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Abstract: Hysteresis loop analysis (HLA) has proven an effective indicator of damage 8 

detection in civil engineering structural health monitoring (SHM). In this paper, the histogram 9 

of stiffness (HOS) features are extracted from segregated half cycles of hysteresis loops 10 

reconstructed from measured response. A deep learning network (DLN) is proposed with the 11 

use of the HOS to classify the damage index (DI) based on stiffness degradation for damage 12 

identification. Training data are obtained using numerical simulations of 30,000 realistic, 13 

randomly created hysteresis loops, including a wide range of typical linear and nonlinear 14 

structural behaviours. Performance of the trained DLN model is assessed using both 1800 15 

additional simulated 3-story “virtual” buildings and experimental data from a 3-story full-scale 16 

real building. Results are compared to the validated HLA method. 17 

 18 

Validation on simulated virtual building data yields prediction accuracy for 97.2% and 91.6% 19 

samples without and with 10% added noise, respectively. The comparison shows a good match 20 

of trend and percentage stiffness drop between DLN and HLA identification with the average 21 

difference for all cases within 1.1~4.6%, indicating a good accuracy of the proposed DLN 22 

prediction model for real structures. The overall results show its potential to provide a rapid, 23 

and real-time alarm or other notice on damage states and mitigation to emergency response 24 

using DLN and thus without detailed engineering analysis. 25 

 26 

Keywords: structural health monitoring; SHM; stiffness degradation; machining learning; 27 

hysteresis loop analysis; HLA; deep learning network 28 



2 

 

2 

1 Introduction 1 

Immediate post-earthquake event monitoring can enable near real time optimal decision-2 

making on retrofit, reoccupancy, and recovery planning of damaged structures. It is particularly 3 

important for critical infrastructure needed most after an earthquake, such as hospitals, fire 4 

stations, power plants and bridges. The main goal of structural health monitoring (SHM) is 5 

damage identification, quantification, and localization. However, very few SHM methods offer 6 

results immediately and many require human input, which may not be available [1].  7 

 8 

Traditional SHM methods in civil engineering include vibration-based methods and model-9 

based methods. Vibration-based methods assess the overall changes of performance in terms of 10 

natural frquency and mode shape values and properties [2-5]. However, these methods are not 11 

sensitive to local and less-significant damage, and also have difficulty in determining the 12 

location of damage [6-8].  13 

 14 

Model-based methods for damage identification to better localize and quantify damage have 15 

been well studied. The main issue of these model-based techniques are erroneous or misleading 16 

identification results produced when the chosen baseline model is not an accurate representation 17 

of the real system, or does not match the dynamics of the actual system response [9, 10]. In 18 

addition, a baseline model capturing the strutural behavior well in the prior events may not 19 

necessarily represent the actual response in the subsequent large aftershocks since structural 20 

properties and behvaiour can change after strong earthquake excitations. Therefore,  these 21 

methods are limited for real-time and long term monitoring. They also often require skilled 22 

personnel for model selection, data processing, and to ensure quality, as they are not automatic, 23 

which can introduce subjectivity.  24 

 25 
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Machine learning techaniques have recently attracted signficant attention to develop model-1 

free damage identification approaches in civil engineering SHM field, such as artificial neural 2 

networks (ANNs) [11-13], support vector machines (SVM) [14, 15], convolutional neural 3 

networks (CNN) [16, 17], among others. Such model-free approaches are more generalizable 4 

to different types of both linear and nonlinear structural behaviours the underlying assumed 5 

model of a model-based method cannot always capture. Therefore, these methods may be 6 

particularly effective for large-scale civil engineering structures due to their complicated and 7 

incoherent nonlinear behaviour [18-20].  8 

 9 

The performance of machining learning algorithms relies highly on the selection of unique 10 

features used to train a model or characterize the task to be learned [21, 22]. Therefore, it is 11 

necessary to convert the measured sensor data into a suitable damage feature exhibiting the rule 12 

to be learned by extracting the discriminant information and removing redundant information 13 

to reduce training time and improve prediction performance. The selection of good features 14 

might be the most important phase for machining learning algorithms [21-25].  15 

 16 

In civil engineering, damage indices, such as curvature ductility and drift ratio [26-29], do not 17 

assess the impact of cumulative inelastic deformation or energy dissipation during strong 18 

shaking, thus failing to predict the degradation due to cyclic loading/deformation. In contrast, 19 

story stiffness in local floors will be reduced if damage occurs in those layers, where such 20 

deterioration accounts for both the maximum deformation and number of cyclic loading [30]. 21 

