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Figure 2.1 The updated Varnes classification of landslide types as presented in Massey (2010).While not included within this 
classification, my thesis considers deep-seated soft-rock landslides, typically classified as translational or rotational rock 
slides, and translational or rotational debris slides. Their classification depends on the geometry of the failure surface and 
the competency of the landslide material. This figure is based on the classification by Varnes (1978) and the landslide 
schematics by Highland and Bobrowsky (2008). 
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Other studies have used ground and UAV based LiDAR and SfM systems (Bitelli et al., 
2004) to monitor landslides via repeat DEM analyses. These surveys operate similarly to 
those discussed in the mapping section, but their proximity to the ground surface allows them 
to collect significantly higher resolution data. Today’s surveys are capable of creating DEMs 
that have resolutions of 10 cm or less (McColl et al., 2022) and have sub-centimetre levels of 
precision. By combining DEMs from multiple survey dates it is possible to create DEMs of 
Difference (DoDs) that allow you to measure elevation gains and losses due to landslide 
activity (Williams, 2012). 

While these techniques have been used effectively in many studies, they are not well suited 
for monitoring landslides at regional scales. The main limitation of these techniques is their 
time and monetary costs, which limit the size and number of landslides that can be surveyed. 
Consequently, it is rare to find studies that present data using these techniques for more than 
a few landslides.  Additionally, the high cost of instrumenting a landslide using these 
techniques frequently leads researchers to conduct monitoring only within landslides that are 
already known to be active (Simoni et al., 2013a). Thus, these techniques are seldom used to 
identify previously unreported active landslides. However, remote sensing techniques have 
been developed that make it easier to monitor soft-rock landslides on regional scales (Zhong 
et al., 2020). 

2.5.2 Image Change Detection 
In the last twenty years, numerous Earth observation satellite missions have begun to provide 
remote sensing data at little or no cost. Researchers have used these data to find signs of 
landslide activity at regional scales by identifying changes in the landscape between 
successive images (i.e., change detection) (Huang et al., 2019; Mondini, 2017; Parker et al., 
2011). In addition, satellite images frequently measure electromagnetic radiation outside of 
the visible spectrum, allowing different aspects of the landscape, such as temporal variations 
in the normalized difference vegetation index, to be analysed (Behling et al., 2014; Huang et 
al., 2019). 

The amount of data available to perform this type of analysis is staggering. Terabytes of new 
remote sensing data are produced daily, which is much faster than visual interpretation 
methods can utilize it. Instead, many researchers rely on automated change detection 
techniques, which can be used to automatically identify changes in images (Huang et al., 
2019; James et al., 2012; Lu et al., 2011). These models use the same types of statistical 
techniques used within landslide susceptibility studies, but use them to identify changes in 
remote sensing images that are related to landslide failure (Huang et al., 2019; Lu et al., 
2011). 

The changes detected by these models are often related to the removal of vegetative cover 
and the generation of landslide scars (Handwerger et al., 2022), which makes them the 
preferred method for creating event-based landslide maps for shallow landslides. However, 
since soft-rock landslides tend to move more slowly and do not fully vacate their scars, 
changes related to their movement can be more difficult to detect. Still, soft rock landslide 
movement can produce new scarps or tension cracks which can be observed using these 
techniques (Hervás et al., 2003). Additionally, performing change-detection analyses using 
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time-separated DEMs (James et al., 2012) provide another way to detect soft-rock landslide 
activity since their movement is more apparent within these datasets. 

2.5.3 Image Feature Tracking 
While change detection can identify signs of activity, another technique called image feature 
tracking can track the movement of features between successive images. The first studies to 
perform image feature tracking did so by manually identifying features within remote sensing 
images, then calculating their displacement between successive geolocated images (Lucchitta 
and Ferguson, 1986; Mackey and Roering, 2011). Soon, it became clear that manual feature 
tracking could not keep pace with the rates of remote sensing data production and automated 
processes were developed to perform the feature tracking. These algorithms are collectively 
known as digital image correlation (DIC), or pixel offset tracking (POT) algorithms and use 
statistical measures of pixel similarity to track the movement of features within successive 
images (Bickel et al., 2018; Heid and Kääb, 2012). While a variety of algorithms exist, two 
prominent implementations include the autonomous repeat image feature tracking 
(AutoRIFT) (Lei et al., 2021) and Co-Registration of Optically Sensed Images and 
Correlation (COSI-Corr) (Leprince et al., 2007) algorithms. In addition, many of these POT 
algorithms employ super-sampling (i.e., interpolating between pixel values in an image to 
synthesize a higher resolution image) to identify features at the sub-pixel level (Amitrano et 
al., 2019; Sun and Muller, 2016). POT algorithms that employ super-sampling are called sub-
pixel offset tracking (sPOT) algorithms and are currently considered to be the most effective 
image feature tracking approach (Bickel et al., 2018; Heid and Kääb, 2012). 

There are a variety of sPOT algorithms, but the majority rely on a process similar to the one 
described below (Figure 2.3) (Bickel et al., 2018). First, a small square of the second image 
(called the template chip), typically 4 to 32 pixels wide, is selected surrounding a given pixel, 
and the similarity of this small square is compared to the area surrounding the given pixel in 
the first image (called the source image patch). The similarity between the template chip and 
all locations within the source image path are then calculated using a statistical measure. The 
location with the highest similarity to the template chip is deemed to be the template pixel’s 
original location. Often, the template chip and source image patch are oversampled to create 
higher resolution imagery, allowing you to identify the best match at the sub-pixel level. 
Finally, the displacement of the template pixel is measured by calculating the distance 
between the template pixel and its original location. This process is repeated for each pixel 
within the second image, which results in a map of the displacement between the two images. 
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Figure 2.3. Schematic sPOT framework. A match with for the template (second) image patch is searched for within the 
source (first) image’s search area, and the point the maximum similarity (NCC) is identified. This process is then repeated 
for the entire image to create velocity measurement for each pixel. Modified from Lei et al., (2021). 

The main difference between sPOT algorithms is how they search for the location of the 
reference chip in the second image and what similarity measure they use. To measure 
similarity, most algorithms either use the normalized cross-correlation coefficient of the base 
imagery (Lei et al., 2021) or of the data’s fast Fourier transform (FFT) (Leprince et al., 2007). 
Some studies have shown that transforming the data into the frequency domain can improve 
the number of pixels where sPOT can identify matches between the two images, but both 
options tend to produce data of comparable accuracies (Bickel et al., 2018). Several studies 
have also attempted to improve accuracy by pre-filtering the imagery, but this has had limited 
success (Cai et al., 2017; Dille et al., 2021; Sun and Muller, 2016). 

In addition to these techniques, researchers have also tried to improve the accuracy and 
temporal span of sPOT analyses by combining data from multiple image pairs (Casu et al., 
2011; Dai et al., 2020; Sun et al., 2017). This technique is called time-series sPOT. Time-
series sPOT uses a methodology similar to SBAS InSAR (described below) to combine data 
from multiple time-spans into a single deformation time-series and velocity estimate. This 
technique has been shown to improve accuracies, and the final velocity estimates tend to have 



 

21 
 

an average error between 1/20th to 1/10th of the imagery pixel size (Bickel et al., 2018; Lei et 
al., 2021; Leprince et al., 2007). Imagery from the Sentinel-1, Sentinel-2, and Landsat 
constellations are commonly used to perform sPOT and have pixel sizes of roughly 10 – 15 
m, which corresponds to likely errors of 0.5 to 1.5 m. Notably, sPOT analyses conducted with 
current publicly available satellite data have a lower velocity observation limit similar to the 
upper-velocity observation limit of InSAR analyses. Consequently, researchers have 
demonstrated that InSAR and sPOT are complementary tools (Amitrano et al., 2019; Hu et 
al., 2020b), but to date no regional landslide studies have combined these techniques within a 
single monitoring framework. 

