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A HYBRID ANN-FEM FRAMEWORK FOR HIGH ACCURACY SLOPE
STABILITY PREDICTION

Purpose. To develop a hybrid methodology that integrates Artificial Neural Networks (ANN) with Finite Element
Method (FEM) simulations for the rapid and accurate prediction of slope stability.

Methodology. A dataset of 1,000 FEM simulations was generated by systematically varying seven key input param-
eters: slope geometry (height and angle) and soil properties (cohesion, friction angle, unit weight, pore water pressure
ratio, and reinforcement type). An ANN model with a (7-10-1) feedforward architecture was trained on this data.

Findings. The model demonstrated exceptional predictive performance, achieving a near-perfect correlation coef-
ficient (R ~ 0.999997) and an extremely low mean squared error (MSE = 3.6828 - 107°), showing close agreement with
the FEM-computed factors of safety (FOS). A comprehensive sensitivity analysis based on analysis of variance identi-
fied the pore water pressure ratio as the dominant controlling parameter, contributing approximately 77 % to the vari-
ability of FOS, followed by cohesion with a contribution of about 13 %. Complementary correlation analysis revealed
that cohesion exhibits the strongest linear correlation with FOS (»=0.83), whereas the pore water pressure ratio shows
a relatively weak linear correlation, highlighting its pronounced nonlinear and interaction-driven influence on slope
stability. These results demonstrate that the proposed ANN—FEM hybrid framework provides a powerful, efficient,
and reliable tool for slope stability assessment and parametric analysis. The methodology is particularly well suited for
engineering applications requiring rapid decision-making, large-scale evaluations, and uncertainty analysis.

Originality. The core originality of this research is its development of a robust ANN—FEM hybrid framework ap-
plied to a large, systematically generated dataset of 1,000 slope simulations. Unlike many studies, it comprehensively
incorporates seven critical input variables, including the often underrepresented pore water pressure. Furthermore, its
scientific rigor is enhanced by a dual interpretability strategy that combines analysis of variance for quantifying pa-
rameter contribution and correlation heatmaps for distinguishing linear effects from nonlinear ones, providing deep-
er insight into slope stability mechanisms.

Practical value. This study provides engineers with a fast and reliable tool to predict slope safety in seconds instead
of running time-consuming FEM simulations, making it highly valuable for real-time decision-making and large
parametric studies. Practically, it also shows that controlling pore water pressure (through drainage) is the most effec-
tive risk-reduction strategy, while cohesion offers a predictable way to improve slope stability in design.
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Introduction. Slope stability analysis is a fundamental such as embankments, cut slopes, earth dams, and trans-

challenge in geotechnical engineering, with direct implica-
tions for the safety and sustainability of civil infrastructure

© Benayoun F., Feligha M., Rehab Bekkouche S., Boumezerane D.,
Moussaoui M., 2026

portation corridors. Slope failures can lead to severe hu-
man, economic, and environmental losses, making accu-
rate stability assessment a critical engineering requirement.

The stability of slopes is governed by a complex in-
teraction of geometric, mechanical, and hydraulic fac-
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tors. Parameters such as cohesion, internal friction an-
gle, unit weight, slope geometry, groundwater condi-
tions, and reinforcement interact in a highly nonlinear
manner. Traditionally, stability has been evaluated using
limit equilibrium methods (LEM) and numerical tech-
niques such as the finite element method (FEM). While
these approaches are physically grounded, their applica-
tion is often constrained by high computational cost,
complex model calibration, and the need for precise in-
put parameters that are inherently uncertain.

In recent years, artificial intelligence (Al) and machine
learning (ML) techniques, particularly Artificial Neural
Networks (ANNs), have emerged as powerful alternatives
for slope stability evaluation. These data-driven models
can capture complex nonlinear relationships between in-
put parameters and stability outcomes, enabling rapid and
accurate predictions of the factor of safety (FOS).

Previous research highlights the growing adoption of
ANN and hybrid approaches in slope stability. Verma,
et al. (2016) [1] proposed a pioneering hybrid FEM-
ANN model for rock slopes in the Himalayan region.
Building on this, Chakraborty and Goswami (2017) |2,
3] demonstrated the superiority of ANN over traditional
regression methods using data generated via the simpli-
fied Bishop method. Pandey, et al. (2022) [4] further
reinforced this approach, training deep learning models
on a dataset of 185 slopes simulated with finite differ-
ence methods in Northern India. Their results reaf-
firmed the superior predictive accuracy of ANNSs over
conventional regression techniques.

