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ABSTRACT

Landslide is a common form of natural disaster in a tropical country such as Malaysia, and its
presence is mostly concentrated during the wet season. Human activities have been known to
influence landslides as development often causes displacement of the original slope. Western
Sarawak is a region where development is currently taking place at a steady rate, with the
highest population density in Sarawak settlement is expected to increase in the coming years,
increasing the impact of human activity on landslide occurrences in the region. However, the
most prevalent representation of human activity in the area has not been discussed. It was
determined through a Machine Learning based approach that amongst the human activities
features of Distance from Road (DFR), Normalised Difference Vegetation Index (NDVI), and Land
Use and Land Cover (LULC), DFR was the most influential feature with an importance of 0.130,
followed by NDVI with 0.072, and the LULC type of crops and trees, with an importance of 0.36
respectively.
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1 INTRODUCTION

Landslide is a prevalent form of natural disaster in tropical country such as Malaysia where it is
widely known to be triggered by rainfall [1]. Due to climate change which causes extreme heat and
rainfall, landslide intensity and frequency has been observed to increase throughout the years [2].
Landslide impact can be seen in a multitude of aspect such as economical, societal, and
environmental, as major ones can demolish anything that is in its path [3]. Thus, it is an utmost
importance to determine the landslide susceptibility of an area of interest to mitigate the ill effects.
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Contemporarily, landslide susceptibility is determined through a Machine Learning (ML) based
approach that is driven by data to make predictions [4]. ML models particularly through a supervised
learning approach has been deployed in both locally and abroad with high degree of success when it
comes to predicting landslide susceptibility. Locally, the ML model of an Artificial Neural Network
(ANN) has been deployed for the purpose of landslide susceptibility mapping (LSM) where it has
been determined to have a high degree of accuracy [5]. An advantage of using ML model to predict
landslide is it capability to develop the LSM through Remote Sensing (RS) data with ease.

RS data are spatial information of a certain variable obtained through RS devices such as satellites. It
is supported and provided by various agencies and boast a large library of variable types. One of such
variables is rainfall, which is the main triggering variable of landslides in Malaysia. Other variables
such as the topographical variables of aspect, curvature, elevation, and slope angle are important
conditioning factors when it comes to developing an ML model for landslides prediction [6]. Another
type of variable that is important to consider when developing a landslide prediction is model is
human activity. Human activity often coincides with the degradation of existing slopes to make way
for development, which increases the landslide susceptibility. It is commonly represented through
variables that are provided by RS organisations such as Distance from Roads (DFR), Land Use and
Land Cover (LULC), and Normalised Difference Vegetation Index (NDVI) [7].

The impact that each human activity variables has on landslide susceptibility however has not been
evaluated in Western Sarawak. Knowing the impact helps future ML model development when it
comes to variable selection for human activity. Western Sarawak is a region in the state which is
known to be the most densely populated region in Sarawak, thus increasing the likelihood of
exposure to landslide susceptible areas [8]. In this study, the human activity variables of DFR, LULC,
and NDVI will be evaluated through the weightage that each variable has on the ANN model
prediction to determine the suitable variable to represent human activity in Western Sarawak.

2  MACHINE LEARNING FOR LANDSLIDE PREDICTION

An ML based approach is currently gaining traction as it was made accessible with the advancement
in both computing hardware and software, as well as the availability of data required for the models
development process [9]. The development approach of an ML model is dependent on the use-case,
where it can be categorised into a supervised or unsupervised approach, where a supervised models
are mainly used to predict trends whereas unsupervised models are mainly used to generate new
information [10]. However, in both approaches, the models were not explicitly programmed to
develop its predictive or generative ability. Instead, the models learn the intricate relationship
between the variables in development dataset based on its hyperparameters. As supervised models
are used in prediction-based problems, the models are particularly beneficial in predicting landslide
susceptibility.

