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Abstract
Slope stability prediction is a critical challenge
in geotechnical engineering. This challenge
arises from the complex nonlinear interactions
among multiple influencing factors such as
soil properties, slope geometry, and hydraulic
conditions. Traditional analytical methods rely
on simplified assumptions that fail to capture
these complex relationships. To address these
limitations, this study proposes a hybrid predictive
framework that integrates machine learning
models with intelligent optimization algorithms.
Six key parameters, including unit weight,
cohesion, internal friction angle, slope angle,
slope height, and pore water pressure ratio, are
selected as input features. Three machine learning
models, namely Random Forest, XGBoost, and
Support Vector Machine, are optimized using four
intelligent optimization algorithms, including
the Sparrow Search Algorithm, Lion Swarm
Optimization, Whale Optimization Algorithm, and
Genetic Algorithm, resulting in twelve combined
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configurations. Among all combinations, the
Sparrow Search Algorithm-optimized Random
Forest model achieves the best performance, with
an accuracy of 95.56%, precision of 95.24%, recall
of 95.24%, F1 score of 95.24%, and AUC value
of 0.9850. Validation using ten independent
engineering cases confirms that the predictions
of this model are consistent with actual slope
conditions, demonstrating strong engineering
applicability. This study provides a systematic
comparative framework for hybrid model selection
and offers practical guidance for intelligent slope
stability assessment.

Keywords: Slope stability prediction, Machine learning,
Intelligent optimization algorithms, SSA-RF.

1 Introduction
Slope stability is a fundamental concern in geotechnical
engineering, particularly as mining activities and
infrastructure construction continue to intensify
worldwide. Once slope instability occurs, it poses
serious threats to engineering safety, human lives,
property, and the ecological environment. Therefore,
accurate and reliable prediction of slope stability is a
critical prerequisite for ensuring long-term safety in
geotechnical engineering projects.

Traditional slope stability analysis methods, including
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Figure 1. Research framework diagram.

the limit equilibrium method and numerical
simulation, have been widely used in practice.
However, these approaches exhibit significant
limitations when dealing with complex, nonlinear,
and multi-factor interactive systems. The limit
equilibrium method requires a predefined slip surface
and fails to capture progressive failure processes [1],
while numerical simulation methods demand
substantial computational resources and require
precise specification of constitutive models, boundary
conditions, and material parameters, which limits
their applicability in complex slope systems [2, 3].

To address these limitations, machine learning
methods have been increasingly adopted for slope
stability prediction due to their powerful nonlinear
mapping capabilities. Models such as Random
Forest (RF), Support Vector Machine (SVM), and
XGBoost have demonstrated promising accuracy in
classifying slope conditions [4, 5]. The theoretical
foundation of SVM was established by [6], and its
applications in slope stability have been extensively
validated [7]. However, the performance of these
machine learning models heavily depends on proper
hyperparameter settings, and traditional tuning
methods, such as manual adjustment and grid search,
are time-consuming and often fail to locate the global
optimum. To overcome these challenges, intelligent
optimization algorithms have been developed to
automatically search for optimal hyperparameter
combinations. For instance, [8] proposed an Improved

Pelican Optimization Algorithm (IPOA) to optimize
RF, achieving significant improvement in prediction
accuracy. [9] developed a combined ANN-PSO
model for slope stability assessment, demonstrating
the effectiveness of hybrid intelligent approaches.
[10] applied a hybrid ANN and heuristic model for
slope stability prediction, and [11] demonstrated that
machine learning paradigms, including ensemble and
kernel-based methods, can effectively predict slope
stability failure across diverse geological conditions.
These studies collectively demonstrate that integrating
intelligent optimization algorithms with machine
learning models can effectively enhance predictive
performance. Therefore, this study proposes a hybrid
predictive framework integrating three machine
learning models (RF, XGBoost, and SVM) with
intelligent optimization algorithms, systematically
evaluates their performance, and identifies the most
effective combination for slope stability prediction.

