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Vegetation-based Approach for Rotational Landslide Activity Classification: Case Study of Kundasang, Sabah

Mohd Radhie Mohd Salleh, Muhammad Zulkarnain Abdul Rahman, Zamri Ismail, Mohd Faisal Abdul Khanan,
Kasturi Devi Kanniah, Azman Ariffin, Wan Hazli Wan Kadir, Tam Tze Huey, and Mohd Asraff Asmadi

Abstract

Background: Mapping and monitoring the state of activity of landslides is crucial for effective landslide management
and risk assessment. This study presents a novel approach using vegetation anomalies indicator (VAI) derived from
high-resolution remotely sensed data for landslide state of activity mapping. The study focuses on the Kundasang area
in Sabah, Malaysia, known for its tectonic activity. High-resolution remotely sensed data were utilized to assist in the
manual inventory process of landslide activities and to generate VAIs as input for modeling.

Results: The landslide inventory process identified active, dormant, and relict landslides. The resulting inventory map
was divided into training (70%) and validation (30%) datasets for modeling purposes. Seven main VAls, including
canopy gap, mature woody vegetation, primary forest, Root Strength Index (RSI), and water-loving tree, were
produced and used as the input for the classification process using Support Vector Machine (SVM) and Artificial
Neural Network (ANN) methods. The result showed that SVM outperforms ANN for both deep-seated and shallow
rotational landslides, with an overall accuracy of 68.6% and 80.7%, respectively. Furthermore, an evaluation of SVM
revealed that the radial basis function (RBF) kernel yielded the highest accuracies, whereas ANN performed best with
a hyperbolic tangent (tanh) activation function.

Conclusion: The accurate classification of landslide state of activity using VAI provides several benefits, including
the ability to map and classify landslide activity in forested areas, characterize vegetation characteristics specific to
each activity state, and enable continuous monitoring in areas where field monitoring is impractical. This research
opens new possibilities for more accurate landslide activity mapping and monitoring, thereby improving disaster risk
reduction and management in tectonically active regions.

Keywords Landslide, GIS, Remote Sensing, Machine Learning, Vegetation

Mezaal et al., 2017b, Salleh et al.,, 2018), the
undulating area (Brardinoni et al., 2003, McKean and
Roering, 2004, Korup, 2005, Cigna et al., 2013, Tien
Bui et al., 2018), and the rapid vegetation growth
(Brardinoni et al., 2003, Musinguzi and Asiimwe,
2014, Pradhan et al., 2015, Mezaal et al., 2017b,
Mezaal et al., 2017a, Samodra et al., 2017, Samodra et
al., 2018). These factors remove the landslide
signature and complicate the determination of a
landslide boundary and state of activity.

Previously, landslide inventory mapping involved
the practice of field mapping. An interpreter can
recognize landslide types and activities based on
several diagnostic features. For instance, active slides
are commonly fresh; that 1is, their terrain
morphological features, such as scarps and ridges, are
easily recognizable as being due to gravitational
movement, and they have not been significantly
modified by the surficial processes of weathering and
erosion (Varnes, 1978). However, due to the vast
extent of the observed areas and access difficulties,
this type of slope instability investigation is not always
economically or practically feasible for conducting a
systematic investigation of landslide phenomena at the

Introduction

Detailed landslide inventories and landslide
information are crucial in landslide studies. Landslide
inventory maps have been produced for various
reasons (Brabb, 1991): (i) documenting landslide
phenomena in different areas, from small to large
watersheds (Cardinali et al., 2001), (ii) documenting
landslide occurrences at regional, state, and national
levels (Brabb and Pampeyan, 1972, Cardinali et al.,
1990, Duman et al., 2005), (iii) as a precursor to
producing landslide susceptibility, hazard and risk
assessment (Van Westen et al., 2006, Hung et al,,
2017) and (iv) analyzing the landslide distribution,
types and patterns related to drainage, terrain
morphological and, vegetation characteristics
(Guzzetti et al., 1996, Soeters and Westen, 1996).
However, information on the state of activity is still
not up-to-date (Kalia, 2018) and is hampered by
several conditions. It is a major challenge to detect and
map the landslides present and assess the state of
activity for several reasons, for instance, the high
dense tree canopy covering (Jaboyedoff et al., 2012,
Van Den Eeckhaut et al., 2013, Pirasteh and Li, 2016,



regional scale, in which time-consuming and resource-
intensive procedures are required (Guzzetti et al.,
1999, Haneberg et al., 2009, Santangelo et al., 2010,
Cigna et al., 2013, Behling et al., 2014, Pawluszek et
al., 2017, Yang et al., 2017, Perera et al., 2022). This
procedure also is hampered by several challenges,
especially old landslides, which make it impossible to
see all the parts of a landslide; total or partial
vegetation coverage; and features dismantled by other
landslides or human actions, such as agricultural work
(Guzzetti et al., 2012).

