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INTRODUCTION

Landslides are a serious threat with destruc-
tive impacts on the physical environment, infra-
structure, and social life of communities. Land-
slide susceptibility can increase drastically due 
to the complex interactions between climate 
change, land-use changes, and population growth 
pressures in previously stable areas (Duan et al., 
2025). Tinggimoncong District in Gowa Regency 
is an area with an extreme level of landslide sus-
ceptibility. Historically, this region experienced a 
massive landslide at Mount Bawakaraeng in 2004, 
triggering a debris flow with a volume reaching 

232 million cubic meters (Tsuchiya et al., 2004). 
The disaster, triggered by the collapse of the 
caldera wall, resulted in severe environmental 
degradation, the destruction of various facilities, 
and claimed 32 lives. This threat is persistent; in 
2022, the National Disaster Management Agen-
cy (BNPB) recorded further road infrastructure 
damage and casualties due to landslides triggered 
by high-intensity rainfall on the connecting route 
between Tinggimoncong and Parangloe. The high 
intensity of these disasters is also confirmed by 
records of recurrent events from the South Su-
lawesi Regional Disaster Management Agency 
(BPBD) throughout early 2025.
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ABSTRACT
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Google Earth Engine to model landslide susceptibility using an inventory of 198 landslide and non-landslide 
points and 11 parameter predictors. Concurrently, a land-use classification was performed using Sentinel-2A im-
agery. The susceptibility model achieved robust predictive performance with an area under the curve (AUC) of 
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To effectively mitigate landslide disasters, ac-
curate spatial information regarding the distribu-
tion of susceptible areas is required. Recent publi-
cations demonstrate a growing shift from conven-
tional heuristic approaches toward data-driven 
machine learning frameworks for environmental 
hazard prediction and spatial risk assessment 
Dolchinkov (2024). Researchers successfully in-
tegrate machine learning methods with remote 
sensing data and spatial environmental datasets to 
improve the analytical capabilities of geospatial 
assessment systems (Ejaz et al., 2026). Literature 
emphasizes that modern landslide risk modeling 
increasingly integrates biophysical parameters 
with land-use and governance-driven anthropo-
genic factors to better represent real-world sus-
ceptibility dynamics (Millimono, 2026). Recent 
studies confirm that Random Forest-based mod-
els are highly effective for landslide susceptibility 
mapping in complex mountainous environments 
using multi-factor geospatial datasets including 
slope, rainfall, land use, and anthropogenic dis-
turbances (Firoozi et al., 2024). Conventional 
landslide susceptibility mapping frequently em-
ploys weighted overlay techniques; however, 
this approach has limitations as it relies heav-
ily on subjective assumptions or expert opinions 
(Chowdhury, 2023). To overcome this subjective 
bias, the utilization of advanced computational 
instruments such as Machine Learning is highly 
recommended. Among the various available al-
gorithms, Random Forest has been empirically 
proven capable of unraveling the complexity of 
slope biophysical parameters and generating sus-
ceptibility mapping with superior accuracy com-
pared to other machine learning methods (Akinci 
et al., 2020; Merghadi et al., 2020).

Despite the growing application of machine 
learning methods in landslide susceptibility map-
ping, most existing studies primarily focus on 
hazard prediction alone, without explicitly link-
ing susceptibility outputs to real-world land-use 
exposure and spatial planning implications. In 
addition, the majority of previous works rely on 
susceptibility maps as standalone products, with-
out quantifying how different categories of an-
thropogenic land use are spatially affected within 
high-risk zones, particularly in rapidly develop-
ing mountainous regions such as Tinggimoncong 
District. This creates a critical gap between pre-
dictive hazard modeling and actionable spatial 
decision-making.

Furthermore, there is limited methodological 
integration between machine learning-based sus-
ceptibility modeling and remote sensing-derived 
land-use classification within a unified spatial 
framework that enables direct evaluation of ex-
posure patterns. As a result, current approaches 
often fail to translate model outputs into practical 
land management priorities, especially in areas 
characterized by complex topography and high 
infrastructure vulnerability.

To address this gap, this study hypothesizes 
that coupling Random Forest-based landslide 
susceptibility modeling with high-resolution 
satellite-derived land-use classification can sig-
nificantly improve the interpretability and policy 
relevance of spatial risk assessments by explicitly 
identifying the distribution of exposed land-use 
types within high-susceptibility zones.

Accordingly, the main objective of this re-
search is to develop an integrated geospatial 
framework that (i) models landslide susceptibility 
using a Random Forest algorithm, (ii) classifies 
land-use patterns using Sentinel-2 imagery, and 
(iii) quantifies spatial exposure through overlay 
analysis. The expected scientific contribution is 
not only the generation of a susceptibility map 
with high predictive performance, but also the es-
tablishment of a reproducible workflow that links 
hazard probability to land-use exposure, thereby 
improving the applicability of machine learning 
outputs for spatial planning and disaster risk re-
duction in mountainous environments.

