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Abstract. The landslide was recognized as the most common geologic hazard around the
world. The assessment of the relationship landslide conditioning factors is a critical step in
managing landslide hazards and risks. Several models have been made to develop the landslide
model in recent years. The Artificial Neural Networks (ANN) model was used in this study to
develop a landslide model and to identify the most important landslide conditioning factors.
Eight conditioning factors, including elevation, slope, aspect, curvature, lithology, soil series,
Topographic Wetness Index (TWI), and rainfall, were selected and analyzed using the
Geographical Information System (GIS) approach. The multilayer perceptron module and one
hidden layer method extracted weighted conditioning factors. The landslide model was
validated using the area under the curve (AUC) method. This model validation showed a
success rate for training and testing is 0.876, respectively. This study found curvature is the
most crucial factor affecting landslide occurrence in the Langat Basin with a 0.213 weight
index, followed by rainfall (0.143) and elevation (0.141). Finally, the landslide model can be
used as an indicator to identify the most important landslide conditioning factors and assess the
relationship between these factors and landslide occurrences.
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1. Introduction

In practically every country, a landslide is a complicated natural hazard that results in property damage
and fatalities. Landslide is a geological hazard that has been identified as the most detrimental natural
hazards phenomenon [1]. These phenomena are significant geological motions mainly triggered by
climate or geophysical factors. A thorough assessment of landslide-prone areas is required to address
this problem and significantly reduce the impact of damage resulting from landslides. Therefore, the
enormous disaster potential of landslides has drawn some academics to study and measure landslide
susceptibilities in recent decades [2, 3].

Landslides are becoming a more common disaster worldwide due to the destruction of forests,
uncontrolled development, and rapid urbanization due to population growth [4, 5]. Deforestation on
the highlands for development purposes such as roads and homes usually result in landslide
phenomena. Landslides in Malaysia are closely related to constructing new development such as
roads, highways, dams, and housing areas developed in a hilly area [6]. Landslides are common in
Malaysia due to heavy rain, particularly during the monsoon season, caused by the southwest monsoon
from May to September and the northeast monsoon from November to March [7]. A landslide incident
in the Hulu Langat region in 2011 involving Children's Hidayah Madrasah Al-Tagwa Orphanage was
due to heavy rainfall and killed 16 members. This tragedy alerted researchers and governmental
agencies to the seriousness of the landslide issue.

The landslide occurrences are exceedingly complex and influenced by wvarious landslide
conditioning factors such as topographical, hydrological, geological, and environmental factors [8-11].
In general, the topographical, geological, and hydrological factors are regarded as static since they are
relatively stable [12]. On the other hand, environmental factors are usually dynamic and ever-changing
in nature. An important phase in landslide study is determining the relationship between landslide
conditioning factors and landslides occurrence. Thereby, the factors influencing the occurrence of
landslides can be evaluated. Therefore, identifying and analyzing the relationships among the most
important factors is an essential process.

In order to reduce the future harm caused by landslide events, this research has focused on
developing a landslide model and analyzing the relationships between the conditioning factors that
influence landslide occurrences. Therefore, this research aims to develop a landslide model using
Artificial Neural Networks (ANN) to investigate the crucial conditioning factors contributing to
landslide events in the Langat Basin.

2. Study Area

Langat Basin is located at 02° 50' 48" north latitude and 101° 40' 48" east longitude. This study area is
one of Selangor's largest river basins, with a total area of about 2,938 km?. The Langat Basin has been
designated as a transboundary basin shared by three states: Selangor, Negeri Sembilan, and the Federal
Territories of Putrajaya. This study area is located in a hilly area with rapid expansion, leading to
landslides. The Langat Basin study area is represented in Figure 1.
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Figure 1. Study area at Langat Basin, Selangor

3. Methodology

The purpose of this study is to identify and investigate the relationships between landslide occurrence
and landslide conditioning factors using a Geographic Information System (GIS) approach and
artificial neural network modelling. The data used in this research was obtained from several sources.
The Digital Elevation Model (DEM) from the Department of Survey and Mapping Malaysia
(JUPEM), lithology from Department of Mineral and Geosciences Malaysia, soil series from
Department of Agriculture, and rainfall from the Department Meteorological Malaysia. In general, a
landslide inventory map was created by integrating historical records, field investigations, and satellite
photos interpretation. Historical landslides can be identified using high-resolution satellite images [8].
Therefore, landslide inventory in this study was selected using historical landslide events and google
earth imagery analysis.

Next is a preparation of the landslide conditioning factors. The selection and preparation of
landslide conditioning factors were critical steps in landslide study. Landslide conditioning factors
were selected based on the information obtained from the literature connected to the study area.
Elevation, slope, curvature, aspect, lithology, soil series, Topographic wetness Index (TWI), and
rainfall were considered landslide conditioning factors in this study. These selected conditioning
factors were interpreted and analysed using ArcGIS 10.3 software. The layers used a 5 m x 5 m spatial
resolution with a rectified skewed orthomorphic (RSO) coordinate system. Lastly is the development
of landslide modelling. Machine learning methods have recently become a cornerstone in solving
spatial modelling issues in the field of natural hazards [9]. This study used ANN as a machine learning
method to investigate landslide issues. ANN was conducted using a multilayer layers perceptron with
one hidden layer.
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4. Results and discussion