2.5.4 InSAR 
While the remote sensing techniques previously discussed rely on identifying signatures and 
structures that are characteristic of landslides, a process called Interferometric Synthetic 
Aperture Radar (InSAR) is capable of directly observing landslide movement (Bayer et al., 
2018; Bozzano et al., 2017; Shi et al., 2019b; Villi et al., 2016; Yan et al., 2018). This ability 
offers a new way to approach landslide mapping and can be used to monitor landslide activity 
on a regional scale (Bonì et al., 2018; Haghighi and Motagh, 2017). InSAR utilizes data from 
Synthetic Aperture RADAR (SAR) satellites. SAR satellites use RADAR systems that direct 
pulses of microwave electromagnetic radiation toward the ground surface, then observe both 
the amplitude and phase of the returned signal (i.e., echo) (Rosen et al., 2000). By combining 
data from multiple pulses broadcast at different locations along the satellite’s orbit, these 
satellites can create images at a much higher resolution (i.e., synthesize a larger aperture) 
than standard RADAR systems. 

SAR systems have several unique characteristics that make them useful in a variety of 
applications (Massonnet and Feigl, 1998; Osma�Q�R�÷�O�X���H�W���D�O����������������. SAR systems generate 
their own source of electromagnetic radiation. Thus, unlike visual spectrum passive remote 
sensing satellites that observe the reflection of electromagnetic radiation from outside 
sources, SAR satellites can make observations at night. Second, microwaves do not interact 
strongly with water vapor in the atmosphere, which means they can observe the ground 
surface when there is cloud cover. This is a significant advantage since roughly 75% of 
Earth’s surface is covered by clouds at any given time (Wylie et al., 2005). Thus, SAR is well 
suited for applications requiring consistent repeat measurements and applications requiring 
data immediately, regardless of cloud coverage or time of day. These scenarios include 
military applications, flood tracking (Martinis et al., 2015; Tellman et al., 2021), and other 
forms of natural disaster response (Handwerger et al., 2022; Joyce et al., 2009). 

These repeat measurement applications all utilize SAR amplitude data, but SAR data also 
includes a phase component. The phase component of SAR data records the phase of the 
microwave signal that is returned from each location on the ground. The returned phase is a 
function of the distance between the satellite and the ground, but because only the final phase 
of the wave, and not the number of completed wave cycles, is observable, a single SAR phase 
acquisition appears to be random noise. However, by comparing phase data from two 
acquisitions taken at the same location but at different times, it is possible to measure the 
relative change in the distance between the ground surface and satellite on millimetre to 
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centimetre scales (Rosen et al., 2000)  (Figure 2.4). This analysis is called interferometry and 
allows users to measure small ground movements with high accuracy. InSAR is used in 
various applications, including landslide, earthquake, volcano, and infrastructure monitoring 
(Anantrasirichai et al., 2021; Bürgmann et al., 2000; Hooper et al., 2012; Schaefer et al., 
2019; Wasowski and Bovenga, 2014). 

 

 

Figure 2.4 Schematic of the InSAR principle. By measuring the phase of a microwave signal that travels between a satellite 
and a ground at two times (R1 and R2), we can compute the change in the phase and the movement of the feature (�Â�N). 

Landslide InSAR monitoring has not yet become highly utilized, largely due to the difficulty 
in acquiring high-quality landslide InSAR data. The main issue that prevents the collection of 
these data is that InSAR images must be highly coherent to produce high-quality data 
(Wasowski and Bovenga, 2014). In this context, coherence is defined as the strength of the 
correlation between the phase and amplitude signal returned by the first observation and the 
phase and amplitude of the following observation. High coherence is particularly difficult to 
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achieve in the natural settings where landslides occur because factors such as interference 
with the ionosphere and troposphere, movement of the satellite, movement of vegetation, and 
fast ground movement are all capable of decorrelating the signal. Loss of coherence due to 
ground movement theoretically occurs when movement in the satellite’s line-of-sight exceeds 
half the wavelength of the signal emitted by the satellite. For Sentinel-1, the most commonly 
used SAR satellite (Mantovani et al., 2019), the maximum displacement that can be observed 
between two capture dates is roughly 2.5 cm. This means that landslides moving faster than 
this can be challenging to measure. This is a persistent issue in landslide InSAR research that 
limits the types of landslides observable with the technique. 

To combat these issues, researchers have developed techniques that combine data from many 
highly coherent InSAR images of a single location across multiple years (Wasowski and 
Bovenga, 2014). This approach includes a variety of techniques that are collectively referred 
to as time-series InSAR. The method was pioneered by Ferreti et al. (2001), who used a 
careful selection of pixels that represent highly coherent objects (persistent scatterers (PSs)), 
such as the sides of buildings and rock outcrops, to solve for deformation over time. While 
this was a major advancement, many researchers noted that this technique performed poorly 
in natural areas where few PSs are present (Berardino et al., 2002). To address this issue, the 
small baseline subset (SBAS) technique, which relies on distributed scatters (DSs) instead of 
PSs, was developed by Berardino et al. (2002). Unlike PSs, which have a coherent signal 
created by a single source, DSs are composed of many distributed scatterers that, on average 
produce a coherent signal, such as bare earth or short grass (Even and Schulz, 2018). While 
PS and DS methods remain the foundation of time-series InSAR, many new techniques have 
been developed that extend or modify their capabilities. A notable advancement was made 
with SqueeSAR (Ferretti et al., 2011), which treats internally homogenous groups of DSs as 
PSs, thus enabling the processing of both PSs and DSs within a PS workflow. However, 
software to conduct SqueeSAR-type analyses is not yet publicly available, and most research 
still relies on either a PS or DS methodology. 

Since time-series InSAR is sensitive to movement on the order of millimetres to centimetres 
and is challenging to conduct in natural areas, the ground deformation maps produced by 
time-series InSAR often contains high levels of noise and deformation signals related to other 
processes. This can make it challenging to identify landslide movement within these datasets. 
Consequently, researchers have employed various techniques to identify the InSAR signal 
produced by landslides. One method is to visually inspect the full deformation dataset to 
identify zones of activity that mimic the movement expected of landslides (Handwerger et al., 
2019b; Xu et al., 2021b). While this technique can work, it is difficult to perform consistently 
and efficiently across large regions. Other studies have filtered time-series InSAR data to 
enhance the strength of landslide movement signals by either projecting the InSAR-measured 
velocities in the downslope direction (the expected path of landslide movement) (Notti et al., 
2014; Solari et al., 2019) or by applying filters that emphasize local deformation at the 
expense of obscuring regional trends (Bekaert et al., 2020). In many cases, statistical 
thresholds are then applied to the datasets (i.e., the velocity of the landslide must be greater 
than the standard deviation of the entire velocity dataset) to identify local zones of activity 
(Bekaert et al., 2020; Bonì et al., 2018; Plank et al., 2012; Solari et al., 2020). 
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Overall, considerable progress has been made towards improving the quality of landslide 
time-series InSAR analyses, but more work needs to be. The existence of a relatively low 
maximum movement detection limit (2.5 cm between image pairs of Sentinel-1 images), the 
reductions in coherence related to vegetative cover, and the numerous types of movement 
present within the sensitivity range of time-series InSAR all diminish the utility of this 
technique. Additionally, it is often difficult to assess the quality of InSAR landslide activity 
identification analyses because studies often do not include a robust statistical comparison to 
external validation data (Bekaert et al., 2020; Solari et al., 2020). Assessing the quality of 
InSAR activity monitoring is another important step we need to take to determine if this 
technique is suitable for landslide monitoring. As discussed above, many techniques have 
been developed to address these issues individually. Still, if we want InSAR activity 
monitoring to be widely usable, we need to develop holistic frameworks that address all of 
these issues. 