Due to the wide area coverage, non-invasive
nature, and cost-effectiveness of remotely sensed data,
integrating and  complementing  conventional
investigations with remote sensing techniques
represents a valuable source of support for landslide
mapping (Moosavi et al., 2014, Golovko et al., 2015,
Bozzano et al., 2017). As stated by Scaioni et al.
(2014), remote sensing has been utilized in three
primary areas of landslide applications, namely
landslide recognition, landslide monitoring, and
landslide susceptibility and hazard assessment. The
landslide monitoring involves closely observing the
changes in the state of activity of a landslide over time,
as it undergoes a failure process. Majority of the
studies monitor the activity of landslides by using
quantitative measurements of ground deformation,
surface point displacements (also known as
deformation measurement), changes in geotechnical
or geophysical parameters, and water table level
measurements. Remote sensing techniques are used to
measure changes on the surface of slopes, which are
important indicators for understanding landslide
development and identifying correlations with
triggering factors. The interpretation of aerial
photographs, considered the most common technique
used in landslide recognition (Otukei and Blaschke,
2010, Guzzetti et al., 2012, Chen et al., 2013, Li et al.,
2016), is also capable of covering a wide area.
However, this technique requires experience, training,
and a well-defined landslide interpretation standard
(Antonini et al., 2002, Galli et al., 2008, Jackson Jr et
al., 2012). Furthermore, the technique may also
produce some mapping errors (Marchesini et al., 2013,
Santangelo et al., 2015), especially for forest areas
(Brardinoni et al., 2003, Mezaal et al., 2017a, Pirasteh
and Li, 2016), since the reflectance spectra of
vegetation conceal the spectra of underlying soils and
rocks, the most critical barrier to geological
identification and mapping (McKean and Roering,
2004, Hede et al.,, 2015). In addition, the use of
monoscopic and stereoscopic images from aerial

photographs might produce a digital terrain model
(DTM) with low accuracy since the ground surface is
not well presented in photogrammetric DTMs of
forested terrain, which leads to incomplete and
unreliable landslide inventories.

Furthermore, to precisely compare corresponding
areas and measure deformations, it is necessary to
have a series of repeated images that are accurately
registered. Other remote sensing technologies, such as
synthetic aperture radar (SAR) sensors, primarily
measure surface deformations and construct time
series of surface deformations at single points
(Berardino et al., 2002, Hooper et al., 2007, Cigna et
al., 2011, Jaboyedoff et al., 2012, Bianchini et al.,
2017). Bozzano et al. (2017) used Persistent Scatterer
Interferometry (PSI) to compute time series surface
deformation from satellite data captured in space
which enabled the determination of both the vertical
and horizontal (east-west) components of the
movement. However, this method uses an active
sensor and the data acquisition depends on various
factors such as the natural illumination,
foreshortening,  layover  effects,  atmosphere
propagation effects, and vegetation decorrelation in
forested terrain. High temporal resolution datasets are
also required.

Recently, new methods and technologies have
been exploited by researchers to detect and map
landslides (Guzzetti et al., 2012). One of these
technologies is airborne LiDAR (Light Detection and
Ranging). The ability of high-density airborne LiDAR
data to penetrate vegetation and provide the
topographic surface is critical to detecting and
mapping landslides under forested areas (Haugerud et
al., 2003, Van Den Eeckhaut et al., 2007, Pirasteh and
Li, 2016, Bibi et al., 2017). LiDAR derivative products
such as contour maps, shaded relief, slope, and
curvature can be used in further landslide detection
and mapping (Guzzetti et al., 2012, Jaboyedoff et al.,
2012, Bibi et al., 2017). Nevertheless, the main
limitations of this technique are the cost of data
acquisition (Joyce et al., 2014, Gaidzik et al., 2017,
Luo et al., 2018) and the time-consuming data
processing, especially for large areas. The
combination of airborne LiDAR and terrestrial LIDAR
(TLS) can greatly assist in investigating landslide
activity. However, in forested areas with complex
topography and uneven terrain, limited line-of-sight
access can pose challenges for terrestrial LIDAR data
collection. Obstacles such as trees, shrubs, and
understory vegetation can hinder the positioning of
LiDAR scanners and limit the coverage of the target



area, potentially resulting in incomplete and non-
representative data. This limitation can affect the
accuracy and reliability of landslide analysis, as the
data may not fully capture the extent and
characteristics of landslides in forested areas. It is
important to consider and address these challenges
when utilizing terrestrial LIDAR in forested landslide-
prone regions for comprehensive and accurate
landslide studies. As a result, most studies have
generally covered a small area (less than 20 km?2)
(Guzzetti et al., 2012). The technique also requires
experience, training, and a well-defined standard for
LiDAR data processing and landslide interpretation.
Even though of high-density airborne LiDAR data
could penetrate the vegetation and provide the
topographic surface, the tree canopy can scatter or
absorb the LiDAR beams, resulting in incomplete or
obscured data, especially in areas with dense foliage
or tall trees. LiDAR signals may not penetrate the
forest canopy to reach the ground surface, in resulting
limited ground point, leading to incomplete or
inaccurate data. This can make it challenging to
accurately map landslides that occur beneath the forest
canopy, especially if the forest is dense or has multiple
canopy layers.

Besides that, geomatics techniques are also widely
used for landslide state of activity analysis (Artese and
Perrelli, 2018). In a tropical vegetated area, landslide
analysis requires frequent site visits, real-time
deformation monitoring, and expensive instruments
such as electronic distance meters (EDM), which are
installed in the landslide area for monitoring purposes
(Stiros et al., 2004, Tsai et al., 2012, Afeni and
Cawood, 2013, Castagnetti et al., 2013, Corsini et al.,
2013, Simeoni et al., 2015). However, this method
involves some obstacles, especially in active landslide
zones where enormous financial outlays may be lost
and instruments incur costly damage once the
landslide strikes.

