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Abstract

Landslides and collapses seriously threaten the safety of residents in Xiangtan County,
Hunan Province, southern China. Local human engineering activities, dominated by
slope cutting for housing construction, create steep artificial free faces, greatly weakening
slope stability and becoming the key anthropogenic driver aggravating geological hazard
risks, while targeted quantitative susceptibility assessment for residential slope units
is still lacking for precise disaster prevention. To fill this gap and support proactive
geohazard mitigation, this study selects Xiangtan County as the research object. A total
of 166 landslide and collapse hazard points and 869 moderately and highly susceptible
residential slope units were collected, and 12 conditioning factors, such as relative height
difference, average slope and engineering rock mass group, were subsequently screened.
Three hybrid intelligence models, namely PSO-BP, PSO-RF and PSO-SVM, were established
to map residential slope unit susceptibility across the whole study area. The ROC-AUC and
Kappa coefficient were adopted to quantify and compare the predictive performance of each
model, and the Jenks natural breakpoint method combined with field survey data was used
to classify all 7257 residential slope units into three susceptibility grades. The evaluation
results show that the PSO-RF model performs best with an AUC of 0.913 and a Kappa
coefficient of 0.64, representing strong predictive reliability. Under this optimal model,
moderate-susceptibility units account for 12.94% (939 units) and high-susceptibility units
account for 0.69% (50 units), both of which are concentrated in the southwest, southeast
and partially northern zones of the county where intensive human slope-cutting activities
prevail. This research provides a feasible technical framework for identifying high-risk
residential slopes and delivers clear data support for local geohazard risk control and
disaster reduction. In summary, the PSO-RF hybrid model is proven suitable for fine-scale
susceptibility assessment of residential slopes in hilly regions with frequent small-sized
slope failures.

Keywords: geological hazards; susceptibility modeling; residential slope unit; machine
learning; particle swarm optimization

1. Introduction
Geohazards frequently occur in human production and daily life. Due to their highly

destructive force, they can not only alter landforms and topography but also cause casualties
and property losses [1]. Several studies have focused on the selection and delineation of
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mapping units in regional geological hazard assessment by using machine learning methods
with different geological, hydrogeological and other pertinent variables [2–4].The common
evaluation units for geological disaster susceptibility include the following categories [5]:
grid cells [6,7], slope units [8,9], terrain units [10], topological units [11], and unique
condition units [12]. The grid cell is the most commonly used assessment unit, and it
has the advantages of fast computing speed and convenient factor overlay analysis, but
it may not be precise enough in reflecting changes in surface morphology. In contrast,
the sub-watershed unit is often applied to the hazard zoning of floods, debris flows and
other disasters; geomorphological units are well-suited for regional geohazard assessments
targeting extensive areas at a small scale; and homogeneous condition units fail to take into
account the discrepancies in geological environmental conditions across different regions.
Slope units divide the assessment area into cartographic units delimited jointly by valley
lines and ridge lines, which can effectively remedy the deficiency of being integrally cut
by raster units [13–15]. In addition, a slope unit serves as the fundamental unit for the
development of geological disasters such as landslides, collapses, and debris flows and
can comprehensively reflect regions where geological disasters incubate, occur, and are
distributed, as well as the various disaster-inducing environmental factors within those
areas. Therefore, slope units are widely adopted for large-scale landslide susceptibility
assessments with relatively high accuracy. Each slope unit serves as an independent
geomorphic evaluation unit that accurately captures local topographic, geomorphological,
and geological structural features. Within an individual slope unit, consistent lithology,
stratigraphic structure, slope gradient, and hydrological features are maintained, while
clear geological and topographic differences exist between adjacent units. These uniform
internal geological and terrain features within each unit and distinct inter-unit differences
improve the pertinence and accuracy of geological disaster susceptibility evaluation [16,17].

In recent decades, due to the influence of human engineering activities, increasing
attention has been paid to anthropogenic engineering disturbance as a critical conditioning
factor in landslide risk modeling [18]. Against the background of dense rural residential
construction, several studies have proposed the concept of residential slope units for refined
geohazard evaluation. Taking Xintian County in the southern Hunan mountainous area
as an example, Qiu et al. completed multi-period geohazard risk zoning under different
rainfall return periods based on residential slope units [19]. A residential slope unit refers
to a hillslope segment with a stable gradient, relief and catchment range closely coupled
with human residential settlements [18]. Its prominent advantage is that it screens out
slopes unrelated to human activity, drastically reduces redundant calculation, and supports
refined risk targeting for populated areas. Hence, high-precision disaster prevention
demands more specialized settlement-oriented slope evaluation units.

Data-driven supervised machine learning has become the mainstream technical route
for geohazard susceptibility assessment [20]. Classic algorithms include Random Forest,
Back Propagation Neural Networks, Logistic Regression and Support Vector Machines
(SVMs). Random Forest exhibits outstanding performance in capturing complex nonlinear
factor relationships and possesses strong anti-interference robustness, making it a mature
evaluation tool [21,22]. To further boost prediction accuracy, scholars have widely intro-
duced metaheuristic optimization algorithms to tune model hyperparameters. For instance,
Wang et al. optimized the weight and threshold parameters of Elman neural networks via
Genetic Algorithm and Particle Swarm Optimization (PSO), significantly improving the
prediction precision of loess landslide deformation [23].

