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Introduction

Abstract: Landslide susceptibility models often face challenges of overfitting
and overestimation. This research focuses on improving the predictive
capabilities of the Extreme Gradient Boosting (XGBoost) and Random Forest
(RF) algorithms by applying Bayesian Hyperparameter Optimization
(BayesOpt). Penang Island, a region in Malaysia prone to frequent landslides,
was chosen as the study area. Ten Landslide Conditioning Factors (LCFs),
including elevation, slope angle, NDVI, and proximity to streams and roads,
were derived using Geographic Information Systems (GIS). From the total of 886
landslide and non-landslide data points, a 70:30 split was employed for training
and testing, respectively. BayesOpt-RF emerged as the top-performing model
among all those assessed with an AUC of 99.50% (Success Rate) and 95.80%
(Prediction Rate). RF (SR: 100.00%, PR: 95.60%), XGBoost (SR: 100.00%, PR:
95.20%), and BayesOpt-XGBoost (SR: 96.70%, PR: 93.00%) followed. While
BayesOpt did not consistently improve prediction performance, it effectively
minimized overfitting and ensured optimal model operation. For effective site
selection, the generated landslide susceptibility maps are significant,
infrastructure planning, and disaster mitigation.

Keywords: Bayesian Hyperparameter Optimization, Extreme Gradient Boosting
Landslide Susceptibility Mapping, Random forest.

enforcement of land-use  zoning

regulations,

Penang Island, located on the northwest coast of
Peninsular Malaysia, is characterized by a unique
topography where densely populated urban areas coexist
with hilly terrains and steep slopes. This geographical
setting has made the region highly susceptible to
landslides, exacerbated by heavy and prolonged rainfall.
Significantly, the Tanjung Bungah landslide on October
21,2017, claimed 11 lives, underscoring the susceptibility
of urban regions to slope failures (The Sun Daily, 2018).
Similarly, on October 19, 2018, the Bukit Kukus landslide
led to the deaths of nine workers, underscoring the critical
need for effective landslide risk mitigation strategies
(Malay Mail, 2018).

In response to these incidents, landslide
susceptibility mapping (LSM) has emerged as an essential
tool for identifying high-risk zones and implementing
targeted mitigation measures. LSM facilitates the
development of strategies such as slope stabilization,
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establishment of early warning systems, and initiation of
community awareness programs. The performance of
LSM is contingent upon the detailed assessment of key
landslide conditioning factors (LCFs), which encompass
terrain features, vegetation cover, and hydrological
influences such as elevation, slope, curvature, and
proximity to infrastructure and water bodies.

Advancements in geospatial technologies and
machine learning algorithms have significantly enhanced
the precision of LSM. Techniques such as Random Forest,
Extreme Gradient Boosting, and Support Vector
Machines have been successfully applied in various
studies, demonstrating superior performance in modelling
landslide susceptibility. Geographic Information Systems
(GIS) serve as a fundamental tool for the integration,
management, and spatial analysis of geospatial datasets,
thereby enhancing the precision and robustness of
landslide susceptibility mapping outputs.

© 2025 Dorothy Anak Martin Atok, Soo See Chai, Kok Luong Goh, Neha Gautam, Kim On Chin.
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Even with recent improvements, achieving a
balance between predictive precision and generalization
in LSMs remains difficult. Model outcomes are still
heavily affected by data quality, overfitting risks, and the
selection of relevant LCFs. This study develops a
landslide susceptibility map (LSM) for Penang Island by
leveraging a well-structured set of landslide conditioning
factors (LCFs) and implementing machine learning
models to generate reliable and interpretable predictions.
The findings aim to support the design of effective
mitigation strategies and enhance comprehension of
landslide risk in tropical urbanized regions.

Previous Studies

Recently, numerous machine learning (ML)
approaches have been applied to predict landslide
susceptibility in targeted regions. The evolution of these
models has enhanced their capability to accurately capture
the intricate relationships between landslide events and
their triggering factors (Wang et al., 2020). Accessible
satellite photos, remote sensing data, landslide history,
and GIS all contribute to applying ML effectively in
landslide susceptibility mapping.

Nevertheless, comparative studies conducted by
Youssef & Pourghasemi (2021) and a comprehensive
literature review on ML models in LSM by (Merghadi et
al., 2020) show that each machine-learning model has its
strengths and weaknesses. One of the most common
conventional ML used in LSM studies is the Logistic
Regression (LR). LR is good at addressing the non-linear
relationship between the LCFs and the occurrence of
landslides. Nevertheless, Zhou et al. (2018) and Wubalem
and Meten (2020) stated that LR is unsuitable for
addressing complex non-linear problems and has
limitations of generalization and simplification of
landslide factors, affecting its prediction performance.

Next is the Support Vector Machine (SVM) algorithm
upholds the structural risk minimization principles, which
rely on statistical learning (Vapnik, 1999). SVM holds
promise in addressing prediction challenges associated
with a smaller number of samples, nonlinearity, and high-
dimensional variables (Zhou et al., 2018). However, SVM
exhibits limitations in suitability for LSM studies dealing
with huge datasets, making it less suitable for regional
LSM (Zhao et al., 2021).

Then, the K-Nearest Neighbor (KNN) is also
commonly used in LSM studies. KNN has shown good
prediction performance but as the number of samples
increases, computation costs increase (Avand et al., 2019;
Hussain et al., 2022).

Moreover, advanced machine learning techniques,
including deep learning and ensemble models, have been

increasingly applied in landslide susceptibility mapping
(LSM) research. Studies by Khosravi et al. (2020) and Yi
et al. (2020) demonstrated that deep learning architectures
such as Convolutional Neural Networks (CNN) and
Recurrent Neural Networks (RNN) outperform
conventional ML approaches in predicting landslide risk
with higher accuracy. However, they are only ideal for big
datasets (Khosravi et al., 2020; Yi et al., 2020). The CNN
model has a high capability in capturing images, audio,
and text by modelling spatial-temporal locality (Zhang et
al., 2019).

