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ARTICLE INFO ABSTRACT

Article history: The prediction of slope stability is a complex nonlinear problem. This paper proposes a new method based
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Accepted 20 January 2025 i Twin Peak (Kuala Lumpur) as the study area, the slope characteristics of geometrical parameters are

obtained from a multidisciplinary approach (consisting of geological, geotechnical, and remote sensing
analyses). 18 factors, including rock strength, rock quality designation (RQD), joint spacing, continuity,
openness, roughness, filling, weathering, water seepage, temperature, vegetation index, water index, and
orientation, are selected to construct model input variables while the factor of safety (FOS) functions as an
output. The area under the curve (AUC) value of the receiver operating characteristic (ROC) curve is
obtained with precision and accuracy and used to analyse the predictive model ability. With a large
training set and predicted parameters, an area under the ROC curve (the AUC) of 0.95 is achieved. A
precision score of 0.88 is obtained, indicating that the model has a low false positive rate and correctly
identifies a substantial number of true positives. The findings emphasise the importance of using a variety
of terrain characteristics and different approaches to characterise the rock slope.
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behind the rock face, as well as the orientation of the rock
slope.  Additionally, rainfall, topography, artificial

1. Introduction

Geotechnical engineers struggle to precisely estimate rock
slope stability. The complexity of the physical system and the
difficulty of obtaining accurate geotechnical input data are the
main causes of this. The analysis must consider rock mass
conditions, ground behaviour, and external environmental
factors. This includes geological features such as the length,
roughness, and infill materials of joints, bedding, and faults
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disturbances, and other factors may also affect rock stability.
Geospatial data that is accurate and consistent is critical when
mapping a rock slope, as it represents essential aspects
contributing to slope stability, such as geomorphologic,
lithologic, soil, and land use characteristics.

This research explores the mapping of rock slopes at Bukit
Merah, Perak, and Twin Peak (Kuala Lumpur) by integrating
geological and remote sensing methods. Drone-derived
topographical information, geospatial data, and slope
orientation are utilised. These properties reflect rock structure
at different scales. There may be correlations among them that
enable predictive modelling, allowing known properties to
help infer others.

Copyright © 2025 Editorial Office of China Geology. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd.
This is an open access article under the CC BY-NC-ND License (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Slope engineering can be considered an uncertain,
nonlinear, dynamic, and open complex system due to the
structural complexity and discontinuities in the mechanical
and physical characteristics of rock slopes, as well as the
variability and effect of control factors acting on them (Bui X
and Nguyen Q, 2019; Dai C and Wang X, 2021; He XL et al..
2021; Wu H et al., 2022). Most of these factors demonstrate
ambiguity, variability, unpredictability, and complex
nonlinear relationships with differing weights of influence on
slope stability (Kang F et al., 2017). In other words, it is
difficult to represent rock slope stability using a simple
mechanical or mathematical model.

In recent decades, geotechnical engineers have utilised
various machine learning (ML) models to simulate different
geotechnical topics (Amiri ST et al., 2020; Dehghanbanadaki
A, 2021; Zhang WG et al., 2023; Lin S et al., 2024). These
ML techniques have also been employed to map, estimate,
and model slope failures (Lu P and Rosenbaum MS, 2003;
Gomez H and Kavzoglu T, 2005; Mohamed T et al., 2012;
Tsangaratos P and Benardos A, 2013; Qu JK et al., 2023;
Singh P et al., 2023; Wengang Z et al., 2023). In this regard,
numerous geotechnical scholars are continually working to
develop new predictive models for determining slope stability
(Sahin E, 2020; Ye J et al., 2022; Khan AF and Rahman MT,
2022). For example, Nanehkaran YA et al. (2023) focused on
the estimation process of the factor of safety (FOS) and
provided a comparative analysis using computational
intelligence and ML methods. Multilayer perceptron (MLP),
decision trees (DT), support vector machines (SVM), and
random forest (RF) algorithms were employed to predict the
FOS for earth slopes. The models were applied to a dataset of
100 earth slopes from Fars, Isfahan, and Tehran provinces in
Iran, which were randomly divided into training and testing
datasets. Validation was conducted using Janbu’s limit
equilibrium analysis method (LEM) and GeoStudio software.
MLP achieved the highest accuracy (0.901) and precision
(0.90), showing good agreement with LEM results. SVM
followed, with an accuracy of 0.873 and a precision of 0.85.
The average loss in FOS prediction was lowest for MLP
(0.29), followed by SVM (0.41), RF (0.45), and DT (0.62).