2 Methods
Taking the natural unit weight, cohesion, internal
friction angle, slope angle, slope height, and pore
water pressure ratio as input features, the goal is
to predict the state of the slope. Random Forest
(RF) [12], XGBoost [13], and Support Vector Machine
(SVM) [6] were selected as the basic machine
learning models. Four intelligent optimization
algorithms, namely the Sparrow Search Algorithm
(SSA) [14], Genetic Algorithm (GA) [15], Whale
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Table 1. Sample dataset containing input parameters and corresponding slope stability outputs.

Input Parameters Output Parameters
Natural Unit

Weight
(kN/m3)

Cohesion
(kPa)

Internal Friction
Angle (◦)

Slope Angle
(◦)

Slope Height
(m)

Pore Water
Pressure Ratio

Safety
Factor

Slope
State

18.5 25 0 30 32.5 0.70 1.01 Stable
10 39.81 20.36 0.98 36 0.25 0.79 Failed
50 45 20 0 120 0.25 1.80 Stable

26.89 150 33 52 50 0.25 0.79 Failed
20 0 36 45 443 0.25 1.28 Stable
25 46 35 47 299 0.25 1.52 Stable
25 55 36 45.5 292 0.25 1.15 Stable
25 46 35 46 20 0.32 0.98 Failed
· · · · · · · · · · · · · · · · · · · · · · · ·
18 0 30 20 8 0.30 2.05 Stable

OptimizationAlgorithm (WOA) [16], and Lion Swarm
Optimization (LSO) [17], were used to optimize
the hyperparameters of the above three machine
learning models, resulting in 12 combinations. Finally,
the optimal combination was selected based on five
evaluation indicators, namely accuracy, precision,
recall, F1 score, and AUC value, to achieve precise
prediction of slope stability. The schematic diagram of
the research framework is shown in Figure 1.

2.1 Data Collection
2.1.1 Selection of slope stability prediction indicators
The input indicators of the slope stability prediction
model are directly related to the reliability of themodel,
so it is crucial to select scientific and reasonable input
indicators. Based on geotechnical mechanics theory,
combined with engineering practice experience, and
a systematic review of the literature, this study
finally establishes six core indicators: unit weight (γ),
cohesion (c), internal friction angle (φ), slope angle
(α), slope height (H), and pore water pressure ratio
(ru).

Among them, γ is the weight per unit volume of the
rock and soil mass; the larger its value, the greater
the self-weight stress and sliding force of the slope,
resulting in worse slope stability. c is the cementation
force between rock and soil particles; the higher its
value, the higher the shear strength of the rock and soil
mass, leading to better slope stability. φ is the friction
resistance angle between rock and soil particles; the
larger its value, the stronger the interlocking effect of
particles, resulting in better slope stability. α is the
angle between the slope surface and the horizontal
plane; the larger the angle, the worse the slope stability.

H is the vertical height; the greater the height, the
worse the slope stability. ru is the ratio of pore water
pressure to total stress; the larger its value, the smaller
the effective stress of the rock and soil mass, leading
to worse slope stability.

2.1.2 Establishment of the sample dataset
In the process of slope stability prediction, data quality
directly affects the performance of the model. To
avoid the impact of sample singleness on prediction
results, it is necessary to cover multiple types of slope
data to enhance the persuasiveness of the prediction
results. This study integrates slope engineering cases
compiled from the dataset reported in [8], which itself
was assembled from multiple published engineering
case histories, to construct a slope stability prediction
dataset. The dataset contains 210 slope engineering
cases. Each case has six input indicators, namely unit
weight (γ), cohesion (c), internal friction angle (φ),
slope angle (α), slope height (H), and pore water
pressure ratio (ru). The output variables are the safety
factor and the slope state. The slope state has two
classes: stable and failed. Among the 210 samples, 39
cases are failed slopes, and the remaining 171 cases are
stable slopes. Table 1 shows some sample data.

To eliminate the impact of different feature dimensions
on model training, the six input features are
standardized using Z-score normalization. The
calculation formula is:

xstd =
x− µtrain
σtrain

, (1)

where µtrain and σtrain are the mean and standard
deviation of the feature on the training set, respectively.
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After standardization, each feature has a mean of
0 and a variance of 1, ensuring that all features
have equal opportunities for weight updates in the
model, which helps improve convergence speed and
prediction stability.

