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Abstract. Landslide is a frequent form of natural disaster in a tropical region such as Western Sarawak, Malay-
sia, and the occurrences are commonly associated with the wet season. Contemporarily, Landslide Susceptibil-
ity Map (LSM) produced by machine learning models are used to assess the landslide risk. However, LSMs are

known to have spatiotemporal issues, where recent changes in the spatial data used as inputs in the models
are not reflected in the LSMs, causing unjustified landslide susceptibility score in certain areas. The same issue
was also observed in Western Sarawak's LSM. Thus, this study was focused on transforming the Artificial Neu-
ral Network model used developed the region’s LSM into a set of equations that can be used as a landslide
risk assessment system. The new system was determined to be highly accurate with a score of 1 for both Area

Under the Curve score, and recall.
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1. Introduction

Landslides are complex natural disasters that are common-
ly reported during the rainy season for a tropical country
such as Malaysia. Its frequency has been observed to in-
crease as a result of climate change which intensifies the
weather conditions (Tan et al., 2019). Shallow slides are the
dominant form of landslides in Malaysia, a result of weath-
er conditions that facilitate the formation of thick surface
soils, that are sensitive to heavy rainfall (Lei et al., 2024).
Landslide occurrences are not only influenced by a sin-
gle variable, instead they are multivariate with each variable
contributing to landslide occurrences at different weights.

Thus, to justifiably assign the landslide factors weightages,
contemporary studies have opted for a Machine Learning
(ML) based approach. ML provides a purely data-driven ap-
proach in determining factors weightages, making it very
suitable for landslide risks assessment (Tang et al., 2021).

Commonly, the final product in assessing landslide risk
via an ML based approach is a Landslide Susceptibility
Map (LSM), which is a graphical representation of landslide
susceptibility predicted by the ML model based on the
inputs raster files (Chowdhury et al., 2024). However, LSM
accuracy is limited to the time where input raster files are
obtained, as recent changes may not be tracked, leading
to a less accurate LSM.
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One of the largely adopted ML models for the purpose
of assessing landslide risks is an Artificial Neural Network
(ANN). An ANN model offers a highly customizable pa-
rameters that are adjustable depending on the need (Roy
& Saha, 2022). Furthermore, an ANN model decision mak-
ing process is designed to mimic interconnected in the
human mind, where information is passed from the input
layer to the hidden layers to the output layer (Abidoye
et al., 2018). Thus, it is very interpretable to form a land-
slide risks assessment system.

This study was focused on developing a new Landslide
Risk Assessment System (LARAS) from an ANN model for
Western Sarawak, Malaysia. Western Sarawak is a region in
Malaysia that is currently experiencing rapid development
resulting in an increase in population density (Liaw, 2020).
Without its region-specific landslide risk assessment sys-
tem, it is worrying that the general population are exposed
to hazards due to the depleting number of flat lands to
accommodate the increase in settlements.

2. Methodology
2.1. Study area

Sarawak is the largest state in Malaysia, with an estimated
area of 124,449 km?2, spanning 800 km along the North-
west coast of Borneo. Albeit having such a widespread
area, most of the state’s population with 38% of 2,907,500
pupils, are located in Western Sarawak, a region with an
area of 7,122 km? (Phang et al., 2023). Being home to sev-
eral higher education institutions, industrial parks, and the
state’s capital city, Western Sarawak is a region that is cur-
rently undergoing rapid expansion. However, development
does not come without its trade-off in Malaysia, as it also
has been identified to be a significant contributor to land-
slide in the country (Rahman & Mapjabil, 2017). This was
especially true as eight landslide cases were reported from
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Figure 1. Western Sarawak landslide cases
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28th to 29th January of 2025, as compared to a total of
49 recorded cases in the last five years as seen in Figure 1
(Mohd Noor et al., 2025).

2.2. Data collection and preparation

Data is the basis for any ML model. The ANN model in this
study was developed with a supervised learning approach
to predict landslide susceptibility, thus, both features
(landslide factors) and targets (landslide or non-landslide
occurrence) are required. The target of 52 historical land-
slides was obtained from the local news station, and the
1,168 non-landslide instances were manually selected at
points with slope angle at a maximum of 5°.