For all these reasons, the application of vegetation
as an indicator of landslide state of activity may be an
effective, natural, and inexpensive approach for
landslide inventory and monitoring processes,
especially in tropical regions. Apart from using
surface terrain information to identify landslide
activity, the inclusion of information regarding surface
objects, such as vegetation, yields noteworthy insights
into landslide sate of activity. As silent witnesses, trees
may be displaced, tilted, partially buried, bent, or
limited in growth by landslides. Vegetation may have
a beneficial impact on the stability of a slope because
the roots reinforce the layers by binding the soil. To

determine the relationship between vegetation
characteristics and landslide occurrences, several
VAIs have been used, such as tree height irregularities,
leaning trunk, and tree-ring. Razak et al. (2013) found
that trees in active landslide areas are characterized by
low vegetation, small crowns, and irregular tree
height. Tree trunks are often curved as a result of
external factors including catastrophic events, the
unavailability of light, and soil creep (Zhang et al.,
2016). If trees frequently grow with curved trunks on
slopes where other evidence indicates the occurrence
of creep, this strongly suggests that their curvature is
due to creep (geotropism) (Harker, 1996). Wang et al.
(2016a) and Wang et al. (2016b) also demonstrated the
application of TLS in characterizing tree stem curves.
They found that most trees inside landslide (shallow)
areas had curved stems due to the effects of soil
movement. The utilization of dendrochronological or
tree-ring analysis methods could enhance the
understanding of landslide state of activity and risk
(Luszczynska et al., 2017) since stem deformations
affect the structure of wood and tree-rings (Stefanini,
2004, Wistuba et al., 2013). However, using tree rings
to study landslide behavior has certain limitations; for
example, some trees need to be felled, which is
impossible in places such as forest nature reserves.
Many academic investigations also explore the impact
of diverse vegetation indices, such as the Normalized
Difference Vegetation Index (NDVI), as a means of
assessing and monitoring the state of landslide activity
(Zhong et al., 2021, Xun et al., 2022, Satriano et al.,
2023). Overall, the existing studies have focused on
single landslide types and activity, while a limited
number of indicators were used. No library has yet
been produced by compiling all the related vegetation
indicators of landslides for different landslide
scenarios. Therefore, this study aims to employ
vegetation anomalies as an indicator for landslide state
of activity classification using multi-resolution
remotely sensed data.

Materials and Methods

Study Area

Kundasang is located in the northwest of Ranau, Sabah
(Figure 1) and generally well known for its unstable
hilly area. The study area covers 70.47 km? and is
situated between 500 and 2000 m above mean sea
level. The hilly terrain and ridges, with their high
elevation and combinations of steep slopes, are the
consequence of violent historical tectonic activity
(Tating, 2006). The climate of the study area is
determined by its proximity to the equator; it is humid



and tropical, with temperatures ranging between 25 °C
and 35 °C in lowland areas. This area has two
monsoon seasons: the "dry" monsoon from May to
October and the "wet" monsoon from November to
April. Since Kundasang is within an area known as the
“ever-wet zone”, it receives at least 60 mm of rainfall

per month, while the annual rainfall ranges from 1920
mm to 3190 mm (average 2075 mm) (Tating et al.,
2013). The choice of this area as the location in which
to pursue the study objective was because of its
tropical environment and abundant landslides caused
by natural and anthropogenic factors.

Figure 1. Location of study area

Geologically, the Kundasang area consists of
several types of lithology, such as the Crocker
Formation (Late Eocene to Early Miocene age) and the
Trusmadi Formation (Paleocene to Eocene age),
granite intrusion, and several recent Quaternary
alluvial materials which are still being deposited
(Tongkul, 1987, Roslee et al., 2008). The Trusmadi
Formation, in general, exhibits two distinct structural
orientations - NW-SE and NE-SW (Tongkul, 2007,
Roslee et al.,, 2020).- and is characterized by the
presence of dark-colored argillaceous rocks, siltstone,
and thin-bedded turbidite in a well-stratified sequence
(Yusoff et al., 2016, Roslee et al., 2020). Jacobson
(1970) divided the Trusmadi Formation into four main
lithological units: argillaceous rocks, interbedded
sequences (turbidites), cataclasites, and massive
sandstones. The Crocker formation in the study area is
composed of inter-bedded shale and sandstone (Azlan
et al., 2016) with four lithology units, namely thick-

bedded sandstone, thinly bedded sandstone and
siltstone, red and dark shale, and slumped deposits
(Jacobson, 1970). Due to the extensive deformation
and discontinuity in the arenaceous Crocker
Formation's sandstone and shale beds, they are prone
to weathering and instability.

Methodology

Overall, this study consists of several phases. The first
phase concentrates on the data acquisition and pre-
processing of high resolution remotely sensed data,
field data and ancillary data collection. The remotely
sensed data, i.e., airborne LiDAR, aerial photos and
high-resolution satellite images were georeferenced
into the same coordinate system. The point clouds
obtained from the airborne LiDAR data were filtered
to remove the non-ground points. The ground points
were interpolated to produce Digital Terrain Model
(DTM). Digital Surface Model (DSM) was produced



by interpolating the non-ground points. The
normalized point clouds were generated by
normalizing the original point clouds based on DTM.