It should be noted that the standardization process
strictly follows the principle of using only training
set statistics: first, calculate the mean and standard
deviation of each feature on the training set, then
use these statistics to standardize the training set
and test set separately, ensuring that the test set data
distribution is consistent with the training set and
avoiding data leakage. The standardized feature
matrix serves as the direct input for the subsequent SSA
optimization and various machine learning models.

2.2 Analysis Methods
2.2.1 Random Forest Algorithm (RF)

Figure 2. Schematic diagram of Random Forest (RF).

The core of Random Forest (RF) [12] consists
of K decision trees {h(X,βk), k = 1, 2, . . . ,K},
where βk refers to the independent random vector
corresponding to each tree, and X refers to the
input attribute vector. RF has also been widely
applied to slope stability analysis in complex geological
settings [18]. In this study, RF is adopted as one of the
base classifiers, and the process of model construction
is shown in Figure 2. The prediction and classification
process is as follows:

(1) Generate training sets through bootstrap sampling.
In the original dataset containing N samples, an
independent training set containing N samples is
generated for each decision tree through the bootstrap
method with replacement. The purpose of this is
to make the training data seen by each decision tree
slightly different, thereby introducing randomness and
avoiding each decision tree learning the same pattern.

(2) Generate a single decision tree through random
feature splitting. For each dataset obtained through
bootstrap, when each node of the decision tree splits,
m features are randomly selected from allM features,

wherem < M , and the optimal split point is selected
through the Gini index. Its mathematical expression
is as follows:

Gini(N) = 1−
k∑

i=1

p2i , (2)

where pi refers to the probability of category i
appearing in the sample set N . The tree is not
pruned during the growth process, allowing it to reach
maximum complexity.

(3) Repeatedly build the forest. Repeat the steps
described above K times to generate K different
decision trees.

(4) Output results through a voting decision. For
the input sample, all decision trees independently
give classification results, and the output is finally
determined through a simple majority-voting rule.
The category with the most votes is taken as the
final classification. Its mathematical expression is as
follows:

H(x) = argmax
Y

K∑
k=1

I
(
hk(x) = Y

)
, (3)

where I(·) refers to the indicator function, hk(·) is the
classifier of the k-th tree, and Y refers to the target
classification set.

2.2.2 Sparrow Search Algorithm (SSA)
SSA [14] is a metaheuristic intelligent optimization
algorithm that solves complex optimization problems
by simulating the foraging and anti-predation
behaviors of sparrow populations in nature. Based
on differences in individual energy levels and fitness,
the sparrow population is divided into three roles:
producers, scroungers, and alerters.

Among them, producers have stronger energy storage
and environmental adaptability, enabling them to find
food locations first and guide the foraging direction of
the entire sparrow population. During the algorithm
iteration process, the position update of producers
follows the rule:

xt+1
i,j =

xti,j · exp
(
− t

T

)
, R2 < ST ,

xti,j +Q · L, R2 ≥ ST ,
(4)

where xti,j and xt+1
i,j denote the position of the i-th

sparrow in the j-th dimension at the t-th and (t+1)-th

238



ICCK Transactions on Systems Safety and Reliability

Figure 3. Overall framework of the SSA-optimized ML modeling.

iterations, respectively; T is the maximum number of
iterations;Q is a random number following a standard
normal distribution; L is an all-ones matrix whose
dimension is consistent with the number of problem
variables; R2 ∈ [0, 1] is the warning value; and ST ∈
[0.5, 1] is the safety threshold.

When the warning value R2 < ST , the current
environment is safe, and producers can search within
a wide range. Conversely, if R2 ≥ ST , predators are
approaching, and the sparrowpopulation immediately
moves to a safe area.

Scroungers closely follow producers to obtain food
and continuously adjust their positions around the
producers. The position update formula is:

xt+1
i,j =


Q · exp

(
xtworst − xti,j

i2

)
, i > n/2,

xt+1
P +

∣∣∣xti,j − xt+1
P

∣∣∣ ·A+, otherwise,
(5)

where xt+1
P is the current best position occupied by the

producers, xtworst is the current global worst position,
and A+ is a randomly assigned 1 × d matrix (each
element 1 or −1) with A+ = AT (AAT )−1. When
i > n/2, the i-th scrounger has low fitness, has not
obtained food, and needs to fly elsewhere to forage
again.