Xiangtan County is a typical hilly region in Hunan Province, where extensive slope
cutting for housing and road excavation prevails. Complex geological backgrounds coupled
with intensive human engineering disturbances trigger frequent small-scale, widely dis-
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tributed landslides and collapses, forming a representative research area for anthropogenic
landslide susceptibility [24,25]. Existing local geohazard studies mostly focus on single
disaster point mechanisms, deformation characteristics, and stability analyses, while sys-
tematic quantitative susceptibility evaluation covering the whole county is still insufficient.
Based on a 1:10,000 field geohazard survey in the study area and preliminary qualitative
susceptibility grading of residential slope units via expert scoring, all slopes were divided
into 6388 low-susceptibility, 862 medium-susceptibility, and seven high-susceptibility units.

However, during the preliminary assessment of field surveys, significant discrepancies
were found in the experience and expertise levels among the survey personnel. In partic-
ular, the comprehensive impacts of various evaluation factors were not fully considered.
This resulted in inconsistent standards for the preliminary assessment, a lack of objectivity
in the assessment process, and the need for further verification of the accuracy of the assess-
ment results. Therefore, this study takes Xiangtan County as the research area and selects
residential slope units as the evaluation units. By fully utilizing the data and information
obtained from field surveys, the Pearson correlation coefficient method and multicollinear-
ity analysis method were adopted to conduct statistical analysis on each evaluation factor,
so as to determine the final set of evaluation factors. On the basis of the Particle Swarm
Optimization (PSO) algorithm, the PSO-BP, PSO-RF and PSO-SVM hybrid models were
constructed to separately carry out the geological disaster susceptibility assessment for the
study area. After the assessment results were verified by the Kappa coefficient test, the
rationality test of geological disaster point distribution, and the importance verification of
geological disaster impact factors, they were compared and analyzed with the preliminary
field assessment results. Compared with conventional statistical and qualitative evaluation
methods that rely heavily on manual scoring and expert subjective judgment, this study
adopts advanced machine learning algorithms to quantitatively calculate landslide suscepti-
bility values based on standardized multi-source geospatial datasets. The modeling process
is fully data-driven without artificial subjective weighting. This research is expected to
obtain more objective and accurate results of geological disaster susceptibility assessment,
providing a scientific reference for geological disaster risk assessment and prevention work.

2. Geological and Geographical Settings of the Study Area
Xiangtan County is located in the middle reaches of the Xiangjiang River, in central-

eastern Hunan Province, with a total area of 2136.71 km2, as shown in Figure 1. The
county falls within the subtropical monsoon humid climate zone, with a multi-year average
temperature ranging from 16.7 ◦C to 18.3 ◦C. The annual average number of rainy days
in the county is about 150, and the precipitation distribution is uneven throughout the
year. The rainy season generally starts in late March and ends in late July. The county
seat is located in the central Hunan hilly basin. Its southwestern and southeastern parts
are mountainous with relatively high terrain, while the central and northeastern parts lie
along the banks of the Lianshui, Juanshui and Xiangjiang Rivers with flat terrain. The
county’s topographic pattern is dominated by hills, accompanied by mountains and plains.
The exposed strata within the county are relatively complete, and the strata with frequent
geological hazard occurrences are mainly Cretaceous red-bed clastic rocks, Qingbaikouan
shallow metamorphic rocks, and Indosinian granite.
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(a) (b) 

Figure 1. Overview of the study area and geohazards distribution. (a) Geographical location of the
study area. (b) Geohazards distribution and elevation map.

3. Materials and Methods
3.1. Data

The occurrence of geological hazards is related to multiple factors, and collecting
evaluation factor data is a prerequisite for geological disaster susceptibility assessments.
The data involved in this study include residential slope unit data and geological hazard
influencing factor data. The specific sources of the data are shown in Table 1.

A total of 204 potential geohazards have been identified in Xiangtan County, including
153 landslides, accounting for 75% of the total number of hazard points; 34 ground collapses,
accounting for 16.6%; 13 collapses, accounting for 6.4%; and 4 debris flows, accounting
for 2%. Slope-type geological hazards account for 83.3% of the total. The neotectonic
movement in this area is intense, with relatively developed rock joints and fissures and
a relatively fragmented rock mass. The training and testing dataset contains 400 slope
units, accounting for approximately 5.5% of all 7257 slope units within the study area.
The sample size was determined for the following reasons: first, the quantity of recorded
historical landslides in the region is limited, which restricts the available positive landslide
samples. A sample set of 400 units was adopted to balance landslide and non-landslide
samples and mitigate classification bias caused by extreme sample imbalance. Second,
sampling a far larger number of slope units would generate numerous redundant samples
with identical terrain and lithologic attributes, greatly increasing computational cost while
yielding negligible improvement in model accuracy.

Stratified random sampling was implemented to guarantee spatial representativeness.
Sampling strata were divided according to lithology types, elevation intervals, slope gradi-
ents and hazard zoning, ensuring that the 400 selected units were evenly distributed in the
northern hilly regions, central river valleys, and southern mountainous areas. We further
compared the statistical distributions of all conditioning factors between the sampled units
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and the full set of 7257 slope units. The results show that the factor statistics of the sample
are highly consistent with those of the entire study area, demonstrating that the 400 samples
can adequately capture the spatial variability of geological and topographic conditions
across the study region.

