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Photo of the Kaikōura Peninsula and Seaward Kaikōura Range taken from the deck of the R.V. Tangaroa 

 
 
 
“The earthquake has taken great crags and bumped them together, it has filled deep chasms with 

piled rock, and debris and trees, and it has buried the road under such a mountain of earth as it 

will take months to remove. For a distance of half a mile the jutting peaks have been torn from 

the towering cliff, and cast headlong down into the sea... Huge boulders, weighing many tons, 

have been pitched lightly out on the beach, like children’s toys. The whole cliff side has been 

taken toll of until the eye grows weary with the confusion of rocks and debris. Here nature seems 

to have made one immense effort to overawe us with the immensity of her power, and to prove 

to puny man his feebleness and impotence.” 

 
- Special Reporter for the Press, 18th November 1901, Page 5, on the aftermath of the 1901 Mw 6.9 

Cheviot Earthquake at Gore Bay 
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Abstract 
Coseismic landslides are one of the most impactful secondary hazards resulting from large 

earthquakes. Determining the physical factors that dictate landslide hazard during earthquakes is 

critical to improving landslide susceptibility models and hazard plans. The 2016 Mw 7.8 

Kaikōura earthquake in the northeast South Island of New Zealand ruptured more that 20 on- and 

off-shore faults, and triggered more than 30,000 landslides. The exceptional documentation of 

faults and landslides from the event and the diversity of lithology and topography in the 

Kaikōura region present an opportunity to better understand seismic hazard and landslide 

susceptibility. This thesis presents a detailed analysis of landslide susceptibility from the 

Kaikōura earthquake with a primary focus on two factors which influence the distribution of 

landslides from the Kaikōura earthquake: surface fault ruptures and coastlines.  

 

Distance to a surface fault rupture, which may include the influence of both ground motion and  

physical properties of the fault zone, exerts one of the strongest empirical controls on the 

distribution of earthquake induced landslides from the Kaikōura earthquake. Quantifying 

coseismic deformation fields about faults is one way to define a categorical predictor for the fault 

zone in landslide susceptibility analysis. Distributed displacement around the Papatea fault in 

2016 was characterised using 3-D displacement fields to estimate the potential extent of the fault 

zone. The magnitude of displacement was compared to currently defined ‘fault avoidance zones’ 

which capture the majority of, but not all, significant distributed displacement from the Kaikōura 

earthquake. The same estimation of distributed displacement was then measured across 13 

additional fault ruptures from the Kaikōura earthquake to determine the width of off-fault 

displacement and deformation, which is a proxy for the fault damage zone around surface fault 

ruptures. A higher density of earthquake induced landslides observed within this zone across 

ruptures cannot be fully explained by the attenuation of shaking in current strong ground motion 

models.  

 

Comparative logistic regression models of regional landslide susceptibility were developed to 

further examine the relative influence of ground motion and the fault damage zone as well as the 

effect of other factors like distance to the coastline. Models confirm the observed contribution of 

the fault damage zone around faults but also suggest that strong ground motion plays a more 
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significant role in the overall distribution of landslides. Improved ground motion models, based 

on more robust observational ground motion data and quantification of near-fault site effects, 

will be key to furthering our understanding of landslide susceptibility around faults. 

  

There was an order of magnitude greater number of landslides from the Kaikōura earthquake on 

slopes within 1 km of the coast as compared to slopes from 1 to 3 km from the coast. Coastal 

slopes introduce a variety of site-specific landslide forcings, for example wave action, and 

susceptibility factors, like increased moisture, but these factors are rarely incorporated into 

regional earthquake induced landslide susceptibility studies. Comparative logistic regression 

models of landslide susceptibility suggest that slope angle dominates both inland and coastal 

landslide susceptibility in the Kaikōura region. Average slope is steeper along the uplifted 

Kaikōura coast – a legacy effect of past wave action, erosion, and relict landsliding.  

 

While most coastal slopes in the Kaikōura region are buffered from wave action by uplifted 

shore platforms, at Conway Flat, south of Kaikōura, coastal cliffs are exposed to wave action at 

high tide. The edge of the coastal cliff top was repeatedly mapped at Conway Flat using a 72-

year record of historical aerial imagery and recent lidar. In this location, the Kaikōura earthquake 

produced nearly 25% of cumulative coastal cliff retreat over the last 72 years. More than 50% of 

retreat at Conway Flat since 1950 can be traced back to strong ground motion in earthquakes. 

Estimates of strong ground motion recurrence and potential coseismic retreat can be used 

alongside current estimates of cliff retreat to gauge the influence of earthquakes on steep 

coastline evolution globally. 

 

The results of this work have improved our understanding of coseismic landslide susceptibility 

on a regional scale and offer some insights into the fundamental processes governing slope 

failure in large earthquakes. These types of contributions help to bridge the divide between 

practical and fundamental science aims (e.g., between empirical and physics-based, or regional 

and site-specific models) and represent critical steps towards increasing resilience to 

earthquakes. 
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Prologue 

Scientific Context 

Earthquake induced landslides in steep terrain represent a significant coseismic hazard. 

Globally, earthquake induced landslides were responsible for more than 70,000 fatalities 

between 1968 and 2008 (c. 5% of all earthquake related fatalities; Marano et al., 2010), and 

nearly $150 billion (USD) in total economic losses between 1900 and 2012 (c. 5% of earthquake 

related loss; Daniell et al., 2012). As a result, identifying areas susceptible to landslides on a 

regional scale is extremely important and has been at the forefront of natural hazards research for 

decades (e.g., Keefer, 1984; Fan et al., 2019). This research focus has resulted in improved 

modelling techniques, including the use of statistical and machine learning methods for landslide 

identification and prediction (Reichenbach et al., 2018), and a better understanding of landslide 

process (e.g., Budimir et al., 2015) but there remain fundamental knowledge gaps that limit our 

ability to predict where landslides will occur during earthquakes. Some of these knowledge gaps 

are inherent and difficult to overcome, for example our inability to predict where and when 

earthquakes will occur. Others, for example a limited understanding of the relationship between 

fault damage zones and ground motion amplification, may relate more to a lack of 

instrumentation or otherwise limited sources of observational data. In respect to the latter, each 

large earthquake provides additional data and an opportunity to learn more about the processes 

that drive earthquake induced landslides. 

The 2016 Mw 7.8 Kaikōura earthquake on the northeast South Island of New Zealand 

was one of the most complex earthquakes ever recorded (Hamling et al., 2017). The earthquake 

ruptured more than 20 on- and off-shore faults (Litchfield et al, 2018) and generated more than 

30,000 landslides across the North Canterbury and Marlborough Regions (Massey et al., 2018, 

2020a). While earthquake induced landslides did not cause any fatalities during the earthquake, 

they did disrupt national transportation and resulted in an estimated $2 billion (NZD) in damage 

to road and rail infrastructure (New Zealand Treasury, 2016).  

Detailed earthquake induced landslide inventories were produced for the Kaikōura 

earthquake by Massey et al. (2018, 2020a) and Tanyas et al. (2022). Massey et al. (2020a) 

demonstrated the strong influence of geology, slope, distance to a surface fault rupture, and 

strong ground motion on the regional distribution of landslides. The importance of surface faults 

has been observed in other events around the globe (Fan et al., 2019; Gallen et al., 2015; Budimir 
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et al., 2015), and likely results from a combination of strong ground motion and near-fault 

processes (Kim et al., 2004; Meunier et al., 2013; Tatard and Grasso, 2013). The relative 

importance of these two factors, however, remains largely unclear. Massey et al. (2018) also 

identified a high density of earthquake induced landslides in proximity to the Kaikōura coast 

with no clear geologic or topographic control. While a high density of earthquake induced 

landslides have been identified on coastal slopes around the globe (e.g., Griggs and Plant 1998; 

Collins et al., 2012), to date, few studies have considered the potential influence of coastal 

processes on regional earthquake induced landslide distributions or the influence of earthquakes 

on coastline retreat.  

 

Aim 

Using the 2016 Kaikōura earthquake as a guide, the aim of this thesis is to incrementally 

expand our understanding of the variables that govern earthquake induced landslide 

susceptibility, to untangle earthquake contributions to landscape evolution, and to improve 

hazard planning tools. More specifically the thesis focuses on answering several main questions: 

1) What role do surface fault ruptures and strong ground motion play in the distribution of 

earthquake induced landslides? 2) How can we better plan for secondary hazards around faults? 

3) Do regional earthquake induced landslide susceptibility models capture the influence of 

increased coastal susceptibility? and 4) What is the contribution of earthquakes to coastline 

evolution? 

 

Thesis Format and Previous Literature 
The chapters of this thesis seek to answer the questions posed above. Each of the five 

main chapters comprises work that, at the time of this writing, has either 1) been published 

(Chapters 1 and 2), 2) been submitted for publication (Chapters 4 and 5), or 3) is in preparation 

for submission (Chapter 3). As a result, each chapter is self-contained. The aim, scope, and 

information on related previous research is fully contained within each chapter. The overall 

length of chapters and the quantity of pertinent information provided in appendices is largely 

governed by publication constraints and has not been substantially altered herein. It is also worth 

mentioning that development for publication has resulted in some repetitive literature review 

across chapters. 
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Although an exhaustive literature review is not included for the overarching thesis, 

several publications are worth highlighting as they provide strong background and precedent for 

the work presented throughout. Massey et al. (2018 and 2020a) provide a detailed overview of 

the landslide distribution from the 2016 Kaikōura earthquake and how it compares with other 

earthquake events. Fan et al. (2019) provides a detailed literature review on the field of 

earthquake induced landslides and Reichenbach et al. (2018) provides a strong overview of the 

use and challenges of machine learning for landslide susceptibility. These are frequently 

referenced in the literature review and/or methods sections for each chapter. 

 

Chapter Overview 

Chapter 1 sets the stage for the two subsequent chapters by exploring how coseismic 

displacement is distributed around the Papatea fault. At the surface, the Papatea fault had up to c. 

9.5 m of vertical displacement during the 2016 Kaikōura earthquake. A three-dimensional 

displacement field is used to measure the maximum extent of distributed off-fault displacement 

and the horizontal gradient of vertical displacement. Existing fault avoidance zones developed 

for the Papatea fault capture most, but not all, significant displacement. The maximum width of 

off-fault displacement may approximate a minimum extent of the fault damage zone around the 

Papatea fault. The chapter gives suggestions for how we might revise hazard planning guidelines 

in New Zealand and sets up the methodology used in Chapter 2.  

Chapter 2 examines the regional distribution of landslides around 14 surface fault 

ruptures from the 2016 Kaikōura earthquake in an effort to disentangle the contribution of strong 

ground motion from properties of the fault zone. The off-fault deformation zone, a regional 

proxy for the fault damage zone, was estimated using the maximum width of distributed 

displacement described in Chapter 1. A higher density of landslides is observed within this off-

fault deformation zone and is not fully explained by current ground motion models.  This 

suggests that the combination of a strong ground motion intensity measure and the off-fault 

deformation zone could serve as a potential alternative to the distance to surface fault rupture 

variable in landslide susceptibility models. 

Chapter 3 develops updated landslide susceptibility models for the 2016 Kaikōura 

earthquake. The chapter investigates the predictive potential of the off-fault deformation zone 

described in Chapter 2 alongside a variety of common predictive susceptibility and ground 



 13 

motion variables. Logistic regression models are used to compare models with and without 

distance to a surface fault rupture. The chapter finds that models with strongly predictive ground 

motion intensity measures that exclude distance to a surface fault rupture perform nearly as well 

as models that include distance to a surface fault rupture. Including the off-fault deformation 

zone slightly improves models. Enhanced ground motion models, likely necessitating additional 

observational data, would be required to further investigate the influence of near-fault ground 

motion. 

Chapter 4 reexamines the distribution of coastal landslides from the 2016 Kaikōura 

earthquake and tests the efficacy of regional landslide susceptibility models applied to coastal 

regions. There is an order of magnitude greater landslide density from the Kaikōura earthquake 

within 0 to 1 km of the coast as compared to 1 to 3 km. This chapter compares logistic regression 

landslide susceptibility models for these two regions and finds largely similar factors controlling 

the distribution of landslides. Steeper slopes, a legacy effect of past erosion within 1 km of the 

Kaikōura coast, likely contribute to the density of landslides. 

Chapter 5 explores the influence of earthquakes on long-term coastal retreat at Conway 

Flat, a highly erodible section of coastal cliffs south of Kaikōura. Conway Flat experienced 

widespread failure under relatively low ground motion conditions during the 2016 Kaikōura 

earthquake. Coastal cliff-top retreat at Conway Flat is estimated using repeat mapping and 

measurement on historic aerial imagery. The Kaikōura earthquake accounts for nearly a quarter 

of retreat at Conway Flat since 1950 and strong ground motion may contribute to more than half 

of retreat over the same time period.  Evidence of widespread retreat is likely ephemeral. This 

chapter develops a simple tool to estimate the influence of earthquakes in other regions. 

The research chapters of this thesis (Chapters 1 to 5) form a cohesive narrative with 

respect to the research questions above. In some cases, there are minor disconnects between 

chapters and known opportunities for additional research. The independent development of 

chapters for publication and the order in which research was conducted are largely responsible 

for these gaps. For example, Chapter 4 relies primarily on variables presented in previous studies 

of landslide susceptibility from the Kaikōura earthquake (Massey et al., 2018; 2020) rather than 

using the preferred variables identified in Chapter 3. This is because the analysis in Chapter 4 

was conducted and submitted for publication prior to the completion of research presented in 

Chapter 3, and the purpose of Chapter 4 was to test pre-existing claims and models. Some of 
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these additional opportunities for research are discussed in greater length in Chapter 6 alongside 

concluding remarks. 
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Chapter 1 - Distributed displacement on the Papatea fault from the 2016 
Mw 7.8 Kaikōura earthquake and implications for hazard planning 

 

Bloom, C., Stahl, T., and Howell, A., 2021, Distributed displacement on the Papatea fault from 
the 2016 Mw 7.8 Kaikōura earthquake and implications for hazard planning: New Zealand 
Journal of Geology and Geophysics, doi:10.1080/00288306.2021.1975777. 

 

Abstract 
 
The distribution of ground motion, displacement, and secondary hazards around active faults is 

defined by the interaction of tectonic and site characteristics including fault kinematics. As a 

result of this complexity, recommendations for fault setback distances or avoidance zones are 

necessarily simplified. Distributed vertical coseismic displacement from the 2016 Mw 7.8 

Kaikōura earthquake was observed up to c. 500 m on either side of the sinistral-reverse Papatea 

fault. On average, c. 32% (2.13 m) of vertical displacement was measured at distances >50 m 

from the Papatea fault. Additionally, in places, there is strong asymmetry where displacement 

was accommodated over a wider area in the hanging wall of the fault, a common observation 

around many dip-slip fault ruptures globally. The distribution of displacement around the 

Papatea fault is compared to the current fault avoidance zone. Increasing the size of the fault 

avoidance zone by 10 m captures 11% more area with a high gradient of vertical displacement. 

Given these results and similar findings for other faults globally, it is recommended that existing 

standards for fault avoidance zones be evaluated to ensure their ongoing efficacy. 
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Introduction 
Strong ground motion, surface displacement, liquefaction, and coseismic landslides are 

among the major hazards to life and infrastructure associated with large earthquakes (Quigley et 

al., 2012; Van Dissen et al., 2011; Massey et al., 2018; Fan et al., 2019; Van Dissen et al., 2019; 

Massey et al., 2020a). These hazards are often concentrated near surface rupturing faults (e.g., 

Dong et al., 2004; Kelson et al., 2001; Massey et al., 2018; Van Dissen et al., 2019). As a result, 

authorities around the globe have adopted planning efforts to mitigate risk through fault 

avoidance zones, enhanced geotechnical investigation prior to new development, and retrofitting 

requirements for existing infrastructure near active faults (Kerr et al., 2003; Bryant, 2010; 

Villamor et al., 2012). 

Uncertainty over single-event displacements and how displacement is distributed across 

the fault zone typically necessitates the use of simple buffers around mapped fault traces to 

define a fault avoidance zone. For instance, the New Zealand Ministry for the Environment 

(MfE) Guideline for Development of Land on or Close to Active Faults (Kerr et al., 2003), 

recommends a minimum fault avoidance zone of 20 m on either side of mapped fault traces. 

While these guidelines allow for flexibility in defining a wider avoidance zone based on the 

observed width of the deformation zone about the fault traces (e.g., Villamor et al., 2012), 

detailed coseismic surface deformation data on which to base these estimates rarely exists. Fault 

zones can extend up to hundreds of metres from the primary fault plane and coseismic 

displacement can be non-uniformly accommodated by both primary surface ruptures and other, 

mostly brittle, off-fault deformation that can be more difficult to identify in the landscape (e.g., 

Mitchell and Faulkner, 2009; Shelef and Oskin, 2010; Van Dissen et al., 2011; Quigley et al., 

2012; Vallage et al., 2015; Milliner et al., 2015; Hale et al., 2017; Scott et al., 2018).  

Individual site and fault characteristics including sense of fault motion and rupture 

direction play important roles in determining the location, extent, and magnitude of distributed 

coseismic deformation, and in turn, coseismic hazards (e.g., Kame et al., 2003; Fliss et al., 2005; 

Faulkner et al., 2011; Vallage et al., 2016; Thomas et al., 2017; Boncio et al., 2018; Dolan and 

Haravitch 2014; Choi et al., 2016; Klinger et al., 2018). For instance, damage to infrastructure is 

more severe, the incidence of coseismic landslides is increased, and rock mass strength is 

reduced in proximity to fault surface ruptures, especially within the hanging walls of dip-slip 

faults (e.g., White et al., 1986; Knott et al., 1996; Aarland and Skjerven, 1998; Berg and Skar, 



 22 

2005; de Joussineau and Aydin, 2007; Choi et al., 2016; Boncio et al., 2018; Van Dissen et al., 

2019). 

A number of factors influence the width and asymmetry of distributed coseismic 

displacement around faults. Material properties, for example, are one first-order control on 

deformation zone width. Thick sequences of poorly consolidated deposits overlying a bedrock 

fault inhibit shear localisation and thus exaggerate the extent of displacement at the surface (e.g., 

Bray et al., 1994; Treiman et al., 2002; Oskin et al., 2012). Asymmetry, specifically wider zones 

of deformation in hanging walls, has been attributed to (i) shorter distances from the fault plane 

at depth to the surface due to fault curvature and dip; (ii) weaker rock surrounding the fault due 

to increased gravitational stresses in the hanging wall of reverse faults; and (iii) a positive 

feedback loop in which asymmetric coseismic strain contributes to fault damage zone 

development, reducing the yield strength of the surrounding rock mass and, in turn, making it 

more easily deformed in future events (Philip et al., 1992, Kelson et al., 2001, Ostermeijer et al., 

2020). More intense rock mass deformation around faults has also been attributed to enhanced 

seismic energy at the interface with weaker fault damaged material and trapped seismic energy 

within the hanging wall wedge (Abrahamson and Somerville, 1996; Shi et al., 1998; Faulkner et 

al., 2011; Tatard and Grasso, 2013). While the factors that influence distributed deformation 

about a fault are variable and complex, defining the areal extent over which they operate is 

critical to improving recommendations for development around faults. 

Here, coseismic displacement fields derived from aerial imagery acquired before and 

after the 2016 Mw 7.8 Kaikōura earthquake in the northeastern South Island of New Zealand are 

analysed. A variably wide and asymmetric zone of distributed displacement is documented about 

the sinistral-reverse Papatea fault that aligns well with global observations from other fault zones 

and highlights the need to: (1) identify potential surface rupture hazards near active faults; and 

(2) account for potential off-fault deformation when defining fault avoidance zones. 

 

The 2016 Kaikōura earthquake and Papatea fault rupture 

The 2016 Mw 7.8 Kaikōura earthquake was a complex multi-fault rupture that initiated on 

the Humps fault in North Canterbury and propagated some 180 km to the north (Litchfield et al., 

2018; Nicol et al., 2018; Figure 1.1). Surface ruptures were identified on 20 onshore and offshore 

faults with a range of orientations and relative motions (Litchfield et al., 2018). The largest 
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vertical surface fault offset (up to c. 9.5 ± 0.5 m) occurred on the sinistral-reverse Papatea fault 

(Langridge et al., 2018; Figure 1.1c). 

 

Figure 1.1. Location of the 2016 Kaikōura Earthquake. A. Tectonic setting of New Zealand with 
active faults from the 250,000 scale New Zealand Active Fault Database (NZAFD, Langridge et 
al., 2016) in grey and simplified major offshore structures in blue. Black arrows show the 
relative plate motions of the Australian and Pacific plates (Beavan et al., 2002). B. Active Faults 
of the NZAFD in black and fault ruptures from the 2016 Kaikōura earthquake in red (Litchfield 
et al., 2018; Zinke et al., 2019). The Papatea Block is shaded in orange. The approximate 
location of the 2016 Kaikōura Earthquake epicentre is shown as a star. C. Enlargement 
identifying the four primary traces of the Papatea Fault (Langridge et al., 2018; Diederichs et 
al., 2019) and the location of nearby faults (Litchfield et al., 2018). The Clarence River 
floodplain and its major tributaries are shaded in blue. 
 

Extending 17 km north from the coast to just south of the Jordan fault, the Papatea fault 

forms the eastern boundary of the rotational Papatea Block (Figure 1.1; Langridge et al., 2018; 

Diederichs et al., 2019). The fault cross-cuts tightly folded basement rock of the Early 

Cretaceous Pahau terrane (primarily greywacke) and overlying Mid-to-Late Cretaceous 
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sandstones and Paleocene to Oligocene limestones (Rattenbury et al., 2006). At the surface, 

much of the fault trace propagated through variably thick sequences of Quaternary sediment that 

mantle bedrock (Langridge et al., 2018). Following the 2016 earthquake, Langridge et al. (2018) 

identified several primary fault traces: the Wainui and Wharekiri traces (Western trace), Main 

trace, and Edgecombe trace (Figure 1.1c). The Wharekiri trace lies to the west of the northern 

Main trace, within hilly terrain of the Papatea Block (Figure 1.1). The southern Main trace 

bounds the Papatea Block to the west while the northern Main trace generally follows the path of 

the Clarence River. The Edgecombe trace is situated near the coast within the plains east of the 

southern Main trace and the Wainui trace is also near the coast, within hilly terrain to the west of 

the southern Main trace (Diederichs et al., 2019; Langridge et al., 2018) (Figure 1.1c). The Main 

trace of the Papatea fault is variably dipping along strike from 56°W to 81°W with a steeper dip 

in the north and a shallower dip towards the coast (Diederichs et al., 2019). 

Average net slip on the Papatea fault during the 2016 Kaikōura earthquake was estimated 

to be 6.4 ± 0.2 m measured over apertures up to 100 m in post-event lidar (Langridge et al., 

2018). To supplement these measurements, several three-dimensional displacement fields have 

been produced to estimate slip on the Papatea fault (Zinke et al., 2019; Diederichs et al., 2019; 

Howell et al., 2020). Zinke et al. (2019) measured a maximum net displacement of 11.0 ± 0.7 m 

on the northern Papatea fault using three-dimensional ground displacement fields generated from 

satellite imagery and Optical Image Correlation (OIC) but had difficulty making measurements 

around coseismic landslides near the southern Main trace. Diederichs et al. (2019) estimated a 

net displacement of 9.0 ± 1.3 m for the northern Papatea fault and 5.4 ± 1.1 m near the coast 

using three-dimensional displacement fields generated from limited pre- and post-event lidar and 

the iterative closest point (ICP) measurement technique. Lidar coverage was not available prior 

to the event over a 4 km segment of the fault including the Seafront Landslide (Clark et al., 

2017). By manually filtering noise from displacement fields generated by differencing pre- and 

post-earthquake photogrammetry-derived point clouds, Howell et al. (2020) was able to 

accurately estimate displacement along the nearby Jordan and Kekerengu faults. This chapter 

extends the work of Howell et al. (2020) by reproducing the three-dimensional surface 

displacement field using ICP, defining estimates for the width of distributed displacement about 

the Main trace of the Papatea fault, and examining the distribution of displacement within that 
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zone. Finally, these results are compared to the current fault avoidance zone defined for the 

Papatea fault using detailed post-earthquake fault trace mapping (Litchfield et al., 2019). 

 

Data and Methods 

Three-dimensional surface displacement field 

Three-dimensional surface displacements from pre- and post-Kaikōura earthquake aerial 

image point clouds were measured following the methods of Howell et al. (2020) and Diederichs 

et al. (2019). The well documented sparse ICP method (e.g., Nissen et al., 2014; Scott et al., 

2018) was applied to 50 m by 50 m windows of the pre- and post- event point cloud data, over a 

grid with cells centred 25 m apart. The resulting overlap of 25 m between neighbouring pixels 

allowed for a high-resolution displacement field capable of resolving ± 0.2 metres of 

displacement (see Howell et al., 2020 for detailed description of data and methods). 

Displacement values are relative to the pre-event surface (e.g., positive vertical displacement is 

an increase in elevation relative to the pre-event surface based on the New Zealand Vertical 

Datum 2016). 

 

Fault Perpendicular Profiles 

Using the three-dimensional displacement fields, developed around the Papatea fault 

(Figure 1.2a), the Main trace of the Papatea fault was mapped and swath profiles (2 km long and 

400 m wide) were defined perpendicular to local fault strike at 400 m intervals. Noise from 

identifiable sources (primarily from slope failures and vegetation) was removed from the swath 

profiles to maximize the signal to noise ratio of tectonic displacement (Figure 1.2). Where 

landslides or other sources of noise overwhelmed the displacement field within a given swath 

profile, the profile was not included in the analysis. 
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Figure 1.2. A. Three-dimensional displacement fields from the 2016 Kaikōura earthquake 
centred on the Papatea fault. The displacement field was produced using a windowed 
implementation of the iterative closest point algorithm on point clouds generated from pre- and 
post-event aerial imagery. Displacements are relative to the pre-event surface. The colourmap 
shows vertical displacement while the vectors represent down-sampled horizontal displacements 
from the 25 m north-south and east-west displacement fields measured in Panel B. The yellow 
star represents the approximate location of the fault-perpendicular profiles in the next panel. B. 
Example displacement profiles perpendicular to local fault strike at 8400 m south along the 
Main trace of the Papatea fault (shown in Figure 1.3).  Labels show the direction of 
displacement (N-S, E-W, U-D or Up-Down) and identify the hanging wall and footwall. 
Identifiable noise was manually removed from the profile data (black points) and a width of 
distributed displacement was measured manually.  Total displacement was calculated based on 
the median displacement from 500 m to 1000 m from the fault (dashed black line at 0 m). For 
each of the three displacement components (east-west, north-south, and vertical) the cumulative 
displacement from a moving window of the data is shown on the right as a red line. A straight 
dashed green line spans the measured width of displacement. In north-south and vertical 
components of the example cases, the area over which displacement is accommodated is 
asymmetrically skewed towards the hanging wall while the percent of displacement is more 
equally distributed about the fault. Total displacement in metres is noted for each component. As 
an aside, the width of displacement observed within the fault hanging wall in the north-south 
component (c. 700 m from the fault) was the largest observed for the Papatea fault. 

 

For swath profiles through each of the three displacement fields (north-south, east-west, 

and vertical) a 10 m moving window median of the displacement data was defined, total 

displacement with a one standard deviation uncertainty (±1 σ) was estimated, and the width of 

distributed displacement was manually defined following the methods of Milliner et al. (2015). 
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Here, total displacement is defined as the sum of the median displacements within 500 and 1000 

m on either side of the fault (Figure 1.2). The width of displacement did not exceed the 2 km 

length of any measured profiles. 

 

Displacement Gradient 

Using the vertical component of the displacement field a horizontal displacement 

gradient was calculated within 700 m of the Papatea fault that serves as a proxy for 1-D vertical 

coseismic strain. This measure incorporates an unknown component of rotation as well as strain, 

but it was preferred over a direct measurement of horizontal strain (e.g., Milliner et al., 2015; 

Scott et al., 2018) for three reasons. First, infrastructure damage following surface rupturing 

earthquake events is often observed in areas with a high horizontal gradient of vertical 

displacement (e.g., Kelson et al., 2001; Dong et al., 2004, Van Dissen et al., 2019). Second, 

along most of the Papatea fault, vertical offsets were significantly greater in magnitude than 

horizontal offsets, resulting in a greater signal-to-noise ratio for measurements. Third, the 

vertical component of displacement does not include noise associated with the known limitations 

of the ICP algorithm in flat areas (Scott et al., 2018; Howell et al., 2020). Of note, the 50 m x 50 

m window size used in point-cloud differencing to produce the ICP displacements may lead to 

some minor smearing of the displacement gradient field, but this smearing is over too short a 

wavelength to influence the results. 

To control for the effect of coseismic landslides on the horizontal gradient of vertical 

displacement, the 2016 Kaikōura landslide database (Massey et al., 2020a) was buffered by 20 m 

and removed landslide areas from the displacement field. The horizontal gradient of vertical 

displacement was calculated using the slope tool in ArcGIS. Despite removing the influence of 

coseismic landslides, some additional non-tectonic vertical displacement, likely from vegetation 

growth and river avulsion, was captured within the horizontal gradient of vertical displacement. 

Areas with non-tectonic sources of displacement, for example river avulsion and vegetation 

growth, were visually identified and excluded from the analysis to produce an interpreted 

tectonic horizontal gradient of vertical displacement. Using this dataset, the efficacy of several 

potential fault avoidance zones were measured, including a 20 and 50 m buffer around detailed 

fault mapping by Langridge et al. (2018) and the fault avoidance zone developed for the Papatea 

fault using post-earthquake detailed fault mapping by Litchfield et al. (2019). 
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Results 

Total displacement and width estimate from fault perpendicular profiles 

Vertical displacements were generally well resolved along the Papatea fault except where 

gaps were present in the dataset due to the removal of large coseismic landslides (Limestone Hill 

and Seafront landslides) which would otherwise obscure the tectonic displacement signature 

(Figure 1.3). Average total vertical displacement (± 1σ) was estimated at 7.43 ± 1.83 m and the 

average width of distributed displacement (± 1σ) was c. 480 ± 200 m (Figure 1.3). Due to 

increased noise, fewer profiles were measured in the east-west and north-south displacement 

components. Of the profiles measured, average east-west displacement was estimated to be 4.65 

± 1.01 m over an average width of c. 567 ± 200 m. Average north-south displacement was 

estimated to be 4.42 ± 0.64 m over an average width of c. 455 ± 230 m. These figures generally 

match well with previously reported displacements along the Main trace of the Papatea fault 

(Diederichs et al., 2019). 

As discussed in the introduction, high variability in the width of displacement could be 

the result of a number of factors including variable fault dip and shape, thickness of overlying 

unconsolidated sediment, and lithologic variation. It is difficult to decouple these trends around 

the Papatea fault as the fault both cross-cuts geologic units and bedrock is overlain by variably 

thick packages of Quaternary gravel that may distribute displacement over a slightly wider area 

(Zinke et al., 2014). 
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Figure 1.3. A. Width of distributed vertical displacement about the Papatea fault from the 2016 
Kaikōura earthquake. Profile locations are labelled based on their distance south along the 
mapped fault trace which starts at the northernmost edge of the panel. B. Distribution of 
normalised vertical displacement (shown as a 30 m moving average) at profile locations shown 
in the first panel (Colours match between profiles). Normalised vertical displacement represents 
the proportion of total vertical displacement at a given distance in each profile. Each plot has 
the same vertical scale and is directly comparable with the other plots. Profiles represent 
vertical displacement on the Main trace with the exception of 10,400 and 10,800 m along fault 
which cross both the main trace and the Edgecombe trace. A fault trace connecting the 
Wharekiri and Wainui traces is identified in the New Zealand Active fault database (Langridge 
et al., 2016; black dashed line) but did not rupture to the surface during the 2016 Kaikōura 
earthquake. 
 

Distribution of displacement from fault perpendicular profiles  

In the vertical displacement component, displacement is, generally, equally distributed 

between the hanging wall and footwall of the Papatea fault. The area over which that 

displacement is accommodated, however, is often wider within the hanging wall (Figure 1.3). On 

average (± 1σ), c. 60 ± 20% of area accommodating vertical displacement along the Papatea fault 
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is observed within the hanging wall (Figure 1.2 and 1.3). Interestingly, this suggests that strain is 

lower in the hanging wall than in the footwall and, here, strain may not fully explain the 

distribution of rock mass deformation. These observations are consistent with the field 

observations of Langridge et al. (2018) who noted a wide zone of ground deformation within the 

hanging wall and a much narrower deformation zone in the footwall. In areas with multiple 

parallel fault traces (i.e., the southernmost profiles), displacement appears to be similarly 

distributed over a much wider zone. 

On average across the Main trace, c. 32 ± 25% of vertical displacement is accommodated 

greater than 50 m from the fault. Given the high total displacements observed on the Papatea 

fault, in some cases this means that over 3.5 m of vertical displacement occurred greater than 50 

m from the main fault trace despite significant slip observed on the primary surface rupture itself. 