Alerters play the role of sensing danger signals in
the environment. When they detect danger in their
surroundings, they can quickly respond and adjust
their positions. The position update rule is:

xt+1
i,j =


xtbest + η ·

∣∣∣xti,j − xtbest∣∣∣ , fi > fg,

xti,j +K ·

∣∣∣xti,j − xtworst

∣∣∣
(fi − fw) + ε

, fi = fg,

(6)

where xti,j is the current position of the i-th alerter in
dimension j, xtbest and xtworst are the current global best
and worst positions, η is a step-size control parameter,
K is a constant coefficient, fi is the fitness of the current
sparrow, fg and fw are the global best andworst fitness,
respectively, and ε is a very small constant that avoids
a zero denominator.

Prior to optimization, all input features are
standardized by Z-score normalization, as already
defined in Eq. (1).

2.2.3 Overall Framework and Optimization Process of
SSA-ML

SSA is a metaheuristic algorithm for optimizing ML
hyperparameters. The optimization process works
as follows. We first build the ML model and
define the hyperparameter search ranges. SSA then
generates a random population, where each sparrow
represents one set of hyperparameters. For each
set, the algorithm trains the model and evaluates its
performance. This performance score becomes the
fitness value. After calculating all fitness values, SSA
ranks the population accordingly. The high-fitness
sparrows become producers and lead the global
search. The low-fitness sparrows become scroungers
and search locally around the producers. A few
sparrows act as alerters to monitor risks and guide
the population away from danger. Through repeated
updates, the algorithm gradually converges to the
optimal hyperparameter combination. The overall
framework of the SSA-optimized ML modeling is
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illustrated in Figure 3. The final model is then ready
for validation and engineering applications.

When using SSA to tune RF, we focus on three key
issues: hyperparameter encoding, fitness function
definition, and search space design. Based on
RF characteristics, this paper designs a customized
strategy. The next subsection provides the detailed
implementation.

2.2.4 Parameter Settings and Optimization Process of the
SSA-RF Model

This subsection presents the specific implementation
of SSA for RF hyperparameter optimization. It
covers encoding, the fitness function, parameter
settings, search space, initialization, workflow, and
pseudo-code.

Hyperparameter Encoding and Fitness Function
In the SSA-RF model, each sparrow’s position
encodes a set of RF hyperparameters. We optimize
four hyperparameters: the number of decision
trees (n_estimators), the maximum tree depth
(max_depth), the minimum samples for splitting
(min_samples_split), and the minimum samples at a
leaf node (min_samples_leaf). The position vector is a
four-dimensional integer vector:

Xi = [ n_estimators, max_depth,
min_samples_split, min_samples_leaf ].

(7)

We define a fitness function to evaluate each
hyperparameter combination. The slope stability data
are typically imbalanced, with far more stable cases
than failed ones, and the AUC metric is insensitive to
both class imbalance and the classification threshold.
This study therefore uses the average AUC from 5-fold
stratified cross-validation as the fitness function. The
calculation steps are: (1) split the training set into
five subsets using stratified sampling; (2) for each
fold k = 1, . . . , 5, train the model on four subsets
and compute AUCk on the remaining subset; and (3)
average the five AUC values:

f(Xi) =
1

5

5∑
k=1

AUCk. (8)

This 5-fold cross-validation uses the data fully, ensures
an adequate training size, provides a stable evaluation,
and prevents overfitting.

SSA Parameter Settings Table 2 lists the SSA
parameter settings. A population size of 30 balances
diversity and computational cost. Fifty iterations
allow the algorithm to reach convergence. The safety
threshold ST = 0.8 controls the producer update
switching. The warning value R2 is random in [0, 1] at
each iteration. Producers are 20% of the population (6
individuals), and alerters are 10% (3 individuals).

Table 2. SSA algorithm parameter settings.

Parameter Symbol Value

Population size N 30
Maximum iterations T 50
Safety threshold ST 0.8
Warning value R2 Random in [0, 1]
Producer proportion ppro 20% (6)
Alerter proportion pale 10% (3)

Hyperparameter Search Space Table 3 shows the
search ranges. The number of decision trees controls
the scale of base learners: too few cause underfitting,
and too many increase cost. The maximum depth
limits complexity to avoid overfitting. A larger
minimum-samples-for-splitting value makes smoother
models, while a smaller minimum-samples-at-leaf
value captures subtle patterns but may overfit.