Table 1. Data sources.

Data Sources Data Type Resolution/m

DEM Digital Elevation Model
Data

Geospatial Data Cloud
(https://www.gscloud.cn) Raster 30

Annual Average Precipitation,
Profile Curvature, etc.

Climatic Research Unit
(http://www.cru.uea.ac.uk/data)

(accessed on 15 March 2026)
Raster 30

Land use, Normalized Difference
Vegetation Index (NDVI), etc.

Globe Land 30 Dataset
(https://www.webmap.cn/commres.

do?method=globeIndex (accessed on 15
March 2026))

Raster 30

River System and Road
Distribution

National Catalog Service System for
Geographic Information Resources

(https://www.webmap.cn)
Vector -

Relative Elevation Difference,
Average Slope, Slope Cutting

Intensity, and Soil Layer
Thickness

Field Investigation Vector -

Geological Map 1:10,000 Geological Hazard Investigation
and Risk Assessment Project Vector -

By consulting relevant data, it is found that the seismic fortification intensity of the study area is Grade VI,
meaning a relatively minor impact on geological hazards. Therefore, the seismic factor is not considered in
this study.

3.2. Division of Residential Slope Units

A slope unit refers to a slope with a specific gradient, relative elevation difference, and
catchment area. It is the smallest basic topographic and geomorphic unit in which geological
hazards actually occur and is delineated by dividing the actual landform according to
ridge lines, valley lines, and other terrain boundaries. It is usually obtained by means of
hydrological analysis [3,8]. However, the residential slope units adopted in this study were
manually revised in terms of their morphology and size on the basis of slope unit division,
with reference to remote sensing image data as well as slope structural characteristics
including gradient, aspect, slope morphology and stratum lithology. Meanwhile, the
delineation of residential slope units also needs to fully consider human settlement factors,
and those slope units with fewer than three households or characterized by low and
gentle terrain were excluded. On this basis, a total of 7257 residential slope units were
delineated after processing and manual revision using ArcGIS software (10.7 version), with
the coordinates uniformly converted to GCS_WGS_1984, as shown in Figure 2. Compared
with the initial slope units, the manually revised residential slope units avoid the waste of
resources in mountainous uninhabited areas and flat plains without slopes, thus improving
the evaluation efficiency of the susceptibility assessment model and the spatial accuracy of
the evaluation area.
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Figure 2. Partition of the study area into residential slope units (RSUs).

3.3. Analysis and Selection of Evaluation Factors

The construction of an evaluation factor system is crucial to the study of geological
hazard susceptibility [26]. According to the main types of geological hazards, topographic
and geomorphic conditions, stratum lithology, human engineering activities, meteoro-
logical and hydrological characteristics, and other factors in the study area, a total of
12 evaluation factors were selected for the geological hazard susceptibility assessment
of the study area, including relative elevation difference, average slope gradient, profile
curvature, soil thickness, engineering geological rock group of rock and soil mass, distance
to faults, annual average precipitation, Normalized Difference Vegetation Index (NDVI),
Topographic Wetness Index (TWI), slope-cutting intensity, land use, and distance to roads.

Relative Elevation Difference (RED): Relative elevation difference refers to the differ-
ence in elevation between two locations, and in this study, it specifically denotes the vertical
distance between the crown height and the toe height of a residential slope unit. Generally
speaking, regions with larger relative elevation differences are more prone to forming steep
slopes, which in turn are more susceptible to geological hazards (see Figure 3a).

Average Slope Gradient (ASG): Slope gradient is also a critical influencing factor of
geological hazards, as well as an important indicator for assessing the susceptibility of
geological hazards. During the preliminary field geological survey, the gradient of a slope
can be determined by visual estimation, thereby enabling a rapid preliminary qualitative
assessment of the geological hazard susceptibility of the corresponding residential slope
unit (see Figure 3b).
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Figure 3. Raster layers and classification of the geohazard susceptibility assessment factors.

Engineering Geological Rock Group (EGRG): The engineering geological rock group
of rock and soil mass serves as the material basis for the formation of various geological
hazards. There are significant differences in the physical and mechanical properties (such
as mineral composition, structural fabric, and weathering degree) among different rock
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groups, which control the type, scale, activity frequency, and spatial distribution pattern of
geological hazards [27]. The lithotype is shown in Table 2 and Figure 3c.

Table 2. Overview of geological formations where the acronym used throughout the text is associated
with the corresponding age and lithotype.

ID Lithotype

I Hard thick layered limestone and dolomitic limestone interbedded
with soft thin layered mudstone and shale rock formations

II Hard thick layered quartz sandstone interbedded with soft thin layer
shale rock formation

III Hard soft thick layered red clastic rock formation

IV Double layered soil structure of clay and gravel

V Hard to relatively hard shallow metamorphic rock formation

VI Hard blocky granite rock formation

Annual Average Rainfall (AAR): Rainfall induces surface runoff on slope surfaces and
alters the groundwater level within slope masses. The former exerts a scouring effect on
slope surfaces, while the latter impairs the physical and mechanical properties of slope
rock and soil masses. Moreover, rainfall often acts as a “catalyst” for the occurrence of
landslides, especially in slope areas characterized by fragile geological conditions and loose
rock-soil structures (see Figure 3d).

