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Abstract

Accurate and scalable estimation of rock shear strength parameters is essential for remote-
sensing-supported geological hazard assessment, slope stability evaluation, and engineer-
ing geological mapping. However, determining cohesion and internal friction angle re-
quires multiple triaxial tests under different confining pressures, which are time-consuming,
costly, and difficult to apply widely. To support remote-sensing-oriented geoscience and
civil engineering applications, this study develops a hybrid machine learning framework
for estimating cohesion and internal friction angle from geophysical and mechanical in-
dicators. A cross-source database was compiled from published rock records collected
from the Jinchuan mining area in China and the Luhri area in India. After completeness
screening and unit harmonization, 213 mixed-lithology cases were retained for modeling,
with P-wave velocity, density, uniaxial compressive strength, and tensile strength used
as input variables. An Equilibrium Optimizer was coupled with a multilayer perceptron
to optimize the network weights and biases, and model performance was evaluated us-
ing five-fold cross-validation, independent testing, repeated runs, and comparisons with
conventional MLP and several typical machine learning models. The proposed EO-MLP
model achieved high prediction accuracy, with test-set coefficient of determination values
of 0.946 for internal friction angle and 0.983 for cohesion and corresponding RMSE values
of 1.072 and 0.671, respectively. Robust scaler normalization produced the best performance
among the three tested normalization strategies. SHapley Additive exPlanations analysis
indicated that density was the dominant predictor of cohesion, whereas uniaxial compres-
sive strength and P-wave velocity made the largest contributions to internal friction angle
prediction. The proposed framework provides an indirect data-driven tool for estimating
shear strength parameters and can complement engineering-geological investigation and
rock engineering design.

Keywords: rock shear strength; equilibrium optimizer; geophysical parameters; machine
learning; data-driven prediction

1. Introduction

Rock materials often serve as critical load-bearing components in major infrastructure
systems, and their mechanical responses play a pivotal part in maintaining the operational

Appl. Sci. 2026, 16, 7569

https:/ /doi.org/10.3390/app16157569


https://crossmark.crossref.org/dialog?doi=10.3390/app16157569&domain=pdf&date_stamp=2026-07-30
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-5924-5163
https://doi.org/10.3390/app16157569

Appl. Sci. 2026, 16, 7569 20f19

safety and long-term stability of structures [1,2]. Typically, rock masses are not only inher-
ently flawed with internal defects such as microcracks and voids but are also frequently
subjected to various external influences, including multi-source disturbances and environ-
mental factors [3,4]. As a result, they exhibit pronounced anisotropy and heterogeneity.
Under extreme loading conditions or in high-risk environments, including deep tunnels,
steep rock slopes, or geological repositories for nuclear waste, even localized instability
within the rock mass can rapidly evolve into through-going failure under stress, potentially
triggering large-scale structural collapse [5]. Cohesion (c) and internal friction angle (¢) are
two fundamental indices used to characterize the shear strength parameters [6]. These pa-
rameters are widely employed in slope stability analysis, underground excavation design,
and geohazard forecasting [7]. ¢ reflects resistance mobilized along the shear plane, and
c represents the bonding strength between rock particles. Inaccurate estimation of these two
parameters may lead to erroneous stability assessments and increased risks [8]. Therefore,
developing predictive models that reliably estimate the ¢ and c is essential for improving
the reliability of geotechnical assessments and supporting structural optimization in rock
engineering applications [9,10].