Table 3. Search space of hyperparameters.

Hyperparameter Symbol Range Step

No. of trees n_estimators [10, 200] 1
Max. depth max_depth [3, 50] 1
Min. split samples min_samples_split [2, 30] 1
Min. leaf samples min_samples_leaf [1, 20] 1

Initialization Strategy This study uses random
initialization for the population. Each parameter is
generated uniformly within its range. This covers the
search space broadly andprevents artificial bias toward
any region. Dispersing individuals across the domain
allows diverse exploration, which is critical early on:
it helps find promising regions before refinement,
supporting efficient convergence.

Figure 4 presents the detailed workflow of the SSA-RF
optimization process.

Pseudo-code of SSA-RF Algorithm 1 presents the
SSA-RF pseudo-code. It starts with population
initialization and fitness definition, then updates the
producer, scrounger, and alerter positions iteratively.
It stops when reaching the maximum number of
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Figure 4. Detailed workflow of the SSA-RF optimization process.

iterations and outputs the best hyperparameters and
the trained RF model. Parallel computing accelerates
the fitness evaluation, so the optimization finishes in
an acceptable time.

2.2.5 Model Evaluation Metrics
Evaluating the performance of the model is a core
step in verifying the effectiveness of the slope stability
classification model. For the binary classification
problem of stable versus failed, the evaluation metrics
selected in this study include accuracy, precision,
recall, F1 score, and AUC value, while visualization
is presented using the confusion matrix and the ROC
curve.

Confusion Matrix The confusion matrix is a
visual analysis tool for classification models. It
cross-compares the model’s prediction results with
the actual results, intuitively presenting the prediction
outcomes. Based on the confusion matrix, we can
calculate the following indicators to characterize the
model’s performance from different dimensions. In
this study, “Failed” is defined as the positive class.
These indicators include accuracy, precision, recall,
and the F1 score, each offering unique insights into the
model’s predictive capabilities. A detailed explanation
of these metrics, along with their calculation formulas,
is elaborated below.

1. Accuracy refers to the ratio of the number of samples
correctly predicted by the model to the total number
of samples, which reflects the overall prediction level
of the model. The calculation formula is:

Accuracy =
TP+ TN

TP+ TN+ FP+ FN
. (9)

2. Precision refers to the proportion of samples
predicted as failed by the model that are actually
failed, which measures the reliability of the model’s
prediction results for failure cases. The calculation
formula is:

Precision =
TP

TP+ FP
. (10)

3. Recall refers to the proportion of actually failed
samples that are correctly predicted as failed, which
measures the model’s ability to identify failed slopes.
The calculation formula is:

Recall = TP
TP+ FN

. (11)

4. F1 score refers to the harmonic mean of precision
and recall, which balances the trade-off between the
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Algorithm 1: SSA-RF: Optimizing Random Forest Hyperparameters with the Sparrow Search Algorithm
Input: Training set Dtrain = {(xi, yi)}Mi=1; population size N = 30; maximum iterations T = 50; safety

threshold ST = 0.8; producer ratio ppro = 0.2; alerter ratio pale = 0.1; lower bound lb = [10, 3, 2, 1];
upper bound ub = [200, 50, 30, 20]

Output: Optimal hyperparameter combinationXbest; optimal RF modelM∗ trained withXbest

begin
Generate an initial population of N individuals;
Xi = [n_estimators,max_depth,min_samples_split,min_samples_leaf ], each component uniformly
sampled from [lbj , ubj ];
Define fitness f(X) as the average 5-fold stratified CV AUC: f(X) = 1

