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Abstract 

This study aims to evaluate the geomorphological influences on earthquake-triggered 

landslides in Kaikōura in the mountainous upper South Island of New Zealand. Landslide-

affected sites were initially mapped from two Sentinel-2 satellite images (before and after the 

Kaikōura earthquake) by using unsupervised classification. These two landslide maps (pre- and 

post-earthquake) were subsequently refined based on two high-resolution aerial photographs. 

The two refined landslide maps were overlaid in ArcGIS to identify the landslide-affected areas 

caused by the Kaikōura earthquake. The earthquake-triggered landslide map and the two 

landslide distribution maps were superimposed with four raster layers, including slope gradient, 

soil type, land use, and distance to fault line. These four layers were selected as the independent 

variables for statistical modelling. In addition, a Logistic Regression model was used to assess 

the spatial relationship between the four independent variables and the distribution of 

earthquake-triggered landslides, in order to quantify the geomorphological influences after the 

Kaikōura earthquake. At the end, a landslide susceptibility map was produced based on the 

model results. By comparing the landslide susceptibility map with the soil erosion data, this 

study summarised the changes of land stability caused by the earthquake and predicted the 

potential landslide hazard zone in the study area. 

The landslide-affected areas increased from 474.05 ha before the Kaikōura earthquake to 

1,656.40 ha after the earthquake. The distribution of earthquake-triggered landslides is 

positively correlated with the factor of slope gradient, but negatively with three other factors 

including distance to fault line, land use, and soil type. Among these four influencing factors, 

slope gradient, soil type, and distance to fault line are statistically significant to the landslide 

occurrence, while land use has no significant impact on landslide occurrence. The total area of 

very high level of landslide susceptibility increased 3,537.85 ha in the study area after the 

Kaikōura earthquake. 
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Chapter 1 Introduction 

At 12:02 am, on 14 November 2016, a powerful earthquake struck Kaikōura near the 

northeastern South Island of New Zealand (GeoNet, 2021). The epicentre of this earthquake 

lays about 20 km south of the Hope fault with a depth of 15 km in the North Canterbury region 

(Hamling et al., 2017). This M 7.8 earthquake was one of the severest earthquakes in New 

Zealand history, and caused violent surface ruptures on both land and seabed (Wang et al., 

2018). According to recent research, a maximum 5 m uplift of the coastline was recorded on 

the Papatea fault near Waipapa Bay in North Canterbury (Hamling et al., 2017). The massive 

surface displacements induced significant topographical changes and triggered tens of 

thousands of landslides, which were mainly concentrated in an area of 3,500 km² around the 

ruptured fault lines in the northern part of the Canterbury region (Dellow et al., 2017). The 

Kaikōura earthquake caused wide-ranging impacts and damage to the local communities and 

residents, including domestic properties destroyed by surface rupture. The earthquake-

triggered landslides also blocked major transportation networks including State Highway 1 and 

the Coastal Pacific Railway, as well as created hundreds of landslide dams on several rivers 

within the region (GeoNet, 2021).  

The significant impacts of the Kaikōura earthquake demonstrated that earthquake-triggered 

landslides can seriously threaten human society from both economic and environmental aspects. 

The negative economic consequences of the Kaikōura earthquake-triggered landslides were 

primarily associated with the disruption/damage of transportation infrastructures such as roads, 

railways, and tunnels (Robinson, 2018). In fact, “Kaikōura was inaccessible by land for three 

days” due to the interruption of land transportations after the earthquake (Dizhur et al., 2017). 

On the other hand, the earthquake-triggered landslides buried a large portion of the habitats of 

native birds such as Puffinus huttoni (Kaikōura tītī) in the Seaward Kaikōura Range, which 

environmentally disturbed the local ecological balance (GeoNet, 2021). Despite previous 

studies that have yielded a broad understanding of the complexity of the Kaikōura earthquake 

in assessing the damaging impacts of landslides in the region, the spatial relationship between 

earthquake-triggered landslides’ distribution and geomorphological influencing variables, such 

as slope gradient, land use, soil type and distance to fault line, are yet to be quantitatively 

assessed, especially in assessing the landslide susceptibility after the Kaikōura earthquake. 

Therefore, it is important to adopt a Geographical Information System (GIS)-based statistical 

modelling (quantitative) approach to understand the relationship between geomorphological 
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influences and distribution of earthquake-triggered landslides in Kaikōura, and subsequently 

to assess landslide susceptibility after the earthquake. By the end of this study, a better picture 

will be drawn to describe the potential landslide hazard zone in the study area. 

The study area will be centred on the Papatea Block located about 200 km northeast of 

Christchurch. The uplifted coastline in this area clearly indicated the fault rupture boundaries 

in the Kaikōura earthquake. Many studies (Hamling et al., 2017; Wang et al., 2018; Kaab et al., 

2017) demonstrated that the coseismic displacements of the Kaikōura earthquake were 

concentrated on the west side of the Papatea fault (as the maximum vertical displacement of 8 

m and the maximum horizontal displacement of 6 m were recorded there). Consequently, a 

high density of earthquake-triggered landslides will be expected in this area. 

Academic research on the landslide occurrence following major earthquakes can be traced back 

to the late 18th century, when there was a greater emphasis placed on understanding the 

relationship between geomorphological influences and earthquake-triggered landslide 

distribution, and appreciating its significance to human society, especially in science and 

economics (Keefer, 2002). Traditionally, people evaluated the scale of earthquake impacts 

including landslides inventory by conducting a number of field investigations immediately 

after earthquakes (Dellow et al., 2017). Nevertheless, this type of fieldwork has its own 

disadvantages such as being costly and time-demanding (Ulovec, 2013). Over the last few 

decades, GIS has been widely utilised in assessing landslide hazard through its integration with 

various data/techniques including Digital Elevation Model (DEM) and Remote Sensing (RS) 

(Wang et al., 2005). As an established technique, RS has become increasingly popular in many 

study fields since the 1970s. For example, people can effectively monitor earthquake-triggered 

landslides using satellite imagery and efficiently evaluate their environmental impacts after 

earthquakes (Kamp et al., 2008). With the use of these techniques, GIS can enhance our 

understanding of the geomorphological influences on earthquake-triggered landslides on the 

macro-scale. 

Quantitative modelling is a statistical approach that can provide quantified parameters to 

measure and evaluate the correlation between geomorphologic influences and spatial locations 

in the studies of earthquake-triggered landslides (Keefer, 2000). Some major geomorphic 

factors related to landslide susceptibility are: (a) distance to the source of rupture; (b) slope 

gradient; (c) land cover/use; and (d) soil/rock type (Polykretis et al., 2019). As early as the 

1980s, Keefer (1984) adopted statistical models to prove that areas of landslide distribution 
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affected by earthquakes were positively correlated with the magnitude strength level M. The 

range of affected areas (distance to the source of an earthquake) could be between 0 to 50,000 

km² when M increased from 4.0 to 9.2 (Keefer, 1984). Additionally, Keefer (2002) also 

discovered that the landslide velocities were highly correlated with the slope gradients of 

topography, which indicated a positive relationship between the destructiveness of landslides 

and the steepness of slopes. Furthermore, Glade (2003) investigated how land use changes 

could cause landslides in New Zealand, particularly in relation to human activities. This 

provided a basis for studying the landslide occurrence after natural disasters using land use as 

an environmental factor. 

1.1 Aims and Objectives 

This study aims to create a landslide inventory map to present the distribution of Kaikōura 

earthquake-triggered landslides in the study area, and to evaluate the landslide susceptibility 

after the Kaikōura earthquake based on the statistical modelling results. An understanding of 

the spatial relationship between geomorphological influences and landslide distribution will 

enable us to stay in control of landslide hazard; and to protect people’s live and infrastructures, 

particularly, those located in landslide hazard zone. This study’s hypotheses will be: (a) there 

was a negative correlation between the landslide locations and the distance from fault lines; (b) 

there was a negative correlation between the landslide locations and the sensitivity of soil 

classes; and (c) there was a positive correlation between the landslide locations and the gradient 

of topographical slopes. Three specific objectives will be achieved after the completion of this 

research as follows: 

1. To create a landslide inventory map to present the 2016 Kaikōura earthquake-triggered 

landslides using remotely sensed imagery, including satellite images and aerial photos 

captured before and after the earthquake event;  

2. To apply quantitative analysis to assess the correlation between the earthquake-

triggered-landslides and the geomorphological influences, in order to quantify the 

landslide susceptibility after the Kaikōura earthquake; 

3. To compare the current state of soil erosion by using the landslide susceptibility map 

created in this study, in order to predict potential landslide hazard zones in the study 

area. 
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1.2 Structure of the Thesis 

This thesis contains seven chapters. Each chapter is briefly described as follows: 

Chapter 1 presents an overview of the thesis. It describes the background of the 2016 Kaikōura 

earthquake and the earthquake-triggered landslides, as well as the motivation, aims and 

objectives of this study. 

Chapter 2 reviews the theoretical framework relevant to this study, which consists of eight 

components: (a) the concept of origin and formation of landslides; (b) the basis components of 

landslide triggers and hazard formations; (c) the principles of GIS and landslide mapping 

integrated with DEM data, (d) the benefits of using RS technology on landslide mapping; (e) 

the applications of GIS on landslide hazard assessments; (f) the relationships between 

geomorphic factors and landslide occurrence; (g) the study background of landslide 

susceptibility after the Kaikōura earthquake; and (h) the foundation of quantitative and 

statistical approaches in landslide susceptibility assessment. 

Chapter 3 introduces the Kaikōura study area, and defines its location, topography, geology, 

soil, climate, land use and existing landslides, as well as discussing the soil erosion status in 

the area. 

Chapter 4 describes the data analysis and the processing workflow for the whole study, as well 

as presenting a detailed description of each dataset adopted in this study. It is divided into two 

major parts: (a) the data and material sources; and (b) the data processing and analytical 

approach. 

Chapter 5 illustrates the analysis results of the Kaikōura earthquake-triggered landslides and 

the landslide susceptibility assessment after the earthquake. It determines the spatial 

relationship between the distribution of earthquake-triggered landslides and the influencing 

variables, as well as predicting the potential landslide hazard zone in the study area. 

Chapter 6 summarises the achievements and potential limitations of the study, particularly the 

deterministic factors in triggering the landslides during the Kaikōura earthquake. It also 

discusses the contributions to existing knowledge in the context of similar research.  

Chapter 7 concludes the entire study including the main findings and recommendations for 

further studies on similar topics.  
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Chapter 2 Literature Review 

2.1 Introduction 

This chapter will review the mechanism of landslide formation and the related 

geomorphological disruption. In addition, the triggering events of landslides, particularly 

earthquakes, are explored, and a brief overview of landslide hazards is provided. Furthermore, 

the techniques commonly used to assess the geomorphic influences on landslides, such as GIS, 

RS, and DEM will be presented, along with a discussion of their advantages in landslide 

mapping. In addition, the GIS application in landslide hazard assessment and the relationship 

between common geomorphic factors and landslide occurrence are also discussed. The 

significant characteristics of the Kaikōura earthquake and the fundamental elements of 

earthquake-triggered landslide will be briefly described, in conjunction with how landslide 

susceptibility has been constructed in this study. Finally, this chapter reviews quantitative 

methods (especially statistical approaches) commonly used to assess landslide susceptibility. 

2.2 Origin and Formation of Landslide 

Landslide, as a common phenomenon on the earth’s surface, is a part of landform evolution 

caused by geomorphological processes, particularly those related to the processes of mass 

wasting/movement and erosion (Kirkby, 2008). Since these two formative processes occur near 

the earth’s surface and are powered by a combination of natural forces including water, wind, 

gravity, and solar energy, they constitute an essential part of the landform development, and 

are also regarded as the origin of landslides (Tarbuck et al., 2009). As Holden (2008) defined, 

landslide is “a mass movement process whereby a large coherent mass of material moves down 

a slope under the influence of gravity, remaining undeformed” (Holden, 2008, p. 719). This 

definition points out three fundamental factors in landslide occurrence: (a) mass movement; (b) 

source material; and (c) slope gradient. 

The term, mass movement, in geomorphology is used to describe “any unit movement of a 

body of material, propelled and controlled by gravity” (Christopherson, 2009, p. 418). 

Generally, mass movement can be categorised into six classes: (a) falls; (b) topples; (c) slides; 

(d) lateral spreads; (e) flows; and (f) complex (Varnes, 1978). Each class is associated with 

three indicative factors: (a) the movement rate; (b) the water content; and (c) the material type 

(Figure 2-1). For example, different types of materials with a fast-moving speed can form into 
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various types of landslides such as rock fall, debris fall and earth fall. On the other hand, 

different movement rates can also affect the formation of landslides, for instance, fully soaked 

materials may lead to different types of landslides as solifluction flow, debris flow, and mud 

flow, due to their movement speeds. 

 

Figure 2-1: The classification of mass movement 

Source: Modified from Geosystems (Christopherson, 2009, p. 420) 

Secondly, the source of landslide material, as a key factor, determines the process of mass 

wasting/movement (Tarbuck et al., 2009). Figure 2-1 demonstrates that source materials of 

landslides can range from as soft as mud to as hard as rocks in mass movements. Additionally, 

the sliding process of mass movement can be categorised into two different types: translational 

slide and rotational slide (Varnes, 1978). When materials, usually earth or debris, move along 

a flat surface in the same direction without deformation, this is called translational slide. In 

contrast, rotational slide involves the movement of materials along a concave surface with 

relative motion among the materials (Figure 2-1).  

Lastly, slope gradient plays a crucial role in the formation of landslides. As gravity is the 

driving force of all mass movements, it constantly pulls every single object from a higher level 

to the lower ground. Although the influence of gravitational stress is proportional to the mass 
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of landslide material itself, the steepness of slope has a threshold over which it will cause mass 

movement (Hungr et al., 2014). This steepness is called the angle of repose. Figure 2-2 

intuitively illustrates the principle of mass movement, when the driving force (gravity) exceeds 

the limit (shear-failure point) of the resistance force (friction/shearing), the material starts 

moving downslope. The greater the angle of a slope (the steepness of slope), the larger the 

influence of gravity (conversely, reducing the threshold of resistance). Therefore, the 

susceptibility of landslide/erosion is directly proportional to the steepness of the land surface, 

which is one of the key factors to understand in the occurrence of landslides. 

 

Figure 2-2: The principle of mass movement 

Source: Adopted from The Geophile Pages (Leyva, 2018) 

2.3 Landslide Triggers and Hazard  

2.3.1 Landslide triggers   

A trigger of landslides is defined as “an event that initiates downslope movement” (Tarbuck et 

al., 2009, p. 103). This type of event usually occurs within a very short period of time and shifts 

the stability in land mass materials from stable to unstable rapidly. Although gravity is the main 

driving force of controlling mass wasting/movement, there are also a number of factors that 

could affect the process of movement including material type, slope gradient, strength and 

structure (McColl, 2022). Since the factors of material and slope remain constant for a certain 

period of time (these two factors can gradually change in the natural environment, like the 
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process of weathering), the triggering factors normally increase the instability of terrain by 

weakening the shearing strength and material structure. This is the fundamental mechanism of 

how triggering events, such as intensive rainfall or severe earthquakes, initiate landslides. 

This study focuses on earthquake-triggered landslides, which commonly occur in the Southern 

Alps in the South Island of New Zealand (Hancox et al., 2019). Earthquakes, as one of the 

triggers of landslides, are a natural way to release the seismic energy to cause slope failure 

(McColl, 2022). McColl’s study discovered three major types of slope failure that are triggered 

by the seismic ground shaking:  

1. Sudden ground accelerations that induce instantaneous shear stresses in excess of the 

mobilised shear strength; 

2. Cyclic fatigue-induced propagation of fractures, leading to the formation of a failure 

surface; and, 

3. Seismically induced increases in porewater pressures (McColl, 2022, p. 36). 

Any of these slope failures above could potentially lead to form a landslide. Theoretically, any 

earthquake could cause more than one type of slope failure, or a combination of three (McColl, 

2022). Although our understanding of the impacts of an earthquake on overall slope failures is 

unclear, the intensity of earthquakes and the density of landslides are highly correlated to each 

other (Hancox et al., 2002). 

2.3.2 Landslide hazard  

Hazards are usually defined as the “processes that produce danger to human life and 

infrastructure” (Shroder, 2021, p. xi). Based on this definition, landslide hazard can refer to 

those landsliding events that have potentially adverse impacts on human society. Moreover, as 

a basic component of the rock cycle, landslides play a critical role in transferring sediment 

materials from uplift areas to base levels, especially in those regions susceptible to geological 

erosion (Tarbuck et al., 2009). Given that any landslides could potentially threaten human 

society to a certain extent, for instance, from a single rock freefall to entire mountain debris 

flow, any of these events can cause potential danger to human life or infrastructure. Therefore, 

in essence, “all terrestrial landslides can be considered to be hazards” (Davies, 2015, p. 2). 

Landslides, as one of the common natural hazards in New Zealand, have significant impacts 

on society, especially in economic and environmental aspects. According to New Zealand’s 
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National Landslide Database (Rosser et al., 2017), 458 people in New Zealand have lost their 

lives to earthquakes since the 1840s, while more than 600 deaths were caused by major 

landslides. In addition, the national economic cost associated with landslides was estimated to 

be between $250 and $300 million per annum, which was equal to 0.2% of the national Gross 

Domestic Product (GDP) in 2015 (Rosser et al., 2017). There is also evidence indicating that 

powerful earthquakes can induce enormous topographical changes on the earth’s surface 

including massive landslides (Wieczorek, 1996). According to the recent research of Dellow 

et al. (2017), the 2016 Kaikōura earthquake generated tens of thousands of landslides and near 

200 landslide dams in the northern Canterbury region. These landslides have caused serious 

damage to the local infrastructures including but not limited to interruption of State Highway 

1 and the main railway in the South Island (Figure 2-3). 

 

Figure 2-3: The landslides induced by the 2016 Kaikōura earthquake near Ohau Point 

Source: Adopted from Major Study Probes NZ's Big Landslide Threat (Otago Daily Times, 2018) 

2.4 GIS and Landslide Mapping 

Relying on multiple methods and techniques, in particular, computer based geo-technology 

(GIS) and DEM, landslide mapping has been widely recognised as an essential approach to 

identify the location of landslides in order to: (a) create the spatial distribution of landslide 

inventory; (b) analyse the likelihood of landslide occurrence; (c) indicate the potential hazard 

of landslides; and (d) predict the risk of landslides in the future (Yamagishi, 2017). These are 

the four basic purposes of mapping landslides. 
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According to Wang et al. (2005, p. 549), GIS is “a computer-based technology designed to 

capture, store, manipulate, analyse, and display diverse sets of spatial or georeferenced data”. 