Over the past few decades, the shear characteristics of rock materials have been ex-
tensively investigated [11]. As shown in Figure 1, ¢ and ¢ are commonly determined from
triaxial compression tests using the Mohr—Coulomb failure envelope. c corresponds to the
intercept on the envelope, while ¢ is derived from the slope of the envelope. Although this
method is widely regarded as a standard approach, it faces significant practical limitations.
In many engineering scenarios, difficulties in specimen preparation, limitations in testing
precision, and challenges in reproducing in-situ stress conditions lead to high costs and limited
data representativeness [12]. To overcome these limitations, numerous empirical approaches
have been proposed to estimate ¢ and ¢ from readily available rock properties. For example,
Edimann et al. [13] assessed the feasibility of estimating ¢ and c using uniaxial compressive
strength (UCS), porosity, and other properties in the absence of triaxial test results. Hajdar-
wish [14] investigated mudrocks and employed both bivariate and multivariate regression
analyses to quantify the relationships between ¢/c and key index properties, including slake
durability index, specific gravity, absorption, void ratio, and liquid limit. Recently, Karakul
and Ulusay [15] developed a predictive model for the ¢ based on theoretical tensile strength
and UCS, demonstrating improved predictive performance over traditional approaches. How-
ever, despite their simplicity and computational efficiency, such empirical models are often
limited to specific lithologies and fail to capture the nonlinear behavior induced by material
heterogeneity under complex loading conditions. Therefore, developing alternative predictive
approaches that are more robust, generalizable, and capable of capturing complex mechanical
behavior remains an important research direction.
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Figure 1. Regression-based determination of ¢ and c from triaxial test data.
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Machine learning (ML) methods offer strong adaptability and generalization capabil-
ity for engineering prediction tasks involving high-dimensional, nonlinear, and strongly
coupled geotechnical parameters [16,17]. Unlike traditional techniques, machine learning
methods can efficiently capture complex dependencies between mechanical characteristics
and multiple factors, enabling fast prediction of key parameters [18,19]. For example, Shen
and Jimenez [20] proposed a genetic programming-based model for estimating ¢ and
¢ from UCS and tensile strength in the absence of triaxial test data. The model exhibited
high prediction accuracy when compared with both traditional regression models and
triaxial test results, offering an efficient and cost-effective solution for early-stage projects
or cases with limited experimental conditions. In another study, Shahani et al. [21] applied
various advanced ML models including lasso regression, ridge regression, and decision
trees to develop predictive models for ¢ and ¢. Their study demonstrated the feasibility
of the ML approach; however, the chosen base learners were not subjected to systematic
hyperparameter optimization. More recently, Li et al. [22] constructed ML models with
five ensemble-tree algorithms to predict ¢ and ¢, and employed Bayesian optimization
to tune model hyperparameters, thereby improving predictive accuracy. Despite these
advances, further improvements in optimization efficiency and robustness remain desir-
able. In this context, hybrid predictive frameworks that combine metaheuristic algorithms
with machine learning models have attracted increasing attention because of their strong
capability to capture complex nonlinear relationships and to improve predictive accuracy
and generalization across different datasets.

Most existing studies rely on single-lithology or relatively homogeneous datasets
with random splits, which may overestimate model generalization in engineering scenar-
ios. To address this limitation, a mixed-lithology, cross-source dataset covering diverse
lithologies and multiple experimental protocols was assembled in this study. Based on this
database, an efficient and robust predictive framework was developed by integrating the
Equilibrium Optimizer (EO) with a Multilayer Perceptron (MLP). The proposed framework
was evaluated to assess its predictive accuracy and generalization capability. The results
provide a reliable data-driven tool for parameter estimation in civil engineering and offer
methodological support for the further development of intelligent prediction techniques.

2. Dataset and Preprocessing
2.1. Data Gathering

In practice, the use of open and representative datasets improves the transparency
and scientific value of data-driven studies [23,24]. Accordingly, this study compiled a
comprehensive database consisting of 611 representative cases from the Jinchuan mining
area in China and the Luhri area in India, based on previously published studies [22,25]. As
illustrated in Figure 2, the database encompasses a variety of rock types, including quartzite,
limestone, quartz mica schist, and slate. The inclusion of samples from two geographically
distinct regions increases the variability of both the input variables and the target parame-
ters. This provides a broader basis for examining the relationships among rock physical
properties, mechanical characteristics, ¢, and c under different lithological conditions. The
studies [22,25] reported extensive laboratory experiments such as uniaxial compression
tests, Brazilian tensile tests, triaxial compression tests, and velocity measurements used to
determine the corresponding mechanical characteristics. To prepare this database, records
were screened for completeness: among the 597 cases reported in Ref. [25], 199 met the
six-variable (P-wave velocity, density, UCS, tensile strength, ¢ and c) requirement and were
retained; an additional 14 complete cases were incorporated from Ref. [22]. After merging
and unit harmonization, the final modeling database comprised 213 cases.
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Figure 2. Representative microphotographs of specimens used for modeling [25].

2.2. Data Analysis and Normalization

In ML modeling, the representativeness and quality of the database play a critical role in
model performance [26,27]. Prior to model development, a statistical analysis was performed
on the compiled database to examine the distribution characteristics of each variable and to
support subsequent data preprocessing. Table 1 summarizes the key statistical descriptors
of all variables, including the coefficient of variation (CV), Median (Med) and mean absolute
deviation (Mad). They help identify potential differences in scale and distribution among the
variables before model training. As shown in Table 1, both the input and output variables
exhibit nonzero skewness, indicating asymmetric data distributions. The negative kurtosis
values further suggest that the distributions are relatively flat and dispersed.