ANN is one of the many algorithms that are available to develop a supervised ML model for landslide
prediction, where it learns the relationship between the landslide features and the outcomes by
iteratively adjusting the significance of each features in a series of neurons that is designed to mimic
the human brain [11]. The importance of each features in the interconnected neurons within the ANN
is determined through weights, where a heavier weights indicates a higher significance towards the
outcome [12]. Hence, an ANN model was developed in this study to determine the key human activity
variable for landslide prediction in Western Sarawak.
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3 STUDY AREA

Western Sarawak is a region located in the Western-most tip of East Malaysia. It experiences heavy
rainfall during the Northeast monsoon which commonly starts from November to March. The region
is home to the state’s capital city of Kuching, higher education institutions, and several industrial
zones [13]. Thus, it is a centre of attention for the people of Sarawak as they migrate to the region for
job opportunities. Expansion is known to cause an increase in exposure to landslide susceptible areas
as well as increasing the susceptibility itself. Figure 1(a) shows the DFR map, where the area furthest
from any roads in Western Sarawak is located at 6,355.61 m. NDVI shows the vegetation density in
the form of index, with higher values indicating a denser vegetation (Figure 1(b)). The LULC of
Western Sarawak can be seen in Figure 1(c) which shows that the major LULC in the area consists of
trees.

DFR (m)

(a)

b)

Figure 1: Western Sarawak map of (a) DFR, (b) NDVI, and (c) LULC.

4 METHODOLOGY
4.1 DataPreparation

Datain an integral component for the ANN model where itis used to develop and evaluate the model’s
performance with the training data and testing data respectively with the data preparation
procedures as seen in Figure 2. The targets initially consisted of 50 landslide points supplied by the
Department of Minerals and Geosciences, and 1,000 non-landslide points obtained by randomly
sampling areas with slope angle lower than 5° [14]. The features on the other hand were provided in
a raster file format, which is a continuous image file, and can be categorised into topographical,
triggering, and human activities. The topographical features provided by the National Space Agency
(NASA) consisted of aspect, curvature, elevation, and slope angle [15]. The sole triggering factor of
rainfall intensity for the wet season was supplied by the Climate Hazard Group [16]. The human
activity features that were to be analysed in this study consisted of DFR, NDVI, and LULC, which were
respectively provided by the OpenStreetMap organization, NASA, and Environmental Systems
Research Institute [17]. To prepare the primary dataset the features raster files were stacked and
the values of each features at the respective target points were obtained by using the Quantum
Geographical Information System (QGIS) raster sampling tool [18]. As the targets were at an
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imbalance with non-landslide points greatly outweighing the landslide points, the Synthetic Minority
Oversampling Technique (SMOTE) was applied to the primary dataset which generates synthetic
data for the minority landslide points by computing the k-nearest neighbours [19]. 150 landslide
points were generated in this study, as a ratio of 1:5 between landslides and non-landslides were
observed to be the optimum ratio in a previous study [20]. The primary dataset then underwent a
multicollinearity check with the threshold set at 0.8 where if a pair of features exhibited a correlation
coefficient, one of the variables were to be removed [21]. High collinearity are known to degrade an
ML model predictive performance through overfitting where the model could not generalise well on
never-before-seen data [22]. The multicollinearity assessment was done through the “Data Analysis”
plugin in Microsoft Excel with the correlation function.

—_— = — - — - - - - - - - - - - - = - - = = = = = = -

- ~
/ \
/ Targets Features \

50 Landslide points Aspect, curvature, elevation, DFR, LULC,
1000 Non-landslide points NDVI, rainfall intensity, slope angle
¥

Data Extraction

Extract features values at each targets points
. Apply SMOTE

Primary dataset
with balance targets

ulticollinearity
check
s correlation coefficient
>0.8?

Yes | Remove a feature from

highly correlated pair

| Split dataset |<—

|
A 7
\ / Training data (80%) / / Testing data (20%) / /
~

—_—_—- —_- —_- —_— —_— _— _— —_— —_— —_— _— e e e — —

—_— e e e e e e e -

\

Figure 2: Data preparation procedures.
4.2 ANN Model Development

The ANN model was developed in R through the “neuralnet” package [23]. The ANN model
hyperparameter consisted of four neurons in a single hidden layer, a learning rate of 0.01, a
backpropagation learning algorithm, and a maximum step of 1E+6 for the weight adjustment. To
evaluate the ANN model training success rate and prediction success rate from the training data and
testing data respectively, the metrics of precision, recall, F1-Score, Area Under the Receiver
Operating Characteristics Curve (AUROC), and accuracy were deployed.

Precision determines the correctness of the positive prediction which was the landslide occurrence
in this study (Equation 1) [24].