 

Horizontal gradient of vertical displacement and the Papatea fault avoidance zone  

Generally, the horizontal gradient of vertical displacement, a proxy for 1-D vertical 

coseismic strain, is highest close to the fault. This coincides well with detailed fault mapping and 

the distribution of displacement identified within fault perpendicular profiles (Langridge et al., 

2018; Figure 1.4). In the following analysis, an arbitrary gradient of ≥10% was chosen to 

represent the areas with the highest off-fault deformation; this value for the horizontal gradient of 

vertical displacement corresponds to a difference in displacement of ≥2.5 m between adjacent 

(25 m) pixels in our displacement field. A 50 m buffer around detailed Papatea fault traces 

(Langridge et al., 2018), captures the majority of the highest horizontal gradients of vertical 

tectonic displacement from the 2016 event (98% of gradients ≥10%; Table 1.1). Alternatively, a 

20 m buffer captures c. 27% less of the highest horizontal gradients of vertical tectonic 

displacement (Table 1.1). 
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Figure 1.4. Horizontal gradient of vertical displacement from the 2016 Kaikōura earthquake 
compared with the fault avoidance zone defined for the northern Papatea fault using detailed 
post-earthquake fault trace mapping (Litchfield et al., 2019). Displacement representing 
coseismic landslides was largely removed from the dataset but other non-tectonic displacement 
from river avulsion and vegetation growth is still present. Major tectonic displacement is 
generally well constrained within the fault avoidance zone. In some cases, however, areas with a 
high horizontal gradient of interpreted tectonic vertical displacement are observed tens of metres 
beyond the fault avoidance zone. Profiles A to A’, B to B’, and C to C’ correspond with the 
profile locations noted on the map. These profiles show the horizontal gradient of vertical 
displacement on the left axis and the corresponding difference in displacement between adjacent 
pixels in metres on the right axis plotted against distance from the fault in metres. The current 
fault avoidance zone is shown as solid vertical blue lines and the dashed vertical black line 
represents the centre of the mapped fault traces. 
 

The current fault avoidance zone developed for the Papatea fault captures the majority 

(83%) of the horizontal gradient of tectonic vertical displacement ≥10% from the 2016 event 

(Figure 1.4, Table 1.1). In some areas, just beyond the mapped fault avoidance zone and at fault 

tips and bends, however, high horizontal gradients of vertical displacement were observed 

outside the mapped fault avoidance zone (Figure 1.4). Increasing the width of the fault avoidance 
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zone by 10 m on either side of the fault captures c. 11% more of the horizontal gradient of 

vertical tectonic displacement ≥10% (Table 1.1). 

 

Table 1.1. Percent of Horizontal Gradient of Tectonic Vertical Displacement within fault buffers 
and the current Fault Avoidance Zone for the Papatea fault (FAZ, Litchfield et al., 2019). 
 

  Horizontal Gradient of Vertical Displacement 

Fault Zone Estimate ≥ 2% ≥ 5% ≥ 10% 

20 m Buffer 51.01% 62.95% 70.98% 
50 m Buffer 87.38% 94.86% 97.67% 

FAZ 72.33% 77.16% 82.90% 
FAZ + 10 m 82.76% 88.96% 93.52% 
FAZ + 20 m 89.28% 93.88% 96.89% 

 

Discussion and implications for hazard planning  

Zone of rock mass deformation and a new fault awareness area 

Geophysical and field observations from faults around the globe suggest that rock mass 

deformation may extend over a kilometre away from the fault especially within the fault hanging 

wall (Cochran et al., 2009; Vallage et al., 2015). These extensive zones of deformation partially 

accommodate distributed coseismic displacement.  

Displacements up to c. 700 m from the Papatea fault in profile suggest that, at a 

minimum, a similarly wide zone of rock mass deformation exists about the main trace of the 

Papatea fault. Rock mass deformation reduces rock mass strength and, as a result, this zone is 

likely disproportionately prone to coseismic hazards including enhanced strong ground motion 

and coseismic slope failure (Rault et al., 2019; Parker et al., 2015; Hale et al., 2017). Defining a 

fault avoidance zone over such a large area is likely impractical as the specific location and 

design of infrastructure plays a significant role in determining risk. That being said, care should 

be taken to incorporate knowledge of reduced rock strength, coseismic tectonic strain, and slope 

stability into infrastructure design. Geotechnical site investigations to define these parameters 

and the potential for slope failure could be warranted in areas that are near the fault but outside 

the fault avoidance zone. 
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 Action recommendations for proposed development activities have been defined for 

relatively wide ‘fault awareness areas’ in sparsely populated areas of New Zealand (Barrell et al., 

2015). These recommendations include additional building consent and engineering 

requirements within the fault awareness area. Given the observations here, a wider fault 

awareness area, in addition to the traditional fault avoidance zone, could be extended to faults in 

more populated areas to account for the increased risk of coseismic hazards within hundreds of 

metres of the mapped fault trace. In this context, the primary purpose of the fault awareness area 

would deviate slightly from the original purposes outlined by Barrell et al. (2015) to instead 

address the increased exposure to non-displacement related coseismic hazards (e.g., landslides, 

ground motion amplification, and liquefaction). In tandem with a fault avoidance zone focused 

on displacement related hazard, this new fault awareness area could provide a more 

comprehensive solution for hazard management.    

 

Fault avoidance zone 

Given the variety of recommendations for fault avoidance zones globally (e.g., Kerr et 

al., 2003; Bryant, 2010; Villamor et al., 2012), it is difficult to assign the ‘appropriate’ fault 

avoidance zone to the Papatea fault. It is even more difficult to make recommendations for faults 

with less constrained and fewer geomorphic indicators of deformation zone width. This said, the 

Papatea fault offers the unique opportunity to compare several fault avoidance zone estimates, 

including the currently established fault avoidance zone for the Papatea fault (Litchfield et al., 

2019), with measurements of the horizontal gradient of tectonic vertical displacement from the 

2016 Kaikōura earthquake. Using these comparisons, we can begin to gauge the efficacy of 

current recommendations. 

Although a portion of distributed vertical displacement was observed greater than 50 m 

from the main trace, most of the largest-magnitude 2016 off-fault displacements occurred within 

50 m of the mapped traces. This 50 m zone either side of the fault captures c. 98% of the total 

area where horizontal gradients of tectonic vertical displacement are ≥10% (≥2.5 m difference in 

vertical displacement between adjacent 25 m pixels). This compares with c. 71% within 20 m of 

the fault traces (Table 1.1).  

The current fault avoidance zone for the Papatea fault, developed following the 

recommendations of Kerr et al. (2003) and using detailed fault traces, under-represents 
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significant tectonic displacement (Table 1.1, Figure 1.4). As a point of comparison, the simple 50 

m buffer, with a total area c. 6% greater than the fault avoidance zone, captures c. 15% more area 

with horizontal gradients of tectonic displacement ≥10%. Given the availability of detailed fault 

traces to define the 2016 Papatea fault avoidance zone, it seems highly unlikely that fault 

avoidance zones developed using the same recommendations but lower resolution datasets 

and/or more mature geomorphic indicators would adequately capture the variability and often 

wide distribution of displacement around high single-event displacement faults like the Papatea. 

Thus, this study highlights that broad areas of deformation can accompany extremely accurately 

mapped and well-defined fault traces. This is similar to several extremely well-defined segments 

of the Greendale fault that ruptured in the 2010 Darfield earthquake which, despite a much lower 

magnitude of displacement than the Papatea, still exhibited greater than 100 m wide zones of 

distributed deformation (Villamor et al., 2012). Moreover, our observations from the Papatea 

fault demonstrate that, where fault slip is high, deformation close to (but not on) a fault can be 

several metres in magnitude and vary significantly over a relatively short length-scale.  

The Papatea fault likely represents an upper endmember for single-event displacement in 

New Zealand. That being said, even a limited magnitude of distributed displacement, as with the 

rupture of the Greendale fault, could pose a risk to infrastructure. It is also important to note that 

there are several faults in New Zealand likely capable of equal or greater displacement than the 

Papatea fault (e.g., the Alpine, Hope, Kekerengu, and Wairarapa faults; Langridge et al., 2016). 

In addition to the large displacements associated with slip on these clearly-defined and fast-

slipping faults, it is also possible that other minor faults close to major faults could rupture with 

large displacements. Extreme slip on the Papatea fault in 2016 may have occurred in response to 

high slip on the nearby Jordan-Kekerengu system (e.g., Diederichs et al., 2019) and it is possible 

to imagine that other minor faults may respond in a similar way. For example, the setting of the 

Whites fault, between and sub-perpendicular to the Hope and Hundalee faults, is similar to the 

setting of the Papatea fault (Zinke et al., 2019; Howell et al., 2020, Chamberlain et al., 2021); the 

possibility of high displacements on the Whites fault in the event of a combined Hope-Hundalee 

rupture should, therefore, be acknowledged. It is recommended that the possibility of high 

single-event displacements be considered during hazard assessments for faults that intersect 

other faults with known high single-event displacements. 
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Increasing the width of the current fault avoidance zone around the Papatea fault by a 

uniform 10 m on either side of the fault captures c. 11% more area with horizontal gradients of 

tectonic vertical displacement ≥10% (Table 1.1). This suggests that slightly revising the current 

recommendations for how we define fault avoidance zones in New Zealand may allow for fault 

avoidance zones that better capture variability in the distribution of displacement. These new 

observations — coupled with nearly two decades of fault avoidance zone implementation using 

existing MfE guidelines (e.g., Langridge et al., 2011; Clark and Ries, 2017; Litchfield et al., 

2019), historical surface ruptures (Villamor et al., 2012), and a growing national lidar dataset — 

present the opportunity to examine current best practices and revise recommendations in New 

Zealand accordingly. 

At present, due to a relative absence of national legislation surrounding faults in New 

Zealand, fault avoidance zones are applied and enforced to varying degrees within some regions, 

and not at all within others. Providing updated guidelines within the framework of resource 

management legislation could ensure more consistent implementation of best practices for fault 

zone hazard management at a national level. The careful implementation of effective fault 

avoidance zones is of particular urgency where high single-event displacement and dip-slip 

faults, that could exhibit wider zones of distributed coseismic displacement, meet critical 

infrastructure. 

 

Conclusions 
Coseismic surface displacement, strong ground motion, landslides, and liquefaction 

represent some of the major hazards to life safety from large earthquakes. These hazards result 

from a complex interaction between coseismic fault displacement and site characteristics. Here, 

the width and distribution of coseismic displacement was observed around the Papatea fault 

using displacement data from the 2016 Mw 7.8 Kaikōura earthquake. During the event, c. 32% 

(2.13 m) of vertical displacement occurred at distances >50 m from the mapped Papatea fault 

trace. Additionally, using the horizontal gradient of vertical displacement, coseismic 

displacement was compared to the fault avoidance zone developed for the Papatea fault 

following the 2016 Kaikōura earthquake using published guidelines from the New Zealand MfE. 

Increasing the width of the fault avoidance zone around the Papatea fault by 10 m captured an 

11% greater proportion of large distributed vertical displacement. 
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 Given these findings the following three recommendations are made:  

(1) New ‘fault awareness areas’ could be considered for faults, in addition to existing fault 

avoidance zones, to address the increased exposure to non-displacement related coseismic 

hazards (e.g., landslides, ground motion amplification, and liquefaction). 

(2) Current fault avoidance zone guidelines could be updated to incorporate lessons from nearly 

two decades of fault zone research and fault avoidance zone implementation in New Zealand. 

(3) Fault avoidance zone guidelines could be included within the framework of resource 

management legislation to ensure consistent implementation of best practices for fault zone 

hazard management across New Zealand. 
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Chapter 2 - The influence of off-fault deformation zones on the near-
fault distribution of coseismic landslides 

 

Bloom, C., Howell, A., Stahl, T., Massey, C., and Singeisen, C., 2021, The influence of off-fault 
deformation zones on the near-fault distribution of coseismic landslides: Geology, 
doi:https://doi.org/10.1130/G49429.1. 

 

Abstract 
Coseismic landslides are observed in higher concentrations around surface rupturing faults. This 

observation has been attributed to a combination of stronger ground motions and increased rock 

mass damage closer to faults. Past work has shown it is difficult to separate the influences of 

rock-mass damage from strong ground motions on landslide occurrence. Here, coseismic off-

fault deformation (OFD) zone widths are measured – treating them as a proxy for areas of more 

intense rock mass damage – using high-resolution, three-dimensional surface displacements from 

the Mw 7.8 2016 Kaikōura earthquake in New Zealand. OFD zones vary in width from ~50 to 

1,500 m over the ~180 km length of ruptures analysed. The OFD zone captures a higher density 

of coseismic landslide incidence than generic ‘distance to fault rupture’ within ~650 m of surface 

fault ruptures. This result suggests that rock mass damage effects within OFD zones (including 

ground motions from trapped and amplified seismic waves) may contribute more to near-fault 

coseismic landslide occurrence than just attenuation of ground motions that influence landslide 

incidence further from faults. The OFD zone represents a new path towards understanding, and 

planning for, the distribution of coseismic landslides around surface fault ruptures. Inclusion of 

estimates of fault zone width may improve landslide susceptibility models and decrease landslide 

risk. 
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Introduction 
Coseismic landslides are among the most widespread and impactful hazards resulting 

from earthquakes (e.g., Marano et al., 2010). As such, it is critical to identify and mitigate 

landslide risks to human life, buildings, and other vulnerable infrastructure prior to major 

earthquakes. Coseismic landslide susceptibility models (e.g., Xu et al., 2012; Reichenbach et al., 

2018) that rely on a combination of geologic, hydrologic, morphologic, and seismologic 

variables are used to inform policy makers and emergency management plans. Despite an 

increasing global catalogue of landslide inventories, regional coseismic landslide models still 

rely on predictor variables that have major epistemic uncertainties. One of the most important 

variables that has yet to be sufficiently explained is ‘distance to surface fault rupture,’ which has 

been used to account for the higher density of coseismic landslides commonly observed near 

surface rupturing faults in coseismic landslide inventories (Xu et al., 2012; Fan et al., 2019; 

Massey et al., 2020a). 

This higher incidence of landslides near faults has been attributed to two broad categories 

of physical processes: 1) stronger ground motions that attenuate with increasing distance from 

seismic sources (Meunier et al., 2007; Tatard and Grasso, 2013); and 2) geologic conditions and 

seismic site characteristics resulting from lithological contrasts, topography, and rock mass 

damage near faults (Ben-Zion and Sammis, 2003; Kim et al., 2004; Meunier et al., 2008; Gallen 

et al., 2015; Peacock et al., 2017; Wang et al., 2019). Defining the influence of each broad 

category, and the variables within them, is challenging and has limited the utility of distance to 

fault as an empirical parameter (Gallen et al., 2015; Parker et al., 2015, Reichenbach et al., 

2018).  

Advances in quantifying coseismic off-fault deformation (OFD) following earthquakes 

(e.g., Quigley et al., 2012; Milliner et al., 2015, 2016; Zinke et. al 2014, 2019) provide the 

opportunity to test the influence of OFD on coseismic landslide distributions. OFD is defined as 

secondary faulting, warping, granular flow, and brittle deformation that distributes slip off the 

primary fault plane during earthquakes producing permanent tectonic coseismic strain (McGill 

and Rubin, 1999; Milliner et al., 2015). Coseismic strain contributes to cumulative rock mass 

damage but, in a positive feedback loop, this damaged rock mass is more likely to experience 

greater coseismic strain (Ostermeijer et al., 2020). Consequently, the area of OFD about the 

fault, or the OFD zone, might approximate an area of reduced rock mass strength that amplifies 
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seismic waves and predisposes slopes to fail under lower stress (Kim et al., 2004; Parker et al., 

2015). Effectively, the OFD zone may serve as an approximation of the local site characteristics 

that influence coseismic landslide distributions near the fault. 

 Here, static surface displacement fields are calculated from the 2016 Mw 7.8 Kaikōura 

earthquake and are used to estimate the width of the OFD zone around 14 surface rupturing 

faults. The decrease in landslide density is compared with increasing distance from surface fault 

rupture – using the latest 2016 Kaikōura earthquake landslide inventory (Massey et al., 2020a) – 

to the extent of the OFD zone and ground motion attenuation models published for the Kaikōura 

earthquake. In the absence of constraints on coseismic ground motions close to faults, it is not 

possible to separate the effects of decreased rock mass strength from enhanced shaking 

associated with trapped seismic waves or lithologic contrasts. However, using the OFD zone, the 

response of landslide density can be compared to (1) “rock mass damage effects”, including both 

locally-enhanced ground motions and decreased rock mass strength; and (2) the attenuation of 

ground motions that appear to influence landslide occurrence further from faults.  

 

The 2016 Kaikōura Earthquake and Coseismic Landslides 
The 2016 Mw 7.8 Kaikōura earthquake initiated on the Humps Fault in New Zealand’s 

South Island (Figure 2.1). The rupture propagated to the north-east, across slow-slip-rate (≲1 

mm/yr) faults of the North Canterbury Domain (NCD) and onto the faults of the Marlborough 

Fault System (MFS) (Hamling et al., 2017; Litchfield et al., 2018), which have much higher slip 

rates (up to ~25 mm/yr). 

During the 2016 event, surface ruptures were observed on 20 onshore and offshore faults 

with a range of orientations and relative motions (Figure 2.1) (Litchfield et al., 2018; Zinke et al., 

2019). The greatest surface slip occurred on the Papatea, Jordan, and Kekerengu faults in the 

MFS (up to 12 m lateral and 8 m vertical); other MFS faults with documented surface rupture 

include the Manakau, Upper Kowhai, and Snowflake Spur faults in the Seaward Kaikōura range 

(Figure 2.1) (Litchfield et al., 2018; Zinke et al., 2019). In the NCD south of the Hope Fault, the 

Humps, Leader, Conway‐Charwell, Stone Jug, Hundalee, and Whites faults ruptured to the 

surface (Figure 2.1) (Litchfield et al., 2018). Slip on NCD faults was lower (up to ~3.5 m vertical 

and lateral) than MFS faults. 
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Figure 2.1. A. Major tectonic structures in New Zealand are in blue. Black arrows show relative 
motion of the Australian and Pacific plates (Beavan et al., 2002). B. Surface fault ruptures from 
the 2016 earthquake (Blue) and active faults in the New Zealand Active Fault Database (Grey) 
that did not rupture to the surface in 2016 (Langridge et al., 2016). Yellow points are source 
area centre points for coseismic landslides triggered by the 2016 earthquake (Massey et al., 
2020). The orange shaded area is the maximum extent of the plots shown in Figure 2.3. The 
Marlborough Fault System (MFS) lies north of the Hope Fault while the North Canterbury 
Domain (NCD) lies south. 

 

The Kaikōura earthquake triggered nearly 30,000 landslides over a ~10,000 km2 area. 

Around 60% of failures occurred on the steep slopes of the Seaward Kaikōura Range (Figure 

2.1), which comprises pervasively fractured Early Cretaceous greywacke sandstones and 

mudstones of the Pahau Terrane of the Torlesse Supergroup (Rattenbury et al., 2006). Elsewhere, 

landslides concentrated within Late Cretaceous to Tertiary age sedimentary units and 

unconsolidated Quaternary units (Rattenbury et al., 2006). No direct landslide related fatalities 

were recorded from the event, but landslides formed 196 dams and blocked arterial roads and 

railways for months (Dellow et al., 2017). 
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Logistic regression models suggested that, in order of importance, the independently 

tested variables of geology, mean slope, distance to surface fault rupture (‘distance to fault’), 

local slope relief, peak ground velocity, and mean elevation contributed significantly to the 

location of landslides during the Kaikōura event (Massey et al., 2020a). The ‘distance to fault’ 

variable is the third most important and arguably the least understood. 

 

Off-Fault Deformation (OFD) Zone Width 

Three-dimensional surface displacements were measured over a 25-m grid, using point 

cloud data generated from pre- and post-Kaikōura earthquake optical aerial imagery and a 50 x 

50 m windowed implementation of the iterative closest point algorithm (Diederichs et al., 2019; 

Howell et al., 2020). Using the displacement field, simplified “main” fault traces were mapped 

for 14 major surface ruptures, which generally coincide with previous mapped traces (e.g., 

Litchfield et al., 2018; Zinke et al., 2019). Swath profiles 400 m wide and 2 km long, oriented 

perpendicular to local fault strike, were centred along the fault traces at 500 m intervals. For each 

swath, separate displacement profiles were produced in each of the east, north, and vertical 

components. Noise was removed from identifiable sources (e.g., landslides, fast-growing trees) 

manually. Sites with excessive noise that obscured displacement measurements were excluded 

from the analysis. The width of distributed coseismic displacement around the fault was visually 

estimated for each displacement component profile as the point on either side of the fault at 

which the displacement field settled into the background total displacement (Milliner et al, 2016; 

Zinke et al., 2019). At each site, the component exhibiting the widest distribution of 

displacement across the fault was used to define the total extent of coseismic OFD within the 

swath profile (Figure 2.2A). As a conservative estimate of the OFD zone between profiles, 

profile swaths were connected on individual faults using straight lines between adjacent profiles 

(Figure 2.2B). The resulting variable-width polygon defines the widest area of on-fault 

permanent coseismic strain around the 2016 surface ruptures. 
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Figure 2.2. A. Fault ruptures and estimated width of OFD for the NCD. B. Example of the OFD 
zone interpolated between measured swaths for the Humps and South Leader Faults. C. Box and 
whisker plots showing the OFD width distributions by fault from Northeast to Southwest. 
Colours are coordinated with panel A. 

 
In total, the off-fault deformation zone was estimated at 214 locations across 14 primary 

surface ruptures (Figure 2.2C). Surface ruptures in the northern MFS region (Kekerengu, Jordan, 

Papatea, Upper Kowhai, Manakau, and Snowflake) exhibited an average OFD width of ~500 m, 

compared with ~600 m for faults in the southern NCD region (Whites, Stone Jug, Conway-

Charwell, Leader, Humps, and Hundalee). OFD widths ranged from ~50 m to ~1,500 m and did 

not approach the 2 km length of the profile swath in any location.  
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The OFD zone is locally variable across the components of displacement and along fault 

traces. This variability likely results from factors including lithology and thickness of any 

overlying sediment, near-surface fault geometry and kinematic variability along strike, slip 

partitioning over several fault strands, and interaction between faults at depth (Zinke et al., 

2014). 

 

Landslide Density and Fault Distance 

A 32 m gridded version of the 2016 Kaikōura coseismic landslide inventory (Massey et 

al., 2020) was used to calculate landslide source area density within OFD zones and regularly-

spaced (50 and 200 m increments out to 15 km) buffers around surface fault ruptures in the 

Kaikōura region (Figure 2.3). 

There is a gradual decrease in landslide density from 1.6% at 1000 m to 0.3% at 15,000 

m (1.3% decrease over 14 km), which mirrors the attenuation of observed and modelled 

horizontal PGAs (from a hybrid broadband ground motion simulation; Bradley et al., 2017) with 

increasing distance from the fault (Figure 2.3A). However, a sharp increase in landslide source 

area density was observed from 1.6% at 1000 m to 3.3% at 150 m (1.7% increase over 1 km, 

Figure 2.3A, B). This increase in landslide density does not correlate with any marked increase 

in topography or modelled PGA (Bradley et al., 2017) within 1000 m of surface ruptured faults 

(Figure 2.3A, C, Figure A2.7) but could still result from non-linear attenuation not captured by 

modelled PGA or a different frequency content of shaking near the faults. 

The rupture of more than 20 faults over c. 180 km makes it difficult to assess non-linear 

landslide attenuation relationships from the hypocentre for the Kaikōura earthquake (Meunier et 

al., 2007). However, the modelled PGAs match well with limited observational ground motion 

records and represent the current best estimate of near-fault ground motion from the 2016 

Kaikōura event. Modelling approaches may never fully capture the true magnitude, frequency, or 

heterogeneity of near-fault shaking unless they explicitly account for the effects of near-fault 

rock damage.  However, this approach has actually overestimated fault-proximal (<2 km 

distance) PGA and PGV where limited records were available (Graves and Pitarka, 2010). Thus, 

the results suggest that two of the most important influences on slope stability – local slope and 

PGA – do not exert primary influences on regional landslide densities within 1 km of the fault 

(Figure 2.3A, C). 
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Figure 2.3. A. Graph of landslide density (percent of area covered by landslide source) and 
horizontal PGA (Bradley et al., 2017) to fault distance. Solid black line represents 50 m bins of 
fault distance from 0 m to 15,000 m (i.e. 0-50 m, 50-100 m, etc.), dashed black line represents 
200 m bins of fault distance, and blue line represents 50 m bins of fault distance exclusively 
within the OFD zone to 650 m. B. Zoomed in view of panel A from 0 m to 1000 m. C. Graph of 
landslide density and mean slope (orange) to fault distance in 200 m bins. Major topographic 
features contributing to the distribution of slope with distance from fault are labelled. D. Graph 
of general landslide density (dashed black line), landslide density within Torlesse Greywacke 
(orange line), and landslide density within all other geologic units (blue line) to fault distance. 
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Lithology may partially explain the increase in landslide density with proximity to the 

fault. In the Kaikōura region, active faults commonly form the contacts between Tertiary ‘soft 

rocks’, rangefront Quaternary units, and Torlesse greywacke (Rattenbury et al., 2006). As a 

result, while approximately 70% of the Kaikōura region comprises Torlesse greywacke at the 

surface, greywacke constitutes a lesser c. 55% of surface area near ruptured faults (Figure 2.3D). 

The younger units exhibit much higher landslide density near the fault than the greywacke 

bedrock (Figure 2.3D). This phenomenon, which may result from fault contacts subject to 

amplification from basin-edge effects (Graves et al., 1998) and impedance contrasts between 

lithologies, could factor into general ‘distance to fault’ trends here (Figure 2.3) and in other 

earthquakes (e.g., Rault et al., 2019). 

 

Increased Landslide Density within OFD Zones 

Results reveal a consistently higher landslide density for individual fault buffers nested 

within the OFD zone as compared to general distance from fault (Figure 2.3A, B). The higher 

density extends up to c. 650 m from the faults and indicates that more landslide terrain is located 

in the OFD zone per unit area despite a relatively representative distribution of topography 

(Figure A2.6).  Though it is difficult to decouple the effects of the OFD zone from the influence 

of lithologic contrasts, the higher density of landslides in the OFD zone does not appear to be 

biased by lithology. The OFD zone captures a representative proportion of lithologies and has a 

generally higher landslide density in both Torlesse and non-Torlesse lithologies (Table A2.1, 

Figure A2.8). Other physical influences like instantaneous (i.e. coseismic) or finite strain, 

coupled with seismic amplification within the weaker rock mass of the fault damage zone itself, 

contribute to the higher incidence of landslides close to faults.  

Future fault zone studies may provide a way to decouple the near-fault processes and 

factors that link OFD to near-fault damage and increased coseismic landslide occurrence. In the 

near term, however, the observed correlation between the OFD zone and increased coseismic 

landslide occurrence may, itself, be sufficient to improve landslide susceptibility models. 



 46 

 

A Possible Improvement on the ‘Distance to Fault’ Variable 

The OFD zone captures a higher incidence of landslides near the fault than is readily 

explained by ‘distance to fault’ or modelled ground motion attenuation alone. Separate variables 

for modelled ground motion attenuation and fault zone width could serve as a more robust 

replacement for the ‘distance to fault’ variable. Together, these two variables are more likely to 

capture both the near and far field attenuation of ground motion and also account for other near-

fault factors like decreased rock mass strength. Even general estimates of fault zone width, from 

field mapping or geophysical surveys, could be an effective tool for approximating the spatial 

extent of enhanced coseismic landslide susceptibility near faults. Further statistical and field 

investigations are necessary to fully evaluate the influence of the OFD zone on susceptibility 

models; nevertheless, characterizing this zone serves as a novel path towards improving our 

understanding of coseismic landslides. 
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Appendix – Additional Methodology and OFD Zone Investigations 

Additional Methodology 

Here supplementary information and figures (Figure A2.1 and A2.2) are presented to 

demonstrate the methodology of the ICP analysis. Displacement profiles were taken 

perpendicular to local fault strike and OFD was estimated in these profiles (Figure A2.2). In 

some cases, the defined OFD zone includes the effect of slip on multiple fault strands. 

 

 
Figure A2.1. Three-Dimensional displacement fields for the 2016 Kaikōura earthquake, 
generated from pre- and post-event aerial imagery using the iterative closest point technique. 
The colourmap shows vertical displacements while the vectors represent median horizontal 
displacements over 5 km-wide areas (downsampled from the 25 m used for analyses) centred on 
each arrow. Coordinates are in meters in the New Zealand Transverse Mercator projection. 
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Figure A2.2. An example vertical displacement profile across the Papatea Fault (Figure 2.1). 
Black data points represent identifiable noise that was manually removed from the profile. OFD 
width (red vertical lines) on either side of the fault (black vertical line) are manually placed 
where the profile rollover reaches the background displacement. 

 
As stated in Chapter 2, separate displacement profiles were generated in each of the east, 

north, and vertical directions. This made it possible to remove noise from identifiable sources 

(e.g., landslides, fast-growing trees) in each displacement direction separately and improved the 

ability to interpret the tectonic signal and width of OFD in the profiles. 

 

Additional Analysis and Outcomes 

The following analyses were conducted in addition to those described in Chapter 2. 

 

Distance from Fault ‘Hypocentre’ 

Previous studies have demonstrated a relationship between landslide density and distance 

from earthquake hypocentre (e.g., Meunier et al., 2007). Determining landslide attenuation with 

distance from the hypocentre is quite complicated in the case of the multi-fault Kaikōura 

earthquake where the true hypocentre lies over 100 km south of some of the largest fault ruptures 

(Figure A2.3). To best approximate attenuation for the Kaikōura event, 3-D distance to the 

nearest point of initiation on modelled fault planes was calculated from two separate modelling 

efforts by Bradley et al. (2017) and Holden et al. (2017), referred to herein as the Bradley and 

Holden hypocentres (Figure A2.3). 
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Figure A2.3. Map showing the location of individual fault ‘epicentres’ derived from modelling 
by Holden et al. (2017) and Bradley et al. (2017). 
 

Using ‘distance to the hypocentre’ landslide density trends were determined using 

gridded landslide data from Massey et al. (2020a). I produced 200 equally spaced bins for the 

two datasets and excluded landslide density derived from less than 0.1% of the total gridded area 

(a min. of c. 3500 grid cells) to limit bias in the landslide density trend.  

Despite different ‘hypocentres’ the two modelling efforts resulted in similar, arguably 

non-linear, landslide density trends that decrease with distance from the hypocentre across the 

Kaikōura region (Figure A2.4A). Interestingly, both landslide density trends drop sharply close 

to the hypocentre where the greatest landslide density would be expected. To determine the 

robustness of the ‘distance to hypocentre’ variable in the case of the 2016 Kaikōura earthquake, I 

investigated how the distance from hypocentre trends compared to other predictive factors 

including lithology and topography (Figure A2.4B-D). 
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Figure A2.4. Graphs of Landslide density to Distance from the Hypocentre/Distance from Fault. 
Distance to ‘Hypocentre’ is defined by 3-D distance to the nearest point of initiation on modelled 
fault planes by Bradley et al. (2017) (Blue Line) and Holden et al. (2017) (Orange Line) and 
distance to fault as distance to ICP derived surface fault ruptures (Black Line). Landslide density 
in (A) all Geology types (GeolCode) and (B-D) all Geology types except GeolCode3 (Upper 
Cretaceous to Paleogene Sedimentary Rocks and Minor Volcanics). Landslide density compared 
to mean slope (grey) for (C) Bradley hypocentres and (D) Holden hypocentres. 

 

The best explanations for the observed landslide density trends are as follows: (1) The 

Bradley hypocentres capture a large spike in landslide density around 5 km (Figure A2.4A). This 

occurs due to a coincidental spike in landslide density within Upper Cretaceous to Paleogene 

Sedimentary Rocks and Minor Volcanics (GeolCode 3) that does not appear to significantly 

influence the other two landslide density trends (Figure A2.4B). (2) Both the Bradley and Holden 

hypocentres correlate strongly with topographic influences including slope, particularly at 
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smaller distances from the hypocentre (Figure A2.4C-D). As an example, after removing 

GeolCode 3, the remaining large peak in landslide density with distance from the Bradley 

hypocentres matches closely with a c. 5° spike in mean slope (Figure A2.4C). (3) In both cases, 

hypocentral distance appears to capture the general attenuation of ground motion with distance 

from the source but neither fully accounts for the complicated ground motion interactions 

introduced by rupture on more than 20 faults.  

More robustly defined modelled PGA by Bradley et al. (2017), as opposed to ‘distance 

from the hypocentre’, remains the better point of comparison with the distance from fault trends. 

Although modelled PGA is relatively linear near the fault (Figure 2.3A) and matches with sparse 

strong ground motion observations, it remains possible that real ground motions attenuate non-

linearly from the fault. If this is the case, the observed ‘distance to fault’ landslide density trend 

may be more correlated to ground motion attenuation than modelled PGA would lead us to 

believe. Regardless, I do not believe that this uncertainty about near-fault ground motions 

changes the final conclusions about the OFD zone. If the surface fault rupture had no influence 

on landslide density and, instead landslide density was entirely defined by the attenuation of 

ground motion from the source, I would not expect to observe a higher landslide density within 

the OFD zone as compared to general distance from the fault (Fig 2.3A). It remains likely that, 

even if ground motion attenuation is non-linear, factors associated with fault damage contribute 

significantly to landslide density within the OFD zone. 