More recent studies have explored advanced architec-
tures and optimization algorithms. Huang, et al. (2023)
[5] applied Long Short-Term Memory (LSTM) networks,
while Khajehzadeh, et al. (2022) [6] combined ANN with
an enhanced Sine Cosine Algorithm for slopes under stat-
ic and dynamic loads. Similarly, Kasa, et al. (2024) [7]
reported that an ANN hybridized with the Imperialist
Competitive Algorithm (ANN-ICA) significantly out-
performed standalone models. Additional works by Ray,
et al. (2020) [8], Zhang and Wei (2025) [9], Wang, et al.
(2024) [10], Dutta, et al. (2024) [11], and Zhang, et al.
(2022) [12] have collectively validated the effectiveness
and robustness of Al-driven approaches for slope stability
prediction and parameter sensitivity analysis.

Despite these advances, most existing studies con-
sider a limited set of controlling parameters and often
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lack emphasis on model interpretability and the relative
influence of interacting factors. A notable limitation is
the inadequate representation of hydraulic effects, par-
ticularly pore water pressure, and its interaction with me-
chanical and geometric parameters. Furthermore, sensi-
tivity analyses are frequently based on a single technique,
which may fail to capture nonlinear and interaction-driv-
en effects, leading to incomplete interpretations.

To address these gaps, this study proposes a novel
hybrid ANN—FEM framework that integrates high-fi-
delity numerical simulations with advanced data-driven
modeling and a dual interpretability strategy. A compre-
hensive dataset of 1,000 FEM simulations was generated
by systematically varying seven key parameters: slope
height, slope angle, cohesion, internal friction angle,
unit weight, pore water pressure ratio, and reinforce-
ment type. This multi-parameter design enables a more
realistic and exhaustive exploration of slope behavior
than commonly reported.

Beyond predictive accuracy, the research introduces
a comparative sensitivity framework combining analysis
of variance-based contribution assessment with correla-
tion heatmap evaluation. This approach distinguishes
between parameters that dominate stability through
nonlinear and interaction effects and those with strong
linear relationships to the FOS. Special attention is giv-
en to the critical yet often underestimated role of pore
water pressure, whose influence may not be fully cap-
tured by correlation analysis alone.

The primary scientific contribution of this work lies
in integrating a physically grounded FEM dataset, a
high-accuracy ANN predictive model, and a transpar-
ent sensitivity framework. By explicitly contrasting cor-
relation and analysis of variance results within a unified
hybrid approach, this study advances the understanding
of slope stability mechanisms and provides a robust, ef-
ficient, and interpretable tool for engineering practice
and future research.

Methodology. The methodology integrates FEM
and ANN. The FEM model runs for multiple simula-
tions, and the results feed the ANN model for training.
The ANN rapidly analyzes data and generates predic-
tions without returning to the computationally intensive
finite element model. The ANN model also provides
parameter information for efficient sensitivity analysis.
Fig. 1 shows the general paradigm of the methodology.
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Fig. 1. General illustration of the proposed ANN-FEM integration for slope stability
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Parameter combinations and resulting FOS (20 of 1,000 cases was been shown)

Table 1

Unit . Internal Slope Slope . Reinforcement
No | Weight, Cohesion, Friction Angle, AngIl)e, Heig[;f[, Pore Water. Reinforcement Numerical
KN/m’ kPa o . m Pressure Ratio Type Type