MATERIALS AND METHODS

Study area

This research was conducted in Tinggimon-
cong District, Gowa Regency, South Sulawesi 
Province, Indonesia. Geographically, the study 
area is situated between ±5°11’ and 5°18’ South 
Latitude, and ±119°46’ to 119°56’ East Lon-
gitude, covering a total area of 167.4 km2. The 
region is characterized by a complex and steep 
mountainous topography, with elevations rang-
ing from 260 to 2880 meters above sea level and 
slope angles reaching up to 64°. Furthermore, the 
area experiences high annual rainfall intensity, 
ranging from 2700 to 3100 mm/year, which sig-
nificantly contributes to its extreme susceptibility 
to landslide events (Figure 1). 
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Data preparation 

Landslide inventory source was from direct 
field surveys combined with remote sensing vi-
sual interpretation using Google Earth Pro, cover-
ing the 2014–2025 period, comprising a total of 
99 landslide points.

Non-landslide sampling method was random 
sampling using a buffer distance approach, main-
taining a strictly balanced 1:1 ratio (99 non-land-
slide points).

Spatial resolution of all parameter raster lay-
ers of 30 m  – all predictor parameter/variables 
were resampled to 30 m for the Random Forest 
modeling to match the native DEM resolution, 
while the land-use map was maintained at 10 m 
for the final high-resolution exposure assessment.

Projection system used WGS 1984 UTM 
Zone 50S (EPSG: 32750).

Landslide susceptibility mapping 

Landslide susceptibility was modeled using 
a Random Forest (RF) classifier implemented 
within the Google Earth Engine (GEE) JavaS-
cript API. The input dataset consisted of a total 

of 198 points, comprising 99 historical landslide 
locations and 99 non-landslide samples, main-
taining a rigorously balanced 1:1 ratio. The land-
slide inventory was acquired through a combina-
tion of direct field surveys and historical visual 
interpretation utilizing Google Earth Pro cover-
ing the period from 2014 to 2025. The inclusion 
criteria for the inventory were strictly limited to 
mass movements exhibiting clearly identifiable 
main scarps or significant accumulations of dis-
placed material. Conversely, minor surface ero-
sions were explicitly excluded to ensure the data-
set accurately represents true slope failure events. 
The non-landslide samples were generated using 
a random buffer distance approach to ensure dis-
tinct environmental and spatial separation from 
actual landslide occurrences.

The predictor variables included slope, slope 
aspect, slope length, elevation, lithology, soil type, 
rainfall intensity, distance to stream, distance to 
road, flow accumulation, and land use. Because 
tree-based algorithms like RF are inherently in-
variant to monotonic transformations and feature 
scaling, all environmental predictors were kept 
unstandardized. The RF model was trained using 

Figure 1. Study area map
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the following optimized hyperparameters: 500 
decision trees (numberOfTrees), an unrestricted 
maximum tree depth, a minimum of 1 sample per 
leaf (minLeafPopulation), and 3 features randomly 
selected per split (variablesPerSplit). Each deci-
sion tree was constructed using bootstrap samples 
drawn with replacement (bag fraction: 0.632), with 
node splitting executed based on the Gini impurity 
criterion. Model aggregation was performed using 
a probability output mode across the ensemble of 
500 trees. To eliminate spatial data leakage and 
rigorously evaluate the model’s generalization ca-
pacity against unseen data, the random train-test 
split was replaced with a 10-fold spatial block 
cross-validation. The study area was divided into 
spatially independent 2.5 × 2.5 km grids.

The relative contribution of each predictor 
variable to the landslide susceptibility model was 
evaluated using both feature importance and per-
mutation importance. These two approaches were 
presented to provide complementary perspec-
tives on variable relevance. Feature importance 
quantifies the contribution of each predictor dur-
ing the model construction process by measuring 
how frequently and effectively a variable is used 
to split decision trees. In contrast, permutation 
importance evaluates the actual dependence of 
the trained model on each predictor by measur-
ing the decrease in prediction accuracy after the 
values of that variable are randomly permuted. 
Consequently, the combined use of these meth-
ods enables a more comprehensive interpretation 
of predictor importance, allowing the distinction 
between variables that contribute substantially to 
model construction and those that are genuinely 
essential for maintaining predictive performance.

Model performance was evaluated using a 
global confusion matrix to calculate overall accu-
racy, producer’s accuracy (recall), consumer’s ac-
curacy (precision), Kappa coefficient, and the F1-
score directly within the GEE environment. Fur-
thermore, to address continuous-variable bias and 
rigorously evaluate discriminative capability, the 
receiver operating characteristic - area under the 
curve (ROC-AUC) and permutation feature impor-
tance were externally computed using Python 3.x 
and the scikit-learn library via Google Colab.

To identify regions with high ambiguity, an 
uncertainty map was generated using the Shannon 
Entropy index. Since the Random Forest model 
outputs a continuous probability of landslide oc-
currence, pixel-level uncertainty was evaluated 
directly based on this probability distribution. 