There is additional evidence that the distribution of landslides observed with distance 

from the fault is not an exclusive product of hypocentral distance or geometric spreading as 

described by Meunier et al. (2007). For the observed ‘distance from fault’ landslide density trend 

to correlate with hypocentral distance, fault ruptures would need to occur on faults with near 

vertical dip and/or with extremely shallow source depths (Figure A2.5). This is unlikely for two 

reasons: (1) Fault dips in the Kaikōura region are often steep (c. 69 ± 13°; Litchfield et al., 2018) 

but are rarely vertical. (2) Source depths would need to be implausibly shallow (c. < 1 km depth) 

on dipping faults to produce a similar trend. If landslide density from the Kaikōura earthquake 

was primarily the result of geometric spreading away from the ground motion source, rather than 

the observed attenuation, I would expect to observe a somewhat normal distribution of landslide 

density centred away from the surface fault ruptures as previously demonstrated for other events 

by Meunier et al. (2007; Figure A2.5). 
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Figure A2.5. Schematic representation of landslide density (percentage of total area) plotted 
with distance to surface fault rupture. Hypothetical fault planes and dips are shown in blue and 
orange along with the position of hypothetical earthquake hypocentres (stars). The solid black 
line represents a similar distribution to the observed landslide density from the 2016 Kaikōura 
earthquake. Assuming hypocentral distance, as a product of geometric spreading, is the primary 
influence on landslide density, with distance from the fault, peaks in landslide density should be 
located immediately above the earthquake hypocentre. To achieve the observed landslide density 
distribution with distance from the hypocentre, dips would need to be near vertical and/or have 
an extremely shallow source depth. Major faults that ruptured during the Kaikōura earthquake 
have dips c. 69 ± 13° (Blue shaded region, Litchfield et al., 2018). Applying a damping factor 
(e.g., Meunier et al., 2007) modulates the landslide density distribution; for example, applying a 
damping factor to a vertical dip scenario results in the dashed black landslide density curve. 

 
Topographic Influence on the OFD Zone 

To determine the influence of topography on landslide density within the OFD zone, the 

density of slopes within the OFD zone was compared to the density of slopes within 1000 m of 

surface fault ruptures as defined in the analysis (Figure A2.6). A generally similar distribution of 
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slope was observed with some limited topographic sampling bias where the OFD zone sampled a 

smaller proportion of low slopes (less than 10°). 

To ensure that the distribution of landslides within the OFD zone was not simply a 

reflection of the above-mentioned sampling bias, I conducted the same landslide density analysis 

using the 30x30 m binary landslide source area grid by Massey et al. (2020a) where slope values 

were greater than 10°. The 10° slope threshold captures ~ 98.5% of the landslide source area 

across the Kaikōura region while eliminating most flat areas. The comparative landslide densities 

showed nominally higher but relatively consistent landslide densities for the OFD zone (Figure 

A2.6). Interestingly, when I removed slopes less than 10°, despite seeing little change in the 

trend of landslide density, I did observe a slightly greater proportion of lower slope angles (c. 20-

40°) represented within the OFD zone as compared to the area within 1000 m of the fault.  

 

 
Figure A2.6. Graphs comparing density of Slope within the OFD zone to the density of slope 
within 1000 m of surface fault ruptures (Right) and landslide density within the OFD Zone as 
compared to general distance to surface fault ruptures (Left). When conducting the analysis on 
slopes greater than 10 degrees, to account for the influence of topography on the distribution of 
landslide within the OFD zone, a similar trend in landslide density is observed despite an 
increased proportion of lower slopes within the OFD zone as compared to the general area within 
1000 m of the fault. 
 

Local Slope Relief 

Local Slope Relief (LSR), or difference in elevation between each pixel and the 

maximum elevation pixel within an 80 m window (Massey et al., 2018), shows a very similar 
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trend to Slope (as shown in Figure 2.3C) with a lower LSR near the fault increasing with 

distance from the fault (Figure A2.7.) 

 

 
Figure A2.7. Landslide Density and Local Slope Relief (LSR, in meters) to Fault Distance graph. 
Landslide density in 200 m bins (Dashed Black Line) decreases with distance from the fault 
while LSR (purple area) increases with distance from the fault to c. 2000 m from the fault. 

 
Geology and OFD 

Lithology in combination with topography, strong ground motion, and near fault 

processes has a strong influence on the distribution of landslides with distance from the fault 

(e.g., Meunier et al., 2013; Massey et al., 2020a; Rault et al., 2019). As an example, different 

trends in landslide density are observed between Torlesse and non-Torlesse lithology with 

distance from the fault (Figure 2.3D). This variability is largely a product of different lithologic 

responses to slope, strong ground motion, and near-fault factors.  

To ensure that this variability in lithology did not also contribute to the finding of a 

higher landslide density in the OFD zone, the following analyses were conducted: 

 

1. I examined the landslide density within the OFD zone in both Torlesse and non-

Torlesse lithologies (Figure DR8), using the same approach as for Figures 2.3A and 2.3B 

in Chapter 2. In both cases, the OFD zone had a generally higher landslide density 

suggesting that the influence of the OFD zone was independent of lithology. 

 

2. I compared the distribution of lithologies within 2000 m of the fault to the distribution 

within the OFD zone (Table A2.1). The proportion of lithology is very similar between 
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the two zones suggesting that other factors likely explain the difference in the landslide 

distribution. 

 

3. I examined the landslide density trends within each lithologic type separately (Figure 

A2.9), I found that the very slight variations in lithologic proportion between the OFD 

zone and the area within 2000 m of the fault (Table A2.1) do not explain a higher 

landslide density in the OFD zone. Quaternary sediments have the highest landslide 

density near the fault while Torlesse Greywacke has the lowest, yet, there is a lower 

proportion of quaternary sediments (c. 4% less) and a slightly higher proportion of 

Torlesse (c. 2% more) in the OFD zone. 

 

 
Figure A2.8. Landslide Density to Fault Distance graph for Torlesse and Non-Torlesse 
lithologies. The black lines represent landslide density with general distance from fault while the 
blue lines represent landslide density with distance from the fault exclusively within the OFD 
zone. As a result of the variable width of the OFD zone, a smaller area is sampled by the OFD 
zone at greater fault distances. This may partially explain the spike in landslide density in non-
Torlesse lithologies and the drop in landslide density in Torlesse lithology around 650 m from 
the fault. 
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Table A2.1. Percent of area by GeolCode (Massey et al., 2020). GeolCode 1 is Quaternary 
sands, silts, and gravels, GeolCode 2 is Neogene limestones, sandstones, and siltstones, 
GeolCode 3 is Upper Cretaceous to Paleogene rocks including limestones, sandstones, 
siltstones, and minor volcanic rocks, GeolCode 4 is Lower Cretaceous Torlesse (Pahau terrane) 
basement rocks are predominantly sandstones and argillite, also known as greywacke. The OFD 
zone samples a relatively representative distribution of lithologies within 2000 m of the fault. 

GeolCode Geology Description OFD Percent 2000 m Percent 

1 Quaternary Sediments 15.68% 19.59% 

2 
Neogene Sedimentary 

Rocks 
11.04% 11.53% 

3 

Upper Cretaceous to 

Paleogene Sedimentary 

Rocks and Minor 

Volcanics 

12.37% 10.35% 

4 

Lower Cretaceous 

Torlesse Greywacke 

(Pahau terrane) 

60.91% 58.54% 

 

 
Figure A2.9. Landslide Density to Fault Distance graph for GeolCodes 1 to 4 and the cumulative 
percent of each lithology with Distance to Fault. GeolCode 1 is Quaternary sands, silts, and 
gravels, GeolCode 2 is Neogene limestones, sandstones, and siltstones, GeolCode 3 is Upper 
Cretaceous to Paleogene rocks including limestones, sandstones, siltstones, and minor volcanic 
rocks, GeolCode 4 is Lower Cretaceous Torlesse (Pahau terrane) basement rocks are 
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predominantly sandstones and argillite, also known as greywacke. Cumulative Percent of 
Lithology represents the percent of each lithology within 200 m bins. 

 

The Battery Landslide 

Analysis of landslide density with distance from the fault in individual lithologies (Figure 

A2.9) revealed a large spike in landslide density in GeolCode 3 from c. 1 to 4 km from the fault. 

This spike, caused by the relict Battery landslide, correlates well with the spike observed in 

landslide density from c. 1 to 3 km in non-Torlesse lithology (Figure 2.3D). 

As discussed in Chapter 2, a landslide dataset published by Massey et al. (2020a) was 

used to derive the landslide density trends with distance from the fault. The analysis includes all 

landslides in the database between 0 and 15 km of fault ruptures. This landslide database 

includes a few relict landslides that pre-date the 2016 Kaikōura earthquake but are known to 

have reactivated during the earthquake producing minor (< 1 m) displacements. The Battery 

landslide is the largest of these relict landslides and is, by far, the largest landslide source area in 

the database at c. 3 km2 (more than 4 times as large as the next largest landslide). The Battery 

landslide occurs within GeolCode 3 between 1 and 3 km of the Humps fault but is 

uncharacteristic of failures in this material due to local site-specific changes in the geological 

materials. 

If the source area of the Battery landslide is excluded from the analysis, a generally 

consistent decay in landslide density is observed with distance from the fault from c. 1 km to c. 

13 km in all lithologies. Within c. 1 km of the fault a much steeper decay in landslide density is 

observed that may be partially explained by influences within the OFD zone. These findings 

correlate well with the general findings in Figure 2.3A and B. 

 

Optical Image Correlation (OIC) 

Zinke et al. (2019) also derived OFD zones for the 2016 Kaikōura event using 

perpendicular profiles of three-dimensional displacement fields generated from Optical Image 

Correlation (OIC) of pre- and post- event satellite imagery. On average, these OIC derived OFD 

zones are narrower than the zones measured using the ICP displacement fields but generally 

show similar variations along fault strike (e.g., Figs. A2.10, A2.11). There are a number of 

explanations for these differences including the different spatial resolution of the datasets, 
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different signal to noise ratios, and/or differences in the locations and interpretation of the fault 

perpendicular profiles. Further information on the ICP and OIC datasets themselves is available 

in Howell et al. (2020). 

I performed an identical landslide density analysis on the faults and OFD zone derived by 

Zinke et al. (2019). The results of the general fault distance buffers matched well with the 

landslide density analysis using the ICP derived OFD zone, however, the zone derived from the 

OIC had a consistently lower landslide density than the synthetic buffers (e.g., 1.6% vs 3.1% at 

200 m, Figure A2.12). This result is seemingly at odds with the analysis; however, several 

factors, considered here, likely contribute to this discrepancy. 

First, the OFD Zone produced from ICP and interpolated between profiles is generally 

more continuous in landslide prone terrain than the OFD Zone produced from OIC by Zinke et 

al. (2019) (Figs. A2.10 and A2.11). Thus, the ICP OFD zone likely captures greater variation in 

the landslide density while the OIC derived data captures large areas, including the Emu Plains, 

that are not prone to landslides due to lack of topography (Figure A2.12). In areas with a more 

continuous zone of OFD produced from the OIC analysis, for instance about the Jordan Fault, 

landslide density trends align well with those of the ICP analysis and show a substantially higher 

landslide density within the OFD zone (Figure A2.13). Additionally, because noise was not 

manually removed from the OIC analysis, landslides themselves likely influence the selection of 

swath locations regionally. Where landslide densities were too high, measurements of the OFD 

zone were likely difficult to analyse due to a low signal to noise ratio. The ICP analysis, 

conducted at a lower resolution and including manual removal of identifiable noise, has an 

overall higher signal to noise ratio near landslides, making it possible to derive OFD widths 

despite the presence of slope failures. 
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Figure A2.10. Comparison of ICP and OIC (Zinke et al., 2019) derived OFD datasets. ICP 
derived OFD is generally wider and is interpolated over longer along strike fault segments. 
Examples include the southern Papatea Fault where landslide density is high. 
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Figure A2.11. Comparison of ICP and OIC (Zinke et al., 2019) derived OFD datasets. ICP 
derived OFD is generally interpolated over longer along strike fault segments in landslide prone 
terrain while OIC derived OFD is included in flat terrain not prone to landslides including the 
Emu Plains in the southwest corner of the main image. 
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Figure A2.12. Landslide Density to Fault Distance graph for all Kaikōura ruptures. Synthetic 
buffers from 10 to 1000 m about the fault (Black Line) produced from fault mapping by Zinke et 
al. (2019) and Landslide Density for OFD Zone (Red Line) produced by Zinke et al. (2019). 

 

 
Figure A2.13. Landslide Density to Fault Distance graph for the Jordan Fault. Synthetic buffers 
from 10 to 1000 m about the fault (Black Line) produced from fault mapping by Zinke et al. 
(2019) and Landslide Density for OFD Zone (Red Line) produced by Zinke et al. (2019). 

 

Cumulative Fault Buffers within OFD Zone 

Cumulative Fault Buffers 

Cumulative Fault Buffers within OFD Zone 

Cumulative Fault Buffers 
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Other Fault Datasets 

In addition to the mapped traces, I determined the ‘distance to fault’ landslide density 

around several fault rupture datasets including the New Zealand Active Fault Database 250k 

Kaikōura Ruptures and those produced by Zinke et al. (2019). The longer length of these fault 

traces, often within flat terrain not susceptible to landslides, resulted in lower landslide density 

values. The smaller faults traced using the ICP derived displacement fields represent a more 

conservative estimate of the landslide density with the ‘distance to fault’ variable. 

 

Landslide Source Area Density by Fault 

The landslide density trend observed regionally within the OFD zone appears to be 

dominated by the highest slip faults in the MFS where most landslides were observed (Figure 

A2.14). In general, most individual faults show similar trends to the regional data set, however, 

in some cases, the distribution of landslides appears to be dominated by lithologic and 

topographic conditions that generally have more influence on coseismic landslide distributions 

than proximity to faulting and strong ground motion. 

Extremely high topography around the Manakau, Upper Kowhai, and Snowflake Spur 

faults significantly influences the distribution of landslides (Figure A2.14). Variations from the 

regional trend observed on the Whites, Conway, and Stone Jug faults can largely be explained by 

the relatively few landslides in the vicinity of the faults (Figure A2.15). Discrepancies on the 

Humps East Fault are likely the result of interaction with the nearby Leader Fault (Figure 

A2.15). A low signal to noise ratio in the displacement field limited extensive measurements on 

some faults in the NCD including the Humps West and Hundalee faults. Collectively, these 

situations highlight that ‘distance to fault’ is one variable amongst many and local variations in, 

for instance topography and lithology, will modulate its importance.  
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Figure A2.14. Graph of landslide source area density compared to distance to fault for surface 
ruptured faults in the MFS.  

 

 
Figure A2.15. Graph of landslide source area density compared to distance to fault for surface 
ruptured faults in the NCD. 
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Chapter 3 - Strong ground motion and fault contributions to earthquake 
induced landslide susceptibility 

 

Bloom, C.K., Massey, C., Stahl, T., and Howell, A., Singeisen, C., in Prep, Strong ground 
motion and fault contributions to earthquake induced landslide susceptibility: Ongoing 
lessons from the 2016 Mw 7.8 Kaikōura earthquake 

 
Abstract 
 
The 2016 Mw 7.8 Kaikōura earthquake on the South Island of New Zealand resulted in over 

30,000 landslides. Previous studies of the event have attributed the landslide distribution to a 

combination of factors including geology, slope, distance to a surface fault rupture, and strong 

ground motion. Distance to a surface fault rupture had more explanatory power than strong 

ground motion intensity measures like Peak Ground Acceleration (PGA) or Peak Ground 

Velocity (PGV). Here, landslide susceptibility from the Kaikōura earthquake is re-examined 

using comparative logistic regression models. Models are trained using a combination of 

predictive variables, or features, which include ground motion intensity measures, estimates of 

the coseismic deformation zone around surface rupturing faults, and other common susceptibility 

factors. Comparing model and feature importance confirms the results of previous studies. For 

the Kaikōura earthquake, models that include a distance to surface fault rupture variable perform 

better than models that exclude it, regardless of which ground motion model and forcing variable 

are used. Results, however, suggest that ground motion is highly correlated with distance to a 

surface fault rupture with a Pearson’s r as high as 0.86 for some ground motion intensity 

measures. Furthermore, model coefficients suggest that models trained using both a distance to 

surface fault rupture and ground motion feature may be overfit to the Kaikōura landslide 

distribution. When applying the most predictive ground motion intensity estimates (typically 

Modified Mercalli Intensity, Peak Spectral Acceleration at a period of 0.3 seconds, Peak Ground 

Acceleration, or Peak Ground Velocity from the USGS ShakeMap), very little model 

performance is lost (less than a 0.04 drop in Model AUC) by removing the distance to surface 

fault rupture feature. In exchange, this exclusion results in more explainable and applicable 

model coefficients. Although MMI and PSA at a period of 0.3 seconds (3.3 Hz) appear to be 

good predictors of the landslide distribution from the Kaikōura earthquake, MMI can be 
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influenced by the availability of felt reports and frequency of shaking can vary in different 

earthquakes. Overall, a landslide susceptibility model trained on the Kaikōura earthquake that 

excludes distance to a surface fault rupture and includes a well modelled PGA or PGV may be 

the most applicable option for other earthquakes and regions. Previously mapped off-fault 

deformation, which has been shown to correlate with a higher landslide density around surface 

fault ruptures, improves models trained without the distance to surface fault rupture feature by c. 

0.01-0.03 AUC and may serve as a useful replacement for the distance to surface fault rupture 

feature. Alternatively, in the absence of primary information about the fault zone, distance to all 

known active faults improves models trained without the distance to surface fault rupture feature 

by c. 0.01-0.02 AUC and may indirectly capture the signal of the fault damage zone. 
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Introduction 
Earthquake induced landslides pose a significant hazard to life and infrastructure in 

tectonically active regions. As a result, many studies have focused on predicting the spatial 

distribution of landslides prior to, or rapidly following, large earthquakes using statistical or 

machine learning models (e.g., Reichenbach et al., 2018; Nowicki Jessee et al., 2018, Allstadt et 

al., 2018). To accurately predict earthquake induced landslide source areas, these models rely on 

a combination of predictive variables or ‘features’ that directly or indirectly account for the 

physical factors known to contribute to landslide occurrence (e.g., Budimir et al., 2015; 

Reichenbach et al., 2018). Features typically include both static slope pre-conditioning or 

‘susceptibility’ factors, for example slope angle or lithology, and dynamic earthquake ‘forcings’ 

for example modelled ground motion intensity measures like peak ground acceleration (PGA) or 

peak ground velocity (PGV).  

While a growing volume of regional landslide susceptibility publications focus on 

improving model prediction through new modelling techniques, far fewer focus on the predictive 

features used to train models (Reichenbach et al., 2018). The inclusion and quality of various 

features, however, can heavily influence model results (Budimir et al., 2015; Reichenbach et al., 

2018). It is critical to better understand physical contributions to regional landslide susceptibility 

as well as more effectively apply these lessons to other events and regions. 

Following the 2016 Mw 7.8 Kaikōura earthquake on the South Island of New Zealand 

(Figure 3.1), Massey et al. (2018, 2020) identified geology, slope, and distance to surface fault 

ruptures as the most important factors contributing to the distribution of landslides. Surprisingly, 

distance to a surface fault rupture was a better predictor than estimates of strong ground using 

PGA or PGV. Distance to a surface fault rupture might account for both susceptibility and 

earthquake forcing by capturing the influence of reduced rock mass strength and amplification 

within the fault damage zone (e.g., Kim et al., 2004; Wang et al., 2019) as well as strong ground 

motion at distance from the seismic source (e.g., Meunier et al., 2007; Tatard and Grasso, 2013). 

While distance to surface fault rupture appears to be a good predictor for the Kaikōura 

earthquake, it calls into question the relative importance of fault zones and ground motion on the 

distribution of earthquake induced landslides.  This knowledge gap limits our ability to apply 

trained models to events without well-understood and characterised surface fault rupture. 
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Figure 3.1. A. Location of the Kaikōura earthquake within the tectonic setting of New Zealand. 
Simplified major on and offshore structures are in blue. Black arrows show the motion of the 
Australian Plate relative to a fixed Pacific Plate (Beavan et al. 2002). B. Overview of fault 
ruptures and earthquake induced landslide density from the Kaikōura earthquake. Landslide 
density is defined by the kernel density of landslide source areas (Massey et al., 2020) within 
circular search window with a 3 km radius. Active faults within the New Zealand Active Fault 
Database are shown as grey lines. Surface fault ruptures from the 2016 Kaikōura earthquake 
(Litchfield et al., 2018; Zinke et al., 2019) are in red. 
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Bloom et al. (2022) identified a higher density of earthquake induced landslides within 

the off-fault deformation (OFD) zone of surface fault ruptures from the 2016 Kaikōura 

earthquake when compared with general distance from surface fault ruptures. The OFD zone is 

primarily a susceptibility feature that serves as a proxy for rock mass damage caused by fault-

related permanent ground deformation or ‘fault damage’ (Kim et al., 2004; Bloom et al., 2022). 

Further, the OFD zone may capture some influence of increased ground shaking due to 

amplification and directivity within the damaged rock mass of the fault zone (Wang et al., 2019; 

Bloom et al., 2022). Bloom et al. (2022) concluded that, in concert with strong ground motion 

estimates, the OFD zone, or similar estimates of the fault damage zone width, might serve as a 

replacement for distance to a surface fault rupture. Together these features would effectively 

break down distance to a surface fault rupture into separate forcing (ground motion) and 

susceptibility (fault damage zone) components. 

Defining the most appropriate ground motion model and intensity measure is, itself, a 

challenge in the development of regional earthquake induced landslide susceptibility models. 

Most models rely on PGA or PGV as an earthquake forcing feature (Budimir et al., 2015; Lin et 

al., 2017) with more limited application of Arias Intensity (e.g., Harp and Wilson 1995; Luzi and 

Pergalani 2000; Lee et al., 2008) and Modified Mercalli Intensity (MMI; Nowicki Jessee et al., 

2018). Few studies, however, have investigated the relative predictive power of these measures 

(Wang et al., 2010; Nowicki Jessee et al., 2018) or the abundance of other widely available 

ground motion intensity measures mostly developed for structural earthquake engineering (e.g., 

Bradley 2012). For example, alongside estimates of PGA and PGV, the widely available USGS 

ShakeMap (Worden et al., 2020) includes estimates of MMI and several periods of Peak Spectral 

Acceleration (PSA). Ground motion intensity measures including duration and frequency of 

shaking have been shown to influence landslide size and volume (e.g., Bourdeau et al., 2004; 

Jibson and Tanyas, 2020) but have yet to be systematically investigated in the context of regional 

landslide susceptibility. In addition, few regional landslide susceptibility studies (Allstadt et al., 

2018) have systematically investigated the influence of different ground motion models despite 

potentially large variations in estimates of ground motion intensity. 

Here, the latest earthquake induced landslide inventories for the 2016 Kaikōura 

earthquake by Massey et al. (2020a) and Tanyas et al. (2022) are used to re-examine landslide 

susceptibility from the event. Logistic regression models including and excluding various 
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susceptibility and earthquake forcing features (including the OFD zone and ten ground motion 

intensity measures from four ground motion models) are systematically trained to 1) evaluate the 

relative contribution of fault zones to landslide susceptibility; 2) examine the predictive ability of 

a range of common ground motion models and intensity measures; and 3) identify the most 

applicable landslide susceptibility model trained on the landslide distribution from the Kaikōura 

earthquake. 

 

The 2016 Kaikōura Earthquake and Landslides 

The November 14th, 2016 Mw 7.8 Kaikōura earthquake occurred within the transition 

between subduction and oblique continental collision in the northeast South Island of New 

Zealand (Figure 3.1, Hamling et al., 2017). Litchfield et al. (2018) and Zinke et al. (2019) 

identified more than 20 on- and off-shore surface fault ruptures primarily to the northeast of the 

earthquake epicentre. Massey et al. (2018, 2020a) developed an earthquake induced landslide 

inventory of more than 30,000 landslides. Earthquake induced landslides were primarily 

concentrated within steep slopes of the Seaward Kaikōura range and along the Kaikōura 

coastline (Figure 3.1; Massey et al., 2020a; Chapter 4). 

The distribution of landslides from the Kaikōura earthquake is strongly modulated by 

geology (Massey et al., 2018, 2020). Intensely jointed Lower Cretaceous greywacke of the 

Torlesse Supergroup, which forms the basement rock of much of the South Island, is the 

dominant rock type in the Kaikōura region (Rattenbury et al., 2006) and hosts approximately 

70% of landslides from the 2016 earthquake (Massey et al., 2018; 2020a). This basement rock is 

overlain by variably thick and dipping Upper Cretaceous to Neogene sedimentary units and less 

consolidated Pleistocene alluvial, fluvial, and beach deposits (Rattenbury et al., 2006) that 

collectively include the remaining 30% of landslides (Massey et al., 2018; 2020a). 

 

Methods 

Machine learning based classification models typically used to assess landslide 

susceptibility are trained and tested on targets, or already classified datasets, using one or more 

features, or predictive variables. In most cases, trained models are then applied to classify 

unknown datasets using only the predictive features. While the ultimate purpose of this work is 

to improve model prediction, the primary goal of this study is to identify the relative importance 
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of strong ground motion and fault zone features within landslide susceptibility models. Here, I 

am trying to better understand and isolate the physical processes that these features represent to 

form the basis for a more representative and applicable model. 

To that end, logistic regression was chosen as the preferred classification method because 

it balances good model performance with low training times and, most importantly, high 

‘explainability’ (Budimir et al., 2015). Many model iterations can be run quickly and individual 

feature importance can be identified based on model coefficients, or the weights assigned to each 

feature in the model training. By comparing models and features systematically (Figure 3.2), the 

importance of ground motion in relation to fault distance, off-fault deformation (OFD), and other 

susceptibility factors like slope and aspect can be identified. 

 

Investigation Framework 

Models were separately trained using two earthquake induced landslide inventories from 

the Kaikōura earthquake (Massey et al., 2020a; Tanyas et al., 2022). Both inventories were 

gridded at 8 m with grid cell values of 1 representing the presence of a landslide source area at 

the grid cell centerpoint and values of 0 representing the absence (Figure 3.2). Unlike previous 

investigations of regional landslide susceptibility from the Kaikōura earthquake (Massey et al., 

2018; 2020), this study is limited to slopes greater than 15°. This commonly applied threshold 

(e.g., Meunier et al., 2007; Kritikos et al., 2015) confines the investigation to the majority of 

slopes capable of producing landslides in the Kaikōura region. Similar to previous studies (e.g., 

Nowicki Jessee et al., 2018; Massey et al., 2020a), this study is further limited to those areas 

where mean PGA (mean of three models by Horspool et al., 2015; Bradley et al., 2017; and 

Worden, 2020) was greater than 0.2 g. Together, the slope and ground motion thresholds capture 

c. 92% (Massey et al., 2020) to 94% (Tanyas et al., 2022) of cumulative landslide source area 

from the 2016 Kaikōura earthquake. 

Previous studies have demonstrated the strong control of lithology on landslide density 

from the Kaikōura earthquake (Massey et al., 2018, 2020a; 2021). Models are therefore 

separately trained on five geology types (GeolCodes) simplified from the New Zealand QMAP 

(Rattenbury et al., 2006; Figure 3.2). GeolCode 1 consists of Quaternary sands, silts, and gravels 

that are primarily fluvial deposits but also include alluvial fan, marine, and recent beach deposits; 

GeolCode 2 consists of Neogene limestones, sandstones, and siltstones; GeolCode 3 consists of 
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Upper Cretaceous to Paleogene rocks including limestones, sandstones, and siltstones, GeolCode 

4 consists of minor undifferentiated volcanic rocks; and finally, GeolCode 5 consists of Lower 

Cretaceous Torlesse greywacke (Pahau terrane) basement rocks that are primarily heavily 

deformed sandstone and argillite. 

 
Figure 3.2. Model training framework. Models are trained in five geology types (GeolCodes) 
using training data from two landslide inventories from the 2016 Kaikōura earthquake. For each 
GeolCode (n=5) and inventory (n=2) a suite of 131 comparative models are trained. 
Comparative models use a combination of the listed dynamic and susceptibility features. PGA 
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(Mean) is the mean of PGA from three models by Horspool et al. (2015, NZSM), Worden et al. 
(2020, USGS ShakeMap), and Bradley et al. (2017). 

 
Susceptibility Feature Selection 

Most models, including logistic regression, can be trained on a wide variety and large 

number of features. While a greater number of features can often improve model performance, I 

choose to limit the number of features in these models to aid in the interpretation of feature 

importance. 

Of an initial 21 commonly applied susceptibility features (Budimir et al., 2015) produced 

for this analysis (Figure A3.1), I excluded 10 features that produced variable inflation factor 

(VIF) scores greater than 10. VIF, defined as: 

𝑉𝐼𝐹 = 	 !
!"#!

"         (Eq 3.1) 

is an assessment of the linear relationship between any individual feature and all other potential 

features (𝑅$%) (Lombardo and Mai, 2018). Excluding collinear features ensures more 

representative model weighting.  

The following earthquake forcing and susceptibility features are included in the models 

(Tables 3.1 and 3.2): 

 

1) A single ground motion intensity measure (Forcing; Table 3.2) 

2) Distance to a surface fault rupture (Forcing/Susceptibility) 

3) Distance to an active fault trace (Susceptibility) 

4) Off Fault Deformation (OFD) zone (Susceptibility) 

5) Slope, aspect (Northness and Eastness), and curvature (planform and profile) 

(Susceptibility) 

6) Local slope relief (LSR) (Susceptibility) 

7) Normalized Difference Moisture Index (NDMI) (Susceptibility) 

8) Structural aspect (Susceptibility) 
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Table 3.1. Susceptibility and earthquake forcing features. 

Features Type Methodology Justification 

Ground Motion Forcing 

Features from ground motion models 
by Horspool et al., 2017 (NZ 

ShakeMap); Bradley et al., 2017; 
Holden et al., 2017; and Worden et al., 

2020 (USGS ShakeMap). See Table 
3.2 for additional Information. 

To capture regional variation in 
strong ground motion intensity 

Fault Distance 
(Rupture) Forcing 

Euclidean distance (GDAL) from 
2016 surface fault ruptures within the 
New Zealand Active Fault Database 

(Langridge et al., 2016) 

To account for the higher density of 
landslides observed around surface 
fault ruptures (Massey et al., 2018, 

2020) 

Fault Distance 
(Active) Susceptibility 

Euclidean distance (GDAL) from all 
fault traces included in the New 
Zealand Active Fault Database 

(Langridge et al., 2016) 

A commonly available proxy for 
fault damage zone contributions to 

earthquake induced landslides 
globally (Budimir et al., 2015) 

Off-Fault 
Deformation 

(OFD) 
Susceptibility OFD zone as defined for 14 faults by 

Bloom et al., 2021 

To serve as a proxy for the fault 
damage zone around surface fault 

ruptures from the Kaikōura 
earthquake 

Slope  Susceptibility Slope (GDAL) derived from LINZ 8 
m DEM 

A commonly predictive feature in 
landslide susceptibility models 
globally (Budimir et al., 2015) 

Aspect (Eastness 
and Northness) Susceptibility 

Eastness and Northness derived from 
Aspect (GDAL, Converted to 

Radians) produced using LINZ 8 m 
DEM 

To capture the influence of variable 
sun and rain exposure as well as 

potential seismic directivity 
(Budimir et al., 2015) 

Curvature 
(Planform and 

Profile) 
Susceptibility 

Curvature (GDAL) derived from Land 
Information New Zealand (LINZ) 8 m 

DEM 

A commonly predictive feature in 
landslide susceptibility models 
globally (Budimir et al., 2015) 

Local Slope 
Relief (LSR) Susceptibility 

Difference in elevation between a grid 
cell and the lowest elevation grid cells 
center point within an 80 m circular 

window (GDAL) 

To account for a high topographic 
importance identified in previous 
landslide susceptibility models 

trained on the Kaikōura earthquake 
induced landslide distribution by 

Massey et al. (2020a). 
Normalized 
Difference 

Moisture Index 
(NDMI) 

Susceptibility 
Derived from October 2016 Landsat 8 
Imagery: NDMI = (Band 5 – Band 6) / 

(Band 5 + Band 6) 

To account for the potential 
influence of soil moisture on 

shallow failures 

Structural 
Aspect Susceptibility 

Correlation between Aspect (GDAL) 
and dip direction of QMAP bedding 

measurements (Rattenbury et al., 
2006) 

To account for potential structural 
control of landslides 

 
Table 3.2. Ground Motion Intensity Measures. 

Feature  Group Ground Motion Model(s) Notes 

PGA (Mean) PGA/PGV 
Horspool et al., 2015 (NZ ShakeMap); 
Bradley et al., 2017; and Worden et al., 

2020 (USGS ShakeMap). 

Mean of PGA from three ground 
motion models (described below) 
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PGA 
(EuroCode) PGA/PGV 

Horspool et al., 2015 (NZ ShakeMap); 
Bradley et al., 2017; and Worden et al., 

2020 (USGS ShakeMap). 