In addition, the degradation of stiffness due to damage can also be reflected in changes of 22 

natural frequencies and mode shapes [2]. Inter-story stiffness loss thus captures a range of 23 

relevant structural damage information.  24 

 25 
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In this study, the histogram of stiffness (HOS) is extracted from hysteresis loops to identify and 1 

quantify the severity of damage. A deep learning network (DLN) with a convolutional layer is 2 

proposed. The main objective is to identify and locate the changes of stiffness for each story 3 

immediately after an earthquake event. With a well-trained prediction model, the evolution of 4 

stiffness related to damage severity can be obtained automatically requiring no user input, thus 5 

enabling an on-line or near-real time feedback of structure health condition for long term 6 

monitoring, without models or assumptions.  7 

 8 

Section 2 describes the extraction of HOS features and DLN architecture. Section 3 explains 9 

the acquisition of training data. Section 4 presents the test data and structure. Section 5 discusses 10 

the performance of the proposed method. Section 6 concludes the paper.  11 

 12 

2 Methods: HOS and DLN 13 

2.1 Damage feature extraction from hysteresis loops 14 

Hysteresis loops represent force-deformation relationships of dynamic systems. Changes of 15 

slopes for divided half cycles in the loop capture the linear, nonlinear yielding and energy 16 

dissipation associated with structural degradation and damage [31]. Figure 1(a) shows a typical 17 

highly nonlinear hysteresis loop for a degraded system with yielding and pinching behaviours, 18 

commonly observed in reinforced concrete frame structures [32, 33]. Half cycles are obtained 19 

using turning points where the force is a local maximum or minimum, as shown in Figure 1(b). 20 

Changes of slope across these half cycles can then be used to assess both the types of hysteretic 21 

response and degradation of structure due to damage [31, 34, 35]. 22 

 23 
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 1 
  (a)                                                                        (b) 2 

Figure 1 Dividing half cycles using turning points in, (a) hysteresis loop and (b) time history 3 

of restoring force. 4 

 5 

To characterize the changes of slopes within a hysteresis loop, a histogram of stiffness (HOS) 6 

is proposed as a feature for model training, similar to the histogram of gradient (HOG) in facial 7 

recognition applications [36]. The HOG descriptor stores the occurrence of edge 8 

orientation/gradient in the feature vector. Similarly, the HOS feature in this work counts both 9 

the location and occurrence of stiffness in half cycles because the changes of slopes are path 10 

dependent and a multivalued function due to hysteretic properties.  11 

 12 

Extracting HOS features can be summarized with the following 4 steps: 1) normalization of a 13 

hysteresis loop; 2) calculate the slopes and location of a half cycle; 3) calculate the histogram 14 

of stiffness of the half cycle; and finally 4) form the HOS feature vector. 15 

 16 

Step 1: 17 

To calculate the histogram of stiffness, a number of bins are needed to store the direction or 18 

slope of each portion of the half cycle. However, the stiffness or slopes for different structures 19 

can be quite different due to variation of structural properties, construction, materials, and 20 

earthquake magnitude. Thus, the first step is to normalize the hysteresis loop to ensure the 21 
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selected bins have similar scale and slope ranges, defined: 1 

�̅� =
𝐹

𝑘1
      �̂� =

𝐷

𝑀𝑎𝑥(𝐹)
      �̂� =

𝐹

𝑀𝑎𝑥(𝐹)
                                              (1) 2 

where k1 is the slope value of the first half cycle of each hysteresis loop calculated by linear 3 

regression analysis [31]. Thus, the slope value would be normalized to 0~1 if k1 is the maximum 4 

slope value of the event. However, k1 is the secant stiffness from a regression analysis, which 5 

is thus normally smaller than the maximum value of the tangent stiffness. Therefore, a range of 6 