1 18.7454 21.81384 38.24996 41.90723 | 18.45104 0.847237 Drainage 3

2 | 24.50714 19.98104 24.6128 32.96462 9.2668 0.494517 Geosynthetics 2

3 | 22.31994 12.92693 28.66599 58.22493 | 10.68617 0.195466 Retaining Wall 0

4 | 20.98658 32.327 36.58202 20.94892 13.1302 0.736642 Drainage 3

5 | 16.56019 | 26.44809 32.05223 39.39282 | 14.1644 0.418678 Soil Nailing 1

6 | 16.55995 | 43.95654 38.46428 45.0105 15.90178 0.594627 Geosynthetics 2

7 | 15.58084 | 6.444931 44.0302 51.27822 16.4957 0.107265 Geosynthetics 2

8 | 23.66176 | 33.97406 22.91367 30.34855 | 25.50724 0.631584 Retaining Wall 0

9 | 2101115 39.3327 37.73919 44.3461 | 27.93079 0.37355 Soil Nailing 1

10 | 22.08073 39.1769 25.7586 25.16007 | 18.89956 0.33419 Soil Nailing 1

11 | 15.20584 | 44.87333 30.36192 31.7738 | 45.82834 0.979916 Geosynthetics 2

12 | 24.6991 37.80652 20.82157 54.78136 | 29.89129 0.432431 Soil Nailing 1

13 | 23.32443 | 46.75145 23.39768 57.49538 | 40.43646 0.678038 Retaining Wall 0

14 | 17.12339 19.96955 27.99443 45.94087 | 46.5907 0.627728 Drainage 3

15| 16.81825 | 27.64442 28.54965 28.71759 | 12.34108 0.104304 Soil Nailing 1

16 | 16.83405 | 5.633585 42.48963 51.00289 | 24.25435 0.747928 Retaining Wall 0

17 | 18.04242 | 5.313091 38.54532 11.29335 | 24.49447 0.323159 Geosynthetics 2

18 | 20.24756 15.8057 44.30457 15.1373 20.95125 0.79894 Drainage 3

19 | 19.31945 | 9.536324 34.97679 43.06869 | 5.400764 0.607641 Retaining Wall 0

20 | 17.91229 16.70951 26.04284 24.56243 | 41.71874 0.317091 Drainage 3

Material properties. The seven inputs (Unit Because LHS is a continuous sampling method,

Weight, Cohesion, Internal Friction Angle, Slope An-
gle, Slope Height, Pore Water Pressure Ratio, Rein-
forcement Type) were fed into the ANN, which was
trained to predict the single output FOS. The Kaggle
database system served as the source for the research
dataset used in this study. Table 1 shows some repre-
sentative data.

Each finite elements run produced a FOS, and these
data were assembled into a training set for the neural
network.

The ranges of the seven input parameters used for
the slope stability analysis are presented in Table 2.

Design of computational experiments. The seven input
parameters were varied simultaneously using Latin Hy-
percube Sampling (LHS), rather than full factorial de-
sign. A full factorial design would require 27 = 128 simu-
lations (only extreme values, missing intermediate be-
haviors), 37 = 2187 simulations, or 4’ = 16,384 simula-
tions — all of which are computationally prohibitive.
LHS achieves uniform coverage of the 7-dimensional
input space with only 1,000 simulations, while capturing
nonlinear interactions between parameters (e.g., be-
tween pore water pressure and cohesion).

there is no fixed step size. However, the approximate
mean spacing for each continuous parameter is shown
in Table 2. Reinforcement type was treated as a categor-
ical variable with four discrete levels (Retaining Wall =0,
Soil Nailing = 1, Geosynthetics = 2, Drainage = 3), ran-
domly assigned across the 1,000 simulations.

After generating the 1,000 combinations, a filtering
step removed physically impossible combinations (e.g.,
very high cohesion combined with very high friction
angle in the same soil). Less than 2 % of the initial com-
binations were discarded. Each remaining combination
was then simulated using FEM to compute the corre-
sponding FOS.

ANN Architecture. The ANN model was selected af-
ter testing numerous architectures. A feedforward back-
propagation neural network was created using
MATLAB’s Neural Network Toolbox, consisting of 1
input layer with 7 neurons, 1 hidden layer with 10 neu-
rons, and 1 output layer with 1 neuron (Figs. 2 and 3). In
Fig. 3, Wand b denote the weights and biases, respec-
tively, which are learned during training.

Training protocol. The ANN is trained with the
training data, while the test dataset is used to verify its

Table 2
The value ranges for the seven input parameters

Parameter Range Spacing
Unit weight, v, kKN/m? 15.06—24.99 =~ (.01
Cohesion, C, kN/m? 5.10—49.91 ~0.045
Internal Friction Angle, o, ° 20.07—44.93 ~(.025
Slope angle, B, ° 10.01-59.94 =~ (.05
Slope Height, D, m 5.16—49.94 ~0.045
Pore Water Pressure Ratio 0.0006—0.9994 ~(.001
Reinforcement type Retaining Wall, Soil Nailing, Geosynthetics, Drainage Categorical
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Input Layer

Input Neuron 7

Fig. 2. Feed forward back-propagation neural network
architecture

S asl (3ol

Fig. 3. Architecture of the ANN

Output

predictive performance along with the validation datas-
et. In this study, 70 % of the total data is used for the
training dataset, 15 % for the test dataset, and 15 % for
validation. The Levenberg-Marquardt algorithm is used
to train the neural networks, and the mean square error
is minimized during the training process (This algo-
rithm typically requires more memory but less time).
Training automatically stops when generalization stops

Algorithms

Data Division: Random (dividerand)
Training:
Performance: Mean Squared Error (mse)
Calculations: MEX

Levenberg-Marquardt (trainim)

Progress
Epoch: 0 1000 iterations 1000
Time: 0:00:03
Performance: 104 [0 187606 || 0.00
Gradient: 240 | 641605 | | 1.00e-07
Mu: 0.00100 1.00e-06 1.00e+10
Validation Checks: 1] 0 6
Plots
Training State (plottrainstate)
Error Histogram (ploterrhist)
Regression (plotregression)
Fit (plotfit)
Plot Interval: ' 1 epochs
v Maximum epoch reached.
@ Stop Training @ Cancel

Fig. 4. Results of Training Data

improving, as indicated by an increase in the mean
square error of the validation samples. Dataset errors
were determined after network training, using the mean
square error (MSE) to measure errors. The test set errors
provide an indication of the network’s performance.