5

∑5
k=1AUCk;

for i← 1 to N do
fi ← f(Xi);
Pbesti ←Xi, pbesti ← fi;
if fi > gbest then

Gbest←Xi, gbest← fi;
end

end
for t← 1 to T do

Sort individuals by fitness in descending order;
Npro = dN × pproe as producers;
Randomly select Nale = dN × palee as alerters;
Remaining individuals as scroungers;
Update producer positions according to Eq. (4);
Update scrounger positions according to Eq. (5);
Update alerter positions according to Eq. (6);
Clip each hyperparameter to [lbj , ubj ] and round to integers;
for i← 1 to N do

fi ← f(Xi);
if fi > pbesti then

Pbesti ←Xi, pbesti ← fi;
end
if fi > gbest then

Gbest←Xi, gbest← fi;
end

end
end
Xbest ← Gbest;
Train the final RF modelM∗ on the full training set using Xbest;
return Xbest,M∗;

end

two and reflects the comprehensive performance of
the model. The calculation formula is:

F1 =
2× Precision× Recall
Precision+ Recall

. (12)

The schematic diagram of the confusion matrix is
shown in Figure 5.

ROC Curve In addition to the confusion matrix
mentioned above, AUC (the area under the ROC
curve) is also an important indicator for evaluating
the performance of classification models. The vertical
axis of the ROC curve represents the True Positive
Rate (TPR), and the horizontal axis represents the
False Positive Rate (FPR). The closer the ROC curve
is to the upper-left region of the graph, the larger
the corresponding AUC value, indicating that the
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Figure 5. Confusion matrix diagram.

model has a better ability to distinguish between stable
and failed samples. The corresponding calculation
formulas are:

TPR =
TP

TP+ FN
. (13)

FPR =
FP

FP+ TN
. (14)

3 Results and Analysis of Slope Stability
Prediction

3.1 Descriptive Statistics
To clearly demonstrate the characteristics of the
prediction indicators in the selected sample dataset,
this study employs a combination of violin plot, box
plot, and scatter plot to visualize the six selected
prediction indicators, as shown in Figure 6. In these
plots, the violin plot shows the probability density
distribution of the data, with a wider belly indicating
a larger number of samples in that numerical interval;
the box plot displays the quantiles of the data, from
bottom to top representing the minimum, first quartile,
median, third quartile, and maximum; the scatter plot
represents the original data of each sample, showing
the dispersion and overlap of the data; and the top
of the plot annotates the sample mean and sample
standard deviation for each prediction indicator.

From Figure 6, it can be observed that γ, c, φ, α, and
ru are distributed across all intervals, and the shapes
of the violin plots are symmetric. The belly of γ is
widest in the interval of 18–20, the belly of c is widest
in the interval of 0–30, the belly of φ is widest in the
interval of 25–32, and the belly of ru is widest in the
interval of 0.2–0.5. This indicates that the slopes in the
dataset range from gentle to steep, covering the typical
parameter intervals of soil and rock slopes, which can

provide reliable data support for model generalization
in complex slope scenarios.

3.2 Sample Correlation Analysis
This study employs the Pearson correlation coefficient
(Pearson’s r) for correlation analysis, as shown
in Figure 7. The Pearson correlation coefficient
is a statistical measure that quantifies the linear
relationship between two continuous variables,
ranging from −1 to +1, where values close to ±1
indicate strong linear correlations, while values near 0
suggest a weak or no linear relationship. In the figure,
the flatness of the confidence ellipse represents the
strength of correlation between two variables; the red
straight line is the linear regression line fitted by the
least-squares method, which can intuitively show the
correlation between two variables; and the dispersion
and overlap of scatter points can also indicate the
strength of correlation between variables.

From Figure 7, it can be observed that the absolute
values of the correlation coefficients between γ and
other variables are all less than 0.15, and those between
ru and other variables are all less than 0.25. Only φ and
α (r = 0.595), φ andH (r = 0.464), and α andH (r =
0.402) show moderate positive correlations. These
moderate correlations are theoretically reasonable, as
steeper slopes (α) often involve greater heights (H) in
natural terrain, and both factors are intrinsically linked
to the internal friction angle (φ) through the geometric
and mechanical properties of the slope.

Overall, there is no high-strength correlation
(|r| > 0.8) among the variables, indicating that the
selected features are reasonably independent, possess
complex nonlinear characteristics, can effectively
avoid multicollinearity interference, and are suitable
for the construction of slope stability prediction
models. The absence of strong multicollinearity
ensures that each input feature contributes uniquely
to the model, enhancing both interpretability and
predictive stability.