In the last couple of decades, with the development of information technologies, especially the 

improvement in performance of personal computers, GIS has become an important technique 

in multiple fields such as geoscience, engineering, business, and government. Since GIS is a 

cost effective and time efficient method to gather, manage, interact with, and present spatial 

data, it offers vast advantages in studying landslide location, mapping landslide distribution, 

and analysing geospatial correlation (Wang et al., 2005). In addition, an increasing number of 

research publications have shown that GIS is a powerful tool to assist natural hazard 

assessments, particularly in landslide hazard assessment and seismic damage assessment 

(Pardeshi et al., 2013). Based on the technical research of landslide hazard assessment since 

the early 1970s, the GIS technique was proven to be the most feasible mapping mechanism in 

assessing landslide hazard on a regional scale (such as this study) in comparison with other 

traditional techniques (Carrara et al., 1995).  

In addition to GIS, DEM is a type of digital data that contains “arrays of regularly spaced 

elevation values referenced horizontally to a geographic coordinate system” (United State 

Geological Survey - USGS, 2021). Since DEM data provides detail of the terrain surface 

including specific coordinates (the values of x and y) and height (the value of z), they are the 

most reliable and primary data sources for landslide mapping (Garcia et al., 2019). Moreover, 

many other topographical factors such as slope gradient and slope aspect, can be generated 

from DEM data in GIS. To combine mathematical and statistical models with these two factors 

above, quantitative analysis can be performed to study the distribution and susceptibility of 

landslides (Dlugosz, 2012). On the other hand, the resolution of DEM data is another key 

element to consider when mapping landslides. Highland et al. (2008) summarised three types 

of landslide mapping at different spatial scales: (a) regional level; (b) community level; and (c) 

site specific level. Generally, regional mapping refers to a map scale from 1:10,000 to 

1:4,000,000, which requires the DEM data to have a resolution of 10 m or finer. Community-

level mapping refers to a map scale between 1:1,000 and 1:10,000, which requires a finer DEM 

resolution (usually less than 10 m). The site-specific mapping normally refers to a map scale 

around 1:600 or even larger, which requires the highest resolution of DEM data such as LiDAR 

(Light Detection and Ranging) data at the centimetre level (Highland et al., 2008). Giving the 

coverage of the study area, the regional mapping scale was accepted for landslide mapping in 

this study.  
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Furthermore, mapping of landslide-affected sites in the Kaikōura region was recently 

accomplished in several research through a GIS environment, in order to assess the impacts 

and controls on the spatial distribution of Kaikōura earthquake-triggered landslides (Massey et 

al., 2018; Jelenek et al., 2021). Massey et al. (2018) used a series of imagery resources, mainly 

aerial photographs with high spatial resolutions, to delineate the landslides before and after the 

Kaikōura earthquake through manual digitisation. On the other hand, Jelenek et al. (2021) 

proposed a new image processing method that combines two different types of datasets (radar 

and optical) with high-low spatial resolutions to automate the detection of landscape changes 

caused by the Kaikōura earthquake. By comparing these two separate landslide mapping 

approaches, Massey et al. (2018) found that manual digitisation has the benefit of minimizing 

defects of automated landslide detection, including mis-identified landslides and over-created 

multiple landslide sources, but the process itself requires intensive labour and significant 

amount of time to complete the task. In contrast, using a combination of radar and optical 

satellite data can take advantage of the benefits of both technologies to detect earthquake-

triggered landslides quickly (Jelenek et al., 2021). This combination approach performed well 

in assessing the post-earthquake impacts after the Kaikōura earthquake, but there was 

insufficient evidence to suggest that this approach would be effective in identifying the pre-

earthquake landslides. For instance, Sentinel-1 data (radar) were often found to have the 

limitations of low coherence and sensing geometry during the change-detection process 

(Jelenek et al., 2021). As a result, this study proposed an image processing schema for landslide 

detection/mapping in a GIS environment, using a combination of multiple optical remote 

sensing imagery with high-low spatial resolutions. Specifically, a semi-automated image 

classification (unsupervised classification) will be utilised to detect the landslides before and 

after the Kaikōura earthquake, along with the application of a manual validation to ensure the 

quality of both landslide distribution maps (pre- and post-earthquake). 

2.5 RS and Landslide Mapping 

RS is an umbrella term for any approaches that are used to obtain or/and capture information 

on specific subjects from a distance. It “typically refers to technologies for recording 

electromagnetic energy that emanates from areas or objects on (or in) the earth’s land surface, 

oceans, or atmosphere” (Khorram et al., 2012, p. 2). Additionally, the types of RS can be 

classified based on their carrying platforms including: (a) ground-borne; (b) airborne; (c) 

spaceborne; and (d) aerospace-borne (Mei et al., 2001). Amongst the above, airborne and 

spaceborne remote sensing techniques are the mainstream means for studying landslides, as 
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they offer great utility in ground deformations detecting, long-term monitoring, and early 

landslide hazard warning (Wasowski et al., 2022).  

In this study, RS data specifically refer to the images captured by spaceborne sensors 

(particularly the satellite imagery of Sentinel-2). Sentinel-2 comprises 13 spectral bands from 

visible to shortwave infrared with a spatial resolution of up to 10 m (European Space Agency 

- ESA, 2021). So far Sentinel 2A and 2B (sister satellite of 2A) have been widely used to 

monitor environmental changes and coastal pollution. Importantly, they provide continually 

recorded images of the earth’s surface that are a valuable source of mapping natural disasters 

such as floods, volcanic eruptions, and landslides (ESA, 2021). Based on Sentinel-2 imagery, 

GIS is capable of classifying different subjects on the ground to study geomorphological 

deformations and monitoring landslide disasters. This image classification approach is one of 

the critical approaches for landslide mapping. For example, ArcGIS provides two types of 

image classification for object identification: (a) Pixel-based and (b) Object-based. The key 

difference between these two approaches is that object-based classification is “performed on 

localised neighbourhoods of pixels, grouped together with a process called segmentation”; 

while pixel-based classification is “performed on a per-pixel basis, where the spectral 

characteristics of the individual pixel determines the class to which it is assigned” (Esri, 2021). 

This study adopted the method of object-based image classification to extract the landslide 

exposure on two Sentinel-2 images before and after the Kaikōura earthquake.  

According to Gao (2009), object-based image classification brings five main benefits when 

extracting small objects such as landslide and forest from medium to high resolution satellite 

imagery: 

1. The rich spectral and spatial information of satellite data can be fully and jointly utilised 

when forming objects; 

2. The object neighbours and/or super-object features can be effectively incorporated into 

the image classification process; 

3. Multisource information including topographic and land cover maps can be easily 

derived and used in object-based image classification; 

4. Object-based image classification can be flexibly combined with other image 

classification methods such as neural network classifiers to improve the accuracy of the 

output results; and 
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5. The results of object-based image analysis are vector data (patches or polygons) already, 

which is a great advantage for landslide mapping (Gao, 2009, p. 319) 

In contrast, three influencing factors need to be considered when implementing object-based 

image analysis. These include: 

1. The mapping scales. This is because the accuracy of classification outputs is associated 

with the object’s scale in relation to the spatial resolution of the satellite imagery. For 

example, the accuracy of the object-based image analysis could be reduced by more 

than 5 percent, when using a 30 m resolution image compared to using a 20 m resolution 

image (Gao, 2009). 

2. Presence of boundary and its distinctiveness. Since object-based image classification 

assumes that all objects in the image have clear and identifiable boundaries (which is 

unlikely in a natural environment), the accuracy of identifying the naturally occurring 

phenomena such as a landslide or degraded grassland may be affected due to this invalid 

assumption (Gao, 2009). 

3. Uncertainty of image segmentation. This factor is caused by the quality of the satellite 

image (impacted by natural conditions). The segmentation accuracy of exposed 

land/landslides tends to drop when applying object-based image analysis for 

unfavourable weather conditions such as cloud, snow, and shade (Gao, 2009, p. 321). 

2.6 GIS and Landslide Hazard Assessment 

Since the International Decade for Natural Disaster Reduction (1990 – 2000), GIS and other 

technologies including RS and DEM have been widely used to evaluate natural hazards spread 

around the world, including landslides. This is because many environmental impact 

assessments, especially landslide hazard assessment, highly rely on geographically referenced 

data, and GIS was a unique platform developed for the purposes of collecting, manipulating 

and analysing such datasets (Carrara et al., 1999). Compared to conventional methods such as 

geomorphological field mapping for landslide hazards assessment, GIS is not only an auxiliary 

tool, but also offers huge advantages in gathering and processing environmental data (Guzzetti 

et al., 2012). For example, mapping landslides in the field is an essential part of the 

geomorphological mapping process to understand the extent of landslide phenomena, but it has 

many limitations including:  

1. the size of the landslide, often too large to be seen completely in the field; 
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2. the viewpoint of the investigator, often inadequate to see all parts of a landslide with 

the same detail; and, 

3. the fact that old landslides are often partially or totally covered by forest or have been 

partly dismantled by other landslides or erosion processes (Guzzetti et al., 2012, p. 46). 

Figure 2-4 shows a landslide dam (highlighted in the red circle) created by the 2016 Kaikōura 

earthquake along the Hapuku River in the Seaward Kaikōura Range with some easily visible 

large-scale landslides (highlighted in the cyan ovals). Based on the contrast of the vegetation 

background, these landslides were able to be differentiated in the photo. However, it can be 

challenging to identify those potential landslides situated above the treeline or in the erosion 

gully of scare vegetation cover (highlighted in the orange oval) due to the homogeneous 

background. Additionally, a large number of the landslides were distributed in extremely 

remote locations, therefore making it more difficult to map via filed surveying methods. 

 

Figure 2-4: The 2016 Kaikōura earthquake-triggered landslides in the Seaward Kaikōura Range 
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Contemporary methods and technologies, such as GIS, RS and DEM, helped geomorphologists 

to detect and map landslides over large areas systematically. GIS, in particular, plays a 

significant role in the landslide hazard assessment framework (Guzzetti et al., 2012) as it offers 

an ultimate platform to support the mapping of landslide distribution and hazard potential from 

three aspects: (a) determine landslide mapping unit; (b) derive DEM application; and (c) apply 

GIS-based modelling for landslide hazard (Wang et al., 2005).  

Firstly, the preparation of a landslide inventory map remains as a critical step for assessing 

landslide susceptibility. Petley et al. (2002) used remotely sensed imagery to map landslides 

and assess landslide susceptibility in high mountainous areas, which proved GIS as a 

comprehensive platform, and was able to make maximum use of the characteristics and benefits 

of various image data to accomplish landslide mapping. In addition, Petley et al. (2002) utilised 

and compared two different types and resolutions of remotely sensed imagery to map landslides 

in several locations in the Himalaya Range. The mapping results demonstrated that a 

combination of true colour composite (TCC) and false colour composite (FCC) images of 

different resolutions was a great approach for mapping landslide susceptibility in high 

mountainous areas (Petley et al., 2002). While medium-resolution TCC images (15 m) 

provided the most cost-effective mapping solution for landslides, they still faced a significantly 

limited spectral resolution. Images of a medium resolution were inadequate for mapping small 

landslides in detail. This deficiency can be circumvented by combining these images with high-

resolution FCC images (1 m) (Petley et al., 2002). In this study, a similar image combination 

approach will be adopted to map the landslide distributions based on pre- and post-earthquake 

images, including medium-resolution satellite images (Sentinel-2) and high-resolution aerial 

photos (RGBi). The 10 m resolution visible and near infrared satellite images (Sentinel 2) serve 

an ideal data source for monitoring natural disasters including landslides in a large area. 

Additionally, the aerial photos (0.3 m spatial resolution) sourced from Land Information New 

Zealand (LINZ) can overcome the resolution limitation imposed by Sentinel-2 imagery.  

Secondly, any landslide hazard assessment requires an accurate elevation data to analyse the 

influence of relief in landslide susceptible areas. This is extremely important for evaluating 

landslide hazard in mountainous regions (Wang et al., 2005, p. 554). Since it is essential to 

derive multiple geomorphic factors such as slope, aspect and shadow fluctuation information 

from DEM data when assessing landslide sensitivity, GIS as a systematic platform processes 

the capability to generate and integrate all influencing factors together to assess landslide 

hazards. For example, the functions of creating slope and aspect provided by ArcGIS could 
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effectively identify the steepness and aspect of every grid cell of a DEM raster dataset to 

evaluate slope instability. The ArcGIS raster function (slope) will be applied in this study to 

extract the surface details of the study area from an 8 m DEM dataset. 

Thirdly, GIS-modelling, as a common approach, has been extensively used to produce 

landslide susceptibility maps to predict potential landslide hazard areas. In a recent study, 

Hemasinghe et al. (2018) used a Logistic Regression (LR) model to effectively map the 

landslide susceptibility of the Badulla District in Sri Lanka in a GIS environment. This study 

revealed that GIS-based LR statistical analysis was one of the most reliable approaches to 

support landslide hazard management (Hemasinghe et al., 2018). Additionally, Hemasinghe’s 

study assessed the importance of several environmental factors including slope, aspect, land 

use, and lithology to landslide occurrence. Subsequently, LR analysis was applied to 

statistically weight these causative factors in mapping landslide susceptibility in ArcGIS 

(Hemasinghe et al., 2018). The relative importance of these influencing factors (independent 

variables) was quantitatively represented by the regression coefficient, which indicated the 

intensity of association between the occurrence of landslides and these influencing factors. In 

addition, Massey et al. (2018) used the same LR method to evaluate the impacts of predictor 

variables including various geomorphic and geological factors, on the spatial distribution of 

landslides induced by the Kaikōura earthquake. The LR modelling results estimated that the 

probability (regression coefficients) of each predictor variable corresponds to landslide 

occurrence. Moreover, Massey et al. (2018) used a variance inflation factor (VIF) matrix to 

statistically weight those predictor variables based on their linear coefficients determined in 

the LR model. This VIF outcome statistically represented “variables that produced the best fit 

while meeting the significance level” (Massey et al., 2018, p. 1639), which remained critical 

to assess the landslide susceptibility after the Kaikōura earthquake. In this study, a similar GIS-

based LR analysis approach will be adopted to map landslide susceptibility in the study area. 

2.7 Geomorphic Factors and Landslide Occurrence  

Assessing landslide susceptibility or mapping landslide hazard zonation has been one of the 

popular approaches used to evaluate landslide hazard and predict land instability in 

environment management in recent years (Sarkar et al., 2017). In order to identify the location 

of landslides and assess the landslide susceptibility after an earthquake, a number of 

fundamental geomorphic/environmental factors are usually considered including elevation, 

slope angle/gradient, slope aspect, distance to a main road network, distance to faults, and land 
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cover/use etc (Polykretis et al., 2019). Giving the scenarios of the Kaikōura earthquake, and 

the characteristics of the study area, this study considered four key geomorphic factors to assess 

the landslide distribution and susceptibility after the earthquake, respectively: (a) Distance to 

fault line; (b) Slope gradient; (c) Soil type; and (d) Land use. 

2.7.1 Distance to fault line 

A geological fault line is a place where crustal movement ruptures on the earth surface after an 

earthquake (GNS, 2021). The strong relationship between earthquakes and fault lines was 

studied and understood as early as the 19th century in New Zealand (GNS, 2021). However, the 

relationship between landslide locations and distance to fault lines was not established until 

recent decades (Tibaldi et al., 1995). So far, more and more research has shown that landslide 

distribution is highly correlated with the locations of geological fault rupture (Xu et al., 2013). 

This factor indicates that a large number of landslides may have occurred in the study area, 

because the Kaikōura earthquake occurred in an area known as the Marlborough Fault system 

(MFS), which contains hundreds of active geological fault lines with various slip rates (GNS, 

2021). 

2.7.2 Slope gradient 

Slope gradient is one of the critical factors in identifying a landslide’s location and assessing 

land stability, it refers to “topographic steepness expressed in degrees” (Gao et al., 2010, p. 

376). Most research indicated that slope gradient was the preferred parameter for landslide 

susceptibility modelling (Cellek, 2020), due to it being the triggering variable of mass 

movement; additionally, the changes in slope gradient can affect the shear stress of the 

materials (Figure 2-2), as well as reinforce another triggering variable of landslide occurrence: 

water velocity (Claessens et al., 2013). This factor also suggests that landslides are most likely 

to appear in the study area, especially in the mountainous region, as most study areas have a 

slope above 30°. 

2.7.3 Soil type 

The landslides that occur in mountainous/hilly regions are generally affected by the thickness 

of soils and/or weathered rocks (Noviyanto et al., 2020). In particular, the influence of soils on 

landslide occurrence in steep land depends on the variations of soil types and the underlying 

parent materials (Hancox et al., 2005). On the other hand, water is another important variable 

in combination with soils to cause landslides; if there is enough rain or water infiltration, sand 
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will become a type of soil that is prone to landslides. Since more than one-third of the study 

area is covered by alpine mountains, the possibility of occurring landslides here will be very 

high.   

2.7.4 Land use 

Land use, especially vegetation coverage, is one of the criteria for evaluating landslide 

susceptibility (Gao, 2009). A recent study has shown that changes in land use have a certain 

impact on landslide susceptibility zonation, particularly, a decrease in vegetation coverage will 

increase land instability (Reichenbach et al., 2014). For instance, forest (including native and 

planted species) normally has intensive root systems to conserve water and soil to prevent 

erosion and maintain land stability compared with pasture or farmland. Given the variety of 

land covers in the study area, the impacts of forest and pasture on landslide occurrence can be 

compared in this study. 