Slope Cutting Intensity (SCI): The predominant human engineering activities in the
study area are civil construction and urban development. Based on a study of historical
landslide cases, it was found that geological hazards are mostly caused by damage to the
original stress balance of slopes due to slope excavation during various human engineering
activities, which are then triggered by rainfall [28]. Therefore, this study mainly considers
the impact of slope cutting for housing construction by residents within residential slope
units on slope stability. The data were derived from field surveys of geological hazards in
the study area, and the number of self-built houses by residents within each unit was used
as the evaluation factor (see Figure 3e).

Land Use (LU): Different land use types correspond to different soil properties, such
as soil permeability and soil consolidation degree. In landslide disasters, different land use
patterns affect the occurrence and stability of landslides through distinct mechanisms, and
soil landslides account for a substantial proportion (see Figure 3f).

Distance to Faults (DF): Faults are geological structures that are prone to inducing
landslides. They tend to disrupt the continuity of rock and soil masses on slopes, thereby
reducing the strength of slope bodies and creating favorable conditions for the sliding of
rock and soil masses. Therefore, the closer the distance to a fault, the more developed
structural planes such as joints and fractures are likely to be, and the more fragmented the
rock mass will be (see Figure 3g).

Topographic Wetness Index (TWI): This index is a physical parameter describing the
impact of regional topography on runoff flow direction and accumulation. It is defined
as the natural logarithm of the ratio of the unit catchment area within a grid cell to the
tangent value of the local slope within the catchment area, reflecting the complex influence
of topography on hydrological processes. The higher the value of this index, the higher the
soil moisture content, and the greater the likelihood of triggering geological hazards such
as landslides (see Figure 3h).

Distance to Roads (DR): Slope cutting for road construction is one of the major human
engineering activities in the study area. Highway construction involves excavation at slope
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toes, which increases the load on slopes, loosens the structure of rock and soil masses
around highways, and reduces their physical and mechanical properties. Moreover, the
high and steep slopes formed by slope cutting during road construction are typical areas
prone to geological hazards (see Figure 3i).

Profile Curvature (PC): Profile curvature refers to the curvature characteristics of
terrain in the direction perpendicular to the horizontal plane. By quantifying the rate
of bending variation in terrain in the vertical direction, it reveals the convex-concave
morphology of the terrain in the region. The magnitude of profile curvature affects the
morphology and stability of landslide and collapse masses; meanwhile, it is closely related
to soil erosion and water loss. In areas with large profile curvature, the steep terrain leads
to rapid surface runoff velocity, which accordingly increases the risks of soil erosion and
water loss and reduces the slope stability (see Figure 3j).

Normalized Difference Vegetation Index (NDVI): This index is a radiation quantitative
value reflecting the relative abundance and activity of green living vegetation. By quantify-
ing the growth status and coverage of vegetation, it calculates the ratio of the difference to
the sum of the two parameters to highlight vegetation information, thereby reflecting the
slope stability and soil erosion risk (see Figure 3k).

Soil Layer Thickness (SLT): Soil thickness refers to the vertical distance from the
ground surface to the bedrock or other soil layers. The completely weathered zone is the
part of the rock mass most severely affected by weathering processes, with a relatively
shallow depth. Generally, it refers to the weathered and fractured layer on the ground
surface, where the rock mass is extremely fragmented and the rock structure is basically
completely destroyed, only retaining the original rock structure locally in appearance. It
has extremely low strength and can be crushed by hand. Therefore, in this study, soil layer
thickness and the depth of the completely weathered zone are collectively referred to as
soil layer thickness (see Figure 3l).

Based on the preliminary susceptibility survey data of Xiangtan County, the relative
height difference, average slope gradient, engineering rock group type of rock and soil
mass, soil layer thickness, and intensity of human engineering activities of each residential
slope unit were directly extracted. Using ArcGIS software, the 12 evaluation factors
were classified according to their data attributes and the development characteristics of
geological hazards in the study area. The distribution of each residential slope unit in the
corresponding layer was extracted by means of the spatial analysis tools in ArcGIS, and
the classification grades were assigned to the corresponding residential slope units. The
natural breaks method was adopted for grading, and the dataset of residential slope units
in the study area was constructed on this basis (see Figure 3).

4. Data Pre-Processing
4.1. Multiple Correlation Test

The Pearson correlation coefficient is a statistical index used to measure the correlation
(linear correlation) between two variables X and Y, and its value ranges from −1 to 1 [29].
This statistical analysis method was adopted to conduct a correlation analysis on the dataset
of the study area, and the analysis results are presented in Table 3 and Figure 4. When
the correlation coefficient between two variables is greater than 0.5, it can be considered
that there is a strong correlation between them, and the redundant variables should be
eliminated by considering the importance degree of the evaluation factors. The results
indicate that the correlation coefficients of all evaluation factors are at low or relatively low
levels, which satisfies the modeling requirements for susceptibility evaluation.
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Table 3. Pearson correlation index of each assessment factor.