Amplification factors applied from 
EuroCode 8 (see Supplementary 

Information) to Mean PGA 

PGA (NZSM) PGA/PGV Horspool et al., 2015 (NZ ShakeMap) Obtained from GNS Science – New 
Zealand ShakeMap Atlas 

PGV (NZSM) PGA/PGV Horspool et al., 2015 (NZ ShakeMap) Obtained from GNS Science – New 
Zealand ShakeMap Atlas 

PGA 
(Holden) PGA/PGV Holden et al., 2017 Obtained from Publication 

PGV 
(Holden) PGA/PGV Holden et al., 2017 Obtained from Publication 

PGA 
(Bradley) PGA/PGV Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

PGV 
(Bradley) PGA/PGV Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

PSA0.3 
(Bradley) PSA Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

PSA0.1 
(Bradley) PSA Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

PSA3.0 
(Bradley) PSA Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

PSA10.0 
(Bradley) PSA Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

Arias 
(Bradley) 

Other 
Intensity Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

Ds5-95 
(Bradley) 

Other 
Intensity Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

MMI 
(Bradley) 

Other 
Intensity Bradley et al., 2017 Obtained from QuakeCore SeisFinder 

PGA (USGS) PGA/PGV Worden et al., 2020 (USGS 
ShakeMap) 

Obtained from U.S. Geological Survey 
Earthquake Catalog 

PGV (USGS) PGA/PGV Worden et al., 2020 (USGS 
ShakeMap) 

Obtained from U.S. Geological Survey 
Earthquake Catalog 

PSA0.3 
(USGS) PSA Worden et al., 2020 (USGS 

ShakeMap) 
Obtained from U.S. Geological Survey 

Earthquake Catalog 
PSA0.1 
(USGS) PSA Worden et al., 2020 (USGS 

ShakeMap) 
Obtained from U.S. Geological Survey 

Earthquake Catalog 
PSA3.0 
(USGS) PSA Worden et al., 2020 (USGS 

ShakeMap) 
Obtained from U.S. Geological Survey 

Earthquake Catalog 

MMI (USGS) Other 
Intensity 

Worden et al., 2020 (USGS 
ShakeMap) 

Obtained from U.S. Geological Survey 
Earthquake Catalog 

 
Ground Motion Features 

Ten different ground motion intensity measures were derived from four published ground 

motion models of the Kaikōura earthquake for this analysis (Table 3.2; Horspool et al., 2015; 

Bradley et al., 2017; Holden et al., 2017; and Worden et al., 2020). These ground motion 

intensity measures include PGA, PGV, Arias Intensity, EuroCode 8 Amplified PGA, MMI, Ds5-

95 (duration of shaking), and Peak Spectral Amplification (PSA) at a period of 0.3, 1.0, 3.0, and 

10 seconds (Figure 3.2 and Table 3.2). The choice of ground motion features is largely governed 
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by the availability of published datasets. The purpose of this study is not to develop new ground 

motion models or intensity measures but simply to understand which commonly available 

products provide the best explanation for the observed distribution of landslides from the 

Kaikōura earthquake, and why. 

 

Standardisation 

All the features used in this model analysis were standardised as follows: 

𝑧 = 	 &"'
(

         (Eq 3.2) 

where the standardised value (z) is the original value (𝑥) minus the mean (𝜇) of all values 

divided by the standard deviation (𝜎) of all values. Standardisation brings features with different 

units and ranges of values to a common scale allowing us to directly compare model coefficients. 

 

Logistic Regression Modelling 

Following the framework laid out in Figure 3.2, logistic regression models were 

iteratively trained using data from the 2016 Kaikōura earthquake. ‘Independent’ models were 

trained using a single ground motion feature as a forcing and ‘full’ models were trained using a 

single common ground motion feature, distance to a surface fault rupture, and the remaining 

suite of select susceptibility features described above (Figure 3.2, Table 3.1). ‘Partial’ models 

were also trained using each ground motion feature while excluding individual (or sets of) 

forcing and susceptibility features, for example excluding distance to a surface fault rupture or 

distance to a surface fault rupture and OFD (Figure 3.2). As a final ‘control’, a version of each 

full and partial model was trained without any ground motion feature (Figure 3.2). This control 

model allows for the differentiation of model performance with and without an earthquake 

forcing. 

The scikit-learn python library was used to train all the logistic regression models in this 

analysis (Budimir et al., 2015). Models were trained on 80% of gridded data leaving 20% of data 

for independent verification of model performance. For model training, random 5-fold cross 

validation was used to evaluate uncertainty in model performance. In K-fold cross validation, the 

training dataset is partitioned into K (in this case 5) parts (Hastie et al., 2017) and models are 

iteratively trained using all parts minus one. The remaining portion of data excluded from 

training in each iteration is used to validate model performance. Across models, an L1 
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regularization was used to penalize poor features and improve model prediction by simplifying 

the model (Lombardo and Mai, 2018). Using the L1 (also known as the Least Absolute 

Shrinkage Selection Operator or LASO; Tibshirani, 1996) allows the model to assign overly 

collinear or unsupportive features a coefficient of zero. The SAGA solver (Defazio et al., 2014), 

which supports L1 regularization, was used to weight coefficients. Based on hyperparameter 

tuning, a C (inverse of regularization strength) of 0.001 was applied to models of GeolCodes 1, 

2, 3, and 4 and a C of 0.0001 was applied to models of GeolCode 5. Higher values of C assign 

more weight to the training dataset while lower values result in greater regularisation and model 

simplification (Hastie et al., 2017). The target datasets have a greater number of non-landslide 

source area (value of 0) grid cells than landslide (value of 1) grid cells. While different balancing 

strategies were considered, in keeping with previous modelling of the Kaikōura landslide 

distribution (e.g., Massey et al., 2022), the final models presented in this analysis do not balance 

or otherwise weight the target dataset during model training. Balancing the target dataset may 

produce more meaningful estimates of model precision and accuracy but artificially inflates the 

ratio of landslide pixels considered in model training. Resulting models vastly overpredict 

landslide occurrence when applied to unseen data limiting the usefulness and applicability of the 

model. 

Trained models were applied to the 20% of data withheld from model training and model 

performance was evaluated using the receiver-operator characteristic curve (ROC). The ROC 

curve (e.g., Fawcett 2006; Lombardo and Mai 2018) plots the true positive rate (TPR) against the 

false positive rate (FPR) at different probability thresholds. TPR, also known as ‘sensitivity,’ 

represents the ratio of positive predictions that were correctly classified as positive by the model, 

i.e. pixels modelled as failures that actually failed in 2016. FPR is calculated as (1 – specificity), 

where specificity is the true negative rate (TNR) or the ratio of negative model predictions that 

were correctly classified as negative. The shape of the ROC curve is used to evaluate the 

goodness of fit for a binary classifier – in this case, whether a grid cell represents a landslide 

source area or not (Y = 1 or Y = 0). The class prediction for each instance is determined based on 

the probability threshold. Area under the ROC curve (AUC) is calculated to quantify the shape of 

the curve in a single reportable value. Values of AUC close to 1 represent better model 

performance while values close to 0.5 represent near random results (Hosmer et al., 2013).  
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Consistent with previous logistic regression landslide susceptibility studies (e.g., 

Lombardo and Mai 2018; Williams et al., 2021), here, model performance is reported based on 

AUC. This is not to suggest that this is the only, or best, measure of model performance. In fact, 

a major limitation of AUC is the challenge in identifying statistically significant differences 

between values from nested models (e.g., Bitterlich et al., 2003; Demler et al., 2012), for 

example models that replace one comparable feature with another. This typically makes AUC a 

somewhat coarse measure of model performance. In this case, the model evaluation framework 

uses the same training and test dataset for every model so even small changes in model AUC do 

represent actual changes in model performance. 

AUC is presented alongside the relative weight of model coefficients applied during 

model training; model coefficients are not influenced by model performance. Due to feature 

standardisation, coefficients are comparable and can serve as an analytical diagnostic for the 

applicability of the model beyond performance metrics. 

 

Results 

Comparative Model Performance 

Across model iterations, a range of model performance was observed based on ground 

motion feature selection (Figure 3.3). The overall impact of feature choice on model 

performance was strongly modulated by geology. As such, below, findings for each geology type 

are discussed separately. Model results were very similar regardless of the landslide inventory 

(Massey et al., 2020; Tanyas et al., 2022) used as the target dataset in training. Unless otherwise 

noted, the results presented within the manuscript are based on models trained using the slightly 

larger landslide inventory by Massey et al. (2020a). Corresponding results for the landslide 

inventory by Tanyas et al. (2022) are available in the Chapter 3 appendix. 

 
GeolCode 1 (Quaternary) 

In independent models within GeolCode 1, the best performing ground motion features 

were all products of the USGS ShakeMap (Worden et al., 2020; Figure 3.3). On average, these 

features had c. 0.10 higher AUC as compared to the same metrics derived from other ground 

motion models (Figure A3.2-4). Full models including distance to surface fault rupture produced 

the highest model AUC of c. 0.84 with little variation between ground motion features (Figure 
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3.3). The control model, including distance to a surface fault rupture but no ground motion 

feature, performed as well as full models that included ground motion (Figure 3.3). In some 

cases, ground motion features were assigned a model coefficient weight of 0.0, effectively 

ignoring the ground motion feature altogether. 

 

 
Figure 3.3. Bar charts showing top model performance in each GeolCode. 

 

In models trained without the distance to surface fault rupture feature, Peak Spectral 

Acceleration (PSA) at a period of 0.3 seconds and MMI from ShakeMap (Worden et al., 2020), 

produced the strongest landslide susceptibility models with an AUC of c. 0.82 (Figure 3.3). This 

is c. 0.02 higher than PGA and PGV from the same ground motion model (Worden et al., 2020) 

and c. 0.06 higher than PGV from the next strongest ground motion model by Holden et al. 

(2017; Figure A3.2-4). 
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GeolCode 2 (Neogene) 

PSA at a period of 0.3 seconds was again the top performing ground motion feature 

across GeolCode 2 models that excluded distance to a surface fault rupture. In individual models, 

PSA at a period of 0.3 seconds produced a model AUC of c. 0.79, 0.05 higher than the next best 

feature (PSA at a period of 1.0 seconds) and c. 0.065 higher than the best performing PGA or 

PGV (Figure 3.3). In models excluding surface fault rupture distance, PGA and PGV features 

based on three models (Bradley et al., 2017; Holden et al., 2017, and Worden et al., 2020) 

produced AUCs of c. 0.82 (c. 0.02 lower than PSA at a period of 0.3 seconds; Figure A3.3). 

Full models including distance to surface fault rupture again produced the highest model 

AUC (Figure 3.3). AUC was fairly consistent across the best performing models (c. 0.87) but 

only 0.02 higher than the control model with no ground motion intensity measure. 

 

GeolCode 3 (Paleogene) 

Individually trained models in GeolCode 3 generally performed poorly producing AUCs 

lower than c. 0.66 (Figure 3.3). Like GeolCodes 1 and 2, PSA at a period of 0.3 seconds was the 

strongest feature across models excluding distance to a surface fault rupture. In models excluding 

only distance to a surface fault rupture, PSA at a period of 0.3 seconds from ShakeMap (Worden 

et al., 2020) and Ds5-95 (duration of shaking) by Bradley et al. (2017) had an AUC of c. 0.79 

(Figure 3.3). This was c. 0.015 higher than the next highest feature – PGA by Bradley et al. 

(2017). In models trained using the landslide inventory from Tanyas et al. (2022), Ds5-95 from 

Bradley et al. (2017) did not perform as well as other intensity measures like MMI from 

ShakeMap. 

PSA at a period of 10 seconds by Bradley et al. (2017) produced the highest model AUC 

for full models (c. 0.82; Figure 3.3). The full control model, with no ground motion feature, had 

an AUC of c. 0.79. 

 

GeolCode 4 (Volcanics) 

It was possible to train models using GeolCode 4 but it should be noted that training data 

was extremely limited and this may have an influence on model performance. Across models 

without a distance to surface fault rupture feature, PGV and PSA at a period of 0.3 seconds from 
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the USGS ShakeMap (Worden et al., 2020) produced the highest model AUC (as high as c. 0.94; 

Figure 3.3). 

All full models including the control model without a ground motion feature produced 

model AUC of 0.97. 

 

 

GeolCode 5 (Torlesse) 

In individual models of GeolCode 5, Arias Intensity based on ground motion estimates by 

Bradley et al. (2017) had the highest AUC of c. 0.79 (Figure 3.3). In models without a distance 

to surface fault rupture feature, however, Arias Intensity produced a model AUC of c. 0.87, c. 

0.02 lower than models produced using MMI and PGA from the USGS ShakeMap (Worden et 

al., 2020; Figure 3.3). In models without the distance to surface fault rupture feature, PSA at a 

period of 0.3 seconds was still the top performing PSA but did not perform as well as PGA or 

MMI (Figure 3.3). In models trained using the Tanyas et al. (2022) landslide inventory, slightly 

lower performance was observed in models trained using PSA at 0.3 seconds and slightly higher 

performance for models trained using PSA at 1.0 second (Chapter 3 Appendix). 

Arias Intensity produced the highest model AUC (c. 0.89) in full models though this was 

negligibly higher than the performance of most models including the control model with no 

ground motion feature (Figure 3.3).  

 

Model coefficients and feature importance 

Across full models in each geology type, the distance to surface fault rupture feature had 

the largest model coefficients (Figure 3.4). In most cases, distance to a surface fault rupture is 

followed by slope, ground motion, OFD, and other susceptibility features (Figure 3.4). This runs 

slightly contrary to previous studies of the distribution of landslides from the Kaikōura 

earthquake (Massey et al., 2018; 2020a) which found slope to be a more important feature than 

surface fault rupture distance. This higher relative importance is easily explained by the model 

framework which, unlike previous studies, excludes slopes lower than 15°. These gentler slopes 

are unlikely to result in landslides In the Kaikōura region regardless of ground motion or slope 

preconditioning. In models that do not include this slope threshold, it is likely that slope would 
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be assigned a heavier weight to account for the very low probability of failures on flat ground 

(Massey et al., 2020a). 

 

 
Figure 3.4. Model coefficients for the top full and partial model in each GeolCode. Points with 
associated error bars represent the mean and standard deviation (SD) of the coefficient across 5 
cross validations. Colour bars indicate which feature the point is associated with and the model 
data used to train the model (either full or without a distance to surface fault rupture feature). 
The standard deviation is less than 0.1 in all cases and error bars are obscured by the points. 
Negative coefficients result in a higher weight for small values while positive coefficients result 
in a higher weight for high values. For example, a negative coefficient for fault distance has a 
higher landslide susceptibility closer to faults while a positive coefficient for slope suggests that 
a greater slope angle has higher landslide susceptibility. All features are standardised prior to 
model training to allow for the direct comparison of features within the same model. 

 

When the distance to surface fault rupture feature is removed and a highly predictive 

ground motion feature is included, ground motion has a higher model coefficient than slope in 

GeolCodes 1, 2, 3, and 4. In GeolCode 5, slope has a slightly higher model coefficient than the 

best ground motion feature (MMI from the USGS ShakeMap; Worden et al., 2020; Figure 3.4). 

Other features including active fault distance, OFD, NDMI, and aspect produced higher than 

average model coefficients (Figure 3.4). 
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It is important to note that most ground motion features were assigned a negative or zero 

coefficient across models, with the exception of features produced from the USGS ShakeMap 

(Worden et al., 2020) and Ds5-95 by Bradley et al. (2017) in GeolCodes 1, 2, 3, and 4. Negative 

coefficients suggest higher landslide probability with lower ground motion. In contrast, in 

GeolCode 5, most models assigned positive coefficients to ground motion intensity measures 

with the interesting exception of Ds5-95 by Bradley et al. (2017) which had previously been 

assigned positive coefficients across other GeolCodes. 

 

Discussion and Implications 

Distance to a Surface Fault Rupture 

The high importance of distance to a surface fault rupture in this study raises additional 

concern that the feature may be correlated with strong ground motion, one of the strongest 

predictors of landslides from other earthquakes (e.g., Budimir et al., 2015; Nowicki Jesse et al., 

2018). Indeed, there is a strong linear relationship (up to a Pearson’s r of 0.86) between surface 

fault rupture distance and some strong ground motion intensity estimates like MMI (Figure 3.5). 

When the distance to surface fault rupture feature is removed from models in GeolCodes 1, 2, 3, 

and 4, there is a more logical shift in feature importance (Figure 3.4) where ground motion 

intensity measures become the most important feature. In GeolCode 5, slope remains the 

dominant predictor (Figure 3.4) across most models. This is likely driven by steep slopes in the 

Seaward Kaikōura range (Figure 3.1) which are heavily deformed and fractured, exist at very 

steep slope angles, and likely experience topographic amplification of ground motion that is not 

adequately captured within the ground motion models that were tested. 

There is a slight drop in model performance (less than c. 0.05 AUC) from full models to 

partial models excluding distance to a surface fault rupture, general fault distance, and OFD 

(Figure 3.3). While it is difficult to assess the source of this drop in AUC, it may suggest that 

ground motion estimates themselves do not fully account for the increase in landslides around 

surface rupturing faults. Including distance to active faults and/or OFD features limited the drop 

in model performance to less than c. 0.03 AUC (Figure 3.3) but did not completely negate the 

reduction in any geology type. As suggested by Bloom et al. (2022) there is likely a contribution 

of near fault processes to landslide susceptibility within fault damage zones in the Kaikōura 

region and these results appear to support that conclusion. Even best estimates of ground motion 
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from the Kaikōura earthquake, however, may not completely capture complex site effects (e.g., 

Meunier et al., 2008), making it challenging to completely isolate the influence of near fault 

processes from regional strong ground motion. 

 

 
Figure 3.5. Pearson’s r of ground motion and fault features used in the logistic regression 
models. r values near 1 or -1 suggest a high linear correlation between features. 

 

Ground Motion and Landslide Forcing 

Earthquake induced landslide susceptibility models that include ground motion intensity 

measures rely heavily on the efficacy of underlying ground motion models (Allstadt et al., 2018). 
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Ground motion models, themselves, require many inputs and assumptions making it challenging 

to identify why one model is more predictive of landslides or should be preferred over another. 

In this case, I rely on the results of comparative models of landslide susceptibility from the 

Kaikōura earthquake to gauge the ‘effectiveness’ of various ground motion models and features. 

It is critical to note, however, that this is not an indication of the accuracy of ground motion 

models. I am simply identifying which combination of common ground motion model and 

intensity measure provides the best explanation for the distribution of landslides from the 

Kaikōura earthquake.  

 

PGA and PGV 

PGA and PGV are the most commonly applied forcing features in earthquake induced 

landslide susceptibility models (e.g., Meunier et al., 2013; Jibson and Tanyas, 2020; Nowicki 

Jessee et al., 2018; Massey et al., 2021b). PGA and PGV estimates derived from Holden et al. 

(2017), Bradley et al. (2017), and ShakeMapNZ (Horspool et al., 2015) have previously been 

applied to landslide susceptibility models for the Kaikōura earthquake (Massey et al., 2018, 

2020). While these features generally resulted in high model AUC in full models including 

distance to a surface fault rupture, they were not being weighted strongly by these models 

(Figure 3.4). Alternatively, with the removal of distance to surface fault rupture feature, PSA, 

MMI, PGA and PGV derived from the USGS ShakeMap (Worden et al., 2020) resulted in higher 

AUC and larger model coefficients. 

The relatively high performance of features from the USGS ShakeMap (Worden et al., 

2020) across models without distance to a surface fault rupture may have several explanations. 

First, features derived by Holden et al. (2017) focus on low frequency shaking and primarily use 

seismic sources from the largest fault ruptures towards the north of the rupture sequence during 

the Kaikōura earthquake (Figure 3.1). Second, models produced by Bradley et al. (2017) using 

the methods of Graves and Pitarka (2010, 2015) rely on the geometric mean of observed 

horizontal ground motion to validate model performance and derive peak horizontal ground 

motion estimates whereas implementations of ShakeMap (Horspool et al., 2015; Worden et al., 

2020) use peak values in either of the observed horizontal directions. Peak ground motions may 

provide a better estimate of rupture and ground motion directivity known to influence landslide 

susceptibility (e.g., Gorum et al., 2014; Marc et al., 2017). Interestingly, the USGS 
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implementation of ShakeMap (Worden et al., 2020) for the Kaikōura earthquake incorporates the 

finite fault models defined by Bradley et al. (2017) who, in turn, derived finite fault models from 

InSAR displacements developed by Hamling et al. (2017). This may, in part, explain improved 

performance over the ShakeMapNZ ground motion model (Horspool et al., 2015) which uses 

finite faults derived from observed ground motion. 

 

MMI, Duration of Shaking, and Arias Intensity 

Modified Mercalli Intensity (MMI) derived from the USGS ShakeMap ground motion 

model (Worden et al., 2020), performed better than modelled PGA or PGV in models of 

GeolCode 1 and 5 without distance to a surface fault rupture (Figure 3.3). MMI from ShakeMap 

is derived from felt reports and a selection of peak ground motions (Worden et al., 2020) using 

reported relationships between PGA, PGV and MMI from previous earthquake events (e.g., 

Wald et al., 1999). Because MMI can be subjectively defined based on reports of felt shaking, it 

is challenging to fully explain the contribution of this feature to increased landslide 

susceptibility.  

Duration of shaking (Ds5-95) derived from modelled ground motion time series by 

Bradley et al. (2017) performed better than PGA or PGV in models of GeolCode 2 and 3 without 

distance to a surface fault rupture. Duration of shaking has been shown to play a role in the 

development of larger landslides (Jibson and Tanyas, 2020) and may result in a greater 

displacement of pre-existing bedding controlled failures that are common in GeolCodes 2 and 3 

(Singeisen et al., 2022). Because this analysis uses gridded landslide source areas, it does not 

distinguish between many small landslides or a few large landslides. It is possible that duration 

of shaking, and potentially MMI, capture some of the larger landslides from the Kaikōura 

earthquake, for example, large reactivations and those observed around surface fault ruptures by 

Massey et al. (2018, 2020). 

In Torlesse Greywacke slopes (GeolCode 5) that make up the majority of the study area, 

Arias Intensity derived from Bradley et al. (2017) also performed well. Arias Intensity has been 

applied to explain landslide susceptibility in previous studies (e.g., Harp and Wilson 1995; Luzi 

and Pergalani 2000) and, because it incorporates more factors than PGA or PGV (including 

duration of shaking), it may provide a better estimate of the conditions necessary to initiate 

landslides in GeolCode 5. That is, duration of shaking above threshold ground accelerations may 



 86 

play an important role in strain development that is critical to the step path failure mechanism of 

most Torlesse Greywacke failures (Singeisen et al., 2022). All of this said, in GeolCode 5, 

Duration of Shaking did not perform as well as Arias Intensity. In general, USGS ShakeMap 

products (Worden et al., 2020) performed slightly better than Arias Intensity in models without 

distance to a surface fault rupture suggesting that the underlying ground motion model by 

Bradley et al. (2017) may not be as predictive of landslides in this geology type. 

 

Peak Spectral Acceleration 

Across models trained using the Massey et al. (2020a) landslide inventory and excluding 

distance to a surface fault rupture, PSA at a period of 0.3 seconds derived from the USGS 

ShakeMap (Worden et al., 2020), performed as well or better than PGA or PGV. PSA at a period 

of 0.3 seconds includes higher frequency shaking that attenuates more quickly with distance 

from the seismic source (Meunier et al., 2007). If landslides from the Kaikōura earthquake are 

particularly sensitive to this frequency of shaking it may explain why distance to a surface fault 

rupture serves as such a predictive feature (Figure 3.3 and 3.4).  

The strong performance of PSA at a period of 0.3 seconds could point to a potential 

relationship between earthquake frequency and landslide susceptibility. This would complement 

previous studies (e.g., Jibson and Tanyas, 2020) demonstrating the relationship between 

landslide size and earthquake frequency, but further investigation using a wider range of 

earthquake frequencies is likely necessary to substantiate this claim. 

 

Implications for Model Application 

Susceptibility Features 

Full models, including both ground motion and distance to a surface fault rupture, 

typically assign low coefficients to the ground motion feature (Figure 3.4). In this case, distance 

to a surface fault rupture is treated as the dominant predictor with little emphasis placed on 

ground motion. This explains why there is little variation in full model performance when 

substituting different ground motion intensity measures (Figure 3.3). When the model assigns 

negative coefficients as demonstrated by Figure 3.4, lower estimated ground motion results in a 

counterintuitive increase in the probability of landslide occurrence. Such a model is difficult to 
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reconcile with known physical controls on earthquake induced landslide distributions and is 

likely overfit to the landslide distribution from the Kaikōura earthquake. 

Furthermore, prior to earthquakes, we do not know which faults will rupture. The only 

readily available fault data, in most cases, are previously mapped active faults, for example those 

within the New Zealand Active Faults Database (Langridge et al., 2016). Using distance to an 

active fault in lieu of distance to a surface fault rupture when applying models trained using 

distance to a surface fault rupture would likely result in poor model prediction on unclassified 

data. Even within the Kaikōura region, distance to active faults is not strongly correlated with 

distance to a surface fault rupture (Pearson’s r of 0.17; Figure 3.5).  

Results suggest that model performance is reduced only slightly (c. 0.01 to 0.03 AUC) by 

choosing a model without a distance to surface fault rupture feature (Figure 3.3). In this case, 

models assign the highest coefficients to ground motion and slope. This finding is generally in 

line with previous studies (e.g., Nowicki Jessee et al., 2018) and suggests that the model is less 

likely to be overfit to the Kaikōura earthquake dataset. Thus, in exchange for a slight drop in 

model performance, the partial model has more explanatory power and is able to be applied more 

broadly. 

As discussed in Chapter 2, distance to a surface fault rupture appears to be primarily 

explained by a combination of strong ground motion and near fault processes. Including the OFD 

zone (Bloom et al., 2022) as a predictive feature alongside ground motion improves model 

performance slightly over partial models that simply exclude all fault features. This said, the 

performance gain from including the fault zone feature may be negated when applying the model 

in practice; measuring the fault zone around a fault trace prior to an earthquake is challenging. 

While including OFD improves the performance of models trained on the Kaikōura earthquake 

dataset it may not substantially improve model results when applied to other regions. 

Alternatively, training and applying models using distance to active faults, an easily produced 

feature, rather than distance to surface fault ruptures may capture some influence of near fault 

processes and improve model performance (Figure 3.3). The application of the indirect distance 

to active faults feature comes at the cost of being able to fully explain the physical drivers behind 

predictions of landslide susceptibility. 

 

Earthquake Forcing Features 



 88 

Results suggest that, in general, the distribution of landslides from the Kaikōura 

earthquake is best explained when applying Peak Spectral Acceleration at a 0.3 second period as 

a predictive feature in GeolCodes 1, 2, 3, and 4. Not all earthquakes nor underlying lithologies 

and landscapes, however, produce the same frequency of ground motion and landslides of 

different size and depth may respond differently to different ground motion frequencies on a 

regional scale (Jibson and Tanyas, 2020). At present, applying a model relying on a specific 

period of PSA is unlikely to scale well to other regions or earthquakes even within similar 

lithologies. Similarly, while duration of shaking and MMI proved to be strong predictors during 

the Kaikōura earthquake, it is not clear if these features will provide a good prediction of the 

landslide distribution in other earthquakes or regions. Further (and likely worthwhile) work 

would be required to examine the predictive efficacy of these intensity measures in other 

earthquakes around the globe. 

PGA and PGV are proven as strong predictors of earthquake induced landslide 

distributions (e.g., Budimir et al., 2015; Nowicki Jessee et al., 2018) and the Kaikōura 

earthquake is not an exception. In GeolCode 5 (Torlesse), which makes up the majority of the 

Kaikōura region, PGA derived from the USGS ShakeMap (Worden et al., 2020) produces the 

second highest model performance when excluding distance to a surface fault rupture (Figure 

3.3). Furthermore, across GeolCodes, PGV from the USGS ShakeMap (Worden et al., 2020) 

results in a minor drop in model performance (0.01-0.04 AUC) over PSA at a period of 0.3 

seconds. 

For models trained on the Kaikōura earthquake induced landslide distribution with the 

intention of application to other regions, PGA (GeolCode 5) or PGV (GeolCodes 1-4) derived 

from the USGS ShakeMap (Figure 3.6; Worden et al., 2020) likely represents the best option. 

PGV from ShakeMap is the same ground motion intensity measure and model proposed by 

Nowicki Jessee et al. (2018) for rapid post-earthquake landslide susceptibility estimates and is 

readily available and quickly updated following earthquakes around the globe (Worden et al, 

2020). 
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Figure 3.6. Most applicable landslide susceptibility model and ground motion feature for each 
GeolCode. 

 

Limitations of Ground Motion Models 

Allstadt et al. (2018) identified the challenge in appropriately defining landslide 

susceptibility following large earthquakes due to rapidly changing estimates of ground motion. 

Results here suggest that this challenge can extend well beyond the days and months following 

an earthquake. A wide range in landslide susceptibility model performance was observed when 

applying four finalised ground motion models for the same event. 

The differences between the four ground motion models appear to be rooted in the 

various approaches taken to interpolate ground motion intensity from sparse observational data. 

In the absence of higher density strong ground motion sensors, it remains exceedingly difficult to 

determine which of these methods is the most robust or realistic. At present, most strong ground 
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motion stations in the Kaikōura region are concentrated on flat ground near population centres 

(Kaiser et al., 2017a). While this is understandable due to infrastructure concerns, topography 

has a strong influence on ground motion amplification (e.g., Ashford et al., 1997; Massey et al., 

2022) and current observations may not be representative of the actual ground motion conditions 

where most landslides occur. Furthermore, across New Zealand, less than 25% of strong ground 

motion stations are founded on bedrock (Kaiser et al., 2017b). Prior to the 2016 earthquake, this 

included only two stations (KEKS and KIKS) in the Kaikōura region (Bradley et al., 2017; 

Kaiser et al., 2017a, b). This is of particular concern when we consider that most landslides from 

the Kaikōura earthquake (> 80%) occurred within rock (Massey et al., 2020).  

The paucity of accurate observational ground motion data likely represents the single 

largest source of uncertainty in efforts to characterise earthquake induced landslide susceptibility 

(and likely other seismic hazard). It is unlikely that any ground motion model will be able to 

single handedly resolve this uncertainty without additional observational data. The installation of 

a dense and representative seismic network should be of the utmost importance for improving 

estimates of ground motion intensity on a regional scale and, in turn, improving our estimates of 

landslide susceptibility. 

 

Conclusions 
Massey et al. (2018, 2020a) identified the importance of distance to a surface fault 

rupture in predicting the distribution of landslides from the 2016 Mw 7.8 Kaikōura earthquake. 

Bloom et al. (2022) suggested that this observation was likely the result of a combination of 

factors including ground motion attenuation with distance from the seismic source and the 

influence of the fault zone. Earthquake induced landslide inventories by Massey et al. (2020a) 

and Tanyas et al. (2022) were used alongside predictive features to re-evaluate landslide 

susceptibility during the Kaikōura earthquake. Including a distance to surface fault rupture 

feature within models of the Kaikōura landslide distribution produces the highest model 

performance but assigns very little weight to ground motion or fault zone features. Distance to a 

surface fault rupture has an even higher model weight than slope and is likely overfit to the 

Kaikōura landslide distribution. Removing the distance to surface fault rupture feature results in 

a small drop in model performance but more logically assigns greater weight to ground motion 

and slope features. Including a fault deformation zone feature further improves model 
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performance in models without a distance to surface fault rupture feature. Across geology types, 

Peak Spectral Acceleration at a period of 0.3 seconds, MMI, PGA (GeolCode 5), and 

PGV(GeolCodes 1-4) derived from the USGS ShakeMap (Worden et al., 2020) were strong 

predictors of the Kaikōura landslide distribution when excluding distance to a surface fault 

rupture. Overall, ground motion models introduce a large degree of uncertainty into landslide 

susceptibility models. More accurate and representative observational ground motion data is 

critical to improving estimates of earthquake induced landslide susceptibility on a regional scale. 
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Appendix – Additional Landslide Susceptibility Models 
 

Additional Methodology 

Initial Susceptibility Feature Selection 

Initially, 21 common predictive features were evaluated for use in this analysis (Figure 

A3.1). Of the 21 features, 11 features (Table 3.1) with a variable inflation factor (VIF) score of 

10 or less (Table A3.1) were selected for final analysis. 

 
Figure A3.1. Pearson’s r of initial susceptibility features included (black) and excluded (red) 

from analysis. 
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Table A3.1. Initial Susceptibility Feature Selection. 

Susceptibility Feature VIF 

Eastness 1.04 

Fault Distance (Active) 2.74 

Fault Distance (Rupture) 2.99 

LSR 2.13 

NDMI 1.40 

Northness 1.09 

OFD  1.03 

Planform 1.16 

Profile 1.18 

Slope 6.01 

Structural Aspect 3.36 

 

Gridded Landslide Data 

Landslide polygons from the inventory of Massey et al. (2020a) and Tanyas et al. (2022) 

were gridded to the 8 m resolution of the digital elevation model (LINZ, 2022) used to derive the 

topographic landslide susceptibility features. Tables A3.2 shows the raw number of landslide (1) 

and non-landslide (0) grid cells used in this analysis. Table A3.3 shows the raw number of grid 

cells when including areas with Mean PGA > 0.2 g and Slope > 15°. Table A3.4 shows the 

percent difference between Tables A3.2 and A3.3. 
 

Table A3.2. Landslide (LS) density by GeolCode with number of 1 and 0 landslide grid cells 

where Mean PGA > 0.2 g and Slope > 15°. 

PGA > 0.2 g & Slope > 15 Deg. GeolCode 1  GeolCode 2  GeolCode 3 GeolCode 4  GeolCode 5 Total 

Massey 

0 1,902,103 3,942,751 5,268,340 1,938,751 59,045,829 72,097,774 

1 10,677 44,839 60,362 15,957 356,964 488,799 

Total 1,912,780 3,987,590 5,328,702 1,954,708 59,402,793 72,586,573 

LS Density 0.56% 1.12% 1.13% 0.82% 0.60% 0.67% 

Tanyas 

0 1,879,144 3,936,215 5,184,037 1,947,719 58,212,328 71,159,443 

1 33,636 51,375 144,665 6,989 1,190,465 1,427,130 

Total 1,912,780 3,987,590 5,328,702 1,954,708 59,402,793 72,586,573 

LS Density 1.76% 1.29% 2.71% 0.36% 2.00% 1.97% 

Total Area Area Percent 2.64% 5.49% 7.34% 2.69% 81.84% 100.00% 
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Table A3.3. Landslide (LS) density by GeolCode with number of 1 and 0 landslide grid cells for 

all data without exclusions. 