Precision = True Positive/ (True Positive +False Positive) (D
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Recall or True Positive Rate determines the model’s capability in predicting all positive instances,
and it was crucial in this study, as the number of positive instances was the minority target (Equation
2)[19].

Recall = True Positive/ (True Positive + False Negative) (2)

F1-score is the harmonic mean between precision and recall where in an imbalanced dataset, it
provides a better measure of accuracy in compared to the traditional accuracy metric (Equation 3)
[25].

F1-score = 2 [(Precision * Recall)/ (Precision + Recall)] 3

AUROC shows the model’s ability to differentiate the targets classes, and it is determined through
finding the area under the True Positive Rate vs False Positive Rate curve [26]. Accuracy provides an
overall view of the model’s ability to predict all instances regardless of positive or negative instances.
However, it can be misleading in imbalanced datasets such that of this study [27].

4.3 Variable Importance Deduction

To determine the importance of each human activity landslide factors based on the ANN model
prediction, the “NeuralNetTools” package was deployed [28]. The Garson’s function in the package
was used to evaluate the variable importance. The function provides relative importance of input
variables in the neural networks as the sum of the weightage from the input to the hidden layer, the
hidden layer to the output layer.

5 RESULTS AND DISCUSSION
5.1 Multicollinearity Check

High multicollinearity denoted by a correlation coefficient exceeding 0.8 for a pair of features in an
ML model development environment is not a preferable condition as could potentially introduce
overfitting during the model’s training phase [29]. Overfitting is a problem where the model
remembers the solution for each line of data in the training data instead of understanding the
intricate relationship between the features and targets, which causes the model to not generalise well
on never-before-seen data [30]. In this study, the primary dataset that has underwent SMOTE was
tested for multicollinearity through Microsoft’s Excel Data Analysis plug-in and the results was
represented through a correlation matrix as seen in Table 1. Significant correlation was observed
between elevation and slope angle with a correlation coefficient of 0.829, which was above the
threshold of 0.8. Amongst the pair of features, slope angle was removed as opposed to elevation as it
was determined to have a higher correlation to the target. The removal was due to the aspect of
variety, where in combination with the other features, elevation would carry more unique
information in comparison to slope angle, as the inclusion of slope angle will lead the model to have
an unjustified weightage assignment [31]. Besides the feature pair of slope angle and elevation, no
other significant correlation amongst the features were observed, ensuring that the removal of the
highly correlated pair were the only variables that might introduce multicollinearity issues if
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included in the developmental dataset. Post removal of the highly correlated pair, the primary dataset
was split into training data and testing data with a ratio of 80:20.

Table 1: Correlation matrix for primary dataset

Aspect Curve Elev DFR LULC NDVI Rain Slope  Slide

Aspect 1
Curve -0.024 1 Legend for correlation
Elev -0.166 0.283 1 Negative Positive
DFR -0.082 0.000 0.078 1
LULC 0.094 -0.020 = -0.265 -0.223 1
NDVI | -0.079 0.074 0.250 0.181 | -0.301 1
Rain 0.036 -0.085 @ -0.274 0.170 0.145 0.064 1
Slope | -0.162 0.115 0.829 -0.018 ' -0.287 0.269 @ -0.270 1
Slide -0.132 0.175 0.670 -0.086 -0.259 0.259 -0.261 0.883 1

Where: Curve is curvature, Elev is elevation, Rain is rainfall intensity, Slope is slope angle, and Slide
is landslide

5.2 ANN Model Performance

The results of the ANN model training and testing can be seen in Table 2(a) and Table 2(b)
respectively. The ANN model performance was evaluated through precision, recall, F1-score,
accuracy, and AUC. Precision was evaluated to the correctness of the positive prediction, where in
the training phase, the model was determined to have a precision of 0.943, whereas it’s testing phase
shows that the model scored a precision of 0.640 [9]. Recall performance of the model was evaluated
to be 0.919, and 0.821 for the training phase and testing phase respectively. As compared to the
precision metric, recall was more critical to achieve a higher score, as the positive instances of
landslide occurrences were more important to be accurately predicted. As for the F1-score and
accuracy, the training phase yielded an F1-score of 0.931 and an accuracy of 0.977, and the testing
phase yielded an F1-score of 0.718 and an accuracy of 0.896.