Evaluation
Factor RED ASG EGRG AAR SCI LU DF TWI DR PC NDVI SLT

RED 1
ASG 0.424 1

EGRG 0.348 0.383 1
AAR 0.254 0.036 −0.013 1
SCI 0.008 −0.109 −0.080 −0.069 1
LU −0.255 −0.156 −0.129 −0.083 0.092 1
DF 0.114 0.036 0.032 0.079 −0.023 −0.059 1

TWI 0.116 0.066 0.062 0.04 −0.021 −0.092 −0.003 1
DR 0.125 0.069 0.142 0.143 −0.126 −0.095 0.025 0.037 1
PC −0.138 −0.046 −0.044 −0.048 −0.017 0.068 −0.004 −0.343 −0.028 1

NDVI −0.332 −0.307 −0.370 −0.030 0.126 0.155 0.019 −0.066 −0.193 0.043 1
SLT −0.124 −0.107 0.005 −0.281 0.049 0.042 −0.008 −0.021 −0.052 0.008 0.060 1

Figure 4. Pearson correlation plot of geohazard susceptibility assessment factors (Note: The IDs
corresponding to these items are listed in Table 3).

Multicollinearity refers to the existence of a linear correlation among independent
variables, meaning that one independent variable can be expressed as a linear combination
of one or more other independent variables. The presence of exact or high correlations
among some evaluation factors will lead to distorted estimations of the trained models.
The Variance Inflation Factor (VIF) is a statistical index used to characterize the degree
of multicollinearity among factors [30]. The lower the VIF value is, the lower the multi-
collinearity among factors will be. Under normal circumstances, when the VIF value is less
than 5, the multicollinearity among factors is considered to have little impact on the model.
The VIF can be calculated using the following formula:

VIF =
1

1 − R2 (1)
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where R2 is the multiple correlation coefficient of the factor. The VIF values are shown in the
Table 4. It can be seen that the VIF values of all 12 evaluation factors are less than 5; therefore,
it can be determined that there is no multi-collinearity among these 12 evaluation factors.

Table 4. Multicollinearity analysis results.

Evaluation Factor Tolerance VIF

Relative elevation difference 0.650 1.537
Average slope gradient 0.729 1.371

Engineering geological rock group 0.746 1.339
Annual average rainfall 0.836 1.195
Slope cutting intensity 0.944 1.058

Land use 0.914 1.093
Distance to faults 0.978 1.022

Topographic wetness index 0.458 2.179
Distance to roads 0.926 1.079
Profile curvature 0.457 2.183

Normalized Difference Vegetation Index 0.772 1.294
Soil Layer Thickness 0.907 1.102

4.2. Machine Learning Model

(1) Back Propagation Neural Network (BP) Model
General BP theoretical frameworks have been widely used in geohazard modeling [31];

in this study, we customized the network structure according to the number of lithology,
topographic and hydrological conditioning factors of the study area. The input layer
contained 12 conditioning factor variables, a single hidden layer with 18 neurons was set
after trial training, and the output layer included only one node representing the landslide
occurrence probability. Considering the limited landslide sample size in mountainous
terrain, we adopted the early stopping strategy to avoid overfitting during model training.
The BP neural network model structure tailored for landslide susceptibility assessment is
shown in Figure 5.

Figure 5. BP neural network model structure.

(2) Random Forest (RF) Model
A binary classification Random Forest (RF) model was adopted specifically for

landslide/non-landslide discrimination in this paper [32] (see Figure 6). To match the
local geological feature distribution, we set the number of decision trees to 150 and used
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70% of the total samples for model training and the remaining 30% for verification. For
classification tasks, the Random Forest determines the final classification result through the
majority voting method, which effectively reduces prediction bias caused by unbalanced
geohazard samples in mountainous watersheds.

Figure 6. Random Forest (RF) model structure.

(3) Support Vector Machine (SVM) Model
As a discriminative classifier, the Support Vector Machine (SVM) is theoretically based

on the principle of structural risk minimization [33]. To address the nonlinear relationship
between complex terrain-geological factors and landslide distribution in the study area, the
radial basis function (RBF) was selected as the kernel function after comparative trials [34].
c and g are two important hyperparameters optimized in this study: c is the penalty factor
(regularization parameter), and g is the radial basis function width parameter.

The main formulas applied in the landslide binary classification task are as follows:
The objective function is expressed as:

Min
{

1
2

||ω|| 2+ ∁∑N
i=1 ξi

}
(2)

where c is the penalty factor (also referred to as the regularization parameter), and g is the
radial basis function parameter.

Constraint conditions are as follows:

yi(ω× xi + b) ≥ 1 − ξi, andξi ≥ 0(i = 1, 2, . . . , N) (3)

where ω is the normal vector of the hyperplane, N is the number of sample points, xi is the
feature vector of the i-th sample point, b is the bias term of the model, yi is the label of the
i-th sample point, ξi is the slack variable (adopted to handle non-linearly separable data),
and C is the regularization parameter.

(4) Particle Swarm Optimization (PSO) Algorithm
This algorithm is a meta-heuristic algorithm based on swarm intelligence theory, and

its bionic principle is derived from the dynamic modeling of the flocking and foraging
behaviors of birds [35]. The algorithm constructs a particle swarm motion model in
the multi-dimensional solution space, where each particle dynamically adjusts its flight
velocity and direction according to its individual historical optimal position and the global
optimal position of the swarm. This dual-memory mechanism integrates the processes of
cognitive learning and social learning. This algorithm is simple and easy to implement, does
not require gradient information, and has the advantage of excellent global convergence
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performance. In this paper, PSO was introduced to optimize the hyperparameters of BP,
RF and SVM simultaneously, so as to improve the prediction performance of landslide
susceptibility models. The Particle Swarm Optimization (PSO) model was configured with
200 iterations (max-gen) and a population size of 50 (population-size) as its core parameters
after repeated debugging for the local dataset. The optimization process for geohazard
model parameter tuning is illustrated in Figure 7.