In this framework, an entropy value approach-
ing 1 indicates maximum uncertainty where the 
predicted probability is near 0.5 signifying high 
model ambiguity due to conflicting predictions 
among the individual decision trees. Conversely, 
an entropy value approaching 0 indicates a very 
high level of prediction confidence, reflecting uni-
form decisions across the decision tree ensemble.

The random forest algorithm

The Random Forest algorithm operates by con-
structing an ensemble of multiple decision trees. 
Each decision tree is trained independently using 
the Bootstrap technique, which involves random 
sampling of parameters with replacement.The in-
put parameters used in this study were selected 
based on factors that have been empirically dem-
onstrated to influence landslide occurrence. Land-
slide susceptibility is controlled by a combination 
of geological, topographical, and anthropogenic 
factors, with soil type, soil erodibility, and lithol-
ogy playing significant roles in machine learning-
based susceptibility modeling. Topographic char-
acteristics, particularly slope gradient, are widely 
recognized as key factors affecting slope stability. 
In addition, precipitation patterns strongly influ-
ence soil moisture conditions and contribute to 
the initiation of landslide events (Wu et al., 2025). 
Land use represents a highly dynamic factor that 
reflects human-induced landscape changes and 
has been identified as an important variable in 
landslide susceptibility assessment (Rabby et al., 
2022). To further improve model performance, 
additional spatial parameters, including elevation, 
distance to rivers, and distance to roads, were in-
corporated. Elevation reflects geomorphological 
variability across the landscape, while proximity 
to rivers and roads is associated with slope modi-
fication, erosion processes, and anthropogenic 
disturbances. As reported by Zandi et al. (2025), 
landslide occurrence is frequently concentrated in 
areas affected by river incision and road construc-
tion, where natural slope equilibrium has been 
substantially altered.

In the classification process, node splitting in 
each tree does not evaluate all landslide trigger-
ing parameters simultaneously. Instead, it utilizes 
a random feature selection formulated as m = √M  
where m represents the number of randomly se-
lected features at each split and M denotes the to-
tal number of parameters used. This formula en-
sures variation among the trees and prevents any 
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single parameter from dominating others, there-
by enhancing the diversity of the decision trees 
(Chen et al., 2025). The determination of the best 
landslide-determining parameters is mathemati-
cally calculated using Gini impurity to measure 
how effectively a parameter classifies landslide 
susceptibility areas based on landslide and non-
landslide points.

	 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = 1 − ∑ 𝑝𝑝𝑖𝑖
2𝑐𝑐

𝑖𝑖=1  (1) 
 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑔𝑔𝑎𝑎𝑎𝑎𝑎𝑎 = 𝐼𝐼(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) − 

− ∑
𝑁𝑁𝑗𝑗
𝑁𝑁 𝐼𝐼(𝑐𝑐ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑗𝑗)

𝑘𝑘

𝑗𝑗=1
 

 
(2) 
 
𝑂𝑂𝑂𝑂𝐵𝐵𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 1

𝑁𝑁 ∑ 𝐼𝐼𝑁𝑁
𝑖𝑖=1 (𝑦𝑦𝑖𝑖 ≠ 𝑦̂𝑦𝑖𝑖

𝑂𝑂𝑂𝑂𝑂𝑂)    (3) 
 
𝑂𝑂𝑂𝑂 = (∑ 𝑥𝑥𝑖𝑖𝑖𝑖

𝑁𝑁 ) × 100%         (4) 
 

	 (1)

where:	C – number of classes, pi 
– proportion of 

samples in the node belonging to class i.

Subsequently, the effectiveness of the param-
eters in classifying landslide susceptibility areas 
is calculated using information gain, which rep-
resents the magnitude of the reduction in Gini 
impurity. A lower Gini impurity value yields a 
higher information gain, indicating that the pa-
rameter is more optimal for the modeling process 
(Yao et al., 2020).
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	 (2)

where:	 I(parent) – Gini impurity value of the par-
ent node, I(child) – Gini impurity value of 
the j-th child node (new label split), Nj – 
number of labels/samples in the j-th child 
node, N – total number of labels/samples 
in the parent node, k – number of child 
nodes after the split.

The probability output of the Random Forest 
algorithm was utilized to generate a continuous 
landslide susceptibility map. The final susceptibil-
ity index for each map pixel, which ranges from 0 
to 1, is calculated based on the proportion of de-
cision trees in the ensemble that predict the land-
slide-occurrence class. During the training phase, 
the model internally evaluates its prediction error 
using out-of-bag (OOB) data, which consists of the 
samples not selected during the Bootstrap process.
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where:	 I – indicator function (value is 1 if the 
prediction is incorrect, 0 if the prediction 
is correct), 𝑦̂𝑦𝑖𝑖

       
 

 – OOB prediction for the 
i-th sample, yi – actual class for the i-th 
sample, N – number of data points in the 
training set.