Finally, ensemble learning refers to the combination
of multiple models or learners to improve prediction
accuracy, robustness, and generalization. Techniques
such as RF and XGBoost are prominent examples of
ensemble learning, as they combine the outputs of
multiple decision trees. Ensemble methods are widely
recognized for their high robustness and ability to handle
complex datasets effectively (Nachappa et al., 2020).

Comparative studies provide evidence of the advantages
of ensemble methods. For instance, Hussain et al. (2022)
and Sahin (2020) demonstrated that RF and XGBoost
consistently achieved superior prediction accuracy
compared to other ML models such as SVM, LR, CNN,
and KNN. Similarly, Youssef and Pourghasemi (2021)
highlighted the strong generalization capability of these
models in various geospatial prediction tasks, while
Zhang et al. (2019) reported their effectiveness in
capturing complex relationships in high-dimensional data.

However, despite these strengths, ensemble models like
RF and XGBoost are not without limitations. A key
concern is the risk of overfitting, particularly when the
models are optimized to achieve exceptionally high
success rates. Overfitting arises when a model becomes
excessively attuned to the training data, thereby
compromising its generalizability to unfamiliar datasets.
This issue has been noted in several studies, where RF and
XGBoost exhibited high accuracy during training but
experienced marginal declines in predictive performance
on independent test data (Hussain et al, 2022).
Overfitting can undermine the reliability of landslide
susceptibility mapping (LSM) applications, especially
when applied to real-world scenarios where data
variability is high.

Therefore, this research explores Bayesian optimization
as a strategy to mitigate overfitting, aiming to enhance the
model’s generalization capability while preserving strong
predictive performance. By tackling the limitations of
ensemble models, the research provides valuable insights
that strengthen the integration of machine learning
approaches in geospatial risk assessment.
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Problem Statement

Even though several ML models have demonstrated
their efficiency in landslide susceptibility prediction,
there are still notable obstacles where the MLs' predictive
performance differs between different study areas. This
variation can be attributed to differences in landslide
conditioning factors (LCFs) and the frequency or
distribution of landslide occurrences across various
regions.

Furthermore, as demonstrated by Park & Kim (2019)
and Wang et al. (2021), model complexity can cause
overfitting even in cases where ML models yield excellent
accuracy. Therefore, the requirement for -efficient
hyperparameter optimisation approaches considerably
complicates the performance of ML models. Thus, an
efficient hyperparameter optimization method is
important to ensure the optimal performance of ML
models.

Research Objectives

To overcome these challenges, a novel methodology
is proposed by implementing and evaluating ensemble
machine learning algorithms, Random Forest (RF) and
Extreme Gradient Boosting (XGBoost) for the
development of a landslide susceptibility map (LSM) in
Penang Island. These models are selected for their
demonstrated robustness and accuracy in previous
studies. Furthermore, this research implements Bayesian
hyperparameter optimization (BayesOpt) to fine-tune the
models, ensuring their optimal performance. By focusing
on these advanced techniques, this study aims to
overcome the limitations of existing models and
contribute to more reliable and accurate LSM in diverse
geographical contexts.

Study Area

Penang Island is located northwest of Peninsular
Malaysia in the Strait of Malacca. The island is around
301.248 km? (Figure 1). The study region is between
5°15°N and 5°30°N and 100°10’E and 100°20’E. The
island has steep hills covering half the region at 18 m. The
Timeline News (Channel News Asia, 2022) reported
many landslide cases in Penang Island, including on
October 19, 2022, when severe weathe r triggered tiny
landslides and fallen branches on Penang Hill. Moreover,
on June 21, 2021, severe rainfall runoff triggered a flash
flood of muddy water in front of the Surin Condominium
in Tanjung Bungah, Penang. A steep hill was cut when
Solok Tanjung Bungah was extended along a 250-foot
contour. On November 21, 2018, a minor landslide

occurred on Jalan Paya Terubong between Green Garden
and Jalan Tun Sardon.

Methodology

The development of a landslide inventory map for
landslides and LCFs’ spatial databases, LCFs’ importance
evaluation, landslide prediction modelling, models’
performance evaluation and final susceptibility map
development were the important phases in this research
study (Figure 2).

Malaysia Map

¥

Fig. 1: Penang Island.
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Fig. 2: Research layout.

Landslide Inventories

Landslide inventories record geological hazard
locations, times, and types in an area (Pasek, 1975). The
landslide data for both study areas was collected from the
open-source NASA Landslide Catalogue website
(https://gpm.nasa.gov/landslides/index.html, accessed on
March 30, 2021) and historical geohazard literature
(Elmahdy et al., 2016; Han et al., 2021; Lee & Pradhan,
2006; Nhu et al., 2020). The landslide inventory map
included recent news reports from The Stars and The
Channel NewsAsia. Notably, Penang Island has 443
landslides.
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Grid Unit Extraction

The study extracted binary landslide point features in
QQGIS 3.18 using the LaGriSu tool pack (Al-Thuwaynee
et al., 2023) and a Digital Elevation Model (DEM) layer.
Non-landslide samples were randomly drawn from stable
areas to avoid introducing class imbalance (Chen et al.,
2017; Park & Kim, 2019; Sahin, 2020). Sameen et al.
(2020) recommended that non-landslide data points be
selected at least 500 meters away from known landslide
locations to ensure spatial independence. Next, there must
be a minimum of 100 meters separating any two non-
landslide samples.

The LaGRiSU tool pack created by Al-Thuwaynee et
al. (2021) has been applied in previous LSM studies such
as Al-Thuwaynee et al. (2023), Guo et al. (2022) and
Nnanwuba et al. (2022). The LaGRiSU helped in the
extraction of binary (1 for landslides and 0 for landslide-
free locations). It consists of a grid unit, which divides the
territory into regular squares of a specified size. The grid
unit exhibits superior automation and a simple structure
(Nam & Wang, 2020; Zhang et al., 2022). A total of 886
data points, comprising both landslide and non-landslide
locations, were identified following the extraction process
(Figure 3). Subsequently, landslide susceptibility values
corresponding to ten conditioning factors were assigned
to these datasets.
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Fig. 3: Penang Island landslide inventories.