Figure 7. Schematic diagram of PSO algorithm.

The PSO hyperparameters (population size of 50 and maximum iterations of 200) were
determined through multiple groups of pre-comparative trials with different parameter
combinations and random seed repetitions. This set of parameters guarantees a stable
convergence of the optimization process and minor fluctuations in model performance
across different random seeds while avoiding excessive computational overhead. Detailed
sensitivity test records are omitted to maintain concise manuscript length, as the core of
this study is the comparison of the landslide prediction capabilities among the PSO-BP,
PSO-RF and PSO-SVM models.

4.3. Model Validation

Based on the preliminary susceptibility survey results of Xiangtan County, a sample set
was constructed by randomly selecting 200 residential slope units with geological disasters
or moderate-to-high susceptibility as positive samples and 200 residential slope units with
low susceptibility as negative samples at a positive-to-negative sample ratio of 1:1. This
sample set was then used for the training and testing of the evaluation models. Accuracy,
recall, precision, and F1-score were selected as the metrics to evaluate model performance.
The results show that the three selected geological hazard evaluation models yield relatively
accurate predictions in the geological hazard susceptibility assessment for the study area,
meeting the basic requirements of geological hazard susceptibility assessment. Among
these models, the PSO-RF model exhibits the best comprehensive performance with an
accuracy of 0.94, recall of 0.80, precision of 0.79, and F1-score of 0.79, as detailed in Table 5.
Meanwhile, the area under the ROC curve (AUC) reaches 0.913 (see Figure 8), indicating
that this model has high prediction accuracy and good generalization ability, allowing it to
be adapted to a variety of geological environments.
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Table 5. Test results of model training based on PSO algorithm.

Model AUC Accuracy Recall Precision F1-Score

PSO-BP 0.907 0.88 0.68 0.58 0.63
PSO-RF 0.913 0.94 0.80 0.79 0.79

PSO-SVM 0.882 0.92 0.60 0.78 0.68

 
Figure 8. ROC curves and corresponding AUC values of three models.

5. Results
5.1. Evaluation Results

To quantitatively divide continuous prediction probabilities into three susceptibility
grades, the Jenks natural breakpoint algorithm was first adopted to calculate statistically
optimal initial segmentation thresholds of 0.32 and 0.68. These breakpoints were further
fine-tuned to finalized values of 0.30 and 0.70 by cross-referencing field survey landslide
inventory data, which records the spatial distribution of actual sliding scars, sporadic
unstable slopes and stable intact terrain. The unified classification criteria are defined as
follows: residential slope units with a predicted probability of <0.30 belong to the low-
susceptibility class; units with probabilities between 0.30 and 0.70 are classified as moderate
susceptibility; and units with probabilities >0.70 are classified as high susceptibility.

Combined with the field survey results of the study area, the prediction results
were classified into three categories: high-susceptibility, medium-susceptibility, and low-
susceptibility residential slope units in accordance with the above threshold rules. Corre-
spondingly, the geological hazard susceptibility zoning map was generated using ArcGIS
software, as shown in Figure 9. The results indicate that for the PSO-BP model, the numbers
of moderate- and high-susceptibility residential slope units are 1254 and 26, accounting
for 17.28% and 0.36% of the total, respectively; for the PSO-RF model, the numbers of
moderate- and high-susceptibility residential slope units are 939 and 50, with respective
proportions of 12.94% and 0.69%; and for the PSO-SVM model, the numbers of moderate-
and high-susceptibility residential slope units are 923 and 32, making up 12.72% and 0.44%
of the total respectively. Details are shown in Table 6. The medium- and high-susceptibility
residential slope units are mainly distributed in the southwestern, southeastern, and par-
tially northern regions of the study area. These regions are characterized by large slope
height differences, steep terrain, advanced economic development, and intense human
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engineering activities. They are particularly heavily affected by slope cutting conducted by
local residents, which forms high and steep slopes and thus leads to frequent occurrences
of geological disasters such as landslides. Therefore, it is necessary to implement corre-
sponding supporting measures based on the probability of geological hazard occurrences.
Overall, the three selected susceptibility evaluation models can accurately identify the
high-, moderate-, and low-susceptibility residential slope units, meeting the requirements
of geological hazard susceptibility investigation and assessment.

Figure 9. Geohazard susceptibility mapping results of three models. (a) PSO-BP. (b) PSO-RF.
(c) PSO-SVM.

Table 6. Susceptibility evaluation results of each model.