Table 1. Detailed statistics of the database.

Number Standard Deviation Skewness Kurtosis CVv Mad Med

P-wave velocity 213 1095.590 —0.073 —0.908 0.250 921.597 4259.38
Density 213 0.101 —0.130 —0.163 0.038 0.081 2.67
ucs 213 56.584 0.346 —0.884 0.461 46.920 116.6
Tensile strength 213 7.316 0.240 —0.820 0.481 6.000 14.9
C 213 5.286 0.485 —0.262 0.281 4.263 18.39
o) 213 4.348 —0.045 —0.868 0.128 3.673 34.15

Appropriate data visualization facilitates a deeper understanding of data character-
istics and distributions, thereby helping identify potential issues and improve the per-
formance of ML models [28,29]. Compared with conventional box plots, violin plots are
more suitable for comparative analysis across multiple variables, as they allow intuitive
identification of differences in distribution patterns. Figure 3 illustrates the distribution of
all variables in the database using violin plots. Both the input and output variables cover
relatively wide value ranges and exhibit generally balanced and approximately symmetric
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distributions, with no obvious outliers. These observations suggest that this database is of
high quality and provides a reliable basis for subsequent model training and generalization.
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Figure 3. Visualization of the input and output features.

To improve generalization and curb overfitting, the full database was not used for
fitting. Instead, following widely accepted practices in the literatures [30,31], this database
was first randomly divided into a training set and an independent test set at a ratio of
70:30. This strategy helps assess the predictive capability on unseen samples and ensures its
robustness and reliability in applications. To further enhance the stability of model training
and ensure comparability among input variables, data normalization was performed prior
to model development. Given the differences in dimensions and wide variability of feature
values, directly feeding the original data into the model may adversely affect training
convergence and overall performance. Accordingly, this study employed the robust scaler
normalization technique [32]. The normalization process is given by Equation (1). For
each variable, the median and interquartile range, defined as the difference between the
75th and 25th percentiles, were calculated using the training set only. The fitted scaling
parameters were subsequently applied to both the training and test sets. This method can
eliminate the magnitude difference of the original data, avoid accidental phenomena and
speed up the calculation speed of the ML model.

Y — Med

? =
IOR

1)
where Y and Y denote the original and scaled data. IQR quantifies data dispersion as the
difference between the 75th and 25th percentiles. Med denotes the median value.

2.3. Cross-Validation and Performance Evaluation

To enhance the accuracy and robustness, k-fold cross-validation (k-f CV) method was
adopted as the primary technique for assessing model performance. As a widely adopted
resampling method in machine learning, k-f CV method partitions the original database
into k approximately equal and mutually exclusive subsets [33], as shown in Figure 4. At
each iteration, one subset is reserved for testing, with the others used for training. The
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Iteration 1

process cycled through all folds so that every subset served once as the testing subset.
Performance measures from the k runs were then averaged to obtain a stable estimate of
generalization. In comparison with a single train-test split, k-f CV method offers lower
evaluation bias and variance, effectively mitigating performance fluctuations caused by
different data splits. It is worth noting that for data with relatively small sample sizes or
imbalanced class distributions, this method maximizes data utilization and improves the
reliability of performance assessment by stabilizing model predictions [34]. In this study,
5-f CV method was selected to measure the predictive capability on different data subsets.
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Figure 4. Diagram of k-f CV method.

Prior to evaluating the predictive capability of ML models, it is essential to define
the performance metrics explicitly [35]. The choice of appropriate performance metrics
directly influences the reliability of model assessment. To comprehensively evaluate model
performance, this study adopts three widely used performance metrics: R?, MAE, and RMSE,
as defined in Equations (2)—(4) [36]. These metrics characterize model performance from
different perspectives and are commonly employed in ML models for their complementary
ability to reflect prediction accuracy and error behavior. Since different models may yield
varying prediction outcomes on the same data, these metrics provide an objective basis for
identifying the most accurate model. In general, a higher R? value (approaching 1) and lower
MAE and RMSE values (approaching 0) indicate superior predictive performance [37,38].
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where y;"* and y;"* refer to the observed and predicted values, respectively, M indicates
the sample size, and ¥ is the average of the observations.
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3. Methodology
3.1. Multilayer Perceptron

MLP adopts a feedforward neural architecture that mimics the connectivity and in-
formation transmission mechanisms of biological neurons in the human brain [39]. As
one of the fundamental structures in artificial neural networks, the MLP has garnered
widespread attention in engineering applications due to its powerful capability to approxi-
mate complex nonlinear functions. In geotechnical engineering, MLP models have been
successfully employed in a variety of tasks, such as mechanical parameter prediction and
slope stability evaluation. A comprehensive overview of the fundamental principles and
practical implementations of MLP models can be found in existing reviews [40,41].