In a similar study, aimed to develop a new and highly
accurate artificial intelligence model for predicting slope
failure in open-pit mines. For this purpose, they combined the
MS5Rules algorithm with a genetic algorithm (GA) to create a
novel hybrid technique named the M5Rules—GA model for
slope stability estimation and analysis. The authors modelled
450 slope observations in an open-pit mine in Vietnam using
GeoStudio software based on essential parameters, with the
factor of safety serving as the model outcome. Additionally,
Bui X and Nguyen Q, (2020b) developed other models, such
as artificial neural networks (ANN), support vector regression
(SVR), and previously introduced models (e.g. FFA-SVR,
ANN-PSO, ANN-ICA, ANN-GA, and ANN-ABC) for
comparison with the proposed MS5Rules—GA model. The
evaluation of model performance included determination
coefficient, variance accounted for, and root mean square
error computation, as well as a general ranking and colour
scale analysis. The results of the study confirmed that the

proposed M5Rules—GA model is a robust tool for analysing
slope stability, outperforming the other investigated models in
terms of performance metrics.

In another study, Wang G et al. (2023) selected five
quantitative indicators to improve the accuracy of prediction
models for slope stability based on 77 field cases. The
indicators included slope angle, slope height, internal friction
angle, cohesion, and unit weight of rock and soil. Six
dimension reduction methods were analysed: Principal
components analysis (PCA), kernel PCA, factor analysis
(FA), independent component analysis (ICA), non-negative
matrix factorisation (NMF), and t-SNE (stochastic neighbour
embedding). Seven prediction models were established using
classic ML methods, and their reliabilities were examined
through random cross-validation. The results indicate that
dimension reduction is unnecessary for the data processing of
the established prediction models. Random forest (RF),
support vector machine (SVM), and k-nearest neighbour
(KNN) achieved the best prediction accuracy, exceeding 90%.
The decision tree (DT) achieved an accuracy of 86%. Slope
height was identified as the most important factor influencing
slope stability, while the unit weight of rock and soil was the
least significant. RF and SVM models demonstrated the
highest accuracy and superiority in slope stability prediction.

In addition to various ML models, random forest (RF) has
been widely used in geoscience sectors (Bhattacharya S and
Mishra S, 2018; Corcoran JM et al., 2013; Fouedjio F, 2020;
Feng R et al., 2021), due to its simplicity, resistance to
overfitting or noise, and computational efficiency. Corcoran
IJM et al. (2013) found that RF produces results that are at
least as accurate as those generated by other classifiers, such
as support vector machines or k-nearest neighbours. Radar
(Du P et al., 2015), geophysics (Reading A et al., 2015),
geochemistry (McKay G and Harris JR, 2016), and light
detection and ranging (Zhu J and Pierskalla WP, 2016) are
examples of the numerous datasets that have been effectively
classified using RF.

Recently, many researchers have integrated computer
domain knowledge with geotechnical engineering to develop
novel approaches for resolving slope issues. In the research
presented here, the RF network is used in modelling, to
produce a probabilistic result rather than categorising slope
failure extents using inputs from combining datasets from
different approaches. This study aims to test the capabilities
and accuracy of the RF network in predicting factor of safety
(FOS), considering the combined influence of geological and
geospatially derived information.

2. Methodology

To categorise or predict the value of a target variable, the
Random Forest (RF) technique utilises an ensemble of
decision trees (DTs) (Breiman L, 2001). A decision tree is a
tree-like model composed of three types of nodes: The root
node, intermediate nodes, and leaf nodes (Fig. 1). Each node
represents an attribute or feature, and the path from the root
node through intermediate nodes to a leaf node corresponds to
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a specific decision rule. The structure of the entire tree reflects
a set of rules derived from the training data. The final
prediction is obtained through a majority vote (for
classification) or averaging (for regression), aggregating the
outputs of all individual decision trees. In the RF model, each
decision tree operates independently and concurrently to
produce a robust and generalised prediction (Xie HY et al.,
2022).