Landslide Conditioning Factors

One of the key prerequisites for achieving reliable
landslide susceptibility predictions is the careful
compilation and refinement of the LCF dataset. The LCFs
included in this study were chosen based on common
LCFs used in earlier research in similar tropical

environments as Penang Island (Bag et al., 2022) and also
LSM studies conducted in Penang Island (Han et al.,
2021).

In this study intrinsic influencing variables known as
the topographic factors including elevation or Digital
Elevation Map (DEM), slope angle, slope length, plane
curvature, Stream Power Index (SPI), profile curvature,
Topographic Wetness Index (TWI), and environmental
factors which includes Normalized Difference Vegetation
Index, distance from roads, distance from rivers were
being used as shown in Figure 4 (Zhou et al., 2021). This
study also utilised GIS software known as ArcMap 10.8
to develop the LCFs’ spatial databases, and all the maps
were projected to an output cell of 30 m x 30 m. The
coordinate system of the layer was set to the UTM zone
47N.

The selection of the 10 landslide conditioning factors
(LCFs), namely the slope angle, slope length, distance
from road, distance from stream, NDVI, TWI, SPI, plan
curvature, and profile curvature was guided by a two-step
process: literature review and feature selection analysis.

At the initial stage, the selection was based on an
extensive review of studies on landslide susceptibility
mapping. These factors were consistently identified as
influential in previous research within tropical regions,
particularly areas with similar geophysical and
environmental characteristics to Penang Island. Besides,
at the initial stage, the selected data also depending on its
availability.

After confirming the chosen LCFs in the initial phase,
then to refine the selection and confirm the relevance of
these factors, the Boruta algorithm was applied. This
algorithm is a robust wrapper method designed to identify
all relevant variables by comparing their importance
against randomized features (shadows). The results
validated the significance of the 10 factors, ensuring that
only influential variables were retained for the modelling
process.

Digital Elevation Model (DEM)

Digital Elevation Model (DEM) development
frequently uses elevation points. A DEM, a digital
cartographic dataset, represents a continuous topographic
elevation surface through several cells. It makes it
possible to identify watersheds, establish stream
networks, and characterize a location's physical functions
(Sidaway, 2022). The majority of landslide susceptibility
studies have commonly used it.

In the study by Devkota et al. (2013), it was found
that higher elevations are thought to be more susceptible
to landslides than lower elevations. In comparison to
lower elevations or foothills, the rocks are stronger at
higher elevations (Chen et al, 2018) because
dehydrogenases are activated by organic materials,
specifically carbon and nitrogen in the soil, at high
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elevations (Btonska et al., 2018). In this study elevation
point of Penang Island was extracted from Google Earth
Pro and utilized to develop a DEM map via ArcMap 10.8
software. The DEM map shows that Penang Island
elevations range from 0 m to 797.41 m (Figure 4a).

Slope Angle

Landslides occur more frequently on slopes involving
steeper slope angles. Landforms with a larger slope angle
are more prone to collapse. The slope gradient is crucial
for groundwater flow and affects the soil moisture, both
of which are directly related to the occurrence of
landslides (Meena et al., 2022), which is closely
correlated to landslides. The slope angle of the current
study was derived from DEM with a resolution of 30 m,
ranging from a range of 0° to 60.44° (Figure 4b).

Slope Length

Slope length influences the hydrological processes
and soil loss in hilly areas through its relationship with
slope angle (Pourghasemi & Rahmati, 2018). The LS
factor in the present research spans a range from 0 to
124.02 (Figure 4c). Derived from the DEM, the LS factor
was calculated in ArcMap according to Equation 1
(Wischmeier & Smith, 1978):

2 m
LS = (ﬁ) X (6541 sin? 0 + 4.56 sin 0 + 0.0065) (1)

By referring to Equation 1, A is the slope length in
meters (m), 0 is the angle of slope in percent (%), and m
is the constant dependent on the value of the slope
gradient as discussed above.

Plan and Profile Curvature

Plan curvature affected the surface runoff dispersion
and convergence (Aghdam et al., 2016). On the other
hand, by controlling the materials' acceleration or
deceleration on a slope, the profile curvature influences
the deposition of material (Xiao et al., 2019). In this work,
ArcMap 10.8 was used to extract plan and profile
curvatures from the DEM. A range of -5.08 to 4.86 was
recorded for both plan and profile curvatures (Figure 4d)
and -7.59 to 8.29 (Figure 4e¢), respectively.

Distance from Road

One significant anthropogenic element influencing the
structure of natural slopes is road development, which
involves excavating and cutting slopes (Xiao et al., 2019).
Proximity to roads is considered a potential landslide-
inducing factor. In this study, the distance from roads,
ranging from 0 to 1561.15 meters (Figure 4f), was
calculated using the Euclidean Distance tool in ArcMap
10.8.

Distance from Stream

Landslide tragedies are often associated with surface
water. The river constantly erodes and hollows out the
slope toe, causing slope instability (Li et al., 2021). A
range of -5.08 to 4.86 was recorded for both plan and
profile curvatures. (Figure 4g).

Normalized Difference Vegetation Index

It plays an essential role in water retention, which
subsequently enhances the cohesion and shear strength of
lithological substrates (Sidle & Ochiai, 2013). This study
applied the Normalized Difference Vegetation Index
(NDVI) to assess vegetation density, where elevated
NDVI values reflect areas with thicker vegetation cover.
The index typically spans from -1 to 1, with greater values
indicating increased vegetation presence.