2.6 Landslide Sediment Dynamics 
Studies from across the world have documented the high sediment production rates of soft-
rock landslides, and the important role they play in the sediment delivery dynamics of 
uplifting regions. Work by Korup and colleagues (Korup et al., 2010; Korup and Weidinger, 
2011) highlighted that landslides play an important role in the denudation and evolution of 
mountain ranges. Also, work on the threshold slope model of terrain evolution has 
demonstrated that landslide activity directly regulates terrain slope angles (Agliardi et al., 
2013; Bennett et al., 2016; Korup and Weidinger, 2011; Roering et al., 2015). 

While these studies demonstrate the long-term importance of landslides in regional sediment 
dynamics, other studies have also noted the contemporary impacts of landslides have on river 
sediment systems. Work in the China by Parker et al., (2011) showed that landslide-related 
denudation caused by the 2008 Mw 7.9 M Wenchuan earthquake was greater than the amount 
of volume gained during the associated uplift. Also, work by Mackey and Roering (2011) in 
California, and Simoni et al., (2013b) in Italy showed that large landslides in these regions 
contributed 1.1 Kt/km2/yr and 1.3 Kt/km2/yr of sediment to their respective catchments. 
Additionally, work in our study area (the Central North Island of New Zealand) has measured 
the sediment contribution from a single landslide and found that it contributes at least 40 
Kt/yr of sediment (McColl et al., 2022). 

Understanding the sediment delivery dynamics of soft-rock landslides in particular has 
become more important as our understanding of river water quality has evolved. Fine-grained 
sediment is now known to be a significant biological impairment that decreases water clarity 
and increases the cost of water treatment (Collins et al., 2011; Davies-Colley and Hughes, 
2020, p.; Davies-Colley and Smith, 2001; Owens, 2020). Excess sedimentation can also lead 
to the embedding of coarse substrate in rivers and a consequent loss of habitat for riverine 
invertebrates (Bilotta and Brazier, 2008; Jones et al., 2012). Due to these issues, many 
governments have started to recognize excessive fine-grained sediment as a pollutant and 
have begun to regulate its occurrence (Bilotta and Brazier, 2008; MacDonald et al., 2000). In 
New Zealand and other countries, maximum sediment standards based on either turbidity or 
sediment concentrations have been set that river managers must now meet. 
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The primary tools that managers use to understand sediment dynamics are erosion, sediment 
load and budget models (Hinderer, 2012). These models use a combination of direct 
observations, statistical relationships, and physical models to identify sediment sources 
within a catchment and quantify the sediment contributions from each source. Early erosion 
models such as the universal soil loss equation (USLE) (Renard and service, 1997) and the 
Water Erosion Prediction Project (WEPP) ���%�ý�O�W�H�D�Q�X���H�W���D�O�������������������*�X�]�]�H�W�W�L���H�W���D�O���������������� 
focused on a single erosion process, but more recent models such as SedNet (Wilkinson et al., 
2009) and SedNetNZ (Dymond et al., 2016) use frameworks that include a wider variety of 
erosion processes. While most early models focused on overland flow processes, newer 
models such as SedNetNZ include information on channel, gully and shallow landslide 
erosion processes (Betts et al., 2017; Dymond et al., 2016; Williams et al., 2020). However, 
no major sediment budget models include information on large, slow-moving landslides (e.g. 
soft-rock landslides), even though previous research has shown that these landslides are 
likely an important component of sediment budgets (Mackey and Roering, 2011; Simoni et 
al., 2013a). 

Large, slow-moving landslides have likely not been included within sediment budget models 
for three reasons: 1) the rapid influx of sediment but long dispersal times of catastrophic large 
landslide failures can provide chronic sediment delivery at a single source and irreversibly 
alter river configurations (Booth et al., 2013; Finnegan et al., 2019; Xu et al., 2009) 2) there 
has been an absence of data on landslide sediment loads, because measuring movement rates 
is challenging over large regions, and 3) for simplicity many previous sediment budget 
models treat  sediment as a non-point source pollutant (Dymond et al., 2016; Renard and 
service, 1997; Wilkinson et al., 2009), and thus point-sources of sediment like large 
landslides do not fit into their frameworks. However, the advances made in remote sensing 
and sediment budget analyses over the last twenty years may offer ways to incorporate large 
landslides into sediment budget models (Mackey and Roering, 2011; Simoni et al., 2013a). 
Early sediment budget models relied on broad physical and statistical models partly because 
it was infeasible to measure all of the erosion processes within a catchment. However, remote 
sensing analyses such as repeat LiDAR-DEM surveys (Day et al., 2013a, 2013b), automated 
tracking of river migration (Williams et al., 2020), and techniques such as InSAR and sPOT 
now provide ways to monitor erosional process on regional scales with comparatively low 
costs. 

Sediment budget model frameworks that represent erosion within discrete features are also 
being developed (Dymond et al., 2016; Wilkinson et al., 2014), but none of these models 
currently incorporate a soft-rock landslide component, although Dymond et al (2016) include 
an earthflow erosion component in SedNetNZ. Yet, two studies from the early 2010s 
(Mackey and Roering, 2011; Simoni et al., 2013a) demonstrated that regional sediment 
budget models of soft-rock landslides could be created using landslide movement and terrain 
data. However, both studies rely on manual or non-remote sensing monitoring strategies 
(manual feature tracking, and inclinometer measurements) that are difficult to scale 
efficiently. Still, with the recent advances in remote sensing techniques, I believe it is now 
possible to combine time-series InSAR and time-series sPOT landslide techniques with the 
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methodologies of these studies to create a remote sensing based soft-rock landslide 
component for sediment budget models. 
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Chapter 3 Study Area 
 

3.1 Soft-Rock Landslides in New Zealand 
Soft-rock landslides are common within much of New Zealand. Large portions of New 
Zealand are composed of weak Neogene sedimentary rocks that are susceptible to slope 
failure (Figure 3.1). Soft-rock landslides have caused issues such as  damage to houses in the 
towns of Abbotsford (Hancox, 2008) and Taihape (Massey et al., 2013), undermining of the 
country’s major highway and railroad line near Utiku (McSaveney and Massey, 2017), and 
damage to agricultural land and operations at a number of farms (Dellow et al., 2017; McColl 
and McCabe, 2016). Sediment delivery is also emerging as an important issue. New 
Zealand’s national government is working to reduce in-stream sediment concentrations, and 
the National Policy Statement for Freshwater 2020 requires an accurate accounting of all 
sediment sources. A recent study of one soft-rock landslide in the region has shown that these 
landslides are capable of contributing sizeable volumes of sediment to rivers (i.e. 40 Kt/yr of 
sediment for a single landslide) (McColl et al., 2022). Thus there is clearly a need to 
understand the factors their lead to their occurrence and continued activity as well as the 
overall role these landslides play in the sediment budgets of the country. 