Finally, to ensure the reliability and geograph-
ical robustness of the predictive model, exter-
nal validation was rigorously conducted using a 
Spatial 10-fold cross-validation approach. Unlike 
random splitting, this spatial partitioning method 
mitigates spatial autocorrelation by dividing the 
study area into mutually exclusive geographical 
grids. The model’s predictive performance across 
these spatial folds was comprehensively quanti-
fied using a confusion matrix to derive overall 
accuracy, kappa coefficient, and F1-score, along-
side the receiver operating characteristic (ROC) 
curve to evaluate the area under the curve (AUC) 
(Çorbacıoğlu and Aksel, 2023; Wang et al., 2024).

Land-use classification 

Land-use classification was performed us-
ing Sentinel-2A multispectral imagery with 10 m 
spatial resolution, which offers superior spatial 
and spectral capabilities suitable for tropical land 
cover mapping compared to medium-resolution 
predecessors (Phiri et al., 2020). The image ac-
quisition date used in this study was September 
5, 2025. The following spectral bands were used 
for classification: B2, B3, B4, B8, B11, and B12. 
Prior to classification, atmospheric and radiomet-
ric preprocessing applied using the Copernicus 
Level-2A (surface reflectance) product, and the 
selected bands were stacked and resampled to a 
uniform spatial resolution of 10 m.

Supervised classification was conducted us-
ing a RF algorithm implemented natively within 
the Google Earth Engine (GEE) environment, an 
approach selected to capture complex spatial de-
pendencies more effectively than traditional static 
methods (Hussein et al., 2025). The classifier was 
trained using regions of interest (ROI) manually 
digitized to serve as representative training ex-
amples (Yulianto et al., 2021). In this study, the 
ROIs were specifically delineated for five land-
use classes: settlement, water bodies, wetland ag-
riculture, dryland agriculture, and forest.

To ensure class balance and mitigate predic-
tion bias, the number of training samples (poly-
gons) was proportionally distributed across the 
landscape as follows: settlement (185), water bod-
ies (115), wetland agriculture (145), dryland agri-
culture (120), and forest (110). The sample regions 
function converted the ROI polygons into pixel-
based samples at 10 m spatial resolution. The da-
taset was split into training and validation samples 
using a stratified random sampling approach with 



281

Ecological Engineering & Environmental Technology 2026, 27(8), 276–293

a 70:30 ratio (70% training and 30% testing) and a 
fixed random seed (seed = 42) to ensure reproduc-
ibility.The Random Forest model was configured 
with 100 trees, while the remaining parameters 
were kept at their default settings. Classification 
was performed on pixel-level spectral input data.

To reduce misclassification between spec-
trally similar classes, particularly water bodies 
and built-up areas, post-classification refinement 
was applied using raster patching, implemented 
as a manual post-classification GIS-based reclas-
sification procedure. Areas exhibiting clear clas-
sification inconsistencies were identified through 
visual comparison with very high-resolution 
Google Earth imagery. Only the identified anom-
alous patches were corrected using the reclassify 
tool, while the original Random Forest classifica-
tion was preserved for the remaining study area. 
The corrected patches were subsequently merged 
with the original classified raster using the mosaic 
to new raster function with the last mosaic opera-
tor, ensuring that the corrected raster replaced the 
corresponding erroneous classifications.

The resulting land-use map was validated us-
ing the allocated 30% testing subset (N = 5665 
pixels). Interpretation of the land-use classes was 
supported by very high-resolution Google Earth 
imagery and Sentinel-2 true-color and false-col-
or composites. Validation was performed using 
a confusion matrix, from which overall accura-
cy (OA) and kappa coefficient were computed. 
Overall Accuracy was calculated as:

	

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = 1 − ∑ 𝑝𝑝𝑖𝑖
2𝑐𝑐

𝑖𝑖=1  (1) 
 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑔𝑔𝑎𝑎𝑎𝑎𝑎𝑎 = 𝐼𝐼(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) − 

− ∑
𝑁𝑁𝑗𝑗
𝑁𝑁 𝐼𝐼(𝑐𝑐ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑗𝑗)

𝑘𝑘

𝑗𝑗=1
 

 
(2) 
 
𝑂𝑂𝑂𝑂𝐵𝐵𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 1

𝑁𝑁 ∑ 𝐼𝐼𝑁𝑁
𝑖𝑖=1 (𝑦𝑦𝑖𝑖 ≠ 𝑦̂𝑦𝑖𝑖

𝑂𝑂𝑂𝑂𝑂𝑂)    (3) 
 
𝑂𝑂𝑂𝑂 = (∑ 𝑥𝑥𝑖𝑖𝑖𝑖

𝑁𝑁 ) × 100%         (4) 
 

	 (4)

where:	xii represents correctly classified pixels 
and N represents total validation samples.

The Kappa coefficient was calculated using 
the standard Cohen’s Kappa equation implement-
ed within the Google Earth Engine environment 
to account for agreement beyond chance. All spa-
tial processing was performed in ArcGIS 10.8 
using coordinate reference system WGS 1984 
UTM Zone 50S (EPSG: 32750). This evaluation 
demonstrates the precision and reliability of the 
map, validating its suitability as an input for sub-
sequent spatial overlay analysis with the landslide 
susceptibility map (Bayas et al., 2022).