Table 2: Performance matrix of ANN Model based on (a) Training data, and (b) Testing data

(a) Predicted (b) Predicted
Actual FALSE TRUE Actual FALSE TRUE
0 789 9 0 183 18
1 13 148 1 7 32
Precision 0.943 Precision 0.640
Recall 0.919 Recall 0.821
F1-score 0.931 F1-score 0.718
Accuracy 0.977 Accuracy 0.896

The final evaluation metric for the ANN model was AUROC, which is a provides an indicator on how
well the model classify the targets of landslides and non-landslides [32]. The models performance
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rate based on the training data can be seen in Figure 3(a) where it shows the model performance rate
AUROC was 0.995. As for the model prediction rate based on the testing data, the AUROC for the
model was 0.940 as seen in Figure 3(b).
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Figure 3: AUC for ANN model (a) Training phase, and (b) Testing phase.

The model development was concluded as a success, as the main metrics of recall, and AUROC were
determined to have satisfactory results, the analysis on variables importances were then conducted.

5.3 Variable Importance

In Malaysia, human activity has been determined to one of the main contributors of landslide
occurrences as it introduces live load unto the slopes and generally involves the modification of the
natural slopes [1]. In this study, the human activity features were represented through DFR, LULC,
and NDVI. All three of these human activities features are commonly used in numerous landslide
predictions study through ML models as the data are provided free for public use [33]. DFR
represents human activity in a numerical manner as in Malaysia, live loads from settlements are
generally in close proximity to the road, as well as the load from passing vehicles [34]. LULC on the
hand is categorical representation of human activity, as it consisted of water, trees, grass, flooded

98



Ramli et al / Key Human Activity Variable for Landslide Prediction in Western Sarawak

vegetations, crops, shrubs, built areas, bare grounds, and clouds [17]. Thus, when evaluating the
importance of LULC as a variable, it must be evaluated in a logic-based evaluation, where each
representation of LULC is evaluated based on the type. NDVI is a representation of surface vegetation
cover density, a lower NDVI tends be more correlated to a higher human activity as development
tends to cause surface vegetation removal. When vegetation is removed, the tendency of landslide is
higher due to the lack of support from the surface vegetation roots, and the increase in rainfall
seepage [35].

The importance of each features used in developing the ANN model was evaluated through the
Garson’s function from the “NeuralNetTools” package in R, where it provides the importance of each
features in relative terms as the sum of weightage from the start to end layer in the neural networks
[28]. It was determined through the Garson’s function as seen in Figure 4, that amongst the human
activities features, DFR was the most influential with an importance of 0.130, followed NDVI with an
importance of 0.072, and finally LULC with crops and trees respectively having an importance of
0.036, built areas with 0.033, grass with 0.028, flooded vegetation with 0.022, bare grounds with
0.020, clouds with 0.013, water with 0.007, and shrubs with 0.003.

Elevation s ()0 S )
DFR eessssssssssssssssss ().13(0
Curvature T ().]22
Rain me——— (.100
Aspect mEEEEE—————— (.097
NDV] s (.072
Crops mmmm (0,036
Trees mmmm (.036
Built areas = (0,033
Grass mmmmm (.028
Flooded vegetation mmmm (0,022
Bare grounds = (.020
Cloud == (.013
Water = (0.007
Shrubs 1 0.003

I [mportance

Figure 4: Features importance in the ANN model.

Thus, it was concluded that in terms of human activities features that are most influential on the
occurrence of landslides in Western Sarawak, DFR was the most influential features, followed by
NDVI, and the LULC of crops, trees, built areas, grass, flooded vegetation, bare grounds, cloud, water,
and shrubs. DFR provides the most information to the ANN model

6 CONCLUSION
Human activities are amongst the prevalent features that are related to landslides not only in

Western Sarawak, but throughout Malaysia. Commonly, it is represented through publicly available
features such as Distance from Roads, Normalised Difference Vegetation Index, and Land Use and
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Land Cover. Knowing the importance of each human activities features provides insight into the level
of importance for a proper approach for landslide prevention methods. It was determined that
through a Machine Learning based approach with Artificial Neural Networks, the most important
features of human activities to be considered in the development process is Distance from Road with
a relative importance of 0.130, followed by Normalised Difference Vegetation Index with 0.072, and
the Land Use and Land Cover of crops and trees with an importance of 0.036 respectively. Future
research should focus on developing a new feature with represents human activities more
comprehensively.
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