3.2 The Whanganui Basin 
An important hotspot of soft-rock landslides within New Zealand is the Lower Whanganui 
Basin (Figure 3.1), which I will refer to as the Whanganui Basin for the remainder of this 
thesis. The basin is in the southwest portion of the North Island and is bounded by the 
Ruahine axial ranges composed of greywacke to the east and the Taupo Volcanic Zone to the 
north. It is a back-arc basin associated with subduction along the Australian-Pacific plate 
boundary off the east coast of the North Island (Walcott, 1978). Migration of the Taupo 
Volcanic Zone to the south-southwest within the past 5 Ma has caused a migration of the 
basin centre and a 2°–15° rotation of the basin’s bedrock in the same direction (Pulford and 
Stern, 2004).  
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Figure 3.1 A map of the Whanganui Basin with soft-rock landslide extents and major river systems. The bedrock layers 
shown here include all the soft-rock units of the Whanganui Basin (i.e., it excludes limestone and unconsolidated sediments). 
The yellow portions of the inset map indicate the parts of New Zealand that are composed of soft-rock Neogene sediments 
that are similar to those found in the Whanganui Basin. 

The sediments of the Whanganui Basin reach a maximum thickness of 4 km and range in age 
from 0-5 Ma (Anderton, 1981). Similar rates of uplift and aggradation during basin formation 
and the migration of the basin centre has led to the deposition of shallow water limestones, 
mudstones, and sandstones with a downlapping geometry. Cyclothems are well preserved, 
resulting in alternating layers of sandstone, mudstone and shell beds within the broader 
sandstone and mudstone units (Carter and Naish, 1998). Within the sandstone and mudstone 
units of the basin, thin syndepositional clay layers that are rich in smectite (Reyes, 2007), 
thought to be formed from volcanic ash sourcing from nearby rhyolitic volcanoes, also occur 
and have been shown to be preferential failure surfaces for soft-rock landslides (Massey et 
al., 2016b). The matching rates of deposition and uplift have led to stunted diagenesis of the 
basin sediments, which has resulted in bedrock with relatively low internal strengths. 
Continued regional uplift and current geomorphic processes have resulted in deeply incised 
rivers with rectilinear slopes and sharp drainage divides. 

Prior to human habitation, the basin was vegetated by native forest cover ���0�F�*�O�R�Q�H��������������. 
When Polynesians arrived in New Zealand in the late 13th or 14th centuries AD  they burned 
portions of the lowland forest to make room for farmland (Ewers et al., 2006), though forest 
cover in Whanganui Basin was left largely intact ���0�F�*�O�R�Q�H��������������. When early European 
settlers arrived in the late 19th century however, they proceeded to clear the forest rapidly, 
and by the mid-20th century, most of the land surface had been converted to cropland and 
pasture. Widespread increases in shallow landsliding, gully erosion, and earthflows ���*�O�D�G�H����
2003; Marden et al., 2012) led to conservation programs in the 1960s that resulted in the 
establishment of exotic forest plantations (Michelsen et al., 2014; Richardson, 2011). It is not 
known what influence, if any, deforestation and afforestation have had on the activity and 
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development of large, soft-rock landslides. According to the Ministry of Environment’s land 
use dataset, the basin is now composed of 19% Native Forest, 8% Exotic Forest and 73% 
Pastureland. 

Previous mapping efforts in the region (Rees et al., 2019; Rosser et al., 2017) have identified 
several hundred soft-rock landslides that cover roughly 8% of the basin’s total surface area. 
While a portion of the landslides in the regions have been mapped, the current maps contain 
many errors that could be corrected, and information on the activity state or movement rates 
of these landslides exists for only 4 landslides within a small area towards the east of the 
region (Figure 3.1). 

3.3 Landslide and Sediment Dynamics Research 
Within the soft rocks of the Whanganui Basin, recent research has focused on determining 
which factors influence the occurrence of soft-rock landslides. Earlier work by Crozier et al. 
(1995) as well as Mountjoy and Pettinga (2006), in the western portion of the basin used 
several methods, including proximity to known faults and a limit equilibrium analysis to 
support the hypothesis that soft-rock landslides in the region are triggered by earthquakes. In 
addition, Rees et al.’s (Rees et al., 2019) study found similar results in the eastern portion of 
the basin. In particular, they found that most landslides in their study area occurred proximal 
to known faults and incising rivers. They therefore suggested that earthquakes and river 
incision were the main drivers of landslide failure within the weak rocks. 

The more general assertion that earthquakes are an important triggering factor for large 
landslides in New Zealand is also supported by several studies conducted on the deep-seated 
landslides found in the South Island of New Zealand. Massey et al. (2018) documented the 
generation of numerous deep-seated landslides during the 2008 Mw 7.8 Kaikoura earthquake, 
and a numerical stability analysis of the Ella Landslide in North Canterbury demonstrated 
that strong ground motion was likely required to initiate its failure (Mountjoy and Pettinga, 
2006). Also, work in the northwest of the South Island (Parker et al., 2015) documented 
many large landslides coincident with two large (> Mw 7) 1929 and 1968 earthquakes. 
However, the landslides discussed in these studies were generally composed of more 
competent rock (e.g. greywacke or stronger sedimentary units) than the soft-rocks found 
within the Whanganui Basin, so these findings may not be transferrable. 

While previous work suggests that earthquakes may initiate failures of soft-rock landslides, 
field investigations in the Whanganui Basin have suggest that, relative to other drivers, 
seismic shaking may play a small role in driving movement of active landslides (Massey et 
al., 2016a). Multi-year monitoring programs at the Taihape and Utiku landslides (Massey et 
al., 2013; McSaveney and Massey, 2017), have instead suggested that movement is driven by 
increases in porewater pressure, the presence of weak clay layers that act as preferential 
sliding surfaces (Massey et al., 2016a), the exposure of these clay layers by river incision, 
and slope steepening by fluvial toe erosion. However, these factors interact and vary in their 
importance, as shown by differences  between the two landslides and changes over time. At 
the Taihape landslide, monitoring between 1985 and 2011 showed that basal sliding was 
relatively insensitive to changes in porewater pressure for much of the monitoring period. 
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When a 2004 flood led to fluvial erosion at the toe of the landslide however, movement rates 
dramatically increased for several years (Massey et al., 2016b), indicating that toe erosion is 
driving landslide activity. Conversely, at the Utiku landslide, where toe erosion is more 
persistent (McSaveney and Massey, 2017), monitoring between 2008 and 2015 revealed that 
seasonally high porewater pressure did lead to a seasonal fluctuation in movement rates 
(Carey et al., 2019), but the response of the landslide to pore water pressure changes also 
depended on the internal mechanics and stress state of the landslide (Massey et al., 2013). In 
both cases, river erosion that led to the exposure of weak clay layers was an important factor 
facilitating the activation and reactivation of these landslides. The importance that toe erosion 
plays in the reactivation of these landslides is supported by research at other North Island 
soft-rock landslides. At the nearby Rangitikei Landslide, fluvial undercutting of the landslide 
toe, particularly during high flow events, plays a major role in the movement pattern of the 
landslide, at times producing a more detectable signal of movement than localized rainfall 
(McColl et al., 2022). Also, the rapid (aseismic) failure of the 2019 Te Ore landslide in 
Whanganui Basin and the 2018 Mangapoike landslide in the adjacent Hawke’s Bay region, 
suggest that seismic triggers are not required to initiate soft-rock landslides. For the 
Mangapoike landslide, river incision is suggested to have led to its initiation ���0�F�*�R�Y�H�U�Q���H�W��
al., 2021), and saturated ground and daylighting of the failure plane by river incision are 
likely responsible for the Te Ore landslide (Horrey et al., n.d.). 