As shown in Figure 5, the MLP comprises input, hidden, and output layers arranged
in a feedforward architecture, with the input and output neuron numbers defined by the
feature and target dimensions, respectively. By contrast, the network depth, the number of
neurons, and the activation functions are tunable hyperparameters that should be selected
according to the complexity of the prediction task. Common activation functions such
as ReLU, tanh, and sigmoid are defined in Equations (5)—(7). These architectural and
functional settings jointly determine the learning capacity and generalization performance
of the MLP. In this study, separate MLP models were developed for cohesion and internal
friction angle. Both models adopted a fixed 4-16-8-1 architecture, with ReLU activation
functions in the two hidden layers and a linear output layer. These architectural settings
were specified before EO optimization and were not included in the EO search space.

f(x) = max(0, x) (5)
fl) = 1 ©
JOE—— %

where x denotes the pre-activation input, and f(x) represents the output after applying the
activation function.

Input layer Output layer

P-wave velocity

Tensile strength

7

N

Figure 5. Schematic diagram of MLP.
3.2. Hybrid EO-MLP Model

Although the MLP demonstrates strong capabilities in approximating nonlinear func-
tions and modeling complex dynamic systems, it still suffers from several inherent limita-
tions. These limitations include initialization-dependent performance, premature conver-
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gence to local optima, and difficulty in selecting an appropriate learning rate [42]. Such
drawbacks are primarily attributed to the high dependence and uncertainty associated
with hyperparameter configuration. Therefore, efficiently and reliably determining the
hyperparameters of MLP models has become one of the key issues in improving their
generalization ability and predictive performance.

In recent years, the equilibrium optimizer (EO) has shown promising performance
in solving complex optimization problems [43]. Unlike conventional stochastic methods,
EO mimics the dynamic mass balance behavior of substances in a control volume, where
particles iteratively adjust their concentrations toward an equilibrium state. In the context of
EO, the optimal solution is conceptualized as the desired equilibrium condition. In EO, each
candidate solution is assigned a concentration value that is iteratively updated according
to mass transfer and dynamic equilibrium principles. A distinctive feature of EO is the
incorporation of an equilibrium pool, which stores several elite solutions to guide the search
process and enhance convergence stability. EO effectively balances global exploration and
local exploitation through an adaptive search mechanism. By dynamically adjusting the
equilibrium factors and perturbation rates, the algorithm maintains population diversity
while accelerating convergence toward high-quality solutions. Owing to its structural
simplicity and robust global search capability, EO has demonstrated its applicability across
diverse fields, including numerical optimization, parameter estimation, and the weight
optimization of hybrid ML models [44].

As illustrated in Figure 6, EO updates the concentration of each search agent under the
guidance of candidate solutions selected from the equilibrium pool. In the figure, C denotes
the concentration vector of the current candidate solution, while Ceq(1), Ceq(2), Ceq(3), and
Ceq) represent the four best-so-far equilibrium candidates. Ceqave) is the arithmetic
mean of these four candidates, and the five vectors together constitute the equilibrium
pool. During each iteration, one member of the equilibrium pool is selected to guide the
update of the current candidate. The arrows in Figure 6 indicate the corresponding update
directions, whereas the dashed circles represent possible updated positions of the candidate
solutions. In the early stages of optimization, the equilibrium candidates are widely
dispersed throughout the search space, and the exponential term produces relatively large
fluctuations. This facilitates global exploration by enabling the search agents to traverse
different regions of the domain. As the algorithm progresses, the equilibrium candidates
tend to cluster around the global optimum, and the exponential term generates smaller
perturbations, thereby promoting local exploitation through finer step sizes. This dynamic
updating mechanism balances global exploration and local exploitation and contributes
to the convergence of the algorithm. The same updating principle can be extended to
high-dimensional search spaces, where the concentration vector is adjusted within an
n-dimensional hyperspace. Further details of EO can be found in Refs. [45,46].