The field data collection including landslide
inventory and vegetation characteristics. The second
stage focused on the development of landslide
inventory using manual interpretation of high
resolution remotely sensed data. The landslide
inventory map was validated using field-based
landslide inventory data. The third stage emphasized
on the development of VAIs using high resolution
remote sensing data. The VAIs consisted of 15 raster
maps that can be grouped into 7 groups: 1) tree height
irregularities; 2) canopy gap; 3) density of different
layer of vegetation; 4) vegetation type; 5) vegetation
indices; 6) root strength index (RSI); and 7)
distribution of water-loving trees. All the VAI maps
and landslide inventory maps obtained from the
manual interpretation were used in the fifth stage that
aimed at classifying landslide activities based on
machine learning-based approaches. Finally, the
classified landslide activity map was evaluated using
the landslide inventory map.

Landslide Inventory

Landslide inventory was produced based on the
combination of remote sensing data interpretation and
field observation. The remote sensing-based landslide
inventory was done using several airborne LiDAR-
derived datasets, i.e., topographic openness, hillshade,
and color composite. These datasets were generated
using DTM and orthophoto with 7 cm spatial
resolution. Topographic openness was used to observe
the clear contrast between the planar surface and
down-slope surface (Razak, 2014). It can be one of the
landslide features that can be recognized through color
ramp observations. The hummocky surface of the
hillshade, steep slope of the hillshade 3D features
(Razak, 2014, Soeters and Westen, 1996, Crawford,
2014), thick toe structure of the landslide area, and
step-like morphology on the hillshade image (Van
Westen and Getahun, 2003) can be used to recognize
the landslide body. Orthophoto image is capable of
exhibiting any evidence of landslide occurrence either
in a clear form of landslide polygon or other evidence
leading to landslides, for example road crack, soil
erosion, and bad surface or ponding in niches or back
tilting area (Van Westen and Getahun, 2003).

Next, the inventory process continued with
landslide delineation. The delineation process was
conducted based on a scarp and accumulation area
where the scarp area covered from the crown part until

the head, while the accumulation area covered from
the main body until toe. For assigning the landslide
type and activity several signatures were observed
which related to morphology, vegetation, and drainage
characteristics. For active landslides, the scarp and
crown are obvious, and the accumulation zone is
visible. The area is mostly characterized by less or
almost no vegetation cover. A dormant landslide is an
inactive landslide that may be reactivated due to its
original causes or other causes. The scarp and body of
the failure are still visible in the LIDAR dataset with
low density vegetation and does not show any recent
activity. A relict landslide is an inactive landslide,
where the slope has been stabilized due to natural
factors or mitigation measures. The scarp and body of
the landslide area are not distinguishable through
LiDAR dataset. Meanwhile the area is densely
covered by vegetation or has been mitigated by any
structural measures. The results of remote sensing-
based landslide inventory were verified and corrected
using the field-based inventory.

Parameterization of vegetation anomalies using
remotely sensed data

In this study, seven groups of VAls were used in
landslide activity classification i.e., tree height
irregularities, canopy gap, different layers of
vegetation, vegetation type distribution, vegetation
indices, root strength index, and distribution of water-
loving trees. All the VAIs were derived from airborne
LiDAR and high-resolution satellite images.

Tree Height Irregularities

Tree height is defined as the perpendicular distance
between the top and base of a tree (Verma et al., 2016).
The height value varies across different stands and/or
species (Rupsys, 2016). The distribution of the tree
height significantly reflects the quality and quantity of
tree stand and its future growth. Trees in landslide
areas have relatively low height, small crown, and
more irregularities (Razak et al., 2013, Rupsys, 2016,
Mohd Salleh et al., 2019). The tree height irregularities
were calculated from the LiDAR-derived CHM. The
capability of airborne LiDAR technology to provide
high-resolution ground and surface information in
gentle surface areas, extensive coverage, and fast data
acquisition, makes it an efficient tool for generating
this VAIL Tree height irregularities were calculated
using the standard deviation of tree height within a 5
m kernel size. A high standard deviation indicates
highly irregular tree heights in a specific area, while a



low standard deviation indicates that the area is close
to the mean (low irregularity).

Canopy Gap

The canopy gap is a “hole” in the forest canopy
cover down to a specified height (for example, 2 m)
above the ground (Brokaw, 1982). Muscolo et al.
(2014) identified the canopy gap as empty areas within
forest canopies caused by natural disturbances and
which can be filled by other trees (Watt, 1947,
Whitmore, 1982). A strong relationship has been
found between landslides and forest canopy gaps
(Zirlewagen and von Wilpert, 2001, Moos, 2014, Wu
et al., 2016). The presence of landslides under a
forested area is believed to be detectable by measuring
the gaps in the area (Moos, 2014). The production of a
tree canopy gap involves several important steps,
including the separation of forested areas from non-
forested areas, individual tree crown delineation, and
tree canopy gap generation. The separation of the
forested and non-forested areas was performed by
semi-automated identification from the Pleiades
images using the SVM image classification method in
ENVI software, followed by manual corrections via
visual interpretation. The delineation of individual tree
crowns was ascertained from the CHM dataset within
the forested area using the inverse watershed
segmentation method (Rahman and Gorte, 2009).
Next, the segmented tree canopy (over 3 m in height)
was converted into grid format and the tree canopy gap
density was calculated within a 10 m grid. An area
with a low number of canopy pixels was considered to
have a high canopy gap density.