The roles of fluvial incision and weak dip slopes have been identified as important for several 
individual cases, but at a regional scale their importance in priming landslides has not been 
thoroughly investigated. As mentioned above, Rees et al. (2019) have posited that river 
incision, bedrock orientation and seismic ground motion are the main causes of landslide 
occurrence, but their study only covered a portion of the basin, they did not perform an 
inferential statistical analysis to defend this hypothesis, and no activity related to seismic 
ground motion has been detected during recent field monitoring projects in the region. 
Consequently, more work can  be done to determine which factors control the occurrence and 
activity of soft-rock landslides at the basin scale. This in turn will help us better understand 
the role these landslides play in the broader sediment dynamics of the region. 

The catchments within and surrounding the Whanganui Basin have played essential roles in 
the development and testing New Zealand’s sediment budget models. The NZEEM (Dymond 
et al., 2010) and SedNetNZ (Dymond et al., 2016) sediment budget models were developed 
around and within the basin. The SetNetNZ model is the preferred sediment budget model 
within New Zealand and is used for a wide array of conservation purposes (Basher et al., 
2020, 2018; Kuehl et al., 2016). This model is based on Wilkinson et al.’s (2014, 2009) 
SedNet model, which estimates the sediment contribution of surficial erosion, and gully 
erosion within small watersheds then compounds these results to generate yearly sediment 
fluxes for large watersheds. SedNetNZ (Dymond et al., 2016) follows a similar approach for 
compounding results but instead focuses on the sediment sources that are believed to 
dominate New Zealand catchments. Namely, shallow landslides, earthflows, and massive 
gullies, but with a notable absence of large, soft-rock landslides. The shallow landslides 
found within the Whanganui basin have also been used to assess the validity of the landslide 
components for several of these models (Betts et al., 2017; Dymond et al., 2006), as well as 
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the more general techniques used to conduct shallow landslide susceptibility analyses (Smith 
et al., 2021).  

In recent years, efforts have been made to create an improved sediment budget model for 
New Zealand that offers increased spatial and temporal resolution and incorporates erosion 
data from individual features. Due to the long history of sediment budget studies in the area, 
the validation work for this model is primarily occurring within the Whanganui Basin and the 
surrounding regions. This effort is led by the Smarter Targeting of Erosion Control (STEC) 
program within Manaaki Whenua - a New Zealand environmental science organization. As 
opposed to SedNetNZ, which delivers mean annual suspended sediment load estimates, the 
STEC program seeks to create a new event-based sediment budget model that predicts and 
measures sediment inputs from discrete features. In part, this thesis aims to develop a remote 
sensing based soft-rock landslide sediment export model that can be utilized within the STEC 
program. 
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Chapter 4 Intersection of Fluvial Incision and Weak Geologic 
Structures Cause a Divergence from a Universal Slope 

Threshold Model 
 

Introduction to Chapter 4 of Thesis 
Chapter 4 addresses Objective 1 (create an updated map of soft-rock landslides in the 
Whanganui Basin) and Objective 2 (determine the landslide susceptibility factors that lead to 
the occurrence of soft-rock landslides in the basin). The creation of an up-to-date map of 
landslides in the basin was a foundational step in the development of this thesis and all three 
research chapters (4, 5, and 6) rely on this dataset. The landslide occurrence factor analysis 
helps to explain why soft-rock landslides are prevalent in the basin, and demonstrates that 
landslides in this structurally controlled landscape diverge from a uniform slope threshold 
model. Also, a note on terminology. At the time this paper was published I referred to the 
soft-rock deep-seated landslides in the basin as “deep-seated” landslides, but I now prefer to 
refer to them as “soft-rock” landslides. To maintain consistency within my thesis, I have 
changed the terminology used from the published version of this paper. Aside from this 
change and some format alterations, this chapter is identical to the version in Issue 389 of 
�*�H�R�P�R�U�S�K�R�O�R�J�\�� 
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4.1 Abstract 
In some rapidly uplifting regions, soft-rock landslides are a prominent natural hazard that 
influence landscape evolution and are an important source of sediment. They pose a threat to 
infrastructure, and their failure can deliver sediment that overwhelms or blocks river 
channels. Consequently, a better understanding of why and where soft-rock landslides occur 
would help us reduce hillslope erosion, improve water quality, and allow us to better 
understand how landscapes evolve. Although the slope threshold model provides a 
framework for understanding how these landslides form, it has several shortcomings. 
Specifically, it fails to predict the spatial organization of landslides within a region, and it 
does not explain why landslide-prone portions of a region can exhibit relatively low slopes. 
To explore these issues, we have used a landslide susceptibility analysis within the 
Whanganui Basin of the North Island of New Zealand to explore the role that multiple 
susceptibility factors play in the occurrence of both translational and rotational soft-rock rock 
slides. Our findings contribute to a growing view of the relative importance of fluvial incision 
and the more subordinate role that earthquakes play in the development of large, soft-rock 
landslides. Additionally, our analyses identify the potential influence that widespread 
deforestation may have had on promoting instability, despite the deep-seated nature of the 
landslides studied. Most importantly however, we find that where slopes and weak geological 
structures align, a universal threshold slope does not exist, and many landslides develop on 
hillsides with below-average slope angles. This suggests that the presence of structural 
controls on landslide occurrence create a more complex landscape, where hillsides 
structurally predisposed to landslide occurrence have a much lower threshold slope angle. 

4.2 Introduction  
Landslides are a pervasive natural hazard that threaten the built and natural environment 
(McSaveney and Massey, 2017; Xu et al., 2009) and enhance the denudation of uplifting 
regions (Korup, 2008, 2006). Soft-rock landslides, mass movements whose failure surfaces 
occur below the regolith and typically range in size from one to several hundred hectares 
(Hungr et al., 2014; Pánek and Klimeš, 2016), have an outsized influence on the evolution of 
landscapes, particularly when compared to shallow, soil-stripping landslides (Crosta et al., 
2013; Korup et al., 2010; Roering et al., 2015). Additionally, their ability to transport large 
amounts of material can overwhelm or block river channels (Korup, 2006, 2005, 2004; Xu et 
al., 2009).  Infrastructure that is built upon these landslides can also be severely damaged 
when they occur (Bertolini and Pizziolo, 2008; Massey et al., 2013). Consequently, obtaining 
a better understanding of where and why soft-rock landslides occur would help reduce 
landslide-associated hazards, and help us better understand how landscapes evolve. 

In mountain regions, uplift is often accompanied by a resulting period of denudation as rivers 
incise and slopes steepen (Korup and Weidinger, 2011; Roering et al., 2015). This steepening 
typically increases until a threshold slope steepness is reached, at which point landsliding is 
far more likely to occur (Larsen and Montgomery, 2012). In regions where the bedrock is 
structurally weak, due to intense metamorphism (Roering et al., 2015), or shortened 
diagenesis (Bilderback et al., 2015; Crozier and Pillans, 1991) this process can occur 
particularly rapidly. Although this threshold slope model (Korup et al., 2010) is foundational 
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to our understanding of landslide processes, it leaves many aspects of landslide formation 
unexplained. Many authors have noted that the slope threshold model fails to explain the 
spatial organization of landslides (Roering et al., 2015), and the shallower slopes found 
within landsliding areas when compared to stable areas (Agliardi et al., 2013). Additionally, 
many studies that analyse soft-rock landslides fail to inspect the differences that exist 
between landslides with differing failure geometries (e.g. translational versus rotational 
failure surfaces) which may respond differently to changes in slope or fluvial incision 
(Bilderback et al., 2015; Pánek and Klimeš, 2016; Rees et al., 2019).  