To reduce the sensitivity of the conventional MLP to its initial parameters, EO was used
to optimize the connection weights and biases of the fixed network architecture. For each
prediction target, the 225 trainable weights and biases were encoded as a 225-dimensional
candidate vector. The network architecture and activation functions remained unchanged
throughout the EO optimization process. Given the MLP’s powerful nonlinear approx-
imation ability and EO’s superior convergence and balance in global optimization, this
paper introduces a hybrid EO-MLP framework to improve the predictive accuracy and
generalization capability for ¢ and c. The existing literature appears to lack a systematic
evaluation of combining the equilibrium optimizer with MLP for the prediction of ¢ and
c. This research gap provides both theoretical motivation and practical potential for the
integration of EO into this context, while also offering a new direction for the application
of intelligent optimization algorithms in geotechnical modeling. The workflow of the pro-
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posed hybrid EO-MLP model is visually summarized in Figure 7. The workflow integrates
data preprocessing, parameter optimization, model training, and performance evaluation
within a unified procedure.
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Figure 6. Schematic diagram of EO [43].
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Figure 7. Schematic illustration of the EO-MLP model.
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4. Results and Analysis
4.1. Model Results

The predictive performance for ¢ and ¢ was comprehensively evaluated by comparing
the EO-MLP model with a conventional MLP model. Figure 8 compares predicted and
measured results during model calibration and validation. The conventional MLP model
was trained solely using the standard backpropagation algorithm without hyperparameter
optimization. In contrast, the EO-MLP model employed EO to optimize the connection
weights and biases of the fixed MLP architecture. The number of hidden layers, neurons,
and activation functions remained unchanged during optimization. Both models were
independently trained and tested over 40 independent runs, with the best-performing result
selected as the final output. Therefore, the reported metrics represent the best observed
performance among the 40 runs rather than their average performance.
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Figure 8. Comparisons between the measured and predicted results, (a) ¢, (b) c. No. denotes the
sequential sample number within the training or test set.

The EO-MLP model exhibits superior performance across the entire sample range (see
Figure 8). Notably, in regions characterized by significant fluctuations or local extremes in
¢ and c, the EO-MLP model achieves closer agreement between predicted and experimental
results than the conventional MLP model. To quantitatively assess model performance,
Table 2 reports performance metrics including R?, MAE, and RMSE. The results show that
the EO-MLP model achieved a test R? of 0.946 and RMSE of 1.072 in predicting ¢, which
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is significantly better than the corresponding values of 0.909 and 1.391 obtained by the
MLP model. For ¢, EO-MLP improved R? from 0.941 to 0.983 and reduced RMSE from
1.249 to 0.671 relative to the MLP model. The same improvement trend was observed for
both target variables, indicating that the benefit of EO optimization was not limited to a
single prediction task. The reduction in MAE and RMSE also shows that the improvement
was reflected not only in the goodness of fit but also in the magnitude of the prediction
errors. These results suggest that the EO-based optimization enabled the MLP to capture the
nonlinear relationships between the input variables and the two shear-strength parameters
more effectively. The training-set metrics were consistently better than the corresponding
test-set metrics for both models. This difference is commonly observed because model
parameters are directly calibrated using the training samples, whereas the test set is used
to evaluate predictive performance on previously unseen data [47].

Table 2. Comparative evaluation of predictive models.

(p C
R? MAE RMSE R? MAE RMSE
Training set 0.966 0.588 0.770 0.991 0.363 0.468
EO-MLP
Test set 0.946 0.692 1.072 0.983 0.434 0.671
Training set 0.937 0.850 1.056 0.969 0.542 0.876
MLP
Test set 0.909 1.129 1.391 0.941 0.726 1.249

Overall, the EO-MLP model not only exhibits significantly improved accuracy compared
to the MLP model but also demonstrates enhanced robustness against overfitting, underscor-
ing its effectiveness and applicability in predicting shear strength parameters. By leveraging
its capability for automatic parameter optimization, the model offers an efficient alternative
for rapid acquisition of shear strength parameters in rock structure design. In contrast to
traditional approaches that rely heavily on extensive physical testing and expert judgment, this
model substantially reduces experimental costs and technical barriers, providing a promising
tool for rapid prediction and intelligent decision-making in practice.