0~1.5 is used to allow for an overshooting and enable all the stiffness values within HOS 7 

calculation. �̂�  and �̂�  are normalized force and displacement, respectively. Hence, the 8 

normalized force �̂� has a range of [-1 1]. 9 

 10 

Step 2: 11 

Each half cycle is divided into a number of small portions with overlapped points such that 12 

every point contributes to the slope calculation more than once to make the calculation more 13 

robust to noise. Linear regression analysis is applied and repeated across all the small portions 14 

to obtain the slope for each portion, as shown in Figure 2. The weight of each slope “a” is 15 

defined based on the magnitude and the loading/unloading path: 16 

𝑎 =  𝑒
−

1

𝑛𝑘
∑ 𝑓𝑖

𝑛𝑘
𝑖=1 √(𝑑1 − 𝑑𝑛𝑘

)
2

+ (𝑓1 − 𝑓𝑛𝑘
)

2
                                (2) 17 

where nk is the number of samples in the small portion, 𝑑1 and 𝑑𝑛𝑘
 are the displacement of the 18 

first and last point of the small portion, and 𝑓1 and 𝑓𝑛𝑘
 are the force of the first and last point of 19 

the small portion.  20 

 21 
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 1 
Figure 2 Representation of the selected half cycle using slope and location of small portions 2 

of the half cycle. 3 

 4 

Step 3: 5 

For each half cycle, the HOS has 50 bins with each bin corresponding to a range of normalized 6 

slope values from 0 to 1.5, as shown in Figure 3. With limited number of bins, the slope value 7 

of each cell might fall between two bins, which thus require a vote by linear interpolation to 8 

split the weight into the two adjacent bins [37, 38]. In particular, the calculated slope value for 9 

a cell/portion is used to determine which two bins are selected to vote for this cell. The weight 10 

calculated using Equation (2) is then split into the determined two bins by linear interpolation. 11 

For example, the slope value for the first portion in Figure 2 is 0.872 (0.8723), which is between 12 

0.87 and 0.90. Thus, the slope weight of 0.883(0.8330) is proportionally split into these 2 bins, 13 

as shown in Figure 3. Similarly, the slope value for the last portion in Figure 2 is 0.300(0.2978), 14 

which is between 0.27 and 0.30. Thus, the slope weight of 0.067(0.0671) is also proportionally 15 

split into these 2 bins shown in Figure 3. The value in the bracket shows the original value of 16 

the approximated value with 3 decimal point. This process is repeated for each portion in the 17 

selected half cycle to construct the histogram of stiffness (HOS). 18 
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 1 
Figure 3 Example HOS calculation for the selected half cycle, showing split for weight a in 2 

first image of Figure 2 with slope 0.872 between bins for 0.87 and 0.90 3 

 4 

Step 4: 5 

The calculated HOS feature vector has a size of 50x1 for each half cycle. However, the local 6 

information stored in each local HOS vector need to be combined to represent the global feature 7 

of the integral loop [36, 39, 40]. Therefore, the last step is to concatenate each HOS vector into 8 

an input feature vector across all the half cycles. For example, the input vector size is 2000x1 9 

if there are 40 selected half cycles for the record. This established input feature vector is used 10 

to train the model for prediction of stiffness degradation. The use of normalization ensures the 11 

table in Figure 3 is applicable to all half cycles. 12 

 13 

2.2 Architecture of the deep learning network (DLN) 14 

The deep network for training the model comprises one input layer, one convolutional hidden 15 

layer, and one fully-connected hidden layer, and a softmax classifier. The overall architecture 16 

is shown in Figure 4. The overall changes of structural dynamics and stiffness vary across 17 

different structures and input events. However, the fundamental shapes of divided half cycles 18 

can be grouped into 4 types for steel and reinforced structures, although the magnitude of 19 

response can be different [31, 41]. Therefore, a moving filter convolves with each half cycle to 20 

perform a specific transformation and obtain a different feature activation to interpret stiffness 21 
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degradation across all half cycles, which thus enable a better generalization to avoid overfitting 1 

issues and significantly increase the learning efficiency with highly reduced number of 2 

parameters [42]. This approach has been widely used as a convolutional neural network in 3 