In this work, we seek to provide a better understanding of how, where, and why soft-rock 
landslides form in response to uplift and fluvial incision in rapidly uplifting landscapes. This 
is achieved using a landslide susceptibility model (Reichenbach et al., 2018) to determine the 
relative importance of terrain characteristics and slope stability factors within the Lower 
Whanganui Basin of New Zealand, which has a high density of large translational and 
rotational rock slides. We also perform separate susceptibility analyses for translational and 
rotational rock slides to determine if they are controlled by differing susceptibility factors. 
Based on previous work, we hypothesize that at a regional scale, the presence and distribution 
of translational rock slides is strongly controlled by the alignment between slopes and 
preferential failure surfaces (Massey et al., 2016a; McSaveney and Massey, 2017), which 
causes them to deviate from the slope threshold model. Conversely, we hypothesize that non-
structurally controlled rotational failures will be more strongly related to topography (i.e. the 
slope threshold model). Our findings support and extend previous studies of regional controls 
on soft-rock landslides in the region (Rees et al., 2019; Thompson, 1982) and provide wider 
context for detailed engineering geological investigations of single landslides (Massey et al., 
2016b, 2013). 

4.3 Study Area 
The Lower Whanganui Basin (hereafter referred to as the Whanganui Basin) of the southwest 
North Island, New Zealand is bounded by axial ranges (greywacke basement rock) to the east 
and the Taupo Volcanic Zone to the north (Figure 4.1).  It is a back arc basin that is 
associated with subduction along the Australian-Pacific plate boundary off the east coast of 
the North Island (Walcott, 1978).  Migration of the Taupo Volcanic Zone to the south-
southwest within the past 5 Ma has caused a commensurate migration of the basin centre and 
rotation (of 2º-15º) of the basin sediments in the same direction (Pulford and Stern, 2004). At 
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present day, the basin centre lies offshore and is actively aggrading.-

 

Figure 4.1 The Lower Whanganui Basin sediments (shown in colour) are a set of interbedded shallow water mudstones, 
sandstones, and limestones with a downlapping geometry. Other landslide-prone Neogene sedimentary rocks within New 
Zealand’s North Island are shown in yellow in the inset map. Our study area (black rectangle in inset) contains several 
major rivers. Soft-rock landslides tend to occur along these river corridors. 

The sediments of the Whanganui Basin reach a maximum thickness of 4 km and range in age 
from 0-5 Ma (Anderton, 1981). Similar rates of uplift and aggradation during basin formation 
and the migration of the basin centre has led to the deposition of shallow water limestones, 
mudstones, and sandstones with a downlapping geometry. Cyclothems are well preserved, 
resulting in alternating layers of sandstone, mudstone and shell beds within the broader 
sandstone and mudstone units (Carter and Naish, 1998). Within the sandstone and mudstone 
units of the basin, thin syndepositional clay layers that are rich in smectite (Reyes, 2007) – 
thought to be formed from volcanic ash sourcing from nearby rhyolitic volcanoes – also 
occur and have been shown to be preferential failure surfaces for soft-rock landslides 
(Massey et al., 2016b). The matching rates of deposition and uplift have led to stunted 
diagenesis of the basin sediments, which has resulted in relatively low internal strengths. 
Current geomorphic processes have resulted in deeply incised rivers with rectilinear slopes 
and sharp drainage divides. Soft-rock landslides cover roughly 8% of the study area. 

Prior to human habitation, the basin was vegetated by native forest cover ���0�F�*�O�R�Q�H��������������. 
When Polynesians arrived in New Zealand in the late 13th or 14th centuries AD  they burned 
portions of the lowland forest to make room for farmland (Ewers et al., 2006), although forest 
cover in Whanganui Basin was left largely intact ���0�F�*�O�R�Q�H��������������. When early European 
settlers arrived in the late 19th century however, they proceeded to clear the forest rapidly, 
and by the mid-20th century, most of the land surface had been converted to cropland and 
pasture. Widespread increases in shallow landsliding, gully erosion, and earthflows ���*�O�D�G�H����
2003; Marden et al., 2012) led to conservation programs in the 1960s that resulted in the 
establishment of exotic forest plantations (Michelsen et al., 2014; Richardson, 2011). It is not 
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known what influence, if any, deforestation and afforestation have had on the activity and 
development of large, soft-rock landslides. According to the Ministry of Environment’s land 
use dataset, the basin is composed of 19% Native Forest, 8% Exotic Forest and 73% 
Pastureland. 

Previous investigation of soft-rock landslides within the Whanganui Basin includes in-situ 
monitoring studies of the Utiku and Taihape landslides (Massey et al., 2016b, 2013), and 
regional studies in portions of the Whanganui Basin (Crozier and Pillans, 1991; Rees et al., 
2019; Thompson, 1982). These studies all conclude that low internal rock strength, presence 
of low shear-strength clay layers and high rates of uplift contribute to the occurrence of soft-
rock landslides in the region, but they disagree on whether earthquakes exert a first-order 
control on landslide generation. Crozier and Pillans (1991) and Rees et al. (2019) in our study 
area, and Massey et al. (2018) at the nearby Kaikoura Peninsula, interpret the proximity of 
many landslides to major faults as evidence of the influence of earthquakes on landslide 
failure. However, recent monitoring, modelling and lab work by Massey et al. (2016a) at a 
landslide in our study area has shown that earthquake-induced displacement was negligible 
when compared to inter-seismic displacements driven by seasonal changes in pore water 
pressure. 

4.4 Methods 
To determine which susceptibility factors contribute to the occurrence of soft-rock landslides 
within the Whanganui Basin sediments, we used a logistic regression susceptibility model 
(Budimir et al., 2015). While advances in machine learning models have provided 
performance increases within susceptibility analyses (Smith et al., 2021), we chose to use a 
logistic regression model because interpretation of covariate performance within the model is 
well defined, and it is arguably the standard against which other models are compared 
(Reichenbach et al., 2018). 

4.4.1 Landslide Mapping 
To revise and improve upon previous landslide mapping in our study area, we used imagery 
and terra�L�Q���G�D�W�D���D�Y�D�L�O�D�E�O�H���Z�L�W�K�L�Q���W�K�H���*�R�R�J�O�H���(�D�U�W�K���S�O�D�W�I�R�U�P���L�Q���F�R�Q�M�X�Q�F�W�L�R�Q���Z�L�W�K���D�H�U�L�D�O��
imagery and a photogrammetry-derived digital surface model (DSM) provided by Horizons 
Regional Council. The imagery ranged in resolution from 0.3 m to 1 m and the elevation data 
ranged in resolution from 1 m to 15 m. We excluded all landslides that were less than 2 ha in 
�V�L�]�H���I�U�R�P���R�X�U���P�D�S�S�L�Q�J���W�R���O�L�P�L�W���R�X�U���G�D�W�D�V�H�W���W�R���O�D�U�J�H���O�D�Q�G�V�O�L�G�H�V�����F�R�Q�V�L�V�W�H�Q�W���Z�L�W�K���W�K�H���*�1�6��
Science Large Landslide Database (Rosser et al., 2017). In addition to mapping landslide 
area, we classified each landslide according to the updated Cruden and Varnes classification 
(Hungr et al., 2014).  Since landslides of differing types are known to be triggered by 
different factors (Hungr et al., 2014), we conducted our susceptibility analysis separately for 
each landslide type. Overall, translational and rotational rock slides (Figure 4.2) dominated 
the dataset, with a total count of 738 and 233 respectively. All other landslide types did not 
occur in sufficient quantities to perform regression analyses. Roughly thirty rock slides were 
identified as compound rock slides, involving a combination of translational and rotational 
movement, which was too few to treat as a separate landslide type in our analyses.  To make 
use of these data we instead assigned them to either the translational or rotational rock slides 



 

37 
 

type, based on their dominant style of failure, with concavity of the landslide surface and scar 
used for discrimination (Figure 4.2).  