Fig. 2 illustrates the RF algorithm workflow. In this
figure, variable D represents the dataset, and y;, y», -, ¥
denote the individual outputs (predictions) of each decision
tree. The RF regression predictor is then expressed as the
average of these outputs:

o 1 <&
P =2 T (1)
k=1

where (x) is the input vector. The bagging method divides the
data set into several sample subsets. Every sample subset is
trained individually and separately, and to increase the variety
of the decision trees (DTs), a randomly chosen number of
features from all the features are used in the training process
rather than all features (Paudel U et al., 2016). One-third of
the available training samples that are not included in the RF

trees are used to create training data for each tree using the
bagging technique. Furthermore, a different subset, known as
out-of-bag (or ‘oob’), contains the samples that were not
chosen for the k-th tree’s training during the bagging phase
(Rodriguez-Galiano V et al., 2015). They are employed to
verify the prediction accuracy. However, as this is performed
internally, cross-validation accuracy for RF is not required.
One of the primary strengths of RF is its ability to handle
high-dimensional data, which is common in rock slope
stability assessment, where multiple variables are considered.
RF can effectively select the most relevant features from a
large dataset, reducing the risk of overfitting and improving
model interpretability. Additionally, RF provides estimates of
feature importance, which can help identify the most critical
factors influencing rock slope stability. RF is also robust to
noise and outliers, which is essential in rock slope stability
prediction, where data quality can be variable. RF’s non-
parametric nature and ability to handle missing values
effectively make it a reliable choice for handling imperfect
data. Furthermore, RF can be parallelised for computational
efficiency, making it suitable for large datasets. Another
significant advantage of RF is its internal cross-validation
mechanism through out-of-bag error estimates. This ensures
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Fig. 1. Schematic of Decision Tree.
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Fig. 2. Random forest algorithm flow.
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that the model’s accuracy is reliable and not overly optimistic,
which is critical in rock slope stability prediction, where the
consequences of incorrect predictions can be severe (Salman
HA et al., 2024).

While RF has many strengths, it is not without its
limitations. One potential weakness of RF is its sensitivity to
hyperparameter tuning. However, RF’s performance is
relatively stable with minimal hyperparameter tuning, making
it a low-maintenance option. Additionally, RF can be prone to
overfitting if the number of trees is too large, but this can be
mitigated through careful tuning of the hyperparameters
(Iranzad R and Liu X, 2024).

The RF algorithm is used in modelling, to produce a
probabilistic result rather than rock slope classification.
According to this study, slope stability refers to an inclined
slope’s property that allows it to support internal and external
forces without shifting. The goal is to predict the safety factor
and the slope mass rating with a combination of geological
mapping and drone sensor data. The first phase of the research
comprised data preparation by collecting different types of
data from geological mapping and drone sensors. The second
phase was random forest prediction analysis.

The RF model used in the present study was built using
Pycaret, a recently created Python-based library (Ali M,
2020). This library provides a variety of functions, such as
feature  selection, hyperparameter tweaking, model
ensembling, data preprocessing, training and comparing
several ML models. The Google Colab IDE (Bisong E, 2019)
platform, which is used by most data scientists and ML
practitioners, was used to code this work. This platform offers
a convenient cloud-based environment that eliminates the
requirement for setting up and managing local development
environments. It enables easy accessibility to code execution
and provides notable advantages, especially for executing
computationally intensive machine learning models. The
platform offers high-performance GPUs and the ability to
concurrently execute code, making it highly suitable for
handling large-scale machine-learning tasks.

3. Study area
3.1. Bukit Merah of Perak

The study area is located in Bukit Merah, Perak, at

coordinates 4°59'46.98"N, 100°3921.39"E (Fig. 3). Bukit
Merah lies in northern Perak, approximately 11 kilometres
from Ipoh, the capital city of Perak, Malaysia. The rock slope
measures 400 m in length and 100 m in height. Generally,
Perak’s geology is characterised by eruptive masses that form
its hills and mountain ranges. The state is divided by three
mountain chains into the three plains of Kinta, Larut, and
Perak, which run parallel to the coast. Based on the geological
map of Kerian, Selama, and Larut Matang Districts, as shown
in Fig. 3, three different lithologies underlie the study area:
granite, sedimentary rocks, and alluvium (Department of
Mineral and Geoscience, 2012). The granite rock in the
eastern portion of the study region forms high topography.
The majority of Kerian’s coastal region, extending to Bukit
Merah Lake, is covered by alluvial sediment. According to the
geological map, sedimentary rock is located between the
granite and alluvial sediment.The sedimentary rock group in
the study area is named the Semanggol Formation. The
Semanggol Formation (SgF) is a massive mixed sandstone-
mud-rich submarine fan complex that formed in an
accretionary foredeep basin as a result of the collision of the
Sibumasu and Indo-China East Malaya blocks (Hutchinson
CS and Tan DNK, 2009). According to Burton CK (1970),
the Semanggol Formation in the Baling area is composed of
quickly alternating shale, siltstone, and sandstone, with a few
bands of chert. Since the Middle and Late Triassic, chert has
been seen in lateral deposition with rhythmite and
conglomerate elements; radiolarian  biostratigraphy
established that the chert component is the Semanggol
Formation’s earliest unit. Sandstone and mudstone (or shale)
are found in alternating beds in the middle section, called the
rhythmite unit. According to Jasin B (1997), the rhythmite
unit is made up of mudstone and turbiditic sandstone
interbeds; the sandstone may have turned into siltstone or
shale.