2.8 Statistical Analysis of Landslide Susceptibility 

Two major types of technical approaches are commonly adopted to study landslide 

susceptibility: qualitative methods and quantitative methods. Both methods can be applied to 

incorporate common landslide influencing factors/variables, such as elevation, slope aspect, 

slope gradient, soil, and lithology etc, to study the correlation between landslide distribution 

and landslide susceptibility (Mandal et al., 2019). In the past few decades, quantitative methods 

were widely used to assess the influencing factors/variables of landslides with the assistance 

of GIS and RS techniques (Polykretis et al., 2019). Specifically, the numerical expression of 

each influencing factor/variable can be calculated by using quantitative methods in order to 

generate a hierarchical classification of a landslide susceptibility map, which helps further 

prediction or decision making. In general, quantitative methods include multiple approaches: 

statistical analysis, distribution-free analysis, deterministic analysis, and landslide frequency 

analysis (Mandal et al., 2019). The focus of this study was to apply quantitative methods 

(mainly the statistical approaches) to analyse the location of landslides induced by the Kaikōura 

earthquake and its correlation with specific factors.  

According to Mandal et al. (2019), statistical analysis can be mainly divided into two categories, 

bi-variate models (BSA) and multi-variate models (MSA), with each category containing 

multiple sub-models. For example, Frequency Ration (FR) model and Weights of Evidence 

(WOE) model are the most commonly used BSA models in landslide susceptibility assessments 
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(Saadatkhah et al., 2014). In particular, BSA models allow the evaluation of each influencing 

variable by associating it with landslide distribution and calculating the weight value of each 

variable based on the density of landslides in the study region, which helps to understand the 

corresponding relationship between each variable and landslide occurrence (Polykretis et al., 

2019). On the other hand, MSA models contain many other different approaches, such as the 

LR model and Artificial Neural Network (ANN) model, which are also popularly used to 

analyse landslide events (Mandal et al., 2019). Unlike to BSA, MSA samples the variables 

under study first, and subsequently uses the sampling units to determine the landslide 

occurrence within a distance. The weight value of each variable is estimated statistically based 

on determining results (Polykretis et al., 2019). The LR model will be adopted in this study to 

assess the landslide influencing variables of the Kaikōura earthquake, because it is “one of the 

most significant statistical methods to find out the relationship between landslide inventory and 

the geographical data base responsible for landslips” (Mandal et al., 2019, p. 28). In addition, 

a recent research has proven that the LR model can not only successfully detect the susceptible 

areas of landslides, but also detect the non-susceptible areas at the same time, which yields 

better results than other models in certain circumstances (Polykretis et al., 2019). 

2.9 Earthquake-triggered Landslides and Landslide Susceptibility  

2.9.1 The elements of earthquake-triggered landslides 

Earthquake-triggered landslides specifically refers to those landslides “that are induced by the 

transient stresses associated with strong seismic shaking” (Murphy, 2015). Unlike other 

landslides triggered by rainfall or thawing of snow, earthquake-triggered landslides are caused 

by seismic energy released from the interior of the earth, so it is challenging to predict the 

occurrence of those landslides. Additionally, “those processes that cause earthquakes can also 

result in changes to ground conditions” including topographical deformation and groundwater 

level shifts (Murphy, 2015, p. 91). In the early days of studying earthquake-triggered landslides, 

it was assumed that landslide causes were related mainly to earthquake magnitude and distance 

to the epicentre, but later this assumption was found to be oversimplified in landslide research. 

In recent decades, increasing studies on earthquake-induced landslides have discovered that 

the environmental factors causing land surface failure in an earthquakes can include, but be not 

limited to, lithology, faults, slope gradient, slope aspect, elevation, land cover, and distances to 

rivers and roads (Kamp et al., 2008).  
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Murphy (2015) examined earthquake-triggered landslides from three fundamental aspects 

involving: 

1. Earthquake magnitude and site location. These are two basic concepts that need to be 

considered when studying landslide distributions after major earthquakes. Since the 

seismic energy released from the rupture source is usually very strong (depending on 

the moment magnitude) but spatially confined (because of energy attenuation). 

Proximity to the source of a site location will be one of the determining factors to 

understand the distribution of earthquake-triggered landslides. This spatial relationship 

should not be limited to a ‘point source’ like the epicentre, but also the proximity to the 

fault rupture (Murphy, 2015). Hence, distance to fault line will be considered as one of 

the causative factors for studying the spatial distribution of landslides after the Kaikōura 

earthquake. 

2. Topographic amplification effect. More than a century ago, people realised that 

landslides occurred more often around ridges and hillcrests during powerful 

earthquakes (Murphy, 2015). Until recent decades, many studies had attempted to 

explain this phenomenon using the term of topographic amplification and how the 

impact of horizontally polarised S waves would have made terrains of a steep slope 

more susceptible to landslides (Murphy, 2015). After quantifying the S waves influence 

during major earthquakes, geologists discovered that “the ground acceleration could be 

three to five times higher than that of free-field ground motion” under the condition of 

topographic amplification (Murphy, 2015, p. 106). Thus, slope gradient will be 

considered as another significant causative factor for studying earthquake-triggered 

landslides in the study area. 

3. Soil and pore water pressures. According to Murphy (2015, p. 108), “water is the single 

most important factor that affects landslides” in most soil slopes. One of the classic 

phenomena during earthquakes caused by the mixed effects of water and soil is 

liquefaction. Since liquefaction was not widely observed after the Kaikōura earthquake 

(Stringer et al., 2017), soil types and land cover will be used as combining factors to 

assess landslide susceptibility post-earthquake instead of ground water level in this 

study. 
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2.9.2 Landslide susceptibility and landslide hazard assessment 

The preparation of a landslide susceptibility zonation map remains as a crucial step in assessing 

the potential and existing landslide hazard caused by the earthquake, and predicting the further 

landslide risk in the area (Kamp et al., 2008). In most circumstances, the landslide susceptibility 

map is capable of providing an evaluation to “the safety of existing habitations and 

infrastructural elements”, and helps to “plan further developmental activities in mountainous 

regions” (Sarkar et al., 2017, p. 211). According to Kamp et al. (2008), earthquake-triggered 

landslide hazard/damage assessment consists of four steps: (a) creating an initial landslide 

inventory, which is essential in presenting the locations and outlines of landslides; (b) 

generating a landslide susceptibility map which will be used to analyse the spatial distribution 

of geomorphic influences on landslides, including the key environmental factors such as slope 

gradient and land cover that are related to slope failures; (c) developing a landslide hazard map 

to display the potential areas of landslide occurrence during a certain period of time, which 

differs from the purpose of the susceptibility map; and (d) making a landslide risk map of the 

entire assessment, which estimates the cost of landslide damage for the affected area. Among 

these four steps, creating the landslide inventory and susceptibility map is vital to ensure the 

entirety of assessment, as both landslide hazard and risk maps will be built upon those 

processes (Kamp et al., 2008). 

2.10 The Study Background of the Kaikōura Earthquake 

Apart from its powerful moment magnitude, the Kaikōura earthquake remains one of the most 

complex earthquakes in New Zealand history. Its complexity was mainly manifested from three 

aspects: (a) There was a large number of active faults involved, for example, at least 12 major 

crustal fault ruptures have been observed within 170 km along the northeastern part of the 

South Alps by geodetic and geological field investigations (Stringer et al., 2017); (b) There 

were recorded great surface displacements with a relatively low average rupture speed, for 

instance, to the west of the Papatea fault where the largest intensity of displacement magnitude 

was recorded, especially, with a maximum of 8 m uplift occurring at the triple-junction of the 

Jordan Thrust, the Kekerengu and the Papatea faults (Kaab et al., 2017); (c) The presence of 

multiple fault slip types, large dip angles, and a wide range of motion orientations have been 

discovered during this earthquake. Both Hamling et al. (2017) and Wang et al. (2018) 

discovered that the Kaikōura earthquake comprises various types of faults including interface 

and overlying faults with both thrust and strike-slip styles, as well as various high-angle (nearly 
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45° dip angles) reverse faults, which indicated the complex rupture motion during the 

earthquake. These faults and their ruptures released a high-volume of seismic energy in a short 

period of time, which induced several nature disasters including tsunamis and landslides. All 

these earthquake-triggered landslides indicated the changes in geomorphology affected by the 

earthquake. Therefore, it is of great importance to understand the Kaikōura earthquake impacts 

on landslide susceptibility and the characteristics of earthquake-triggered landslide distribution. 

This study attempts to use the LR model to discover the patterns of landslide occurrence during 

the Kaikōura earthquake in the study area, in order to identify geomorphic factors that are 

significant to topographic site effects and the location of the Kaikōura earthquake-triggered 

landslides. By implementing the LR modelling, the spatial relationship between the 

geomorphic factors and the Kaikōura earthquake-triggered landslides will be examined by GIS-

based analysis in this study. 

2.11 Summary 

Landslide is a crucial component of geomorphological development, as it represents the 

ramification of the process of mass movement on the earth surface. The different types of mass 

movement create various forms of landslides: fall, slide, flow, and creep. Apart from mass 

movement, landslide occurrence also depends on the elements of material and slope. Especially, 

slope gradient has a control threshold between the driving force and the resisting force for 

causing landslides. 

Intensive rainfall and severe earthquakes are the most common triggering events for landslides. 

Both events escalate landslides from happening by weakening the shear strength and the 

material structure (thus reducing the stability of the landform). Earthquakes, as a natural way 

of releasing seismic energy from the inside of the earth, are the main cause of landslides in the 

Southern Alps of the South Island. The Kaikōura earthquake, in particular, generated a large 

number of landslides in the region. These landslides destroyed major infrastructures and 

threatened lives in the local community. 

Compared with the traditional geomorphological mapping process, GIS provides a unique 

platform to map the spatial distribution of landslides. Through the widespread application of 

GIS, landslide mapping has been made more cost effective and time efficient, particularly in 

gathering and processing geographically referenced data. Moreover, GIS can effectively help 

people to interpret DEM data in order to assess landslide hazard. Since DEM data contains 
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detailed information of terrain surface, it can be used to create slope aspect and slope gradient, 

which are essential for mapping the landslide susceptibility. These benefits demonstrate that 

GIS is an essential technique to support the analysis of earthquake-triggered landslides in a 

regional area. 

As mentioned, the Kaikōura earthquake was one of the most complex earthquakes in New 

Zealand history. It has led to several fault ruptures and severe ground displacements; as well 

as resulting in a large number of landslides being induced in the region. Based on the basic 

elements of earthquake-triggered landslides and the environmental characteristics of the study 

area, four geomorphic factors (Distance to fault line, Slope gradient, Soil type, and Land use) 

have been selected as causative factors for landslide occurrence. By understanding these four 

influencing factors, the relationship between geomorphic setting and landslides in the study 

area can be better drawn. In addition, quantitative analysis was used as the main technical 

approach to study landslide susceptibility. By adopting the LR model, the correlation between 

geomorphological influences and landslide distribution can be further analysed. This helps us 

to understand the susceptibility of landslides after the Kaikōura earthquake, as well as 

attempting to predict the potential landslide hazard areas in the study area.  

Towards the completion of this study, an earthquake-triggered landslide inventory map along 

with a quantitative result of landslide susceptibility of the study area after the earthquake will 

be produced. Both results will contribute to a better understanding of how earthquake-triggered 

landslides distribute in the Kaikōura region, and the relationship between geomorphological 

influences and landslide susceptibility after the Kaikōura earthquake. More importantly, the 

following hypotheses of earthquake-triggered landslides will be tested: (a) landslide locations 

are negatively correlated with distance from fault lines; (b) landslide locations are negatively 

correlated with sensitivity of soil types; (c) landslide locations are positively correlated with 

terrain slope. 
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Chapter 3 Study Area 

3.1 Introduction 

In this chapter, the geographical information of the Kaikōura district will be briefly introduced. 

Additionally, the environmental characteristics of the study area will be described from 

different aspects, including topography, geology, soil, climate, and land use. Furthermore, the 

existing landslides and the soil erosion classification in the study area will be discussed towards 

the end of this section. 

3.2 Location 

The Kaikōura district is a territorial authority of the local government of New Zealand located 

in the most northern part of the Canterbury region in the South Island. It covers a total area of 

2,470 km², with a population of 3,552 (2013 Census) (Stats NZ, 2021). In this study, the term 

Kaikōura or Kaikōura region refers to the entire geographical area of the Kaikōura district. 

Kaikōura township includes the location of local district council and other public services. The 

Coastal Pacific Railway and State Highway 1 are the main transport connections in the region. 

Furthermore, the study area is located in the northeast of the Kaikōura region, which extends 

from 173°54'07'' - 173°39'44''E and from 42°03'36'' - 42°14'30''S (Figure 3-1). In total, the 

study area covers approximately 40,000 ha, of which 38,262 ha are terrestrial. The reasons for 

selecting this area for the purpose of this study are: (a) It contains multiple types of faults 

including normal fault, thrust fault and strike-slip fault (GNS, 2021); (b) Massive ground 

displacement was recorded after the 2016 Kaikōura earthquake in this area, for instance, a 

maximum record of 8 m of vertical movement was detected along the fault lines of Papatea, 

Jordan Thrust, and Kekerengu (Hamling et al., 2017); (c) It has a great diversity of soil groups, 

for example, both Raw Soil and Recent Soil can be found within the area (Manaaki Whenua, 

2021); (d) This area contains a variety of land covers including forest, grassland, and gravel 

(MfE, 2020); (e) A large number of earthquake-induced landslides already existed in this area 

and are mainly distributed in the Seaward Kaikōura Range (Rosser et al., 2017); and (f) Almost 

80 percent of this study area was categorised as moderate to very high risk in the dataset of 

Erosion Susceptibility Classification (ESC) due to the geomorphological features (MPI, 2016). 

Therefore, the likelihood of landslides caused by earthquakes in this area will be higher than 

elsewhere in the Kaikōura region. 
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Figure 3-1: The location of the study area 
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3.3 Topography 

The study area contains a vast range of topographic features including alpine mountains, 

braided rivers, and exposed coast. Within a cross-sectional distance of 15 km, the elevation of 

this area rises from 0 to 2,590 m rapidly. The lowest altitude spot in the study area is Paparoa 

Point, which is located to the southeast of Mt. Alexander (1,197 m) adjacent to the Pacific 

Ocean. In the east of the study area, the Clarence River flows from north to south, and 

eventually flows into the Pacific Ocean near Clarence town (Figure 3-2). The Clarence River 

mouth and water channel have the gentlest terrain (with an average slope gradient of less than 

10°) and provide the most accessibility into the mountainous region in the area. The western 

part of the study area is a mountainous region with high elevation. This is also where the 

Seaward Kaikōura Range begins. In this part of the mountain range, several mountain peaks 

are located within a small area of 500 ha, including the Te ao Whekere Peak (2,590 m) and 

Tarahaka Peak (2,283 m). In addition, another sub-mountain range called the Haycock Range 

is also located in the northeastern part of the study area. Apart from its diverse elevation, this 

study area also contains diverse slope gradients ranging from 0° to 80°. Specifically, more than 

70% of ground areas have extreme and/or excessive steep slopes with a gradient greater than 

30°, where the Seaward Kaikōura Range and the Haycock Range are located mainly (Figure 3-

3). On the other hand, most of the moderate and steep slope area with a gradient between 10° 

and 30° spreads widely in the east, the middle, and the south of the study area, especially in 

river/stream valleys.  
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Figure 3-2: The elevation of the study area 

 

Figure 3-3: The slope of the study area 
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3.4 Geology 

The South Island of New Zealand lies on the boundary of the Australian and Pacific tectonic 

plates. The active movements of both plates generate thousands of shallow earthquakes every 

year, and form the Southern Alps, which extends from the northeast to the southwest along the 

South Island (University of Otago, 2021). In general, the Australian Plate is being subducted 

under the Pacific Plate in the South Island. However, due to the complexity of the subduction 

zone of the entire South Island, the plate movements in the northern part of the South Island 

tend to be a series of motions of subparallel strike-slip, which means both plates are not only 

moving towards each other, but also passing each other (University of Otago, 2021). As an 

extension of the Southern Alps, the Seaward Kaikōura Range is deeply affected by the 

subduction and transforming processes of both tectonic plates. These processes have 

constructed the fundamental structures of geology, stratigraphy, and lithology of the study area. 

There are several major faults in the study area, mainly stretching from the northeast to the 

southwest, such as the Kekerengu fault and the Jordan Thrust fault. The Papatea fault, however, 

is an exceptional case in this area. It extends from Waipapa Bay below sea level towards the 

northwest, and eventually connects to the Jordan Thrust fault in the middle of the study area 

(Figure 3-4). 

In terms of lithology, the study area is mainly covered by sedimentary rock, which can be 

categorised into two types: (a) chemical sedimentary rock; and (b) clastic sedimentary rock. 

The clastic sedimentary rock comprises most of the study area (more than 95% of the ground 

area). In these two rock types, there are five major groups of rocks in this area: (1) sandstone; 

(2) gravel; (3) limestone; (4) siltstone; and (5) sand (Figure 3-4). Among these five main types 

of rocks, sandstone accounts for approximately 82% of the total terrestrial area, the majority of 

which lies in the western and central parts of the study area (particularly in the mountainous 

region). Gravel as the second largest rock group comprising more than 10% of the total ground 

area, which is mainly located in the river channels and stream valleys. The third largest rock 

group, limestone, contributes around 5% of the total ground area, located in the east and south 

of the study area. According to previous studies, boulders (a type of gravel) have been recorded 

as the main source materials to facilitate landslides in some locations in the Kaikōura region 

(GNS, 2018). The information on the boulders provides a general background for 

understanding where landslides could be triggered by earthquakes in the study area. 
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Figure 3-4: The geological setting of the study area 

3.5 Soil 

According to the New Zealand Land Resource Inventory (NZLRI) released by Manaaki 

Whenua - Landcare Research (2021), there are ten different soil groups plus a river in the study 

area (Figure 3-5). Based on the definition of the New Zealand Soil Classification (NZSC), these 

ten groups of soils can be divided into five different types: (1) Brown Soils; (2) Melanic Soils; 

(3) Pallic Soils; (4) Raw Soils; and (5) Recent Soils (Hewitt, 2013). The total area of these five 

different soils comprises 97% of the terrestrial area in this study. 
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Figure 3-5: The soil classification of the study area 

Brown Soils are the most common in the study area, covering more than 40% of the terrestrial 

territory (Manaaki Whenua, 2021). This type of soil usually “occurs in places where summer 

drought is uncommon and that are not waterlogged in winter” (Manaaki Whenua, 2021). The 

study area contains two groups of Brown Soils: Allophanic Brown (BL) and Orthic Brown 

(BO). They are widely distributed between 100 m to 2,000 m above sea level, mainly in the 

mountainous region. Pallic Soils are commonly found “in the seasonally dry eastern part of the 

North and South Islands” (Manaaki Whenua, 2021). This type of soil is usually composed of 

the loess materials of schist or greywacke (Manaaki Whenua, 2021). In the study area, three 

groups of Pallic Soils have been discovered, Immature Pallic (PI), Argillic Pallic (PJ), and 

Fragic Pallic (PX), most of them located in the areas below the altitude of 1,000 m. Raw Soils 

normally appear in high mountainous regions, particularly in association with alpine rock areas 

(Manaaki Whenua, 2021). There are two groups of Raw Soils in the study area: Rocky Raw 

(WX) and Orthic Raw (WO). Both groups are found in the Seaward Kaikōura Range, especially 

in the alpine zone above the elevation of 1,500 m. Melanic Soils are a type of soils associated 

with lime-rich rocks or dark volcanic rocks (Manaaki Whenua, 2021). In this study, only one 



 

31 

 

group of Melanic Soils is found, Rendzic Melanic (ER), which is related to shallow limestone. 