Land-use exposure

Land-use exposure analysis was conducted 
through a pixel-based spatial overlay between 

the landslide susceptibility raster and the classi-
fied land-use map. Both datasets were resampled 
to a common spatial resolution of 10 meters and 
aligned to the same coordinate reference system 
(EPSG: 32750, representing WGS 1984 UTM 
Zone 50S). Landslide susceptibility values were 
first categorized into discrete classes using fixed 
thresholds - Equal Interval, the high susceptibility 
areas were defined as pixels with landslide sus-
ceptibility values more than 0.7 (De Praga Baião 
et al., 2025; Ganesh et al., 2025; Xing et al., 2026)

The exposure analysis was implemented us-
ing ArcGIS 10.8 by performing a raster overlay 
operation, where land-use classes were intersected 
with the high-susceptibility mask. The output was 
a categorical exposure map indicating spatial coin-
cidence between each land-use class and landslide 
susceptibility zones. Exposure statistics were com-
puted as the total area of each land-use class within 
each susceptibility category. Area calculations 
were performed by multiplying the pixel count by 
the pixel area using the GIS zonal statistics tool. 
For linear features, road infrastructure was repre-
sented as vector data; spatial intersection between 
vector roads and raster susceptibility zones was 
performed using a buffer distance and raster over-
lay approach with a buffer distance of 5 meters.

All spatial outputs were generated in ArcGIS 
10.8 using the projection system EPSG: 32750. 
The final exposure map was used to identify spa-
tial hotspots where anthropogenic assets (such 
as built-up areas, agricultural land, and road 
networks) coincide with high landslide suscep-
tibility. Furthermore, the proposed framework 
supports the transition from generalized disaster 
management toward more data-driven and site-
specific strategies aimed at enhancing resilience 
in rural mountainous regions 

RESULTS AND DISCUSSION 

Landslide susceptibility map

Landslide susceptibility mapping in Tinggi-
moncong District was successfully conducted 
using the Random Forest machine learning al-
gorithm. The landslide susceptibility map was 
generated by training the model with a landslide 
inventory dataset consisting of landslide and non-
landslide points. The landslide points were col-
lected through direct field observations and satel-
lite image interpretation, as illustrated in Figures 2 
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and 3, while their spatial distribution is presented 
in Figure 4. In addition to the landslide inventory, 
multiple landslide conditioning factors were in-
corporated into the modeling process. These con-
ditioning factors are presented in Figure 5.

Figure 4 illustrates the spatial distribution of 
landslide and non-landslide samples together with 
the spatial blocks used in this study. The study 
area was first divided into 2.5 × 2.5 km spatial 
grid cells. Each grid cell was randomly assigned 
to one of ten folds. During each iteration of the 
10-fold spatial block cross-validation, all samples 
located within the selected fold were used as the 
validation dataset, while samples in the remain-
ing folds were used for model training. This strat-
egy ensures spatial independence between the 
training and validation datasets and reduces the 
influence of spatial autocorrelation.

Each parameter used in this study contributed 
differently to landslide occurrence. The parameter 
selection strategy is consistent with the machine 
learning-based selective measuring framework 
proposed by Baja et al. (2025), which suggests 
that environmental modeling can be conducted 
more effectively and efficiently by focusing com-
putational resources and field observations on 
the parameters with the highest predictive value. 
Therefore, it is necessary to evaluate the impor-
tance of each parameter to determine its contri-
bution to model construction and its influence on 
predictive performance.

The evaluation was conducted using two 
metrics, namely feature importance and permu-
tation importance. Although both metrics aim to 
identify the most influential parameters, they are 
based on different calculation principles. Feature 

Figure 2. Direct field inventory of landslide points

Figure 3. Landslide point inventory using satellite imagery



283

Ecological Engineering & Environmental Technology 2026, 27(8), 276–293

Importance reflects the contribution of each pa-
rameter during the model construction process, 
whereas Permutation Importance measures the 
model’s dependence on each parameter by eval-
uating the decrease in predictive performance 
when the values of that parameter are randomly 
permuted. Therefore, presenting both metrics 
together provides a more comprehensive under-
standing of the role of each parameter, both in 
model construction and in maintaining the mod-
el’s predictive performance. The resulting values 
were then used to rank the parameters according 
to their relative importance, as shown in Figure 6.