As the main goal of the ANN model development is
to formulate the LARAS, the features must be measurable
on-site and related to landslides occurrences in Western
Sarawak, considering the aspect of geological, human
activity, and topographical. Although rainfall is the ma-
jor trigger for landslides in Western Sarawak, it was not
included in the features as it does not always occur (Rosly
et al,, 2022). Thus, LARAS's landslide susceptibility levels
can be interpreted as slopes susceptibility to failure in the
presence of heavy rainfall.

Geological aspect was represented by dominant soil
type with data provided by the Food and Agriculture Or-
ganization of United Nations and International Institute
for Applied Systems Analysis (2023). Dominant soil type is
a great representation of geological features for LARAS,
as most landslide cases in the region are reported to be
shallow slides at thick surface soils. Dominant soil type
in Western Sarawak consists of Albic Arenosols, Dystric
Gleysols, Dystric Histosols, Ferralic Cambisols, and Orthic
Acrisols.

Human activities were represented through Distance
from Built Areas (DFBA). DFBA was developed by extract-
ing the built areas data from the Land Use and Land Cover
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(LULC) data provided by the Environmental Systems Re-
search Institute for the year 2023, before building a prox-
imity raster from said data (Karra et al., 2021). DFBA was
a better representation in comparison to LULC for human
activities, as only two out of eight LULC type in Western
Sarawak have experienced landslides.

Topographical features were represented through as-
pect, curvature, elevation, and slope angle. The elevation
raster file was provided by the National Space Agency for
the year 2000, and through the System for Automated
Geoscientific Analyses, the other topographical features
were derived from the elevation (Farr et al., 2007).

Aspect refers to the orientation of a slope face, start-
ing from 0° North, circling clockwise. Each orientation dif-
fers in landslide susceptibility due to the localised weather
conditions (Guo & Ma, 2023). Curvature refers to the pro-
trusion of a slope, ranging from concave to flat to convex.
Conventionally, concave and flats are more susceptible
to landslides due to a higher ponding tendency (Ahmed
et al.,, 2024).

Elevation refers to the vertical distance of a given point
from a datum, while slope angle refers to the steepness of
slope. As elevation, and slope angle increases, the slope’s
stability decreases due to a higher potential energy, mak-
ing it more susceptible to landslides (Moragues et al.,
2024).

To create the primary dataset for the ANN model de-
velopment, the values of features at each target point were
extracted through the raster sampling tool in the Quantum
Geographical Information System (QGIS) (Janzandr, 2020).
The primary dataset was split into training data and testing
data with a ratio of 80:20.

2.3. Data pre-processing

There are two types of features available in the data-
sets, which are categorical and numerical. The categorical
variables consisted of aspects, curvature and soil type. To
provide analysis ready data to the ANN model, one-hot
encoding is conducted on the categorical variables, where
aspect was categorized into groups with a class range of
45°, curvature was categorized into concave, flat or con-
vex, and soil type were categorized based on the domi-
nant soil type (Ul Haq et al., 2019). The rest of the features
are numerical variables that are processed through min-
max scaling, a method that scales the values to be from
0 to 1, by finding the ratio between unscaled value de-
ducted by minimum value for variable to the total range.
This avoid any overpowering issues from a single variable
(Lin & Billa, 2021).

2.4. ANN model development

The ANN model was developed in R using the “neuralnet”
package. The hyperparameters of number of neurons in
the hidden layer, learning rate, and maximum steps were
adjusted to obtain the lowest Root Mean Squared Error
(RMSE), while the sigmoid activation function, and back-

propagation learning algorithm were kept constant (Khaje-
hzadeh et al., 2022).

2.5. ANN model evaluation and deployment

The ANN model was evaluated through Area Under the
Curve (AUC), and recall. AUC provides an overall evaluation
of accuracy, and recall is more focused on the minority
landslide instances as it is a measure of true positive rate
(Iban & Sekertekin, 2022).

In this study, the deployment of the ANN model was
to form LARAS, and LSM of Western Sarawak, to display
the importance of a spatiotemporal free system for land-
slide risks assessment. LARAS is a set of equations that is
designed based on the ANN model to determine land-
slide risks in Western Sarawak without the need to access
a computing device. Thus, biases and weightages of each
feature assigned by the ANN model are required. The LSM
on the other hand was plotted by converting the features
raster files into a numerical data frame using the “terra”
package in R (Waongo et al.,, 2025). The numerical data
frame first underwent data pre-processing before the ANN
model can be deployed to plot the LSM.

