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ecological diversity, while also significantly disrupting the 
quality of services provided (Susena et al. 2025; Liu et al. 
2024a, b; Hou et al. 2025; Badreldin et al. 2025; Tebbouche 
et al. 2022). The latest statistics indicate that approximately 
3.8 km2of land worldwide is threatened by landslide events. 
This means that more than 290 million people are at risk of 
landslides (Aslam et al. 2022). A study Froude and Petley 
(2018) indicates that more than 180,000 people have been 
killed by more than 37,000 landslide events worldwide.

Landslides, particularly those of the rocky type, repre-
sent a persistent geomorphological threat to mountainous 
and plateau structures in the Eastern Mediterranean, particu-
larly the Syrian Coastal Mountains, the eastern and western 

Introduction

A landslide is classified as a morphodynamic activity of 
slope materials formed by weathering processes, consist-
ing of rock, soil, and debris, under the influence of various 
driving factors, particularly gravity, seismic and volcanic 
activity, and rainstorms (Wei et al. 2021, 2024; Dey and 
Das 2025; Tanoumand et al. 2025; Hallal et al. 2024; Dai 
et al. 2025). In addition to the acceleration of human activi-
ties, including uncontrolled urbanization, road construc-
tion, intensive agriculture, slope modification, and mining, 
landslides have devastating spatial consequences for human 
lives, infrastructure, economic activity, transportation, and 
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Abstract
Landslides significantly threaten natural and built environments, necessitating accurate prediction models for effective 
hazard mitigation. There is an urgent need to further improve the performance of machine learning algorithms in predict-
ing landslide susceptibility by monitoring the impact of optimization algorithms on the performance of these models. This 
study evaluates the performance of various machine learning classifiers, including k-Nearest Neighbors (kNN), Multi-
Layer Perceptron (MLP), and Extreme Gradient Boosting (XGBoost), for landslide susceptibility mapping. Additionally, 
Particle Swarm Optimization (PSO) is employed to enhance model performance by optimizing hyperparameters. Moun-
tainous areas in the eastern Mediterranean (the northern Kabir River basin in western Syria) were identified as a result 
of the high frequency of landslide events over the past two decades. Nineteen factors causing landslides were identified, 
with no factor excluded, as a result of a multicollinearity test. The results indicate that XGBoost achieves the highest 
performance among traditional models. When integrated with PSO, the PSO-XGBoost model further improves classifica-
tion performance, demonstrating its robustness in handling complex spatial patterns. Feature importance analysis using 
SHAP confirms slope as the dominant factor, followed by TRI, rainfall, Aspect, TWI, and curvature, highlighting the role 
of topography and hydrology in landslide occurrence. Moderate lithology, NDVI, and LULC contributions and lower 
importance of Flow Accumulation and Soil Depth suggest complex environmental interactions. Model predictions show 
varying susceptibility distributions. PSO-MLP assigns the highest very high susceptibility (44.09%), while PSO-XGBoost 
provides a balanced classification (31.13%). The PSO-XGBoost model demonstrates superior predictive capability, offer-
ing reliable landslide susceptibility maps for disaster risk management and land-use planning.

Keywords  Optimization; landslide susceptibility; XGBoost · K-NN · MLP · PSO

Received: 20 May 2025 / Accepted: 17 January 2026 / Published online: 11 February 2026
© The Author(s) 2026

Optimization of various machine learning concepts to evaluate 
landslide susceptibility: XGBoost, k-NN and MLP using PSO algorithm

Hazem Ghassan Abdo1,2  · Sahar Mohammed Richi3  · Bilel Zerouali4 · Saeed Alqadhi5 · Okan Mert Katipoğlu6  · 
Pankaj Prasad7 · Hasan Arman8 · Jasem A Albanai9 · Javed Mallick5

1 3

https://doi.org/10.1007/s12665-026-12822-7
http://orcid.org/0000-0001-9283-3947
http://orcid.org/0009-0008-3409-8815
http://orcid.org/0000-0001-6421-6087
http://crossmark.crossref.org/dialog/?doi=10.1007/s12665-026-12822-7&domain=pdf&date_stamp=2026-2-7


Environmental Earth Sciences (2026) 85:101

Lebanon mountain ranges, the Qalamoun mountain ranges, 
and the northern Jordanian mountains (Yang et al. 2024; Al-
Shabeeb et al. 2022; Awawdeh et al. 2018). Furthermore, 
landslide events have increased in the Eastern Mediterra-
nean following the massive seismic activity that occurred 
on February 6, 2023 (Karakas et al. 2024).

Landslides in river basins in the Eastern Mediterranean 
cause thousands of casualties annually, along with sig-
nificant destruction of housing and infrastructure, and dis-
ruption to sustainable development (Ahmad et al. 2017; 
Al-Rawabdeh et al. 2024; Tekin et al. 2024; Segoni et al. 
2024). In this regard, preventing landslides is impossible, 
and therefore this risk must be managed through a precise 
understanding of their trends and work to predict their 
occurrences. Furthermore, the importance of this study lies 
in its aim to improve landslide maps in an area that has been 
experiencing significant seismic activity for more than three 
years on the Syrian-Turkish border (Karakas et al. 2024). 
Therefore, there is an urgent need to develop new models 
that predict landslide susceptibility, particularly in the East-
ern Mediterranean region.

The literature on improving landslide susceptibility 
maps using machine learning models indicates significant 
research efforts in this area (Singh et al. 2024; Meng et al. 
2024; Ajin et al. 2024). However, a thorough review of this 
literature revealed a complete lack of improvements in the 
performance of algorithms such as Extreme gradient boost 
(XGBoost), Multilayer Perceptron (MLP) and k-nearest 
neighbors (kNN) in predicting landslide susceptibility. The 
use of optimization algorithms, particularly the Particle 
Swarm Optimization (PSO) algorithm, is considered one of 
the most important methods applied in improving the accu-
racy of landslide susceptibility maps.

The key novelty of this study lies in its integration of 
PSO with multiple machine learning classifiers—specifi-
cally XGBoost, MLP, and kNN—to systematically enhance 
hyperparameter tuning for landslide susceptibility mapping. 
While previous research has applied individual machine 
learning models or optimization techniques separately, this 
study uniquely conducts a comparative performance evalu-
ation across several classifiers both with and without PSO, 
allowing for a comprehensive assessment of the optimiza-
tion impact. The application to a highly landslide-prone 
mountainous region in the eastern Mediterranean, an area 
with limited prior modeling efforts, further strengthens the 
novelty by providing the first PSO-enhanced susceptibility 
maps for this specific geographic context.

The ultimate goal of this evaluation is to improve the 
performance of XGBoost, MLP and kNN algorithms in pro-
ducing landslide susceptibility maps using the optimization 
algorithm of PSO. However, the robustness of the models 

proposed in this study is achieved through the large number 
of landslide factors used, in addition to the reliable model 
construction method. These models propose three high-res-
olution landslide susceptibility maps in a region suffering 
from significant data and spatial management constraints. 
Thus, they provide a sophisticated perspective that helps 
decision-makers manage landslide risk in the Eastern Medi-
terranean region.

Materials and methods

Study area

The northern Kabir River basin is located in the western part 
of Syria between Latitudes 34° 59ʹ – 34° 54ʹ North and Lon-
gitudes 36° 22ʹ – 35° 44ʹ East, with a total watershed area 
of 1,081 km2 (Fig. 1). The geomorphological features vary 
from plain sedimentary in the west and plateau and moun-
tainous in the middle and east of the basin. The dry and hot 
summer and the wet and cold winter are the main climatic 
features in the basin, which is subject to the Mediterranean 
climate. The agricultural economic activity is the basis of 
the economic life of the population in the research basin.