This soil is widely distributed from the south to the east of the study area, accounting for 

approximately 9% of the terrestrial area. Recent Soils, as the name suggests, is a type of soils 

normally found on the top surfaces of young land (Manaaki Whenua, 2021). Most of Recent 

Soils are commonly found on “alluvial floodplains, unstable steep slopes, and slopes mantled 

by young volcanic ash” (Manaaki Whenua, 2021). The study area contains two groups of 

Recent Soils: Fluvial Recent (RF) and Orthic Recent (RO). In detail, Fluvial Recent Soils are 

distributed along the Clarence River, particularly on the riverbanks. Orthic Recent Soils appear 

only on the beaches of the study area. 

3.6 Climate 

Based on the data of New Zealand Climate Regions (NZCR), the study area lies in the Eastern 

South Island climate zone including two types of climate: type C1 and type M (NIWA, 2021). 

Type M is a typical alpine climate, and its temperature and rainfall are varied in association 

with the altitude of a location. Nearly 40% of the study area is categorised as having a type M 

climate. On the other hand, type C1 is a type of climate “moderated by a cool northeasterly sea 

breeze” (NIWA, 2021), which has a very warm temperature in summer (greater than 30°C in 

records), and a moderate temperature in winter. Its annual rainfall ranges between 1,000 and 

1,500 mm, which normally occurs during the winter season from April to July (NIWA, 2021). 

Extending to the Kaikōura region, the annual average temperature in this region is 12.4°C, with 

the highest recorded of 33.3°C, and the lowest recorded of -0.3°C. Moreover, the Kaikōura 

region has, on average, more than 2,000 hours of sunshine per annum and is considered as one 

of the sunniest places in the country (NIWA, 2021). Generally, lower altitude areas receive 

more sunlight than mountainous areas, especially the alpine zone has the lowest sunshine hours 

in the region (NIWA, 2021). The average annual rainfall in the Kaikōura region is 844 mm, 

with the low-altitude areas receiving much less than the high-altitude areas. Furthermore, 

Kaikōura also holds the record for having the most gale days in New Zealand, with wind speeds 

exceeding 63 km per hour on 28 days in a year (NIWA, 2021). 

3.7 Land Use 

According to the Land Use and Carbon Analysis System (LUCAS) New Zealand Land Use 

Map (LUM) published by the Ministry for the Environment (MfE), there are seven different 

types of land use in the study area (Figure 3-6): (a) Grassland; (b) Natural Forest; (c) Other – 
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mainly covered by gravel or rock; (d) Planted Forest; (e) Water body; (f) Cropland; and (g) 

Settlement (MfE, 2020).  

Most of the study area is covered by grassland, which comprises more than 40% of the total 

terrestrial surface. These grasslands have been used mostly as pasture farmland for grazing 

purposes. Natural forest is the second largest land use class in the study area after grassland 

and occupies 36% of the terrestrial area. These natural forests are mainly located in the 

mountainous region and comprised of reverted mixed indigenous tree species. The third largest 

land use class in the study area is bare land/other, which is largely covered by gravel or rock. 

These bare lands are located either above the treeline in the mountainous areas, or in the 

river/stream gullies, accounting for 16% of the terrestrial area. The rest of the study area is 

made up of a combination of land use classes of planted forest (3%), water body including 

rivers/streams (1%), cropland and settlement (< 1%). These lands are scattered in moderately 

high to low altitude areas, particularly in the middle and east of the study area. 

 

Figure 3-6: The land use of the study area 
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3.8 Landslide 

The New Zealand Landslide Database (NZLD) is a national landslide information resource, 

which was “developed to hold all of New Zealand’s landslide data and provide factual data for 

use in landslide hazard and risk assessment” (Rosser et al., 2017, p. 1949). It contains a variety 

of pre-existing landslide datasets from the previously completed landslide or hazard assessment 

projects and was also designed to collect future data in digital formats as a unified landslide 

data source (Rosser et al., 2017). Currently, GNS Science is the entity that maintains the NZLD, 

which provides the landslide data to the public via a web application (Figure 3-7). This online 

Web Map Server presents the landslide data in two spatial formats: (a) the location and size of 

earthquake-triggered landslides are displayed as points; and (b) the features of specific studied 

landslides are illustrated as polygons (Rosser et al., 2017). 

 

Figure 3-7: The landslide map of the study area from the GNS landslide database 

Source: Adopted from Landslide Database (GNS, 2021) 

Figure 3-7 is a landslide map of the study area generated based on the NZLD. According to 

this map, the majority of earthquake-induced landslides are located in the northwest of the 

study area, particularly in the Seaward Kaikōura Range. Furthermore, other specific landslides, 

such as the landslides after major natural disasters like storms, are mainly distributed in the 

south of the study area, especially along the coastal area.  



 

34 

 

Despite being provided with accurate and detailed landslide information of the study area by 

NZLD, a large number of the Kaikōura earthquake-triggered landslides had not yet been 

mapped or shown in the database due to two reasons: (a) The current version of the NZLD has 

not yet been updated. For example, the database comprises not only the historical landslide 

data, but also the landslide data “collected for on-going landslide mapping, monitoring and 

research” (Rosser et al., 2017, p. 1950), hence, the Kaikōura landslide inventory dataset would 

not have been updated until the project of Kaikōura earthquake-induced landscape dynamics is 

fully completed. (b) Since the NZLD is obtained from multiple sources, and these sources 

contain various mapping scales from 1:5,000 to 1:250,000 (Rosser et al., 2017), a lot of small 

landslides, especially those less than 1 ha in size, may not be recorded in the database (Figure 

3-8). 

Figure 3-8 shows an example of the Kaikōura earthquake-triggered landslides in the study area, 

Fresh landslides are widely distributed to the west of the Clarence River, particularly, in the 

middle of the study area where the Jordan Thrust fault and the Papatea fault have interfaced; 

and are visible from the latest Google Earth imagery, but are absent from the NZLD at the time 

of writing this thesis. 

 

Figure 3-8: An example of Kaikōura earthquake-triggered landslides in the study area 

shown on the Google Earth imagery, but not recorded in the GNS landslide database 

Source: Adopted from Landslide Database (GNS, 2021) 
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3.9 Soil Erosion 

In 2011, an ESC for the National Environmental Standard (NES) for plantation forestry was 

developed by Bloomberg et al. (Bloomberg, 2015). The primary purpose of using the ESC is 

to identify the erosion risk of the land impacted by forest plantation activities (Te Uru Rākau, 

2019). Since the ESC data was created based on the NZLRI at a mapping scale of 1:50,000, it 

is a great guideline to produce a general picture of erosion risk/status in the study area. 

The ESC divides the entire national landscape into four erosion categories as low, moderate, 

high, and very high. One-third of the ground surface of the study area is classified as having a 

moderate erosion risk. Most are located in the east of the study area, and are mainly below 

1,000 m. Another one-third of the ground area falls into the category of high erosion risk, and 

the majority of them are located in the west of the study area, mainly in the mountainous region. 

The remaining 14% of the terrestrial area has a low erosion risk, which is located in the middle 

of the study area and is largely covered by natural forest or grassland. In the west of the study 

area, especially in the alpine zone, approximately 12% of the terrestrial surface is categorised 

as having a very high erosion risk. These areas are mostly covered by gravel or rocks, and 

usually have excessively steep slopes (Figure 3-9). 

 

Figure 3-9: The ESC of the study area 
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3.10 Summary 

This chapter briefly introduced the study area in the northeastern part of the Kaikōura region. 

Since this area has been significantly affected by the tectonic movements of the Australian and 

Pacific plates, it has exhibited complex and diverse environmental characteristics and 

geomorphological features such as multiple types of faults, excessively steep slopes, and bare 

gravel/rocks, which are extremely susceptible to landslides. Furthermore, intensive sunshine, 

strong gales and great temperature variations could have accelerated the process of weathering, 

subsequently increasing the possibility of landslides. In addition, the existing landslides 

recorded in the current landslide database indicates that the mountainous region in the study 

area, especially the Seaward Kaikōura Range remains as one of the most susceptible areas to 

landslides. The ESC categorisation shows that more than 80% of the terrestrial surface in the 

study area has a moderate to very high erosion risk. This also suggests a high likelihood of 

having landslides in the study area in the future. 
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Chapter 4 Data and Methods 

4.1 Introduction 

This chapter will describe the data and methods applied to the study of geomorphological 

influences on earthquake-triggered landslides in Kaikōura. It contains two major components: 

(a) data and material used for the study; and (b) the data processing and analytical approach 

undertaken to achieve the stated research objectives. 

4.2 Data and Materials 

Two types of datasets were used in the study: (a) remote sensing data; and (b) ancillary data. 

Table 4-1 lists all the materials and their details including data source, creation date, and 

scale/resolution. 

Table 4-1: The list of data and their details 

 

4.2.1 Remote sensing data used 

This study utilised two types of remote sensing data for landslide mapping: (a) Sentinel-2 

satellite images; and (b) LINZ RGBi aerial photos. 

4.2.2.1 Sentinel-2 images 

The Sentinel-2 satellite images were sourced from the Koordinates website (Koordinates, 

2021). These images served as an ideal data source to monitor the geomorphological 

deformation before and after the Kaikōura earthquake, as the Sentinel-2 satellites provide a 

global coverage of the earth surface with the characteristic of a high frequent revisit time (every 

5 days at the Equator with two sister satellites, 2A and 2B) (Lacroix et al., 2018). Sentinel-2 

images have 13 spectral bands from visible and near-infrared (VNIR) to short wave near 

№ Dataset Source Date Scale/Resolution

Remotely Sensed Data

1 Sentinel-2 satellite images Koordinates Feb, Nov 2016 10 m

2 RGBi aerial photos LINZ, ECan 2014-15, 2016-17 0.3 m

Topographical Data

3 DEM data LINZ 2012 8 m

Geological Data

4 Seismic faults ECan, GNS 2018 1:250,000

Soil Data

5 Soil types GNS 2012 1:50,000

Land Cover Data

6 Land use map MfE 2016 Various scales

Soil Erosion Data

7 ESC data MPI 2016 1:50,000
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infrared (SWIR), of which four (bands 2, 3, 4 and 8) were used for this study as they are the 

best at detecting landslides (Table 4-2). All four bands have a spatial resolution of 10 m (ESA, 

2021). In total, two images were collected, which were respectively captured on 10 February 

2016 (pre-earthquake), and 23 November 2016 (post-earthquake). Both images were in the Tag 

Image File Format (Tiff) that used the projection of New Zealand Transverse Mercator 2000 

(NZTM 2000) and adopted the New Zealand Geodetic Datum 2000 (NZGD 2000) to record 

the coordinates of longitude and latitude (LINZ, 2021). Since Sentinel-2 satellites have a very 

wide swath width (290 km), the entire study area was completely covered by each individual 

image. Subsequently, a square polygon of the boundary layer of the study area was created in 

ArcGIS. Two original satellite images were clipped using this boundary layer to delimit the 

portion covering the study area (Figures 4-1 and 4-2). 

Table 4-2: The specifications of Sentinel-2 satellite sensors 

 

Source: adopted from Multispectral Instrument Overview (ESA, 2021) 

 

Figure 4-1: Sentinel-2 image of the study area captured before the Kaikōura earthquake 

Spectral Band Wavelength Bandwidth Spatial Resolution

Band 2 - Blue 492.4 nm 66 nm

Band 3 - Green 559.8 nm 36 nm

Band 4 - Red 664.6 nm 31 nm

Band 8 - Near infrared 832.8 nm 106 nm

10 m
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These Sentinel-2 images provided the capability to identify a great range of ground objects in 

the study area, including major landslides, waterbodies, and land covers etc, all of which are 

critical to interpreting the spatial distribution of landslides. However, small landslides, 

especially those smaller than 0.1 ha in size, were not able to be recognised from the images due 

to the limitation of the coarse image resolution. 

 

Figure 4-2: Sentinel-2 image of the study area captured after the Kaikōura earthquake 

4.2.2.2 RGBi aerial photos 

To overcome the resolution limitation of Sentinel-2 images and verify the accuracy of the 

landslides being identified from two satellite images, this study also made use of two high-

resolution aerial photos provided by LINZ, both of which covered the entire study area (LINZ, 

2021). These two high-resolution aerial photos were RGBi pictures, which are “similar to 

natural colour, however, trees, crops and things with chlorophyll appear red/green in colour” 

(LINZ, 2013). From these RGBi photos, ground vegetation features could be identified more 

effectively than using RGB photos. These aerial photos were downloaded from the LINZ data 

service website (https://data.linz.govt.nz/) as Tiff files, and each photo comprises four bands 

https://data.linz.govt.nz/
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(red, blue, green, and near-infrared) with a spatial resolution of 0.3 m. Additionally, these two 

photos were both “ortho-rectified in NZTM 2000 projection and tiled into the LINZ standard 

1:5,000 tile layout” (LINZ, 2021). The pre-earthquake photo (Figure 4-3) was captured during 

the season of 2014-15 (from 09/01/2015 to 24/01/2015), and the post-earthquake photo (Figure 

4-4) was captured during the season of 2016-17 (from 20/12/2016 to 24/02/2017). The features 

of RGBi aerial photos are listed below in Table 4-3. 

Table 4-3: The specifications of RGBi aerial photos 

 

Source: adopted from Kaikōura 0.30m Rural Aerial Photos (LINZ, 2021) 

 

Figure 4-3: RGBi aerial photo of the study area captured before the Kaikōura earthquake 

Band Photo Detail Resolution

Blue

Green

Red

Near infrared

0.3 m
Ortho-rectified and tiled into the LINZ 

standard 1:5,000 tile layout
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Figure 4-4: RGBi aerial photo of the study area captured after the Kaikōura earthquake 

By superimposing the RGBi photos on the Sentinel-2 images, noticeable improvements in 

identifying landslide exposure can be observed. For example, Figure 4-5 demonstrates a visual 

comparison of the same landslides in both the RGBi photo and the Sentinel-2 image. As 

observed, the RGBi photo (bottom) provides much finer details of the landslide outline than 

the satellite image (top). For the landslides in the middle of the picture (highlighted in the cyan 

circle), the debris tail of one of the landslides can be clearly observed, and a small slip in the 

orange circle can be confirmed on the RGBi photo (but could not be identified on the Sentinel-

2 image). 
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Figure 4-5: The example of visual comparison between the satellite image and the aerial photo 

4.2.2 Ancillary data used 

In addition to remote sensing data, a series of ancillary data in the map format were used to 

evaluate the correlation between the landslide distribution and the causative factors including: 

(a) Kaikōura geological faults; (b) soil types; (c) land use; and (d) slope gradient extracted from 

the DEM data. Moreover, the ESC data was also used for comparison with the landslide 

susceptibility map produced from the modelling results. All these supplementary datasets were 

acquired from various public institutes/organisations including: (a) GNS Science (GNS); (b) 

Environment Canterbury (ECan); (c) Ministry for Primary Industries (MPI); and (d) Ministry 

for Environment (MfE) as shown in Table 4-1. 

4.2.2.1 DEM data 

In this study, the 8 m DEM data of New Zealand was obtained from the LINZ data service 

website (https://data.linz.govt.nz/). The data was provided in the raster format with a cell size 

https://data.linz.govt.nz/
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of 8 m. This DEM is primarily derived from the 20 m contours of NZ topographic maps (NZ 

Topo50) with a scale of 1:50,000 (Government Information Services, 2018). Since the NZ 

Topo50 are referenced to the NZTM 2000 projection and recorded coordinates referenced to 

NZGD 2000 (LINZ, 2021), this DEM data has the identical data projection to that of the remote 

sensing imagery used in this study. 

The main criterion of this DEM data is to present “the detailed and accurate depiction of natural 

landforms” (LINZ, 2016), which makes it the ideal data source for cartographic visualisation, 

as well as for terrain analysis. Additionally, the DEM is also a critical data source for deriving 

topographic variables essential for assessing landslide potential, such as slope gradient for 

landslide distribution analysing and landslide susceptibility assessing in this study. The current 

version of DEM data was released in 2012 by LINZ, which offered a spatial accuracy of “90% 

of well-defined points are within ±22 metres horizontally and within ±10 metres vertically” 

(LINZ, 2016). Thus, the quality of this LINZ 8 m DEM data is well acceptable for mapping 

the Kaikōura landslides in this study. 

4.2.2.2 Geological faults 

The data of geological faults was sourced from the NZ geological maps, which are a series of 

data that “show the surface distribution of geological units and are compiled and printed at 

various scales” (GNS, 2021). The GNS provides the NZ geological maps in three scales: 

1:2,000,000; 1:1,000,000; and 1:250,000. Among these three different map series, the 

1:250,000 QMAP provides this study with the finest quality and most comprehensive datasets 

about the geomorphology, stratigraphy, tectonic history, geological resources, geological 

hazard and engineering geology of the Kaikōura region (GNS, 2021). The QMAP was 

downloaded from the GNS portal (http://shop.gns.cri.nz/). 