All Slopes and All PG’'s GeolCode 1  GeolCode 2  GeolCode 3 GeolCode 4  GeolCode 5 Total 

Massey 

0 35,920,278 12,040,589 8,579,706 2,640,345 86,935,252 146,116,170 

1 16,508 54,721 72,024 17,556 361,718 522,527 

Total 35,936,786 12,095,310 8,651,730 2,657,901 87,296,970 146,638,697 

LS Density 0.05% 0.45% 0.83% 0.66% 0.41% 0.36% 

Tanyas 

0 35,881,671 12,028,889 8,489,112 2,649,899 86,078,202 145,127,773 

1 55,115 66,421 162,618 8,002 1,218,768 1,510,924 

Total 35,936,786 12,095,310 8,651,730 2,657,901 87,296,970 146,638,697 

LS Density 0.15% 0.55% 1.88% 0.30% 1.40% 1.03% 

Total Area Area Percent 24.51% 8.25% 5.90% 1.81% 59.53% 100.00% 

 

Table A3.4. Percent of data included in analysis when excluding areas with Mean PGA < 0.2 g 

and Slope < 15°. 

Percent with Exclusions GeolCode 1  GeolCode 2  GeolCode 3 GeolCode 4  GeolCode 5 Total 

Massey 
0 5.30% 32.75% 61.40% 73.43% 67.92% 49.34% 

1 64.68% 81.94% 83.81% 90.89% 98.69% 93.55% 

Tanyas 
0 5.24% 32.72% 61.07% 73.50% 67.63% 49.03% 

1 61.03% 77.35% 88.96% 87.34% 97.68% 94.45% 

Total Area Area Percent 5.32% 32.97% 61.59% 73.54% 68.05% 49.50% 

 

EuroCode 8 Amplified PGA 

In the comparative modelling I include a EuroCode 8 amplified PGA feature. This feature 

was developed loosely following the EuroCode 8 Guidelines for topographic amplification found 

in Eurocode 8, Part 5, Annex A.2 (Eurocode 2004). While these guidelines are intended to 

provide a site-specific estimate of topographic amplification, I modify them slightly in this case 

in order to apply them regionally. Where slopes are between 15 and 30°, I multiply the Mean 

PGA feature (developed from three models by Horspool et al. (2015), Bradley et al. (2017), and 

Worden et al., 2020) by a factor of 1.2. Where slopes are higher than 30°, I multiply PGA by a 

factor of 1.4. In addition, for slopes greater than 15° in GeolCode 1 (unconsolidated Quaternary 

sediment), I multiply amplified PGA by 1.2. Actual topographic amplification is likely to be 

spatially variable based on the height of the hillslope (e.g., Ashford et al., 1997). Due to the 
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challenge in defining hillslope height across variable topographic domains, however, I do not 

attempt to vary the regional amplification factors. 

 

Additional Results 

Complete Model Performance – Massey et al. (2020a) Inventory 

AUC of individual models trained using the landslide inventory by Massey et al. (2020a) 

are presented in Figures A3.2 to A3.4. 

 

 
Figure A3.2. Results from PGA/PGV models trained using the Massey et al. (2020a) landslide 
inventory. 
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Figure A3.3. Results from PSA models trained using the Massey et al. (2020a) landslide 
inventory. 
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Figure A3.4. Results from other ground motion intensity models trained using the Massey et al. 
(2020a) landslide inventory. 
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Complete Model Performance – Tanyas et al. (2022) Inventory 

AUC of individual models trained using the landslide inventory by Tanyas et al. (2022) 

are presented in Figures A3.5 to A3.7. 

 

 
Figure A3.5. Results from PGA/PGV models trained using the Tanyas et al. (2022) landslide 
inventory. 
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Figure A3.6. Results from PSA models trained using the Tanyas et al. (2022) landslide inventory. 
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Figure A3.7. Results from other ground motion intensity models trained using the Tanyas et al. 
(2022) landslide inventory. 
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Chapter 4 - Coastal earthquake induced landslide susceptibility 
 

Bloom, C.K., Singeisen, C., Stahl, T., Howell, A., Massey, C., and Mason, D., in Review, 
Coastal earthquake induced landslide susceptibility during the 2016 Mw 7.8 Kaikōura 
earthquake, New Zealand: Landslides. 

 

Abstract 
 

Coastal hillslopes often host higher concentrations of earthquake induced landslides than those 

further inland, but few studies have systematically investigated the reasons for this occurrence. 

As a result, it remains largely unclear if regional earthquake induced landslide susceptibility 

models trained primarily on inland slopes are effective predictors of coastal susceptibility. The 

2016 Mw 7.8 Kaikōura earthquake on the northeast South Island of New Zealand resulted in c. 

1,750 landslides > 50 m2 on slopes > 15° within 1 km of the coast. This is an order of magnitude 

greater landslide density than inland slopes within 1 to 3 km of the coast. In this study, the 

distribution of regionally predictive landslide susceptibility variables, or features, and logistic 

regression modelling are used to investigate how landslide susceptibility differs between coastal 

and inland slopes and determine the factors that drive the distribution of coastal landslides 

initiated by the 2016 Kaikōura earthquake. Strong model performance (AUC c. 0.80 to 0.92) was 

observed across eight models, which adopt four simplified geology types. The same landslide 

susceptibility factors, primarily geology, steep slopes, and ground motion are strong model 

predictors for both inland and coastal landslide susceptibility in the Kaikōura region. In three 

geology types (which account for more than 90% of landslides source areas) a 0.03 or less drop 

in model AUC is observed when predicting coastal landslides using inland trained models. This 

suggests little difference between the features driving inland and coastal landslide susceptibility 

in the Kaikōura region. Geology is similarly distributed between inland and coastal slopes and 

PGA is generally lower in coastal slopes. Slope angle, however, is significantly higher in coastal 

slopes and provides the best explanation for the high density of coastal landslides during the 

2016 Kaikōura earthquake. Existing regional earthquake induced landslide susceptibility models 

trained on inland slopes using common predictive features are likely to capture this signal. In the 
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Kaikōura region, most coastal slopes are isolated from the ocean by uplifted shore platforms. 

Enhanced coastal landslide susceptibility from this event appears to be a legacy effect of past 

active erosion, which preferentially steepened these coastal slopes.  
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Introduction 
Steep rocky coastlines, which account for c. 80% of waterfront around the globe (Emery 

and Kuhn, 1982), are a naturally desirable location to live and recreate. A growing global 

population has resulted in human encroachment on coastlines with nearly one quarter of the 

human population now living in close proximity to the coast (Small and Nichols 2003). At the 

same time, global climate change and a rising sea level threaten to increase the rate of coastal 

landsliding and cliff retreat, in part, due to wave action overtopping protective beaches and 

impacting coastal cliff faces more frequently (e.g., Young et al., 2014; Limber et al., 2018). This 

may have devastating consequences for people and infrastructure near coastal slopes (e.g., 

Jibson, 2006; Dellow et al., 2017; Handwerger et al., 2019). 

To help mitigate and manage these hazards, previous studies have attempted to define 

landslide susceptibility models for steep coastal regions using a physical understanding of the 

forcings that contribute to coastal mass wasting and the susceptibility factors that make failure 

more likely (e.g., Keefer et al., 2000; He and Beighley, 2008; Budetta et al., 2008; Dickson and 

Perry, 2016; Francioni et al., 2018; Young et al., 2018; Limber et al., 2018). Forcings include 

rainfall, wave and tidal action, and storm surge whereas susceptibility factors include steep 

topography, geology, rock structure, hydrology, urbanization, and soil moisture among other 

factors (Van Jones et al., 2015; Dickson and Perry, 2016; He and Beighley, 2008). In tectonically 

active regions, earthquakes also act as a forcing contributing to the distribution of coastal 

landslides (Chapter 5; Griggs and Plant, 1998; Hancox et al., 2002) but few coastal models have 

considered the influence of strong ground motion. 

Similarly, while a number of studies (e.g., Budimir et al., 2015; Parker et al., 2015; 

Massey et al., 2018) have attempted to define factors contributing to regional earthquake induced 

landslide susceptibility, few have focused specifically on coastlines. In several cases (e.g., 

Griggs and Plant, 1998; Collins et al., 2012; Massey et al., 2018) a significantly higher landslide 

density was observed on coastal slopes as compared to inland slopes but this has yet to be 

considered in most probabilistic landslide susceptibility assessments. Given the influence of 

increased precipitation, weathering, and soil moisture along coastlines, it is possible that regional 

earthquake induced landslide susceptibility models, primarily trained on more abundant inland 

hillslopes, may not effectively predict coastal landslide distributions. 
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Following the 2016 Mw 7.8 Kaikōura earthquake along the northeast coast of the South 

Island of New Zealand (Hamling et al., 2017), Massey et al. (2018) observed an order of 

magnitude greater number of landslides along coastal slopes as compared to inland slopes. No 

clear physical control on landslide density was identified although several hypotheses were 

tested including lower slope along the Kaikōura coast, different slope geometry resulting in 

ground motion amplification along the Kaikōura coast, and reduced rock mass strength along the 

coast. Here the distribution of coastal landslides from the 2016 Kaikōura earthquake is used to: 

1) compare and contrast the results from earthquake induced landslide susceptibility models 

developed for coastal and inland slopes in the Kaikōura region; 2) evaluate the factors that might 

contribute to an increased coastal coseismic landslide density during the earthquake; and 3) 

explore some of the mechanisms that result in increased coseismic landslide susceptibility along 

the Kaikōura coast. 

 
Background 

2016 Mw 7.8 Kaikōura Earthquake 

The 2016 Mw 7.8 Kaikōura earthquake initiated on the Humps fault near the township of 

Waiau c. 40 km inland from the coast in the northeastern South Island of New Zealand (Hamling 

et al., 2017). The earthquake triggered a cascade of fault ruptures on more than 20 on- and off-

shore faults primarily to the northeast of the epicentre (Figure 4.1, Litchfield et al., 2018). The 

earthquake ruptured faults of both the North Canterbury and the Marlborough Fault System 

tectonic domains (Figure 4.1, Litchfield et al., 2018) and caused complex surface deformation 

along c. 110 km of coastline (Clark et al., 2017). 

The earthquake generated more than 30,000 landslides which were primarily 

concentrated within the steep slopes of the Seaward Kaikōura range, around surface fault 

ruptures, and in steep sections of coastline (Figure 4.1 and 4.2; Massey et al., 2018, 2020a; 

Bloom et al., 2022). Statistical modelling by Massey et al. (2018, 2020a) found that the regional 

distribution of landslides from the Kaikōura earthquake was well explained by geology, slope, 

distance to surface fault traces, peak ground velocity (PGV), local slope relief, and elevation. 

While Massey et al. (2018) acknowledged a higher density of landslides along the Kaikōura 

coast, they did not investigate coastal landslide susceptibility, nor the underlying mechanisms 

involved in the distribution of coastal earthquake induced landslides. Here, I separate out coastal 
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versus non-coastal slopes from this regional analysis and independently investigate the factors 

that might have contributed towards increased landslide susceptibility of coastal slopes during 

the 2016 Kaikōura earthquake. 

 
Figure 4.1. a. Location of the Kaikōura earthquake within the tectonic setting of New Zealand. 
Active faults from the 1:250,000 scale New Zealand Active Fault Database (Langridge et al., 
2016) are in grey and simplified major offshore structures are in blue. Black arrows show the 
relative motion of the Pacific and Australian Plates (Beavan et al., 2002). b. Area of the 
Kaikōura earthquake with active faults of the New Zealand Active Fault Database in grey and 
fault ruptures from the 2016 Kaikōura earthquake in red (Litchfield et al., 2018; Zinke et al., 
2019). The shaded blue area is the focus of this study, a 3 km buffer of the coast where modelled 
PGA from the Kaikōura earthquake was greater than 0.2 g. Red points identify locations where 
Ota et al. (1996) estimated coastal uplift rates (noted next to labels). Major faults that cross the 
coastline in the Kaikōura region are labelled. The labelled MFS or Marlborough Fault System is 
north of the Hope fault and the NCD or North Canterbury Domain is south of the Hope fault. 
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Figure 4.2. A multidirectional hillshade of post-earthquake lidar (Massey et al., 2020) with 
coastal earthquake induced landslides mapped by Massey et al. (2020a). A high density of 
coastal earthquake induced landslides were observed within the scars of relict landslides that 
are common along the coastline. Shore platforms modified by road and rail corridors buffer the 
base of most slopes. 

 
Coastal and Geologic Setting 

Much of the Northeast coast of New Zealand’s South Island is steep and rocky (Figure 

4.1 and 4.2). Coastal slopes are primarily composed of intensely jointed Lower Cretaceous 

greywacke of the Torlesse Supergroup along with younger Upper Cretaceous to Neogene 

sedimentary units (Rattenbury et al., 2006). These units are, in places, overlain by less 

consolidated Pleistocene alluvial, fluvial, and beach deposits. Portions of the region’s steep 

coastline, primarily south of the Haumuri Bluffs at Conway Flat (Figure 4.1) form steep coastal 

cliffs c. 50 to 150 m in height, many of which are subject to wave action at high tide (Chapter 5). 

North of the Haumuri Bluffs, however, most coastal slopes are uplifted and buffered from direct 
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wave action by shore platforms that have, in places, been anthropogenically modified to facilitate 

road and rail corridors (Figure 4.2; Mason et al., 2017; Stringer et al., 2021). 

Long-term coastal uplift in the Kaikōura region is locally variable as a result of major 

faults, including the Hope, Kekerengu-Needles, and Hundalee, which cross-cut the coastline 

(Figure 4.1, Litchfield et al., 2018; Howell and Clark, 2022). Approximate regional estimates of 

uplift based on Pleistocene marine terraces suggest c. 2.0 mm y-1 of uplift at the Conway River 

mouth, 1.3 mm y-1 at the Haumuri Bluffs, 1.1 mm y-1 at Kaikōura township, 1.1 mm y-1 at the 

Clarence River mouth, and c. 0.5 mm y-1 c. 10 km south of Cape Campbell (Figure 4.1; Ota et 

al., 1996). These measurements generally align well with more recent measurements of c. 0.9 to 

1.3 mm y-1 at Kaikōura (Nicol et al., 2022). Single event vertical displacement from the 2016 

Kaikōura earthquake ranged from c. −2.5 to 6.5 m along the Kaikōura coast (Clark et al., 2017; 

Howell and Clark, 2022), but the areas that subsided in 2016 have undergone net uplift over the 

Holocene and Pleistocene (Ota et al., 1996; Howell and Clark, 2022). 

As a result of low coastal population density, little work has been done to estimate long 

term coastal retreat rates for the South Island of New Zealand. The few studies that have 

estimated retreat (Chapter 5; Kirk 1975, 1977) suggest highly variable rates modulated by 

lithology and topography. Average rainfall measured in the township of Kaikōura is c. 721 mm 

yr-1 (Macara, 2014) but is highly spatially variable along the Kaikōura coast ranging from c. 675 

to c. 1500 mm yr-1 (NIWA, 2022). Over the historical record, significant landsliding along the 

Kaikōura coast has been observed following large storms, for example Cyclone Alison (March 

1975) and ex-Tropical Cyclone Ita (April 2014), which brought high rainfall to the region over a 

short period of time (Massey et al., 2021a). 

 
Data and Methods 

To explore coastal earthquake induced landslide susceptibility in the Kaikōura region, I 

rely on a combination of predictive landslide susceptibility features and an earthquake induced 

landslide inventory produced by Massey et al. (2020a) following the 2016 Kaikōura earthquake 

(Figure 4.2). These datasets are used to examine the distribution of landslides with distance from 

the Kaikōura coast and provide training data for comparative inland and coastal landslide 

susceptibility models (Figure 4.3). The differences between the coastal and inland susceptibility 

models are investigated to examine the factors contributing to an increased density of landslides 
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on the Kaikōura coast. The following sections provide an overview of these datasets and 

analyses. 

 

 
Figure 4.3. Logistic Regression model workflow. Gridded landslide data and predictive features 
are used to train and test logistic regression models. Model results are used to compare inland 
and coastal landslide susceptibility and assess the importance of predictive features. 

 

2016 Kaikōura Landslide Inventory 

For this analysis, mapped source area polygons from version 2.0 of the 2016 Kaikōura 

earthquake induced landslide inventory (Figure 4.2 and 4.3; Massey et al., 2020a) were 

converted into a binary 8 m grid of landslide and non-landslide grid cells. Grid cells were 

assigned a value of 1 if the centre point of the grid cell fell within a landslide source area 

polygon and a value of 0 if it did not. Based on the size area distribution of landslides within 3 

km of the Kaikōura coastline, landslides smaller than 50 m2 were excluded from the analysis. 

This was an effort to eliminate potential bias resulting from preferential mapping of smaller 

failures along the Kaikōura coastal road corridor (Figure A4.1). Here, distance to the Kaikōura 

coastline was defined using the nearest Euclidean distance from the centre point of each 8 m grid 

cell to the coast as defined by the Land Information New Zealand (LINZ) Topo50 New Zealand 

Coastline (LINZ, 2022). Investigations were limited to slopes greater than 15° which captured c. 
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91% of cumulative landslide source area while excluding most slopes unlikely to produce 

significant landsliding in this region. As noted in Chapter 3, this threshold is commonly applied 

(e.g., Meunier et al., 2007; Kritikos et al., 2015) and confines the investigation to the majority of 

slopes capable of producing landslides. Furthermore, analyses were limited to those areas where 

modelled PGA (mean of three models by Horspool et al., 2015; Bradley et al., 2017; and Worden 

et al., 2020) was greater than 0.2 g (the triggering threshold for New Zealand’s earthquake 

induced landslide response tools; Massey et al., 2021b). Areas with PGA greater than 0.2 g 

include c. 99% of mapped coastal landslide source areas from the 2016 Kaikōura earthquake. 

Finally, the c. 452,000 m2 Seafront landslide was excluded from the analysis to avoid skewing 

descriptive statistics and modelling. The source area of the Seafront landslide occurs 

approximately 1 to 3 km from the coast but is located directly along a surface-rupturing fault 

(>10 m vertical displacement; Bloom et al., 2021). The failure is almost an order of magnitude 

larger than the next largest 2016 failure within 3 km of the coastline and is not representative of 

failures within the wider coastal region. 

To supplement the landslide inventory, I reviewed the high resolution pre- and post-event 

digital elevation models and orthophotographs used to create the Kaikōura earthquake induced 

landslide inventory (Massey et al., 2020) and manually assigned each landslide source area 

polygon either a ‘First Movement’ designation or one of three landslide activity designations 

derived from Cruden and Varnes (1996): ‘Reactivated Retrogressive Rock or Debris’, 

‘Reactivated Moving Debris’, or ‘Reactivated Moving Rock’. These designations represent the 

landslide activity in relation to past failures. For the purposes herein, a past failure was defined 

as any landslide, landslide debris, or landslide scar that was apparent on the slope before the 

2016 earthquake. First movements have no obvious link with a pre-2016 failure. Reactivated 

Retrogressive Rock or Debris exhibited extension of a pre-2016 landslide head scarp opposite to 

the failure direction. In this case I also include coastal cliff-top failures where there was evidence 

of past landslides. Reactivated Moving Rock exhibited remobilisation of the majority of material 

within an observed pre-2016 landslide. Reactivated Moving Debris exhibited minor deformation 

within the body of a past landslide including partial reactivation of landslide debris. 
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Landslide Distribution 

To examine the distribution of landslides in relation to the coast, the landslide source area 

density, referred to herein as landslide density, was calculated at increasing distance from the 

coast. Landslide density is the sum of landslide source area within 24 m bins at distance from the 

LINZ Topo50 New Zealand Coastline (LINZ, 2022) divided by the total area within the bin. 

Landslide density was further broken down within five geology types (GeolCodes) simplified 

from the New Zealand QMAP (Rattenbury et al., 2006). GeolCode 1 represents Quaternary 

sands, silts, and gravels that are primarily fluvial deposits but also include alluvial fan, marine, 

and recent beach deposits; GeolCode 2 represents Neogene limestones, sandstones, and 

siltstones; GeolCode 3 represents Upper Cretaceous to Paleogene rocks including limestones, 

sandstones, and siltstones, GeolCode 4 represents minor undifferentiated volcanic rocks; 

GeolCode 5 represents Lower Cretaceous Torlesse (Pahau terrane) basement rocks that are 

predominantly heavily deformed sandstones and argillite, commonly referred to as greywacke in 

New Zealand; and finally GeolCode 6 represents undifferentiated relict landslides and hillslope 

deposits as defined by QMAP. It is important to note that relict landslides and hillslope deposits 

are not systematically mapped within QMAP (Rattenbury et al., 2006). 

 
Landslide Susceptibility Features 

A number of machine learning and statistical modelling techniques, for example logistic 

regression, random forest, or deep neural networks, have been successfully applied to regionally 

estimate landslide susceptibility (Reichenbach et al., 2018). The choice of modelling technique is 

largely governed by the scale and requirements of the analysis. In this study the logistic 

regression technique is used because it 1) balances relatively high model performance with low 

model training times and 2) has high ‘explainability’ allowing us to easily identify the 

importance of individual predictive features in trained models (Figure 4.3; Budimir et al., 2015). 

Other types of models, for example deep neural networks, would likely result in higher model 

performance but sacrifice explainability and require longer training times (Reichenbach et al., 

2018). The basic requirements for all landslide susceptibility analyses are, typically, a categorical 

landslide dataset (defining the presence or absence of a landslide at any given location) and one 

or more predictive features that can be used to train the model (Figure 4.3; Budimir et al., 2015). 

A separate categorical landslide dataset (not used in model training) is used to test the efficacy of 
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the trained model (Figure 4.3). Model performance is optimised differently based on the 

modelling technique but usually involves varying model ‘hyperparameters’ or values used to 

control model process, and refining the predictive features used to train the model (Lombardo 

and Mai, 2018; Reichenbach et al., 2018). Here, I discuss the choice of predictive features and 

further describe the application of the logistic regression modelling technique. 

For the analysis, 25 common predictive features used in other landslide susceptibility 

studies (e.g., Budimir et al., 2015) were developed. These features included a range of lithologic, 

topographic, and surface conditions, for example, topographic slope, roughness, and vegetation 

greenness (NDVI) (Figure A4.2). Of these features, 13 that produced variable inflation factor 

(VIF) scores greater than 10 were excluded. Removal limits the influence of collinear features, 

generally improving model performance, and maintaining model explainability (Lombardo and 

Mai, 2018). 

Similar to the landslide density analysis, the extent of the remaining features (Table 4.1) 

was limited to slopes greater than 15° and areas with PGA (defined by the mean of three strong 

ground motion models; Horspool et al., 2015; Bradley et al., 2017, Worden et al., 2020) greater 

than 0.2 g. Continuous landslide susceptibility features (Figure 4.3, Table 4.1) were scaled using 

the standard scalar method: 

 

𝑧 = 	 &"'
(

         (Eq 4.1) 

 

where the standardised value (z) is the original value (𝑥) minus the mean (𝜇) of all values 

divided by the standard deviation (𝜎) of all values. Using the standard scalar allows us to 

compare predictive features side-by-side within the trained model. 

 
Table 4.1. Landslide susceptibility features. 

Number Features Type Description 

1 Coast Distance Continuous Euclidean distance (GDAL) from 1:50k-Topo New Zealand Coastline (LINZ, 2022) 

2 Curvature Continuous Curvature (GDAL) derived from Land Information New Zealand (LINZ) 8 m DEM 
(LINZ, 2022) 

3 Cutslopes Categorical Modified cutslopes mapped as polygons and gridded to 8 m. Values of 1 indicate the 
presence of a cutslope at the grid cell centre point. 

4 & 9 Aspect (Eastness and 
Northness) Continuous Eastness (Sin) and Northness (Cos) derived from Aspect (GDAL, Converted to 

Radians) produced using LINZ 8 m DEM (LINZ, 2022) 
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5 Elevation Continuous LINZ 8m DEM (LINZ, 2022) 

6 Fault Distance Continuous Euclidean distance (GDAL) from 14 surface ruptured faults by Bloom et al. (2022) 

7 Ground Motion Continuous PGA and PGV from models NZ ShakeMap (Horspool et al., 2015); Bradley et al. 
(2017); and USGS ShakeMap (Worden et al., 2020) 

8 
NDMI (Normalized 
Difference Moisture 

Index) 
Continuous Derived from October 2016 Landsat 8 Imagery (U.S. Geological Survey 2022): NDMI 

= (Band 5 – Band 6) / (Band 5 + Band 6) 

10 OFD (Off Fault 
Deformation) Categorical  OFD zone as defined for 14 faults by Bloom et al. (2022) as polygons gridded to 8 m. 

Values of 1 indicate the presence of an OFD zone at the grid cell centre point. 

11 Slope Continuous Slope (GDAL) derived from LINZ 8 m DEM (LINZ, 2022) 

12 Structural Aspect Continuous Difference between aspect (GDAL) and dip direction of QMAP bedding measurements 
(Rattenbury et al., 2006; see Appendix) 

13 Geology (GeolCode) Categorical 
Simplified from New Zealand QMAP (Rattenbury et al., 2006) Classes: 1. Quaternary 
Sands and Gravels, 2. Neogene Sediments, 3. L. Cretaceous–- Paleogene Sediments, 4. 

Volcanics, 5. Torlesse Greywacke (Pahau), 6. Landslide and Hillslope Deposits 

  
Logistic Regression Modelling 

The influence of individual landslide susceptibility features on the distribution of 

earthquake induced landslides from the 2016 Kaikōura earthquake was examined using 

comparative logistic regression modelling of coastal and inland slopes (Figure 4.3; Budimir et 

al., 2015). For the purposes herein, inland slopes are defined as slopes within >1 to 3 km of the 

Kaikōura coast and coastal slopes as slopes within 1 km of the coastline (Massey et al., 2018). 

This distinction was based on three main factors. First, the observed landslide density (Figure 

4.4) is much higher within 1 km of the coast than within 1 to 3 km despite generally similar 

distributions of lithology, elevation, and vegetation. Second, slopes greater than 3 km from the 

coast capture a different proportion of lithology and alpine terrain with a higher landslide 

density. These slopes are more difficult to compare with the coastal setting and may be affected 

by different processes. Third, slopes within 1 km of the coast primarily encompass terrain up to 

the first topographic ridgeline (Massey et al., 2018), and are therefore more representative of 

‘coastal-facing’ slopes than those at greater distances. 

Using the sci-kit learn python library separate logistic regression models (Budimir et al., 

2015) were trained for coastal and inland slopes using landslide susceptibility features in four 

simplified geology types (GeolCodes 1, 2, 3, and 5; Figure 4.3). Additionally, models for each 

GeolCode were trained using the combined data from inland and coastal slopes. The results of 

these combined models are shown in Figures A4.3 and A4.4. The predictive power of individual 

landslide susceptibility features during the Kaikōura earthquake is strongly modulated by 

geology type (Massey et al., 2018, 2020a; Singeisen et al., 2022). GeolCode 4 (Volcanics) and 
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GeolCode 6 (Mapped Hillslope Deposits) lacked sufficient data to support a robust model and 

were excluded from the analysis. 

Models were trained on 80% of gridded data leaving 20% of data for independent 

verification of the model performance (Figure 4.3). Across model training random 10-fold cross 

validation was used to evaluate model error and an L1 regularisation was used to limit the 

influence of poor predictors (Lombardo and Mai, 2018). I used a SAGA solver and, based on 

hyperparameter tuning, a C of 1. The target dataset is not balanced and there are more 0’s than 

1’s (Table A4.1). Following the methodology described in Chapter 3, I do not attempt to balance 

or otherwise weight the target dataset. To evaluate model performance, I use estimates of the 

area under the receiver-operator characteristic curve (AUC) which compares the ratio of true to 

false modelled positives at different thresholds. Values of AUC close to 1 represent excellent 

model performance while values close to 0.5 represent near random results. As a final test of the 

models, I used the results of models trained on inland data to predict the coastal landslide 

distribution (Figure 4.3). 

Because model features were standardised using the standard scalar method described 

above, model coefficients can be directly compared for each predictive feature in the models to 

estimate feature importance (Figure 4.3). Following the techniques of Lombardo and Mai (2018) 

and Williams et al. (2021), jackknife and single variable logistic regression model permutations 

were also trained for inland and coastal slopes in GeolCodes 1, 2, 3, and 5 to further assess 

predictive feature importance (Figure 4.3). In the jackknife method, a single landslide 

susceptibility feature is iteratively removed during model training (Lombardo and Mai, 2018; 

Williams et al., 2021). Individual model results are then compared to evaluate the influence of 

removing each feature from the model. A more substantial drop in model AUC suggests higher 

importance for the removed feature. In the single variable method, models are iteratively trained 

on each susceptibility feature separately to determine individual feature importance. In these 

models, a higher model AUC suggests that the feature has a greater independent explanatory 

value. 
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Results 

Distribution of Coastal Earthquake Induced Landslides 

Similar to the results of Massey et al. (2018), an order of magnitude greater earthquake 

induced landslide density was observed across coastal slopes as a result of the 2016 Kaikōura 

earthquake (Figure 4.4). Within 1 km of the coast, 1,756 landslides > 50 m2 were observed on 

slopes greater than 15° with a mean PGA greater than 0.2 g. Removing these filters results in a 

slightly higher coastal landslide density. Landslide source area density peaks at c. 6% between 0 

and 100 m from the coastline and drops to c. 0.5% at 1000 m from the coastline (Figure 4.4). 

Between 1000 m from the coastline and 3000 m from the coastline, landslide source area density 

remains generally consistent with an average density of c. 0.5% (Figure 4.4). 

 

Distribution of Lithology 

Most landslides from the 2016 Kaikōura earthquake occur within Torlesse greywacke 

(GeolCode 5), younger sedimentary units (GeolCode 2 and 3), and unconsolidated Quaternary 

units (GeolCode 1) (Table 4.2). Less than 1% of landslides were observed within volcanic rocks 

(GeolCode 4) or mapped pre-existing failures and hillslope deposits (GeolCode 6, which are not 

systematically mapped). Regional landslide density does not mirror the distribution of lithology 

(Table 4.2) and landslide source areas disproportionately occur within Upper Cretaceous to 

Paleogene sediments (GeolCode 3) and, along the coast, within Lower Cretaceous Torlesse 

slopes (GeolCode 5). The general landslide density trends are primarily driven by these two 

geology types. Within 500 m of the coast, landslide density is as high as c. 7% within GeolCode 

5 and as high as c. 6% within GeolCode 3 (Figure 4.4). 
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Figure 4.4. Overall landslide source area density (landslide density) within 24 m bins at 
increasing distance from the Kaikōura coast as defined by the LINZ 1:50k Topo Coastline. 
Landslide density within GeolCodes 1, 2, 3, and 5 are presented separately in the bottom plots. 
 
Table 4.2. Distribution of lithology and landslides  

GeolCode Geology Percent of Coastal 
Area (0 to 1 km) 

Percent of Coastal 
Landslides 

Coastal Landslide 
Density 

Percent of Inland 
Area (1 to 3 km) 

Percent of Inland 
Landslides 

Inland Landslide 
Density 

1 Quaternary 7.3% 9.0% 2.5% 3.8% 2.1% 0.3% 

2 Neogene 32.9% 20.1% 1.2% 21.2% 20.1% 0.5% 

3 Paleogene 16.8% 25.3% 3.1% 23.8% 39.6% 0.8% 

5 Torlesse 42.9% 45.6% 2.2% 51.2% 38.1% 0.4% 
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Landslide Activity 
Of the mapped landslides from the 2016 Kaikōura earthquake, c. 13% within 1 km of the 

coast and c. 34% between 1 and 3 km of the coast were first movements (Table 4.3). The 

remaining failures were a combination of reactivation of relict landslides, including retrogression 

of pre-existing landslide head scarps and reactivation of landslide debris. Within Torlesse 

greywacke (GeolCode 5), c. 49% of inland landslides were first movements as compared to c. 

17% of coastal failures (Table 4.3). 

 

Table 4.3. Earthquake induced landslide activity 

Coast (0 to 1 km) 

GeolCode Geology First Movement Reactivated Retrogressive 
Movement 

Reactivated 
Moving Rock 

Reactivated Moving 
Debris 

1 Quaternary 12% 43% 3% 42% 

2 Neogene 8% 54% 4% 35% 

3 Paleogene 13% 33% 4% 50% 

4 Volcanics 0% 0% 0% 0% 

5 Torlesse 17% 28% 4% 51% 

6 Relict Landslides 
(QMAP) 0% 39% 1% 60% 

All All 13% 38% 4% 45% 

Inland (1 to 3 km) 

1 Quaternary 28% 39% 3% 30% 

2 Neogene 21% 53% 4% 23% 

3 Paleogene 24% 40% 4% 32% 

4 Volcanics 31% 46% 8% 15% 

5 Torlesse 49% 19% 2% 29% 

6 Relict Landslides 
(QMAP) 28% 40% 4% 28% 

All All 34% 38% 3% 25% 

 

Coastal vs. Inland Earthquake Induced Landslide Susceptibility Models 

AUC of cross-validated coastal models is generally consistent with similar studies (e.g., 

Reichenbach et al., 2018; Williams et al., 2021) and ranges from c. 0.79 in coastal Neogene 

sediments (GeolCode 2) to c. 0.92 in coastal Quaternary sediments (GeolCode 1) with generally 

low variability across 10 cross-validations (Figure 4.5). Additionally, all model AUCs were 

within the range of cross-validations when independently testing model performance using 20% 

of data withheld from model training (Figure 4.5). 
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Figure 4.5. Logistic regression model performance from models trained on each geology type 
(GeolCode) in coastal (left) and inland (right) slopes. Model performance is measured by Area 
Under the Receiver Operator Characteristic Curve (AUC). Each boxplot shows the results of 10-
fold cross validation using 80% of the available target dataset. Yellow stars represent model 
performance when applied to the 20% of data withheld from training. Red stars in the Coast 
results represent the performance of the inland model when applied to the coast dataset. The red 
star with an arrow pointing down in Coast GeolCode 1 represents an AUC beyond the extent of 
the plot at 0.64. 