Landslides inventory map

Landslide inventory maps play a vital role in landslide sus-
ceptibility studies by representing the locations and types 
of landslides in a region and helping predict future occur-
rences (Guzzetti et al. 1999, 2012). In this study, the land-
slide inventory map was developed using data obtained 
from historical records from the remote sensing directory 
in Lattakia governorate. Although the original data were 
accurate, they were not entirely sufficient. Therefore, they 
were supplemented through fieldwork and interpretation of 
high-resolution aerial photographs to ensure greater com-
pleteness and accuracy. A total of 1,548 landslide points 
were identified within the study area, along with an equal 
number of non-landslide points to create a balanced data-
set (Fig. 1). In the current analysis, non-landslide locations 
were selected to match the number of landslide occur-
rences (1,548 points) using minimize spatial sampling bias 
(Jianget al. 2025).

Specifically, we applied a spatial filtering approach that 
ensures a minimum separation distance of 800 m between 
landslide and non-landslide points, consistent with recent 
studies that demonstrate how selecting non-landslide sam-
ples outside a buffer zone can reduce spatial sampling bias. 
Non-landslide points were distributed more homogeneously 
across the study area while avoiding areas with similar 
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environmental conditions to known landslide sites, in order 
to prevent data leakage and inflated model performance. 
The dataset was initially divided into two subsets, with 70% 
allocated for training and 30% reserved for independent 
testing. The 70:30 ratio for splitting the dataset into train-
ing and testing subsets was chosen because it represents one 
of the most widely adopted and empirically validated prac-
tices in machine learning and geospatial modeling studies, 
including landslide susceptibility mapping. This proportion 
provides a good balance between ensuring that the train-
ing subset is large enough to capture the underlying data 
distribution for robust model learning, while still retaining 
a sufficiently large and independent testing subset for reli-
able model evaluation (Pawluszek-Filipiak and Borkowski 
2020; Halder et al. 2025a, b, c).

To enhance the robustness and generalizability of the 
model performance estimates, the training subset was fur-
ther subjected to a 5-fold cross-validation procedure. This 
approach ensures that each instance in the training data is 
used for both training and validation, thereby reducing the 
risk of bias and mitigating the overly optimistic perfor-
mance estimates that may arise from a single random split. 
The independent test set was only employed for the final 
evaluation of the trained models.

Data acquisition and pre-processing

In the present study, several geographical and environmen-
tal conditioning factors were utilized to estimate the sus-
ceptibility of landslides using the optimized XGB, k-NN, 
and MLP algorithms with the PSO algorithm. The dataset 
includes topography, hydrology, geology, climatic condi-
tions and land use parameters from different sources.

Topographic variables, including slope orientation, slope 
degree, plan and profile curvature, elevation, and various 
topographic indices, namely Stream Power Index (SPI), 
Topographic Position Index (TPI), Terrain Ruggedness 
Index (TRI), Sediment Transport Index (STI), and Topo-
graphic Wetness Index (TWI), were derived from the ALOS 
12.5-meter resolution Digital Elevation Model (DEM) 
obtained from the Alaska Satellite Facility (ASF). These 
indices were generated using standard GIS spatial analysis 
tools, where the DEM was first pre-processed to fill sinks 
and remove artifacts to ensure topographical and hydro-
logical consistency.Vegetation cover was represented by the 
Normalized Difference Vegetation Index (NDVI), extracted 
from Landsat-8 OLI satellite imagery. The imagery was 
pre-processed by atmospheric correction and cloud mask-
ing to ensure data quality. In this study, NDVI values were 

Fig. 1  Study area location
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system covering western Syria, including the Lattakia 
governorate where the present study was conducted. This 
ensured consistency, spatial accuracy, and compatibility 
across all input datasets and derived products.

To avoid internal correlation between the influencing 
factors and overfitting, the correlation coefficient and multi-
collinearity values were calculated. Three machine learning 
classifiers, kNN, MLP, and XGBoost, were implemented to 
develop predictive models. Hyperparameter optimization 
was performed using PSO to enhance model performance. 
Model training and testing were carried out with a 70:30 split 
of the dataset, ensuring unbiased evaluation. Model accu-
racy, Area Under the Curve (AUC), and other performance 
metrics were calculated to compare classifier effectiveness. 
Additionally, feature importance was analyzed using SHAP 
(SHapley Additive exPlanations) values to interpret the con-
tribution of each factor. The entire workflow was executed 

computed as seasonal averages over the winter and spring 
months, which are the wet seasons in the study area. During 
these seasons, intense rainfall events are frequent, leading to 
elevated soil saturation and a higher incidence of landslides, 
as confirmed by field investigations. This seasonal averag-
ing approach was selected to better represent vegetation 
cover conditions during the period of greatest slope instabil-
ity, thereby capturing vegetation dynamics most relevant to 
landslide initiation.

Rainfall data were collected from the Syrian Meteoro-
logical Service (LMS), comprising long-term precipitation 
records. These data were spatially interpolated using the 
Inverse Distance Weighting (IDW) method to produce con-
tinuous rainfall surfaces over the study area.

Road network data were sourced from the Ministry of 
Public Works and Transportation (General Directorate of 
Roads and Buildings) and digitized into vector format to 
capture anthropogenic influence. Fault lines and lithologi-
cal units were obtained from geological maps at a 1:50,000 
scale issued by the Syrian Petroleum Authority. These maps 
were digitized and georeferenced to align with the DEM and 
other spatial layers. To address roads and faults spatially, the 
Euclidean distance index was used in a GIS environment, in 
line with the boundaries of the study area. Soil depth infor-
mation was provided by the Ministry of Agriculture, based 
on field surveys and soil profile data. Land Use Land Cover 
(LULC) data were acquired from USGS dataset products, 
which were reclassified into relevant categories for suscep-
tibility analysis.

All datasets were projected to a common coordinate sys-
tem, resampled to match the spatial resolution of the DEM 
where applicable, and clipped to the study area boundary. 
Data cleaning involved checking for missing values, out-
liers, and ensuring spatial alignment. This comprehensive 
pre-processing workflow ensured the integrity and compat-
ibility of multi-source data inputs for subsequent modeling 
stages (Table 1).

Analysis process

The analysis involved several systematic steps to ensure 
robust landslide susceptibility modeling. Initially, all spatial 
datasets were pre-processed and standardized to a common 
coordinate system and resolution. In this study, all spatial 
datasets were processed and analyzed using the World Geo-
detic System 1984 (WGS 84) geographic coordinate system 
(EPSG:4326), which is the most commonly adopted refer-
ence system in geospatial and remote sensing applications. 
For detailed spatial analyses and to minimize distortions in 
distance and area measurements, the data were projected 
into the Universal Transverse Mercator (UTM) Zone 37 N 
(EPSG:32637), which is the standard projected coordinate 

Table 1  Data sources, original Spatial resolutions, and preprocessing 
steps for the conditioning factors used in landslide susceptibility mod-
eling
Conditioning 
factor

Data source Original 
resolution

Preprocessing 
steps

Slope, Aspect, 
Curvature, 
Elevation, SPI, 
TPI, TRI, STI, 
TWI and flow 
accumulation

ALOS PALSAR 
DEM – Alaska 
Satellite Facility

12.5 m Sink filling, 
slope/aspect/
curvature deri-
vation, index 
calculation, 
resampling

NDVI Landsat-8 OLI 30 m Atmospheric 
correction, 
cloud mask-
ing, NDVI 
calculation, 
resampling to 
12.5 m

Rainfall Syrian Meteoro-
logical Service

Point data IDW interpola-
tion to 12.5 m 
raster grid

Road Network Ministry of 
Public Works & 
Transportation

Vector (line) Digitization, 
rasterization 
to 12.5 m 
resolution

Fault Lines, 
Lithology

Syrian Petro-
leum Authority 
– Geological 
Maps

1:50,000 scale 
(vector)

Georef-
erencing, 
digitization, 
rasterization

Soil Ministry of 
Agriculture

Vector/Tabular Spatial join 
to DEM grid, 
rasterization to 
12.5 m

LULC Landsat-8 OLI 30 m Reclassifica-
tion, resam-
pling to 12.5 m

Population 
Density

Census Data 100 m Downscal-
ing to 12.5 m 
using dasymet-
ric mapping 
techniques
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using the Python programming language, employing librar-
ies such as scikit-learn, XGBoost, TensorFlow/Keras, and 
PySwarms for optimization. This comprehensive approach 
ensured rigorous model development, evaluation, and 
interpretability.