3. Results and discussions

3.1. ANN model hyperparameter and
evaluation

RMSE is a measure of potential error in form of unit devia-
tion from the actual values for the prediction (Ramayanti
et al, 2022). In an ML model development process, the
goal is to minimize the RMSE by tuning the hyperparame-
ters. Three trials were conducted as seen in Table 1, where
all trials resulted in the same RMSE of 0.025. An RMSE of
0.025 indicates that there is a potential prediction error of
2.5%, which is very acceptable in this study. Hyperparam-
eters of trial 2 was selected for the ANN model, as it has
the least number of neurons in the hidden layer with two,
the largest learning rate of 0.010, and a maximum steps
of 1.00E+06. This is due to the hyperparameter complexity
is responsible for the LARAS complexity (Abidoye et al.,
2018).

Table 1. RMSE based on ANN model hyperparameters

Trial n Learning rate Stepmax RMSE
4 0.010 1.00E+06 0.025
2 0.010 1.00E+06 0.025
2 0.001 1.00E+08 0.025

The ANN model was evaluated for both training phase
and testing phase through AUC and recall. The training
phase of the ANN model was deemed to be highly suc-
cessful, an indicator that the model was able to learn com-
prehensively from the training data with an AUC of 0.999,
and a recall of 1 with all 45 landslide cases were predicted
correctly as seen in Figure 2a. During the testing phase,
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Figure 2. Performance metrics for ANN model: a) Training phase; b) testing phase

the ANN model was tested for its predictive performance
based on the never-before-seen testing data. The ANN
model testing phase yielded a score of 1 for both AUC
and recall, making it highly successful as seen in Figure 2b.

3.2. Landslide susceptibility map and landslide
risk assessment system

An LSM is a graphical representation of landslide suscep-
tibility plotted by the ANN model with the corresponding
landslide factors raster files as the inputs. Spatiotemporal
issues exists in an LSM if major changes had occurred in
the landslide factors raster files, post data retrieval time
(Gémez et al., 2023). The LSM developed in this study as
seen in Figure 3 was able predict landslide susceptibility
accurately in regions that did not undergo major changes
such as the village of Tangga Mawang, where a minor land-
slide was observed on a point with a susceptibility score
of 0.81. As for areas that have undergone major changes
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such as Nirvana cemetery with its slope remediation, the
LSM was less accurate as the point was predicted to have
a susceptibility score of 0.81, even though the slopes have
been remediated.

LARAS on the other hand was developed based on
the ANN model. Thus, its application starts with data pre-
processing. The min and range required for numerical vari-
ables scaling can be seen in Table 2.

Table 2. Min and range for numerical variable scaling

DFBA (m) Elevation (m) Slope angle (°)
Min Range Min Range Min Range
0 805.492 -97 1,417 0 86.850

Figure 4 shows the weights and biases that are used to
determine the output at each neuron in LARAS.

To determine the final landslide susceptibility risk, the
output at each neuron in the hidden layer was required as
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Figure 4. LARAS weights and biases

the output layer input. Each neuron’s output was calcu-
lated using the same modified sigmoid activation function
(Eg. 1). Evaluating LARAS's performance using the testing
data has shown that the conversion was a success with an
AUC and recall of 1 as seen in Figure 5.
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where O, is the output, b is the bias assigned by the
ANN at the respective neuron, w is weightage assigned
by the ANN model for an input variable, and x is the
pre-processed variable value.
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Figure 5. LARAS performance metrics

4. Conclusions

Landslide is a complex natural disaster that is contempo-
rarily analyzed through an ML based approach. One of
the main outputs from the analysis is an LSM. However,
LSM accuracy is limited based on the time of landslide
factors data retrieval. In this study, LARAS, a computing
device-free and non-spatiotemporal landslide risk assess-
ment system for Western Sarawak was developed from an
ANN model. It was evaluated to be highly successful with
predictive performance AUC of 1, and a recall 1.
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