 

The results of inland model training (Figure 4.5) were used to predict the coastal 

landslide distribution. Models trained on inland landslides and applied to coastal slopes generally 

produced the same or lower AUC values than models trained on coastal slopes (Figure 4.5). 

There was an c. 0.20 drop in AUC in GeolCode 1, a c. 0.03 drop in GeolCode 3, and effectively 

no drop in GeolCodes 2 and 5 (Figure 4.5). 

Below, I compare and contrast model coefficients alongside the results of jackknife and 

single variable models for each geology type (Figure 4.6 and 4.7) to further examine the relative 

importance of the predictive features. 

 



 118 

 
Figure 4.6. Model coefficients for models trained on each GeolCode. Points with associated 
error bars represent the mean and standard deviation (SD) of the coefficient across 10-cross 
validations. Colour bars indicate which feature the point is associated with and the model data 
used to train the model (either coast or inland). In cases where no error bar is present, the 
standard deviation is less than 0.1. Negative coefficients result in a higher weight for small 
values while positive coefficients result in a higher weight for high values. For example, a 
negative coefficient for fault distance suggests that there is a higher landslide susceptibility 
closer to faults while a positive coefficient for slope suggests that a greater slope angle has 
higher landslide susceptibility. All features are standardised prior to model training allowing for 
the direct comparison of coefficients within the same model. 
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Figure 4.7. Results of Jackknife (left) and Single Variable (right) Logistic Regression Models. 
Model performance is measured by Area Under the Receiver Operator Characteristic Curve 
(AUC). The box plot for each model shows the results of a random 10-fold cross validation. In 
Jackknife models, a single model feature is iteratively removed from model training and a bigger 
drop in AUC represents higher feature importance. In single variable models, a separate model 
is trained using each feature and higher AUC represents higher explanatory value. AUC close to 
0.5 represents near random results while AUC near 1 represents near perfect results. 

GeolCode 1- Quaternary 

For inland (1 to 3 km from the coast) unconsolidated Quaternary units (GeolCode 1), 

Distance to Fault and Slope features had the highest model coefficients (Figure 4.6). For coastal 

slopes (0 to 1 km from the coast), a low model coefficient was observed for the NDMI (soil 

moisture) feature suggesting an inverse relationship where lower values of the soil moisture 

proxy predict higher landslide susceptibility. 
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An c. 0.04 drop in AUC was observed for coastal jackknife models trained without the 

NDMI predictor (Figure 4.7). In single variable models, NDMI alone produced an AUC of c. 

0.79 +/- 0.03 (+/- 1 σ) in coastal slopes, c. 0.07 higher than the Slope-only model which yielded 

the next highest AUC.  

In jackknife models of inland slopes, there was not a substantial drop in AUC for any 

model iteration and in single variable models of inland slopes, a number of features produced 

high model performance (Fault distance an AUC of c. 0.88 +/- 0.04, ShakeMap PGV an AUC of 

c. 0.79 +/- 0.03 and Slope an AUC of c. 0.74 +/- 0.11; Figure 4.7). 

 

GeolCode 2 - Neogene 

In Neogene sediments (GeolCode 2), a similar distribution of coefficients for inland and 

coastal slopes were observed with the highest model coefficients for the slope feature (Figure 

4.6). Additionally, negative coefficients for NDMI are observed in both inland and coastal 

slopes. 

While observations of model coefficients are largely supported by jackknife models in 

both inland and coastal slopes, the most substantial drop in AUC (c. 0.05) is seen with the 

exclusion of the coastal slope feature (Figure 4.7). Single variable models show an AUC of c. 

0.72 +/- 0.02 for coastal slope and c. 0.75 +/- 0.03 for inland slope features (Figure 4.7). 

 

GeolCode 3 - Paleogene 

In Paleogene sediments (GeolCode 3) a similar distribution of coefficients was again 

observed in inland and coastal slopes with the highest model coefficients for the slope and 

distance to fault features (Figure 4.6). A strong negative coefficient was also observed for mean 

PGA in inland slopes. 

In jackknife models there was an c. 0.13 drop in both coastal and inland model AUC 

were seen with the removal of the slope feature and an c. 0.03 drop in coastal model AUC with 

the removal of the fault distance feature (Figure 4.7). In single variable models, slope showed the 

best model performance with an inland model AUC of c. 0.77 +/- 0.03 and a coastal model AUC 

of c. 0.81 +/- 0.03 (Figure 4.7). 

 

GeolCode 5 - Lower Cretaceous 
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In Lower Cretaceous Torlesse greywacke (GeolCode 5) high model coefficients were 

observed for the slope and mean PGA features though these are strongly outweighed by the fault 

distance feature in inland slopes (Figure 4.6). 

An c. 0.09 drop in coastal model AUC and a c. 0.13 drop in inland model AUC was 

observed with the removal of the slope feature in jackknife models (Figure 4.7). Interestingly, 

only an c. 0.01 drop in inland model AUC was observed with the removal of the fault distance 

feature despite a high model coefficient. 

As a single feature, slope had the highest AUC in both inland (0.85 +/- 0.2) and coastal 

(0.82 +/- 0.02) models (Figure 4.6) while PGA had an AUC of c. 0.72 +/- 0.02. 

 
Discussion 

Logistic Regression Models 

Despite an order of magnitude higher landslide density observed within 1 km of the 

Kaikōura coast (Figure 4.4), few significant differences were observed between modelled 

coefficients in inland and coastal landslide susceptibility models. Additional models trained on 

both coastal and inland data yield similar model coefficients (Figure A4.4). Models trained on 

data from 1 to 3 km inland and applied to coastal slopes from 0 to 1 km were still highly 

predictive and only resulted in a 0.03 or less drop in AUC as compared to models trained and 

tested on coastal slopes in GeolCodes 2, 3, and 5 (Figure 4.5). These three geology types account 

for greater than 90% of coastal landslide density (Table 4.2).  

The larger variation in model performance (c. 0.20) between inland and coastal models of 

GeolCode 1 could represent a true difference between inland and coastal landslide susceptibility. 

Inland GeolCode 1, however, accounts for less than 4% of total inland area and c. 2% of inland 

landslides (Table 4.2). Given the slightly larger spread in AUC (Figure 4.5 and 4.7) and model 

coefficients (Figure 4.6) across 10 cross-validations it is also possible that there is simply not 

enough data to train an effective model in inland GeolCode 1. 

Some minor differences in model coefficients were observed, in particular the higher 

importance of fault distance in coastal GeolCode 3 and inland GeolCode 5, but these do little to 

explain the overall landslide density trend. Despite a high model coefficient for fault distance in 

inland GeolCode 5, these was only an c. 0.01 drop in AUC in jackknife models suggesting a 

potentially high correlation with other predictive features (likely PGA; Figure A4.2). Across 
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jackknife and single variable models, slope and, in the case of GeolCode 5, PGA appear to be 

much stronger and effective features than fault distance for predicting the regional landslide 

distribution within both the inland and coastal slopes of the Kaikōura coast. 

 
Factors controlling increased coastal landslide density 

Modelling of landslide susceptibility successfully captures the coastal distribution of 

landslides from the Kaikōura earthquake but does not provide a clear explanation for the order of 

magnitude difference in inland and coastal landslide density. In an effort to better explain this 

occurrence, the distribution of several of the most important landslide susceptibility features 

from the modelling were further examined (Figure 4.8; additional features are discussed in the 

Appendix). 

Slope – Massey et al. (2018) noted a lower overall distribution of slope near the coast in 

the Kaikōura region. When slopes below 15° are excluded, however, there is a steep rise in slope 

within c. 500 m of the coastline (Figure 4.8) that correlates well with the distribution of landslide 

density across geology types (Figure 4.4 and 4.6). Model coefficients and jackknife models 

(Figure 4.6 and 4.7) suggest that slope is one of the most important features determining the 

distribution of landslides from the Kaikōura earthquake. As such, it is likely that the higher 

density of landslides observed along the Kaikōura coast is, to a large extent, a product of this 

feature. 

Strong Ground Motion (Mean PGA and Distance to Fault) – Across geology types a 

decrease in ground motion and increase in fault distance is observed at c. 500 m from the coast. 

This is particularly evident in GeolCode 5 (Figure 4.8) and does little to explain the observed 

landslide density trends. It is important to note, however, that there is a large concentration of 

landslides on the northern Kaikōura coast where modelled ground motion is high and model 

coefficients suggest that, particularly for GeolCode 5, high modelled PGA is a good predictor of 

coastal landslide density (Figure 4.6). The steep decrease in modelled PGA/PGV observed near 

the coast (Figure 4.8) could be a result of increasing distance from the seismic source south of 

Kaikōura. Here, coastal landslides concentrate within weaker actively eroded lithologies that fail 

at lower ground motions (Chapter 5). 
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Figure 4.8. Landslide density for each GeolCode (black line) within 24 m bins at increasing 
distance from the Kaikōura coast plotted alongside the distribution of standardised predictive 
features (orange, green, and red lines) and landslide (LS) susceptibility (blue line) based on a 
logistic regression model trained on inland data from 1 to 3 km. Standardised features and 
landslide susceptibility are presented as the mean of values within 24 m bins with distance from 
the coast. 

 
Lithology and Geologic Structure (Geology and Structural Aspect) – A similar 

distribution of lithology was observed in both inland and coastal slopes (Table 4.2), and it is 
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assumed that, over short distances, geology has a relatively consistent influence on landslide 

susceptibility. As a result, while geology appears to strongly modulate landslide density, it does 

not readily explain the increase in coastal landslide density from the 2016 Kaikōura earthquake. 

Likewise, the correlation between lithologic bedding and topographic aspect does not strongly 

define coastal landslide susceptibility on the Kaikōura coast. There is some correlation between 

bedding and aspect within GeolCode 3 along the coast north of the Clarence River mouth and in 

coastal GeolCode 5 where landslide densities are higher. However, slopes within the heavily 

deformed GeolCode 5 may be susceptible to failure regardless of the presence of persistent 

structural discontinuity. In the heavily jointed rock mass, debris and rock avalanches, the 

dominant failure mechanism along the Kaikōura coast, can develop along cm- to m-scale 

discontinuities (Singeisen et al., 2022) that are not captured by the estimation of larger scale 

bedding. Furthermore, field investigations along the Kaikōura coast (e.g., Stringer et al., 2021) 

have shown that many failures from the 2016 earthquake, particularly in mapped GeolCode 5, 

occurred as reactivation of pre-existing landslide debris or within Quaternary hillslope deposits 

that are unlikely to be strongly influenced by bedding orientation. While QMAP (Rattenbury et 

al., 2006) provides the highest resolution mapping currently available at the required extent for 

this regional analysis, the mapping resolution is not high enough to sufficiently resolve these 

materials regionally. 

Fault Zones (Distance to Fault and OFD) – Bloom et al. (2021) observed a higher 

incidence of landslides within the fault zone of ruptured faults from the 2016 Kaikōura 

earthquake. While there is a slightly higher density of landslides within the OFD zone, there is a 

lower proportion of OFD area along the Kaikōura coastline as compared to inland slopes. 

Approximately 0.6% of coastal area occurs within the OFD zone of surface fault rupture from 

the 2016 Kaikōura earthquake while c. 2.5% of inland slopes occur within a mapped OFD zone. 

Landslide source areas that occur within the OFD zone, account for c. 19% of landslide source 

area in inland slopes but only c. 1% of landslide source area along the coast. 

OFD may partially explain the distribution of landslide source areas in inland slopes but 

does little to explain widespread coastal failures or an order of magnitude greater number of 

coastal landslides. This being said, there is still some ambiguity as to the influence of rock mass 

deformation from fault zones along the coast that did not rupture significantly in 2016; for 

example, the Hope fault which extends just off-shore in parallel to much of the north Kaikōura 
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coast. A history of strong ground motion and fault deformation has been shown to progressively 

decrease rock mass strength and increase landslide susceptibility over multiple earthquakes (e.g., 

Parker et al., 2015; Gischig et al., 2016; Massey et al., 2022). This may result in an increased 

landslide susceptibility due to amplification of strong ground motion and decreased rock mass 

strength. While it is possible that damaged rock within the fault zone of the Hope fault results in 

a higher landslide density in the north Kaikōura coast, there is also an increase in landslide 

susceptibility along the coast south of Kaikōura, where faults like the Hundalee are present 

further off-shore (Figure 4.1). This suggests that the relatively continuous zone of increased 

coastal landslide density is not solely influenced by fault zones on the Kaikōura coast.   

Anthropogenic modification of slopes (Cut slopes) – Uplifted shore platforms and marine 

terraces both north and south of Kaikōura have been anthropogenically modified by cut and fill 

slopes to support road and rail infrastructure. Most fill slope failures are too small and are not 

steep enough to be resolved in this analysis (which considers failures greater than 50 m2 and 

slopes steeper than 15°). Cut slopes only account for c. 1% of slopes along the Kaikōura 

coastline. Approximately 3% of coastal landslides (63 of 1,756) were found to be in contact with 

a cut slope near the coast. Even if we consider all failures associated with these slopes to be a 

direct result of slope modification, this cannot fully explain the higher density of coastal 

landslides well beyond anthropogenic influence. 

Precipitation, soil moisture, and enhanced weathering (NDMI) – NDMI, a proxy for soil 

moisture, is very slightly higher within coastal slopes, particularly in Torlesse greywacke 

(GeolCode 5), which could indicate increased moisture along the Kaikōura coast one month prior 

to the earthquake (Figure 4.7). A high variability in average rainfall observations (NIWA, 2022), 

however, makes it difficult to expand this observation out to longer timescales. For instance, it 

might be expected that increased moisture on the coast would increase chemical weathering rates 

leading to a reduction in rock mass strength.  On a single-event or seasonal timescale, increased 

NDMI might be a proxy for increased pore water pressure along the Kaikōura coast; however, 

models suggest that higher NDMI, itself, does not fully explain the distribution of earthquake 

induced landslides. In Quaternary and Neogene units, and to a lesser extent Paleogene units, 

lower NDMI is actually a better predictor of landslide occurrence (Figure 4.6). NDMI is strongly 

correlated with vegetation greenness (Table A4.2) and less vegetation may help to explain some 
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shallow failures. In Lower Cretaceous Torlesse greywacke, NDMI is a comparatively weak 

predictor of earthquake induced landslides in both inland and coastal slopes. 

 

Steep Slopes along the Kaikōura Coast 

Based on the distribution of landslide susceptibility features and statistical analysis, the 

slope feature provides much of the explanation for increased landslide density along the 

Kaikōura coastline (Figure 4.8). Results indicate that average slope (greater than 15°) is slightly 

(c. 1°) steeper on the coast as compared to inland (Figure A4.5). While this difference seems 

small, normalised slope within each GeolCode reveals substantially steeper slopes within c. 250 

to 500 m of the coast (Figure 4.8) particularly within GeolCodes 2, 3, and 5. In many regions, 

oversteepening results from a combination of uplift and wave action that actively undercuts 

coastal cliffs (Emery and Kuhn 1982). In the Kaikōura region, however, most steep coastal 

slopes, with the exception of those at Conway Flat (Chapter 5), are currently isolated from direct 

wave action by recent uplift which forms shore platforms. Ages of these uplifted platforms 

(Howell and Clark, 2022) suggest that this isolation has lasted for several hundred years at the 

least. Only 16 landslides outside of Conway Flat (c. 1% of landslides) have a direct connection 

with the ocean. As a result, while rapid uplift of the Kaikōura coast (Ota et al., 1996) contributes 

to steeper slopes, the contributions of wave erosion to long-term coastal evolution remain 

somewhat less clear.  

During the Kaikōura earthquake, most coastal landslides in GeolCode 5 (c. 83%) 

occurred partially to wholly within areas affected by past landslides (Table 4.3), often as 

reactivations (retrogression) of their head scarps (Figure 4.2). Similar trends are also observed 

for the distribution of landslides within younger sedimentary units (Table 4.3). These findings 

are in line with field observations along the Kaikōura coast following the 2016 earthquake (e.g., 

Mason et al., 2017; Stringer et al., 2021). 

Relict landslides are a common observation in the slopes above uplifted shore platforms 

along the Kaikōura coast, particularly within Torlesse greywacke (GeolCode 5; Figure 4.2). 

These relict landslides have left steep, potentially destabilised, headscarps and, in some cases, 

debris within the body of failures (Stringer et al., 2021). The provenance and timing of these 

relict failures is largely unclear but a general lack of deposited material at the base of the slopes 
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(Figure 4.2) suggests that they may have developed while in contact with an active erosional 

source, such as rivers or the ocean (Figure 4.9; Crozier, 2010). 

 
Figure 4.9. Conceptual model for the evolution of slope stability along the Kaikōura coast. 
Slopes are oversteepened by active erosion and debris is cleared from shore platforms by wave 
action. Following uplift, slopes are anthropogenically modified and earthquakes result in 
failures within the scars of relict landslides. Terrestrial erosion from earthquakes and rainfall 
work to bring the oversteepened slope back into equilibrium with the surrounding landscape 
(Crozier, 2010). 

 

It is possible that uplift is currently out competing active erosion along the Kaikōura 

coastline resulting in abandoned steep slopes (Figure 4.9). Slope oversteepening can linger 

following the removal of an active erosional source and increased landslide susceptibility may 

remain until slopes reach a state of equilibrium with the surrounding landscape (Figure 4.9; 

Crozier, 2010). With coastal uplift rates of c. 2 to 0.5 mm/year (Ota et al., 1996), this could 

represent up to thousands of years of increased landslide susceptibility. Without an active 

erosional source, earthquakes and large rainfall events may disproportionately contribute to the 

evolution of these coastal slopes (Figure 4.9). Further investigation would be necessary to 

determine the relative contribution of these processes. 
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Implications for earthquake induced landslide susceptibility models in coastal settings 

Most earthquake induced landslide susceptibility models already rely heavily on geology, 

strong ground motion, and slope as predictive features. As such, the findings here support the 

efficacy of using regionally trained models to characterise earthquake induced landslide 

susceptibility on the Kaikōura coast. In the Kaikōura region, a ‘near coast’ categorical feature 

(Figure A4.3 and A4.4) does not substantially improve model prediction. In other regions, such a 

feature may serve as a reasonable proxy for other underlying coastal influences but this is subject 

to additional study.  

Findings here may be applied to rocky coastlines elsewhere but consideration should be 

made for other potentially important site-specific conditions that may or may not be incorporated 

in this investigation. Of particular note, Parker et al. (2015) identified the accumulation of rock 

mass deformation over multiple earthquakes as a source of landscape preconditioning that results 

in higher susceptibility to future landslides. Similarly, the scars of relict landslides that occur 

within the steep slopes of the Kaikōura coastline suggest past susceptibility to failure and a 

potential accumulation of deformation that is largely unresolved by this analysis (and likely by 

most regional studies).  

Previous investigations (e.g., Marc et al., 2015, 2019; Massey et al., 2022) suggest that 

increased landslide susceptibility decays to background levels within several years of an 

earthquake. It may be possible, however, that the factors discussed in this study, including 

oversteepened slopes, fault deformation, coastal weathering, and repeated earthquake shaking, 

contribute to an accumulation of stress within the slope and, in turn, longer term susceptibility to 

extreme event failure (Parker et al., 2015). Currently, the detailed rock mass characterisation 

required to fully investigate the influence of rock mass strength remains largely confined to the 

site-specific scale. Our understanding of coastal landslide susceptibility would benefit from 

future studies that attempt to decouple the influence of steep slopes from rock mass deformation 

on a regional scale. 

 

Conclusions 

Distance to the Kaikōura coastline has a substantial influence on the distribution of 

landslides from the 2016 Kaikōura earthquake. An order of magnitude greater landslide density 
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was observed within 500 m of the coastline (c. 6 %) as compared to 1000 to 3000 m (c. 0.5%). 

Comparative logistic regression modelling suggests that the same factors, primarily geology, 

strong ground motion, and slope, define the distribution of landslides in both coastal (within 1 

km of the coast) and inland slopes (1 to 3 km from the coast). Regional earthquake induced 

landslide susceptibility models that rely on geology, strong ground motion, and slope as strong 

predictive features are therefore, likely to account for this increased coastal landslide 

susceptibility in the Kaikōura region without separate treatment. Along the Kaikōura coastline, 

slopes are generally steeper than those inland, when comparing slopes angles within similar 

materials. Results suggest that slope provides the most explanatory power, and the simplest 

explanation, for increased coseismic landslide density at the coast. On the Kaikōura coast, most 

slopes are currently buffered from wave action by rapidly uplifted shore platforms; coastal slopes 

host a high density of relict landslides that may have resulted from relatively recent (<1,000 

years) coastal erosion. Relict landslides and proportionally steeper slopes may maintain a higher 

coastal landslide susceptibility as a legacy effect within slopes out of equilibrium with the 

surrounding landscape, which may persist for up to 1,000s of years. 
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Appendix – Additional Methods and Analysis 
 

Additional Methods and Data 

Minimum Landslide Size 

Prior to the 2016 Kaikōura earthquake, lidar was available for areas in close proximity (< 

1 km) to the Kaikōura coastline. This pre-earthquake lidar coverage likely allowed for more 

detailed comparison with post-earthquake data. In order to limit any potential bias resulting from 

differences in the quality of landslide mapping on the Kaikōura coastline in this comparative 

analysis, I evaluate the size area distribution of earthquake induced landslides mapped by 

Massey et al. (2020a) in proximity to the Kaikōura coast (Figure A4.1) using the methods of 

Malamud et al. (2004). I observed a slightly higher distribution of small failures along the 

Kaikōura coast with the distribution of failures diverging around 50 m2. While this may represent 

a real difference in landslide size along the coast, I chose to exclude failures smaller than 50 m2 

from the analysis. Because of the small size of failures, this exclusion is unlikely to strongly 

influence the final results. 

 

 
Figure A4.1. Size area distribution of landslides (Malamud et al., 2004) from the Kaikōura 
earthquake induced landslide inventory (Massey et al., 2020) within 0 to 1 km (Coast) and 1 to 3 
km (Inland) of the coastline. The distributions diverge from one another around 50 m2 and I use 
this as the minimum landslide size threshold. 
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Gridded Landslide Data 

Landslide polygons from the inventory of Massey et al. (2020a) were gridded to the 8 m 

resolution of the digital elevation model (LINZ, 2022) used to derive topographic landslide 

susceptibility features. Table 4.2 in the manuscript shows the percentage of landslide source area 

in each GeolCode. Table A4.1 shows the raw number of landslide (1) and non-landslide (0) grid 

cells used in the analysis. 

 

Table A4.1. Landslide (LS) density by GeolCode in all, coast, and inland slopes with number of 1 
and 0 landslide grid cells. 

 
 

Landslide Susceptibility Features 

I initially evaluated 25 common predictive features for this analysis (Figure A4.2). Of the 

25 features I narrowed the choice of features using only those features with a variable inflation 

factor (VIF) score of 10 or less (Table A4.2). In comparative model training, the best model 

performance was achieved when using the USGS ShakeMap PGA (Worden et al., 2020) for 

models of GeolCode 5 and the USGS ShakeMap PGV for all other GeolCodes. 

 

A
ll 

 GeolCode 1 GeolCode 2 GeolCode 3 GeolCode 5 Total 

0 165176 841438 740592 1668137 3415343 
1 2091 6527 9942 13898 32458 

Total 167267 847965 750534 1682035 3447801 
LS Density 1.25% 0.77% 1.32% 0.83% 0.94% 

C
oa

st
 

 GeolCode 1 GeolCode 2 GeolCode 3 GeolCode 5 Total 
0 71377 324791 162780 419017 977965 
1 1838 4106 5180 9315 20439 

Total 73215 328897 167960 428332 998404 
LS Density 2.51% 1.25% 3.08% 2.17% 2.05% 

In
la

nd
 

 GeolCode 1 GeolCode 2 GeolCode 3 GeolCode 5 Total 
0 93799 516647 577812 1249120 2437378 
1 253 2421 4762 4583 12019 

Total 94052 519068 582574 1253703 2449397 
LS Density 0.27% 0.47% 0.82% 0.37% 0.49% 
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Figure A4.2. Pearson’s r correlation for common predictive features considered in this analysis. 
Red features were not included in our analysis. 
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Table A4.2. Variable Inflation Factor for features used in this analysis. PGA from the USGS 
ShakeMap (Worden et al., 2020) is used for GeolCode 5 and PGV from the same model for all 
other GeolCodes. 

Feature VIF–- PGV VIF–- PGA 
Curvature 1.02 1.02 
Cutslopes 1.00 1.00 
Eastness 1.08 1.08 
Elevation 3.22 3.22 

Fault Distance 1.84 1.86 
NDMI 3.63 3.65 

Northness 1.19 1.19 
OFD 1.05 1.05 
Slope 9.86 9.38 

Structural Aspect 3.51 3.48 
USGS ShakeMap 6.67 6.05 

 
 

Deriving the Structural Aspect Feature 

To derive a correlation between the dip direction of bedding and topographic aspect, I 

interpolated structural bedding measurements from the New Zealand QMAP (Rattenbury et al., 

2006). I corrected for the 360° direction of dip using the Sin and Cos of dip direction and used 

the inverse distance weighted (IDW) interpolation method in ArcGIS to produce a continuous 

estimate of dip direction in each geology type (GeolCode). By subtracting interpolated dip 

direction from topographic aspect, I get values from -360 to 360° where a value close to -360°, 

0°, or 360° represents a close correlation between dip direction of bedding and topographic 

aspect. To make a continuous range for this analysis, I take the absolute value of the difference 

(0 to 360), subtract 180 (-180 to 180), and take the absolute value again to arrive at 0 to 180 

where 180 represents a high correlation between dip direction and topographic aspect and 0 

represents a low correlation. 

 

Additional Results 

Full Model 

In addition to comparative models of inland and coastal slopes, I also trained two models 

using 80% of both inland and coastal data. The first model matches the inland and coastal 
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models included in the manuscript. The second model includes an additional binary coast feature 

where inland slopes are assigned a value of 0 and coastal slopes a value of 1. Both models 

performed well and were predictive of both inland and coastal landslides in the remaining 20% 

of data used for testing (Figure A4.3). Model coefficients from the full model were generally 

similar to inland and coastal models (Figure A4.4). 

 

 
Figure A4.3. Logistic regression model performance from models trained on each geology type 
(GeolCode) in both coastal and inland slopes. The model on the left includes a binary coast 
feature where grid cells within 1 km of the coast are assigned a value of 1 and grid cells within 1 
to 3 km of the coast are assigned a value of 0. Model performance is measured by Area Under 
the Receiver Operator Characteristic Curve (AUC). Each boxplot shows the results of 10-fold 
cross validation using 80% of the available target dataset. Yellow stars represent model 
performance when applied to the 20% of data withheld from training. 
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Figure A4.4. Model coefficients for models trained on each GeolCode. Points with associated 
error bars represent the mean and standard deviation (SD) of the coefficient across 10-cross 
validations. Colour bars indicate which feature the point is associated with and the model data 
used to train the model.  In cases where no error bar is present, the standard deviation is less 
than 0.1. Negative coefficients result in a higher weight for small values while positive 
coefficients result in a higher weight for high values. For example, a negative coefficient for 
fault distance suggests that there is a higher landslide susceptibility closer to faults while a 
positive coefficient for slope suggests that a greater slope angle has higher landslide 
susceptibility. All features are standardised prior to model training allowing for the direct 
comparison of coefficients within the same model. 
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Coast vs Inland Features 

In addition to the analysis presented in the manuscript I also examined the distribution of 

predictive features within inland and coastal slopes greater than 15° (Figure A4.5). Generally, I 

observe few differences in the distribution of Curvature, Eastness, Northness, PGV and PGA 

between inland and coastal hillslopes. Elevation is substantially higher in inland hillslopes 

though these trends do little to explain the observed landslide density trend. Likewise smaller 

differences in Fault Distance, NDMI, and Structural Aspect do not appear to explain the 

observed landslide density trends. While, on average, there is only a slightly higher distribution 

of slope > 15° (c. 1° higher) in coastal hillslopes, this appears to largely explain the distribution 

of landslides. Additional study refining the extent of the coastal zone may result in a slightly 

higher difference in average slope. As demonstrated by Figure 4.8, the 1 km coast buffer does 

not perfectly capture increased slope, landslide susceptibility, or landslide density in close 

proximity to the coast and there is some room for methodological improvement. 

 

 
Figure A4.5. Distribution of predictive features in all Kaikōura inland and coastal slopes greater 
than 15°. Inland slopes are represented by orange lines and coastal slopes are represented by 
blue lines. 
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I supplement this analysis by examining the distribution of predictive features within 

landslide source areas in inland and coastal slopes greater than 15° (Figure A4.6). 

 
Figure A4.6. Distribution of predictive features within Kaikōura earthquake induced landslide 
source areas on inland and coastal slopes greater than 15°. Inland slopes are represented by 
orange lines and coastal slopes are represented by blue lines. 

 

Observations in addition to those presented in the manuscript 

Curvature – Curvature was well distributed and few differences between inland and 

coastal slopes were observed (Figure A4.5 and A4.6). 

Aspect (Northness and Eastness) – Ridgelines and valleys generally trend north-east to 

south-west in the Kaikōura region (Figure A4.5) and landslide source areas on both inland and 

coastal slopes occur disproportionately on south to south-east facing slopes (Figure A4.6). 

Within 1 km of the coastline, a larger proportion of south-east facing slopes were observed that 

generally correlated well with landslide density trends across geology types. 
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Elevation – A steady rise in elevation is observed with distance from the Kaikōura 

coastline. This rise in elevation, however, does not appear to directly correlate with the landslide 

density trend that is observed with distance from the coastline. 
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Chapter 5 – Earthquake contributions to coastal cliff retreat 
 

Bloom, C.K., Singeisen, C., Stahl, T., Howell, A., and Massey, C., in Review, Earthquake 
Contributions to Coastal Cliff Retreat: Earth Surface Dynamics. 

 
Abstract 
 

Modelling suggests that steep coastal regions will experience increasingly rapid erosion related 

to climate change induced sea level rise. Earthquakes can also cause intense episodes of coastal 

cliff retreat, but coseismic failures are rarely captured in the historical record used to calibrate 

most cliff retreat forecast models. Here, cliff-top retreat related to strong ground motion and non-

seismic sources is disaggregated, providing a unique window into earthquake contributions to 

multidecadal coastal cliff retreat. Widespread landsliding and up to c. 19 m of coastal cliff-top 

retreat occurred in the area of Conway Flat during the 2016 Kaikōura (New Zealand) earthquake 

despite relatively low (c. 0.2 g) peak ground accelerations. While coastal cliff-top retreat has 

been spatially and temporally variable over the past 72 years, historical aerial imagery suggests 

that large earthquake induced landslide triggering events disproportionately contribute to an 

average 0.25 m/year retreat at Conway Flat. The 2016 Kaikōura earthquake represents c. 24% of 

the total cliff-top retreat over the past 72 years and c. 39% of cliff-top retreat over the past 56 

years. Additionally, significant retreat between 1950 and 1966 is likely the result of local 

seismicity. Together these two events account for c. 57% of cliff-top retreat over the past 72 

years. Earthquake-related debris piles at the base of the cliffs have been rapidly eroded in the 5 

years since the 2016 Kaikōura earthquake (more than 25% loss of debris volume) and there will 

likely be little evidence of the earthquake within the next decade. In regions with similar 

lithologic and coastal conditions, evidence of past widespread single-event cliff-top retreat may 

be limited or non-existent. The coastal cliffs at Conway Flat demonstrate the potential to 

significantly underestimate future cliff-top retreat using historical records. 
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Introduction 
As sea level rises from climate change, regional coastal modelling suggests an increasing 

rate of coastal cliff retreat (e.g., FitzGerald et al., 2008; Limber et al., 2018). This increasing 

retreat rate will pose a significant hazard to people and property around the globe, particularly in 

regions that face a high risk due to population exposure (e.g., He and Beighley 2008). The 

response of individual coastal cliffs to sea level rise is complicated by a range of feedbacks and 

site specific conditions, for example changing beach volume, the transport of failed material 

from more erosive sections of coastline, and cliff material strength (e.g., Dickson et al., 2007; 

Ashton et al., 2011) as well as by the temporal variability of cliff retreat (e.g., Hall et al., 2002; 

Hapke and Plant 2010). Many decadal to multidecadal models of coastal cliff retreat rely heavily 

on historical records and legacy aerial imagery (typically less than 50-100 years) for calibration, 

in part to capture some of this spatial and temporal variability (e.g., Dickson et al., 2007; Young 

et al., 2014; Limber et al., 2018). Unfortunately, direct evidence of past coastal failures is rarely 

preserved in the active coastal environment (Francioni et al., 2018) making it difficult to confirm 

that the historical record is representative of all possible preconditioning and triggering 

mechanisms for coastal cliff collapse. This is particularly important when considering that the 

cliff face may erode at different relative rates over decadal to multidecadal timescales, for 

example subaerial influences eroding the cliff-top faster than coastal erosion from wave action at 

the base of the cliff. 