 

Figure 4.2 Example landslides from the study area with varying failure geometries. A) Translational rock slide with a 
prominent long, planar landslide body and low headscarp B) A compound rock slide with characteristics of both a 
translational and rotational rock slide C) Rotational rock slide with a prominent head scarp, and a relatively short and 
rotated landslide body. Within the landslide dataset, landslide B was classified as a rotational rock slide due to the concavity 
of the landslide surface and scar. 

4.4.2 Landslide Absence Dataset 
In addition to a dataset of landslides, landslide susceptibility models also require a control 
group of landslide absences that the landslide dataset can be compared to. We created an 
absence dataset whose size distribution matched the size distribution of our landslide dataset 
to ensure that the large distribution in landslide size was reflected in our absence dataset 
(Figure 4.3). We accomplished this by using the Python statsmodel (Version 0.12.0) package 
to calculate the empirical distribution of landslide size within our landslide dataset, from 
which we randomly sampled the required number of data points. Since we are attempting to 
investigate the differences that exist between landslide areas and stable areas, not to 
maximize the accuracy of a susceptibility map, we chose to use a 1:1 ratio of landslide 
absences to landslide occurrences. However, to ensure that a 1:1 sampling ratio was not 
biasing our results (Heckmann et al., 2014), we also ran the analysis with a 5:1 sampling 
scheme. We found that using a 5:1 sampling scheme did not produce a significant change in 
the results and so chose to only report the 1:1 sampling scheme results. Once we had 
calculated the sizes of the landslide absences, we created the samples by randomly placing 
circles with the desired sizes within the study area (Figure 4.4). We placed the absence circles 
in order of descending size, and if a sample intersected another absence circle or a landslide, 
we randomly relocated it until the issue was resolved. We repeated this process ten times, 
creating ten separate absence datasets to ensure that our selection of absences did not bias our 
results. 
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Figure 4.3 Landslide size distribution for translational and rotational rock slides. While translational rock slides within our 
study area do tend to be larger, many landslides larger than 100 ha of both types were identified. 

 

Figure 4.4 Methodology for placement of landslide absence objects. A) In order of descending size, landslide absence circles 
(green) are placed randomly. B) If a landslide absence circle (red) is placed so that it intersects another landslide absence 
(green) or landslide (white), it is randomly relocated until it is not touching another feature, as in C). 
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4.4.3 Susceptibility Factor Datasets 
Within our model, we included 17 susceptibility factors (covariates) that have been found to 
influence soft-rock landslide occurrence in previous studies (Table 4.1). Broadly, these 
datasets can be grouped within four categories of susceptibility factors: geologic and tectonic 
factors, geomorphic factors, climatic factors, and land use factors. Three of these covariates 
are categorical factors that correspond to the age of geological units within our study area. 

Susceptibility Factor Category Source 

Rainfall Climatic NZ Ministry of Environment 

Soil Moisture Climatic NZ Ministry of Environment 

Uplift  �*�H�R�O�R�J�L�F Pulford and Stern 2004 

Dip Angle �*�H�R�O�R�J�L�F Rattenbury and Isaac 2012 

Distance to Active Fault �*�H�R�O�R�J�L�F Rattenbury and Isaac 2012 

Distance to Fault �*�H�R�O�R�J�L�F Rattenbury and Isaac 2012 

Early Pleistocene Sediments �*�H�R�O�R�J�L�F Rattenbury and Isaac 2012 

Quaternary Sediments �*�H�R�O�R�J�L�F Rattenbury and Isaac 2012 

�3�U�H�G�L�F�W�H�G���3�H�D�N���*�U�R�X�Q�G��
Acceleration (2475 yr return) 

�*�H�R�O�R�J�L�F Stirling et al 2012 

Stream Power Index �*�H�R�P�R�U�S�K�L�F �*�5�$�6�6���*�,�6���U���Z�D�W�H�U�V�K�H�G�V���W�R�R�O 

River Incision �*�H�R�P�R�U�S�K�L�F Litchfield and Berryman 2006 

Maximum Elevation �*�H�R�P�R�U�S�K�L�F NZSoSDEM 

Eastness �*�H�R�P�R�U�S�K�L�F NZSoSDEM, Horn 1981 

Northness �*�H�R�P�R�U�S�K�L�F NZSoSDEM, Horn 1981 

Slope �*�H�R�P�R�U�S�K�L�F NZSoSDEM, Horn 1981 

Slope and Bedding Alignment �*�H�R�P�R�U�S�K�L�F Santangelo et al 2015 

Forest Cover Land Use NZ Ministry of Environment 

 

Table 4.1 Covariates used within our landslide susceptibility analysis. All covariates have been found to be useful predictors 
of landslides in previous studies. 

We obtained geologic information for the study area from New Zealand’s national 1:250,000 
resolution geologic map (Rattenbury and Isaac, 2012). We broadly grouped geologic units by 
geologic age, which reduced the number of lithologic covariates while also preserving key 
differences in rock strength. We believe this simplification is justified because the strength of 
the Whanganui Basin sediments is broadly controlled by the degree of burial and diagenesis 
they underwent, which is well correlated with age (Pulford and Stern, 2004). Areas with 
limestone deposits or syndepositional clay units clearly deviate from this assumption but 
because they do not occur broadly enough (limestones) and are not mapped with adequate 
accuracy (clay units), it was not feasible to include them as separate variables. In keeping 
with our desire to limit the number of categorical variables within our analysis, the percent 
forest cover (both native and plantation forests) of each feature is the only land use covariate 
we included in our analysis. 
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We used the national geological map to produce the distance to faults (relict and active) and 
distance to active faults (active only) covariates. We created an interpolated map of bedding 
and slope alignment using structural data from the national geologic map and t�K�H���*�5�$�6�6��
�*�,�6���U���V�X�U�I���E�D���W�R�R�O��(Santangelo et al., 2015). Uplift data was provided by Pulford and Stern 
(2004). We also included probabilistic peak ground acceleration data for a 2475 year return 
period earthquake as predicted by the corrected 2010 New Zealand National Seismic Hazard 
Model (Stirling et al., 2012) as another way to assess the role of earthquakes in landslide 
generation. 