To ensure reproducibility and transparency, the software 
environments and tools employed in this study are specified 
as follows. All spatial data preprocessing, conditioning fac-
tor extraction, and map visualization were conducted using 
ArcGIS 10.3. The machine learning analyses were imple-
mented in Python 3.11.4, with dedicated libraries applied 
according to specific tasks: scikit-learn for model training, 
evaluation, and preprocessing; xgboost for implementing 
the XGBoost algorithm; pyswarm for PSO; numpy and pan-
das for numerical computation and data handling; statsmo-
dels for statistical analysis; and matplotlib and seaborn for 
result visualization.

Landslides predisposing factors

Slope

One of the most critical factors in landslide susceptibility 
is that steeper slopes are more prone to failure due to gravi-
tational forces and weaker shear strength. Steep slope trig-
gers landslides by affecting the change of stress field, which 
is related to the infiltration of the slope and the landslide 
(Hong et al. 2016, 2019b). Figure 2a shows the slope values ​​
in the study basin.

Aspect

Aspect is an effective and important topographic factor in 
the occurrence of landslides by affecting rainfall infiltration 
and runoff, moisture retention, absorption of solar radiation, 
weathering conditions soil stability and vegetation change 
(Wang et al. 2019). Figure 2b presents the aspect factor in 
the study area.

Profile curvature

Profile curvature influences the speed of surface water run-
off and soil displacement along the slope. Profile curvature 
is an effective topographic variable that determines land-
slide formation by regulating erosion and surface runoff and 
shows the geometric structure of the slope (Moosavi and 
Niazi 2016; Chen et al. 2021). The spatial distribution of the 

Fig. 2  Thematic layers of landslides causative factors (a) slope, (b) 
aspect, (c) profile curvature, (d) plan curvature, (e) rainfall, (f) soil 
type, (g) NDVI, (h) LULC, (i) lithology, (j) distance to faults, (k) TPI, 
(l) TRI, (m) TWI, (n) flow accumulation, (o) distance to rivers, (p) 
STI, (q) SPI, (r) distance to roads, (s) population
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Thus, the risk of landslides will increase. (Sun vd., 2020b, 
2021). Figure 2e shows the rainfall values ​​in the study basin.

Soil types

Different soil types vary in shear strength, permeability, and 
water infiltration capacity, affecting landslide occurrence 
(Francone 2022). Figure 2f presents the soil types factor in 
the study area.

NDVI

NDVI measures vegetation density, which helps stabilize 
slopes by reinforcing soil and reducing surface runoff. 
NDVI is an important environmental factor affecting the 
flow and erosion of the slope (Zhang et al. 2019). NDVI is a 
parameter expressing the vegetation characteristics in deter-
mining the susceptibility zonation (Yi et al. 2020). NDVI 
given by Eq. 1.

NDV I = (NIR − R)/(NIR + R)� (1)

here NIR and R denote the electromagnetic spectrum of the 
near-infrared and red bands of the satellite image, respec-
tively (Fig. 2g).

LULC

Human-induced land-use changes, such as deforestation 
and urbanization, alter surface runoff and soil cohesion, 
affecting landslide susceptibility. LULC has an effective 
say in determining landslide risk because it has a significant 
effect on the soil’s water-holding capacity, infiltration rate, 
surface flow and erosion resistance. In forested areas, the 
root systems of trees stabilize the soil and reduce the risk 
of landslides. However, when heavy rainfall occurs, the risk 
of landslides may increase as tree roots reach saturation. In 
urban areas, due to the abundance of concreting and asphalt 
surfaces, the rate of water naturally passing to the surface 
flow increases. Thus, landslide potential may increase in 
sloping areas (Rabby et al. 2022; Tyagi et al. 2023). The 
spatial distribution of the LULC varies in the study area as 
shown in the Fig. 2h.

Lithology

The composition and structure of rock formations play a 
vital role in determining slope stability (Shirzadi vd., 2018). 
Different lithology means that the physical and chemical 
structures of rocks are variable, which creates great effects 
on the slope. Generally, areas where low permeability rock 
structure is dominant have a higher landslide risk (Zhou et 

profile curvature values ​​varies in the study area as shown in 
the Fig. 2c.

Plan curvature

Plan curvature is a parameter that should be taken into 
account in landslide formation by affecting the convergence 
or divergence of surface flow, water concentration and ero-
sion intensity (Moosavi and Niazi 2016; Chen et al. 2021). 
Figure 2d shows the plan curvature values ​​in the study basin.

Rainfall

Heavy precipitation is a primary landslide trigger, increas-
ing pore water pressure and weakening soil shear strength. 
Short-term high-intensity rainfall will increase the pore 
water pressure of the land and deteriorate the slope stability. 

Fig. 2  (continued)
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of the TWI values ​​varies in the study area as shown in the 
Fig. 2m.

Flow accumulation

Flow accumulation identifies areas where water collects, 
leading to soil saturation and potential landslide initiation. 
Flow accumulation is a hydrotopographic parameter that 
shows the direction of water flow and the amount of flow 
collected at a certain point (Wu et al. 2024). It is determined 
by the Digital Elevation Model (DEM) in the GIS environ-
ment. It is calculated using and helps to analyze how water 
accumulates on sloping lands. Landslide risk is high with 
high flow accumulation on slopes with loose material (Yuan 
et al. 2022). The spatial distribution of the flow accumula-
tion values ​​varies in the study area as shown in the Fig. 2n.

Distance to river

The closer a slope is to a river, the more vulnerable it is to 
erosion and undercutting, increasing landslide susceptibil-
ity. The stability of slopes is significantly influenced by flu-
vial erosion and cutting. Furthermore, fluctuations in water 
levels significantly impact the groundwater environment of 
landslide-prone areas (Zeng et al. 2023a, b). Figure 2o pres-
ents the distance to river factor in the study area.

STI

Assesses sediment transport potential, which impacts ero-
sion and landslide susceptibility. Large STI values ​​cause the 
erosion and transportation capacity of the water flow to be 
high. Thus, the landslide potential of the slope adjacent to 
the river is high (Moore and Wilson 1992; Pradhan and Kim 
2014). STI given by Eq. 4.

STI =
(

A

22.13

)0.6(
sinβ

0.0896

)1.3
� (4)

The spatial distribution of the STI values ​​varies in the study 
area as shown in the Fig. 2p.

SPI

SPI, measures the erosive power of flowing water, con-
tributing to slope instability. The larger the SPI values, the 
greater the erosion and transportation capacity of the water 
flow. Thus, the landslide risk of the slope adjacent to the 
river increases (Moore and Wilson 1992; Ali et al. 2021). 
SPI values are calculated by Eq. 5 below.

SPI = A × tanβ � (5)

al. 2021). The spatial distribution of the lithology ​​varies in 
the study area as shown in the Fig. 2i.

Distance to faults

Distance to faults being near geological faults raises land-
slide risk due to seismic activity and ground displacement 
(Yi vd., 2020). The proximity and discontinuity of the 
region to the fault are directly proportional to the looseness 
of the soil and the landslide risk (Zhou et al. 2021). Figure 2j 
presents the distance to faults factor in the study area.