The Landsat 8 image of Bands 4 and 5 from the USGS
Earth Explorer, accessed on March 3, 2021, was used to
create the NDVI layer for Penang Island (Figure 4h). For
a better capture, it was ensured that the cloud cover was
less than 20%. The NDVI map was then calculated using
Equation 2:

NDVI= (BAND 5- BAND 4)/ (BAND 5+BAND 4) )

Topographic Wetness Index and Stream Power
Index

The Stream Power Index (SPI) serves to characterize
the potential erosion caused by flowing water at a specific
location on the topographic surface. As both the
catchment area and slope gradient expand, there is a
corresponding increase in the volume of water from
upstream areas and the speed of water flow, leading to
heightened SPI values and an elevated risk of erosion
(Florinsky, 2017). SPI considers data on catchment area
and slope gradient as in Equation 3:

SPI = In(CA.tan G) 3)

Based on Equation 3, CA and G are catchment area
and slope gradient, respectively. Topographic Wetness
Index (TWI) TWI describes the soil moisture spatial
pattern  (Yilmaz, 2010). Like other
morphometric variables, SPI and TWI can be derived
from a digital elevation model (DEM). Penang Island’s
SPI is in the range of 0 to 117,894 (Figure 41) and the TWI
range is 2.97 to 25.95 (Figure 4j).

combined
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Multicollinearity Test

Multicollinearity arises in regression analysis when
independent variables exhibit high intercorrelation, which
can distort parameter estimates and inflate standard errors.
The Variance Inflation Factor (VIF) assesses the degree
of variance inflation caused by multicollinearity, while
Tolerance (TOL) represents the extent to which a
predictor’s variance is independent of other predictors
(Rabby & Li, 2020; Saha & Saha, 2022). High VIF is
typically greater than 10, indicating a strong correlation
between predictor variables; TOL values near 1 indicate
low multicollinearity, while values near 0 indicate high
multicollinearity.

High:797.414
N
ot

Low:0

High : 124.087

Low:0

- High : 5.79276
.

Low:-6.43856 pEtEE

Landslide factors importance evaluation with the
Boruta algorithm

RF classification uses the Boruta algorithm, an
attribute selection technique that employs shadow
characteristics as duplicates of original features (Amiri et
al., 2019). These shadow characteristics are utilised to
create decision trees, where the accuracy loss resulting
from randomly assigned attributes is used to determine the
relative value of each attribute. The Z-score is a useful
tool for evaluating the impact of input variable accuracy
on the quality of the model prediction and for determining
significant LCFs (Ahmadpour et al., 2021).
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Fig. 4: LCFs (a) DEM (b) Slope angle (c) Slope Length (d) Plan Curvature (e) Profile Curvature (f) Distance from Road (g) Distance

From Stream (h) NDVI (i) SPI (j)TWI.

Machine Learning Modelling

In the field of landslide susceptibility assessment,
machine learning (ML) has emerged as an essential part
of problem-solving for spatial modelling (Sevgen et al.,
2019). Several advantages result from machine learning
techniques: (a) it can automatically extract information
from big databases; (b) it can adapt its structure in
response to the available landslide data that and (c) it can
develop classification and regression to produce an
accurate landslide model. These models can be extended
to large-area analysis and are more rapid and affordable
than traditional approaches (Kavzoglu et al., 2019). The
effectiveness of two advanced machine learning
algorithms, which differ in terms of complexity, was
assessed in the current study's landslide susceptibility

mapping. They include RF and XGBoost. The modelling
process was conducted using RStudio Software version
4.3.0.

Data Partitioning

The dataset consisting of both non-landslide and
landslide points were split into training (70%) and testing
(30%) datasets at random. The decision to partition the
dataset into 70% training and 30% testing was based on
standard practices observed in the landslide susceptibility
mapping previous studies such as Akinci & Zeybek
(2021), Chen et al. (2020) and Hussain et al (2022), as
well as the general aim of achieving a balance between
model training and validation. Several studies, including
Achour & Reza (2020), Hussain et al. (2021), Saha et al.
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(2021), and Sahin (2022), stated that there is no explicit
criterion or a standard ratio for dataset splitting.

Therefore, in this study, the dataset was sufficiently
large to allow for a 70:30 split, providing enough samples
for training without compromising the integrity of the
testing phase. This ratio was chosen to maximize the
learning capability of the model, while still ensuring the
model's ability to generalize well on the testing data.
Unwanted attributes in the data were eliminated, and the
data was scaled as part of the preprocessing stage.
Following data preprocessing, the RF and XGBoost
models  were  built, incorporating  Bayesian
hyperparameter optimization.

Random Forest

Based on decision trees, the RF algorithm
aggregates predictions from multiple trees, significantly
enhancing both decision tree and bagging models
(Breiman, 2001; Youssef et al, 2016). The “mtry”,
“ntree”, and “min_n” were the essential hyperparameters
of the RF. The “min n” is the minimum number of
occurrences in the node to split further, and the “mtry” is
the number of sampled predictors at each stage.
Additionally, the RF model’s “ntree” defines how many
trees should be built (Hussain et al., 2021; Rabby et al.,
2020).

Table 1: XGBoost hyperparameters listings

Hyperparameters Definition
This parameter defines the learning

“Eta” rate, acting as a step-size control
during model updates to help
mitigate overfitting.

“Max_depth” The maximum depth of each tree in

the model.

This parameter sets the lowest sum
of observation weights a child node
must have, serving as a mechanism
to reduce overfitting.

“Min_child_weight”

It refers to the proportion of data
samples randomly selected to train

Subsample cach individual tree within the
model.
» . Gamma specifies the minimum loss
Gamma

reduction required to make a split.

The subsample ratio of columns

“Colsample_bytree” .
pie_by when constructing each tree.

“Nrounds” The number of trees.