Density of Different Layers of Vegetation

The density of different vegetation layers was
measured using the overall relative point density
(ORD) method (Ismail et al., 2015, Campbell et al.,
2018). This is intended to compute the density of point
clouds for each height class within a specific grid size
(5 m grid was used in this study). The layer of
vegetation was divided based on the tree height
classification schema outlined by Ginzler et al. (2005)
i.e., low vegetation, young woody vegetation, matured
woody vegetation, and old forest. To calculate the
point cloud density, the point count operation was
performed. This returned the number of point clouds
of a given pixel size. This operation was conducted for
both the extracted point clouds and the raw non-
ground point clouds. The vegetation layer density was
calculated by dividing the raster layers of individual

vegetation classes based on the height value and the
raw non-ground pixels, then converting every pixel
into a percentage unit.

Vegetation Type Distribution

According to Malaysian Standard 1759 (MS
1759:2004), many categories of vegetation type can be
classified. In the current study, four vegetation types
were used, such as grass, secondary forest, primary
forest, and agriculture. Landslide occurrence was
higher in logging areas, secondary forest and
settlement areas, and lower in primary forest areas
(Pradhan, 2013, Shahabi and Hashim, 2015). This
indicator was mapped from satellite imagery and
LiDAR-CHM datasets.

Vegetation Indices

Vegetation indices are mathematical transformations
designed to assess the spectral contribution of
vegetation to multispectral observations. The bands
normally used are Green, Red, and Near Infrared
(NIR). These vegetation indices operate by contrasting
intense chlorophyll pigment absorptions in the red
band against the high reflectivity of plant materials in
the NIR. As one landslide area criterion is the low
presence of vegetation, it was essential to analyze
anomalies using this dataset. The six vegetation
indices were derived from Pleiades imagery as
described below:

npyi = MR R) 1
" (NIR+R) M

DVI = NIR — R 2)
savi— —WIR=F) (1+1L) 3
(NIR + R + L) ®

__ (NIR-R)

OSAVI = 22 X (1 +0.16) 4)
GDVI = NIR — G (5)

enpyi = NR=6) 6
" (NIR+6) ®)

where NIR is the near-infrared band, R is the red band,
G is the green band, and L is the correction factor.



Root Strength Index (RSI)

Root strength is a soil reinforcement factor (Abdi,
2018). Increasing its strength will further reinforce the
soil (Stokes, 2002). Changing the tree root strength
affects slope stability (Schmidt et al., 2001, Iwahashi
et al., 2014, Capilleri et al., 2016). The root strength
index (RSI) was derived from the estimated tree height
and tree density (Iwahashi et al., 2014). The process
begins with individual tree crown delineation using the
CHM dataset and the estimated tree height was
obtained from the airborne LiDAR data, while tree
density was defined as the number of trees in a 30 m
grid. Equation 8 shows the product of the tree height
and the square root of the estimated tree density, which
are used to calculate RSI values.

RSI =HX~D ™

where H is the tree height, and D is the estimated tree
density.

Water Loving Trees

Water-loving trees, also known as hydrophytes, are
usually found in all forms of wetlands, either in or on
the water, or where soils have been flooded or
saturated long enough for anaerobic conditions to have
been established in the root zone (Cronk and Fennessy,
2016). The distribution of water-loving trees indicates
the high presence of active landslides (Chatwin and
Howes, 1991, Johnson et al., 2000). In this study, the
distribution of water-loving trees was produced by
combining aerial photographs, satellite imagery,
CHM, and the topographic wetness index (TWI)
datasets. Water-loving trees were characterized by
their lower height value, i.e., 1 to 3 meters (Chatwin
and Howes, 1991). The vegetated pixel area was
classified automatically from the satellite imagery.
The height values of the vegetation pixels were
extracted from the CHM dataset and a pixel value of
one to three meters was used for the estimation of
water-loving trees. The presence of low vegetation and
high TWI values for a certain area indicates a high
density of water-loving trees.

Machine Learning for Landslide Activity
Classification

Support Vector Machine (SVM)

The SVM was initially developed to find a hyperplane
that would optimally separate two classes (i.e.,
landslides with a specific activity and other landslide
activities) (Vapnik, 2013) by maximizing the class

boundary margins for linearly separable cases (Abe,
2005). The optimum hyperplane was derived from
support vectors with values closest to the classification
margin (Gove and Faytong, 2012, Kavzoglu et al.,
2014). New data can be classified once the decision
surface has been acquired (Tien Bui et al., 2012,
Pradhan, 2013, Razavian et al., 2019). This study used
a training set of instance-label pairs (xi, yi),i=1,...,m,
where xi € Rn and yi € (1,-1), xi are an input space
vector that represents all the VAls, such as the tree
height irregularities, canopy gap, and vegetation
indices. Meanwhile, (1,-1) represents the landslide and
non-landslide pixels, which were categorized into
different states of activities (i.e., active, dormant, and
relict). However, classification with linear functions is
highly challenging. In this case, a non-linear approach
could be performed using kernel functions (i.e.,
polynomial, radial basis function, and sigmoid) (Ian H.
Witten, 2017, Kotu and Deshpande, 2014, Ayalew and
Yamagishi, 2005).

In the SVM modeling approach, several
parameters needed to be configured, such as the kernel
function, regularization parameter (C), gamma (), and
degree of the polynomial (d). These parameters are
crucial to finding a model that performs a good
classification task (Silva and Eugenio Naranjo, 2020).
Parameter C can monitor any overfitting activity of the
model, while parameter y controls the model’s degree
of non-linearity. In this study, three SVM kernel
functions were used: Linear (SVMI), Polynomial
(SVMP), and RBF (SVMR). The selection of
parameter values of C, y, and d were finalized by
applying the Grid Search (GS-SVM) and Genetic
Algorithm (GA-SVM) optimization techniques.