TPI

TPI is a topographic index used to express the difference in 
height between two cells. TPI identifies landforms such as 
ridges, valleys, and plains, which influence landslide occur-
rence (Alemayehu et al. 2018). High TPI values indicate 
ridges, while negative TPI values indicate valleys. Also, TPI 
values close to zero indicate steep or flat terrains. Figure 2k 
presents the TPI factor in the study area.

TRI

TRI is an indicator of the roughness of the terrain by evalu-
ating the elevation differences in a region (Riley and Deglo-
ria 1999). In landslide-prone regions, rugged, steep slopes 
and regions with significant elevation fluctuations are seen 
to have a high risk of landslides (Al-Najjar et al. 2023). TRI 
given by Eq. 2.

TRI = Abs(max2 − min2)� (2)

where max and min denote the maximum and minimum 
elevation of the study area, respectively. The spatial distri-
bution of the TRI values ​​varies in the study area as shown 
in the Fig. 2l.

TWI

TWI represents soil moisture accumulation potential, influ-
encing the likelihood of slope failure due to water saturation. 
TWI is an important parameter in determining how topog-
raphy affects hydrological events. In areas with high TWI 
values, there is a higher potential for soil moisture content, 
meaning that the soil is likely to become saturated and slide 
(Sun et al. 2020c). TWI values are calculated by Eq. 3 below.

TWI = In(A/tanβ )� (3)

here A denotes flow accumulation and β indicates the slope 
gradient at each pixel of the image. The spatial distribution 
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correcting the errors produced by its predecessors. XGBoost 
has important advantages such as providing high accuracy 
in solving engineering problems and being resistant to over-
fitting problems (Chen and Guestrin 2016).

Multilayer perceptron (MLP)

MLP is trained based on the principles of forward and back-
ward propagation. First, the data entering from the input 
layer is sent to the neurons in the hidden layer. Each neuron 
is weighted with a certain weight by multiplying the inputs 
separately, adding bias, and finally passing to the activation 
function. While this is in the hidden layer, all of the neurons 
are repeated to reach the output layer and the final predic-
tion is made. Then, backpropagation is applied and the per-
formance and weight are updated. This process is repeated 
many times to learn the network and minimize the model 
error rate (Sahana et al. 2022; Meshram et al. 2022).

k-nearest neighbors (kNN)

kNN is a distance-based machine learning (ML) approach 
used for effective and fast solutions to both regression and 
classification problems. This approach performs the learning 
process by using the training data as the “base” for the pre-
dicted values. The basic working principle is that neighbors 
are selected from the base and certain are ranked accord-
ing to the degree of similarity. To determine the degree of 
similarity (i.e. Manhattan Distance) (Bansal et al. 2022; Ihe-
anetu and Obileke 2024). dj given by Eq. 7.

dj =
∑

n
k=1 Wk |xtrain ,j,k − xtest ,k|� (7)

where dj is the distance between the ith training and test data, 
Wk is the weight of the jth attribute and training data, and 
the attribute values ​​of the training data and test are xtrain and 
xtest, respectively. where j and k denote the training data and 
the test attribute, respectively, and n denotes the number of 
attributes.

PSO-based optimization algorithms

PSO is a metaheuristic algorithm inspired by the behavior 
of fish and bird flocks in nature. Each particle in PSO repre-
sents a possible solution. Each particle moves by following 
the current optimum particles. PSO is based on velocity and 
position updates. It is based on finding a high-quality solu-
tion by searching in space for a swarm of n particles and 
updating their positions and velocities (Sahab et al. 2013; 
Lu et al. 2018). The position and velocity of particle i are 
indicated xi=(xi1,xi2,…,xim) and vi=(vi1,vi2,…,vim). To regu-
late the velocities and direct the swarm, PSO defines two 

The spatial distribution of the SPI values ​​varies in the study 
area as shown in the Fig. 2q.

Distance to roads

Infrastructure development disrupts natural drainage pat-
terns and slope stability, increasing landslide risks in poorly 
managed areas (Pham et al. 2017). Figure 2r presents the 
distance to roads factor in the study area.

Population

Human activities, including land modification and construc-
tion, can exacerbate landslide susceptibility by altering the 
landscape (Yu et al. 2023; Zeng et al. 2023a, b; Taher et al. 
2025). The spatial distribution of the population values ​​var-
ies in the study area as shown in the Fig. 2s.

Multicollinearity test

The identification of relevant factors influencing landslide 
occurrence is fundamental to improving the accuracy of 
landslide susceptibility modeling. Previous research has 
applied various techniques for variable selection, such as 
Principal Component Analysis (PCA), multi-collinearity 
analysis, information gain, and the Boruta algorithm. In this 
study, multi-collinearity analysis was employed to deter-
mine the most significant predictors for landslide suscep-
tibility mapping. This statistical method is widely used to 
remove highly correlated variables, thereby enhancing the 
stability and precision of predictive models. To ensure the 
robustness of the analysis, the Variance Inflation Factor 
(VIF) and Tolerance (TOL) were used as diagnostic indica-
tors, with selection criteria of VIF values less than 10 and 
TOL values greater than 0.5 (Selamat et al. 2025; Bravo-
López et al. 2023). Variables that exceeded these thresholds 
were considered to exhibit problematic multicollinearity 
and were excluded from the final model. The VIF was cal-
culated using the standard formulation (Eq. 6).

V IF = 1
Tolerance

� (6)

ML algorithms

Extreme gradient boost (XGBoost)

XGBoost is a tree-based ensemble learning approach that 
is a member of the Gradient Boosting Machines (GBM) 
family. In turn, XGBoost combines its weak learners, which 
are decision trees, to form a strong tree structure. Each new 
learner aims to develop an effective ensemble structure by 
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activation (identity, logistic, tanh, relu), solver (sgd/adam), 
alpha (0.0001–1), learning_rate_init (0.0001–0.1), and 
max_iter (100–500). The PSO algorithm was implemented 
using the pyswarm library, with the following configuration: 
swarm size = 15, number of iterations = 10, inertia weight 
(w) ≈ 0.7298, cognitive coefficient (c1) = 1.4962, and social 
coefficient (c2) = 1.4962.

Performance assessment

The construction of the confusion matrix was predicated 
on multiple combinations of true and predicted values. For 
landslide predictions: TP (True Positive): Predicted land-
slide, actually occurred, TN (True Negative): Predicted no 
landslide, none occurred, FN (False Negative): Predicted no 
landslide, but occurred, FP (False Positive): Predicted land-
slide, but didn’t occur. Accuracy (Acc), precision, recall, 
F-measure (Fang et al. 2020; Ji et al. 2020). ROC–AUC 
curve shows the relation between a true positive rate (sensi-
tivity) and a false positive rate (1-specificity). Performance 
assessment formulated as below (Eqs. 9, 10, 11, 12, and 13).

Recall/Sensitivity = TP

TP + FN
� (9)

Specificity = TN

TN + FP
� (10)

Precision = TP

TP + FP
� (11)

F1 = 2TP

2TP + FP + FN
� (12)

Accuracy = TP + TN

TP + TN + FP + FN
� (13)

Results

Selection of landslide causative factors

Figure 3 presents the correlation matrix among the 19 con-
ditioning factors used for landslide susceptibility model-
ing. The correlation coefficients range from − 0.53 to 1.00, 
with the diagonal representing perfect self-correlation. 
Most factor pairs exhibit weak to moderate correlations, 
indicating limited redundancy among variables and sup-
porting their inclusion in the modeling process. Strong 
positive correlations are observed between SPI and Flow 
accumulation (r = 0.67), and Flow accumulation and Dis-
tance from river (r = 0.62), reflecting logical hydrological 

positions: the personal-best position, defined as pbest and 
the global-best position, defined as gbest. The computation 
of velocity and position was performed using the Eq. 8.

vt+1
i = ω vt

i + c1r1

(
pt
best ,i − xt

i

)
+ c2r2 (gt

best − xt
i)

xt+1
i = xt

i + vt+1
i

� (8)

where c1 = cognitive factor, c2 = social factor, ω = iner-
tia weight, r1,r2 = real numbers, and t = current generation 
(Huang et al. 2016).