Extreme Gradient Boosting

XGBoost is an advanced implementation of the
gradient tree boosting algorithm, recognized for its
computational efficiency in machine learning tasks. In
this approach, each successive tree is trained on the
residual errors of the preceding trees. Unlike RF, which
relies on majority voting for its final output, XGBoost
generates predictions by aggregating the outputs of all
individual trees through summation. (Friedman, 2001,
2002). This approach offers superiority over standard
gradient boosting by incorporating a regularization
parameter, preventing the model from overfitting (Cao et
al., 2020). The performance of the XGBoost depended on
the tuning of the hyperparameters. The common
hyperparameters of XGBoost are tabulated in Table 1.

Bayesian Hyperparameter Optimization

Bayesian optimization serves as an efficient technique
for hyperparameter tuning in machine learning, as it
leverages probabilistic models, most commonly a
Gaussian Process (GP) to construct a surrogate model of
the objective function, thereby enabling robust and
automated parameter selection (Rana et al., 2017). As the
iterative process unfolds, the algorithm carefully manages
the trade-off between exploration and exploitation,
considering its evolving understanding of the target
function. In this study, GP was tailored to the observed
data points and coupled with an exploration strategy such
as the Upper Confidence Bound (UCB) method (Srinivas
etal., 2012).

Performance Evaluation

Susceptibility class distributions over the research
region were generated by building machine learning
models using the available landslide training datasets. As
suggested by Youssef and Pourghasemi (2021), the
natural breaks (Jenks) classification strategy was used to
classify these resulting landslip susceptibility maps
(LSMs) into four risk levels: none, low, high, and
extremely high. Both statistical and visual evaluations,
such as receiver operating characteristic (ROC) curves,
success and prediction rate graphs, and confusion
matrices together with the corresponding performance
indicators, were used to validate the model.

Confusion Matrix and Statistics

Based on the statistical results shown in Table 2,
“False Positive” (FP) and “False Negative” (FN)
represent the number of landslide instances that were
misclassified by the model, while “True Positive” (TP)
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and “True Negative” (TN) indicate correctly identified
cases. Metrics such as accuracy, precision, sensitivity, and
specificity expressed as values between 0 and 1 or as
percentages reflect model performance, with higher
values indicating better predictive capability.

Table 2: Statistics used for model performance evaluation.

Statistics Equation
Accuracy (TP+TN)/(TP+TN+FP+FN)
Precision TP/(TP+FP)
Sensitivity TP/(TP+FN)
Specificity TN/(TN+FP)
ROC

The Area Under the Curve (AUC) graph has index
values from 0.5 (50%) to 1 (100%). A minimum AUC
threshold of 60% is recommended. Note that AUC values
of 90% imply excellent model classification, 80%-90%
good, 70%-80% moderate or satisfactory, and less than
60% poor (Pradhan, 2013). Effectiveness of the
developed model in landslide susceptibility assessment is
reflected through the Success Rate (SR) curve (Pham et
al., 2017). It is generated by comparing the number of
landslides included in the training dataset with the LSMs
(Pradhan et al., 2010). Prediction Rate (PR) curves, on the
other hand, gauge the likelihood of landslide occurrences,
serving as a means to validate the predictive capability of
a model (Brenning, 2005). These curves are constructed
using the testing dataset (Fabbri et al., 2002).

Additionally, factors such as distance from roads,
TWI, SPI, distance from streams, slope length, plan
curvature, and profile curvature were identified as
significant, consistent with numerous prior studies (Pham
et al., 2022; Sun et al.,, 2020). These factors have
consistently been recognized as dominant conditioning
factors in various research endeavours.

Results
Multicollinearity test
Table 3: Multicollinearity Assessment of Landslide

Conditioning Variables Using Tolerance and Variance
Inflation Factor Metrics.

LCFs Tolerance Variance Inflation
Factor
Slope 0.56 1.78
Plan Curvature 0.58 1.72
TWI 0.64 1.57
Profile Curvature 0.66 1.51
NDVI 0.72 1.38
DEM 0.74 1.36
Slope length 0.78 1.29
Distance from Road 0.88 1.14
Distance from Stream  0.90 1.12
SPI 0.90 1.11

Table 3 summarizes the multicollinearity analysis of
the whole Penang Island dataset. The Penang Island
landslide factor, slope has the greatest VIF of 1.78 and the
lowest TOL of 0.56. The SPI had the highest TOL of 0.90
and the lowest VIF of 1.11. All LCFs had TOLs below 0.1
or VIFs above 10 proving that all the ten landslide factors
did not demonstrate significant collinearity.

LCFs Importance Analysis Via Boruta

The Boruta model was used to evaluate the
impacts of the ten contributing factors on disaster
occurrences within the study area. As shown in Table 4,
all ten LCFs were found to be influential in the occurrence
of landslides across Penang Island. Consistent with
previous LSM research conducted in Iran’s Abha Basin
and Bangladesh’s Muzaffarabad district, slope and digital
elevation model (DEM) emerged as the primary
contributors to landslide susceptibility (Hussain et al.,
2022; Youssef & Pourghasemi, 2021).

Table 4: Landslide conditioning factors selection via Boruta.

Landslide Importance Norm Decision
Conditioning Hits
Factors
Slope 50.72 1.00 Confirmed
DEM 40.08 1.00 Confirmed
TWI 28.55 1.00 Confirmed
SPI 19.49 1.00 Confirmed
Plan Curvature 15.58 1.00 Confirmed
NDVI 15.60 1.00 Confirmed
Slope Length 13.73 1.00 Confirmed
Profile Curvature 13.36 1.00 Confirmed
Distance from Road 12.17 1.00 Confirmed
Distance from 9.19 1.00 Confirmed
Stream
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The reclassification process grouped the
landslide susceptibility maps (LSMs) into four distinct
classes namely  “No Susceptibility”, “Low
Susceptibility”, “High Susceptibility”, and “Very High
Susceptibility”, based on the Jenks natural break
technique. (Jaafari et al., 2014; Chen et al., 2013). This
classification approach offers a logical and statistically
robust framework for delineating landslide-prone zones,
aiding in the interpretation of spatial risk distribution. The
results from the four models were evaluated and
compared, as shown in Figures 5 and 6, to assess their
practical utility.