The GS-SVM technique comprises an in-depth
search of a particular parameter interval. It functions
by assessing the performance and evaluation of the
sample data for a specific parameter value. This can be
accomplished by first generating a range of C and y
values, as well as a d value, for the polynomial kernel
to search through. The cross-validation (CV)
technique with 10-fold was used as a performance
metric, aiming to identify the optimum hyper-
parameter combination that would enable the classifier
to accurately predict unknown data. Genetic algorithm
(GA) are stochastic search algorithms inspired by the
basic principles of biological evolution and natural
selection. GA simulates the evolution of living
organisms, in which the fittest individuals come to
dominate the weaker ones, by mimicking the
biological mechanisms of evolution, such as selection,
crossover, and mutation.



Artificial Neural Network

In this study, the ANN method with a Multi-Layer
Perceptron (MLP) was used for the landslide activity
classification since this algorithm has been the most
frequently used in landslide studies. The MLP is a
widely used artificial neural network model and can
model highly non-linear data with high complexity
(Haykin, 2004). MLP models consist of several
components and start when the relevant input
parameters are fed into the network. These input
parameters generate input signals, which are
transmitted throughout the network to the hidden layer
and the output layer. The scaled input vector, which is
introduced by neurons in the input layer, is multiplied
with weights, which is a quantity that represents a real
number. The neuron in the hidden layer accumulates
all this information, including bias.

To classify landslide activity accurately,
supervised learning is used to ensure that the desired
output is learned. Numerous training algorithms are
available for fitting the model to the intended output.
In this study, five types of learning algorithms were
used, namely backpropagation (backprop), resilient
backpropagation with weight backtracking (rprop+),
resilient back  propagation  without weight
backtracking (rprop-), a globally convergent
algorithm with the smallest absolute gradient (sag),
and a globally convergent algorithm with smallest
learning rate (s/r). The role of the activation or transfer
function in a neural network is to produce a non-linear
decision boundary via non-linear combinations of the
weighted inputs. This transforms a set of input signals
into an output signal. This transfer function introduces
non-linearity into the MLP model, distinguishing it
from the linear model. This study used two activation
functions that are widely used in MLPs: sigmoid
(logistic) and hyperbolic tangent (tanh). To train the
optimum MLP network configuration, the learning
rate was set to 0.01. This helped to prevent the network
from diverging from the target output and improved
the general performance.

Therefore, considering the MLP topology and
criteria stated above, several networks consisting of a
three-layered MLP were trained to optimize or find the
best activation function of the hidden and output
layers, as well as the number of nodes or neurons in
the hidden layer.

Results Validation

To track the progress of individual landslides, an error
matrix reflecting the sample segments assigned to a
landslide activity, as opposed to the real activity, was
produced. An error matrix was used to construct
various types of accuracy statistics, including overall
accuracy (OA), kappa coefficient (k), producer's
accuracy (PA), and user's accuracy (UA) (Congalton,
1991). OA represents the percentage of correctly
classified samples. k is a widely used and powerful
multivariate accuracy assessment technique. It
measures of the overall statistical agreement of a
confusion matrix. Therefore, it assesses the
classification accuracy more rigorously (Thapa and
Murayama, 2009). PA represents the amount of
inaccuracy that occurs due to an omission (omission
error) and demonstrates the likelihood of an actual
class being correctly categorized, whereas UA is a
measure of commission error, indicating the
probability that a segment classified as predicted data
actually represents the specific activity. The following
equation shows the full formula set used in the
accuracy assessment process:
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where m;, and m.; represent the sum of the rows and
columns of the confusion matrix and N is the sum of
all the items in the confusion matrix.

Results and Discussion

Landslide Activity Classification

Machine learning methods (i.e. SVM and ANN) were
adopted as the means of classifying landslide state of
activity in the study area. These methods were used to
classify the landslide state of activity of the delineated
landslide polygon based on the VAIs input (Figure 2)
in the training dataset, along with the landslide state of
activity.



Figure 2. Map of (a) tree height irregularities, (b) canopy gap, (c) density of shrub, (d) density of young woody
vegetation, (e) density of matured woody vegetation, (f) density of old forest, (g) vegetation classes, (h) NDVI, (i)
DVI, (j) GDVI, (k) GNDVI, (1) OSAVI, (m) SAVI, (n) RSI, and (o) water loving trees



Support Vector Machine (SVM)

This section presents the classification results obtained
with the SVM classification method where the
manipulation was made based on different parameter
setting. All results were obtained by varying the input
parameters including kernel function, regularization
parameter or cost (C), gamma (y), and degree of
polynomial (d) which only for polynomial kernel
function. Two types of optimization method i.e. Grid
Search (GS) and Genetic Algorithm (GA) were used
in finding the best input parameter for landslide
activity classification.