Hyperparameters ranges and PSO configuration

To enhance clarity and ensure full reproducibility of the 
modeling process, the search ranges of the optimized hyper-
parameters for each algorithm, along with the configuration 
of the PSO procedure, are summarized in Table 2. For the 
kNN model, the optimized parameters included: n_neigh-
bors (1–20), weights (uniform/distance), metric (Euclidean/
Manhattan), algorithm (ball_tree/kd_tree/brute), leaf_size 
(1–50), p (1–2), and n_jobs (parallelization option). For 
the XGBoost model, the hyperparameters considered were: 
n_estimators (50–500), max_depth (1–10), learning_rate 
(0.01–0.3), gamma (0–5), min_child_weight (1–10), sub-
sample (0.5–1.0), and colsample_bytree (0.5–1.0). For 
the MLP, the ranges were: hidden_layer_sizes (5–100), 

Table 2  Hyperparameters ranges and PSO configuration
Model Hyperparameter Search Range/Options
 kNN n_neighbors 1–20

weights uniform, distance
metric Euclidean, Manhattan
algorithm ball_tree, kd_tree, brute
leaf_size 1–50
p 1–2
n_jobs –1 (parallelization option)

 XGBoost n_estimators 50–500
max_depth 1–10
learning_rate 0.01–0.3
gamma 0–5
min_child_weight 1–10
subsample 0.5–1.0
colsample_bytree 0.5–1.0

 MLP hidden_layer_sizes 5–100
activation identity, logistic, tanh, relu
solver sgd, adam
alpha 0.0001–1
learning_rate_init 0.0001–0.1
max_iter 100–500

 PSO Swarm size 15
Iterations 10
Inertia weight (w) 0.7298
Cognitive coefficient (c1) 1.4962
Social coefficient (c2) 1.4962
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multicollinearity among most factors minimizes overfitting 
risks and strengthens the robustness of the machine learning 
models applied in this study.

The VIF and TOL values, presented in Table 3, indi-
cate that multicollinearity among the 19 conditioning fac-
tors used in the landslide susceptibility modeling is within 
acceptable limits. All VIF values are below the commonly 
used threshold of 5, suggesting the absence of severe 

and geomorphological linkages. Conversely, notable 
negative correlations are found between Rainfall and Soil 
(r = − 0.53), Profile curvature and Plan curvature (r = − 0.49), 
and TPI and Profile curvature (r = − 0.43), TWI and Slope 
(r = −0.51), highlighting potential terrain and soil–climate 
interactions. Population density exhibits low correlations 
with most environmental variables, reinforcing its inde-
pendence as an anthropogenic factor. The absence of high 

Fig. 3  Correlation matrix of the conditioning factors used in landslide susceptibility modeling
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The slope is the most influential variable, with high 
values (red) strongly increasing landslide risk, while low 
slopes (blue) have a negative or neutral effect. This is 
because steep slopes reduce soil stability and increase gravi-
tational force, thus promoting instability. Population has a 
significant impact, probably due to urbanization and anthro-
pogenic landscape modifications, such as deforestation and 
construction, which make soils more vulnerable. The TPI 
also shows high variability, suggesting that crest or trough 
areas influence terrain stability. Aspect influences landslide 
susceptibility, as slope orientation plays a role in exposure 
to climatic conditions (rain, wind, sunlight). Distance to 
faults is also a critical factor, with areas close to fractured 
geological structures often being more unstable. Hydrologi-
cal factors such as rainfall, TWI, and SPI have a significant 
impact. Precipitation increases soil saturation, reducing its 
cohesion and thus increasing the risk of landslides. Lithol-
ogy plays a role in terrain stability, as certain rock and soil 
types are more prone to erosion and landslides.

The NDVI has a moderate influence, indicating that veg-
etation cover contributes to soil stabilization but is not a 
determining factor on its own. Other variables, such as dis-
tance to roads and distance to rivers, have a smaller impact, 
although infrastructure development can disrupt soil stabil-
ity. Flow accumulation and the Soil show a reduced effect, 
suggesting that they act as secondary factors. In conclusion, 
the most influential factors are slope, rainfall, TPI, aspect, 
lithology, and distance to faults. These results confirm the 
importance of combining multiple environmental variables 
to improve landslide prediction.

Landslides susceptibility maps

The landslide susceptibility map is the final output of land-
slide assessment, which provides the spatial information of 
landslide intensity that can be used for landslide risk miti-
gation. After the model establishment and the significant 
accuracy from the testing dataset, each pixel of the research 
region has been extracted to predict the landslide suscepti-
bility of the entire study area. This landslide susceptibility 
value of the region ranges between 0 and 1, where 0 indi-
cates no chance of landslide events, and 1 represents a high 
chance of landslide occurrence. Based on the distribution 
and nature of the datasets, there are many classification 
methods, namely geometrical, manual, min-max normaliza-
tion, standard deviation, equal intervals, and natural break, 
that have been used in natural hazard and resource map-
ping to classify the probability values (Kalantar et al. 2020; 
Lv et al. 2022; Prasad et al. 2022). In the current research, 
the natural break method has been employed according to 
the distribution of probability values achieved from applied 

multicollinearity issues that could distort model estimates. 
The highest VIF value is observed for Flow Accumula-
tion (VIF = 3.165; Tolerance = 0.32), followed by TWI 
(VIF = 2.599; Tolerance = 0.38) and slope (VIF = 2.072; Tol-
erance = 0.48), indicating moderate correlation with other 
predictors. Conversely, variables such as distance from road 
(VIF = 1.152; Tolerance = 0.87), aspect (VIF = 1.194; Toler-
ance = 0.84), and distance from faults (VIF = 1.215; Toler-
ance = 0.82) show the lowest collinearity, reflecting their 
relative independence from other factors. Based on these 
results, and given the acceptable multicollinearity levels, all 
conditioning factors were retained in the modeling process 
to preserve the full spectrum of environmental and anthro-
pogenic influences on landslide susceptibility. These results 
confirm that the selected predictors provide diverse and 
complementary information for the susceptibility modeling 
process, thereby enhancing the robustness and interpretabil-
ity of the machine learning models.

The SHapley additive explanations analysis (SHAP)

The interaction between landslide occurrence and landslide 
triggering factors is not similar in each geographical area. 
For this, it is necessary to understand the role of landslide 
causative factors in a specific region. In the present study, 
the SHapley Additive exPlanations (SHAP) method has 
been used to calculate the importance of each landslide trig-
gering factor. The presented SHAP plot in Fig. 4 illustrates 
the impact of different variables on the output of the land-
slide susceptibility classification model.

Table 3  Multicollinearity values for the 19 conditioning factors used in 
landslide susceptibility modeling

Variable VIF TOL
1 Slope 2.072 0.48
2 Aspect 1.194 0.84
3 Profile 1.768 0.57
4 Plan 1.917 0.52
5 Rainfall 1.660 0.60
6 Soil 1.541 0.65
7 NDVI 1.221 0.82
8 LULC 1.408 0.71
9 Lithology 1.226 0.82
10 Distance from faults 1.215 0.82
11 TPI 1.793 0.56
12 TRI 1.510 0.66
13 TWI 2.599 0.38
14 Flow accumulation 3.165 0.32
15 Distance from river 1.602 0.62
16 STI 1.934 0.52
17 SPI 2.126 0.47
18 Distance from road 1.152 0.87
19 Population 1.308 0.76
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7.03% and 7.43%, respectively, indicating little distinc-
tion in these categories. The MLP model accentuates the 
presence of very low susceptibility areas, reaching 478.49 
km² (44.25%), but it also classifies a significant proportion 
of the territory as “Very high” with 449.9 km² (41.61%). 
The “Moderate” and “High” classes are reduced to 4% 
and 4.98%, suggesting a more contrasting approach, high-
lighting the areas with minimal and maximum risk. The 
XGBoost model, on the other hand, attributes 47.67% of 
the territory to the “Very low” class (515.4 km²), while the 
“Very high” class decreases to 361.58 km² (33.44%). This 
indicates a more balanced classification, with intermediate 
areas better represented: 6.64% in “Low”, 5.47% in “Mod-
erate” and 6.78% in “High”.