image recognition [27].  4 

 5 
Figure 4 Architecture of the deep learning network selected here. 6 

 7 

Training a deep network with multiple hidden layers requires solving a non-convex 8 

optimization problem, which can present difficulty in optimizing the weights. Recent successful 9 

techniques have suggested a greedy layer-wise training approach leads to much better solutions 10 

in terms of performance generalization of the resulting network [43-46]. This approach includes 11 

two procedures:1) pre-training each hidden layer in turn using an unsupervised “autoencoder” 12 

neural network; and 2) fine tuning the weights in a supervised fashion using a backpropagation 13 

algorithm for optimal reconstruction.  14 

 15 

The loss function to train the autoencoder is defined:  16 

𝐿(𝑊, 𝑏) =  
1

𝑛
∑ (

1

2
||𝑔�̂�(𝑔𝜃(𝑋𝑖)) − 𝑋𝑖||

2)𝑛
𝑖=1 +  

𝜆

2
∑ 𝑊2 + 𝛽 ∑ 𝐾𝐿(𝜌||𝜌𝑗)𝑠

𝑗=1        (3) 17 

𝑔𝜃 =  
1

1+exp (−𝜃𝑇𝑥)
                                                            (4) 18 

where 𝜃 = {𝑊, 𝑏} and 𝜃 = {�̂�, �̂�} are weight vectors, 𝑔𝜃 is the sigmoid activation function, λ 19 

is a weight decay parameter to prevent overfitting, and β controls the weight of the Kullback-20 
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Leibler (KL) divergence sparsity function [47]: 1 

𝐾𝐿(𝜌||𝜌𝑗) = 𝜌𝑙𝑜𝑔
𝜌

�̂�𝑗
+ (1 − 𝜌)𝑙𝑜𝑔

1−𝜌

1−�̂�𝑗
                                 (5) 2 

where ρ is target average activation, and �̂�𝑗 is the average activation of the jth hidden neuron 3 

across all samples. 4 

 5 

After the hidden layers are pretrained by autoencoders, fine-tuning is implemented with a 6 

backpropagation (BP) algorithm [48] to minimize the reconstruction error of the output labels: 7 

𝐿(𝜃) =  
1

𝑛
∑ ∑ 1{𝑦𝑖 = 𝑚}𝑀

𝑚=1
𝑛
𝑖=1 𝑙𝑜𝑔

exp (𝜃𝑘
𝑇𝑥𝑖)

∑ 𝜃𝑗
𝑇𝑥𝑖

𝑀
𝑗=1

+  
𝜆

2
∑ 𝑊2                      (6) 8 

where 1{∙} is an indicator function returning 1 if the statement is true, and 0 otherwise, and m 9 

is the output label. The BP algorithm is run using a widely used optimization batch method 10 

“limited-memory BFGS (LBFGS)” [49].  11 

 12 

The flowchart of the proposed method is shown in Figure 5. 13 

 14 
Figure 5 Flowchart of the proposed method in 4 main steps from data acquisition to eventual 15 

online use in prediction: Step 3 is only performed to develop the DLN although any new data 16 

may be used to update it. 17 

 18 
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3 Training Data 1 

3.1 Acquisition of training data 2 

The prediction accuracy of any machine learning algorithm highly depends on the number and 3 

quality of training samples. However, accurate identified stiffness evolution or “labelled” data 4 

for real buildings are limited and quite difficult to obtain. In fact, it is difficult even to obtain 5 

many unlabelled examples for highly nonlinear structures.  6 

 7 

In this work, the hysteresis loops used to construct the training data are simulated using Bouc-8 

wen and Baber Noori hysteretic models. Both nonlinear models have been widely used to 9 

generate different types and shapes of hysteresis loops in civil engineering [41, 50, 51]. Many 10 

researchers have shown the ability of these hysteretic models to accurately replicate the real 11 

dynamic response for a wide range of different types of structures [10, 52-56]. For a complex 12 

multi-degree of freedoms (MDOF) structure, the dynamic response can also be transformed 13 

into a number of realistic, possible hysteresis loops at each DOF, and stiffness changes for each 14 

hysteresis loop can then be predicted using the trained model. 15 

 16 

The equation of motion of a nonlinear dynamic system subjected to earthquake excitation can 17 