Eight landslide conditioning factors were considered in this study, as shown in figure 2. The elevation
layer ranged from -79.15 to 1448.25 meters, according to the data. The negative value represents an
elevation in the water bodies area, while the positive value represents elevation on land. Langat Basin
is dominated by slopes ranging from less than 15° to 74° degrees. The slope was classified into four
classes which are <15°, 16° - 25°, 26° to 36°, and > 35°. Curvature can influence landslide movement
direction and resistance stress since this conditioning factor controls the speed and convergence of
displaced and water flowing down the slope [10]. A negative value represents a concave surface for
the curvature conditioning factor. While a zero value represents a flat surface, and the positive value
indicates the convex surface. The aspect indicates the change of highest rate in the direction of
downslope from a specific cell to the surrounding areas, where it is also considered a slope direction
[11]. The direction is identified like a compass for a whole circle direction with 360°. The aspect map
was constructed into nine directions such as flat (1), north (0-22.5 and 337.5-360), northeast (22.5—
67.5), east (67.5-112.5), southeast (112.5-157.5), south (157.5-202.5), southwest (202.5-247.5), west
(247.5-292.5), and northwest (292.5-337.5).

Lithology is one of the most crucial conditioning elements in landslide study since they are a
variety of rocks and soils with distinct inner structures and mineral composition [12]. The lithology
map was classified into several classes following the standard classification by the Department of
Mineral and Geoscience Malaysia in this study. Lithology at the Langat Basin area was dominated by
two classes: clay, silt, peat, minor gravel, and acid intrusives. The soil factor is important element in
the research of landslides. The different physical and mechanical features of soil can affect surface
water infiltration and groundwater flow [13]. The geological structure of the bedrock or subsurface has
a significant impact on soil development [14]. The soil series map was classified into several classes
regarding the Department of Agriculture Malaysia. The soil series at the Langat Basin area is
dominated by peat, steepland, and Selangor-kangkong.

TWI represents the upslope contributing area and slope to calculate the steady-state wetness and
water flow across the region [15]. The index is extensively used in hydrological processes to quantify
water flow disposition and topographic impact [16]. The TWI at the Langat Basin area ranges from
0.440 to 22.056. Rainfall is classified as a natural phenomenon where it is regarded as a potential
contributor that significantly impacts the occurrence of landslides [17]. The rainfall affected the nature
of the soil, such as the decrease in the strength of the soil structure, causing liquefaction of the mass of
soil. The rainfall data were obtained from the Department of Meteorological Malaysia. The rainfall
map was created using Thiessen polygon analysis, was separated by the station of rainfall.
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Figure 2. Map of conditioning factors

The Artificial Neural Networks approach creates a landslide model. Multilayer Perceptron (MLP)
module was used to build up the landslide model in this study. The data were randomly assigned to
70% for training and 30% for testing. The training dataset is used to determine the weights and
develop the model. Meanwhile, the testing data identifies errors during the training mode and avoids
overtraining. The activation function for the hidden layer in this study was a hyperbolic tangent, while
the output layer was the SoftMax function. The landslide model was validated using the area under the
curve (AUC) method. This model validation showed a success rate for training and testing is 0.876,
respectively. Figure 3 shows the AUC graph for this study. This study used automatic architecture,
where the selection was automatic chose three nodes for the hidden layer and two nodes for the output
layer to code the dependent variable outcome. In this study, dependent variable outcomes were
classified into two classes: one represented landslide event and 0 represented non landslide event, and
figure 4 shows the neural network diagram.
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An artificial neural network determines various factors' relative importance or weight. This
study found that rainfall is the most crucial factor affecting landslide occurrence in the Langat Basin.
The weighted index of curvature in this study is 0.213. A negative value represents a concave surface
for the curvature factor. A flat surface is represented by a zero number, whereas a positive value
represents a convex surface. Curvature can influence landslide movement direction and resistance
stress since this conditioning factor controls the speed and convergence of displaced and water flowing
down the slope [18]. The second important conditioning factor due to contributing landslide
occurrence is rainfall. The weighted index for the rainfall factor is 0.143. Rainfall is classified as a
natural phenomenon where it is regarded as a potential contributor that significantly impacts the
occurrence of landslides [19]. The third important conditioning factor is an elevation with a 0.141
weight index. The difference between a higher and lower point in the terrain significantly influences
the incidence of landslides [12].

5. Conclusion

A landslide is a complex geological phenomenon that occurred due to one or more landslide
conditioning factors. The purpose of this study was to use machine learning to determine the most
important landslide conditioning factors that lead to landslide occurrences in the study area. Artificial
neural networks model was used to develop landslide modelling in the Langat Basin, Selangor using
an integration of various landslide condition factors such as elevation, slope, curvature, aspect,
lithology, soil series, Topographic wetness Index (TWI), and rainfall. Landslide modelling was
computed using the Multilayer Perceptron (MLP) module. The area under the curve (AUC) method
verifies the landslide model. This model validation resulted in a 0.876 success rate for training and
testing. Determining the importance of conditioning factors in landslide study was an important part.
The study revealed that the most important conditioning factors according to the accuracy measure of
an ANN model are curvature, rainfall, and elevation. The importance of landslide conditioning factors
could be used as an indicator to analyse the relationship between landslide conditioning factors and
landslide occurrences.
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