Both the Random Forest (RF) and Bayesian
Optimized Random Forest (BayesOpt-RF) models
consistently identified areas of “High Susceptibility” and
“Very High Susceptibility”, which closely correspond to

historically landslide-prone regions. These models yield
dependable results that are applicable to practical
scenarios, including disaster risk management, urban
planning, and infrastructure development. Areas
categorized as "Very High Susceptibility" may be
designated as high-priority zones for immediate
mitigation measures, such as slope reinforcement,
enhancement of drainage infrastructure, or vegetation
control.

Furthermore, the accurate identification of "High
Susceptibility" zones could help inform zoning
regulations, guiding land-use planners to restrict
construction activities or implement stringent building
codes in these areas. By focusing on these high-risk zones,
resource allocation for landslide prevention and
mitigation could be optimized, reducing overall disaster
risks and potential economic losses.

On the other hand, the results from the XGBoost
and Bayesian Optimized XGBoost (BayesOpt-XGBoost)
models indicate a tendency to overestimate areas
classified as "Very High Susceptibility." While this
overestimation might be beneficial in creating a
conservative buffer for landslide risk management, it may
reduce the maps' practicality for stakeholders who rely on
precise spatial information to allocate resources
effectively. For example, overestimated high-risk zones
might lead to excessive resource allocation in areas that
may not require immediate intervention, thus diverting
resources away from genuinely critical zones.

This limitation was similarly reported in the
landslide susceptibility study of Rangamati Hill,
Bangladesh, where XGBoost overestimated high-
susceptibility areas, making it less practical for real-world
decision-making  despite its  strong  predictive
performance. Overestimation experienced by the current
XGBoost and BayesOpt-XGBoost, potentially caused by
spatial autocorrelation. Spatial autocorrelation refers to
the tendency of geographically proximate units to exhibit
similar values more frequently than would be expected in
a random distribution, indicating a lack of independence
among observations.

Implementing  spatially  stratified  cross-
validation is an effective strategy to mitigate the effects of
spatial autocorrelation in landslide susceptibility
mapping. This approach involves dividing the study area
into distinct geographic regions, ensuring that training and
testing datasets are spatially independent. By doing so, the
model is less likely to overfit to spatially clustered data,
leading to more accurate and generalizable predictions.
For instance, Li et al. (2024) demonstrated that
incorporating spatial adjacency information in slope units
significantly improved the predictive accuracy of
landslide  susceptibility models, highlighting the
importance of accounting for spatial dependencies in
model validation. Besides, Rabby & Li (2020), also
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suggested that by stacking two different ML models can
overcome the problem of overestimation experience by
the respective ML model such as XGBoost.

Discussion

From a broader practical perspective, the LSMs
generated in this study can serve as an essential tool for
multiple stakeholders, including government agencies,
urban planners, disaster risk managers, and infrastructure
developers. In the context of disaster risk management,
areas identified as "High Susceptibility" and "Very High
Susceptibility" can be prioritized for mitigation efforts,
including slope reinforcement. Erosion control and the
installation of monitoring equipment to detect early signs
of landslides.

Next, it is for urban and infrastructure planning where
the susceptibility maps can guide decision-making for
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future development projects by identifying zones that are
unsuitable or require additional safeguards for
infrastructure construction, such as roads, bridges, or
buildings.

Furthermore, the maps can be integrated into early
warning systems to inform evacuation plans and
emergency responses in regions prone to landslides,
particularly during periods of heavy rainfall or seismic
activity.

Besides, policymakers can use the LSMs to enforce
zoning regulations that limit or prohibit construction
activities in highly susceptible areas, thereby reducing
the likelihood of human and economic losses.

Finally, the maps enable better prioritization of
resources by identifying areas requiring immediate
attention versus those with lower susceptibility levels,
ensuring a more cost-effective approach to landslide risk
management.
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Fig. 7: Random Forest and BayesOpt-RF AUROC Curve of Success and Prediction Rate.
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Fig. 8: XGBoost and BayesOpt-XGBoost AUROC curve of Success and Prediction Rate.

Table 5: Models AUROC and Statistics values.

Models Confusion Matrix Accuracy Precision Sensitivity Specificity
TP TN FP FN (%) (%) (%) (%)
BayesOpt_RF 115 19 12 131 88.81 90.55 85.82 91.61
RF 117 17 15 128 88.45 88.64 87.31 89.51
XGB 115 19 16 127 87.36 87.79 85.82 88.81
BayesOpt_XGB 116 18 19 124 86.64 85.93 86.57 86.71

Table 6: The hyperparameters optimal values of BayesOpt-

Table 7: The hyperparameters optimal values of BayesOpt-

RF.
Hyperparameters Optimal Values
“mtry” 5
“ntree” 499
“min_n” 8

XGBoost.
Hyperparameters Optimal Values
“Eta” 0.1940081
“Max_depth” 2
“Min_child_weight” 25.45416
“Subsample” 0.9594105
“Gamma” 0.9255217
“Colsample_bytree” 0.8103804
“Nrounds’ 23

Comparative Analysis

In this study, four models, Random Forest (RF), Bayesian
Optimized Random Forest (BayesOpt-RF), XGBoost, and
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Bayesian Optimized XGBoost (BayesOpt-XGBoost)
were evaluated and compared based on key performance
metrics, including accuracy, sensitivity, specificity,
precision, and AUC scores. The results were tabulated in
Table 5.

Accuracy

RF achieved an accuracy of 88.45%, while BayesOpt-
RF slightly improved to 88.81%. The XGBoost model
demonstrated 87.36% accuracy, and BayesOpt-XGBoost
reached 86.64%.