be expressed: 18 

𝑀 ⋅ {�̈�} + 𝐶 ⋅ {�̇�} + 𝐾𝑒 ⋅ {𝑥} + 𝐾ℎ ⋅ {𝑧} = −𝑀𝐼�̈�𝑔                      (7) 19 

where M, C, 𝐾𝑒 and 𝐾ℎ are the mass, damping, initial elastic stiffness and hysteretic stiffness 20 

matrices. The relationship of system response{𝑥}, {�̇�}, {�̈�} and {𝑧} are simulated based on the 21 

differential equations [41, 50, 51]: 22 

�̇�𝑖 = ℎ(𝑧𝑖)[𝐴𝑥�̇� − 𝜐(𝛽|𝑥�̇�||𝑧𝑖|
𝑛−1𝑧𝑖 + 𝛾𝑥�̇�|𝑧𝑖|

𝑛)]/𝜂                      (8) 23 

where 𝜐  and 𝜂  control the strength and stiffness degradation of the system, and ℎ(𝑧𝑖) 24 

determines a pinching behaviour, a sudden loss of stiffness caused by the opening or closing 25 
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cracks of concrete and/or bonding slip of reinforcement [33]. The other parameters control the 1 

shapes of the hysteresis loop.  2 

 3 

A total of 30000 realistic hysteresis loops are simulated for training data by changing the 4 

parameters over a wide, realistic range using Equations (7)-(8). The effect of the number of 5 

samples on the training is also investigated in Section 5.2. It should be evident structural 6 

behaviour and/or damage are highly dependent on intensity, duration and/or other properties of 7 

earthquake input [57, 58]. Therefore, simulation is implemented to generate a full range of 8 

shapes of hysteresis loops under a standardised set of 60 earthquake records [59]. These records 9 

are for the LA area, but the approach generalizes to any geography with enough ground 10 

motions.  11 

 12 

3.2 Output labels and damage states 13 

A damage index (DI) based on stiffness degradation is defined [30]: 14 

𝐷𝐼 = 1 −
𝐾

𝐾0
                                                            (9) 15 

where K0 is the initial story stiffness and K is the cycle stiffness. The states of stiffness 16 

degradation are characterized by 71 labels using the defined DI, as shown in Table 1 [28, 30]. 17 

Each label has a range of 1% stiffness degradation, thus allowing the identification error within 18 

1% for each label.  19 

 20 

Table 1. Labels for 71 states of stiffness degradation. 21 

Label DI Damage state Repair required 

1~10 0~0.10 No damage Immediate occupancy 

11-20 0.10~0.20 Minor damage Inspect, patch 

21~40 0.20~0.40 Moderate damage Repair components 

41~70 0.40~0.70 Major damage Rebuild components 

71 >0.70 Collapse Rebuild structures 
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 1 

These output labels can also be related to detailed failure mechanism and performance level in 2 

structures [28, 30] In particular, labels 1~10 (DI<0.10) indicates an immediate occupancy of 3 

the structure after earthquakes. Labels 11~20 (0.10≤DI<0.20) is minor damage with minor 4 

spalling and/or flexural cracking. Labels 21~40 (0.20≤DI<0.40) is moderate damage with bar 5 

buckling and/or web inclined cracks without penetration. Labels 41~70 (0.40≤DI<0.70) 6 

indicates major/significant damage with diagonal cracking and bar yielding. Label 71 is defined 7 

as degradation greater than 0.70, indicating structural collapse. Hence, the DI is a high 8 

resolution metric, with 2 decimal places. 9 

 10 

4 Test and Test Structures 11 

4.1  A 3-story full-scale SMRF building and E-defence shake table tests  12 

A full-scale steel moment resisting frame (SMRF) building was tested on the E-defence shake 13 

table in Japan [60]. The building has three stories with uniform story height, as shown in Figure 14 