3.3 Main Findings
3.3.1 Optimization Effects of Different ML Models by SSA
To evaluate the performance of different ML models
optimized by SSA for slope stability prediction, this
study selects accuracy, precision, recall, F1 score, and
AUC value as the core evaluation metrics. These
metrics comprehensively reflect the classification
capability of the models from various perspectives,
with AUC being particularly important for imbalanced
datasets such as slope stability cases. From Figure 8,
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Figure 6. Violin plot, box plot, and scatter diagram of the prediction indicators.

it can be seen that the SSA-RF combination performs
best, with only four samples misclassified. Among
them, two samples with an actual stable state were
misclassified as failed, and two samples with an
actual failed state were misclassified as stable. This
combination has the largest area under the ROC
curve (AUC = 0.985), indicating the most reliable
classification results. The superior performance of
SSA-RF can be attributed to the ensemble nature of
Random Forest, which effectively handles nonlinear
relationships and reduces overfitting, while SSA
successfully identifies the optimal hyperparameters
that balance model complexity and generalization.

The performance of the SSA-XGBoost combination
is slightly lower than that of SSA-RF, with a
total of five samples misclassified. XGBoost, as
a gradient boosting framework, also demonstrates
strong predictive capability, but its performance may
be more sensitive to certain hyperparameters that
were not fully explored within the given search
space or iteration limits. Nevertheless, SSA-XGBoost
still achieves competitive results, outperforming the
SVM-based counterpart.

Finally, the SSA-SVM combination has the highest

number of misclassified samples, reaching eleven,
and the smallest area under the ROC curve (AUC
= 0.890), showing the weakest performance among
the three combinations. This may be due to the
inherent limitations of SVM when dealing with
complex, high-dimensional slope data, or because the
SSA-optimized hyperparameters for SVM could not
fully compensate for the need for more sophisticated
kernel functions or feature transformations. Overall,
these results highlight the advantage of ensemble
methods (RF and XGBoost) over single classifiers such
as SVM in slope stability prediction, and demonstrate
that SSA is particularly effective when paired with RF.

3.3.2 Comparison of Model Performance Before and After
SSA Optimization

As shown in Figure 9, after introducing SSA to
optimize the three ML models, all key evaluation
metrics for slope stability prediction were improved,
demonstrating that SSA can effectively enhance the
accuracy of slope stability analysis. Specifically, for
Random Forest and XGBoost, accuracy, precision, and
recall all increased by varying degrees, with recall
showing the most notable improvement. For SVM,
the evaluated variants also demonstrated consistent
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Figure 7. Sample correlation analysis matrix.

improvements across all metrics, particularly in
accuracy.

These results indicate that SSA optimization not only
enhances overallmodel performance but also improves
the stability and reliability of predictions. The
consistent gains across different model architectures
further confirm the robustness and generalizability of
SSA as an effective hyperparameter optimization tool.
Overall, the findings confirm that SSA is a reliable
and effective method for optimizing machine learning
models in slope stability analysis.

3.3.3 Comparison of the Performance of RF Optimized by
Different Algorithms

As shown in Figure 10, RF is a highly advantageous
algorithm. When combined with different intelligent
optimization algorithms, all performance evaluation
metrics remain above 0.8000. Among them, the
LSO-RF combination achieves an accuracy of 0.8730,
precision of 0.8770, recall of 0.9800, F1 score of 0.9260,

and AUC value of 0.8680; the GA-RF combination
achieves an accuracy of 0.8410, precision of 0.8480,
recall of 0.9800, F1 score of 0.9090, and AUC value
of 0.9040; and the WOA-RF combination achieves
an accuracy of 0.8730, precision of 0.8770, recall
of 0.9800, F1 score of 0.9260, and AUC value of
0.8750, demonstrating excellent predictive capability
and serving as a reliable algorithm for slope stability
prediction tasks.

3.4 Summary of Findings
This study evaluates the performance of four
intelligent optimization algorithms (SSA, LSO, WOA,
and GA) in optimizing three machine learning models
(RF, XGBoost, and SVM) for slope stability prediction.
The main findings are as follows:

1. The SSA-RF combination performs best among
all 12 combinations, with an accuracy of 95.56%,
precision of 95.24%, recall of 95.24%, F1 score
of 95.24%, and AUC value of 0.9850. Only
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Figure 8. Comparison of performance indicators for three ML models optimized by SSA.