Findings. The training results (Fig. 4) show that the
best performance is 1.04, with a performance error of
1.87 - 10°, significantly lower than the target error of 0.001.
The gradient value was 2.40, with a training gain (Mu) of
10°. One validation check was recorded. For 1,000 epoch
iterations, the computation time was three seconds.

The performance evaluation plot (Fig. 5) shows the
training algorithm’s progress. The objective was met by
minimizing MSE to 3.6828 - 107 at 1,000 epochs. The
test set MSE values shown in Fig. 5 were computed at
each epoch using the current model state, but these val-
ues did not influence weight updates or early stopping
decisions. The test set was kept completely unseen dur-
ing training and used only for independent performance
monitoring. This is standard practice for assessing gen-
eralization across epoch.

Best Validation Performance is 3.6828e-06 at epoch 1000

MSE Before Training

Train
Validation
Test
Best

102

Mean Squared Error (mse)

MSE After Training

0 100 200 300 400 500 600 700 800 900 1000
1000 Epochs

Fig. 5. Performance plot of the developed neural network
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Fig. 6. Targeted and output factor of safety by ANN for
training, validation and test data
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In this graph (Fig. 5), the blue line indicates the
training state, while the green and red lines indicate the
validation and testing states. The dashed black line indi-
cates the most expected output state.

Mean square errors plotted against epochs during
optimal network training show values close to zero, in-
dicating good estimators.

Fig. 6 was generated after training completion. For
each training sample (n = 700), the predicted FOS from
the trained ANN is plotted against the target FOS from
FEM simulation. The red diagonal line (Y= T) indicates
perfect prediction. This plot is a post-training visualiza-
tion and does not influence the training process. The high
performance of the trained neural network is confirmed
by the correlation coefficient R being very close to 1 (ap-
proximately 0.99999). The convergence of the regression
output and target results is also evident from Fig. 7, which
is a testament to the network’s robust performance.

Regression Values (R) measure the correlation be-
tween outputs and targets. An R value of 1 means a close
relationship, 0 — a random relationship. Mean Squared
Error is the average squared difference between outputs
and targets. Lower values are better. Zero means no error.

1 Y ~
MSE =—S"(y, - y.)%. 1
N;(y, y;) (1)

Equation (1) shows the mathematical formulation of
MSE, where y is the measured value; y is the predicted

value; N is the number of the sample [13].
To demonstrate the excellent predictive performance
of the model, Table 3 summarizes the key metrics of R
and MSE for the training, validation, and testing datasets.
The error histogram (Fig. 7) shows most errors gath-
ered around zero, confirming appropriate training
method selection and acceptable outcomes.

Table 3
The values of R and MSE in different states
Samples MSE R
Training 700 1.86500 - 107 0.999997
Validation 150 3.68283 - 1076 0.999995
Testing 150 2.59457 - 10°° 0.999996
Overall 1,000 2.28016 - 10°° 0.999997
Error Histogram with 20 Bins
450 I Training
[ validation

Instances

DN © F N = NN MO T DT MW O 0 D -
W W W O O VO O N MW © O D v« O F O O O
W S O N - O N N N AN AN N N MO MO «~ N ™
©O O O O O O O = N O F LV O NN O D v v v«
989569995 3939838888Sg8g99c9o¢9
O 0o oo o Q9 Qe 9 9 Qg9 o5 oo o
o 1o 0 Q O 0O o o o o

Errors = Targets - Outputs

I Test

Zero Error

Fig. 7. Error histogram for training, validation and test-
ing for FSO
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Gradient = 6.41e-05, at epoch 1000

Mu = 1e-06, at epoch 1000
T T T T T

S

Validati%Checks =0, at epoch 1000
T T T T

10°

gradient

[

val fail

00

1000 Epochs

Fig. 8. Plotting the gradient values, mu and validation fail

Fig. 8 shows gradient values, mu, and validation fail
parameters. The calculated gradient value of 6.41 - 107
at epoch 1,000 indicates minimal error contribution
from each neuron. The momentum gain of 107° shows
the network’s high predictive ability.