The QMAP data contains geological details of geological faults and lithology in the study area, 

including all types of faults and bedrocks. According to GNS (2021), the Kaikōura earthquake 

occurred in the MFS, and all these fault lines were recorded in the NZLD database in five 

categories based on their recent activity events as: (a) Historical; (b) Millennium; (c) Holocene; 

(d) Later Quaternary; and (e) Unknown (GNS, 2020). Since this study was only interested in 

those fault lines which were ruptured during the Kaikōura earthquake, additional information 

on fault ruptures of the Kaikōura earthquake, including fault names and locations, was also 

collected from the ECan Maps (https://canterburymaps.govt.nz/), in order to select the major 

geological faults being affected by the Kaikōura earthquake from the QMAP dataset.  

http://shop.gns.cri.nz/
https://canterburymaps.govt.nz/
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4.2.2.3 Soil data 

The soil distribution data in the study area was extracted from the datasets of NZSC. This 

NZSC data has been the best resource to classify soils based on the current level of knowledge 

for the Kaikōura region (Manaaki Whenua, 2020). All these NZSC related datasets were 

available on the Land Resource Information System (LRIS) provided by Manaaki Whenua - 

Landcare Research (Manaaki Whenua, 2021). In addition, the NZSC data including the entire 

NZ fundamental soil layers (FSLs) was sourced from the LRIS portal in the ArcGIS shapefile 

format (https://lris.scinfo.org.nz/). 

The first version of FSLs was published in 2010 by Manaaki Whenua at a scale of 1:50,000, 

and it contained 16 key attributes of spatial information, including slope, salinity, drainage, 

potential rooting depth etc. (Manaaki Whenua, 2021). Such detailed attribute information was 

derived from the combination of National Soils Database (NSD) and NZLRI, which have a 

high level of accuracy regarding soil types (Manaaki Whenua, 2010). This study adopted the 

FSLs based on the soil types and the soil groups to simplify the attributes of each layer. As a 

result, five soil classifications (Brown Soils, Melanic Soils, Pallic Soils, Raw Soils and Recent 

Soils) in the study area were formed after regrouping of all the possible types and selected as 

one of the influencing variables of landslide occurrence. 

4.2.2.4 Land use 

The land use information of the study area was sourced from the LUM, which is the ultimate 

database to record land-use changes over the temporal period of 1990 - 2016 (MfE, 2021). 

According to MfE (2012), the LUM is an essential component of the LUCAS. The LUCAS 

divides all land uses into 12 categories, including but not limited to cropland, wetland, 

settlement, grassland, and forest (planted forest and natural forest) etc. (MfE, 2012). This study 

used the 2012 version of the LUM from the MfE Data Service (https://data.mfe.govt.nz/), as it 

provided the latest land cover details before the Kaikōura earthquake. 

The nominal version of 2012 LUM comprised various scales from 1:15,000 to 1:40,000, as it 

was created based on the interpretation of a series of remote sensing imagery, including Landsat 

images, SPOT images, and aerial photographs (MfE, 2012). Seven major land-use types 

(grassland, natural forest, planted forest, water body, cropland, settlement and other ‒ mainly 

gravel or rock) in the study area were extracted from the LUM. These seven land-use categories 

were spatially dissolved and grouped according to similar sub-class categories, because it was 

https://lris.scinfo.org.nz/
https://data.mfe.govt.nz/
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unnecessary to present all the details of each sub-class in this study. For example, the original 

attributes of LUM 2012 have three sub-types of grassland, but it was impractical and 

unnecessary to assess the susceptibility of all three different types of grassland to landslide in 

this study. 

4.2.2.5 ESC data 

In this study, the second version of the ESC data was adopted from MPI Open Geospatial Data 

Portal (https://data-mpi.opendata.arcgis.com/) to compare with the landslide susceptibility 

results after the Kaikōura earthquake. The reason for using the second version was that it has 

better definition between the classes of ‘High’ and ‘Very High’, which is crucial to this study.  

In the first version of the ESC data, one of the key criteria used to divide erosion classification 

was the slope. For instance, the slope gradient of 25° was the threshold to classify ‘Very High’ 

from ‘High’ (Bloomberg, 2015). However, this approach was considered as oversimplifying 

because other elements such as rock type need to be considered in erosion-dominated processes 

to improve the accuracy of the classification (MPI, 2016). Hence, “a terrain classification based 

on dominant erosion process, rock type and topography was developed” to refine the ‘High’ 

and ‘Very High’ erosion classes (MPI, 2016, p. 6). This terrain classification identified 21 types 

of terrain from six major groups, including gullying, earthflows, landsliding, tunnel gullying, 

wind erosion, bank erosion and deposition (MPI, 2016). The second version significantly 

improved the accuracy of erosion status in the study area, because most of the study area was 

categorised as having a ‘High’ and ‘Very High’ susceptibility in the ESC classification. 

4.2.3 Variables studied and analysis platform used 

4.2.3.1 Influencing variables 

According to Polykretis et al. (2019), earthquake-triggered landslides are generally affected by 

environmental factors including geomorphic, geologic, soil, and anthropogenic factors. The 

variables impacted landslide susceptibility that were selected in this study are listed in Table 

4-4. They pertain to slope gradient, soil type, land use, and distance to fault line, which indicate 

the geomorphic factor, soil types, anthropogenic influence, and geologic condition, 

respectively. 

 

 

https://data-mpi.opendata.arcgis.com/
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Table 4-4: Influencing variables used in this study and their significance to landslide susceptibility assessment 

  

4.2.3.2 Analysis platforms  

ArcGIS Pro 2.7 was utilised in this study to analyse, map, and display the remote sensing and 

ancillary data, including geodatabase generation, satellite images and aerial photos display and 

editing, image classification, and raster-vector data conversion. Besides ArcGIS Pro 2.7, 

ArcCatalog and ArcToolbox were also applied to manage the spatial data, and to conduct data 

geoprocessing automation in this study. 

R is a programming language that has been widely used for data analysis and statistical 

modelling. In this study, RStudio (an Integrated Development Environment for R) was used to 

model the correlation coefficient between the influencing variables and the landslide 

occurrence. These correlation results served as the key parameters to generate the landslide 

susceptibility map in ArcGIS.  

4.3 Data Processing 

This study consists of two parts of data processing: (a) landslide mapping; and (b) statistical 

analysis.  

As the study workflow shows in Figure 4-6, this study was commenced by creating the 

landslide distribution maps before and after the Kaikōura earthquake based on the Sentinel-2 

satellite images, and it was culminated by comparing the landslide susceptibility map with the 

ESC data in order to lead the conclusion of this study. The sets of methods used in generating 

the earthquake-triggered landslide map and analysing the correlation between the landslide 

distribution and the influencing factors are described below: 

1. Applying the method of unsupervised image classification to the Sentinel-2 data (all 

spectral bands used) to detect landslides from the pre- and post-earthquake satellite 

images; 

2. Verifying the landslide detection results by using the high-resolution aerial photos, in 

order to create two landslide distribution maps (pre- and post-earthquake); 

Environmental Factor Variable Influence

Geomorphic Slop gradient Landslide formation / Gravity

Geologic Distance to fault lines Distribution of earthquake-triggered landslides

Soil Soil types Geotechnical properties

Anthropogenic Land use Vegetation cover / Root effect



 

47 

 

3. Modelling the correlation between the four influencing factors and the distribution of 

Kaikōura earthquake-triggered landslides; and, 

4. Creating the landslide susceptibility map in the study area based on the LR modelling 

results, and comparing it with the ESC data. 

 

Figure 4-6: The study workflow for analysing the influencing factors of landslide susceptibility 
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All spatial processing and analysis were implemented in ArcGIS Pro, including data 

preparation, processing, editing, analysis, and display of the spatial data in landslide 

susceptibility assessment. In addition, a statistical software, R, was used to assist the 

construction of the LR model in this study. R is an essential component software package to 

assess the landslide susceptibility after major earthquakes (Shano et al., 2020). 

Furthermore, the entire process of data analysis, including landslide inventory mapping and 

landslide susceptibility assessment is shown in Figure 4-7. It also illustrates how landslide 

susceptibility was assessed after the Kaikōura earthquake. 

 

Figure 4-7: The diagram of the methodology for landslide susceptibility assessment 

4.3.1 Landslide mapping 

4.3.1.1 Landslide detection from satellite images 

This study attempted two methods to identify/detect landslides in the Sentinel-2 satellite 

images, in order to compare which method produced better results for creating landslide 

distribution maps. These methods are: (a) Normalised Difference Vegetation Index (NDVI), 

and (b) Unsupervised Image Classification (UIC). Two Sentinel-2 images were firstly 

projected into the NZTM 2000 coordinate system to ensure that they have the same coordinate 

system as the DEM data (LINZ, 2017). Subsequently, each image was clipped using the 

boundary layer of the study area to encompass the entire study area for further processing. 
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NDVI is one of the fundamental methodologies in studying remote sensing phenology (USGS, 

2021). It originated from a mathematical algorithm to “measure wavelengths of light absorbed 

and reflected by green plants” (USGS, 2021). NDVI calculates the ratio of variations between 

red and near-infrared light reflections, and it has been widely used around the world to monitor 

natural disasters and assess vegetation health (Esri, 2021). The calculation formula of NDVI is 

as follows (Danneels et al., 2007): 

𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝑅𝐸𝐷
                                                        (4.1) 

where NIR refers to the reflectance value of the near-infrared spectrum, and RED refers to the 

reflectance value of the red spectrum. The value of NDVI ranges from -1.0 to +1.0, which 

indicates the greenness of ground features (USGS, 2021). For instance, higher positive values 

(0.6 or above) of the NDVI represent dense vegetation on the surface, while low positive or 

negative values (0.1 or less) of the NDVI represent bare ground surface such as sand, rock, or 

snow. Therefore, this study deliberately used NDVI to discover the segmentation threshold of 

vegetation coverage and landslide exposure on both satellite images. The NDVI processing 

was implemented in ArcGIS Pro using the NDVI function. 

Since UIC generates spectral clusters “based on statistical differences in the spectral 

characteristics of pixels” of the image, these clusters require post-processing to be associated 

with the categories of the design schema (Esri, 2021). The procedure of running UIC in ArcGIS 

is shown in Figure 4-8. 

 

Figure 4-8: The diagram of UIC process in ArcGIS 

The UIC process was carried out by the function of image classification wizard in ArcGIS Pro. 

The first step was to configure the image pixels into a set number of clusters (step A in Figure 

4-8). In this step, 10 and 20 clusters were separately specified as the input parameters to test 

on both satellite images (pre- and post-earthquake). The test results indicated that the parameter 

of 20 clusters presented better outputs in this study, as it provided more refined details about 
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segmentations of each cluster. There were two types of image classification when carrying out 

the UIC as: (1) Pixel-based and (2) Object-based. This study chose object-based classification 

because it “highly resembles how human vision tends to divide images into homogeneous areas 

at the beginning of manual interpretation” (Gao, 2009, p. 432). In addition, landslides in this 

study were considered as a type of ground object that needed to be segmented and grouped on 

the images according to their characteristics. The next step involved was to label the ground 

features from 20 clusters in the output layer (step B in Figure 4-8). In this step, each cluster 

was assigned an appropriate colour to represent a type of specific ground feature, for example, 

water as blue, and forest as green. The last step was to apply the design schema to the classified 

clusters in order to merge, remove, or edit unwanted clusters (step C in Figure 4-8). For 

example, two similar classes of forest and scrub were merged to form one single class, and 

unwanted classes (sand and water body) were removed from the cluster output. 

By comparing the outputs of NDVI and UIC, this study decided to select the UIC as the final 

approach to create the landslide distribution maps. UIC produced better results by showing 

more detailed segmentations when interpreting ground objects on the Sentinel-2 images in 

detecting landslides in the environment of the study area with the approach of object-based 

image classification. 

4.3.1.2 Refining landslide distribution map 

Before creating two landslide distribution maps, this study utilised two raster functions of 

‘Reclassify’ and ‘Raster to Polygon’ in ArcGIS to convert the two UIC outputs (raster data) 

into polygon layers (vector data). The quality of these two landslide polygon layers (the pre- 

and post-earthquake landslide distribution maps) produced from the satellite images by UIC 

was rather noisy and unable to meet the needs of this study due to the limitation of spatial 

resolution. Because the minimum displayable area per pixel of Sentinel-2 images was 100 m² 

(the size of a single pixel 10 m by 10 m), many landslides in the study area, especially the 

boundary and outline of those small landslides, were unable to be identified. In order to verify 

and improve the quality of both landslide distribution maps, two high-resolution aerial photos 

were imported to assist refining the details of each landslide on both landslide distribution maps. 

The two RGBi aerial photos were firstly projected to NZTM 2000, and subsequently cropped 

to cover the entire study area. To understand the concentration of landslides and minimise the 

workload of manual editing, the entire study area was subdivided into 20 x 20 grids. The size 

of each grid cell is 1 km² (1,000 m by 1,000 m) on the ground, which is equivalent to 100 ha 
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per cell. The value of landslide concentration indicated the density of the landslides in each 

cell (the number of landslides per square kilometre). In order to implement the manual editing 

precisely (especially the reshape function), each pre- and post-earthquake landslide distribution 

map (polygon features) was rectified and superimposed with each aerial photo accordingly. For 

instance, the landslide distribution map of pre-earthquake was associated with the 2014-15 

season aerial photo, and the landslide distribution map of post-earthquake was associated with 

the 2016-17 season aerial photo. On these aerial photos of 0.3 m resolution, each landslide was 

able to be reshaped and refined to a very fine level of detail. 

4.3.1.3 Landslide inventory mapping 

Once pre- and post-landslide distribution maps were refined to the same level of detail (based 

on the 0.3 m aerial photos) and in the same format (polygon), a map of Kaikōura earthquake-

triggered landslides was created in ArcGIS by the following steps. 

Firstly, several criteria were applied to select the eligible landslides from the two refined 

landslide distribution maps (displayed as polygon feature class in ArcGIS). The criteria include 

two main conditions: size and location. 

1. Size: the size of landslides should be between 0.01 ha and 100 ha. Since the minimum 

size of each cell of the Sentinel-2 image is 10 m by 10 m (equating to 0.01 ha), any 

polygons less than 0.01 ha on both landslide distribution maps could represent noise 

introduced during classification of the satellite images. In addition, it was difficult to 

differentiate whether large landsliding exposures of more than 100 ha in the study area 

were caused by the Kaikōura earthquake or gully erosion, especially those exposures 

located in mountainous regions (Marden et al., 2009).  

2. Location: the landslides should lie below 1,000 m with a slope gradient greater than 

10°. This is because identifying landslides above 1,000 m in the study area was a huge 

challenge due to the homogeneous background, according to DOC (2021) and Wilson 

(2007), the treeline in the Southern Alps is between 900 m to 1,250 m. In addition, most 

of the study area above 1,000 m was covered by unvegetated gravel that has a similar 

characteristic to landslides as shown in Figure 2-4. By intersecting the two refined 

landslide distribution maps with the New Zealand contour data from LINZ, the 

landslides located above 1,000 m can be filtered out. Moreover, this study excluded 

those areas with a slope gradient less than 10° to eliminate river channels and gentle 
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flat lands, as these areas fall outside of the scope of this study (detailed in Sections 3.3 

and 3.7). 

Secondly, the two refined landslide distribution maps were superimposed on top of each other 

to identify the landsliding areas impacted by the Kaikōura earthquake. This was a crucial step 

to ensure the two independently produced maps having a unified data format with the same 

level of precise detail. By removing the landsliding areas that occurred before the Kaikōura 

earthquake from the post-earthquake landslide distribution map, the earthquake-triggered 

landslide map was created, which represented “the spatial distribution of the mass movements” 

during the Kaikōura earthquake (Danneels et al., 2007, p. 3014). 

4.3.2 Statistical analysis 

Generating a landslide susceptibility map was the next step after the landslide distribution maps 

were created. This study considered four influencing factors (independent variables) in 

association with the earthquake-triggered landslides distribution (dependent variable) to model 

the correlation between them. The raw data of each variable (DEM, soil, geological faults, and 

land use) was firstly imported into ArcGIS in the vector or raster format. The vector data were 

subsequently resampled/converted into raster format at a cell size of 10 m by 10 m. In order to 

evaluate the landslide susceptibility after the Kaikōura earthquake, the cell value of each 

variable related to the location of earthquake-triggered landslides was firstly calculated in 

ArcGIS. All these values were subsequently exported to RStudio to compute the correlation 

coefficient, which represents the dependency between each variable and the landslide 

occurrence. At last, a landslide susceptibility map was obtained with four categories in ArcGIS 

based on the results of LR modelling.  

The raster layer of each influencing variable was converted or resampled to the same spatial 

extent, cell size, and coordinate systems in ArcGIS as shown below: 

1. Extent: 4,000 by 4,000 

2. Cell size:10 m by 10 m 

3. Coordinate system: NZTM 2000 

4.3.2.1 The influence of topography on landslides 

In order to understand the topographic influence on the Kaikōura earthquake-triggered 

landslides, slope gradient was derived from the DEM data using the geoprocessing tool of 
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‘Slope’ in ArcGIS. This process was based on the resampled DEM raster layer (cell size of 10 

m) and created the output measurement in degrees.  

Firstly, the DEM data was resampled into a cell size of 10 m. This is because the original DEM 

data has a resolution of 8 m and needed to be resampled to match with the spatial resolution of 

the Sentinel-2 images (cell size is 10 m). To begin with, the technique of ‘Bilinear Interpolation’ 

was used to resample the DEM data in ArcGIS (Figure 4-9), which “calculated the pixel value 

using the distance-weighted value of the four nearest pixels” (Esri, 2021). 

 

Figure 4-9: The process of raster resampling 

Source: adopted from Cell Size and Resampling in Analysis (Esri, 2021) 

Secondly, the ‘Slope’ raster function was applied to generate the raster layer of slope gradient 

based on the resampled DEM data. The formula of slope calculation is as follows (Tang et al., 

2011):  

𝑆𝑙𝑜𝑝𝑒 = 𝑎𝑟𝑐𝑡𝑎𝑛√(𝑑𝑧/𝑑𝑥)2 + (𝑑𝑧/𝑑𝑦)2                                     (4.2) 

where (dz/dx) and (dz/dy) represent the distance of horizontal (dx, dy) and vertical directions 

(dz) from each cell centre (x, y) to each adjacent cell in the 10 m DEM data (Esri, 2021). 