Model

Number of
High-

Susceptibility
Residential
Slope Units

Proportion
(%)

Number of
Medium-

Susceptibility
Residential
Slope Units

Proportion
(%)

Number of
Low-

Susceptibility
Residential
Slope Units

Proportion
(%)

Kappa
Coefficient

Field Survey 7 0.10 862 11.88 6388 88.03 -
PSO-BP 26 0.36 1254 17.28 5977 82.36 0.49
PSO-RF 50 0.69 939 12.94 6268 86.37 0.64

PSO-SVM 32 0.44 923 12.72 6302 86.84 0.58

5.2. Kappa Coefficient Test

The Kappa coefficient is a statistical metric used to measure the level of agreement
between model classifiers or among different evaluators. Generally speaking, a Kappa value
greater than 0.6 indicates that the classification results have a high degree of consistency.
As can be seen from Table 5, the Kappa coefficients of the three evaluation models (PSO-BP,
PSO-RF, and PSO-SVM) are 0.49, 0.64, and 0.58, respectively. This indicates that the PSO-BP
and PSO-SVM models exhibit good performance, and their evaluation and classification
results achieve a relatively consistent level. However, the PSO-RF model demonstrates
higher accuracy in identifying the susceptibility of residential slope units, with its Kappa
coefficient reaching as high as 0.64, which reflects a high degree of agreement between the
model classification results and the actual conditions. This indicates that the susceptibility
zoning of the study area based on this evaluation method has higher credibility. The
calculation formula is as follows:

K =
(Po − Pe)

(1 − Pe)
(4)

where Po is the observed agreement proportion, referring to the accuracy of actual classifi-
cation, i.e., the ratio of the sum of correctly classified samples across all categories to the
total number of samples, and Pe is the expected agreement proportion, also known as the
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accuracy of expected classification, i.e., the expected correct rate of random classification
based on sample distribution.

5.3. Rationality Test of Geological Hazard Point Distribution

Since the ground subsidence geological disasters in the study area are mainly induced
by mining activities, only landslides and collapses were considered in the rationality test
of geological hazard point distribution. In addition, slope units with fewer than three
households were not included in the delineation of residential slope units in this study.
Consequently, 18 geological hazard points are located outside the scope of residential
slope units. Therefore, the total number of landslide and collapse hazard points within the
residential slope units amounts to 148.

The number of geological hazard points within residential slope units of each suscep-
tibility grade evaluated by each model was extracted based on the Extract Multi Values to
Points tool in ArcGIS software. The percentage relative to the total number of hazard points
and the number of residential slope units in each susceptibility grade were calculated, as
shown in Table 7. All three evaluation models exhibited good performance in the rationality
test of geological hazard point distribution. Among them, 60.81% of the geological hazard
points predicted by the PSO-BP model fell within the moderate- and high-susceptibility
residential slope units, which showed the highest degree of agreement with the results
of field surveys. An analysis of the landslide and collapse points falling within the low-
susceptibility residential slope units reveals that these geological hazard points are mainly
induced by irregular slope cutting during house construction (the cut slopes are nearly
vertical with no effective supporting measures), manifesting as small-scale local collapse
and slide deformation. Furthermore, the residential slope units where these hazards are
located are inherently characterized by low-gradient, gentle slopes with thick soil layers
(soil thickness of approximately 3 m, slope height less than 5 m, and natural slope gradient
less than 15◦). Collapse and slide deformation, as well as the occurrence of such disasters,
could be completely avoided if slope cutting during house construction were standardized
or supporting measures were implemented after slope cutting. Therefore, such residential
slope units are mostly classified as low-susceptibility areas in both field survey evaluations
and machine learning model evaluations, and the model-based evaluations demonstrate
higher effectiveness in assessing these types of residential slope units.

Table 7. Number and percentage of geological hazard points in each model.

Data Sources

Medium-High Susceptibility Zones Low Susceptibility Zones

Number of
Geological

Hazard Points
(Units)

Proportion of
the Number of
Points Falling

Within
Medium- and

High-
Susceptibility

Residential
Slope Units (%)

Density
(Points/Unit)

Number of
Geological

Hazard Points
(Units)

Proportion of
the Number of
Points Falling
Within Low-

Susceptibility
Residential

Slope Units (%)

Density
(Points/Unit)

Field Survey 105 70.95 12.08% 43 29.05 0.67%
PSO-BP Model 90 60.81 7.03% 58 39.19 0.97%
PSO-RF Model 85 57.43 8.59% 63 42.57 1.01%

PSO-SVM
Model 79 53.38 8.27% 69 46.62 1.09%

5.4. Validation of the Importance of Geological Hazard Impact Factors

Based on the well-performing PSO-RF model, the importance levels of the geological
hazard susceptibility factors were extracted from evaluation results for validation (see
Figure 10). The results indicate that the factor with the greatest impact on geological
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hazard susceptibility classification is the relative elevation difference (15.62%), followed by
soil thickness (13.86%), average slope gradient (13.16%), slope cutting intensity (10.63%),
and profile curvature (8.22%). The cumulative importance of these five evaluation factors
accounts for 61.49% of the total importance of all evaluation factors, reflecting that these
features exert a relatively high degree of influence on the development of geological
hazards and are basically consistent with the results of preliminary field surveys and the
characteristics of geological hazard development in the study area.

Figure 10. Relative importance values and rankings of evaluation factors of PSO-RF model (note: the
IDs corresponding to these items are listed in Table 3).