�*�H�R�P�R�U�S�K�L�F���F�R�Y�D�U�L�D�W�H�V���Z�H�U�H���G�H�U�L�Y�H�G���I�U�R�P���W�K�H���1�=�6�R�6�'�(�0���Y��������(Columbus et al., 2011) 
digital elevation model (DEM). The NZSoSDEM is based on an interpolation of a 20 m 
elevation contour map, has a horizontal resolution of 15 m and a vertical accuracy of ± 5 m. 
�6�O�R�S�H�����V�O�R�S�H���D�V�S�H�F�W�����Q�R�U�W�K�Q�H�V�V���D�Q�G���H�D�V�W�Q�H�V�V�����Z�H�U�H���F�D�O�F�X�O�D�W�H�G���X�V�L�Q�J���W�K�H���*�5�$�6�6���*�,�6��
r.slope.aspect tool, which uses the equations found in Horn (1981) to calculate these metrics. 
Northness and eastness are defined as the cosine and sine transformations of a circular, 360-
degree representation of aspect (Harshburger et al., 2010) because circular variables cannot 
be used within our chosen model. While others have found measures of terrain curvature and 
roughness to be useful for predicting the occurrence of landslides (Budimir et al., 2015), we 
chose to exclude them from our analysis because they better represent the results of landslide 
occurrence (i.e. effect), instead of landslide susceptibility factors (i.e. cause), for the size of 
landslide investigated here. We also included the maximum elevation of each feature as a 
covariate, as well as an index for river incision. 

Our index for river incision is based on the work of Litchfield and Berryman (2006), but it 
�K�D�V���E�H�H�Q���I�X�O�O�\���D�X�W�R�P�D�W�H�G���Z�L�W�K�L�Q���W�K�H���*�5�$�6�6���*�,�6���H�Q�Y�L�U�Rnment. We created our incision index 
by first using the r.geomorphons tool (Brown, 2016) to identify summits within our study 
area. We then masked our DEM using our summit dataset and used the regularized spline 
method to interpolate a raster of filled-valley elevation from the summit elevation dataset. 
The actual DEM was then subtracted from our filled-valley DEM to derive a raster that 
represents the depth of expected river incision. The stream power index was calculated using 
�W�K�H���*�5�$�6�6���*�,�6���U���Z�D�W�H�U�V�K�H�G�V���W�R�R�O���E�\���P�X�O�W�L�S�O�\�L�Q�J���W�K�H���X�S�V�O�R�S�H���F�Rntributing area by the 
tangent slope at each pixel. We used the AT least-cost path multiple flow direction algorithm 
to calculate the upslope contributing area (Holmgren, 1994). Finally, from New Zealand’s 
Ministry for the Environment, we obtained maps of yearly average rainfall and soil moisture 
for the years 1972 to 2013, which we used to represent average rainfall and soil moisture. 

4.4.4 Logistic Regression Model 
By summarizing the raster covariate datasets at each landslide and absence feature, we 
created data matrices for the ten absence sample sets and the landslide sample set. We 
conducted the regression analysis separately for translational and rotational rock slides to 
determine if differing susceptibility factors contributed to their occurrence. We then 
combined each of the ten absence datasets with the landslide dataset to create the datasets we 
use in our binary logistic regression models. To limit covariance within our datasets, we 
calculated the variance inflation factor (VIF) for all covariates within our dataset and 
removed covariates with a VIF score of ten or more in keeping with Heckman et al. (2014). 
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Via this process, the range and standard deviation of the landslides’ elevation values were 
removed from the analysis. Finally, before the regressions were conducted, covariate values 
were converted to their standard score using the formula: 

Equation 4.1 Standardization of a sample member 

�V=
�T 
F �ä

�ê
 

Where �V is the standard score, �T is the data value, �ä is the covariate’s mean and �ê is the 
covariate’s standard deviation. This conversion normalizes the distribution of the covariate 
values, which in turn allows the model coefficients of each covariate to be interpreted as a 
measure of covariate importance (Lombardo and Mai, 2018). 

Once these covariates were standardized, we used a five-fold cross-validation approach to 
perform five regressions within each of the ten landslide and absence dataset combinations. 
This resulted in fifty total regressions for each landslide type. Similarly to Lombardo and Mai 
(2018) we used a LASSO regularization within our model to penalize model complexity. We 
selected a scaling parameter of 5 for all model iterations because it was found to be the 
largest value that did not compromise model accuracy. 

In keeping with the work of Lombardo and Mai (2018), we used standardized model 
coefficients and jackknife regression analyses to assess the importance of model covariates. 
Jackknife regression analysis highlights the importance of covariates in univariate and 
multivariate contexts by first performing regressions that use only one covariate at a time, 
and then performing regressions that exclude one variable at a time. The single variable 
regressions highlight the univariate predictive power of covariates, while the single variable 
exclusion regressions highlight the contribution of covariates in a multivariate setting. In the 
latter case, larger drops in performance correspond to higher variable importance. Since we 
standardized covariate values prior to use within the regressions, all resulting coefficient 
values are in the same unitless scale and can be directly compared. 

4.5 Results 
4.5.1 Landslide Dataset Characteristics 
In total, we mapped 638 translational rock slides and 233 rotational rock slides for a total of 
871. The translational rock slides tended to be larger than the rotational rock slides, with 
average sizes of 36.4 ha and 24.1 ha respectively (Figure 4.3). Both landslide types had a 
wide distribution of sizes and many landslides larger than 100 ha were mapped. The size 
distributions of both translational and rotational rock slides (Figure 4.3) displayed power law 
distributions that are typical for landslides (Malamud et al., 2004), but the translational rock 
slide distribution did include more landslides that were larger than 50 ha. Additionally, while 
both types of landslides occurred on relatively shallow slopes, rotational landslides tended to 
occur on steeper terrain (average slopes of 18.2° versus 16°) (Figure 4.5). 
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Figure 4.5 Susceptibility factor distributions of selected covariates for translational rock slides, rotational rock slides, and 
landslide absences. Slope and slope and bedding alignment show the largest differences in distribution shape between the 
landslide absence and landslide presence distributions. All three data sets have nearly identical distance to fault 
distributions. 

The correlation between each of the seventeen susceptibility factors included in our analysis 
can be found in Figure 4.6. While slope and bedding alignment had a variance inflation factor 
(VIF) of less than ten, it was still highly correlated with slope. This is likely because slope is 
a component of the calculation used to derive slope and bedding alignment. Slope and 
bedding alignment also appears to have higher than average correlation with many other 
covariates. Forest cover also shows a moderate correlation with slope, suggesting that steeper 
slopes have preferentially not been deforested or have been preferentially converted to exotic 
tree plantations. 
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Figure 4.6 Correlation matrix of susceptibility analysis covariates. Each square corresponds to the correlation between the 
covariates with which the square’s sides intersect. Dark blue squares correspond to large positive correlations and dark red 
squares correspond to large negative correlations. Large correlations exist between non-independent covariate pairs (e.g. 
rainfall/soil moisture, slope/slope and bedding alignment, and PGA/quaternary sediments) and between slope/forest cover. 

4.5.2 Model Performance 
The median accuracy for the translational rock slide regressions was 0.74 and the median 
area under the receiver-operator curve (AUC) was 0.82, while for rotational rock slide 
regressions, the median accuracy was 0.72 and the median AUC was 0.79. While these values 
are similar, value distributions of accuracy and AUC were larger for the rotational rock slides 
(Figure 4.7). This is likely attributable to the smaller number of landslides present within the 
rotational rock slide dataset (233 versus 638). The accuracy of our models is on par with 
previous landslide susceptibility studies (Budimir et al., 2015; Reichenbach et al., 2018; 
Smith et al., 2021) and thus we feel confident interpreting the influence of model covariates 
as a measure of their impact on landslide susceptibility. 
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