Slope gradient was categorised into five classes: (1) Moderate (< 15°); (2) Moderately steep 

(15° - 20°); (3) Steep (20° - 30°); (4) Very steep (30° - 45°); and (5) Precipitous (=> 45°), in 

order to determine the landsliding pattern associated with topographic influence (Gao et al., 

2010). Using the ‘extract multi-values to points’ function in ArcGIS, the site effect (landsliding 

pattern with the value of slope) was able to be statistically assessed. 
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4.3.2.2 Creating the raster layer of distance to fault line 

The geoprocessing tool of ‘Euclidean Distance’ was used to create the raster layer of distance 

to fault line in ArcGIS. The Euclidean Distance tool calculated the distance from each cell (size 

of 10 m x 10 m) in the study area layer to the nearest fault line (Esri, 2021). This calculation 

required two input layers: (a) geological fault lines; and (b) study area outline. Both layers were 

input as feature classes and converted to raster format internally before performing the 

calculation. Since ‘Euclidean Distance’ was calculated from the centre of the source cell (fault 

line) to the centre of each of the surrounding cells (the cells in the rest of study area), the 

algorithm of Point-Line Distance in 2 Dimension can be formulated as follows (Weisstein, 

2021): 

𝑑 =
|𝑎𝑥0+𝑏𝑦0+𝑐|

√𝑎2+𝑏2
                                                         (4.3) 

where d is the distance between a cell point (𝑥0, 𝑦0) and a fault line represented as 𝑎𝑥 + 𝑏𝑦 +

𝑐 (x, y – coordinates in the easting and northing direction). 𝑝(𝑥0,   𝑦0) refers to the coordinates 

of the point 𝑝 (cell location), and 𝑙(𝑦 = −
𝑎

𝑏
𝑥 −

𝑐

𝑏
) refers to the slope-intercept form of the line 

𝑙 (geological fault line). 

Distance to fault lines was categorised into four classes: (1) within 2 km; (2) between 2 to 4 

km; (3) between 4 to 6 km; and (4) further than 6 km, in order to determine the landsliding 

pattern associated with seismic energy attenuation. This study used the function of ‘extract 

multi-values to points’ in ArcGIS to statistically assess the landsliding site effect with the value 

of distance to faults. 

4.3.2.3 Rasterisation of the layers of soil and land use 

In this study, the collected soil and land use maps were in the vector data format and needed to 

be converted into the raster format in order to implement the LR modelling. To achieve this, 

the geoprocessing tool of ‘Feature to Raster’ in ArcGIS was used to convert the polygon feature 

of soil types (vector data) into the raster layer of soil classification with a cell size of 10 m.  

Similar to the soil type data, the land use data was re-rasterised from vector features to a raster 

layer by using the same approach. However, unlike the soil type data, the LUM dataset has 

already categorised all types of land use into a short integer format, so by inputting the field of 

‘LUM_Classification’ from land use feature class, the raster layer of land cover with a cell size 

of 10 m was generated. 
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4.3.2.4 Logistic regression modelling 

Once the raster layers of all independent variables were prepared, the next step was to use them 

to construct the LR model to identify the correlation between the dependent variable (landslide 

distribution) and independent variables (soil, land use, slope gradient, and distance to fault 

lines), in three main steps as follows. 

Firstly, this study converted the layer of Kaikōura earthquake-triggered landslides from 

polygon to point by using the ‘Feature to Point’ geoprocessing tool in ArcGIS. This landslide 

point feature indicated the location of earthquake-triggered landslides and demonstrated the 

status of dependent variable (landslide site) for LR modelling. This point layer was coded as 

layer 1. 

Secondly, the geoprocessing tool of ‘Extract Multi Values to Points’ in ArcGIS was used to 

calculate the value of each independent variable in each raster cell at a specified location 

(landslide site) on the point layer 1. This tool helped to “extract cell values at locations specified 

in a point feature class from one or more raster layers and record the values to the attribute 

table of the point feature class” (Esri, 2021). This multi-values calculation required five inputs: 

(a) the point layer (layer 1) presenting the landslide location as the input point feature; (b) the 

raster layer of slope gradient; (c) the raster layer of distance to fault line; (d) the raster layer of 

soil type; and (e) the raster layer of land use. Once the calculation was completed, the results 

from the attribute table of layer 1 were exported to a separate spreadsheet as a DBF file. 

Lastly, a new column of ‘Point_ID’ was added to the output spreadsheet (the DBF file) to 

record the unique identification of each landslide. This spreadsheet (containing the cell values 

of each independent variable associated with the landslide site) was subsequently saved as a 

CSV file. Furthermore, this CSV file was exported to RStudio to generate an LR model for the 

dependent variable based on the cell values of each independent variable (represented as the 

value of the correlation coefficient of each independent variable associated with the dependent 

variable). 

Mathematically, an LR model is a function that estimates multiple-line regression, and the 

model result in this study represents the probability of landslide occurrence associated with the 

influencing variables. The result of the coefficient can either be positive or negative, with the 

positive value indicating an increasing possibility of landslide occurrence, and the negative 

value representing a decreasing possibility of landslide occurrence (Yalcin et al., 2011). 
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4.3.2.5 Generating the landslide susceptibility map 

This study produced a landslide susceptibility map in raster format in the ArcGIS Pro platform. 

This map presented the stability of the land in the study area according to the coefficients of 

each influencing variable. Four separate steps were involved in creating the final raster layer 

of landslide susceptibility. The first step was to calculate the sum of all four independent 

variables multiplied by their LR coefficients as formulated below: 

𝑠𝑡𝑒𝑝 1 =  (𝛼1𝑥1 + 𝛼2𝑥2 + 𝛼3𝑥3 + 𝛼4𝑥4)                                      (4.4) 

where (𝑥1 … 𝑥4) represent the pixel value of each influencing variable respectively: soil, land 

use, slope gradient, and distance to fault line; and (𝛼1 … 𝛼4) represent the coefficients of each 

influencing variable produced by the LR model in the previous section. The output of step 1 

was produced as a raster layer by using the ‘Raster Calculator’ tool. The second step was to 

add the intercept value generated from the LR model to the output of step 1 (Equation 4.4) as 

formulated below: 

𝑠𝑡𝑒𝑝 2 =  𝛼0 +  𝑠𝑡𝑒𝑝 1                                              (4.5) 

where 𝛼0 represents the intercept value of the LR model, and this calculation was achieved 

using the ‘Raster Calculator’ tool in ArcGIS. The step 2 output was also a raster layer. The 

third step was to express the output of step 2 (Equation 4.5) by an exponential function as 

formulated below: 

𝑠𝑡𝑒𝑝 3 = exp (𝑠𝑡𝑒𝑝 2)                                               (4.6) 

By using the ‘Raster Calculator’ tool, ArcGIS generated a raster output for step 3. The fourth 

step was to add a value of 1 to the output of step 3 (Equation 4.6), in order to transform the 

pixel value from 0 to 1 as follows (to prevent 0 in the denominator): 

𝑠𝑡𝑒𝑝 4 = 𝑠𝑡𝑒𝑝 3 + 1                                                (4.7) 

Step 4 was processed using the ‘Raster Calculator’ tool, and its output remained as a raster 

layer. The final raster layer (landslide susceptibility map) was produced by dividing the output 

of step 3 (Equation 4.6) by the output of step 4 (Equation 4.7) in ArcGIS as formulated below: 

𝑙𝑎𝑛𝑑𝑠𝑙𝑖𝑑𝑒 𝑠𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑖𝑡𝑦 𝑚𝑎𝑝 =
𝑠𝑡𝑒𝑝 3

𝑠𝑡𝑒𝑝 4
                             (4.8) 

As a result, the landslide susceptibility map was created as a raster layer with a pixel value 

ranging between 0 and 1, which indicates the likelihood of potential landsliding after the 
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Kaikōura earthquake. For example, the areas with a higher value close to 1 are likely prone to 

landslides, while the low value (close to 0) areas are unlikely to suffer from landslides. 

Additionally, in order to compare with the ESC data in the study area, the natural break 

classification in ArcGIS was used to divide the landslide susceptibility map into four categories: 

low, medium, high and very high. 

4.3.2.6 Comparing ESC and landslide susceptibility 

Last but not least, in order to discover the changes in land susceptibility after the Kaikōura 

earthquake as mentioned in Section 4.3 and Figure 4-7, as well as to predict the potential 

landslide hazard zone in the study area, the ESC data from MPI and the landslide susceptibility 

map produced in this study were compared as follows.  

Two separate datasets (ESC and landslide susceptibility map) firstly needed to be unified into 

the same format (vector data) before they could be compared. This process was in a manner 

similar to the process of creating the landslide distribution maps in Section 4.3.1.2. Once these 

two vector layers were prepared, they were superimposed on top of each other to verify the 

changes/differences. The differences between each layer were statistically calculated and 

exported as a CSV file in Microsoft Excel. Moreover, the potential landslide hazard zone can 

be projected in the study area based on the landslide susceptibility map. 

4.4 Summary  

This chapter described a range of datasets and methodologies used to map the Kaikōura 

earthquake-triggered landslides and assess landslide susceptibility after the earthquake. By 

adopting the method of UIC, landslide exposure (pre- and post- the Kaikōura earthquake) was 

detected and refined from a series of remote sensing imagery including Sential-2 satellite 

images and RGBi aerial photos. The map of Kaikōura-triggered landslides was produced by 

superimposing two (pre- and post-) landslide distribution maps on top of each other. In addition, 

this study selected four influencing variables/factors, including distance to fault line, slope 

gradient, soil type and land use, to implement the statistical analysis for landslide susceptibility 

assessment. By running an LR model, the correlation between the dependent variable (landslide 

location) and the independent variables (influencing factors) was calculated in the environment 

of RStudio. These correlation coefficients were subsequently used to create the landslide 

susceptibility map in ArcGIS. Moreover, this study compared the landslide susceptibility map 

with the ESC data in order to discover land stability changes and predict potential landslide 
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hazardous areas. This section also briefly discussed the analysis platforms (ArcGIS and 

RStudio) and critical steps in the whole process. 
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Chapter 5 Study Result 

5.1 Introduction 

This chapter summarises the results of influencing factors/variables on Kaikōura earthquake-

triggered landslides and presents the outcome of landslide susceptibility assessment based on 

the LR model. Firstly, it illustrates the results of landslide detection and landslide distribution 

maps before and after the Kaikōura earthquake and displays the map of earthquake-triggered 

landslides. Finally, this chapter also compares the landslide susceptibility results obtained in 

this study to the ESC data to describe the potential landslide hazard zone and the variations 

between them. 

5.2 Landslide Mapping Results 

5.2.1 Landslide exposure detection 

This section contains two sets of landslide detection results: NDVI and UIC. Each output was 

evaluated and analysed separately in order to select a better approach to generate landslide 

distribution maps. 

5.2.1.1 NDVI image outputs 

Since newly occurring landslides after major earthquakes are usually unvegetated, NDVI value 

can be a good indicator of exposed land including landslides, particularly where the NDVI 

values are close to 0 and/or lower than 0.3 (Lo et al., 2015). 

A. Pre-earthquake NDVI output 

The values of NDVI output before the Kaikōura earthquake ranged from 0 to 0.976744 (Figure 

5-1). This result showed that the majority of the low-vegetation or unvegetated area was 

detected in the west of the study area, especially in the mountainous regions, and nearly one-

fifth of the study area in the eastern part was covered by unhealthy vegetation (mainly dry 

pasture). Since this Sentinel-2 image was taken in February 2016, summer dryness would have 

affected vegetation vigour (especially grasses). These areas (dry pastures with low NDVI 

values) hence needed to be eliminated from landslide mapping to improve the output accuracy. 

Additionally, a huge thick cloud was present in the central study area, which had a very low 

NDVI value (highlighted in the cyan circle in Figure 5-1). This cloud area needed to be 
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excluded from landslide mapping because it would also affect the accuracy of the detected 

landslides. 

 

Figure 5-1: The NDVI output before the Kaikōura earthquake 

Green means healthy vegetation not affected by landslides; red means exposed land or clouds. 
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B. Reclassification of pre-earthquake NDVI output 

 

Figure 5-2: The reclassified NDVI output before the earthquake 

In order to differentiate exposed land and vegetation from the NDVI output, the pre-earthquake 

NDVI raster layer (Figure 5-1) was re-symbolised using ‘classify’, during which a unique pixel 

value (and colour) was assigned to each of the two groups. The first group representing exposed 

land was assigned a colour red over the NDVI value range of 0-0.22 (inclusive). The second 

group representing vegetation received the colour green whose NDVI values were greater than 

0.22 as shown in Figure 5-2. The threshold of separating these two groups was set at 0.22, 

because it was the best attempt to eliminate the vegetation of poor health in the study area from 

the pre-earthquake NDVI output. In addition, the areas above 1,000 m in mountainous regions 

were excluded from the output, because they likely represented bare ground above the treeline, 

and were thus not related to landslides. 
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C. Post-earthquake NDVI output 

The values of NDVI output after the Kaikōura earthquake ranged from 0 to 0.992188 (Figure 

5-3). This result showed that a large amount of freshly occurring landslides (unvegetated areas) 

were present in the north, south, and southeast of the study area (highlighted in the cyan circles 

and oval), all of which had very low NDVI values close to 0 and are rendered as bright red in 

Figure 5-3. Additionally, since this Sentinel-2 image was taken in November 2016, one-third 

of the study area, mainly in the mountainous regions above the treeline, in the western part was 

covered with gravel and/or snow. This area had a very low NDVI value. Thus, these 

mountainous regions above 1,000 m were excluded from landslide mapping through elevation 

thresholding to reduce the impact of snow-cap on the NDVI values. 

 

Figure 5-3: The NDVI output after the Kaikōura earthquake 

The meaning of colour is identical to that of Figure 5-1. 
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D. Reclassification of post-earthquake NDVI output 

Similar to the reclassification process for the pre-earthquake NDVI output, two groups of 

values were re-symbolised and assigned on the post-earthquake NDVI output as red (exposed 

land) and green (vegetation) as shown in Figure 5-4. The threshold of separating these two 

classifications was still kept at 0.22 to maintain consistency for comparing the output with the 

pre-earthquake NDVI output. 

 

Figure 5-4: The reclassified NDVI output after the earthquake 

E. Evaluation of the NDVI outputs 

The two reclassified NDVI outputs were first overlaid with the original satellite images to 

visually evaluate the accuracy of the landslide detection results. By applying 60% transparency 
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on both NDVI output layers, this study reviewed the detection results of landslides (particularly 

in terms of size and outline) based on the satellite images. The comparison results evidenced 

that:  

1. The NDVI function performed well in detecting freshly occurring landslides. This is 

because the reflectance of the NIR and RED wavelengths on bare soil/clear areas are 

both around 20% (Tran et al., 2015). According to the NDVI mathematical formula 

(4.1), the NDVI value (per pixel) on those newly occurring landslides were 

consequently to be 0 or close to 0 due to the similar input values of NIR and RED. 

Figure 5-5 shows an example of landslide detection results after the Kaikōura 

earthquake. In this example, earthquake-triggered landslides were highlighted in pink, 

which clearly demonstrated the shape and outline of each landslide/bare land block. 

Moreover, a great contrast between the landslides and the surrounding vegetation 

(especially forest, displayed in dark green) was observed in Figure 5-5.  

 

Figure 5-5: An example of NDVI results after the earthquake overlaid with the satellite image 

2. On the other hand, many old landslides, especially those containing bedrocks, have not 

been correctly detected or identified by the NDVI process. This is because the 
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reflectance of the NIR wavelength on sandstone (which covers more than 80% of the 

study area) has a large variation (approximately between 65% to 75%) compared with 

the reflectance of the RED wavelength on sandstone (Burton-Johnson et al., 2020). 

Additionally, native vegetation, such as Kānuka and other shrubs in this area, may also 

regenerate on those old landslides. Hence, the NDVI value of those old landslides 

would possibly be affected by exposed bedrock and/or regenerated vegetation. On the 

next page, Figures 5-6 and 5-7 present a comparison of a group of landslides to 

demonstrate the variations of NDVI results between the old and fresh landslides. In this 

comparison, Figure 5-6 indicates the three major landslides that occurred before the 

Kaikōura earthquake, marked as landslides A, B, and C. As shown in this example, the 

pre-earthquake NDVI results can only identify a very small portion of the landslide area 

when using the threshold of 0.22 (Figure 5-6). In contrast, the post-earthquake NDVI 

results show great improvement in recognising the freshly occurring parts of the same 

landslides (Figure 5-7). For example, the size and shape of landslides A and B have 

increased significantly after the earthquake (highlighted in the cyan circles), while the 

size and shape of landslide B did not change much (highlighted in the red circle). 

 

Figure 5-6: An example of NDVI results before the earthquake overlaid with the satellite image 
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Figure 5-7: An example of comparison of new and old landslides by NDVI 

As shown in Figure 5-7 above, the pink areas in the cyan circles were detected as the 

fresh parts of landslides A and C after the Kaikōura earthquake by applying a threshold 

of 0.22 on the NDVI values. To assess the accuracy of this post-earthquake NDVI 

results, a flight over the study area was undertaken on 25 October 2021 to verify the 

quality of the landslide detection prior to change analysis. An aerial photo of landslides 

A, B, and C was taken during the flight to validate the fresh parts of the landslides 

(highlighted in the red ovals in Figure 5-8). As observed, the fresh parts of landslides 

A and C appeared to be covered by topsoil or debris (presented in bright grey colour). 

On the other hand, the old parts of landslides A and B (highlighted in the cyan ovals in 

Figure 5-8) appeared to be dark grey, especially landslide A, the exposed part was likely 

to be the bedrock such as greywacke. 
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Figure 5-8: The aerial photo of landslides A, B and C highlighted in Figure 5-7 

To sum up, both the pre- and post-earthquake NDVI outputs accurately demonstrated the 

coverage of different types of vegetation including forest and grassland in the study area and 

screened their health conditions, which proved the primary object of NDVI function. However, 

in terms of identifying landslides, especially for different types of landslides, NDVI did not 

perform well in this study context, particularly when identifying old landslides. Since mapping 

the landslides’ distribution before and after the Kaikōura earthquake was an essential step to 

analyse the earthquake-triggered landslides, the NDVI function did not meet the requirement 

of this study. Therefore, another comparative approach of landslide identification was 

attempted: UIC. 

5.2.1.2 UIC image outputs 

The UIC approach statistically distributed the entire pixels of each satellite image into 20 ISO 

clusters using object-based image classification. Two separate types of objects (exposed land 

and others) were manually assigned and merged using the segmentation process after the 

classification was complete. 
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A. Pre-earthquake UIC output 

Figure 5-9 shows the UIC output before the Kaikōura earthquake, which contains 20 ISO 

clusters of objects. This output presented that most of the vegetation area was clustered in the 

middle of the study area (highlighted in purple or similar dark colours), especially between the 

altitudes of 100 m to 1,000 m. On the other hand, most of the exposed land/gravel was 

distributed in river gullies and high mountainous areas above 1,000 m (highlighted in bright 

green or similar light colours). 