Prediction accuracy. Table 4 compares PLAXIS-de-
rived FOS to ANN-predicted FOS for 50 sample runs

The results compare the FOS calculated using two
different methods: the Finite Element Method, and Ar-
tificial Neural Network, which is a predictive model.
The primary goal is to assess the accuracy and reliability
of the ANN model in predicting the FOS.

The ANN model demonstrates high accuracy, with
prediction errors for the Factor of Safety generally falling
within a 0—1.98 % range; most errors are below 0.5 % in
absolute value, and for runs where the finite element
method yields a FOS of 3.0 or less, the ANN predictions
are consistently very close to the reference results, with
only a small number of cases showing slightly larger but
still reasonable errors between 0.5—1 %.

Fig. 9 shows predicted data largely coinciding with
target data from finite element analyses, validating
ANN’s ability to quickly estimate slope safety factors.

From Fig. 9, the red line indicating the predicted
data which largely coincides with the blue line indicat-
ing the target data obtained from the finite element
analyses.

Fig. 10 presents the values of the coefficient of deter-
mination R?, which validate the performance of the
ANN model predictions. The obtained R?> value of
0.9995 indicates that the ANN model has a high ability
to predict FOS values from the data used in the 2D FEM
analysis, and highlights a strong correlation between the
ANN results and the 2D FEM targets [14].

FOS gy and FOS .y is presented in Table 4.

Sensitivity analysis. Table 5 shows the results of the
sensitivity analysis, which quantifies the relative influ-
ence of each input parameter on the predicted Factor of
Safety. The analysis reveals that Pore Water Pressure
Ratio is the overwhelmingly dominant driver, account-
ing for 76.93 % of the variation in FOS predictions. This
single parameter has more influence than all other fac-
tors combined. Among the secondary parameters, Co-
hesion (C) is the most significant, contributing 12.97 %,
followed by the Internal Friction Angle (¢) at 4.62 %.
The other geometric and material parameters: Unit
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Table 4

FEM vs. ANN comparison (50 of 1,000 cases
was been shown)

Run | FOS (FEM) FOS (ANN) | % Error (FOS)
1 2.613692 2.6079 —-0.22159
2 2.241626 2.2467 0.226338
3 1.568244 1.5624 -0.37262
4 3 3 0
5 3 2.9985 -0.05
6 3 3 0
7 1.545751 1.5438 -0.12625
8 3 3 0
9 3 3 0
10 3 3 0
11 3 3 0
12 3 3 0
13 3 3 0
14 2.15683 2.164 0.332432
15 3 3 0
16 1.095687 1.0941 —0.14483
17 1.54164 1.542 0.023346
18 2.506546 2.4961 -0.41676
19 1.385018 1.3869 0.135879
20 2.134876 2.1383 0.160389
21 1.482568 1.4788 —0.25414
22 0.877753 0.86033 —1.98492
23 3 3 0
24 0.991259 0.98419 -0.71313
25 3 3 0
26 1.441251 1.4421 0.058889
27 3 3 0
28 3 3 0
29 3 3 0
30 3 3 0
31 1.104977 1.1064 0.128818
32 3 3 0
33 3 3 0
34 3 3 0
35 3 2.9998 —-0.00667
36 2.928341 2.9349 0.22399
37 3 3 0
38 2.21411 2.2187 0.207322
39 3 3 0
40 1.312585 1.3165 0.29826
41 3 3 0
42 1.935005 1.9344 -0.03127
43 2.399988 2.4017 0.071316
44 3 3 0
45 3 3 0
46 3 3 0
47 2.142138 2.1452 0.142947
48 0.640311 0.65296 1.9754
49 3 3 0
50 3 3 0

Weight (y), Slope Angle (), Slope Height (D), and Re-
inforcement Type have minimal individual influence,
each contributing less than 2.1 %.

Therefore, while soil strength (C, ¢) and geometry
are relevant, the model’s predictions are primarily and

Plotting FOS (FEM) data with predicted (ANN)

FSO FEM

e Predicted data ANN

05

0 5 10 15 20 25 30 35 40 45 50 S5 60 65 70 75 8 8 90 95 100 105

Number of experiments

Fig. 9. Plotting FOS (FEM) data with predicted (ANN)

Coeffient of determination (R?=1)

3.5
3 y=10:9995x+0.001
= 25 RZ=1
Z 2
(%]
E 1.i
0.5
0
0 0.5 1 1.5 2 2.5 3 3.5
FOS FEM

Fig. 10. Coefficient of determination between values ob-
tained by ANN and FEM

Table 5
Contribution of parameters
Parameter Contribution %
Unit weight, y 2.08
Cohesion, C 12.97
Internal Friction angle, @ 4.62
Slope angle, B 1.16
Slope Height, D 0.67
Pore Water Pressure Ratio 76.93
Reinforcement type 1.56

decisively sensitive to changes in pore water pressure
conditions.