While the RF model provided the highest accuracy,
the BayesOpt-RF model's marginal improvement
suggests that optimizing hyperparameters through
Bayesian methods can lead to slight performance gains for
RF models.

The XGBoost models, both default and optimized,
performed slightly worse in accuracy compared to RF,
with BayesOpt-XGBoost showing the lowest accuracy of
the four models. This suggests that while XGBoost may
be more robust in many applications, its performance in
this study might not be as strong as RF for the landslide
prediction task.

Sensitivity and Specificity

RF and BayesOpt-RF exhibited strong sensitivity and
specificity, both falling within the range of 80% to 100%.
Specifically, BayesOpt-RF had slightly better sensitivity
at 85.82% compared to the default RF at 87.31%, while
specificity remained high for both models (91.61% for
BayesOpt-RF and 89.51% for RF).

In comparison, XGBoost and BayesOpt-XGBoost
showed similar performance in terms of sensitivity and
specificity.  BayesOpt-XGBoost  showed  86.57%
sensitivity, slightly better than XGBoost's 85.82%, and
both models demonstrated strong specificity (around
88.81% for XGBoost and 86.71% for BayesOpt-
XGBoost).

Overall, RF models had slightly better overall
classification performance, especially in terms of
specificity and sensitivity, although the XGBoost models
performed comparably in classifying non-landslide
regions.

Precision

RF and BayesOpt-RF models showed similar
precision values (88.64% and 90.55%, respectively),
indicating that both models were reliable in predicting
landslide zones. XGBoost demonstrated a precision of
87.79%, while BayesOpt-XGBoost performed slightly
worse with 85.93% precision. Precision for RF models
was consistently higher than for XGBoost, which further
emphasizes the RF model's ability to correctly identify
landslide zones in this study.

AUC Scores

RF showed AUC values of 100% for the success rate
(SR) and 95.60% for the prediction rate (PR),
demonstrating that the RF model achieved excellent
performance with minimal overfitting. Similarly,
BayesOpt-RF exhibited high AUC values (99.50% for SR
and 95.80% for PR), with only a slight improvement over
the default RF model.

For XGBoost, the SR was 100%, and the PR was 95.2%,
suggesting that the model maintained strong performance
during training and testing, with minimal overfitting.

BayesOpt-XGBoost, while optimized, showed 96.72%
AUC for SR and 93.0% AUC for PR, indicating a slight
reduction in performance after hyperparameter tuning.
The difference in AUC scores for all models remained
small (ranging from 3.7% to 4.8%), demonstrating
minimal overfitting across all models.

Overall

RF models generally performed better in terms of
accuracy, precision, and specificity, suggesting that
Random Forest is better suited for landslide susceptibility
prediction in this study.

Bayesian optimization showed slight improvements
for RF in all performance metrics, although these
improvements were less significant for XGBoost, which
was already highly optimized.

The XGBoost models, particularly BayesOpt-
XGBoost, performed well in terms of sensitivity and
specificity but did not show substantial improvements
after Bayesian optimization, which might suggest that
XGBoost is more robust to hyperparameter variations
compared to RF.

Models Comparisons

Model performance was assessed using five
evaluation metrics: AUC, accuracy, precision, sensitivity,
and specificity, applied to both training and testing
datasets (Table 5). The AUC of the training data indicates
model fitting strength, while the test data AUC
demonstrates predictive capability (Tsangaratos et al.,
2017). Performance validation revealed that all four
models achieved excellent and consistent results, each
recording an AUC score above 90%. Additionally, the
models' accuracy, sensitivity, and specificity ranged from
80% to 100%, confirming their effectiveness and
reliability in predicting landslide susceptibility.

A comparative evaluation of the four developed
models showed that BayesOpt-RF achieved the highest
predictive performance with an AUC of 95.8%, followed
by RF (AUC = 95.6%), XGB (AUC = 95.2%), and
BayesOpt-XGB (AUC = 93.0%). The overall finding
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showed that the RF and XGB are robust prediction models
for landslide susceptibility and RF slightly outperforms
XGB. This result is similar to the LSM study in
Muzaffarabad, Pakistan where RF had outperformed
XGB with a slight percentage in the AUC score (Hussain
et al., 2022).

Nevertheless, the AUC score of RF and XGB obtained
in the Muzzafarbad (Hussain et al., 2022) study is lower
than both optimized and unoptimized RF and XGB in this
study. Thus, the difference in findings in this current study
and the one conducted in Muzaffarabad, Pakistan
(Hussain et al., 2022) might probably be due to several
reasons such as differences in environmental factors,
presence of noise from the raw remote sensing data,
hyperparameters used for the models and also the
different tuning methods where in the Muzaffarabad
study, grid search tuning method was used instead of
Bayesian optimization (BayesOpt).

Next, emphasizing on the impact of applying
BayesOpt in the current study, it was found that only RF
experienced improvements in accuracy and AUC scores
of 0.36% and 0.24%, respectively. Meanwhile, XGB
experienced a drop in the accuracy and AUC by 0.72%
and 2.2% respectively. This had shown that BayesOpt
doesn’t always significantly improve the accuracy or
prediction performance of a model as portrayed in the
finding of the LSM study of Wugqi County, China (Wang
etal., 2021).

Somehow BayesOpt still can maintain a good and
optimal prediction performance of the current models as
the BayesOpt-RF and BayesOpt-XGB AUC score are still
above 90% indicating that the models are having high
performance. Although, the performances of the current
BayesOpt-RF and BayesOpt-XGB are better than the
BayesOpt-RF and BayesOpt-XGB in the LSM study of
Wugqi County, China but the performance drop in the
BayesOpt-XGB of the current study contradicted the
findings in LSM study of Wuqi County, China study
where the finding had shown that RF and XGB had been
improved by 3-4% when implementing BayesOpt (Wang
etal., 2021).