 

Figure 5-9: The output of UIC before the earthquake with 20 ISO clusters 
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B. Reclassification of pre-earthquake UIC output 

 

Figure 5-10: The reclassified UIC output before the earthquake 

Since this study is only interested in the specific object (e.g., landslides) on the satellite images, 

the 20 ISO clusters were combined to form two categories (landslide and non-landslide) via 

manual reassignment in order to extract the landslide-affected areas from the previous UIC 

output. Figure 5-10 displays a recategorised UIC raster layer, which only contains two types 

of objects: exposed land (represented in dark brown) and others (represented in green). 

Additionally, the mountainous regions above 1,000 m were removed from the results to avoid 

unvegetated gravel areas. 
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C. Post-earthquake UIC output 

Figure 5-11 shows the UIC output after the Kaikōura earthquake containing 20 ISO clusters of 

objects. This output indicated that a large number of newly occurring landslides and/or 

exposures were widely detected in the study area (the dark brown areas highlighted in the cyan 

circles). Importantly, this output distinguished the gravels and the slips on the satellite image 

separately. For instance, the rive gullies and mountainous regions (mainly composed of gravels) 

were categorised in dark purple in Figure 5-11, while the clusters of slips were categorised in 

dark brown (highlighted in the cyan circles). This was a great improvement to segregate fresh 

landslides/exposures from those existing exposed land or gravels. 

 
Figure 5-11: The output of UIC after the earthquake with 20 ISO clusters 
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D. Reclassification of post-earthquake UIC output 

Similar to the reclassification process of the pre-earthquake UIC output, two types of objects 

were re-assigned and merged from the post-earthquake UIC output as dark brown (exposed 

land) and green (others) as shown in Figure 5-12. As observed, many large clusters of 

landslides/exposures appeared in the northwest of the study area, while a number of massive 

landslides occurred in the southeast along the Clarence River. This phenomenon could be 

attributed to the distribution of fault lines in the study area (see Section 3.3) and the ground 

movement monitored during the Kaikōura earthquake (see Section 2.10).  

 
Figure 5-12: The reclassified UIC output after the earthquake 
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E. Evaluation of the UIC outputs 

 

Figure 5-13: An example of UIC results before the earthquake overlaid with the satellite image 

By superimposing the reclassified UIC outputs with the original satellite images, this study 

evaluated the landslide detection results, especially the landslides that occurred before the 

earthquake (for comparison with Figure 5-2). Since the algorithm of the ISO clustering 

separated all cells (image pixels) into 20 distinct unimodal groups in the multi-dimensional 

space of the input bands, the UIC results provided finer details for each classification when 

segmenting objects from the satellite images (Esri, 2021). In addition, manual allocation 

schema improved the accuracy of landslide categorisation, which assisted to distinguish 

different types of landslides (e.g., old or fresh landslides).  

To compare with the NDVI results, particularly the reclassified output of the pre-earthquake, 

Figure 5-13 displays an example of the UIC results before the earthquake, containing the same 
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landslides A, B, and C marked in Figure 5-6. As observed, the pre-earthquake UIC results 

presented a great improvement on detecting old landslides or older parts of landslides 

(landslides A and B) compared with the NDVI results shown in Figure 5-6. In particular, 

landslide B has been fully detected and identified from the original image (highlighted in light 

pink in Figure 5-13), which demonstrated that the UIC results did meet the study requirements 

and were satisfactory for creating the landslide distribution maps. 

5.2.2 Landslide distribution maps 

Figure 5-14 is an example of the post-earthquake landslide polygons after the refinement on 

the RGBi aerial photo, which demonstrates great details in shape and size of each landslide on 

the map (coloured in light green).   

 

Figure 5-14: An example of refined landslide polygons after the earthquake 
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After the refinement, two landslide distribution maps were generated as shown in Figures 5-15 

and 5-16 below. 

 

Figure 5-15: The spatial distribution of landslide before the Kaikōura earthquake 
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Figure 5-16: The spatial distribution of landslides after the Kaikōura earthquake 

Four criteria were applied to filter out ineligible landslides on both distribution maps as 

described in Section 4.3.1.3: (a) altitude above 1,000 m; (b) a slope gradient less than 10°; (c) 

a size larger than 100 ha; and (d) a size smaller than 0.01 ha. 

A. Pre-earthquake landslides 

A total of 734 eligible landslides were interpreted from the pre-earthquake Sentinel-2 image 

with a combined area of 474.05 ha (Figure 5-15). This comprised 1.92% of the sample area 

(the sample area specifically refers to the terrestrial area below the 1,000 m with a slope greater 
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than 10° at approximately 24,669 ha). These landslides were mainly distributed in the 

mountainous regions on the western part of the study area, particularly, in Mt. Alexander, the 

Haycock Range and the Seaward Kaikōura Range. The most intensive site of landsliding was 

located on the north of Mt. Alexander (173°47'27''E, 42°10'59''S), which contains 

approximately 33 ha of landslides within 1 km². On the other hand, the densest site was located 

on the easternmost part of the study area (173°53'54''E, 42°6'28''S), which has approximately 

37 landslides within 1 km². 

B. Post-earthquake landslides 

A total of 2,765 eligible landslides were detected from the post-earthquake Sentinel-2 image 

that amounted to 1,656.40 ha in total (Figure 5-16). This comprised 6.71% of the sample area. 

Landslide activities after the Kaikōura earthquake were widespread throughout the study area 

with varying degrees of intensity. A common factor of all these landslide-affected sites was 

that their distribution was highly correlated with the steepness of localised slope. In addition, 

many massive landslides tended to be densely clustered in comparison with the pre-earthquake 

landslides distribution. In particular, some massive earthquake-triggered landslides were 

distributed on the hills in the southwest of Clarence town. For example, the largest landslide in 

the sample area (approximately 85 ha) occurred on the eastern side of a hill (between the 

elevation of 200 m and 400 m) near Clarence town as shown in Figure 5-14 (173°52'40''E, 

42°10'42''S).  

C. Kaikōura earthquake-induced landslides 

By removing the pre-earthquake landslides from the post-earthquake landslide distribution map, 

the Kaikōura earthquake-triggered landslides were able to be identified, with a combined total 

area of 1,243.89 ha (including 1,182.35 ha of net surface change and 61.54 ha of change-

detection variation). As observed, most of the formerly intact landsliding sites have been 

affected by the Kaikōura earthquake, and most of these landslides have increased in size. In 

addition to those pre-existing landslides, fresh earthquake-triggered landslides were widely 

observed in the study area, most of which were characterised by a high local concentration as 

highlighted in the cyan circles in Figure 5-17.  
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Figure 5-17: Kaikōura earthquake triggered landslides 

5.3 Influencing Factors on Landslides 

5.3.1 Slope gradient 

Landslide occurrence was highly correlated to slope in the study area. According to Table 5-1, 

nearly 400 ha of pre-earthquake landsliding occurred on precipitous slopes (=> 45°), in contrast, 

more than 1,000 ha of post-earthquake landsliding occurred on such terrain. In terms of 

landslide events, most of the pre- and post-earthquake landslides (both around 60%) were 
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distributed on precipitous slopes (=> 45°) (Figure 5-18). Table 5-1 and Figure 5-18 also show 

that 30° was the threshold for the spatial distribution of landslide density, indicating that the 

number of landslides (including pre- and post-earthquake) increased rapidly from steep slope 

(0.013 landslides per ha before the earthquake and 0.04 landslides per ha after the earthquake) 

to precipitous slopes (0.027 landslides per ha before the earthquake and 0.111 landslides per 

ha after the earthquake). In terms of earthquake-triggered landslides, nearly 900 ha had a 

precipitous slope, and more than 90% of landslides occurred in the very steep and precipitous 

zones (combined at 0.169 landslides per ha). Figure 5-19 displays the distribution of the 

Kaikōura earthquake-triggered landslides with slope gradient.  

Table 5-1: Distribution of the Kaikōura earthquake-triggered landslides with slope gradient 

 

 

Figure 5-18: Pre- and post-earthquake landslide occurrence by slope gradient 

Landslide (Per-Ha) Area (Ha) Landslide (Per-Ha) Area (Ha) Landslide (Per-Ha) Area (Ha)

Moderate (< 15°) 0.002 1.09 0.009 10.68 0.009 9.92

Moderately Steep (15° - 20°) 0.005 2.16 0.030 17.46 0.030 16.36

Steep (20° - 30°) 0.013 11.00 0.040 72.51 0.040 65.40

Very Steep (30° - 45°) 0.018 96.54 0.060 357.75 0.059 278.26

Precipitous (=> 45°) 0.027 362.92 0.111 1,196.69 0.110 872.92

Pre-earthquake Landslides Post-earthquake Landslides Earthquake-triggered LandslidesGradient
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Figure 5-19: Spatial distribution of Kaikōura earthquake-triggered landslides in relation to slope gradient 

5.3.2 Distance to fault line 

In the study area, the earthquake-triggered landslides tended to occur in close proximity to fault 

lines. Table 5-2 shows that most of the pre-earthquake landslides (around 300 ha) occurred 

within a distance of 2 to 6 km of fault lines, while nearly 650 ha of landsliding were located 

within 2 km of fault lines after the Kaikōura earthquake. Therefore, the spatial relationship of 

earthquake-triggered landslides is negatively correlated to the distance from fault lines. A site 

located farther from fault lines tend to incur fewer landslides. In terms of landslide events, the 

majority of the pre- and post-earthquake landslides (both more than 80%) were distributed 

within 4 km of the fault lines, indicating that the zone within 4 km of fault lines was especially 

prone to landslides. In other words, the seismic energy was attenuated rapidly beyond 4 km of 

the fault system. Additionally, both the intensity and density of earthquake-triggered landslides 

gradually decreased as the distance from fault lines increased (Table 5-2 and Figure 5-20). 

Figure 5-21 shows the distribution of the Kaikōura earthquake-triggered landslides with 

distance to fault lines. 
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Table 5-2: Distribution of the Kaikōura earthquake-triggered landslides with distance to fault lines 

 

 

Figure 5-20: Pre- and post-earthquake landslide occurrence by distance to fault lines 

 

Figure 5-21: Spatial distribution of Kaikōura earthquake-triggered landslides in relation to distance to fault 

lines 

Landslide (Per-Ha) Area (Ha) Landslide (Per-Ha) Area (Ha) Landslide (Per-Ha) Area (Ha)

< 2Km 0.016 120.53 0.065 649.12 0.064 538.60

2Km - 4Km 0.024 149.23 0.083 551.51 0.081 422.18

4Km - 6Km 0.020 150.65 0.082 374.85 0.081 242.78

> 6Km 0.019 53.58 0.036 79.97 0.036 39.44

Distance to Faultline Pre-earthquake Landslides Post-earthquake Landslides Earthquake-triggered Landslides
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5.3.3 Land use 

Among the six types of land use shown in Table 5-3, grassland and forest (including natural 

and planted forest) appeared to be affected the most by landsliding. In detail, more than 450 ha 

of pre-earthquake landsliding occurred on grassland and forest, as well as nearly 1,600 ha of 

post-earthquake landsliding occurred on the same types of land. In terms of landslide events, 

most landslides (nearly 50% of the pre-earthquake landslides and more than 60% of the post-

earthquake landslides) occurred in natural forest (Figure 5-22). However, the landslide density 

does not indicate a definite spatial relationship between the land use and the landslide 

occurrence in the study area (Table 5-3). For example, the density of landslides on natural 

forest after the earthquake was 0.125 per ha, while the density of landslides on settlement was 

0.169 per ha. This is because only a small number of landslides (0.04%) occurred on settlement 

after the earthquake (Figure 5-22). According to Table 5-3 and Figure 5-22, more than 630 ha 

of the Kaikōura earthquake-triggered landslides were located in natural forest area, accounting 

for 60% of landslide events. Figure 5-23 illustrates the distribution of the Kaikōura earthquake-

triggered landslides with land use. 

Table 5-3: Distribution of the Kaikōura earthquake-triggered landslides with land use 

 

 

Figure 5-22: Pre- and post-earthquake landslide occurrence by land use 

Landslide (Per-Ha) Area (Ha) Landslide (Per-Ha) Area (Ha) Landslide (Per-Ha) Area (Ha)

Grassland 0.019 288.90 0.055 811.99 0.054 560.42

Gravel 0.002 18.45 0.002 26.67 0.001 11.45

Natural forest 0.027 139.67 0.125 757.94 0.124 638.32

Planted forest 0.030 26.55 0.078 54.84 0.077 30.20

Settlement 0.000 0.00 0.169 0.48 0.169 0.48

Water 0.007 0.48 0.014 3.48 0.007 3.00

Land Use Pre-earthquake Landslides Post-earthquake Landslides Earthquake-triggered Landslides
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Figure 5-23: Spatial distribution of Kaikōura earthquake-triggered landslides in relation to land use 

5.3.4 Soil type  

According to Table 5-4, a strong spatial association appeared to exist between landslides and 

certain soil classes. For instance, the landslide density on soil types BL, BO, ER, PI, and PJ 

was much higher than on other soils (including the pre- and post-earthquake landslides). In 

particular, the PI soil before the earthquake (0.033 per ha) and the BO soil after the earthquake 

(0.121 per ha) had the highest landslide density among all soil types. In terms of landslide 

events, nearly 90% of the pre-earthquake landslides occurred in BL, BO, and PI soils. In 

contrast, most of the post-earthquake landslides (more than 75%) was associated with the BL 

and BO soils. Additionally, more than 1,000 ha of Kaikōura earthquake-triggered landslides 

were associated with the BL, and BO, and ER soils (Table 5-4), encompassing about 85% of 

landslide events caused by the Kaikōura earthquake (Figure 5-24). Among these three types of 

soils, the BO soil had the highest density of earthquake-triggered landslides (0.12 per ha). 

Figure 5-25 displays the distribution of the Kaikōura earthquake-triggered landslides with soil 

type. 
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Table 5-4: Distribution of the Kaikōura earthquake-triggered landslides with soil type 

 

 

Figure 5-24: Pre- and post-earthquake landslide occurrence by soil type 

 

Figure 5-25: Spatial distribution of Kaikōura earthquake-triggered landslides in relation to soil type 

Landslide (Per-Ha) Area (Ha) Landslide (Per-Ha) Area (Ha) Landslide (Per-Ha) Area (Ha)

BL 0.019 256.95 0.077 849.20 0.076 621.94

BO 0.025 65.55 0.121 309.33 0.120 252.31

ER 0.018 107.30 0.096 314.38 0.094 216.66

PI 0.033 25.41 0.054 99.54 0.049 81.85

PJ 0.022 14.00 0.064 55.12 0.064 46.79

RF 0.002 0.05 0.002 1.23 0.002 1.21

RO 0.004 4.77 0.004 1.88 0.004 1.85

WX 0.000 0.00 0.002 9.15 0.002 9.15

ri 0.004 0.03 0.019 16.55 0.020 12.12

Soil Class Pre-earthquake Landslides Post-earthquake Landslides Earthquake-triggered Landslides
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5.4 Landslide Susceptibility Map and ESC Comparison 

5.4.1 Landslide susceptibility map 

Table 5-5 summaries the results of the LR model for landslide susceptibility assessment in this 

study. In particular, the values in the column of ‘Estimate Standard Deviation’ indicate the 

strength of spatial association between the influencing factors and landslide occurrence. In this 

study, the factor of slope gradient was positively correlated to landslide occurrence, while other 

three factors including distance to fault line, land use, and soil class were negatively correlated 

to landslide occurrence. Furthermore, the ‘Significant’ column in Table 5-5 represents the 

statistical significance level of each independent variable/influencing factor in this model. 

Among these four independent variables, slope gradient, distance to fault line, and soil class 

have a significant level with three asterisks, which means they are statistically significant to 

0.001 (very strong). In contrast, the variable of land use has no asterisk, which means it is not 

statistically significant at all. Overall, this model appears to be satisfactory for landslide 

susceptibility assessment in the study, as its intercept is statistically significant (three asterisks). 

Table 5-5: The coefficients of the LR model for landslide susceptibility assessment 

 

Based on the coefficients of the LR model, a landslide susceptibility map of the entire study 

area was produced in ArcGIS as shown in Figure 5-26. The map shows that the western part 

of the study area is more susceptible to landslides than the eastern part. Most of the highly 

susceptible areas are located in the mountainous regions, especially the Seaward Kaikōura 

Range and the Haycock Range. On the other hand, low susceptibility areas are widely 

distributed in river/stream channels, as well as in the eastern part of the study area. 

Coefficients:

Estimate Std. Error z value Pr(>|z|) Significant 

(Intercept) -2.127000 0.418000 -5.090000 0.000000 ***

Slope Gradient 0.061030 0.002119 28.803000 < 2e-16 ***

Distance To Fault -0.000080 0.000015 -5.446000 0.000000 ***

Land Use -0.006018 0.005949 -1.012000 0.311729

Soil Class -0.069270 0.018040 -3.841000 0.000123 ***

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Figure 5-26: The landslide susceptibility map of the study area 

In order to compare with the ESC data, the landslide susceptibility map was recategorised into 

four classes of susceptibility: low, medium, high, and very high (Figure 5-27). The proportion 

of each susceptibility class is presented in Table 5-6. More than half of the terrestrial area has 

high (31.19%) and very high (21.42%) levels of susceptibility to landslides. The medium level 

of landslide susceptibility covers more than a quarter of the terrestrial area (26.08%), and the 

low susceptibility class has the lowest proportion of 21.31%.  
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Figure 5-27: Reclassified landside susceptibility map 

Table 5-6: The size of each landslide susceptibility class 

 

5.4.2 ESC comparison 

Table 5-7: The size of each ESC classification in the study area 

 

Table 5-7 was created based on the ESC data (see Section 3.9). This table demonstrates five 

ESC classes including low, moderate, high, very high, and water and others. Since the class of 

water and others only comprises a small portion of the total area (about 4%), this study 

excluded it to keep the data comparable with the landslide susceptibility map. According to 

Table 5-7, most the study area is of the moderate and high ESC levels (moderate level at 35.52% 

and high level at 34.67%). On the other hand, the very high level of ESC area has a proportion 

Low Medium High Very High Total

Area (Ha) 8,136.58 9,954.88 11,905.83 8,180.49 38,177.77

Proportion 21.31% 26.08% 31.19% 21.43% 100.00%

Landslide Susceptibility

Water and others Low Moderate High Very High Total

Area (Ha) 1,424.04 5,339.40 13,593.01 13,264.52 4,642.64 38,263.61

Proportion 3.72% 13.95% 35.52% 34.67% 12.13% 100.00%

ESC Classification 
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of 12.13%, which is the lowest of the four categories. By contrast, the low level of ESC covers 

13.95% of the total area. To compare Tables 5-6 and 5-7, the area with very high level of 

landslide susceptibility increased by more than 3,500 ha after the Kaikōura earthquake, while 

the area of medium landslide susceptibility decreased by more than 3,600 ha. 