In terms of the climatic condition of the study area, Perak
is located in a tropical area with an equatorial climate that is
often hot, humid, and wet. The entire year is marked by heavy
rainfall. In general, the temperature fluctuates between 21°C—
27°C. Over 80% humidity is not uncommon. The state’s
central region averages 5000 mm of rain annually, or roughly
3000 mm annually. The northeast and southwest monsoon
seasons alternate across the state, and the transitional months

Fig. 3. Satellite image of (a) rock slope located in Bukit Merah, Perak (inside yellow dash) and (b) Twin Peak. Note: rock slope which is along

the NKVE highway (inside yellow dash).
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for the monsoon season are April and June. The northeast
season lasts from November to March, and the southwest
season lasts from May to September. Floods are brought on
by the northeast monsoon’s strong rains, especially in Hulu
Perak’s upper regions. Little effect of the southwest monsoon
is felt in the Kinta Valley. However, the coastal areas of
southern Perak occasionally experience thunderstorms, heavy
rain, and strong, gusting winds in the predawn and early
morning.

3.2. Twin Peak, Kuala Lumpur

The Twin Peak rock slope is located at 3°10'45.07 "N,
101°38 26.99 "E along the New Klang Valley Expressway
(NKVE), a controlled-access highway that traverses the
entirety of Selangor and Kuala Lumpur in the Klang Valley of
Peninsular Malaysia (Fig 4). Kuala Lumpur is situated at the
confluence of the Klang and Gombak Rivers, in the central-
western region of Peninsular Malaysia. The Klang Valley,
where the city lies, is encircled by hills, with the Titiwangsa
Mountains to the east and the Klang Gates Quartz Ridge to
the north. The bedrock geology of Kuala Lumpur comprises a
variety of rock types (Department of Mineral and Geoscience,
2012). Paleozoic metasedimentary successions primarily
underlie the Klang Valley area. Apart from several rock
slopes in mildly to moderately weathered schist or
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metasedimentary formations, most of the slopes in the region
consist of cut slopes in Grade I to II granite, which define the
mountainous terrain bordering the Klang Valley to the east
and west (Abdul Rahim AF et al., 2019).

Triassic granite (ca. 220-198 Ma), part of the tin-bearing
Main Range Granite Province of the ‘Western Belt’ in
Peninsular Malaysia, is exposed in the elevated hills
surrounding Kuala Lumpur to the east, north, and west (Ghani
AA et al., 2013). Granite plutons intrude the entire bedrock
sequence of Kuala Lumpur (Fig 4). These lithological units
are dissected by a series of WNW-ESE-trending faults, which
locally host thick, decameter-scale quartz veins, such as the
Klang Gates Quartz Reef within the Kuala Lumpur Fault
Zone (Stauffer D, 1968; Shu CK, 1969). The predominant
rock type is megacrystic biotite granite, characterised by
coarse to extremely coarse grain sizes (Ghani AA, 2009).The
Titiwangsa Range in the east and Sumatra Island (Indonesia)
in the west protect Kuala Lumpur from strong winds. Kuala
Lumpur experiences a tropical rainforest climate that is hot,
humid, and sunny, with a lot of rain, particularly from
October to March, when the northeast monsoon season
occurs. Maximum temperatures range from 32°C-35°C,
occasionally rising to 38°C, while minimum temperatures
range from 23.4°C-24.6°C and have never dropped below
17.8°C. June through August are normally dry, and the
rainfall in Kuala Lumpur typically exceeds 131 mm every
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Fig. 4. a—Geological map of Bukit Merah; b—Geological map of Kuala Lumpur (Department of Mineral and Geoscience, 2010).
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month, even then. The city typically receives at least 2600
mm of rain yearly.