The pore water pressure ratio has the highest contri-
bution (=77 %) to the factor of safety, making it the most
influential parameter in this dataset. Even a small change
in this parameter causes a dramatic shift in the FOS.
This is perfectly consistent with soil mechanics princi-
ples: water pressure reduces the effective stress in the
soil, which drastically diminishes shear strength and,
consequently, the FOS. Cohesion follows with about
13 %, while the other parameters (friction angle, unit
weight, and reinforcement type, slope angle, slope
height) have relatively minor effects on slope stability.

Correlation analysis (Heatmap). Fig.11 presents the
correlation heatmap which displays the relationship be-
tween geotechnical parameters (unit weight, cohesion,
angle of internal friction, angle of slope, height of slope,
pore pressure ratio, number of reinforcements) and fac-
tor of safety.
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Unit Weight (kN/m?)

Cohesion (kPa)
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Pore Water Pressure Ratio
Reinforcement Numeric

Fig. 11. Correlation heatmap of geotechnical parameters and slope safety

The most pronounced positive correlation, at 0.83,
exists between cohesion and the FOS, indicating that
soils with higher cohesion significantly enhance slope
stability.

Meanwhile, the internal friction angle (¢) shows a
modest positive correlation of 0.14, suggesting that in-
creases in ¢ only marginally improve the FOS.

Other parameters such as unit weight, slope angle,
slope height, pore water pressure ratio, and reinforce-
ment type exhibit very weak or negligible correlations
(7] < 0.12), implying limited direct influence on FOS in
this dataset.

Overall, the strong positive impact of shear strength
parameters underscores their critical role in stabilizing
slopes [15]. On the other hand, negative correlations
(such as slope height, slope angle, and pore pressure)
reflect destabilizing effects: steeper or taller slopes am-
plify driving forces, while higher pore pressures reduce
effective stress and thus shear resistance, there by un-
dermining slope safety.

Comparison and Synthesis sensitivity analysis and cor-
relation analysis heatmap (Table 6).

The sensitivity analysis based on analysis of vari-
ance and the correlation analysis provide complemen-

tary, rather than contradictory, insights into the influ-
ence of input parameters on slope stability. Each meth-
od captures a different aspect of the relationship be-
tween the geotechnical variables and the predicted
Factor of Safety.

The analysis of variance-based sensitivity analysis
quantifies the relative contribution of each input param-
eter to the variance of the predicted FOS within the
ANN model, accounting for linear effects, non-linear
behavior, and interactions between variables. The results
indicate that the pore water pressure ratio is the most
influential parameter, contributing approximately 77 %
of the total variance. This highlights its critical role as
the primary driver of slope instability, where even small
variations can induce large and non-linear changes in
the FOS. Cohesion follows as the second most influen-
tial parameter, with a contribution of about 13 %, while
the remaining parameters exhibit comparatively minor
contributions.

In contrast, the correlation analysis evaluates only
the strength of linear relationships between individual
parameters and the FOS. From the correlation heat-
map, cohesion shows the strongest positive linear cor-
relation with FOS (r = 0.83), indicating a direct and

Table 6

Comparison and Synthesis sensitivity analysis and correlation analysis heatmap

Feature Sensitivity Analysis

Correlation Analysis (Heatmap)

Interpretation for
Pore Water Pressure

High Importance (=77 %): It is the most

main driver of changes in FOS

“influential” or “sensitive” parameter. It is the

Weak Correlation (= —0.11): Its effect on FOS is not
a simple straight line. It is complex and non-linear

Interpretation for
Cohesion

influential parameter

High Importance (=13 %): The second most

Strong Correlation (0.83): Its effect on FOS is linear
and direct. It is a reliable, predictable predictor
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predictable stabilizing effect. Conversely, the pore water
pressure ratio exhibits a weak negative linear correlation
(r=-0.11), despite its dominant contribution in the sen-
sitivity analysis.

This apparent discrepancy is not contradictory but
rather reveals the fundamentally different roles of the
parameters. The pore water pressure ratio influences
slope stability primarily through complex, non-linear
mechanisms and interactions with other variables,
which are effectively captured by the analysis of vari-
ance-based sensitivity analysis but not by simple linear
correlation. In contrast, cohesion acts as a reliable and
linearly predictable parameter, making it an effective
design variable for systematically improving slope sta-
bility.