Based on Table 1, most parameters exhib-
ited relatively consistent importance rankings 
between feature importance and permutation im-
portance. Slope and distance to road consistently 
ranked first and second, indicating that these two 
parameters were the most dominant factors both 
in the model construction process and in main-
taining predictive performance. Elevation, slope 
aspect, distance to stream, slope length, flow ac-
cumulation, land use, and soil type also showed 
only minor or no changes in their rankings, sug-
gesting that these parameters made stable con-
tributions to the model. Rain intensity exhibited 
a high feature importance but a lower permuta-
tion importance, indicating that the information 
it provides is partially redundant with that of 

other parameters. In contrast, Lithology showed 
relatively low importance according to feature 
importance but considerably higher importance 
according to permutation importance. This find-
ing suggests that lithological information was not 
frequently used to create decision tree splits, de-
spite being important for maintaining the model’s 
predictive accuracy. This is likely because Lithol-
ogy is a categorical variable; according to Vodde 
et al. (2025), continuous variables are generally 
utilized more frequently by the Random Forest 
algorithm than categorical variables.

Figure 4. Landslide distribution map

Table 1. Comparison of feature importance and 
permutation importance

Rank Feature Importance Permutation Importance

1 Slope Slope

2 Distance to road Distance to road

3 Elevation Lithology

4 Slope aspect Elevation
5 Rain intensity Distance to stream
6 Distance to stream Slope aspect

7 Slope length Slope length

8 Flow accumulation Flow accumulation

9 Lithology Rain Intensity

10 Land use Land use

11 Soil type Soil type
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Figure 5. Landslide parameters: (a) slope, (b) slope aspect, (c) slope length, (d) elevation, (e) lithology, (f) soil 
type, (g) rain intensity, (h) distance to rivers, (i) distance to roads, (j) flow accumulation, (k) land use
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Figure 5. Cont. Landslide parameters: (a) slope, (b) slope aspect, (c) slope length, (d) elevation, (e) lithology, (f) 
soil type, (g) rain intensity, (h) distance to rivers, (i) distance to roads, (j) flow accumulation, (k) land use

Figure 7 presents the landslide susceptibility 
map, which displays landslide occurrence prob-
ability values ranging from 0 to 1. This indicates 
that the closer the value is to 1, the greater the 
likelihood of a landslide event occurring. 

The receiver operating characteristic (ROC) 
curve shown in Figure 8 yielded an area under 
the curve (AUC) value of 0.843, indicating good 
classification performance. This value demon-
strates that the model has a high discriminative 
ability to assign higher probabilities to locations 
where landslides have occurred than to locations 
where no landslides have occurred.

Based on the confusion matrix in Table 2, the 
model successfully classified 81 non-landslide 
samples as true negatives (TN) and 78 landslide 
samples as true positives (TP), while the misclas-
sifications consisted of 19 false positives (FP) and 
20 false negatives (FN). From these figures, rela-
tively balanced precision, recall, and F1-score val-
ues were generated for both classes. The precision 
value of 0.802 for the non-landslide class and 0.804 
for the landslide class indicates that approximately 

80% of the generated predictions are correct clas-
sifications. Meanwhile, a recall value of 0.810 for 
the non-landslide class and 0.796 for the landslide 
class indicates that the model is capable of iden-
tifying around 80% of the actual occurrences in 
each class. This balance is reinforced by the F1-
scores of 0.806 and 0.800, which demonstrate that 
the model is able to maintain a balance between 
prediction accuracy and the ability to detect occur-
rences across both classes (Zhang et al., 2024). The 
very small differences in values among the metrics, 
along with the nearly equal number of False posi-
tives and false negatives, indicate that the model 
does not exhibit any tendency or bias toward either 
class, resulting in consistent predictions.

Furthermore, the overall accuracy is 80.3%, 
which indicates that eight out of every ten samples 
were predicted correctly. Additionally, the model 
achieved a Kappa coefficient (or Cohen’s Kappa) 
of 0.606, indicating that the level of agreement 
between the prediction results and the actual data 
falls into the good or “substantial agreement” cat-
egory. Although various evaluation metrics show 
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Figure 6. (a) Feature importance, (b) permutation importance

Figure 7. Landslide susceptibility map
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that the Random Forest model has good and con-
sistent classification performance, these evalua-
tions only depict the overall performance of the 
model and do not yet reveal the spatial prediction 
confidence level at each location. The spatial pre-
diction confidence level can be seen in Figure 9.

The uncertainty map generated using Shan-
non Entropy to visualize the level of model pre-
diction confidence at each pixel. Conceptually, a 
low entropy value reflects the dominance of the 
probability of a single class (landslide or non-
landslide) within a pixel, whereas a high value 
indicates model ambiguity due to balanced class 
probabilities. Spatially, the map demonstrates that 

Figure 8. (a) ROC curve and (b) confussion matrix

Table 2. Confusion matrix of the landslide 
susceptibility modeling

Actual condition
Predicted condition

Non-landslide Landslide

Non-landslide 81 TN 19 FP

Landslide 20 FN 78 TP

Metric
Value

Non-landslide Landslide

Precision 0.80198 0.80412

Recall 0.81000 0.79592

F1-score 0.80597 0.80000

Overall accuracy 0.803

Kappa coefficient 0.606

Figure 9. Uncertainty map
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a large portion of the study area is dominated by 
low entropy values, indicating uniform predic-
tion agreement within the decision tree ensemble. 
Conversely, areas with high uncertainty tend to be 
concentrated in linear patterns strongly associated 
with road corridors and zones of sharp topograph-
ic changes. This pattern confirms that slope modi-
fications in these locations create complex envi-
ronmental characteristics, making it difficult for 
the model to decisively separate the two classes.