4. Data preparation

Input datasets, to predict the binary outcomes of rock
slope stability (‘No’ or ‘Yes’), consist of different types of
variables. Data were collected using two methods: (1) the
acquisition of vertical and oblique aerial photographs from an
unmanned aerial vehicle (UAV) and (2) conventional rock
slope mapping.

4.1. Aerial photographs from a UAV

The rock slope was photographed using a UAV with a DJI
Phantom 4 Pro drone, with a 20-megapixel camera attached.
Two hundred shots were obtained of top and side views of the
rock slope, using reference points to enable the drone to take
as many pictures as necessary to cover the area. The images
were edited using the Agisoft PhotoScan programme. The
software employs the structure from motion (SfM) technique
to recognise features in the image for bundle adjustment. To
produce three-dimensional surface models, the SfM
photogrammetric technique overlaps photos. In addition,
ground controls were implemented to guarantee that the
photogrammetry procedure produced precise and dependable
findings. An orthophoto, a 3D dense point cloud, a 3D model,
and a digital surface model represent the photogrammetry
process (DSM) results.

The raw data from the drone were stitched together, and
layer stacking was utilised to combine two orthophotos. Red,
green, and blue (RGB) photos were processed using the
Pix4D Mapper Software, while near-infrared (NIR) images
were analysed using the Agisoft PhotoScan professional

programme. When the stitching was finished, the RGB and
NIR orthophotos went through a stacking procedure. To
determine the value of the normalised difference water index,
the stacking procedure superimposed two separate photos
(NDWI). The ArcGIS ArcMap 10.3  software’s
georeferencing tool was used to stack the RGB and NIR
orthophotos for this project. The RGB orthophoto was
subjected to the process of geometric image rectification. The
output of the data processing produced three different remote
sensing maps: the NDVI map, NDWI map and the thermal
infrared (IRT) distribution map. All of these maps were used
to extract information that may contribute to the rock slope
stability. Figs. 5 and 6 show the remote sensing maps at Bukit
Merah and Twin Peak.

The normalised difference vegetation index (NDVI) is a
vegetation index derived using near-infrared (NIR) imagery.
In addition to assessing vegetation health, NDVI can also be
applied to evaluate the stability of rock surfaces that are
vegetated. Bhandari D et al. (2012) indicated that barren
areas —such as those dominated by rock, soil, or sand —
typically yield low NDVI values (i.e. <0.1). McFeeters SK
(2013) stated that NDVI is a basic yet reliable metric for
evaluating ground surface vegetation cover, making it widely
applicable in remote sensing applications. NDVI values,
typically obtained via satellite-based observations, provide
insights into the presence and condition of live green
vegetation. In this study, NDVI values were extracted using
the Raster Calculator tool in ArcGIS ArcMap 10.3 software.
The NDVI is calculated using the following equation:

_ (NIR —Red)

NDVI= ———
(NIR + Red)

2

The NDWI algorithm was used in this research to indicate
the existence of water bodies on the rock surface. McFeeters

(b)

0 0.06 0.12 km

Fig. 5. Distribution maps of NDVI (a), NDWI (b), and IRT(c) at Bukit Merah, Perak.
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0.12 km

Fig. 6. Distribution maps of NDVI (a), NDWI (b), and IRT (c) at Twin Peak, Kuala Lumpur.

SK (2013) stated that the presence of water on a rock surface
is characterised by a larger value (greater than 0) of NDWI.
However, a lack of water on the rock surface is indicated by a
value less than or equal to zero. The NDWTI relies on high
reflectance in the NIR range and is generally an excellent
proxy for recognising a water surface or the existence of
water on the ground surface. The Raster Calculator tool in
ArcGIS ArcMap 10.3 was used to derive the NDWI. The
equation used to calculate the NDWI is as follows:

_ (Green—NIR)

NDWI = .
(Green + NIR)

3)

According to Ji L et al. (2009), the ground surface is
classified as a water body when the Normalised Difference
Water Index (NDWI) is greater than 0 (NDWI > 0), and it is
considered non-water when the NDWI is less than or equal to
0 (NDWI < 0). This aligns with the findings of Lu S et al.
(2010), who noted that a negative NDVI value or a value
close to zero typically indicates the presence of water. These
observations suggest an inverse relationship between NDVI
and NDWI: when NDWI values are high, NDVI values tend
to be low, and vice versa. In this research, a similar inverse
trend was observed between NDVI and NDWI values.