6. The seismic weights are 171.85, 171.85 and 90kN for the first, second and third story, 15 

respectively. Six input ground motions are applied in both x and y horizontal directions, as listed 16 

in Table 2. Accelerations and displacements are measured at each floor to reconstruct 3 17 

hysteresis loops in each (x, y) direction for each event. It is noted that the torsion effect is also 18 

considered in this specific building, and can be eliminated using average response of three 19 

diagonal sensors for each floor, enabling evaluation of hysteresis loop in horizontal direction 20 

without adding a torsional mode [60]. More details on the reconstruction of hysteresis loops for 21 

MDOF systems can be found in [60]. 22 

 23 

 24 

 25 
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Table 2. Sequential shake table tests in order given  1 

Test No. Input event 

PGA (g) 

y-direction x-direction 
Vertical  

z-direction 

#01 BSL2-18% 0.11 0.13 0.01 

#02 Sannomal 0.22 0.16 0.01 

#03 Uemachi 0.30 0.35 0.01 

#04 Toshin-Seibu 0.62 0.63 0.06 

#05 Sannomal 0.21 0.15 0.01 

#06 Nankai-Trough 0.87 0.74 0.03 

 2 

 3 

       4 
Figure 6 Main dimensions and photo of the test structure (in millimetre). 5 

 6 

4.2 Test data 7 

The first validation of the prediction model is conducted on a set of simulated test data, where 8 

the ground truth is known. In particular, test data from 5400 hysteresis loops are generated from 9 

1800 three-story “virtual” buildings with different model parameters to simulate a wide range 10 

of different structural behaviours based on the Bouc-wen and Baber-Noori models in Equations 11 

(7)-(8). Note, the prediction model is trained using a suite of 60 earthquakes [59], while the test 12 

data is simulated using a set of 6 new earthquake records in Table2 different from the prior 60 13 

earthquakes to test the robustness of the training model to future earthquakes.  14 

 15 

In addition, prediction robustness is also tested by adding 2%, 5%, 7% and 10% root mean 16 

squared (RMS) noise to the measured acceleration and displacement. Typically, a 2~10% noise 17 

to signal ratio is considered to be a normal working range in civil engineering applications. [52, 18 
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61-64]. Hence, noise and robustness to noise are included and assessed.  1 

 2 

4.3 Application to real data 3 

Finally, the prediction model is applied to the real data from the E-defence building [60]. 4 

Results are compared to the baseline SHM results identified using the hysteresis loop analysis 5 

method, which has been proved to be accurate with an average of 5% identification error for 6 

each event [60]. In all cases, empirical cumulative distribution functions (ECDF) of the absolute 7 

prediction errors are calculated to show the training and test accuracy: 8 

𝐹(𝑒) =  
1

𝑛
∑ 1{0.01 ∗ |𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑙𝑎𝑏𝑒𝑙𝑠 − 𝑡𝑟𝑢𝑒 𝑙𝑎𝑏𝑒𝑙𝑠| < 𝑒}𝑛

𝑖=1            (10) 9 

where n is the number of samples and e is the prediction error. 1{∙} is an indicator function 10 

returning 1 if the statement is true, and 0 otherwise. The value of 0.01 indicates error percentage 11 

between the predication and true labels. 12 

 13 

5 Results and Discussion 14 

5.1 Results on test data from virtual buildings 15 

Figure 7 shows calculated accuracy, F(e), of 30000 training samples and 5400 test samples, 16 

respectively. Predication errors of 98.8% of training samples and 97.2% of test samples are 17 

smaller than 5%, where a <5% identification error compared to other published SHM results in 18 

civil engineering structures indicates very good prediction accuracy considering the 19 

environmental variability [2-4, 60]. In addition, this result validates the efficacy and uniqueness 20 

of HOS features in discriminating different types of structural behaviours, thus validating its 21 

generalizability. More importantly, good accuracy also shows the robustness of the trained 22 

model to future earthquakes since different sets of earthquake records are used for the training 23 

and test data. 24 
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 1 
Figure 7 Prediction accuracy ECDF for training and test sets, where 0% error is above 83% 2 

of cases on the y-axis 3 

 4 

The convergence of training and test accuracy between 1~5% error at each epoch is plotted in 5 

Figure 8. It shows the pretrained weights using autoencoders, rather than using a randomly 6 

initialized start from a good solution, allows gradient descent to work well, leading to good 7 

convergence.  8 

  9 
(a)                                                                  (b) 10 

Figure 8 Convergence at each epoch of: (a) training accuracy and (b) test accuracy. 11 