The performance of activity classification for
deep-seated rotational landslides are presented in
Figure 3. the classification using all the methods
achieved moderate accuracy results with the OA
between 48.2% and 68.6%, and x is between 0.220 and
0.527. SVM with RBF kernel and GS (SVMR-GS)
consistently reported the highest OA for all spatial
resolution categories with 68.6%, 67.8%, 62.1%,
59.0%, and 54.9% for 0.5 m, 1 m, 5 m, 10 m, and 20
m resolution categories, respectively. Additionally,
SVMR-GS produced higher « values of 0.527 (0.5 m),
0.515 (1 m), 0.428 (5 m), 0.382 (10 m), and 0.318 (20
m). The increase of 13.7% of OA from 54.9% (20 m)
to 68.6% (0.5 m) for SVMR-GS indicates that as the
spatial resolution size decreases, the OA shows a good
classification result. However, there were different
scenarios for other methods except SVMR-GA, where
the OA slightly increased under higher spatial
resolution categories, i.e., SVML-GS (2.9%), SVMP-
GS (3.3%), SVML-GA (4.8%), SVMP-GA (3.0%),
and SVMR-GA (11.9%). Overall, the OA values of
SVMR-GS and SVMR-GA reached more than 60%
(resolution between 0.5 m and 5 m). This clearly
demonstrates that the RBF kernel routinely achieves
superior classification accuracy compared to any other
kernel type.

In the case of shallow rotational landslide, The OA
was recorded between 32.8% and 80.7%, and «
between 0.093 and 0.711. Again, SVMR-GS
consistently reported the best OA for nearly all spatial
resolution categories with 71.3%, 70.5%, 59.5%,
49.8%, and 65.8% for 0.5 m, 1 m, 5 m, 10 m, and 20
m resolution categories. Additionally, x values of
0.708 (0.5 m), 0.706 (1 m), 0.610 (5 m), 0.566 (10 m),
and 0.422 (20 m) indicate that SVMR-GS has a high
classification accuracy. The OA for SVMR-GS
increased from 60.7% (20 m) to 80.67% (0.5 m) at a
rate of 19.9%, indicating that the OA remains steady
when the spatial resolution size reduces. Other

approaches, with the exception of SVML-GA and
SVMR-GA, have different scenarios where the OA
slightly increases as the spatial resolution increases,
i.e. SVML-GS (4.3%), SVMP-GS (9.1%), SVML-GA
(8.9%), SVMP-GA (33.7%), and SVMR-GA (38.1%).
Among them, the OA values of SVMR-GS and
SVMR-GA exceeded 80% (resolution of 0.5 m and 1
m). This clearly shows that the RBF kernel surpassed
all other kernel types in terms of classification
accuracy.

The analysis of the classification results for each
activity classes is carried out by measuring the
producer’s accuracy (PA) and user’s accuracy (UA).
For deep-seated rotational landslides, the PA values
ranged from 41.9%-60.8%, 53.1%—67.2%, and
43.4%-77.0% for active, dormant, and relict classes,
respectively, while UA values ranged from 40.7%—
68.8% (active), 46.7%—70.7% (dormant), and 50.0%—
68.1% (relict), which can be categorized as moderate
results. For the active class, it exhibited nearly the
same PA and UA in the classified landslide, with the
highest average values of 49.5% (PA) and 51.2%
(UA). Dormant class results were substantially
identical to active class results, with maximum
averages of 58.8% and 55.1% for PA and UA,
respectively, while the relict class recorded slightly
higher values than the dormant class, with 58.1% (PA)
and 63.3% (UA). For shallow rotational landslides, the
assessment of PA and UA showed satisfactory
accuracy results, especially for 0.5 m to 10 m spatial
resolution categories. The PA values ranged from
64.3%-100.0%, 20.0%—75.6%, and 13.6%—86.8% for
active, dormant, and relict classes, respectively, while
UA values ranged from 24.0%-86.5% (active),
60.0%—81.8% (dormant), and 52.6%—87.5% (relict).
By averaging the PA and UA values, SVM yielded
moderate results with 78.6% (PA) and 79.7% (UA) for
the active class, and 60.3% (PA) and 72.8% (UA) for
the dormant class. Meanwhile, high PA and moderate
UA values were recorded for the relict class. This
indicates that high commissions of the relict class were
observed in the classified results. By visualizing the
classification results, as shown in Figure 4, the
dormant class tends to be classified as a relict class
(omission error), especially for large spatial resolution
size categories. The misclassification of dormant as
relict was obvious, especially for shallow rotational
due to both classes’ sharing similar vegetation
characteristics. In summary, SVM successfully
classify the landslide activity using VAIs whereas GS
method produced higher accuracy results than GA
approach. The results varied based on different kernel



function. Kernel comparison clearly shows that RBF 2021). Analyzing the spatial resolution’s effect on

kernel outperformed other kernel type by consistently classification accuracy, better accuracy results were
obtaining higher OA and « values. This finding obtained for high spatial resolution categories
consistent with other studies (Kranj¢i¢ et al., 2019, regardless of the different parameter setting algorithm
Martins et al., 2016, Cho et al., 2017, Dabija et al., used.
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Figure 3. Overall accuracy and kappa coefficient of classified landslide activity for deep seated and shallow rotational
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Figure 4. Sample of classified landslide activity for (a) deep-seated, and (b) shallow rotational landslides with
different spatial resolution categories using SVMR-GS method.