As for the rock surface temperature, the threshold was
obtained using an infrared thermography (IRT) image from a
FLIR Zenmuse XT sensor designed for thermal imaging
purposes. To analyse temporal changes of the rock surface
due to different seasons, the data acquisition was carried out

in two distinct phases: Phase 1 occurred during the dry
season, and phase 2 occurred during the wet season. These
two different phases were expected to show the effect of
weathering on the rock slope through the differences between
the indices and temperature values from the two seasons. The
IRT threshold image was used to identify the infrared energy
transmitted from an object, change it to the apparent
temperature, and display the result as an infrared image. The
thermography threshold image depends on the features of the
rock slope or the surface thermal conductivity. Rock and
concrete features give higher conductivity values than
vegetation, which parallels the research finding that rock and
concrete surface temperatures are much higher than
vegetation.

4.2. Conventional rock slope mapping

The high-density point cloud was utilised to create a
detailed 3D surface model of the rock slope. To facilitate a
more accurate and efficient analysis, the digitalised 3D rock
slope at Bukit Merah and Twin Peak was divided into 30 and
51 panels, respectively (Fig. 7). This division was based on
the need to optimise the size of the panels to capture the
variability in the rock slope’s geological and geomechanical
characteristics, while also ensuring that each panel was large
enough to be representative of the overall rock slope. Since
the entire rock slope is composed of a single lithology, the
panels were divided based on size rather than material type.

The division of the rock slope into panels allowed for a
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more detailed and accurate analysis of the digital
photogrammetry data, which was validated with discontinuity
survey and field observation data. The field data collection
included measurements of the dip angle of joints, rock slope
durability, the presence of filtration, and other discontinuity
information. A Brunton compass was used to measure the
geographical characteristics of the joint’s dip and dip
direction. By combining the digital photogrammetry data with
field observations, we were able to develop a comprehensive
understanding of the rock slope’s geological and
geomechanical  characteristics, which informed the
development of the random forest model.

Geological mapping was carried out for each panel
through the geostructural domain’s definition and the rock
mass' geomechanical description. A preliminary geometric
report was given for each region, with geostructural domains
and principal joint sets. Then, a series of geostructural surveys
were performed along scanlines, recording the orientation (dip
and dip direction), spacing, persistence, roughness, and
general condition (alteration, aperture, filling), in accordance
with the method suggested in ISRM (1978). The scanline
traversal method was performed at an interval of 100 m for
every region. The alignment of the traverse and the locations
of both ends of the traverse needed to be determined. The

combination of the point cloud and the software application
provided the location coordinates for each point, making it
casier to define the target area. Feature locations were
projected along the strike to the line and the distances
recorded. The different parameters taken, along with rock
mass encountered, height, length, slope orientation, major
joint sets, critical percentage of wedge failure, etc., at those
cuttings, were recorded carefully. The kinematic analyses of
major joint sets and the slope orientation of cuttings were also
carried out by choosing the wedge/planar sliding mode and
entering the kinematic properties. All of the parameters shown
in Table 1 were used as input data when performing the RF.

5. Results and discussions
5.1. Construction of random forest prediction model

This study estimated the FOS by considering the influence
factors of rock mass properties, kinematic analysis, and
drone-derived methods. Fig. 8 depicts the stages of the
stability of the rock slope prediction model, based on the RF
model created in this study. On the basis of the original data,
the rock slope parameter’s initial index system was
developed. A correlation analysis was carried out after
ranking each affecting factor’s significance. Finally, the RF
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Fig. 7. a—Rock slope of Bukit Merah divided into 30 panels. b—Rock slope of Twin Peak NKVE divided into 51 panels.
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Table 1. Input parameters.

Input Features

i. Rock mass properties ucCs
RQD
Spacing
Persistence
Aperture
Roughness
Infilling
Weathering
Orientation of discontinuity factor
Excavation method
ii. Drone-based remote sensing image NDVI
(vegetation indices and thermal) NDWI
Temperature
iii. kinematic analysis Number of joints identified
Number of joint sets
Critical number of failures/%
Type of failure (P/T/W)
Number of critical joints

model performed the regression prediction of the test samples
and the accuracy analysis.