 12 

Prediction accuracy is expected to increase as the size of training data increases. However, 13 

training time would also increase exponentially with increasing numbers of training samples. 14 

To obtain an effective training data size, the prediction performance under different sizes of 15 
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training data were tested for 3000(3K), 6000(6K), 10000(10K), 15000(15K), 20000(20K), 1 

25000(25K)  and 30000(30K) sizes. Figure 9 compares the accuracy of the test sets using 2 

different numbers of training samples. Average test accuracy within 1~5% prediction error is 3 

significantly improved from 92.8% to 96.0% when the number of samples increases from 4 

3000(3K) to 20000(20K). However, prediction accuracy was only slightly improved from 5 

96.0% to 96.4% by changing the size from 20K to 30K, indicating a diminishing return. There 6 

is also a clear gap between the 15K and 20K curves at 1%~3% error in Figure 9. Therefore, the 7 

minimum number of training samples is suggested to be 15~20K, in this case, as a trade-off 8 

between training time and prediction accuracy. 9 

 10 

Figure 9 Effect of number of samples on prediction accuracy. 11 

 12 

Sensor noise and/or environmental variability are common in measuring dynamic response 13 

during earthquakes. The robustness of the trained model to measurement noise is also evaluated. 14 

Figure 10 compares the test accuracy without (noise-free) and with 2~10% RMS noise in the 15 

test data. Prediction accuracy degraded with increase noise intensity, as expected. However, 16 

test accuracy at 5% absolute prediction error is 91.6% with 10% added noise, which is still very 17 

good.  18 

 19 
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  1 

Figure 10 Effect of added noise on the predication accuracy. 2 

 3 

5.2 Validation and Application to real data 4 

The predicted DI labels of the real building at each story over the six earthquake events in both 5 

x and y directions are plotted in Figure 11. Significantly higher DI, indicating higher 6 

degradation/damage, are predicted during events #4 and #6, corresponding to their higher PGA 7 

and stronger shaking, as shown in Table2.  8 

 9 

  10 
  (a)                                                                        (b) 11 

Figure 11 Predicted DI of each story over the six earthquakes at (a) x-direction and (b) y-12 

direction. 13 

 14 

These predicted DI labels can thus be transformed into the detailed stiffness drops and 15 

compared to the HLA identification result after each event, as shown in Figure 12. Note,  the 16 

stiffness value at event number “0”represents the initial stiffness set to be 100%, and stiffness 17 
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values at other events #1~6 represent the stiffness percentage after each event. The comparison 1 

in Figure 12 clearly shows a very good match in the trend of stiffness drops after each event 2 

between the HLA identification and the DLN prediction, where the accuracy of the HLA 3 

identified stiffness has been validated with an average error of less than 5% [60].  4 

 5 

  6 

  7 

  8 
  (a)                                                                        (b) 9 

Figure 12 Predicted stiffness drops compared to the HLA SHM results of each story over the 10 

six earthquakes at (a) x-direction and (b) y-direction. 11 

 12 

 13 

The difference of stiffness drops between HLA and DLN is listed in Table 3. The average 14 

difference between HLA and DLN is 1.1~4.6% with standard derivation (SD) 0.8~2.8% across 15 

all events, stories, and directions. These results indicate the accuracy of DLN is similar to HLA 16 
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with an average ~5% prediction error.  1 

 2 

In addition, 32 out of 36 (88.9%) cases/loops in Table 3 have differences smaller than 5%. This 3 

result further validates the trained model has a prediction accuracy of 91.6% with error smaller 4 

than 5% when significant, real experimental environmental variability is included. The baseline 5 

values from HLA might also have a 5% error compared to the ground truth should also be 6 

considered. Finally, the sample number of the real building is small (36) compared to the test 7 