6. Discussions
It is necessary to distinguish two independent datasets derived from the preliminary

field survey to exclude circular dependency risks. The manually delineated moderate-
to-high susceptibility zoning only functions as a spatial constraint for sampling. This
qualitative zoning result is not adopted to judge whether a slope unit is a positive landslide
sample, nor does it participate in model training and subsequent performance verification.
All positive samples are labeled based on objectively verified landslide scars and sliding
traces recorded during field surveys, which act as the ground truth dataset. In addition,
the benchmark for evaluating model performance, including AUC, accuracy and F1-score
is the real landslide inventory, rather than the preliminary susceptibility zoning grades.
Sampling is limited to moderate-to-high preliminary zones simply to avoid collecting a
large number of stable low-risk slope units without landslide records and to reduce redun-
dant calculations. The labeling of positive samples and model verification are both based
on independent field landslide records, so the independence of the landslide susceptibility
evaluation is not compromised.

Furthermore, spatial cross-validation was not performed in this study, and model
performance was assessed based on a single stratified train–test split. Considering the
limited number of landslide positive samples in the study area, dividing samples into
multiple spatial folds would result in too few training units per subset and unstable
model fitting. To mitigate the bias brought by the spatial autocorrelation of adjacent
slope units, stratified random sampling covering all geomorphic and lithologic zones was
adopted to ensure the spatial dispersion of samples. The training and test datasets were
randomly partitioned at a ratio of 7:3 with no geographically adjacent slope units shared
between the two subsets, which reduces information leakage caused by spatial correlation.
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Multiple quantitative indicators, including accuracy, precision, recall, F1 score and AUC
were integrated to comprehensively evaluate model predictive ability, avoiding one-sided
judgment from a single metric. We recognize that spatial cross-validation can further
improve the reliability of evaluation results, which will be prioritized in future research
with expanded landslide inventory data.

It is also necessary to recognize the limitations of Kappa coefficient evaluation in
this study. The benchmark for calculating Kappa is the preliminary susceptibility zoning
derived from field surveys, which is subject to inconsistent survey standards and the
subjective empirical judgment of investigators. This introduces inherent uncertainty, so
the obtained Kappa values cannot be regarded as fully reliable quantitative evidence of
model performance. Due to data constraints, there is no other independent full-coverage
objective geohazard dataset available to replace the preliminary zoning map as the Kappa
benchmark. Therefore, we only take Kappa as an auxiliary reference index to reflect the
consistency between model zoning and field qualitative judgment. The comprehensive
evaluation of model predictive capacity is mainly based on objective landslide inventory
data, including AUC, accuracy, precision, recall and F1-score, which are free from artificial
subjective bias. Subsequent research can adopt standardized unified field survey data
or high-precision remote sensing interpretation landslide datasets to obtain more stable
and credible Kappa results. It can be observed that the PSO-SVM model has a recall
of only 0.60 and a precision of 0.78, showing an obvious systematic underprediction of
hazard-prone slope units and a large number of false negative samples. In actual geological
hazard risk prevention, false negatives mean that real unstable slopes are misclassified as
low-susceptibility areas, which creates serious safety hazards for local residents.

There is an inevitable trade-off between recall and precision in classification models.
The PSO-RF model achieves a balanced state, with recall reaching 0.80 and precision
reaching 0.79, which can simultaneously control the risk of missing hidden danger points
and excessive false alarms. In contrast, PSO-SVM pursues a relatively high precision at the
cost of recall, resulting in a widespread omission of dangerous zones, which cannot satisfy
the practical needs of regional geological hazard investigation. For disaster prevention
work, guaranteeing a high recall rate to avoid missing unstable slopes is a vital evaluation
criterion, which further verifies the comprehensive superiority of the PSO-RF model.

7. Conclusions
(1) Taking geological disasters in Xiangtan County as the research subject, 7257 resi-

dential slope units were delineated as the basic evaluation units for this study. A total of
12 susceptibility evaluation factors were selected, including relative elevation difference,
average slope gradient, NDVI, topographic relief, soil thickness, engineering geological
rock group of rock and soil mass, distance to faults, intensity of human engineering ac-
tivities, land use type, distance to roads, annual average rainfall, and TWI, to construct a
geological hazard susceptibility evaluation factor system for the study area.

(2) The three models were subjected to training and testing, and their performance was
comparatively analyzed using accuracy, recall, precision, F1 score, and ROC curve accuracy
as evaluation metrics. The results show that the selected evaluation models exhibit high
levels of performance and stability, among which the PSO-RF model demonstrates the most
outstanding comprehensive performance (accuracy = 0.94, F1 = 0.79, AUC = 0.913).

(3) The three trained models were applied to conduct geological hazard susceptibility
evaluation for the study area. Among them, the Random Forest model optimized by the
Particle Swarm Optimization (PSO) algorithm achieved a relatively high level of consistency
in the consistency test (Kappa = 0.64). According to the susceptibility evaluation results of
this model, the numbers of moderate- and high-susceptibility residential slope units are
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939 and 50, accounting for 12.94% and 0.69%, respectively, and they are mainly distributed
in the southwestern, southeastern, and partially northern parts of the study area.

(4) The integration of PSO hyperparameter optimization with three classic machine
learning models (BP, RF, SVM), proposed in this work for regional geohazard suscepti-
bility evaluation, provides an effective reference for small-sample landslide susceptibility
assessment in mountainous areas with complex lithology and under the influence of
human activities.
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