18 influencing parameters of the rock slopes were chosen
as independent variables from the slope stability study, while
FOS was the output-dependent variable. The parameters are
rock strength, RQD, joint spacing, continuity, openness,
roughness, filling degree, weathering degree, groundwater,
NDWI, NDVI, IRT, number of joint sets, critical number of
failures, type of failure, and number of critical joints. Tables 2
and 3 show the training set and its output for Bukit Merah,
while Tables 4 and 5 show the input and output variables for
Twin Peak. The 18 parameters for our study were selected
based on a thorough evaluation of factors that significantly
impact slope stability. These parameters were chosen to
ensure a holistic and multidisciplinary approach, integrating
geological, geotechnical, and remote sensing analyses. By
combining traditional geotechnical methods with modern
remote sensing techniques, we aimed to capture a
comprehensive  range of influential factors.  This
multidisciplinary approach is intended to enhance the
accuracy and reliability of slope stability predictions.

5.2. Output data: FOS

Slope stability analysis is necessary to prevent slope
failure and the FOS is a key consideration. To assess the
stability of the slope, the minimal FOS against sliding or shear
failure must be calculated. The ratio of the ultimate shear
strength divided by the mobilised shear stress during an
incipient failure is the FOS for slope stability. The FOS for all
panels in the study area focused on planar and wedge failure.
Based on the requirement that PLUS Berhad provided, the
FOS for an untreated slope should not be less than 1.3, while,
for a treated slope, it should not be less than 1.5. The
proposed rock slope panel was modelled in Rocscience,
Rocplane, and Swedge software to carry out rock slope

Preparing and
collecting data

A

Establish index system

Model evaluation
for all parameters

A

A

Obtaining a sample RF prediction result

data set accuracy analysis
A
A 4
Bootstrap Random forest
resampling modelling
-
A 4

Dividing, training and
testing the data set

Optimization of model
parameters

Fig. 8. Random forest machine learning flow in prediction rock
slope stability.

stability assessment. The shear strength model used was based
on the Barton-Bandis model, where the JRC and JCS values
were obtained based on site observations and several studies
by the previous author. This failure criterion is more accurate
than the Mohr-Coulomb envelope as it reflects real-time shear
strength in a changing stress state.

5.3. Machine learning results

Fig. 9 shows the correlation between rock mass properties.
In the present study, the slope was considered unstable when
the calculated FOS was determined to be below 1.
Conversely, the slope was considered stable when the FOS
was greater than 1. It should be noted that, in the PyCaret
library, several ML methods are trained on the data and
ranked based on performance indices. The initial results
indicated that LightGBM (Light Gradient Boosting Machine)
and RF were the top two models, based on the training data.
However, performance indices on the new data demonstrated
that RF was the best model. Consequently, RF was used for
the final estimation in our results.

To enhance the accuracy of the RF model, a tuning
process was performed using the Pycaret library. For RF
models, the hyperparameters which were most commonly
adjusted were the number of trees in the forest (n_estimators),
the maximum depth of each tree (max_depth), the minimum
number of samples required to split an internal node
(min_samples_split), and the maximum number of features
considered for the best split (max_features). To execute the
hyperparameter search, the tune_model function provided by
PyCaret was utilised, which accepts an RF model as input.
This function performed a grid search over the specified
hyperparameter space. Each hyperparameter combination was
evaluated using cross-validation, a technique that partitions
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Fig. 9. Correlation between rock mass properties.

the dataset into multiple folds and measures the model’s
performance on each fold. This iterative process facilitated the
estimation of the model’s ability to generalise unseen data.
The tuning process yielded the results displayed in Table 6,
illustrating the characteristics of the optimised model.

Fig. 10 demonstrates the AUC (area under the receiver
operating characteristic curve) of RF. The concept of this
performance metric refers to evaluating the overall
performance of a binary classification model. AUC is used to
evaluate the performance of a model when distinguishing
between the positive and negative classes. The AUC values
range between 0 and 1, where a higher value indicates better
model performance. An AUC score of 0.5 suggests random
guessing, while an AUC score of 1.0 represents a perfect
classifier that can perfectly distinguish between the positive
and negative classes. As can be seen, both classes with
AUC=0.95 showed good performance in classifying the
slopes. In practical terms, an AUC score of 0.95 means that
the model has correctly classified 95% of the positive and
negative instances in the dataset. This indicates that the model
can discriminate between the two classes and can be
considered a good classifier. However, it is important to note
that the AUC score alone does not provide information on the
model’s specific performance at different classification

thresholds or the quality of the model’s predictions for
individual instances. Therefore, other metrics, such as
precision and F1 score, should also be considered when
evaluating the performance of a binary classification model.