sets (5400). Hence, the model has generalized well with equally good accuracy. 8 

 9 

Table 3. Difference of stiffness drops between HLA and DLN  10 

Event 
x-direction y-direction 

1st story 2nd story 3rd story 1st story 2nd story 3rd story 

1 1.0% 6.2% 0.5% 0.1% 2.3% 0.5% 

2 1.0% 3.8% 1.0% 1.3% 2.6% 1.0% 

3 1.2% 4.2% 6.8% 2.9% 1.2% 0.3% 

4 3.2% 4.4% 6.2% 3.0% 0.2% 0.1% 

5 4.2% 4.1% 6.5% 0.8% 1.6% 1.9% 

6 3.7% 4.9% 1.7% 2.8% 2.0% 2.6% 

Mean 2.4% 4.6% 3.8% 1.8% 1.7% 1.1% 

SD 1.3% 0.8% 2.8% 1.2% 0.8% 0.9% 

 11 

Comparing these two SHM approaches, the predicted DI labels only indicate the relative 12 

stiffness drop of each story during an earthquake, while HLA identifies the evolution of the 13 

actual stiffness values of each story. HLA thus provides foundation to create a model for further 14 

analysis on safety, damage mitigation, and thus re-occupancy, where the DLN method 15 

presented only provides damage identification. In addition, the implementation of HLA can be 16 

done within hours, whereas training the DLN model is time consuming, costing about 1 day to 17 

run the simulation and training algorithm on a 16 GB Intel Core i-7 machine. However, the 18 

trained model can be readily used once trained complemented in the following cases, and thus 19 
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shows the potential to provide the prediction results in near-real time if the hysteresis loops can 1 

be established in near-real time fashion [34]. Therefore, the predicted DI labels could be used 2 

as a quick indicator of damage assessment and structural safety, as well as indicating to the 3 

defined damage states in Table 1. A detailed structural analysis for further risk analysis from 4 

subsequent shocks, damage mitigation and re-occupancy would be required based on HLA 5 

identification.  6 

 7 

Finally, because both methods are model-free, they are generalizable to a wide range of 8 

structural behaviours, such as linear, yielding and pinching behaviour. Thus, they avoid 9 

mismatch issues found with traditional model-based methods [10], and also offer the potential 10 

to provide an alarm or other notice immediately to emergency response and/or the owners and 11 

managers of the structure without detailed engineering analysis. 12 

 13 

6 Conclusions 14 

In this paper, a deep learning network (DLN) based on hysteresis loop analysis is proposed to 15 

predict the damage index (DI) of stiffness degradation for damage assessment during 16 

earthquakes. The main contribution of developing the DLN model is to provide a fast, ready 17 

and quantified assessment of stiffness loss and damage states for retrofitting and decision 18 

making immediately after an earthquake. Based on the validation against simulated and 19 

experimental data from a full-scale 3-story real building, the following conclusions can be 20 

drawn: 21 

 The prediction accuracies with error less than 5% of training and test data without added 22 

noise are 98.8% and 97.2%, respectively, indicating good convergence and accuracy of 23 

the proposed DLN model. This result also validates the HOS feature is an effective 24 

descriptor of stiffness evolution for damage identification. 25 
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 Two different sets of earthquake records are used to obtain training and test data, thus 1 

showing the robustness of the trained DLN model to future unknown earthquakes. 2 

Because the HOS features are extracted from segregated half cycles of hysteresis loop, 3 

each half cycle can be classified into 4 typical shapes and the HOS features only need 4 

to capture the dominant gradient/stiffness of each half cycle regardless of the shape of 5 

hysteresis loops.  6 

 The test results with the 2~10% added noise shows the effect of sensor noise and 7 

environmental variability on prediction accuracy. However, Test accuracy of 91.6% can 8 

still be achieved with 10% added noise. Better accuracy could be obtained with 9 

additional signal processing methods, requiring a further study in future research.  10 

 The identified stiffness degradation between DLN and HLA methods match very well 11 

with the average difference 1.1~4.6% across all the six events at both directions. It 12 

shows the capability of the DLN model to predict, potentially automated for a real 13 

structure accurately and consistently in longer term monitoring. 14 

 The comparison study shows the potential of DLN and HLA method to be implemented 15 

automatically in practical SHM, where the DLN demonstrates its potential to provide a 16 

rapid, near real-time alarm or other notice on damage states, and HLA would enable a 17 

detailed analysis for assessing risk of further damage or collapse in subsequent shocks. 18 

 19 
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