Overall, the combined use of sensitivity analysis and
correlation analysis enhances the interpretability of the
ANN model by distinguishing between parameters that
are highly sensitive and risk-critical (such as pore water
pressure) and those that exert a strong and predictable
stabilizing influence (such as cohesion). This dual per-
spective provides a more comprehensive understanding
of slope stability mechanisms and supports more in-
formed engineering decision-making.

Conclusion. This study successfully developed and
validated a hybrid ANN—FEM computational frame-
work for slope stability analysis that combines the phys-
ical rigor of the Finite Element Method with the predic-
tive efficiency of Artificial Neural Networks. A 7-10-1
feed-forward backpropagation ANN was trained using a
comprehensive dataset of 1,000 FEM simulations and
demonstrated outstanding predictive performance,
achieving a near-perfect correlation coefficient
(R ~ 0.999997) and a very low mean squared error
(MSE = 3.6828 - 107°). These results confirm the mod-
el’s ability to accurately reproduce FEM-derived factors
of safety while reducing computational time from hours
to seconds, making it highly suitable for rapid assess-
ments and large-scale parametric studies.

Sensitivity results indicate that slope stability within
the investigated parameter ranges is predominantly gov-
erned by pore water pressure conditions, followed by soil
cohesion, while geometric parameters such as slope an-
gle and height exert a comparatively smaller influence.
From an engineering perspective, these findings high-
light the critical importance of groundwater manage-
ment and effective drainage systems as primary risk-
mitigation measures. At the same time, improvements
in soil cohesion provide a reliable and practical means of
enhancing slope stability during design and reinforce-
ment planning.

Overall, the proposed ANN—FEM framework offers
an efficient, accurate, and interpretable tool for rapid
slope safety evaluation and informed engineering deci-
sion-making. By enabling both high-fidelity prediction
and clear prioritization of key stability drivers, the meth-
odology represents a valuable contribution to modern
geotechnical practice. Future extensions to three-di-
mensional configurations and dynamic loading condi-
tions are expected to further expand the applicability of
the proposed approach.
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Meta. Po3pobka riopuaHOT METOIMKHU, IO TOEI-
Hye IITYy4YHi HelipoHHi Mepexi (ANN) i3 MoaemoBaH-
HSIM MeTomoM cKiHYeHHmMX ejeMeHTiB (FEM) 3amis
IIBUAKOTO i BUCOKOTOYHOTO ITPOTHO3YBaHHS CTiliKOC-
Ti CXMITIB.

Metoauka. byno cdopmoBaHO Habip HaHUX, LIO
mictuB 1 000 pe3ynbTaTiB MOAEIIOBAHHS METOIOM KiH-
LIEBUX €JIEMEHTIB, IIUISIXOM CUCTEMaTUYHOI 3MiHM CeMU
OCHOBHUX BXiIHUX MapaMeTpiB: reoMeTpii cxuiy (BU-
coTa i1 KyT HaxXuJjy) Ta BJIaCTUBOCTEl I'PYHTY (KOre3is,
KyT TepTs, MUTOMA Bara, Koe(@illieHT MOPOBOIro TUCKY
i Tunt apmyBaHHs). Ha ocHOBI 1Mx naHux Oyno HaBue-
HO MOJeJib IUTYYHOI HeMPOHHOI MepexXi 3 apXiTeKTy-
poI0 IIPSIMOTO MoIupeHHs curHany (7-10-1).

PesymbTaT. Monmenb mpoaeMOHCTpyBaia BUHSTKO-
BY IIPOTHOCTUYHY ¢(PEKTUBHICTD, TOCATHYBIIN Maiike
ineanpHOrO KoedirienTakopensiii (R~0,999997) iHan-
3BUYAlfHO HU3BKOI CEPEeTHbOKBAJPATUYHOI TTOXUOKU
(MSE = 3,6828 - 107), 1110 CBiTYMUTB PO BUCOKY 30iX-
HicTb i3 KoediuieHTamu 3amnacy criiikocti (FOS), po3-
paxoBaHUMU MeToaoM KiHueBux enemeHTiB (FEM).
KommnekcHuit aHali3 4YyTJIMBOCTiI, 3aCHOBaHMII Ha
JUCIIePCiiHOMY aHaJji3i, BUBHAUMB KOE(DIlliEHT MOpPo-
BOTO THUCKY SIK TOMiHYIOUMI KOHTPOJIOIOUMI Tapa-
MeTp, 110 3abe3neuye npubiausHo 77 % sapiarii Koedi-
mieHTa 3aracy criiikocti FOS, 3a axkuM citigye Koresist
i3 BHECKOM Oyin3bKO 13 %. JlomaTKoBuMii KOpensIinHuiA
aHaJli3 Mmokas3aB, 10 KOre3isl IeMOHCTPYE HalCUJIbHI-
11y JIiHIiHY KOpessuiio 3 KoedillieHTOM 3aracy CTiii-