Fig. 11 shows the precision-recall (PR) curve obtained for
the RF model. This curve illustrates the balance between
precision and recall at different classification thresholds in
binary classification. Precision measures the proportion of
true positives out of all positive predictions, while recall
measures the proportion of true positives out of all actual
positive instances. A precision score of 0.88 is generally
considered high, indicating that the model has a low false
positive rate and correctly identifies a substantial number of
true positives. However, a high precision score may lead to a
lower recall, causing the model to miss some positive
instances and increase the false negative rate.

The learning curve in Fig. 12 illustrates the performance
of the RF model for the size of the training dataset. This curve
is useful for evaluating whether the model is overfitting or
underfitting and whether it would benefit from additional
training data. The y-axis of the curve represents the
performance score of the RF model which, in this case, is the
AUC. The x-axis represents the size of the training dataset.
The curve shows that, as the size of the training dataset


https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102
https://doi.org/10.31035/cg2023102

704 Ismail et al. / China Geology 8 (2025) 691-706

Table 6. Characteristics of the optimised model.

Parameters Values
bootstrap False
ccp_alpha 0.0
class_weight {}
criterion ‘entropy’
max_depth 7
max_features 1.0
max_leaf nodes None
max_samples None
min_impurity _decrease 0.002
min_impurity_split None
min_samples_leaf 3
min_samples_split 5
min_weight fraction_leaf 0.0
n_estimators 270
n_jobs -1
oob_score False
random_state 8502
warm_start False
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Fig. 11. AUC curve for RF.

increases, the AUC score also increases, indicating that the
model is improving. However, the curve also suggests that the
model may continue to improve with additional training data,
as there appears to be a slight gap between the training and
validation scores, indicating some degree of overfitting.

Learning curve for random forest classifier

0.94
o
§ 0.92
n
0.90
0.88 —-
-o- Training score
0.86 Cross validation score

300 400 500 600 700 800 900
Training instances

Fig. 12. Learning curve for RF.

6. Research limitations and future directions

The proposed method for slope stability prediction was
applied specifically to the Bukit Merah, Perak, and Twin Peak
study area in Kuala Lumpur. It is important to validate and
assess the generalisability of the method in other geographical
locations and different types of rocky slopes. Additionally, the
availability and quality of data poses challenges to accurate
predictions. Obtaining comprehensive and reliable data for all
control factors, such as rock strength, joint spacing, and
weathering, requires careful consideration.

Based on these findings, the authors recommend several
specific applications: First, the model should be integrated
into standard slope assessment protocols, where periodic
evaluations using our 18-parameter framework can provide
consistent stability assessments. Second, organizations should
develop a systematic database incorporating these parameters
for all monitored slopes, enabling trend analysis and early
detection of stability changes. Third, the model’s predictions
should be wused to establish a risk-based maintenance
schedule, where slopes with lower stability predictions
receive more frequent inspections and maintenance. Fourth,
the findings can guide the optimization of drone flight
planning and data collection strategies, particularly for the
remote sensing parameters (NDVI, NDWI, temperature).
Finally, we recommend using the model’s results to develop
site-specific threshold values for each parameter, which can
serve as triggers for implementing preventive measures.
These recommendations aim to transform the model from a
theoretical tool into a practical asset for slope management
and safety enhancement.

7. Conclusion

Geotechnical engineers encounter formidable challenges
when attempting to ensure slope stability, a task compounded
by the complex interplay of geological, hydrological, and
joint characteristics. To address this, this study proposes
leveraging a random forest (RF) ML approach for automated
slope stability evaluation, particularly on steep granitic slopes.
Considering a comprehensive array of input parameters,
including rock mass properties, drone-based remote sensing
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imagery (incorporating vegetation indices and thermal data),
and kinematic analysis, our findings demonstrate the
effectiveness of this approach. The optimisation of the RF
model yielded impressive results, with an AUC score of 0.95
and a precision score of 0.88, offering a novel strategy for
predicting and managing slope stability with remarkable
accuracy. A precision score of 0.88 signifies a low false
positive rate, indicating the model’s ability to correctly
identify a significant number of true positives. While minor
errors may arise in establishing correlations between input
and output parameters, the model’s accuracy is verified
through a rigorous comparison of predicted outcomes with
actual observations. These results underscore the efficacy of
the RF model as a reliable tool for slope stability assessment
and management.
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