4.2. Comparison with Different Data Preprocessing Methods

In machine-learning modeling, data scaling is an important part of the preprocess-
ing procedure, exerting a direct influence on model performance and convergence effi-
ciency [48,49]. Raw datasets often exhibit inconsistencies in units, uneven distributions,
and large numerical ranges. Without appropriate normalization, the model may become
insufficiently sensitive to certain features, thereby impairing its overall predictive ac-
curacy [50]. Normalization transforms input features into comparable or standardized
numerical ranges, effectively eliminating scale discrepancies among physical quantities and
enhancing inter-feature comparability [51]. Therefore, applying an appropriate normaliza-
tion scheme before training improves learning from heterogeneous inputs and strengthens
numerical stability and generalization. Three normalization strategies were considered:
robust scaling, minimum-maximum normalization method, and Z-score normalization.
The first reduces the influence of outliers using the median and interquartile range, the
second maps variables into a predefined interval through linear transformation, and the
third rescales variables to zero mean and unit variance. These methods have been shown
in previous studies to exhibit good robustness and adaptability [52]. This section provides
a systematic comparison and analysis of these three normalization techniques. The formu-
lation for robust scaling is provided in Equation (1), while the corresponding expressions
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for minimum-maximum normalization method and Z-score normalization are given in
Equation (8) and (9), respectively.

Y — Ymin

Ymax - Ymin

Y = ®)

Y—p
g

Y = (9)

where o denotes the standard deviation, while p represents the arithmetic mean.

Except for the use of different normalization techniques, all other modeling and
training procedures were kept consistent. As illustrated in Figure 9, the performance of
three normalization methods was compared in predicting ¢ and c. Among them, robust
scaler consistently yielded superior performance, achieving the lowest MAE and RMSE
values across both targets (e.g., 0.434 and 0.671 for c; 0.692 and 1.072 for ¢). Moreover,
the robust scaler yielded the highest R? values for both prediction tasks, reaching 0.946
and 0.983 for ¢ and c, respectively, which indicates stronger generalization and predictive
capability. Therefore, it can be concluded that applying robust scaler in the EO-MLP model
leads to the most accurate and reliable prediction results.

] [ IR
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Figure 9. Comparison of performance metrics under different data preprocessing methods.

4.3. Comparison with Previous Studies

For different ML model outputs of prediction results, evaluation indices in Equations (2)—-(4)
changes accordingly. Comparing these indices allows for determining the most accurate
predictive model [53]. To validate the generalization and predictive performance, it was
systematically compared with four typical ML models, namely support vector machine
(SVM), ridge regression, lasso regression, and decision tree (DT). These models employed
the same data constructed in Section 2, ensuring that the comparison was based on a
consistent and comprehensive database [21]. Moreover, all models employed the same data
partitioning strategy as the proposed model, with the same 70:30 training-to-test ratio, and
adopted five-fold cross-validation to ensure fairness and consistency in evaluation. Given
that different ML models yield varying prediction results, the corresponding statistical
indicators defined in Equations (2)—(4) also vary accordingly. Therefore, comparative
analysis of these metrics (RMSE, MAE, and Rz) can effectively determine the optimal
predictive model. The performance of each model in predicting ¢ and c is summarized
in Figure 10. The proposed EO-MLP model delivers the best overall performance, with

https:/ /doi.org/10.3390/app16157569


https://doi.org/10.3390/app16157569

Appl. Sci. 2026, 16, 7569

13 of 19

superior metric values and the highest R among all evaluated models. For ¢, the EO-MLP
model outperforms SVM and DT, showcasing its superior capability to capture complex
nonlinear relationships and interactions. The larger differences in ¢ prediction, mainly
reflect the different nonlinear representation capacities of the models. Linear models tend
to underfit the coupled feature-target relationships, whereas EO-MLP model combines
nonlinear mapping with EO-based initialization.

3.0
:I RMSE 2.726 2.726 (p
1 [ IMAE M M
244 229% [ r? 2300 2.306
g ]
21g 1766
§ 1.8
1.291
1.2 H L2
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0.6 4 0.607 0.606 0.692
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Figure 10. Performance evaluation of different ML models.