kocti FOS (r = 0,83), Toai sik KoedillieHT MOPOBOro
TUCKY JEMOHCTPYE BiTHOCHO CJIaOKy JIiHilAHY KOpesi-
Li10, IO MiAKPECII0E MOro BUPAXKeHUIA HEJIiHIHHUI Ta
00YMOBJIEHUI B3aEMOJII€I0 BIUIMB Ha CTIKiCTh CXUITY.
Ili pe3ynbratu cBigyaTh IPO Te, IO 3aIPOIIOHOBaHA
riopunHa moaenb ANN—FEM e noty>xxHuM, eheKTuB-
HUM i HaZiiHUM iHCTPYMEHTOM JJIs1 OLiHKU CTilKOCTi
CXWJIiB i mapameTrpuuyHoro aHamizy. Lls meromosorist
0C0011MBO 100pe MiAXOAUTH ISl iHXKEHEPHUX 3aBlIaHb,
1110 BUMAraroTh HIBUIKOIO MPUAHSTTS pillleHb, MacIll-
TaOHUX OLIIHOK i1 aHaJli3y HEBU3HAYEHOCTI.

HaykoBa HoBu3Ha. OCHOBHOIO HAayKOBOIO HOBM3-
HOIO TOC/IIIXKEHHS € po3po0Ka HalliitHOi ridpuaHOI MO-
IIeJli Ha OCHOBI IITYIHUX HelpoHHUX Mepexk (ANN)
i Metony cKkiHueHHux ejaeMeHTiB (FEM), mobynoBaHoi
Ha BEJIMKOMY CHUCTEeMaTU4YHO C(hOpPMOBAHOMY MaCHUBi
nmaHux, 1o Bkimoygae 1 000 mogeneit cxmiB. Ha BigMiny
Bim 6araTboX JOCJiIKEHb, Y HhOMY BC€OiYHO BpaxoBa-
HO CiM KJTIOUOBMX BXiIHUX 3MiHHUX, 30KpeMa TUCK M0~
poBoi Boau. Kpim Toro, HaykoBa OOI'PYHTOBAaHiCTb
LILOTO MiAXOMY MiAKPITIIOETHCS CTpaTeri€lo MoABIHOT
IHTEepIIpeTallii, 110 MOENHYE aHaIi3 IUCTIEPCil IS Kilb-
KiCHOI OLIIHKM BHECKY IMapaMeTpiB i TETJIOBi KapTH KO-
peJIsILLil 11 pO3pi3HEHHS TiIHIHHUX i HeJTiHIHHUX edek-
TiB, 1110 Ta€ 3MOTY IJIMOIIIE 3pO3YMIiTH MEXaHi3MU CTiii-
KOCTi CXWJIiB.

IIpakTiyna 3naunMicTh. Lle nociimkeHHs Hamae iH-
XKeHepaM IIBUAKUI i HamiAHUI iHCTPYMEHT IJIsI TIpO-
THO3YBAaHHS CTIMIKOCTi CXUJIiB 32 JIiU€Hi CEKYHIU 3aMiCTh
MPOBEICHHSI TPUBAJIUX MOJE/IIOBAaHb METONOM KiHIle-
BUX €JIEMEHTIB, 1110 pOOUTh HOro HaA3BUYAHO LIIHHUM
JIJIS TIPUAHSITTS pillleHb y peXuMi peajbHOro vacy Ta
MPOBEIEHHS MAaCIITAOHUX MapaMeTpUYHUX JTOCHi-
IKeHb. Ha TpakTulli BOHO TaKOX JEMOHCTPYE, 110 pe-
T'YJIIOBAaHHS MIOPOBOTO TUCKY (32 JOMTOMOTOI0 APEHAXY)
€ Haile(PeKTUBHIILIOIO CTpaTeTi€l0 3HWXXEHHST PU3HKIB,
TOJi SIK KOre3ist 3a0e31e4ye mporHo30BaHu CITOCiO TTif-
BUILEHHS CTIKOCTi CXWJTiB Ha eTarli MPOEKTYBaHHSI.

KmouoBi cioBa: cmiiikicms cxunie, KopeaayiiHuil
ananiz, memoo ckinuennux esemenmie (FEM), wmyuna
Heiiponna mepexca (ANN)
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