5.5 Summary 

This chapter illustrated two sets of landslide detection outputs: NDVI and UIC. The analysis 

results found that UIC was a better way to interpret the landslide distribution from the pre- and 

post-earthquake satellite images to meet the objective of this study. By removing the area of 

pre-earthquake landslides from the post-earthquake landslide map, the map of the Kaikōura 

earthquake-triggered landslides was generated in ArcGIS, which was a key step for landslide 

susceptibility assessment. In addition, this chapter described the results of each influencing 

factor in association with the landslide occurrence, including slope gradient, land use, soil type 

and distance to fault line. Based on these results, an LR model was produced in RStudio. The 

coefficients of the LR model demonstrated that three of the influencing factors were 

statistically significant to landslide occurrence, including distance to fault line, slope gradient 

and soil type. The landslide susceptibility map after the Kaikōura earthquake was generated 

using the model coefficients in ArcGIS Pro. By comparing the landslide susceptibility map and 

the ESC data, a large increase in the category of very high susceptible areas was found after 

the Kaikōura earthquake. 
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Chapter 6 Discussion 

6.1 Introduction 

This chapter will summarise the achievements of this research and describe its potential 

limitations. Furthermore, the contribution to existing knowledge of the Kaikōura earthquake 

will be briefly discussed.  

6.2 The Achievements 

The achievements of this study comprise three components: (a) ascertained the spatial 

distribution of earthquake-triggered landslides in the study area from remote sensing images; 

(b) determined influencing factors to cause landslides in the study area; and (c) revealed land 

stability changes after the Kaikōura earthquake. 

6.2.1 Mapping landslides from remote sensing images 

A. Use of Sentinel-2 images 

Sentinel-2 satellite images were the primary source used to map landslides in this study. 

Compared with other mainstream optical satellites including Landsat and ASTER, Sentinel-2 

satellites offer a higher spatial resolution of VNIR bands ‒ 10 m compared with 15 m of 

ASTER and 30 m of Landsat ‒ and a higher revisit frequency of 5 days compared with 16 days 

of ASTER and Landsat (Li et al., 2017; Satellite Imaging Corporation, 2021). These strengths 

make Sentinel-2 images one of the best imagery sources to monitor the landscape changes 

affected by the Kaikōura earthquake (Jelenek et al., 2021). Although these Sentinel-2 images 

have only a medium spatial resolution, most of the major landslides in the study area can still 

be detected and identified using an appropriate image classification approach. This study used 

two Sentinel-2 images (pre- and post-earthquake) to analyse the landslide changes induced by 

the Kaikōura earthquake. Moreover, two separate methods (NDVI and UIC) were attempted to 

map the landslides on both images based on the contrast of various ground objects. NDVI was 

good at detecting the vegetation and screening its health conditions but was not able to 

distinguish the different types of landslides. Hence, UIC was utilised as a comparative method 

to create the landslide distribution maps before and after the Kaikōura earthquake. Even though 

UIC has not been widely recognised as the most useful method for spectral image analysis, it 

was still considered as an applicable approach, because the landslides, as the only object of 

interest in this study, have their own unique spectral properties on the images. Those distinctive 
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landslides affected by the earthquake, therefore, can be reliably and efficiently mapped via UIC 

(Gao, 2009, p. 283). By applying object-based image classification via UIC, two landslide 

distribution maps were successfully produced. However, the spatial resolution of Sentinel-2 

images prevented the delineation of small landslides, as any landslides smaller than a pixel size 

of 10 by 10 m² would be counted as a whole pixel during the process of image classification 

(Gao et al., 2010). In order to overcome the limitation of coarse resolution and evaluate the 

accuracy of landslide detection results, two high-resolution RGBi aerial photos were used to 

improve the two initial landslide distribution maps to a very fine level of detail. 

B. Use of RGBi photos 

This study used two RGBi aerial photos (0.3 by 0.3 m² of pixel size) from LINZ to visually 

verify the landslides delineated in the satellite images. Although the RGBi photos provided a 

very high level of confidence in validating the landslide features (size, shape, and location) 

owing to their high spatial resolution, the main defect of using these photos found during the 

validation process was the gap between the capture dates of satellite images and aerial photos. 

For example, the pre-earthquake RGBi photos were taken in January 2015, while the pre-

earthquake Sentinel-2 image was captured in February 2016. Many new landslides have 

occurred during the period of this gap, and many previously exposed landsliding sites have also 

been revegetated. In such cases, those newly occurring landslides that were detected in the 

satellite images but were not present in the aerial photos were retained as they could not be 

evaluated by using the aerial photos. On the other hand, those landslides that had become 

revegetated before the Kaikōura earthquake were removed from the pre-earthquake landslide 

distribution map, because they would prevent the identification of geomorphological influence 

on earthquake-triggered landslides. Consequently, two refined landslide distribution maps (in 

vector format) were created and verified through visual comparison with the aerial photos, as 

well as a flight being made over the study area. Their quality was rather reasonable and 

acceptable for LR modelling.  

6.2.2 Influencing factors to cause landslides in the study area 

Based on the research of Tibaldi et al. (1995); Yalcin et al. (2011); and Polykretis et al. (2019) 

in a similar context, four independent variables (slope gradient, land use, soil type, and distance 

to fault line) were selected to evaluate the significant influences associated with the earthquake-

triggered landslides in the study area. An LR model statistically evaluated the spatial 

relationship between these independent variables and the distribution of earthquake-triggered 
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landslides. Among these four variables, the model coefficients indicated that slope gradient, 

soil type, and distance to fault lines were significantly related to the landslide occurrence after 

the Kaikōura earthquake. In the Kaikōura hill country, the landslide distribution was highly 

correlated with slope gradient as it determines the stability of the shear strength of earth 

materials in terms of causing mass movement (see Section 2.2). In addition to slope gradient, 

certain types of soils were also highly related to landslide occurrence. Since the gravitational 

force is normally affected by the thickness of the earth materials (Gao et al., 2010), the soil 

differences tended to have a strong impact on the landslide distribution in the study area (see 

Section 5.3.4). Furthermore, the landslide distribution was highly concentrated along the fault 

lines. This is strong evidence indicating the influence of seismic energy on earthquake-

triggered landslides (see Section 2.9.1). 

This study succeeded in constructing an LR model to evaluate the significance of the 

influencing factors to the earthquake-triggered landslides in the study area. The model results 

were rather satisfactory in terms of illustrating the landslide distribution after the Kaikōura 

earthquake. However, it was very difficult to differentiate which influencing factor was the 

main cause of the landslides in the study area, because all three variables (slope gradient, soil 

type, and distance to fault lines) have the same level of statistical significance (0.001). 

Additionally, the whole LR model also showed a very strong level of statistical significance 

reaching 0.001. 

6.2.3 Land stability changes after the Kaikōura earthquake 

According to the coefficients of the LR model, a post-earthquake landslide susceptibility map 

was generated to present the potential landslide hazard zone in the study area. This map divided 

the entire study area (terrestrial surface) into four different categories and was subsequently 

compared with the soil erosion data (ESC) in order to determine the land stability changes after 

the Kaikōura earthquake. The comparison results showed that: 

1. The landslide susceptibility map made a great improvement in identifying the land 

stability on a finer scale in the study area. Since the mapping scale of ESC data is 

1:50,000, the subtle detail of land stability in small areas, especially under a size of 1 

ha, cannot be defined (MfE, 2012). However, this landslide susceptibility map was able 

to illustrate much finer details of land stability in many small areas due to the use of a 

series of raster data with a cell size of 10 m (see Section 4.2.2). 
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2. This study statistically summarised the area and proportion of each landslide 

susceptibility category. These statistical figures were subsequently compared with the 

ESC data. The comparison result indicated a great increase in very high landslide 

susceptibility category, as well as a significant decrease in medium landslide 

susceptibility category in the study area after the Kaikōura earthquake.  

6.3 The Potential Limitations 

Four potential limitations of this study were found: (1) the limitation of UIC; (2) the limitation 

of 8 m DEM; (3) the limitation of independent variables; and (4) the limitation of sample area. 

1. Although the implementation of UIC is relatively simple and fast, its results are “merely 

spectral clusters that do not necessarily correspond to information classes on the ground” 

(Gao, 2009, p. 283). This can explain why the initial landslide detection results in this 

study were rather noisy. Even though this study used visual comparison and manual 

reassessment to improve and refine the detection results, these manual processes were 

rather slow and highly reliant on the personal experience of the image interpreter. In 

addition, the parameters of cluster setting can be varied depending on the study purpose 

but setting the best parameters via trial and error before starting the whole UIC process 

was very time-consuming in this study. To overcome the limitation of UIC in a similar 

study context, an approach of combining unsupervised classification and supervised 

classification can be adopted to improve the image classification results in a complex 

ground scene. 

2. Although the 8 m DEM data has a reasonable quality for such terrain analysis (as the 

source data to derive the slope gradient in this study), it is not directly sensed/surveyed 

elevation data. In fact, it is a type of secondary source data derived from the NZ Topo50 

maps (see Section 4.2.2.1). Therefore, the 8 m DEM data contains a certain degree of 

uncertainty. On the other hand, the latest 1 m DEM data released by LINZ is produced 

from LiDAR imagery. This type of LiDAR imagery is the raw source data with an 

extremely high accuracy (LINZ, 2020), but the current version unfortunately only 

covers the main urban areas of New Zealand at this stage. In the near future, the 1 m 

DEM data can be the best alternative resource to replace the 8 m DEM data in similar 

studies once it becomes available. 

3. Although this study assessed four independent variables in the LR modelling to analyse 

the spatial relationship between the landslide occurrence and geomorphological 
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influence, extra variables, such as slope aspect, elevation, and lithology, should still be 

considered to increase the significance of the model. For example, slope aspect is 

usually a very critical factor to determine landslide occurrence, especially in 

mountainous regions (Kamp et al., 2008). Additionally, the influencing factor of land 

use has been statistically evaluated, which was not significant to the landslide 

occurrence in this study context (see Section 5.4.4). Hence it can be replaced by the 

influencing factor of slope aspect in order to improve the existing LR model. 

4. Although the study area has approximately 40,000 ha, the sample area for landslide 

mapping only covers about 24,669 ha, accounting for 64.47% of the terrestrial surface 

(38,262 ha). This study excluded bare ground above the treeline due to the difficulty of 

identifying the landslide-affected sites in those areas through visual validation (as 

unvegetated bare ground above the treeline in the study area has very similar features 

to landslides). Even though this exclusion ensured the accuracy of landslide validation 

results, a certain number of landslides have been eliminated through this processing. In 

addition, the threshold of the treeline/vegetation line (1,000 m above sea level) was 

approximately estimated based on the distribution of ground vegetation observed on the 

RGBi aerial photos, so this estimation was rather rough without confirmation from field 

data. Moreover, the river channels were also excluded from the sample area due to their 

gentle terrain (slopes less than 10°). This will also lead to omission of landslides in the 

distribution of landslide-affected sites, because a few landslides may occur near the 

channels or be submerged under water after the earthquake. Therefore, with a shrunken 

sampling area (about two thirds of terrestrial), the distribution quality of landslide-

affected sites will be affected, which will subsequently lead to potential statistical 

deviations in the later LR modelling. 

6.4 The Research Contribution  

This study contributed to existing knowledge of the Kaikōura earthquake-triggered landslides 

from two main aspects: (1) image interpretation; and (2) statistical modelling. 

1. This study proposed an image processing schema combining multiple source optical 

remote sensing imagery of high-low spatial resolutions to quickly delineate the 

earthquake-triggered landslides and effectively evaluate the landslide susceptibility 

changes caused by the Kaikōura earthquake. A similar research has been carried out in 

the same study area by Jelenek et al. (2021), who concluded that Sentinel-2 satellite 



 

93 

 

imagery is a great free resource to provide a quick insight of earthquake impact 

assessment prior to field work. Nevertheless, their study also required additional 

imagery data to verify/compare the quality of change-detection assessment based on 

Sentinel-2 images. For example, Jelenek et al. (2021) used the Sentinel-1 radar imagery 

as a comparative data for automatic detection of earthquake-triggered landscape 

changes. 

2. This study used an LR model to assess landslide susceptibility after the Kaikōura 

earthquake based on four independent variables. The research of Massey et al. (2018) 

utilised the same statistical approach (LR model) to identify the spatial distribution of 

landslides triggered by the Kaikōura earthquake. Compared with their study, this study 

focused more on landslide susceptibility assessment, and therefore, two additional 

variables (land use and soil type) were examined rather than other geological factors. 

Both Massey et al. (2018) and this study found that the density of earthquake-triggered 

landslides was much higher near the ruptured fault lines than farther locations. 

6.5 Summary 

This chapter outlined the major achievements of this research, as well as  spelling out some 

potential limitations discovered during the study. It also discussed the contribution of this study 

to existing knowledge in the similar research context and a few common conclusions drawn in 

several previous studies. 
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Chapter 7 Conclusion 

7.1 Introduction 

This thesis aimed to assess the geomorphological influences on earthquake-triggered landslides 

in Kaikōura in the South Island of New Zealand. This chapter will summarise the main findings 

of this research and make recommendations for further study. 

7.2 Research Findings   

The total area affected by pre-earthquake landsliding was 474.05 ha with 734 eligible 

landslides, and it increased to 1,656.40 ha after the Kaikōura earthquake with a total of 2,765 

landslides identified in the study area. The net surface change affected by the earthquake was 

1,182.35 ha, and the landslide-detection variation was 61.54 ha, which summed to a total of 

1,243.89 ha of landsliding caused by the Kaikōura earthquake. Overall, the proportion of 

landslide-affected areas rose from 1.92% before the earthquake to 6.71% after the earthquake.  

In general, slope gradient exerted a significant influence on the landslide occurrence in this 

study. 58.58% of the landslides occurred on precipitous slopes (=> 45°) before the earthquake, 

which increased to 63.18% after the earthquake. In terms of landslide distribution, the pre- and 

post-earthquake landslides retained a similar pattern, while the density of landslides increased 

rapidly as the slope gradient rose from steep (20° - 30°) to precipitous (=> 45°). The landslide 

density on the precipitous slope increased dramatically from 0.027 (pre-earthquake) to 0.111 

(post-earthquake) per ha. 

In addition, the earthquake-triggered landslides were negatively related to the distance to fault 

lines. 81.33% of the pre-earthquake landslides occurred within 4 km of fault lines, while 82.21% 

of the post-earthquake landslides occurred in the same distance zone. According to statistical 

results (Table 5-2), most of the landslides clustered between the distances of 2 to 4 km from 

fault lines, at a density of 0.024 landslides/ha before the earthquake, and 0.083 landslides/ha 

after the earthquake. The number of landslides decreased quickly beyond 4 km from the fault 

lines in the study area. 

Moreover, a large majority of the landslide-affected sites were distributed in the soil types of 

BL and BO. 64.71% of the pre-earthquake landslides were located in these two types of soils, 

while 76.64% of the post-earthquake landslides were associated with the same types of soils. 

The PI soil had the densest landslides before the earthquake at 0.033/ha. In contrast, the BO 
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soil had an average density of 0.121 landslides/ha after the earthquake, followed by the ER soil 

(0.096/ha). 

Furthermore, this study discovered that there was no definite relationship between landslide 

occurrence and land use. Most of the landslides occurred in natural forest in both the pre- and 

post-earthquake event images (49.73% before and 62.21% after the Kaikōura earthquake).  

Overall, the landslide susceptibility map produced in this study illustrated that 52.62% of the 

terrestrial surface in the study area were in the categories of ‘High’ and ‘Very High’. In 

particular, the area of the ‘Very High’ category of landslide susceptibility increased by 

3,537.85 ha after the Kaikōura earthquake.  

7.3 Recommendations for Further Study 

Primarily, Sentinel-2 satellite imagery is one of the best resources for mapping earthquake-

triggered landslides, yet using secondary imagery data with higher spatial resolution, including 

sub-metre satellite imagery, aerial photographs, or drone images, is highly recommended to 

increase the accuracy of analysis results from Sentinel-2 imagery. Additionally, an original 

source of elevation data like LiDAR with sub-metre or metre resolutions should be considered 

in deriving topographic variables if available, as the DEM data is one of the key elements 

affecting the spatial occurrence of such natural disasters including landsliding and flooding. 

Lastly, more independent variables than four need to be involved for statistical modelling. This 

will increase the significance level of modelling and help to produce more robust outputs. 

On the other hand, using a support vector machine (SVM) can be considered as an alternative 

approach to determine the relative importance of predictive/independent variables to LR 

modelling in a similar research context. A SVM is a machine learning algorithm that can use a 

small number of samples to make predictions, and it has the capacity to match the complexity 

of massive data (Huang et al., 2018; Ballabio et al., 2012). Mathematically, SVM is used to 

allocate the best hyperplane (classifier) that has the maximum-margin between each individual 

dataset (variables), which performs well in terms of segmenting the importance of each data 

class (Srivastava, 2014). Since mapping landslide susceptibility is a typical classification 

problem (either present or not present in a specific site), the proper use of a SVM classifier can 

outperform many other statistical classifiers when determining the significance of variables in 

landslide occurrence (Ballabio et al., 2012). 
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7.4 Summary 

To conclude, the objectives of this study have been successfully achieved. Firstly, two quality 

landslide distribution maps before and after the Kaikōura earthquake have been produced. 

Additionally, an LR model has been constructed from four independent variables. The model 

results indicate that three of them have strong impacts on the landslide occurrence. Finally, the 

changes of land stability affected by the earthquake in the study area have been statistically 

summarise and compared. 
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