Table 4. Validation results of the SSA-RF model on 10 slope cases.

Input Parameters Validation Results
Natural Unit

Weight
(kN/m3)

Cohesion
(kPa)

Internal Friction
Angle (◦)

Slope Angle
(◦)

Slope Height
(m)

Pore Water
Pressure Ratio

Actual
State

Predicted
State

20.45 16 15 30 36 0.250 Failed Failed
27.00 70 22.8 45 60 0.320 Stable Stable
22.00 10 35 45 10 0.403 Stable Stable
20.00 20 36 45 30 0.503 Failed Failed
20.00 0.1 36 45 50 0.290 Stable Stable
20.00 0.1 36 45 50 0.503 Failed Failed
22.00 0 40 33 8 0.393 Failed Failed
24.00 0 40 33 8 0.303 Failed Failed
20.00 0 24.5 20 8 0.350 Stable Stable
18.00 0 30 33 8 0.303 Failed Failed

four samples are misclassified, demonstrating
excellent classification performance.

2. After introducing SSA to optimize the three ML
models, all key evaluation metrics are improved,
indicating that SSA can effectively enhance the
accuracy of slope stability analysis.

3. RF is a highly advantageous algorithm. When
combined with different intelligent optimization
algorithms, all performance metrics remain above
0.8000, making it a reliable choice for slope
stability prediction tasks.
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Figure 9. Performance comparison radar chart before and after SSA optimization.

Figure 10. Performance comparison of RF optimized by
different algorithms.

4 Discussion
4.1 Verifying the Engineering Applicability of the

SSA-RF Combination
To verify the engineering applicability of the
SSA-optimized RF model, this study selects 10
slope cases from the references for validation. The
validation results show that the prediction results of
the selected slope cases are consistent with the actual
states, which fully demonstrates that the SSA-RF
model has engineering applicability in slope stability
prediction and is a reliable prediction model. The
specific validation results are shown in Table 4.

4.2 Comparative Analysis of the Improvements in
This Study and Existing Research

Compared with existing studies, the improvements of
this study in applying SSA to optimize RF are mainly
reflected in the following two aspects:

1. Difference in optimization objects. Most
existing studies have employed SSA to optimize
Support Vector Machine or Kernel Extreme

Learning Machine. In contrast, this study
combines SSA with RF for slope stability
prediction. As an ensemble learning model, RF
exhibits stronger robustness to high-dimensional
nonlinear data, and the global search capability of
SSA effectively addresses the challenge of tuning
numerous RF parameters.

2. Setting of the fitness function. This study
adopts the average AUC under 5-fold stratified
cross-validation as the fitness function. Compared
with directly using training-set accuracy or
a single validation, this approach provides
a more stable evaluation of hyperparameter
generalization ability and avoids overfitting.
Compared with single-metric cross-validation
approaches used in prior studies [8], AUC is more
friendly to imbalanced data and more suitable for
slope stability prediction tasks.

5 Conclusion
1. SSA significantly improves the performance of

ML models. After introducing the intelligent
optimization algorithm SSA to optimize three
ML models (RF, XGBoost, and SVM), all key
evaluation metrics were enhanced, especially
the AUC value (area under the ROC curve).
The AUC values of SSA-RF, SSA-XGBoost, and
SSA-SVM are 0.985, 0.969, and 0.890, respectively,
and the SSA-RF combination misclassified only
four samples, indicating that SSA can improve
the accuracy and reliability of slope stability
prediction.

2. RF exhibits excellent performance in slope
stability prediction. After optimization with four
intelligent optimization algorithms (SSA, LSO,
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GA, and WOA), all key performance metrics of
RF remained above 0.8000, demonstrating that RF
is a reliable choice for slope stability prediction
models.

3. The SSA-RF combination is the optimal prediction
model. Among the threeMLmodels optimized by
SSA, the SSA-RF combination achieved the highest
AUC value of 0.985 with only four misclassified
samples. In the engineering applicability
validation, the prediction results of 10 slope
cases were consistent with the actual states,
demonstrating that the SSA-RF combination has
excellent engineering applicability and reliability
for slope stability prediction.
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