PSO optimization modifies the distribution of classes 
according to the underlying model. PSO-kNN results in a 
more homogeneous distribution with 38.23% of the area 

machine learning models (Figs. 5 and 6). The landslide 
susceptibility maps were produced at a spatial resolution 
of 12.5 m, corresponding to the highest available resolu-
tion among the input data used, the 12.5 m ALOS DEM. 
This resolution was maintained throughout the processing 
and analysis stages to ensure spatial consistency between 
the different spatial layers and to achieve a more accurate 
representation of spatial variations in susceptibility.

The analysis of the results obtained for the classification 
of landslide susceptibility highlights notable differences 
between the models tested, both in terms of the spatial dis-
tribution of classes and in the proportion of risk areas. For 
the kNN model, the “Very Low” class occupies a significant 
area of 416.35 km² (38.5% of the study area), followed by 
the “Very High” class with 415.25 km² (38.40%), reflecting 
a polarized classification where extreme areas predominate. 
The intermediate classes, “Moderate” and “High”, cover 

Fig. 4  Importance of landslides 
causative factors
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7.74% in “Moderate” and 9.7% in “High” (Table 4). This 
optimized model is distinguished by a more detailed seg-
mentation, ensuring better representation of the moderate 
and high susceptibility zones.

These results demonstrate the influence of machine 
learning models on landslide susceptibility mapping, 
highlighting the contribution of optimization techniques 
to improve the accuracy and interpretability of classifica-
tions. PSO optimization, especially when combined with 
XGBoost, provides a more balanced segmentation that is 
faithful to real-world terrain conditions. These improve-
ments enhance the reliability of prediction maps and their 
usefulness for natural hazard management, providing more 
nuanced and usable results for decision-makers and land 
use experts.

classified as “Very Low” (413.44 km²) and 30.31% as “Very 
High” (327.74 km²), while slightly increasing the propor-
tion of intermediate classes: 10.55% as “Low”, 9.99% as 
“Moderate” and 10.92% as “High”. PSO-MLP greatly 
reduces the intermediate classes, with only 2.63% of the ter-
ritory classified as “Moderate” and 3.13% as “High”. On 
the other hand, it further accentuates the polarization of the 
extremes: 46.84% in “Very low” (506.42 km²) and 44.09% 
in “Very high” (476.79 km²), confirming a model that tends 
to favor the extreme categories to the detriment of the tran-
sition zones.

Finally, the PSO-XGBoost, while maintaining a strong 
presence of the “Very low” (457.87 km², 42.35%) and “Very 
high” (336.59 km², 31.13%) classes, offers a better distri-
bution of the intermediate classes with 9.09% in “Low”, 

Fig. 6   Landslides susceptibility maps (a) PSO-XGBoost, (b) PSO-kNN, (c) PSO-ML

 

Fig. 5  Landslides susceptibility maps (a) XGBoost, (b) kNN, (c) MLP
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a precision of 98.1%, a recall of 99.2%, and an F1 score of 
98.6%, with an accuracy of 98.6% and an AUC of 99.9%. 
These results demonstrate that PSO contributes to refining 
the hyperparameters of the models, thereby enhancing their 
classification capability.

However, the most effective model in this study remains 
the PSO-XGBoost, which combines the efficiency of gra-
dient boosting and PSO optimization. With a precision of 
99.2%, a recall of 99.8%, an F1 score of 99.5%, an accuracy 
of 99.46%, and an AUC of 99.92%, this model surpasses all 
other classifiers (Fig. 8). The optimization of hyperparam-
eters via PSO reduces the risk of overfitting and maximizes 
the ability to distinguish between classes, making it particu-
larly suitable for landslide prediction.

The analysis of performance improvements with PSO 
on the models kNN, MLP, and XGBoost highlights distinct 
trends in terms of impact on evaluation metrics. The PSO-
kNN model shows the most significant improvements, with 
an increase of 2.17% in accuracy, 1.95% in recall, 2.06% in 
F1-score, 2.12% in precision, and 0.30% in AUC (Fig. 9). 
These results indicate that PSO optimization has enhanced 
the kNN model’s ability to classify data with better accu-
racy and a good balance between recall and precision. On 
the other hand, the PSO-MLP model shows a much more 
modest improvement, with 0.41% in accuracy, 0.20% in 
F1-score, 0.22% in precision, and 0.30% in AUC. This last 
point means that the optimized model does not retrieve 
true positive classes better than the non-optimized version, 
which can be a problem in classification. Finally, the PSO-
XGBoost model presents the weakest improvements, with 
increases limited to about 0.20% across all metrics, and 
a negligible gain in AUC (0.02%). This suggests that the 
XGBoost algorithm, which is already optimized by nature, 
benefits little from PSO optimization, unlike kNN.

PSO significantly improves the performance of kNN, 
but its impact is limited on MLP and XGBoost, mainly 
due to the intrinsic characteristics of these models. Further 
exploration of hyperparameters or a combination with other 

Models validation

The evaluation of the performance of different classifiers for 
landslide prediction highlights notable differences in terms 
of confusion matrix (Fig. 7), precision, recall, F1 score, 
accuracy, and area under the ROC curve (AUC) (Table 5). 
Confusion matrices (Fig. 7) show that all models performed 
well in predicting both positive and negative classes, with 
very low error rates. The PSO-XGBoost model achieved the 
best overall performance with the highest number of cor-
rect predictions and the lowest number of errors, followed 
by XGBoost and PSO-MLP. This indicates that combining 
PSO optimization algorithms with the baseline models con-
tributed to improved classification accuracy compared to 
traditional models.

Among the tested models, the kNN algorithm exhibits a 
precision of 96.7%, a recall of 97.3%, and an F1 score of 
97%, with an accuracy of 96.87% and an AUC of 99.1%. 
Although this model is effective, it remains sensitive to the 
data distribution, which can affect its performance.

In comparison, the MLP improves these results by 
achieving a precision of 97.7% and a recall of 99.2%, indi-
cating a better generalization capability. Its F1 score reaches 
98.4%, with an accuracy of 98.38% and an AUC of 99.6%, 
confirming its robustness for non-linear classification. How-
ever, it is the XGBoost that demonstrates the best perfor-
mance among the classical models, with a precision of 99%, 
a recall of 99.6%, an F1 score of 99.3%, an accuracy of 
99.24%, and an AUC of 99.9%. This gradient-boosting opti-
mized algorithm excels in capturing the complex patterns 
present in the data, providing it with notable superiority.