Nevertheless, the high predictive uncertainty in 
these specific locations does not diminish the mod-
el’s reliability in determining mitigation priorities. 
This is because maximum uncertainty (an entropy 
value approaching 1) conceptually only occurs 
when the prediction probability is within a moder-
ate range, around 0.5. In contrast, the land-use ex-
posure analysis in this study specifically extracted 
susceptibility zones using a high threshold of >0.7. 
Through this thresholding strategy, the areas iden-
tified for mitigation priority automatically bypass 
the zones of model ambiguity and possess a very 
high level of prediction confidence. This approach 
ensures that the identified hazard hotspots remain 
valid and robust to serve as a scientific foundation 
for spatial planning and decision-making.

Land-use classes 

The land use classification in this study was 
performed using the Random Forest algorithm, 
which was selected for its ability to model non-
linear relationships among spectral variables and 
achieve relatively high classification accuracy. 
The initial Random Forest classification was able 
to represent the overall land use conditions; how-
ever, several misclassifications were still identi-
fied in specific locations. These errors primarily 
occurred between the water body and settlement 

classes due to the similarity of their spectral re-
flectance values, making them difficult for the 
model to distinguish. Therefore, a raster patch-
ing procedure was applied as a post-classification 
refinement step to correct the misclassified areas 
while preserving the original classification results 
in the remaining regions (Figure 10).

By preserving the original Random Forest 
classification across most of the study area and 
correcting only the areas that exhibited clear 
classification errors, the spatial quality of the 
land use map became more consistent with actual 
ground conditions. This refinement resulted in an 
improvement in classification accuracy. The overall 
accuracy (OA) increased from approximately 81% 
to 85.6%, indicating that the raster patching process 
successfully corrected most localized classification 
errors without altering the overall land use pattern. 
These findings suggest that most of the errors in the 
initial classification were not caused by the failure 
of the Random Forest model itself, but rather by 
spectral similarity among certain land use classes.The land use classification achieved an OA of 
85.6% and a Kappa coefficient of 0.82. As shown 
in Table 3, most land use classes were successfully 
identified, although several misclassifications were 
still observed among certain classes. The most 
prominent misclassification occurred between 
the settlement and water body classes, as well as 
between forest and dryland agriculture. These er-
rors were likely caused by the spectral similarity 
between land cover class, the presence of mixed 
pixels along class boundaries, and the spatial reso-
lution limitations of the Sentinel-2 imagery used in 
this study. Nevertheless, the number of misclassi-
fied pixels was relatively small compared with the 
number of correctly classified pixels and therefore 
did not have a significant impact on the overall 
quality of the land use map (Figure 11).

Figure 10. Accuracy improvement through raster patching
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Land-use exposur

The analysis of land-use exposure serves 
as an advanced geospatial instrument to evalu-
ate the complex interactions between physical 
susceptibility probabilities and the exposure of 
anthropogenic elements on the earth’s surface. 
Rather than merely modeling slope instability 
zones in isolation, this stage integrates the prob-
ability outputs of the Random Forest algorithm 
with actual land cover data through spatial inter-
section techniques. This spatial overlay approach 
precisely delineates the extent to which vital 
infrastructure, built-up areas, and cultivation 
zones directly intersect with high-susceptibility 

matrices. Through this exposure mapping, blind 
spots in spatial planning can be visually identi-
fied, providing crucial scientific justification for 
the formulation of targeted ecological engineer-
ing and structural mitigation policies.

To delineate the priority mitigation areas, re-
gions with high landslide susceptibility, specifical-
ly those with susceptibility values greater than 0.7, 
were quantitatively extracted and designated as 
high-priority zones. This specific threshold selec-
tively delineates the most critical areas requiring 
immediate attention and intervention to support 
land-use planning and landslide disaster mitiga-
tion efforts (Figures 12, 13). The map above illus-
trates the land use classes located within areas of 

Table 3. Confusion matrix of the landuse classification

Land use
Land use prediction

Settlement Water bodies Wet land 
agriculuture

Dry land 
agriculuture Forest

Settlement 1028 98 77 53 24

Water bodies 51 813 26 20 46

Wet land agriculuture 14 51 1022 27 42

Dry land agriculuture 13 11 23 920 78

Forest 11 14 44 91 1068

Metric Value Percent

Overall accuracy (OA) 0.856 85.6%

Kappa coefficient (KC) 0.82

Figure 11. Landuse map
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high landslide susceptibility, indicating that further 
management or mitigation measures are required 
in these areas to minimize potential risks. The ex-
tent of land use located within the high landslide 
susceptibility zone is presented in Table 4.