In tectonically active regions, earthquakes can cause widespread coastal cliff collapse 

(Griggs and Plant, 1998; Hancox et al., 2002) but their contribution to coastal cliff retreat has yet 

to be considered in most decadal to multidecadal forecasts (Hapke and Richmond, 2002). 

Beyond the logistical challenge of incorporating infrequent and spatially variable strong ground 

motion as an input in coastal cliff retreat models, the extent to which earthquakes influence 

multidecadal coastal cliff retreat remains unclear at most sites. 

The 2016 Mw 7.8 Kaikōura earthquake on the South Island of New Zealand (Figure 5.1) 

triggered hundreds of landslides along coastal slopes, including areas of coastal cliff-top collapse 

under relatively low ground motion conditions (< 0.2 g PGA) (Massey et al., 2018). Pre- and 

post-event aerial imagery at Conway Flat, an c. 8 km stretch of the Kaikōura coast where 

widespread failure from the 2016 Kaikōura earthquake was observed in coastal cliffs, was used 

to quantify the influence of earthquake related cliff-top retreat and disaggregate strong ground 
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motion related retreat from non-seismic related retreat. Additionally, the volume of failed debris 

removed from the beach at Conway Flat by coastal erosion following the 2016 Kaikōura 

earthquake is calculated to demonstrate how quickly evidence of a large single-event cliff retreat 

is lost in the active coastal setting. While the conditions described here may not apply to all 

coastal cliffs, the results provide a precedent for further investigation of coastal cliffs in 

populated, tectonically active regions. 

 

 
 
Figure 5.1. Overview of the Kaikōura Coast. Horizontal Peak Ground Acceleration (PGA) from 
the 2016 Mw 7.8 Kaikōura Earthquake (Bradley et al., 2017) is shown as a colour ramp over a 
multidirectional hillshade derived from an 8 m DEM (LINZ, 2022). PGA from the 1951 Mw 5.9 
Cheviot Earthquake (ShakeMapNZ; Horspool et al., 2015) is shown as dashed grey contours 
radiating away from the earthquake epicentre. Faults in the New Zealand Active Fault Database 
(Langridge et al., 2016) are shown as solid grey lines while faults that ruptured to the surface 
during the 2016 Kaikōura earthquake (Litchfield et al, 2018) are shown as solid red lines. Late 
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Pleistocene uplift rates are reported at Haumuri Bluffs (Ota et al., 1996). The location of Figure 
5.2 is shown as a solid semi-circular blue outline. 

 

Background 

2016 Mw 7.8 Kaikōura Earthquake 

The 2016 Mw 7.8 Kaikōura earthquake initiated on the Humps fault c. 40 km inland from 

the coast in the northeastern South Island of New Zealand. Over approximately two minutes, 

fault rupture propagated onto more than 20 on- and off-shore faults primarily to the northeast of 

the epicentre (Figure 5.1; Litchfield et al., 2018). The earthquake generated more than 30,000 

landslides which were primarily concentrated within the steep slopes of the Seaward Kaikōura 

Range, around surface fault ruptures, and in steep sections of coastline including the coastal 

cliffs at Conway Flat (Figure 5.1; Massey et al., 2018, 2020a; Bloom et al., 2021). Conway Flat 

lies c. 30 km south along the coast from the township of Kaikōura and, during the 2016 

earthquake, experienced PGAs of c. 0.2 g (Figure 5.1; Bradley et al., 2017) with widespread cliff 

collapse. 

 

Conway Flat Study Area 

Except for a relatively small alluvial plain that surrounds the township of Kaikōura, the 

Northeast coast of New Zealand’s South Island is generally steep and rocky. Slopes are primarily 

composed of heavily jointed Lower Cretaceous basement rocks of the Pahau Terrane and 

younger Upper Cretaceous to Neogene sedimentary units that are, in places, overlain by less 

consolidated Pleistocene alluvial and fluvial gravels (Figure 5.2). At Conway Flat, situated 

between the Conway and Waiau river mouths (Figure 5.2), Neogene Greta Formation mudstone 

is overlain by Pleistocene-Holocene Gilbert-style fan delta deposits that form steep coastal cliffs 

c. 50 to 70 m in height (Rattenbury et al., 2006; McConnico and Bassett, 2007). The coastal 

cliffs are regularly bisected by fluvial gullies which drain the terraces at Conway Flat and 

portions of the nearby Hawkswood Range (Figure 5.2).  
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Figure 5.2. Overview of the Conway Flat Coast between the Conway and Waiau river mouths. 
Simplified surface geology including mapped (McConnico 2012) and unmapped terraces are 
shown over a multidirectional hillshade derived from an 8 m DEM (LINZ, 2022). Major named 
streams within the study area that drain the adjacent Hawkswood Range are labelled. The 
location of the study area and Figure 5.3 is included as a dashed grey box. 

 
McConnico (2012) mapped several major fan delta sequences which form terrace 

surfaces (Figure 5.2) and are present within the cliff faces at Conway Flat. The Medina fan delta 

forms the oldest of these mapped terraces (c. 92 to 95 ka, McConnico 2012) and makes up much 

of the coastal cliff face between Inverness Stream to the south and Dawn Creek to the north 

(Figure 5.2). The younger Rafa Terrace (c. 52 to 79 ka), comprised of two fan delta sequences: 

the Dawn and Big Bush Gully fan deltas, incises the Medina Terrace around Dawn Creek and 

extends north to Ploughman Creek (Figure 5.2, McConnico 2012). Between Big Bush Gully and 

Dawn Creek, the Dawn fan delta unconformably overlies Greta Formation within the coastal cliff 

face; between Big Bush Gully and Ploughman Creek the cliff face consists entirely of marine 

and overlying beach/fluvial facies of the Big Bush Gully fan delta. The youngest terrace surface 

(c. 8 ka) is formed by the Ngaroma terrace which consists of estuarine facies formed lateral to 

the Big Bush Gully fan delta as well as overlying fluvial and debris flow deposits (McConnico 

and Bassett 2007, McConnico 2012). The coastal intersection of the Ngaroma and Rafa terraces 
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just north of Ploughman Creek forms the northern extent of the study area (Figure 5.2). The 

extent of an unmapped terrace consisting of unconsolidated sediment overlying Greta Formation 

to the south of Inverness Stream (Figure 5.2) forms the southern boundary of the study area. 

While most coastal slopes in the Kaikōura region are both anthropogenically modified 

and buffered from direct wave action by low shore platforms and uplifted marine terraces 

(Mason et al., 2017; Stringer et al., 2021), the terraces and coastal cliffs at Conway Flat have had 

limited to no anthropogenic modification and are subject to direct wave action at high tide. A 

coarse sand and gravel beach stretches away from the cliffs at low tide. As a result of low 

population density along the Kaikōura coast, no previous work has been published on 

multidecadal coastal cliff retreat at Conway Flat. 

Conway Flat, like much of New Zealand’s tectonically active South Island, experiences 

occasional strong earthquake shaking as well as periodic heavy rain and storm surges from a 

combination of ex-tropical cyclones and other large storm events. Average rainfall at Conway 

Flat from 1949 to 2010 was 797.45 mm/year, with more rainfall occurring during the winter 

months from June to October (NIWA 2022). Other than during the 2016 Kaikōura earthquake, 

the strongest shaking at Conway Flat likely occurred during the 1901 Mw 6.9 Cheviot 

earthquake (epicentre c. 5 km from Conway Flat), the 1951 Mw 5.9 Cheviot earthquake 

(epicentre c. 20 km from Conway Flat), and associated aftershocks from these two events (Figure 

5.1; GeoNet 2022, Downes and Dowrick 2014, Eiby 1968). Other strong earthquakes have 

occurred locally in the historic record, for example the 1965 Mw 6.1 Chatam Rise earthquake 

(epicentre c. 60 km from Conway Flat) or the 1987 Mw 5.2 Pegasus Bay earthquake (epicentre c. 

50 km from Conway Flat), however, it does not appear that these events resulted in significant 

shaking intensity at Conway Flat (GeoNet 2022, Downes and Dowrick 2014, Eiby 1968). 

Probabilistic seismic hazard modelling (Stirling et al., 2012) suggests an c. 50-year return period 

for 0.2 g PGA shaking at Kaikōura (c. 35 km to the NE). Given the proximity of Kaikōura to 

large seismic sources from the Hope and Kekerengu faults (Langridge et al., 2016), we would 

expect a slightly longer 0.2 g PGA return period for Conway Flat. Regional tectonic uplift rates 

based on Pleistocene marine terraces vary from c. 2.0 mm/year at the Conway River mouth to c. 

1.3 mm/year at the Haumuri Bluffs c. 13 km north of the cliffs at Conway Flat (Figure 5.1; Ota et 

al. 1996). While these rates of tectonic uplift are loosely constrained, they generally agree with 

more recent estimates of tectonic uplift (c. 0.9 to 1.2 mm/year) in marine terraces further north 
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on the Kaikōura peninsula (Nicol et al., 2022). Specific estimates of tectonic uplift at Conway 

Flat are currently unavailable. 

 
Methods  

2016 Kaikōura Earthquake Retreat and Historic Cliff Retreat at Conway Flat 

To evaluate historic coastal cliff retreat within the study area, I produced or acquired 

orthoimagery from 8 epochs of variable resolution aerial imagery (Figure 5.3). Images from 

1950 to 1985 were retrieved from the Land Information New Zealand (LINZ) Crown Aerial Film 

Archive (LINZ, 2021) and were processed using Agisoft Metashape (additional information in 

Appendix). Two additional orthorectified images from 2004 and 2015 were retrieved from the 

LINZ data service (LINZ, 2022). An orthorectified image from 2017 was sourced from Massey 

et al. (2020b) and, finally, in January 2022 high-resolution helicopter based aerial imagery and 

lidar data were collected. The available data consists of both full and partial coverage imagery of 

the study area (Figure 5.3). 

 

 
 
Figure 5.3. Extent of Historic Aerial Imagery at Conway Flat and image resolution. Imagery 
with full and partial coverage of the study area at Conway Flat is shown by solid lines beneath 
an example of an orthorectified aerial image from 1975 (LINZ, 2021). Horizontal dashed lines 
correspond to gaps in the aerial imagery. Vertical dashed and solid lines indicate the 
approximate location of major named streams within the study area. 

 

Displacement modelling of the 2016 Kaikōura earthquake (Hamling et al., 2017; Zinke et 

al., 2019), suggests minimal coseismic and post seismic strain at Conway Flat. As such, I use 



 146 

well distributed ground control points, primarily based on the corners of farm structures, stock 

ponds, and roads, to horizontally register all images to a 2017 orthorectified base image. Vertical 

registration was relative to a digital surface model generated from the same 2017 imagery by 

Massey et al (2020b). Additional well-spaced control points were excluded from the production 

of the orthoimages and were used to evaluate georeferencing uncertainty and image distortion in 

each epoch of imagery. The uncertainty between these control points was interpolated to produce 

an estimate of 1σ image georeferencing uncertainty for each image set (Figure 5.4, additional 

information in Appendix). 

 

 
 
Figure 5.4. Cliff-top measurement workflow and schematic. Uncertainty was estimated and cliff-
top edges were manually digitized using processed aerial image orthomosaics. Retreat and 
retreat rates over image time windows were estimated using the USGS Digital Shoreline 
Assessment System (DSAS; Himmelstoss et al., 2021) and an estimated uncertainty was assigned 
to each transect. Estimates of average retreat and retreat rate include all measured transects 
and all unmeasured transects where no change was observed over the study time window from 
1950/66 to 2022. 

 

The upper edge of the coastal cliffs was manually mapped in each epoch of imagery and 

the USGS Digital Shoreline Analysis System (DSAS; Himmelstoss et al., 2021) was used to 
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produce approximately perpendicular transects at 20 m intervals along the coastline (Figure 5.4). 

Using these transects as sampling locations, both image-to-image and overall cliff retreat rates 

are estimated between 1950 and 2022 (Figure 5.4 and 5.5). Values of net retreat and retreat rate 

are reported alongside an uncertainty which compounds image georeferencing uncertainty of the 

two datasets and the estimated uncertainty in digitisation of the cliff edge. I treat this combined 

value as a conservative estimate of 1 σ uncertainty (Figure 5.4, additional information is 

available in the Chapter 5 Appendix). In some cases, poor image quality or gaps in the aerial 

image collection made it difficult or impossible to identify a cliff edge and, in these cases, 

measurements were excluded. Furthermore, in transects where dense vegetation was present 

across all epochs of imagery and I was confident that no significant cliff retreat had occurred, the 

transect was manually assigned a retreat rate of 0 m/year with an uncertainty of 0 m (Figure 5.4). 

Transects within erosional gullies were excluded from the analysis as they likely represent a 

different erosional regime from the majority of coastal cliff retreat at Conway Flat (Table A5.2).   

 
2016 Earthquake Debris Volume and Post-Earthquake Debris Removal 

Digital surface models (DSMs) were differenced (Figure 5.6) to estimate the volume of 

failed and evacuated material between 2015 and 2022. I co-registered and differenced DSMs 

developed by Massey et al. (2020b) using 2015 and 2017 aerial imagery to estimate the volume 

of material that failed during the 2016 Kaikōura earthquake. During the 2016 Kaikōura 

earthquake, most cliff failures at Conway Flat occurred as toppling or translational blockslides 

that transitioned into debris avalanches at the base of the relatively geometrically-simple cliff 

face. As such, increases in elevation between 2015 and 2017 that fall within the mapped extent 

of cliff failures from the 2016 Kaikōura earthquake (Massey et al., 2020a) were assumed to 

represent an accumulation of landslide debris. For each mapped failure the sum of the gained 

elevation values was multiplied by the area of each pixel (4 m2) to estimate an overall volume. 

Further, to estimate the volume loss of failed cliff material due to coastal erosion following the 

2016 Kaikōura earthquake, I co-registered the 2015 DSM with a DSM developed from high-

resolution aerial lidar data collected in January 2022. Following the same method for volume 

calculation as the 2015 to 2017 DSMs I estimated a remaining volume of failed material in 2022. 

While some minor secondary cliff failure is observed in the 2022 imagery, I conservatively 

assume that any negative difference in the volume of debris between the 2015/2017 and 
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2015/2022 datasets represents erosion of failed landslide debris following the 2016 earthquake. 

Estimates therefore represents a minimum rate of debris removal. To make a conservative 

estimate of 1σ uncertainty for volume measurements, I assumed a systematic vertical offset in 

DSMs based on DSM differencing outside of the mapped landslide extents (additional 

information can be found in the Chapter 5 Appendix). 

 

 
 
Figure 5.5. Statistics on earthquake related debris volume in 2017 and 2022 and an example of 
measured debris volume change. For each section of the coastline, the rate of debris removal per 
year is plotted in blue (average: 5% per year), the portion of total earthquake related debris as 
seen in 2017 is plotted in orange, and the percent of the study area coastline length is plotted in 
grey. Assuming an even distribution of debris within the study area, the portion of total debris 
and the portion of study area length should be roughly equivalent within each section, however 
there is proportionally more debris north of Big Bush Gully and less debris south of Inverness 
Stream. The total amount and percentage of debris removed between 2017 and 2022 is reported 
for each section of the coastline. In the panels on the right, a 2017 orthomosaic (Massey et al., 
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2020) is overlain by an example of digital surface model differencing for 2015 and 2017 as well 
as 2015 and 2022. The difference in height of debris between the two time windows suggests 
post-earthquake debris removal from the beach. 

 

Results 

Cliff Retreat from the 2016 Kaikōura Earthquake 

The influence of the 2016 Kaikōura earthquake at Conway Flat is constrained by aerial 

imagery collected in January 2015 and January 2017 (Figure 5.5). Between these two image sets, 

a maximum of c. 19.1 ± 1.3 m (± combined uncertainty, 1 σ, Figure 5.4) of retreat was observed 

with an average retreat of c. 3.4 ± 1.0 m across the study area. Of the 20 m transects that were 

measured between 2015 and 2017, c. 61% exhibited retreat greater than 1 m and c. 42% retreat 

greater than 3 m. 

Retreat between 2015 and 2017 was spatially variable across the study area (Figure 5.5). 

North of Big Bush Gully. On average, c. 4.9 ± 1.3 m of cliff retreat was observed. The coastal 

cliffs in this section of the study area consist almost entirely of stratified, unconsolidated to 

weakly consolidated, gravelly Gilbert-style fan delta deposits of the Big Bush Gully fan delta 

(McConnico and Bassett 2007, McConnico 2012). Following the 2016 Kaikōura earthquake, 

large debris avalanche deposits were observed at the base of the cliffs which appear to originate 

from the upper cliff edge. In several cases evidence of larger translational blockslides was also 

observed within the debris avalanche deposits. At the southern end of this section, just north of 

Big Bush Gully, there is an angular unconformity visible within the cliff face where fan delta 

deposits overly Neogene age mudstone of the Greta Formation (Figure 5.5). During the 2016 

earthquake, the Greta Formation in this lower portion of the cliff remained largely intact while 

the overlying unconsolidated sediment of the Big Bush Gully fan delta appears to have failed as 

a debris avalanche (Figure 5.5). 
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Figure 5.6. Measured cliff retreat between 2015 and 2017 and examples of coastal cliff failure. 
In the first panel, cliff-top retreat is plotted against distance along the study area baseline 
(Figure 5.3). Individual measurements are shown as grey points with error bars representing 
estimated uncertainty for the given measurement. A 100 m moving average of the data, which 
assumes that measurement gaps are zero, is plotted as an orange line. The grey inset north of 
Big Bush Gully identifies the location of the aerial images from 2015 (LINZ, 2022) and 2017 
(Massey et al., 2020b) in the next panel. In the aerial image panel, blue lines and associated 
measurement points represent the 2015 cliff edge while orange lines and points represent the 
2017 cliff edge. The location of representative photos in the next panel are identified by black 
boxes in the 2015 and 2017 aerial images. Photos in the final panel show an example of the 
coastal cliffs at Conway Flat before and after the 2016 Kaikōura earthquake. 
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To the south of Big Bush Gully, between Big Bush Gully and Dawn Creek, there was on 

average c. 2.9 ± 1.2 m of cliff retreat (Figure 5.5). In most of this section of coastline, Dawn fan 

delta deposits unconformably overlie weakly lithified mudstone of the Greta Formation. During 

the 2016 earthquake, many failures occurred as debris avalanches sourced from the overlying fan 

delta material. In most cases, it appears that the Greta Formation did not fail beneath the terrace 

material. There were several isolated instances where potentially pre-existing rotational and 

translational failures occur within the underlying Greta formation and these may have facilitated 

additional back wasting of the upper cliff face and cliff-top edge. Further site-site specific 

investigation, largely beyond the scope of this work, would be required to further elucidate the 

relative contribution of the Greta Formation to failures at Conway Flat. 

Moving south from Dawn Creek to the Medina River, there was an average retreat of c. 

5.1 ± 1.1 m, the highest average cliff retreat within the 2015 to 2017 time window (Figure 5.5). 

The cliff face in this section of coastline is entirely made up of Dawn fan delta deposits. A small 

terrace was observed within in the upper third of the slope where slightly less indurated 

sediment, similar to the material observed further north, overlies more indurated fan delta 

deposits. During the 2016 Kaikōura earthquake most failures in this section of the study area 

occurred as debris avalanches from the upper cliff face above this terrace. 

From the Medina River to Inverness Stream, there was, on average, c. 3.7 ± 1.0 m of cliff 

retreat. The cliff in this section of coastline is primarily composed of older and more 

consolidated Medina fan delta deposit which has experienced significantly less retreat over the 

past 72 years. While several large rock falls and some smaller debris avalanches were observed 

in the upper cliff resulting from the 2016 earthquake, these failures were more isolated than the 

widespread failures to the north. 

Finally, south of Inverness Stream and the mapped extent of the Medina Terrace (Figure 

5.2), there was, on average, c. 1.9 ± 0.7 m of retreat (Figure 5.5). Here, Greta formation 

mudstone forms a terraced cliff face that likely buffers the overlying variably thick package of 

unmapped unconsolidated sediment (and the upper cliff edge) from wave-driven erosion. During 

the 2016 earthquake, significant debris avalanching was observed from the overlying 

unconsolidated sediment in this section of coastline but there was little change in the position of 

the lower cliff face.  
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Following the 2016 earthquake, between 2017 and 2022, there was some local cliff 

retreat and additional rockfall that may be related to earthquake aftershocks, however, on 

average, retreat was relatively low (c. 0.4 m) and fell within the uncertainty of measurements (c. 

± 1.5 m). 

 

Debris Volume and Post-Earthquake Debris Removal 

Between 2015 and 2017, c. 302,100 ± 86,600 m3 (± 1s) of material failed along the 8 km 

of the Conway Flat coastal cliffs (Figure 5.6). As of January 2022, the total volume of failed 

material remaining on the beach from these same failures was c. 225,700 ± 93,300 m3, a net loss 

of c. 25% of earthquake-related failed material within 5 years. This estimate includes c. 22,700 ± 

6,200 m3 of debris that was added between 2017 and 2022. North of Big Bush Gully, there was a 

higher rate of debris removal where c. 31% of earthquake related debris was evacuated between 

2017 and 2022 (Figure 5.6). 

 

Historic Cliff Retreat at Conway Flat 

The study area was first captured by full aerial imagery in 1966 (Figure 5.3) and the 

average retreat rate over the entire area was c. 0.16 ± 0.04 m/year from 1966 to 2022 (Figure 

5.7). The study area north of Inverness Stream, captured in earlier aerial imagery from 1950 

(Figure 5.3 and 5.7), had an average retreat rate of c. 0.25 ± 0.03 m/year (1950 and 2022) with a 

maximum retreat of c. 61.5 ± 2.2 m. Prior to the 2016 Kaikōura earthquake, the average overall 

retreat rate for the entire study area was c. 0.11 ± 0.04 m/year (1966 to 2015) and the retreat rate 

north of Inverness Stream was c. 0.14 ± 0.04 m/year (1966 to 2015) or c. 0.2 ± 0.03 m/year 

(1950 to 2015). 
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Figure 5.7. Examples of cliff retreat at Conway Flat, monthly rainfall in study area, retreat rate, 
retreat, and significant events from 1950 to 2022. Within each example image (LINZ, 2021; 
2022), the cliff edge from the previous image is shown by a red line. Blue lines in the first and 
last example image represent the total retreat between 1950 and 2022. White points and black 
lines connect the respective images to the timeline on the right. Monthly rainfall totals from a 
rain gauge measured daily at Conway Flat between 1949 and 2010 (NIWA, 2022), are plotted as 
a grey line in the first plot on the left. The average retreat rate (middle plot) and average retreat 
between time windows (right plot) are presented as vertical lines alongside estimated uncertainty 
indicated by horizontal error bars. Blue lines represent the study area north of Inverness Stream 
(1950 to 2022) and orange lines represent the entire study area (1966 to 2022). Significant 
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coastal events (blue stars) and earthquakes (red stars) at Conway Flat between 1950 and 2022 
are plotted along the far-right edge and are connected to the timeline by grey lines. 

 

Temporal Variability of Historical Cliff Retreat 

The historical cliff retreat rate at Conway Flat was variable between time windows 

(Figure 5.7). On average, widespread cliff retreat was observed between 1950 and 1966 (c. 0.38 

± 0.17 m/year) and 2015 and 2017. More localized cliff retreat occurred between 1966 and 1975 

(c. 0.23 ± 0.23 m/year) and 1975 to 1985 (c. 0.24 ± 0.16 m/year). Average retreat between 1985 

and 2004 (c. 0.04 ± 0.08 m/year), 2004 and 2015 (0.07 ± 0.12 m/year), and 2017 and 2022 (0.09 

± 0.3 m/year) fell within the estimated uncertainty of their respective image sets. Some evidence 

of changes in local cliff position were indicated by failure scars and debris piles within each of 

these time windows but widespread change in cliff-top position was not observed. 

 

Spatial Variability of Historical Cliff Retreat 

Across individual coastline transects, retreat rates at Conway Flat ranged from 0 to 0.86 ± 

0.03 m/year over the full-time window (Figure A5.2). The highest overall retreat rates (on 

average c. 0.29 ± 0.05 m/year from 1966 to 2022) were observed in the northernmost portion of 

the study area north of Big Bush Creek, Figure A5.2) with retreat rates decreasing toward the 

south. The lowest average retreat was observed south of Inverness Stream (c. 0.09 m ± 0.03 

m/year from 1966 to 2022). These observations south of Inverness Stream correlated well with 

an increasing density of vegetation on the cliff face that may be indicative of longer-term 

coastline stability. 

 

Discussion 

Cliff Retreat and Geology 

Underlying geology appears to largely govern the spatial variability of coastal cliff retreat 

at Conway Flat over the historical record. Where the cliff face consisted entirely of 

unconsolidated fan delta deposits, for example in the Big Bush Gully fan delta north of Big Bush 

Gully, there was more substantial historical retreat. Where Greta Formation mudstone or more 

indurated fan delta deposits like those of the Medina fan delta were present in the lower cliff 
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face, in general, lower retreat rates were observed. The extent to which failure mechanisms 

within different facies of the fan deltas and Greta Formation govern historical cliff-top retreat at 

Conway Flat is beyond the scope of this study; however, it does appear that more indurated 

material (with assumed higher shear strength) in the lower cliff face may buffer the upper cliff 

face from wave action effectively reducing the non-seismic rate of cliff-top retreat (Emery and 

Kuhn 1982). For the purposes here, the ‘non-seismic’ rate of cliff-top retreat is defined as retreat 

from any non-seismic source. This may include, but is not limited to, failure of the cliff-top 

during rainfall events, from undercutting of the cliff face, and/or from weathering and gravity. 

While site specific estimates are currently unavailable, tectonic uplift rate may additionally 

influence wave action in relation to the base of the cliffs at Conway Flat (e.g., Horton et al., 

2022).  

Most failures from the 2016 Kaikōura earthquake occurred as debris avalanches from the 

upper cliff face with very little retreat of the lower cliff face. While, in the long-term, the overall 

position of the coastal cliffs at Conway Flat may be governed by coastal processes primarily 

influencing the lower cliff face, earthquakes may disproportionately influence cliff-top retreat 

over multiple decades through topographic amplification of strong ground motion in the upper 

cliff face (e.g., Ashford et al., 1997; Massey et al., 2022). 

 

Post-Earthquake Sediment Loss 

The efficient evacuation of failed material at Conway Flat makes it difficult to identify 

the historical source of failures. Assuming a steady c. 15,300 m3/year (c. 5%) annual rate of 

debris removal from the base of the cliffs at Conway Flat, as was observed in the 5 years 

following the 2016 Kaikōura earthquake, nearly all earthquake related debris would be removed 

within c. 20 years of the earthquake. Rates of volume loss appear to vary slightly based on the 

composition of debris with higher-than-average rates of debris removal north of Big Bush Gully 

where debris consists of largely unconsolidated fan delta deposits and much lower than average 

rates of debris removal between Dawn Creek and the Medina River where deposits consist of 

more intact blocks of likely higher shear strength fan delta deposit (Figure 5.6). The extent to 

which storm surge from events like Ex-tropical cyclone Gita (Figure 5.7) and variability in 

longshore sediment transport (Larson and Kraus, 1993; Dickson et al., 2007; Karunarathna et al., 

2014) influence the removal of failed debris at Conway Flat remains largely unclear due to the 
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limited number of image epochs but it is possible that such events modulate the rate of debris 

removal over time. 

 

Interestingly, in imagery from 1966, almost no material was observed at the base of the coastal 

cliffs despite an average cliff-top retreat of c. 5.9 m between 1950 and 1966 (Figure 5.7). 

Applying the same rate of debris removal in the 5 years following the 2016 Kaikōura earthquake 

to the 1950 to 1966 time window does not fully explain the lack of debris in 1966. Assuming 

failures occurred early in the time window, a number of large storm events alongside a c. 3 m 

run-up tsunami associated with the 1960 Chile Earthquake (Figure 5.7) may have increased the 

rate of debris removal. 

 

Cliff Retreat and Earthquake Shaking 

Over long timescales (longer than the historical record), the rate of coastal erosion at the 

base of the Conway Flat cliffs may limit the extent of cliff-top retreat and, in turn, the long-term 

influence of landslide triggers like earthquakes or rainfall. This is because some oversteepening 

of the cliff face is likely a prerequisite for cliff-top failure (Wolters and Müller 2008). Prior to 

2016, most of the cliff face at Conway Flat was near vertical in many places (Figure 5.5), an 

indication of dominant marine erosion (Emery and Kuhn 1982). Over multidecadal timescales, 

however, the rate of cliff-top and base retreat may vary substantially due to the greater temporal 

variability of subaerial triggers. 

This variability was observed in the historic record of cliff retreat at Conway over the 

past 72 years. Direct observational evidence suggests that c. 24% of 72 year retreat (in the 2015 

to 2017 time window) resulted from the 2016 Kaikōura earthquake. I hypothesise that, over 

multiple decades, large subaerial landslide triggering events, for example earthquakes or storms, 

contribute disproportionately to cliff-top retreat at Conway Flat while coastal erosion dominates 

retreat at the base of the cliffs, in turn creating a steeper cliff face more susceptible to subaerial 

triggers. The historical analysis here excluded areas with clear evidence of fluvial incision, for 

example rills and gullies, suggesting a limited influence of surface run-off. Additionally, 

Conway Flat has seen little anthropogenic or other biologic change over the study period. 

Large rainfall events and storms could explain the temporal variability in cliff-top retreat 

at Conway Flat but the historic record of these events has little correlation with the observed 
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retreat rate (Figure 5.7). On the other hand, the nearby 1951 Mw 5.9 Cheviot Earthquake with its 

six Mw 5.0+ aftershocks provides a plausible explanation for significant retreat observed between 

1950 and 1966. Although there is no direct evidence of coastal cliff failures at Conway Flat from 

the 1951 Cheviot earthquakes, two lines of evidence lend credibility to their contribution. First, 

regional documentation of shaking and damage from the 1951 Cheviot earthquake main shock 

suggests a Modified Mercalli (MM) Intensity of VI to VII at Conway Flat (Downes and 

Dowrick, 2014) similar to shaking intensity from the 2016 Kaikōura earthquake. An 

implementation of the ShakeMapNZ model (Horspool et al., 2015) using historic observed 

ground motion data as well as the damage and felt-reports from Downes and Dowrick (2014) 

suggests that the 1951 Cheviot earthquake produced ground motion with a PGA between c. 0.1 

and 0.2 g at Conway Flat (Figure 5.1), very similar to the modelled PGA from the 2016 Kaikōura 

earthquake (Bradley et al., 2017; Figure 5.1). Second, as discussed previously, applying the rate 

of debris removal following the Kaikōura earthquake to the 1950 to 1966 time window does not 

fully explain a lack of debris in 1966. Assuming little change in the rate of beach erosion 

between time windows, this suggests that failures likely occurred early in the 1950 to 1966 time 

window exposing debris to a number of intense storm surges and tsunami inundation in 1960 that 

may have enhanced debris removal (Figure 5.7). 

Together, the 1951 and 2016 earthquakes would account for a significant portion of the 

overall retreat at Conway Flat in the past 72 years. Excluding both earthquakes from the 

historical estimate of cliff retreat at Conway Flat north of Inverness Stream, reduces the retreat 

rate to c. 0.14 m/year or c. 56% of the total (0.25 m/year) retreat over the past 72 years. That 

said, given the relatively short return interval of sufficient shaking to induce cliff retreat at 

Conway Flat over the historical record (c. 58 years considering the last three earthquakes from 

1901, 1951, and 2016), including both the Kaikōura and Cheviot earthquakes could overestimate 

the multidecadal cliff-top retreat rate. 

Excluding either the 2015 to 2017 time window including the 2016 Kaikōura earthquake 

or the 1950 to 1966 time window including the 1951 Cheviot earthquakes from estimates results 

in c. 0.16 to 0.20 m/year of cliff-top retreat at Conway Flat. These values represent a best 

estimate of the multidecadal cliff-top retreat rate at Conway Flat over the historical record and 

are, on average, c. 45% greater than the estimated non-seismic retreat rate. Following the 2016 

earthquake there was a steep upper cliff face, likely still susceptible to failure, across much of 
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Conway Flat (Figure 5.6). Given the relatively low ground motion at Conway Flat during both 

the 2016 Kaikōura earthquake and the 1951 Cheviot earthquake, it remains possible that stronger 

ground motion could result in greater single event retreat. In this case, strong ground motion 

could have an even larger influence on multidecadal cliff-top retreat. 

 

Implications 

In tectonically active regions that have not experienced a sufficiently large earthquake in 

the historic record, excluding earthquake contributions will result in underestimates of 

multidecadal coastal cliff retreat over multiple earthquakes. While in the case of Conway Flat, 

this underestimation is likely around 30%, the degree to which the historical record 

underestimates multidecadal cliff-top retreat at any given site will be heavily modulated by 

several factors. These factors include site characteristics like cliff height, lithology and slope that 

influence cliff susceptibility to earthquake induced failure (Massey et al., 2022), the overall rate 

of cliff-top retreat as compared to retreat during a single earthquake event, and the expected 

return intervals, magnitudes, durations and frequency content of earthquake shaking. Simplified, 

these factors fall into three primary categories: (a) magnitude of single-event cliff-top retreat 

related to ground motion, (b) non-seismic cliff-top retreat rate, and (c) return interval of 

sufficient ground motion to result in single-event retreat. 