Artificial Neural Network (ANN)

The performance of activity classification for deep-
seated and shallow rotational landslides are presented
in Figure 5. For deep-seated rotational landslide, The
OA was between 45.5% and 61.5%, and x was
between 0.181 and 0.420 for the logistic function.
Meanwhile, the tanh function achieved 47.4%—58.7%
and 0.201-0.377 for OA and «, respectively. In
general, ANN-MLP with sag (logistic) consistently
reported the highest OA for almost all spatial
resolution categories, with 61.4%, 61.5%, 60.5%,
56.3%, and 50.2% for 0.5 m, 1 m, 5 m, 10 m, and 20
m resolution categories, respectively. Additionally,
sag (logistic) produced a higher «k value of 0.418 (0.5
m), 0.420 (1 m), 0.403 (5 m), 0.342 (10 m), and 0.246
(20 m). The increase of 11.3% of OA from 50.2% (20
m) to 61.5% (1 m) indicates that as the spatial
resolution increases, the OA shows a good result.
However, different scenarios apply for other methods
because the OA increased slightly in higher spatial
resolution categories. Overall, only sag (logistic)
reached more than 60% (resolution of between 0.5 m
and 5 m) of OA.

The classification accuracy was satisfactory for
shallow rotational landslides. The OA was between
49.2% and 74.0%, and k was between 0.253 and 0.610
for the logistic function. Meanwhile, tanh achieved
47.5%-74.7% and 0.215-0.620 for OA and «,
respectively. The combination of the rprop+
algorithm and the fanh activation function consistently
reported the best OA almost for all spatial resolution
categories with 74.1%, 74.7%, 73.3%, 68.1%, and
49.2% for 0.5 m, 1 m, 5 m, 10 m, and 20 m resolution
categories, respectively. The OA for rprop+ (tanh)
increased from 49.2% (20 m) to 74.7% (1 m) at a rate
of 25.5%, indicating that the OA remains steady when
the spatial resolution size reduces. Among them, all
the approaches except backprop (tanh) and sir (tanh)
exceeded 70% (resolution of 0.5 m, 1 m, and 5 m) of
OA.

The analysis of the classification results for each
activity classes is carried out by measuring the PA and
UA. For deep-seated rotational landslides, the PA

values ranged from 32.4%—-55.3%, 45.8%—65.6%, and
44.6-69.3% for the active, dormant, and relict classes,
respectively, while UA values ranged from 35.3%—
60.5% (active), 48.1%—62.8% (dormant), and 41.6%—
62.8% (relict), which can be categorised as moderate
results. The average PA and UA values indicate that
the active class recorded slightly higher UA than PA,
with the highest average values of 52.9% and 48.4%,
respectively. As shown in Figure 6, the combination
of the dormant and relict classes can be observed in the
active class. Meanwhile, the dormant and relict classes
recorded identical results with the active class, where
average PA values varied from 53.6% to 55.9%
(dormant), and 52.0% to 61.7% (relict). In relation to
shallow rotational landslides, all the combinations
recorded reliable results. PA varied from 50.0% to
85.7%, 40.0% to 74.9%, and 36.4% to 75.7% for the
active, dormant, and relict classes, respectively,
whereas UA ranged from 33.3% to 82.3% (active),
44.0% to 73.7% (dormant), and 54.2% to 86.7%.
(relict). In all combinations with distinct classes of
spatial resolution, when comparing the average PA
and UA values, the active class showed slightly greater
UA than PA, with the highest recorded average values
of 79.4% (UA) and 76.1% (PA). In contrast to the
active class, the relict and dormant cases differed in
that the PA values were slightly greater than UA
values, particularly for higher spatial resolution
categories. The highest average values for the dormant
class were 70.6% (PA) and 69.4% (UA), and for the
relict class, 70.1% (PA) and 69.4% (UA). In summary,
ANN successfully classified the landslide state of
activity using VAls, whereas all the learning
algorithms showed nearly equal OA values and were
not significantly different among them. The type of
activation function used also does not impact the
quality of the results since the recorded OA values do
not have much difference between them. Analyzing
the spatial resolution’s effect on classification
accuracy, better accuracy results were obtained for
high spatial resolution categories regardless of the
different parameter setting algorithms used.
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Figure 6. Sample of classified landslide activity for (a) deep-seated rotational using ANN with sag (logistic) method,
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method.

Conclusion

In conclusion, this study introduces a novel approach
to mapping the state of landslide activity in the
Kundasang region of Sabah, Malaysia, by utilizing the
Vegetation Anomalies Indicator (VAI) derived from
high-resolution = remotely sensed data. The
methodology involves a combination of manual
landslide inventory and VAI generation through high-
resolution remote sensing data, which is then used to
train machine learning models, namely Support Vector
Machine (SVM) and Artificial Neural Network
(ANN), using seven main VAls. The findings of the
study reveal that higher spatial resolution categories
yield optimal results for both SVM and ANN methods.
SVM outperforms ANN in classifying both deep-
seated and shallow rotational landslides, achieving an
overall accuracy of 68.6% and 80.7% respectively.
The evaluation of SVM indicates that the radial basis
function (RBF) kernel produces the highest
accuracies, while ANN performs best when utilizing a
hyperbolic tangent (tanh) activation function. Overall,
this research demonstrates the potential for more
accurate mapping and monitoring of landslide activity
by employing the VAI method in tectonically active
regions. By improving the understanding of landslide
dynamics and providing timely information, this
approach can contribute to enhancing disaster risk
reduction and management strategies in such areas.
The study opens up new possibilities for leveraging
high-resolution remote sensing data and machine

learning techniques in landslide assessment and
monitoring, thereby aiding in the mitigation of
landslide-related hazards.
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