In addition to the comparison presented in Figure 10, a further benchmarking analysis
was performed to evaluate the EO-MLP model with several representative recent models
for predicting ¢ and ¢, including those proposed by Lei et al. [54], Li et al. [22], and
Cheng et al. [55]. The corresponding test-set performance metrics, namely R? and MAE,
are summarized in Table 3. For these previous studies, the reported values were taken
directly from the original publications. As shown in Table 3, the EO-MLP model exhibits
slightly better average performance for both ¢ and c. However, this advantage should be
interpreted with caution, as the reported differences may be affected by inconsistencies in
test sets and modeling settings, such as training ratios, input variables, and data scaling
strategies. Since the original codes of these models were not publicly available, they could
not be re-evaluated on the same database. Therefore, the present comparison should be
regarded as indicative rather than conclusive.

Table 3. Quantitative assessment of model prediction accuracy.

(p c
R2 MAE R2 MAE
EO-MLP model 0.946 0.692 0.983 0.434
Adaboost model [22] 0.892 1.284 0.979 0.612
PSO-ANN model [55] 0.942 0.691 0.976 0.522
ISSA-XGBoost model [54] 0.932 0.695 0.982 0.450

4.4. SHapley Additive exPlanations Analysis

Widely used in machine learning method, feature importance analysis quantifies how
each input variable affects the predicted response [56]. To further clarify the influence of
individual input variables on ¢ and ¢ estimation, SHapley Additive exPlanations (SHAP)

https:/ /doi.org/10.3390/app16157569


https://doi.org/10.3390/app16157569

Appl. Sci. 2026, 16, 7569

14 of 19

can be incorporated in future interpretable ML models to quantify feature contributions [57].
SHAP treats each feature as a marginal contributor to the model output: by evaluating
the incremental effect of a feature when added to the model and aggregating over all
possible feature permutations, a global importance measure is obtained. This analysis
facilitates understanding of the model’s internal behavior and enhances interpretability [58].
Equation (10) provides the computational formulation of SHAP value. Further details on
SHAP can be found in Refs. [59,60].

ISI!(NI|N|!5| “ (s U i}) - o(s)] (10)

i =

SCN/{i}

where v(5) is the prediction produced with features limited to subset, N represents the full
set of input features.

SHAP analysis was conducted to quantify the contribution of each input variable to the
EO-MLP predictions. DeepExplainer was selected because it is suitable for neural-network-
based predictive models. For each data partition, the corresponding training samples
were used as the background reference database, while SHAP values were evaluated on
the held-out test samples. The analysis was performed using the scaled input variables
consistent with model training. Figure 11 presents the mean absolute SHAP value of four
input variables for ¢ and c. Density shows the highest importance (0.4186) for predicting c,
followed by UCS (0.3759), P-wave velocity (0.2306), and tensile strength (0.1881). UCS and
P-wave velocity rank as the top contributors to ¢ (0.2898 and 0.2108), while tensile strength
also contributes significantly (0.1901). In contrast, the importance of density is relatively
low (0.0886), indicating a weaker effect on ¢ under the current modeling conditions. It
should be noted that although all input variables affect the model output to varying degrees,
their relative importance may vary considerably depending on data composition, modeling
assumptions, and geological conditions. Therefore, the results presented here only reflect
relative trends under the specific modeling scenario and should not be generalized. In
modeling, the physical relevance and potential interactions of all input features should be
thoroughly considered, regardless of their individual importance scores.

0.5
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Figure 11. SHAP results of inputs.
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5. Discussion
5.1. Comparison with Different Train Ratio

The training-to-test ratio was varied to assess its effect on predictive performance,
while all other factors were kept constant. The training-to-test split ratios (i.e., train ratio)
were set at 70%, 75%, 80%, 85%, and 90%, with each ratio corresponding to a different

partition of the database. The results are presented in Figure 12, which shows the Mean
R? obtained from several hundred model runs on the test set.

0.986

0.985

Mean R?

0.984 4

0.983

0.70 0.75 0.80 0.85 0.90
Train ratio

0.951

0.948 o -
g j
<0.945 -

0.942 1

0.70 0.75 0.80 0.85 0.90
Train ratio

Figure 12. Comparison of performance metrics of different train ratio.

The mean R? generally increases with the proportion of training data, suggesting
that additional calibration samples improve the model’s capacity to learn representative
relationships and enhance its predictive robustness. This trend indicates that enlarging
the training subset can provide more stable parameter calibration and improve prediction
reliability for unseen samples. However, the improvement in Mean R? is relatively marginal
beyond the 80% train ratio, suggesting that after a certain threshold, increasing the size of
the training set may not result in a significant boost in performance.