Using these three inputs, and assuming a cliff-top susceptible to failure, a simple equation 

can be defined to determine the influence of earthquakes on the multidecadal rate of coastal cliff-

top retreat (Y) as follows Eq. (5.1): 

𝑌 = 	 )
*
+ 𝑏,          (Eq 5.1) 

Effectively, the multidecadal coastal cliff-top retreat rate equals the sum of earthquake related 

cliff-top retreat and the total retreat from other non-seismic processes over the return period of 

sufficient shaking. 

Based on observations of the 2016 Kaikōura earthquake, I estimate that strong ground 

motion around PGA > 0.1 g is sufficient to produce cliff-top retreat at Conway Flat though it is 

possible that even stronger ground motion could result in greater retreat. The historic record of 

earthquakes at Conway Flat suggests that sufficient ground motion to induce cliff-top retreat 

occurs approximately every 50 years. While seismic hazard is lower (and thus return period is 

longer) at Conway Flat, the historical record is consistent with seismic hazard curves for 
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Kaikōura which suggest a 50-year return period for PGAs of 0.2 g (Stirling et al., 2012). If we 

assume that the c. 0.11 m/year retreat rate measured for the entire study area at Conway Flat 

from 1966 to 2015 represents the non-seismic coastal cliff-top retreat rate and that the coastal 

cliff-top retreats an average of 4 m each time there is sufficiently strong ground motion (c. every 

50 years), we can apply the equation above to estimate a multidecadal coastal cliff retreat rate of 

c. 0.19 m/year (Figure 5.8). This is very similar to the historical estimate of multidecadal cliff 

retreat at Conway Flat. 

 

 
Figure 5.8. Plot showing the three primary factors controlling earthquake influence on 
multidecadal coastal cliff retreat: amount of cliff retreat from sufficient earthquake shaking (a), 
the rate of non-seismic cliff retreat (b) and return interval of sufficient earthquake shaking to 
cause cliff retreat (c). Increasing return interval results in a hyperbolic decay of the 
multidecadal coastal cliff retreat rate (A. to B.) while multidecadal coastal cliff retreat varies 
linearly with shaking related cliff retreat (C. to D.) and non-seismic retreat (A. to E.). 

 

By varying the inputs involved in the earthquake influence equation, we can further 

explore how sufficiently strong ground motion may influence the multidecadal rate of cliff 

retreat at other sites (Figure 5.8). The recurrence of sufficient ground motion for cliff retreat) 

forms a hyperbola where longer return intervals result in significantly lower single-event 

influence on multidecadal retreat (Figure 5.8). Using the same example from Conway Flat above, 
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increasing the return interval to 100 years results in a multidecadal cliff retreat rate of 0.15 

m/year (0.04 m/year higher than non-seismic retreat alone, Figure 5.8, A.) while increasing the 

return interval to 500 years results in a multidecadal cliff retreat rate of c. 0.12 m/year (0.01 

m/year higher than non-seismic retreat, Figure 5.8, B.). Varying the amount of cliff retreat from 

earthquake shaking (c) or the non-seismic retreat rate (b) linearly scales the influence of ground 

motion (Figure 5.8, C.-E.). The relative influence of earthquake related retreat at any given site is 

directly proportional to the non-seismic retreat rate. For example, at a site with a high non-

seismic retreat rate but a relatively low single-event earthquake retreat (Figure 5.8, E.), shaking 

is unlikely to have a strong influence on the multidecadal retreat rate over multiple sufficiently 

large earthquakes. Alternatively, at a site with a relatively low non-seismic retreat rate and a 

relatively high single-event earthquake retreat (Figure 5.8, D.), earthquakes could have a 

substantial influence on the multidecadal retreat rate depending on the return interval of 

sufficient shaking. The study site at Conway Flat likely falls into the latter category. 

North of the study area, the low-lying coastal cliffs of the Ngaroma Terrace (Figure 5.2) 

experienced very little coseismic failure in 2016 despite similar material and rate of non-seismic 

coastal erosion (c. 0.2 m/year between 1950 and 2017). This may be a result of varying site 

response to ground motion and underlines the challenge in making generalities across coastal 

cliffs, especially in regions with different lithologic and topographic site conditions. That being 

said, Conway Flat experienced widespread cliff retreat from relatively moderate ground motion 

and should serve as an important demonstration of the potential for historical rates of coastal cliff 

retreat to significantly underestimate multidecadal retreat over multiple earthquakes. In regions 

like coastal California where high population exposure to steep coastal cliffs and frequent 

earthquake shaking coalesce (e.g., Griggs and Plant 1998), understanding how earthquakes 

influence the multidecadal retreat of coastal cliffs could be important for calibrating effective 

forecast models. Geomorphic evidence of past earthquake events may not be preserved, even 

over historical timescales, so investigations may need to integrate seismic hazard analysis, 

geotechnical site characterisation, physics-based modelling of coastal cliff response to 

earthquake shaking, and regional earthquake-induced landslide susceptibility analysis. 
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Conclusions 

With the rate of coastal cliff retreat set to increase due to climate change induced sea 

level rise, accurately modelling and forecasting future cliff retreat is extremely important, 

particularly in areas with high population exposure to coastal hazards. The 2016 Mw 7.8 

Kaikōura earthquake on the South Island of New Zealand, resulted in significant coastal cliff 

retreat in the area of Conway Flat where modelled ground motion was around 0.2 g PGA. 

Conway Flat serves as a natural laboratory to examine how earthquake shaking influences the 

historical record of cliff retreat. Retreat was spatially and temporally variable over the past 72 

years and large earthquake induced landslide triggering events appear to disproportionately 

contribute to an average 0.25 m/year retreat at Conway Flat. The 2016 Kaikōura earthquake 

alone represents c. 24% of the total retreat over the past 72 years. Together with observations of 

significant retreat between 1950 and 1966, which likely resulted from the 1951 Mw 5.9 Cheviot 

Earthquake, it is estimated that earthquakes increase the multidecadal cliff retreat rate at Conway 

Flat by c. 45% over estimates that exclude earthquakes. Evidence of widespread failure, 

including failed debris, has been quickly removed by coastal erosion following the 2016 

Kaikōura earthquake with an estimated c. 15,300 m3 or 5% of landslide debris removed each 

year in the 5 years following the earthquake. In tectonically active regions that have not 

experienced recent earthquake related cliff retreat, the extent to which the historical record 

underestimates multidecadal retreat rate is highly dependent on the magnitude of coseismic and 

non-seismic cliff-top retreat and the return interval of sufficient ground motion to induce failure. 

Seismic hazard models and dynamic physical models of coastal cliffs may thus serve as useful 

tools for estimating the potential multidecadal influence of earthquakes on coastal cliff retreat 

rates. 
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Appendix – Additional methods and data 
Additional Methods 

Orthomosaic processing from scanned images 

The aerial image orthomosaics discussed in Chapter 5 from 1950, 1966, 1975, and 1985 

were processed from original digital scans in the LINZ Crown Aerial Film archive (LINZ, 2021) 

using Agisoft Metashape 1.8.2. The fringe of the original image scans includes fiducial marks 

and information on the camera lens that were matched with camera calibration certificates 

provided by the Crown Aerial Film archive. The fiducials for each scan were defined in 

Metashape before masking the image fringe. 

I followed the typical Agisoft Metashape workflow as outlined in the program 

documentation for producing orthomosaics. Images were aligned at low quality and well 

distributed ground control points, sourced from a 2017 orthomosaic and derived digital surface 

model (DSM; Massey et al., 2020b) were assigned manually to each image. Images were then 

realigned and optimised. I built a high-quality dense point cloud with moderate depth filtering 

and a height field mesh using the dense point cloud and a high face count. A geographic 

orthomosaic was produced from the mesh and exported to .tif format.  

 
Uncertainty estimation 

Georeferencing uncertainty 

Georeferencing error and distortion result in variable uncertainty across the orthomosaics 

produced from scanned aerial imagery (LINZ, 2021), those that were obtained from the LINZ 

Data Service (LINZ, 2022), and those that were produced from lidar. As these datasets are being 

directly compared, it is important to characterise this uncertainty. For each orthomosaic, I 

identified distributed control points along the coastline (the main area of interest) and matched 

these control points with the base 2017 orthomosaic. I estimated a Euclidean distance between 

the matched control points and assigned this distance as the uncertainty at each point. Because 

there is not a consistent uncertainty across images, I applied inverse distance weighted 

interpolation in ArcGIS to interpolate uncertainty as a 25 m/pixel continuous grid across the 

study area (Figure A5.1). 
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Figure A5.1. Example of interpolated georeferencing uncertainty in 1966 orthomosaic (LINZ, 
2021). Black points with labels represent the distance between a control point and the base 2017 
orthomosaic (Massey et al., 2020). IDW interpolation is used to create a 25 m/pixel continuous 
grid of uncertainty across the image. 

 

I extracted the estimated georeferencing uncertainty from the interpolation at each point 

where a transect crossed the digitized shoreline in that image. In this case, each transect has two 

points where it crosses, one associated with the older image and one associated with the younger 

image. Georeferencing uncertainty is compounded between the two points to provide a total 

georeferencing uncertainty for each transect using the following equation Eq. (A5.1): 

𝑇𝑟𝑎𝑛𝑠𝑒𝑐𝑡	𝐺𝑒𝑜𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑖𝑛𝑔	𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 = 	?	𝑈$+),-	!% + 𝑈$+),-	%%   (A5.1) 

where Uimage 1 is the georeferencing uncertainty for the older cliff edge and Uimage 2 is the 

georeferencing uncertainty for the younger cliff edge. As shown in Figure 5.4, this 

georeferencing uncertainty was combined with digitisation uncertainty to define an overall 

measurement uncertainty. 

 

Digitisation uncertainty 

Using the same equation as I used for georeferencing uncertainty, I compounded a 

digitisation uncertainty for each transect. Unlike the georeferencing uncertainty, however, I 

assumed that digitisation uncertainty was consistent across the image set. I conducted a blind 

resampling of digitisation on a representative section of coastline (the example in manuscript 

Figure 5.7) to determine the digitisation uncertainty. The same person who digitised the cliff-top 

across the image retraced the section of cliff edge 5 times and estimated the maximum coast 

perpendicular distance between all possible pairs of cliff edge traces in regular 20 m intervals 
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along the coast. The digitisation error for the image was defined as the average of these 

maximum distances (Table A5.1). This value may be greater than 1s uncertainty, but I treated it 

as a conservative estimate of 1s. 

 
Table A5.1. Digitisation Uncertainty for each orthomosaic (LINZ, 2021; 2022) 

Year Resolution Uncertainty 

1950 0.35 0.69 
1966 0.36 0.65 
1975 0.33 0.64 
1985 0.7 0.85 
2004 0.75 0.88 
2015 0.3 0.62 
2017 0.3 0.62 
2022 0.3 0.62 

 

Debris volume uncertainty 

To estimate uncertainty for volume estimates, I assumed that the mean difference 

between the measured DSMs, outside of the extent of mapped landslides, represented a 

systematic vertical offset between the two datasets. I added this estimated vertical offset (0.72 m 

2015 to 2017 and 0.92 m 2015 to 2022) to the elevation difference within the extent of mapped 

landslides and estimated a +1σ debris volume. Similarly, by subtracting the estimated vertical 

offset, I estimated a -1σ debris volume. Subtracting the +1σ debris volume from the measured 

debris volume resulted in a conservative estimate of 1σ uncertainty. In reality, 1σ may be smaller 

as much of the area within mapped landslides was unvegetated before and after the earthquake 

while much of the area outside mapped landslides was vegetated. 

 

Transect Locations at Conway Flat 

Transects at Conway Flat were grouped into five sections based on lithologic domains 

described in the manuscript. Transects are located every 20 m along a baseline which extends 

from south to north (Lat/Lon -42.723591 173.408607 to -42.654044 173.446673). Transects 

from 0 to 3,340 m along baseline are south of Inverness Stream. Transects from 3,360 to 4,680 m 

along baseline fall between Inverness Stream and the Medina River. Transects between 4,700 

and 5,440 m along baseline fall between the Medina River and Dawn Creek. Transects between 
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5,460 and 6,760 m along baseline fall between Dawn Creek and Big Bush Gully. Finally, 

transects from 6,780 to 8,320 m along baseline are north of Big Bush Gully. 

 

Additional Results 

Gullies 

As discussed in the manuscript, I removed gullies from estimates of average retreat and 

retreat rate at Conway Flat as they likely represent different erosional mechanisms from the 

majority of the coastal cliff face. Here I present the average retreat rate within the gullies as they 

compare to the cliff retreat reported within Chapter 5 (Table A5.2). 

 
Table A5.2. Gully Statistics 

Years Number of 
Gully Transects 

Average Cliff 
Retreat with 
Gullies (m) 

Average Cliff 
Retreat without 

Gullies (m) 

Average Gully 
Retreat (m) 

Percent Difference 
between Gully and 

Cliff Retreat 
2017 to 2022 26 0.45 0.43 0.58 33.95% 
2015 to 2017 25 3.21 3.35 1.88 -43.93% 
2004 to 2015 23 0.92 0.72 2.39 230.57% 
1985 to 2004 24 1.02 0.85 2.53 199.05% 
1975 to 1985 25 2.17 2.19 1.97 -9.88% 
1966 to 1975 26 2.20 2.19 2.33 6.54% 
1950 to 1966 13 6.25 5.91 9.91 67.60% 
1966 to 2022 26 8.88 8.66 11.12 28.42% 
1966 to 2015 25 5.61 5.35 8.25 54.21% 
1950 to 2015 13 13.21 12.64 18.10 43.22% 
1950 to 2022 13 18.18 17.57 24.76 40.90% 

 
 

In general, gullies exhibited greater retreat than the overall cliff face. This was 

particularly pronounced in the 2004 to 2015 and the 1985 to 2004 time windows where gully 

retreat was c. 2 times as great as general cliff retreat. While it is possible that higher gully retreat, 

particularly in these two time windows, is related to the greater susceptibility of gullies to fluvial 

incision, the extremely limited number of gully transects (13 to 26) casts doubt on the reliability 

of a direct comparison with the general cliff transects. 
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Spatial variability in historical retreat at Conway Flat 

As discussed in Chapter 5 and demonstrated by Figure A5.2 there is significant spatial 

variability in historical retreat at Conway Flat. In general, retreat decreases north to south with 

the highest retreat north of Big Bush Gully and the lowest retreat south of Inverness Stream. In 

some sections of the Conway Flat coast, for example south of Inverness stream, lower historical 

cliff-top retreat could be a result of more resistant geology at the toe of the cliff that prevents 

undercutting of the upper cliff by wave action. Over multidecadal timescales this may result in 

landslide triggers like earthquakes playing a more important role in cliff-top retreat than wave 

action. When cliff-top retreat outpaces retreat at the toe of the cliff, the steepness of the cliff-top 

can reduce, effectively slowing cliff-top retreat but this is not always the case at Conway Flat. 

Figure A5.3 provides comparative profiles demonstrating this. In profile A to A’ in Figure A5.3 

the cliff-top is influenced by both wave action at the toe of the slope (pre-2016) and subaerial 

triggers at the top of the slope. Alternatively in profile B to B’, terracing occurs with Greta 

formation buffering cliff-top retreat from undercutting by wave action prior to the 2016 

earthquake. Despite this, the upper cliff face remained susceptible to subaerial triggers and failed 

during the 2016 Kaikōura earthquake. While additional site specific investigation into geologic 

controls on cliff retreat at Conway Flat would be required to make more robust claims, lithology 

and cliff geometry likely play a role in the spatial variability of retreat at Conway Flat. 
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Figure A5.2. Boxplots showing the spread of retreat rates within each section of coastline at 
Conway Flat. 

 

 
Figure A5.3. Comparative Cliff Profiles. Profile A is taken from a cliff face that consists entirely 
of fan delta deposits. Profile B is taken from a cliff face that consists of Greta Formation 
overlain by unconsolidated gravels. The contact between underlying Greta and overlying 
unconsolidated sediment occurs at approximately 30 m height in Profile B. 
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Conclusions and Future Work 
 
Research Summary 

Earthquakes and associated secondary hazards like landslides pose risks to life and the 

built environment. The 2016 Mw 7.8 Kaikōura earthquake on the South Island of New Zealand 

provided an excellent natural laboratory to expand our understanding of coseismic hazard and 

test current best practice. Specifically, this thesis has advanced our understanding of slope 

failures during the Kaikōura earthquake and developed practical tools for application to other 

events and regions. 

Chapter 1 used 3-D displacement fields generated using the iterative closest point method 

to examine off-fault displacement around the Papatea fault. The Papatea fault had up to c. 9.5 m 

of vertical displacement during the Kaikōura earthquake. Current fault avoidance zones, 

developed to mitigate the risk of displacement related hazard in New Zealand, capture most, but 

not all, significant vertical off-fault displacement around the Papatea fault. This result suggests 

that there is room for improvement in these designations. In particular, expanded ‘fault 

awareness zone’ designations could be developed around faults to account for the increased 

incidence of secondary hazards around faults and current guidelines could be written into 

legislation to enforce consistent application across New Zealand. 

Chapter 2 expanded on Chapter 1 to develop estimates of off-fault displacement around 

14 surface fault ruptures from the 2016 Kaikōura earthquake. While estimates of the horizontal 

gradient of vertical displacement were useful proxies for strain around the Papatea fault in 

Chapter 1, this measure, and other estimates of coseismic strain (e.g., Milliner et al., 2021; 

Rodriguez Padilla et al., 2022), were less easily resolved on a regional scale. Instead, the 

maximum width of off-fault displacement around each fault was interpolated to define the off-

fault deformation (OFD) zone. A higher density of coseismic landslides occurs within the OFD 

zone with regional strong ground motion estimates not fully accounting for this concentration. 

Increased landslide susceptibility around surface fault ruptures may result from a combination of 

reduced rock mass strength around faults and local amplification of ground motion within the 

fault damage zone. 

Chapter 3 systematically tested the recommendations laid out in Chapter 2 for potential 

improvement to regional landslide susceptibility models. Landslide susceptibility model 
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performance is modulated by choice of ground motion model and measure of shaking intensity. 

The influence of distance to a surface fault rupture on the landslide distribution from the 

Kaikōura earthquake can be meaningfully replaced by a high-performing strong ground motion 

intensity measure. Including the OFD zone does improve models slightly, lending weight to the 

recommendations in Chapter 2, but the OFD zone is more difficult to incorporate in practice 

prior to (or immediately following) events. Overall, limited observational ground motion data 

likely represents one of the greatest sources of uncertainty in regional earthquake induced 

landslide susceptibility analysis and should be a focus for future improvements. 

Chapter 4 examined a high density of coastal landslides from the 2016 Kaikōura 

earthquake. Steep slopes, strong ground motion, and geology are responsible for the distribution 

of landslides in both inland and coastal slopes. Earthquake induced landslides tend to occur 

within steeper coastal slopes in the Kaikōura region and are spatially correlated with relict 

landslides. Steeper coastal slopes, which are likely a legacy effect of past active erosion, are 

likely to be captured by most current regional earthquake induced landslide susceptibility 

models. 

Finally, Chapter 5 characterised coastal cliff retreat from the 2016 Kaikōura earthquake 

at Conway Flat, an area with highly erodible coastal cliffs. The 2016 earthquake accounts for 

nearly 25% of retreat since 1950. Strong ground motion contributes to c. 40% of multidecadal 

coastal cliff retreat at Conway Flat but evidence of these events is typically short lived in this 

marine dominated environment. At Conway Flat, failed debris from widespread cliff collapse can 

be evacuated within two decades of the event by wave action. Studies of other tectonically active 

regions can apply the simple tools developed for Conway Flat to estimate the multidecadal 

influence of earthquakes on coastal cliff-top retreat. 

 

Research contributions 

Four primary research questions were posed at the outset of this thesis. First, what role do 

surface fault ruptures and strong ground motion play in the distribution of earthquake induced 

landslides? Chapter 1 set out the methodology for regionally estimating fault zone width and 

Chapters 2 and 3 extended these methods to estimate the relative contribution of surface fault 

ruptures and strong ground motion. The fault zone appears to have a contribution to the 

distribution of landslides from the 2016 Kaikōura earthquake through reduced rock mass strength 
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and amplification of ground motion but, on a regional scale, strong ground motion plays a more 

dominant role. Improved estimates of rock mass deformation and ground motion are critical to 

further understand the relative contribution and role of surface fault ruptures and ground motion. 

Second, how can we better plan for secondary hazards around faults? Chapter 1 

investigated how changes to current guidelines for fault avoidance zones might influence 

exposure to direct fault displacement related hazard and highlighted the potential benefit of 

wider fault awareness areas for capturing the influence of secondary hazards. Improved 

earthquake induced landslide susceptibility models may also serve as a robust planning tool. 

Chapter 3 identified the most applicable ground motion forcing and susceptibility features for the 

Kaikōura earthquake that could be used to improve regional forecast models. 

Third, do regional earthquake induced landslide susceptibility models capture the 

influence of increased coastal susceptibility? Chapter 4 investigated the source of higher 

earthquake induced landslide density on the Kaikōura coast and found similar feature importance 

for inland and coastal slopes. Slope is one of the most important features defining the distribution 

of coastal and inland landslides. While previous studies found a lower average slope along the 

Kaikōura coast (Massey et al., 2018), there is, in fact, a higher proportion of steep slopes greater 

than 15°. Slopes under 15° are unlikely to result in landslides in the Kaikōura region so this 

higher proportion of steep slopes provides the best explanation for the landslide distribution. 

Most regional models of earthquake induced landslide susceptibility include slope as an 

important predictive feature and they are likely to capture increased susceptibility along the 

Kaikōura coast. 

Finally, what is the contribution of earthquakes to coastline evolution? Chapter 5 

investigated the influence of the Kaikōura earthquake in the highly erodible coastal cliffs of 

Conway Flat. In this case, earthquake contributions to multidecadal cliff top retreat may be as 

high as 40%. Failed debris which serves as some of the only evidence of recent failure in coastal 

environments is rapidly eroded within decades of the failure. Ultimately, the rate of coastal 

erosion, which largely controls erosion at the toe of the cliff, is responsible for the long-term 

evolution of this section of coastline but earthquakes can have a large influence over the decadal 

and multidecadal timescales considered in coastal retreat forecast models. 
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Future Work 

Several potentially valuable avenues for further study arose out of the research presented 

in this thesis. Three of these are discussed in greater detail below. Chapter 2 identified the need 

for better characterisation of fault damage zones on a regional scale and the potential for 

geophysical techniques to provide a solution. Chapter 4 identified a possible correlation between 

landslides from the 2016 Kaikōura earthquake and past landslides that could potentially serve as 

a proxy for the stress history of a slope. Finally, Chapter 5 presented tools for evaluating 

potential earthquake contributions to coastal cliff retreat that could be applied more broadly to 

estimate the relative influence of rainfall and earthquake related retreat on the Kaikōura coast. 

 

Geophysical investigation of fault zones 

 As discussed in Chapters 1 and 2, fault damage zones may play an important role in 

defining the spatial distribution of coseismic landslides across lithologic and structural regimes 

(Figure 2.3; Lee and Nguyen, 2005; Gallen et al., 2015). In many cases, fractures and other 

physical and chemical changes associated with fault damage zones decrease rock and soil 

strength and increase permeability effectively pre-conditioning slopes for failure (Rutter et al., 

2001; Korup, 2004; Evans et al., 2007; Scheingross et al., 2013; Xue et al., 2013, Wang et al., 

2021). In other cases, coseismic displacement or fracturing may directly initiate a failure in 

structurally or lithologically predisposed terrain (e.g., Brideau et al. 2005; Galadini, 2006; 

Brideau et al., 2009; Penna et al., 2017; Kycl et al., 2017). Due to heavier jointing and fracturing 

within the damage zone and the impedance contrasts between this reduced rock strength and the 

strength of surrounding rock, fault damage zones can also trap seismic energy and locally 

amplify ground motion (Martino et al., 2006; Wang et al., 2019).  

Chapter 2 estimated the width of off-fault deformation from the Kaikōura earthquake 

(Figure 2.2) as a regional proxy for fault damage zone width. A logical next step towards 

quantifying the influence of faults on regional coseismic landslide occurrence is to verify that the 

actual width of the fault damage zone correlates with the off-fault deformation zone in the field.  

Geophysical methods including seismic coherence, ambient noise tomography, and 

multi-channel analysis of surface waves (MASW) have previously been used to define the aerial 

and volumetric extent of fault damage zones at a variety of scales and depths (eg., Cochran et al., 
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2009; Duffy et al., 2014; Wang et al., 2019; Ben-Zion and Zaliapin, 2019, Zigone et al., 2015, 

2019, Botter et al., 2016; Liao et al., 2019) absent more invasive and expensive geotechnical 

explorations. While the majority of these studies successfully applied seismic techniques to 

determine properties of the fault damage zone at depth, fewer have targeted near-surface fault 

damage zones (Ben-Zion et al., 2003; Duffy et al., 2014; Wang et al., 2019). Near-surface 

geophysical observations, however, are the most likely to represent rock strength and 

permeability at depths susceptible to mass wasting from landslides. Duffy et al. (2014) used 

active MASW techniques to measure shear wave velocities across the Springfield thrust in the 

Canterbury region of New Zealand and positively correlated decreased near-surface shear wave 

velocities in a Torlesse greywacke rock mass with increased fracturing due to local fault damage. 

Following remote sensing measurement of the off-fault deformation zone, discussed in 

Chapter 2 (Figure 2.2), two Multichannel analysis of surface waves (MASW) geophysical 

surveys were conducted across the Humps and Kekerengu Faults in an effort to identify 

variations in shear wave velocity around fault traces at the near surface. These methods roughly 

follow those of Duffy et al. (2014). Surface wave data was collected every 5 m along two fault 

perpendicular transects (Figure 6.1) using a 24-channel linear seismic array with 1 m spacing and 

a Geometric Geoid receiver. An 8 lb hammer with a geophone trigger was used as the seismic 

source 5 m behind the array. A minimum of three shots were stacked to increase the signal-to-

noise ratio and each shot location was collected using a Trimble Geo7x GNSS receiver. Data was 

processed using SurfSeis 6 (Kansas Geological Survey, 2018). Dispersion curves were manually 

picked for each site and a one-dimensional inversion of the curves was performed in SurfSeis. 

One-dimensional data was interpolated into 2-dimensional profiles for each transect. The 

preliminary results of that analysis are presented in Figures 6.2 and 6.3. 

Generally low seismic velocity at Fault Zone Humps East 2 (FZH2) (Figure 6.2) makes it 

challenging to identify a coherent fault zone. Lower velocity within the upper c. 10 m of the 

profile likely represents the thickness of overlying Quaternary gravel at this site. At Fault Zone 

Kekerengu 1 (FZK1) (Figure 6.3), there is lower shear wave velocity zone from c. 500 to 600 m 

along profile. The location of this low velocity zone is coincident with the surface fault trace of 

the Kekerengu fault (Figure 6.3) which lies just to the edge of the zone. It remains somewhat 

unclear, however, if this low velocity captures reduced rock mass strength within the fault zone 

or simply saturated soil behind the primary fault plane. Additional investigation would be 
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required to better correlate these findings with displacement data from the 2016 Kaikōura 

earthquake and the geotechnical properties of material surrounding the fault. 

 

 
Figure 6.1. Location of MASW Profiles in Figures 6.2 and 6.3. Stars in the regional map 
represent the location of the two sites.  
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Figure 6.2. MASW Profiles at Fault Zone Humps East 2 (FZH2). a. Fault perpendicular profile 
with 5 m spacing. b. Control profile with 10 m spacing. 

 
 

 
 
Figure 6.3. Fault Perpendicular MASW Profile with 5 m spacing at Fault Zone Kekerengu 1 
(FZK1). 

 

Following these methods, the presence of different lithologies on either side of the fault 

or saturation of material surrounding the fault may limit the ability to positively identify a low 

velocity zone related to fault damage. Additionally, within any lithologic unit, heterogeneity may 

complicate identification of the fault damage zone. For example, within Torlesse greywacke, 

argillite zones localise slip in the dominant sandstone rock mass (Suneson, 1993). Despite 

variable lithology at the Kekerengu site, there is a low velocity zone within c. 100 m of the 
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mapped fault trace (Figure 6.3) and there may still be a worthwhile application of MASW in 

more homogenous lithologies or around more mature faults (Dolan and Haravitch 2014). In 

addition to further investigation of the Kekerengu site, several candidate locations likely exist 

across fault ruptures from the Kaikōura earthquake as well as other active faults in New Zealand 

and abroad. This could provide the necessary field validation of displacement findings. 

 

Past landslides and slope stress history 

Chapters 2, 3, and 4 highlight a common theme: regional earthquake induced landslide 

susceptibility is strongly modulated by the combination of strong ground motion and the stress 

history of a slope (Figure 4.9). The stress history of a slope is the product of strong ground 

motion, tectonic deformation over multiple earthquakes, and erosion that act to increase shear 

stress and decrease rock mass strength (e.g., Parker et al, 2015, Gischig et al., 2016, Fan et al., 

2019). On a site-specific scale, in-situ measurement of rock mass strength, lithologic 

heterogeneity, and jointing are often used as primary information in slope stability models, in 

part, to capture the influence of this stress history on failure (e.g., Brideau et al., 2009; Singeisen 

et al., 2022). On a regional scale, however, information is often limited to basic geologic and 

large-scale discontinuity mapping (Gallen et al., 2015). This is of particular concern in regions 

like Kaikōura where many failures do not occur as the result of large-scale rock mass 

discontinuities or where discontinuities are difficult to identify (e.g., Singeisen et al., 2022). In 

addition to the improvements in ground motion estimates and fault zone characterisation 

discussed in Chapters 2 and 3, better defining rock mass strength and the stress history of slopes 

on a regional scale may go a long way towards improving landslide susceptibility models. 

Past landslides are known to increase landslide susceptibility of previously mobilised 

debris and surrounding slopes following large rainfall events (Samia et al., 2017a, b) and 

earthquakes (Marc et al., 2015; 2019; Massey et al., 2022) but typically these effects wane within 

several years of the event. The term ‘path dependency’ has been adopted to describe this 

temporal influence (Samia et al., 2017a, b; Temme et al., 2020). As discussed in Chapter 4, many 

coastal landslides from the Kaikōura earthquake are spatially correlated with the past landslide 

scars and debris. Additionally, field investigations (Singeisen et al., 2022; Stringer et al., 2021) 

have identified pre-existing slope deformation or relict landslides at the location of many 2016 

failures. Based on these observations, it is difficult to discount the potential contribution of past 
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failures to earthquake induced landslides over much longer timescales than typical path 

dependency. It remains unclear, however, if past landslides have a contribution because they are 

simply ubiquitous in the landscape of the Kaikōura region or whether they hold independent 

explanatory power for further coseismic failures. If past landslides can help explain the landslide 

distribution from the Kaikōura earthquake, they may serve as a critical missing link to define 

slope stress history on a regional scale. Systematic mapping of past landslides should provide 

more clarity and represents a worthwhile avenue for expanding the research presented herein. 

Similarly, continuous monitoring of slope displacement, for example through synthetic aperture 

radar, may help to identify incipient and relict failures that experience ongoing displacement and 

may be predisposed to additional coseismic displacement. 

 

Earthquake contributions to coastline evolution 

As discussed at length in Chapters 4 and 5, much of the Kaikōura coast is uplifted to form 

shore platforms (Ota et al., 1996; Nicol et al., 2022; Howell and Clark, 2022) that buffer slopes 

from wave action. Despite this, many coastal slopes remain at high angles out of equilibrium 

with the surrounding landscape, potentially a legacy effect of past wave action (Crozier et al., 

2010). Large rainfall events and earthquakes are significant sources of failure along this coastline 

but the relative contribution of these two triggers remains unclear. Given the potential for 

variability in weather patterns with a changing climate, gauging the relative contribution of 

earthquakes to the long-term evolution of the Kaikōura coastline seems worthwhile. 

Using the tools developed in Chapter 5 (Figure 5.8) it may be possible to estimate the 

relative influence of earthquakes on the rest of the Kaikōura coast. Such estimates would provide 

some insight into the relative contribution of climatic and tectonic events to landscape evolution 

of the Kaikōura coast on single event timescales. The tools outlined in Chapter 5 (Figure 5.8) 

require an estimate of potential earthquake retreat, non-seismic retreat, and return interval of 

strong ground motion. Although it may be an oversimplification, average coastal retreat or 

landslide volume observed during the 2016 Kaikōura earthquake (Massey et al., 2018, 2020a; 

Tanyas et al., 2022) could be used as a rough estimate of the potential for coastal failure during 

any given large earthquake along the Kaikōura coast. Landslides have also been systematically 

documented following a number of large rainfall events on the Kaikōura coast (Rosser et al., 

2017). This data could serve as an estimate of background retreat assuming that most of the 
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coastline experienced little change between large rainfall events. Alongside probabilistic seismic 

hazard curves, these data may be enough to provide first order estimates of the earthquake 

contribution to rocky coastlines where wave-action is subordinate to subaerial processes. 

 

Conclusions 

The 2016 Kaikōura earthquake and associated landslides provide an excellent opportunity 

to explore the influence of fault zones and coastal conditions on earthquake induced landslide 

susceptibility. While current regional coseismic landslide susceptibility tools are by no means 

ineffective, adjustments explored in this thesis can reduce uncertainty in how several variables 

are implemented in these models. Better characterisation of strong ground motion and rock mass 

deformation on a regional scale are necessary next steps toward improving our understanding of 

earthquake multi-hazards and how coseismic landslides contribute to landscape evolution. 
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