mitrovic. In the experimental task, you will be shown a series of defective and non-defective aircraft 

parts (images) and will be asked to identify and locate any defects. There may be a variation in defect 

types and sizes, as well as inspection type. You will be asked to mark your findings on the computer 

screen. Throughout the experiment, eye-tracking technology (screen-based eye tracker) will be used 

supportively to better understand the inspection process. It is intended that the test will take an hour 

of your time.  

Collected Data 

Data will be collected in the form of (1) questionnaire that will ask for some basic demographic 

information, (2) eye tracking recording that shows the part you are looking at and your eye movement, 

and (3) the PowerPoint presentation with the results (markings) of your inspection findings. 

Risks and Benefits 

There are no known or anticipated risks to you when participating in this study. There is no direct 
benefit to you as participant. However, the results contribute to a better understanding of the visual 
inspection process and possibly towards workplace improvements based on the findings. If you like to 
have a copy of the published findings, you can write down your email address on the consent form. 

Confidentiality and Data Security 

All collected information and data is considered completely confidential. Electronic data will not 

contain any identifying information such as staff name or number. The data will be only accessed by 

me and my university supervisors. No other party will have access to the data. No information that 

could reveal your identity will be published.  

Voluntary Participation 

Your participation is voluntary. If you are uncomfortable participating or providing the collected data, 

you can choose not to participate or discontinue participation anytime during the session without any 

consequences. If data has already been collected, it will be destroyed immediately after withdrawal. 

Ethics Clearance 

This research project has been reviewed and approved by the University of Canterbury Human Ethics 

Committee (+64 3 369 4588, human-ethics@canterbury.ac.nz). Ref: HEC 2020/08/LR-PS. 

Contact Information 

This study is being carried out as part of my PhD project at the Christchurch Engine Centre. If you have 

any questions, please contact me at jonas.aust@pg.canterbury.ac.nz. The project is supervised by 

Associate Professor Dirk Pons (dirk.pons@canterbury.ac.nz) and Professor Tanja Mitrovic 

(tanja.mitrovic@canterbury.ac.nz), who will be pleased to discuss any concerns you might have.  

Thank you for participating! 

Jonas 
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Consent Form 
Consent Statement 

• I have been given a full explanation of this project and have had the opportunity to ask 
questions and express any concerns. 

• I understand what is required of me if I agree to take part in this study. 

• I understand that participation is voluntary, and I may withdraw at any time without penalty. 
Withdrawal of participation will also include the withdrawal of any information I have 
provided should this remain practically achievable. 

• I understand that any information or opinions I provide will be kept confidential to the 
researcher and university supervisors, and that any published or reported results will not 
identify the participants. I understand that a thesis is a public document and will be available 
through the UC Library. 

• I understand that all data collected for the study will be kept in locked and secure facilities 
and/or in password protected electronic form and will be destroyed after ten years.  

• I understand the risks associated with taking part and how they will be managed. 

• I understand that my response is audio recorded.  

• I confirm that I have no eye or nerve disease. 

• I understand that I can contact Jonas [jonas.aust@pg.canterbury.ac.nz] or his supervisors, Dirk 
Pons [dirk.pons@canterbury.ac.nz] and Tanja Mitrovic [tanja.mitrovic@canterbury.ac.nz] for 
further information.  

• If I have any complaints, I can contact the Chair of the University of Canterbury Human Ethics 
Committee, Private Bag 4800, Christchurch [human-ethics@canterbury.ac.nz].  

• I am entitled to a copy of the research results once the project ended.  

Signature 
By signing below, you indicate your understanding of this consent form and your agreement to 

participate in this study. You will be given a copy of this Information Sheet for your records. 

 

__________________________________________________________________________________ 

Participant Signature    Printed Name     Date 

 

__________________________________________________________________________________

Researcher Signature    Printed Name     Date 

 

Email address (if you want a summary of the results): ______________________________________ 
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Department of Mechanical Engineering 
Telephone: +64 210 241 3591 
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Questionnaire 
 

Please fill out the following questionnaire. Note that all data is confidential and will not be shared with 

anyone outside of the research team and is solely used for the purpose of this research. 

• Name: ___________________________________________ 

• Staff number: _____________________________________ 

• Gender (please tick one):    Male    Female    Other  

• Current job description: _______________________________________________________ 

• What is your highest qualification (e.g., trade certificate, high school, university degree)? 

___________________________________________________________________________ 

• Do you wear prescription glasses or contact lenses?   Yes      No 

• Are you currently signed up to inspect blades?     Yes       No 

o If yes, how many years have you been in this role? _________________ 

• Have you ever been signed to inspect blades?    Yes       No 

o If yes, how many years ago was that? _______________ 

• Have you ever done any inspection in any of your  

previous roles (at or outside CHCEC)?     Yes       No 

o If yes, how many years ago was that? _______________ 

• How many years have you been working in aviation? (Please tick one) 

   5 years or less 

   5 to 10 years  

   10 to 20 years 

   More than 20 years 

• Please rate your overall experience in the following areas (circle a number): 

             Experience    
None                   High 

 

o Visual inspection in general:              0        1        2        3        4        5 

o Piece part inspection in general:              0        1        2        3        4        5 

o Borescope inspection:               0        1        2        3        4        5 

o Inspection of engine blades in particular: 0        1        2        3        4        5 
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Exit Survey 
 

Please fill out the following questionnaire. Note that all data is confidential, and no person-related 

information or results will not be shared with anyone outside of the research team. It is solely used for 

the purpose of this research. 

• What did you find difficult? 

______________________________________________________________________________ 

______________________________________________________________________________

______________________________________________________________________________ 

 

• Did you have a particular approach when looking for defects in the presented images? 

______________________________________________________________________________ 

______________________________________________________________________________

______________________________________________________________________________ 

 

• How confident are you that…               Confidence    

Low                   High 

 

o …you successfully found all the defects?  0        1        2        3        4        5 

o …that everything you marked was a defect indeed? 0        1        2        3        4        5 

o …you located all defects correctly?   0        1        2        3        4        5            

o …you classified all defect types correctly?   0        1        2        3        4        5 

o …you found all defects in borescope images?  0        1        2        3        4        5 
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