Interestingly, although the general trend suggests better performance with more
training data, the differences in Mean R? between the various ratios are not drastic. This
observation suggests that, within the chosen range of training ratios, the model achieves a
sufficiently high performance even with relatively smaller training datasets. This could
mean that, for some applications, a smaller training set may be sufficient to achieve an
optimal model without needing to allocate an excessive amount of data for training. While a
larger training set generally improves the predictive power of the model, the gains diminish
as the training data grows, highlighting the potential for efficient model development with
smaller datasets in certain contexts. Future studies may explore the trade-off between
training time, data requirements, and model accuracy to optimize the use of available data
for predicting ¢ and c.

5.2. Contribution and Limitations

The proposed method enables rapid and accurate evaluation of ¢ and ¢ without re-
sorting to complex analytical derivations or costly physical tests. Unlike most published
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evaluations conducted on single-lithology, relatively homogeneous datasets with random
splits, the present assessment adopts a mixed-rock setting that spans multiple lithologies and
multi-source experimental records. A multi-lithology, cross-source dataset together with an
external validation set is employed to examine applicability and robustness under realistic
cross-scenario (out-of-distribution) conditions. Under a common protocol, established base-
lines (AdaBoost, PSO-ANN, ISSA-XGBoost) reproduced on the same corpus exhibit marked
performance degradation on cross-source splits, whereas the EO-MLP model maintains lower
error and more stable calibration, indicating superior robustness to source shift.

Although the ML framework demonstrates high accuracy and robustness in predicting
shear strength parameters, several limitations remain. First, ML model performance
is highly dependent on the size and distribution of the training samples [61]. Despite
incorporating multi-source data to improve generalization, the current database comprises
only 213 samples, which limits its coverage of diverse geological conditions. Second, the
input features mainly rely on macroscopic parameters, while microstructural information
such as joint distribution, mineral composition, and pore network characteristics has not yet
been fully integrated. These factors are likely to affect shear strength parameters and merit
further investigation [62]. In addition, the current modeling effort prioritizes predictive
accuracy, while offering limited insight into the decision-making process. In ensemble
models or deep learning architectures, nonlinear coupling among variables often reduces
interpretability, which may hinder trust in the model for high-risk geotechnical decision-
making [63]. Another potential issue lies in multicollinearity among some input features,
which can introduce redundancy and increase model uncertainty. In practice, although the
training efficiency of the model has been optimized in this study, its response speed and
stability under resource-constrained conditions still require further validation. The present
work does not yet include an analysis of predictive uncertainty.

Future research should focus on building a larger, geologically diverse training dataset,
particularly incorporating in-situ triaxial test results from actual engineering projects.
The integration of microstructural analysis and digital rock physics techniques could
provide a more direct connection between experimental parameters and real geological
structures. In addition, uncertainty analysis can be used to assess reliability, evaluate
whether estimates are adequate, and identify potential systematic bias. Finally, efforts
should be made to improve field applicability by adopting model compression techniques
and edge computing frameworks, thereby enhancing the practical utility of ML-driven
predictions for geotechnical parameters.

6. Conclusions

1.  The Equilibrium Optimizer was applied to optimize the weights and biases of a
fixed MLP architecture, which improved the prediction accuracy for ¢ and c. The
proposed EO-MLP model exhibited superior performance for both ¢ and c. On the
test set it attains R? = 0.946/RMSE = 1.072 for ¢ and R? = 0.983/RMSE = 0.671 for
¢, outperforming the conventional MLP model. An external cross-study benchmark
further indicates that EO-MLP model is superior to three recent ML models.

2. SHapley Additive exPlanations analysis revealed that, for ¢, density had the highest
contribution (0.4186), followed by uniaxial compressive strength (0.3759), P-wave
velocity (0.2306), and tensile strength (0.1881). In contrast, for ¢, the dominant
variables were UCS (0.2898), P-wave velocity (0.2108), and tensile strength (0.1901),
whereas density contributed the least (0.0886).

3. Compared to four classical machine learning models, the EO-MLP model consistently
outperformed all alternatives across all evaluation metrics. For c, the EO-MLP model
achieved an R? of 0.983, notably higher than the support vector machine model (0.977)
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and decision tree model (0.948). For ¢, its R? reached 0.946, surpassing the support
vector machine model (0.916) and decision tree model (0.822). Furthermore, among
the tested data preprocessing methods applied to this database for predicting ¢ and c,
the robust scaler normalization delivered the most accurate results, characterized by
the lowest MAE and RMSE together with the highest R?.
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