The observed improvement in performance with
BayesOpt for the RF model, but not for XGBoost can be
explained by differences in the models' sensitivity to
hyperparameter tuning. For RF, the key hyperparameters
such as “mtry”, “min_n”, and “ntree” play a significant
role in controlling the model's complexity and
generalization ability. Bayesian optimization is effective
in fine-tuning these parameters, leading to noticeable
improvements in performance, as evidenced by the
superior results in accuracy, precision, sensitivity, and
specificity for BayesOpt-RF.

In contrast, XGBoost, with its additional
hyperparameters like “eta”, “max_depth”,

“min_child weight”, “subsample”, “gamma”,
“colsample_bytree”, and “nrounds”, is known for its
robustness to hyperparameter changes, especially when
the default settings are already well-optimized. Given
XGBoost's built-in regularization and early stopping
mechanisms, the model is less sensitive to small
hyperparameter adjustments, explaining why BayesOpt-
XGB did not show substantial improvement over the
baseline XGBoost model.

Additionally, RF’s flexibility with feature importance
and its ability to handle various feature types may make it
more sensitive to hyperparameter changes compared to
XGBoost, which is highly structured and performs well
when the parameters are already well-tuned. Ultimately,
Bayesian optimization had a more pronounced effect on
RF due to its dependence on hyperparameter
configurations, while XGBoost’s default settings already
provided strong performance, resulting in less noticeable
improvements.

Regardless of the AUC and accuracy performance of
the optimized models, BayesOpt had successfully reduced
overfitting percentage in both RF and XGB. Thus, it is
proven that the implementation of BayesOpt in this study
had achieved its objective which is to ensure that the
models performed optimally where it has both good
prediction performance and minimal overfitting.

Ultimately, this study's incorporation of Bayesian
Optimization (BayesOpt) offered a methodical and
effective way to adjust the hyperparameters for RF and
XGBoost. By decreasing the OOB error and raising
accuracy, sensitivity, and specificity, BayesOpt greatly
enhanced the RF model's performance, making it more
dependable for landslip susceptibility mapping (LSM).

While the improvements in XGBoost were less
pronounced due to its more complex hyperparameter
space, BayesOpt still enhanced its robustness by reducing
overfitting. Importantly, BayesOpt replaced manual trial-
and-error tuning with a data-driven approach, saving
computational time and ensuring reproducibility. This
study not only highlights the added value of BayesOpt in
optimizing machine learning models for LSM but also
offers insights into its effectiveness based on model
characteristics, advancing methodological innovation in
LSM research.

Overall, RF and XGBoost performed exceptionally
well in landslide susceptibility modeling, demonstrating
their strong capabilities in capturing complex patterns
within the data. However, there is potential to enhance
model performance further by incorporating additional
ensemble techniques or exploring combinations of
algorithms. For future work, it would be valuable to
consider other ensemble methods such as Gradient
Boosting Machines (GBM), AdaBoost, or Bagging,
which can complement RF and XGBoost by offering
strengths like better generalization and reduced variance
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(Kadam & Jadhav, 2020; Sahin, 2022), ultimately
addressing limitations such as overfitting and
overestimation.

Furthermore, hybrid approaches that combine RF or
XGBoost with other machine learning algorithms, such as
Support Vector Machines (SVM) or Deep Learning
models, may provide improved predictive accuracy. By
experimenting with stacking or other ensemble
combinations, future research could explore how these
techniques can further refine landslide susceptibility
predictions and enhance model robustness. While
XGBoost and RF have been highly effective in this study,
these suggestions for future work could lead to even more
reliable and comprehensive models in landslide risk
assessment.

Conclusion

Landslides pose a significant threat to Penang Island,
demanding both immediate and long-term mitigation
efforts. Landslide susceptibility mapping is essential for
identifying high-risk areas and guiding effective land-use
planning. This study highlights the value of integrating
machine learning techniques with GIS-based spatial data
for sustainable risk management. a) Both RF and
XGBoost models performed well in predicting landslide
susceptibility for Penang Island.

b) The Boruta algorithm identified the most important
landslide conditioning factors (LCFs). Among the ten
factors considered, slope angle and DEM had the most
significant impact on landslide occurrences. Additionally,
the multicollinearity test showed no issues among the
LCFs.

c¢) The models were validated using Receiver Operating
Characteristic =~ (ROC) analysis, showing good
performance with AUC values of 95.8% for BayesOpt-
RF, 95.6% for RF, 95.2% for XGBoost, and 93.0% for
BayesOpt-XGBoost.

d) Bayesian hyperparameter optimization (BayesOpt)
helped optimize both RF and XGBoost. Although
BayesOpt led to a slight improvement in BayesOpt-RF
and a minor reduction in BayesOpt-XGBoost, it
successfully minimized overfitting while maintaining
strong prediction performance, with AUC scores above
90%.

e) The landslide susceptibility maps generated in this
study can be used by town planners, engineers, and local
authorities to identify high-risk areas, guide development
planning, and create effective strategies for landslide risk
mitigation.

List of Abbreviations

Abbreviation Full Form

AUC Area under curve

CNN Convolutional Neural Networks
DEM Digital Elevation Model

GIS Geographic Information System
KNN K-Nearest Neighbors

LCF Landslide Conditioning Factors
LR Logistic Regression

ML Machine Learning

NDVI Normalized Difference Vegetation Index
PR Prediction Rate

RF Random Forest

SPI Stream Power Index

SR Success Rate

SV Support Vector Machine

TWI Topographic Wetness Index
XGBoost Extreme Gradient Boosting

Recommendations

It is recommended to consider incorporating a
temporal analysis in future studies to account for changes
in landslide susceptibility over time, particularly due to
climate or land-use changes. This would provide a more
comprehensive understanding of future risks and their
potential evolution. Furthermore, while RF and XGBoost
are useful in this study, it would be beneficial to explore
other ensemble techniques or combinations of algorithms.
This could help address issues such as overfitting and
overestimation, potentially improving the model's
performance and robustness.
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