The integration of optimization through PSO signifi-
cantly enhances the performance of the base models. The 
PSO-kNN allows for a substantial improvement in results, 
achieving a precision of 98.8%, a recall of 99.2%, and an 
F1 score of 99%, while reaching an accuracy of 98.92% 
and an AUC of 99.4%. The impact of this optimization is 
even more pronounced with the PSO-MLP, which displays 

Table 4  Percentages of landslides susceptibility classes for used models
Models Units Very low Low Moderate High Very high
kNN KM2 416.35 93.38 76.01 80.36 415.25

% 38.5 8.64 7.03 7.43 38.40
MLP KM2 478.49 55.86 43.21 53.81 449.9

% 44.25 5.17 4 4.98 41.61
XGBoost KM2 515.4 71.840 59.11 73.31 361.58

% 47.67 6.640 5.47 6.78 33.44
PSO-kNN KM2 413.44 114.03 108 118.11 327.74

% 38.23 10.55 9.99 10.92 30.31
PSO-MLP KM2 506.42 35.79 28.42 33.86 476.79

% 46.84 3.31 2.63 3.13 44.09
PSO-XGBoost KM2 457.87 98.27 83.7 104.83 336.59

% 42.35 9.09 7.74 9.7 31.13
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Fig. 7  Confusion matrices for comparative performance of conventional and PSO-optimized models

 

1 3

Page 15 of 23  101



Environmental Earth Sciences (2026) 85:101

precision and robustness, thereby enhancing the reliabil-
ity of predictions. These results underline the relevance of 
advanced machine learning techniques and the contribution 
of optimization algorithms to refining predictive models in 
geospatial environments.

In order to provide further insights into the computational 
efficiency of the implemented models, the average training 
time for each algorithm was recorded. Table 6 presents the 
training times. As expected, the XGBoost model exhibited the 
longest training time due to its iterative boosting mechanism 
and complex hyperparameter space. The MLP model required 
a moderate training time, reflecting the computational cost of 
backpropagation and multiple hidden layers. In contrast, the 
kNN model demonstrated the fastest training process since no 
explicit model fitting is performed during training, although 
it is computationally more demanding during prediction. The 
PSO algorithm, employed for hyperparameter tuning, slightly 
increased the training time across all models but contributed to 
significant improvements in predictive performance.

In this regard, spatial uncertainty analysis provides a reli-
able assessment of the models used in predictions. Figure 
10 illustrates the spatial distribution of uncertainty values 
in the predictions made by the classifiers used in this analy-
sis. The red-shaded areas represent high uncertainty values, 
indicating variability in the classifier outputs in these areas. 
The high uncertainty values can be explained by geological 
complexity, topographic ruggedness, and the complex spa-
tial interaction between other geographical factors, which 
affected the performance of the algorithms. Meanwhile, the 
green-shaded areas indicate significant consistency between 
the models used in this analysis, thus achieving higher reli-
ability in predictions, with high-quality data and geological 
and topographical homogeneity. These results highlight the 
need to complement fieldwork data in areas of high uncer-
tainty to increase the accuracy of analysis and modeling.

The ROC curve analysis reveals that the PSO-XGBoost, 
PSO-MLP, and PSO-kNN models exhibit remarkable per-
formances with extremely high AUC values, illustrating 
their ability to effectively distinguish classes (Figs. 7 and 
8). PSO-XGBoost obtains the highest AUC (0.9992, red), 

optimization techniques could be considered to enhance the 
performance of MLP and XGBoost models. In conclusion, 
although all the models studied exhibit high performance, 
the results demonstrate the importance of hyperparam-
eter optimization in improving classification. Hybrid 
approaches, such as PSO-XGBoost, enable achieving better 

Table 5  Comparison of the models’ outcomes
Classifier Precision Recall F1 score Accuracy AUC
kNN 0.967 0.973 0.97 96.87 99.1
MLP 0.977 0.992 0.984 98.38 99.6
XGBoost 0.99 0.996 0.993 99.24 99.90
PSO-kNN 0.988 0.992 0.99 98.92 99.4
PSO-MLP 0.981 0.992 0.986 98.6 99.9
PSO- XGBoost 0.992 0.998 0.995 99.46 99.92

Fig. 8  ROC/AUC plot for ML models

 

Table 6  Average training time of ML models with PSO-based hyperpa-
rameter optimization for landslide susceptibility mapping
Algorithm Training time 

(seconds)
Notes

kNN 32.2 Fastest training, lazy learner 
(costly in prediction).

MLP 72.7 Moderate time due to backpropa-
gation and multiple hidden layers.

XGBoost 149.4 Longest due to iterative boosting 
and parameter optimization.

PSO + 10–15% 
overhead

Increased training time but 
improved overall performance.

Fig. 9  ROC/AUC plot for PSO-ML models
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MLP, and XGBoost algorithms by utilizing the PSO algo-
rithm to improve the accuracy of landslide susceptibility 
prediction in the Eastern Mediterranean.

The results of this study align with previous research on 
landslide susceptibility, reinforcing the critical role of topo-
graphic and hydrological parameters in landslide occur-
rence. The Information Gain and SHAP analysis identified 
slope as the most dominant factor influencing landslides, a 
finding consistent with studies conducted in various regions 
worldwide. Canavesi et al. (2020); Fiolleau et al. (2023), 
Bhuyan et al. (2025) and Ivanik et al. (2022) also empha-
sized the significance of large slope ranges as the primary 
determinant of landslide risk. Steeper slopes increase gravi-
tational forces, reduce soil stability, and accelerate erosion, 
making them highly susceptible to landslides. This univer-
sal trend highlights the necessity of including slope as a key 
variable in landslide susceptibility models (Cui et al. 2024; 
Wang et al. 2024; Wei et al. 2023).

Similarly, rainfall emerged as a crucial factor in this 
study, particularly due to its role in soil saturation and cohe-
sion loss. This is consistent with findings by Abraham et 
al. (2020) and Yunus et al. (2021), who reported that short-
duration, intense rainfall significantly contributes to land-
slide initiation, particularly in steep and elevated terrains. 
Bostan (2024) further confirmed that heavy precipitation, 
along with slope and proximity to faults, was among the 
most influential factors for landslide susceptibility in Ken-
tucky, United States. These findings emphasize the need to 
incorporate rainfall variability and hydrological patterns in 
landslide risk assessments, especially in regions experienc-
ing extreme weather events.

Other topographic and geological factors, such as TRI, 
aspect, and lithology, were also identified as significant con-
tributors in this study. Yao et al. (2023) found that road dis-
tance, surface roughness, aspect, and land use were among 
the most important factors for landslide susceptibility in 
Lishui, Southern China. Additionally, Liu et al. 2024a, b). 
highlighted the significance of elevation, NDVI, distance 
from roads and rivers, and lithology in the Three Gorges 
Reservoir area of China. These findings indicate that terrain 
heterogeneity and geological characteristics play a funda-
mental role in slope stability, influencing erosion patterns, 
and structural weaknesses.

LULC and vegetation cover were found to have a mod-
erate influence in this study, with NDVI showing a stabi-
lizing effect on soil cohesion. However, its impact varied 
depending on environmental conditions. This is consistent 
with the work of Li and Tian (2025), who identified NDVI 
as the strongest influencing factor in their landslide sus-
ceptibility analysis. Conversely, Qiu et al. (2024) observed 
that higher NDVI values reduced landslide susceptibility in 
Shaanxi Province, China, reinforcing the protective role of 

demonstrating a near-perfect performance and making it the 
best performing model. PSO-MLP, with an AUC of 0.999 
(blue), follows very closely, confirming its effectiveness 
after optimization. PSO-kNN, although slightly behind with 
an AUC of 0.994 (green), also remains a very good perform-
ing model. Overall, these results show that all three models 
achieve near-perfection in classification, proving the posi-
tive impact of PSO optimization. However, XGBoost stands 
out as the most effective model, even if the gap between the 
three models is minimal. This convergence of performance 
indicates that PSO optimization has enhanced the efficiency 
of each model, thus ensuring accurate and robust results for 
the classification studied.