Spatial extraction revealed that the road net-
work was the most proportionally exposed in-
frastructure, with 16.97% (53.28 ha) of its total 
area located directly within the high-hazard zone. 
Settlements also faced substantial exposure, with 
4.90% (16.78 ha) of the built-up area situated 
within the prioritized risk zone. In contrast, al-
though agricultural land occupied the largest total 
area across the landscape, it exhibited the lowest 
relative exposure, with only 0.22% (60.93 ha) lo-
cated within the high-hazard zone.

Based on the spatial exposure map presented 
above, a distinct polarization of landslide threats 
was identified, showing a spatial distribution spe-
cifically associated with anthropogenic features. 
The exposure maps for the road network and built-
up areas clearly display linear concentrations of 
hotspots at critical nodes, extending across Parigi, 
Garassi, Gantarang Villages, and Malino Subdis-
trict. This visual evidence confirms the existence 
of severe land-use conflicts, where the expansion 
of transportation networks and residential areas 
has substantially modified slope geometry, al-
tered the natural slope conditions, and increased 

exposure to landslide processes in these steep ter-
rain areas (Duan et al., 2025; Pradhan et al., 2022).

Meanwhile, the exposure of agricultural land 
exhibited a more dispersed spatial pattern than that 
of roads and settlements. This pattern indicates 
that agricultural activities have expanded into 
areas with high landslide susceptibility, thereby 
increasing the potential risk of reduced agricul-
tural land productivity. However, within the study 
area, only a small proportion of agricultural land 
was located in highly susceptible zones, while 
most agricultural land, particularly in Bullutana, 
Pattapang, Bontolerung, and Parigi Villages, was 
situated within relatively safe zones.

In response to these spatial findings, the 
implementation of comprehensive land man-
agement interventions is essential. Sustainable 
land management measures may include impos-
ing a moratorium on new construction permits 
within high-risk zones, implementing structural 
geotechnical engineering measures such as re-
taining wall installation along vulnerable road-
cut slopes (Haris, 2024; Nuradrina, 2024), and 
integrating deep-rooted vegetative conservation 
techniques along agricultural land boundaries 
to stabilize soil aggregates ecologically without 
reducing land productivity (Fata et al., 2025). 
According to MacAfee et al. (2024), mitigation 
approaches that rely exclusively on geological 

Figure 12. Land use exposure: (a) settlement (b) road (c) agriculture
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Figure 13. Landslide mitigation priority map

Table 4. Exposure of land use to high landslide susceptibility zones

Land use / Asset Total area (ha) Area exposed to high 
landslide suceptibily zone (ha) Exposure (%)

Road 313.95 53.28 16.97

Settlement 342.16 16.78 4.9

Agricultural land 27,911.96 60.93 0.22

technical literature and physical infrastructure 
are often less effective because they overlook 
social processes at the local level. Therefore, 
mitigation efforts should also incorporate local 
knowledge to minimize landslide risk.

CONCLUSIONS

The results indicate that the integrated mod-
eling framework achieved robust predictive re-
liability in landslide susceptibility mapping, as 
evidenced by an AUC value of 0.843, an Overall 
Accuracy of 80.3%, and consistent performance 
across classification metrics. The hypothesis that 
coupling Random Forest-based susceptibility 
modeling with high-resolution land-use classifi-
cation significantly improves the interpretability 
and policy relevance of spatial risk assessments 
is fully supported. Rather than merely model-
ing slope instability in isolation, the integration 
successfully identified spatial hotspots where 
anthropogenic assets directly intersect with high-
susceptibility matrices.

A key novel scientific contribution of this 
study is the explicit linkage of spatial hazard 
probabilities with a validated Sentinel-2 land-
use classification (Overall Accuracy of 85.6%) 
within a single analytical framework. This ad-
dresses the critical gap in previous research that 
predominantly focused on susceptibility map-
ping as standalone products, without quantifying 
real-world anthropogenic exposure in rapidly 
developing mountainous regions.

The study further reveals that anthropogen-
ic infrastructure, particularly roads, is dispro-
portionately located within high susceptibility 
zones, with 16.97% of the total road network 
exposed to high-risk areas. Coupled with the 
finding that slope and distance to roads are the 
most dominant predictors of landslide occur-
rence, this confirms the critical role of human-
induced slope modification in driving hazard 
distribution patterns. Additionally, the results 
show that improving predictive hazard accuracy 
alone is insufficient for spatial planning unless 
combined with this type of quantitative exposure 
assessment.
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A remaining limitation of this research is that 
while it successfully identifies spatial exposure, it 
has not yet determined the specific mitigation prior-
ities among the affected land uses and assets. Future 
prospects should focus on extending this framework 
by incorporating quantitative risk assessments, spe-
cifically by evaluating the monetary value of ex-
posed infrastructure and assessing the direct hazard 
to human life. By integrating these economic and 
demographic dimensions, future studies can estab-
lish more comprehensive and highly targeted prior-
ity areas, ultimately guiding more efficient resource 
allocation for disaster mitigation.
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