Discussion

Continuously improving the performance of machine learn-
ing algorithms, whether through hybrid or optimization 
models, represents the cornerstone of achieving accurate 
predictions of landslide susceptibility. This improvement 
provides additional reliable dimensions for producing accu-
rate spatial landslide risk management strategies. In the cur-
rent study, we aimed to enhance the performance of kNN, 

Fig. 10  Spatial variability of predictive uncertainty in mapping land-
slide susceptibility within the study area
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AUC of 0.965 using Random Forest (RF) in Shaanxi Prov-
ince, China, while Ajin et al. (2024) applied CatBoost-PSO in 
Kerala, India, achieving an AUC of 0.909. The CNN–DNN 
model employed by (Kadavi et al. 2018) in Isfahan province, 
Iran, produced an identical AUC of 0.909, whereas (Halder et 
al. 2025a, b, c) utilized Extremely Randomized Trees (ET) in 
West Bengal, India, with a slightly higher AUC of 0.985. The 
RF model used by Youssef and Pourghasemi (2021) in the 
Abha Basin, Saudi Arabia, demonstrated strong performance 
with an AUC of 0.951, while Nhu et al. (2020) achieved 0.96 
using AdaBoost in Southwestern Cameron Highlands. Nota-
bly, CNN-based models such as the one by (Habumugisha 
et al. 2022) Habumugisha et al. (2022) in Maoxian, Sichuan 
Province, China, produced a lower AUC of 0.865, indicating 
that deep learning models may be more sensitive to regional 
variability in data distribution and landslide characteristics.

In addition to statistical performance metrics, the suscep-
tibility maps were validated through intensive field surveys 
conducted across the study area. These surveys focused on 
zones previously classified as high- and very-high suscep-
tibility in the model outputs. The field campaign involved 
photographic documentation, as illustrated in Fig. 11, where 
several mapped landslides correspond spatially with pre-
dicted high-risk zones. The outlined areas in the photographs 
(red polygons) delineate observed landslide scars and slope 
failures, providing independent empirical evidence that sup-
ports the accuracy and spatial reliability of the susceptibility 
maps. This integration of field-based validation strengthens 

vegetation. This suggests that vegetation effects on land-
slide occurrence are region-specific and influenced by land 
management practices, climate, and soil composition.

Infrastructure and anthropogenic factors also exhibited 
notable effects. Distance to roads and rivers showed mod-
erate influence in this study, which aligns with findings 
from Sun et al., who reported that proximity to roads, riv-
ers, and elevation were significant predictors of landslide 
occurrence in the Dabashan Mountains, China. (Zheng et 
al. 2025) Further emphasized the impact of roads and ele-
vations in Changbai Mountain, China, using the AutoML-
SHAP approach. The presence of roads often destabilizes 
slopes through excavation, vibration, and drainage altera-
tions, increasing susceptibility in developed areas.

Overall, the comparison with existing literature under-
scores the importance of integrating multiple environmen-
tal, topographic, hydrological, and anthropogenic factors 
for comprehensive landslide susceptibility assessments. 
While slope and rainfall consistently emerge as dominant 
contributors, the influence of other variables such as NDVI, 
land use, distance to faults, and geological features varies 
across regions.

To further validate the robustness of the predictive model, 
the AUC values obtained in this study were compared with 
those reported in previous research. The MLP-XGBoost 
model achieved an outstanding AUC of 0.9992, surpassing 
other machine learning and deep learning approaches used in 
different regions. For example, Qiu et al. (2024) obtained an 

Fig. 11  Field documentation of actual landslide sites and their correspondence with high-risk zones predicted in susceptibility maps
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Moreover, the transferability of the developed models 
to other regions remains limited, as landslide susceptibility 
is highly dependent on local geological, climatic, and geo-
morphological conditions. The relative importance of con-
ditioning factors identified in this study may therefore vary 
in different environmental settings. Although uncertainty 
analysis and field validation were conducted, some areas 
with high uncertainty persist, particularly in zones char-
acterized by complex geology and intense human activity. 
Finally, this study focused on susceptibility mapping rather 
than dynamic landslide hazard assessment, and thus does 
not explicitly account for temporal triggering processes or 
future climate change scenarios. Addressing these limita-
tions in future research through higher-resolution datasets, 
multi-temporal modeling, and climate-informed scenarios 
would further enhance the robustness and applicability of 
landslide susceptibility assessments.

Conclusion and future recommendations

This study demonstrates the strong potential of machine 
learning–based approaches, particularly the PSO-optimized 
XGBoost model, for landslide susceptibility mapping in 
complex mountainous environments. The results confirm that 
topographic and hydrological factors—most notably slope, 
TRI, rainfall, aspect, and TWI—play a dominant role in 
controlling landslide occurrence. The integration of the PSO 
algorithm effectively improved model performance through 
hyperparameter optimization, with PSO-XGBoost achieving 
the highest performance. However, these results should be 
interpreted in light of data resolution, inventory uncertainty, 
and the region-specific nature of landslide processes, which 
may influence model generalization beyond the study area.

Feature importance analysis using SHAP identified slope 
as the most influential factor, followed by moderate contri-
butions from lithology, NDVI, and LULC. While proxim-
ity to roads and rivers, flow accumulation, and soil depth 
exhibited comparatively lower importance, their influence 
remains condition-dependent, particularly in areas affected 
by intense anthropogenic activity or localized hydrologi-
cal concentration. This highlights the necessity of integrat-
ing multiple conditioning factors to adequately capture the 
complexity of landslide mechanisms.

Future research should prioritize the use of higher-resolu-
tion and multi-source datasets, including LiDAR and high-
resolution satellite imagery, to better characterize terrain 
heterogeneity and reduce spatial uncertainty. Incorporating 
long-term climatic trends and rainfall variability, as well 
as multi-temporal and time-series modeling approaches, 
would enhance the representation of dynamic trigger-
ing processes. In addition, hybrid artificial intelligence 

the robustness of the modeling results and addresses the lim-
itation of relying solely on statistical validation.

In this assessment, spatial uncertainty analysis was con-
ducted to complement the generated landslide susceptibility 
maps with a measure of reliability. While susceptibility map-
ping highlights areas prone to landslides, it does not indicate 
the degree of confidence in the predictions. The uncertainty 
assessment was therefore necessary to identify zones of 
agreement and disagreement among the applied classifi-
ers. Areas of low uncertainty, where the models converged 
towards similar outputs, were interpreted as reliable predic-
tions supported by consistent geological and topographical 
conditions. Conversely, areas of high uncertainty reflected 
divergence among the models, which can be attributed to 
geological complexity, rugged terrain, and the interaction of 
multiple environmental factors. These zones mark priority 
areas where complementary field surveys or additional high-
resolution data are required to improve model accuracy. By 
integrating uncertainty analysis, the study provides not only 
susceptibility predictions but also practical guidance on the 
reliability of the outputs, thereby supporting more informed 
decision-making for landslide risk management.

The superior performance of the MLP-PSO model in this 
study suggests that hybrid optimization techniques effec-
tively enhance the predictive capabilities of machine learn-
ing models by optimizing hyperparameters and improving 
feature selection. The integration of multiple environmental 
variables, including topographic, hydrological, geological, 
and anthropogenic factors, has contributed to the high accu-
racy of the model. These findings emphasize the importance 
of using advanced ML techniques alongside explainability 
tools like SHAP to better understand the relative contribu-
tions of different factors to landslide susceptibility.

Limitation

Despite the strong predictive performance and comprehen-
sive validation framework employed in this study, several 
limitations should be acknowledged. First, the quality and 
resolution of the input datasets, particularly rainfall, lithol-
ogy, and LULC data, may introduce uncertainty into the 
modeling process. Spatial and temporal inconsistencies in 
these datasets can affect the representation of triggering 
mechanisms, especially in complex mountainous terrains. 
Second, although PSO optimization significantly improved 
model performance, the computational cost associated with 
hybrid models may limit their applicability for large-scale 
or real-time assessments. Additionally, the models were 
trained using historical landslide inventories, which may 
contain positional inaccuracies, omission errors, or tempo-
ral biases, potentially influencing prediction reliability.
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