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Abstract. The shear strength (SS) of soil is a critical parameter utilized in the design of civil engineering projects. The SS
parameters, including cohesion (c) and friction angle (¢), can be determined through methods conducted either in the field or
within a laboratory environment. However, the traditional method for determining SS parameters are not only costly but also
time-consuming. Recently, the application of machine learning (ML) in geotechnical problems has received increasing attention.
In order to select an appropriate ML model and assess the effect of physical properties on the SS of soil. This research endeavors
to predict critical SS parameters of soil through the application of five machine learning (ML) models, integrating easily-
available physical soil index, including specific gravity (G), saturation degree (S7), liquid limit (LL), silt content (SC), and clay
content (CC). The used ML techniques include Extreme Gradient Boosting (XGBoost), Random Forest (RF), Multilayer
Perceptron (MLP), Support Vector Machine (SVM), and Convolutional Neural Network (CNN). A range of metrics,
encompassing the root mean square error (RMSE), mean absolute error (MAE), and determination coefficient (R?) were used to
measure the predictive efficacy of the employed models as well as compare the performance of the used ML models. The values
of R? range from 0.769 to 0.987 indicate that all ML models exhibit excellent predictive capabilities for estimating SS
parameters, in which the XGBoost, and CNN techniques show outperforming results compared to the other models. The study
uses decision tree feature importance (DTFI) and coefficient feature importance (CFI) techniques to investigate how various
physical properties impact the predictive capabilities of the model and indicates that both G and LL have a substantial impact on

the predictive accuracy of cohesion and friction angle.
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1. Introduction

Shear strength (SS) of soil is the internal resistance that
a mass of soil can provide to withstand failure and sliding
along any plane within it (Yoseph 2022). The stability of
excavations, earth dams, hillside slopes, the foundations of
structures, and various other geotechnical engineering
concerns rely on the SS of soil (Murthy 2002). Therefore,
SS is a crucial parameter employed to evaluate the
mechanical behavior of soil and plays a pivotal role in
designing and constructing geotechnical structures (Chitra
and Gupta 2014).

Following the principles of the Mohr-Coulomb Failure
Criterion, shear strength is influenced by two fundamental
factors: cohesion (c), and friction angle (¢). Which, ¢ can be
described as the resistance of displacement of soil particles,
arising from a combination of bonding strength among soil
particles, and the surface tension of retained water
(Mollahasani et al. 2011), while ¢ defines the maximum
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angle between a horizontal plane and an inclined plane
where soil particles remain in equilibrium (Yoseph 2022).

The SS parameters can be determined through
techniques conducted either in the field or in a laboratory
setting. Common laboratory tests include the Direct Shear
Test and the Triaxial Compression Test. In-situ tests
comprise methods like the Standard Penetration Test (SPT),
Cone Penetration Test (CPT), Pressuremeter Test, and Vane
Shear Test. Nonetheless, the procedure for measuring SS
parameters, whether in the field or a laboratory, inherently
entails high costs, consumes significant time, and demands
substantial labor input (Khanlari et al. 2012, Mohammadi
et al. 2022, Zakharov et al. 2022). Moreover, securing
accurately undisturbed soil samples from the field presents
substantial challenges. This is due to various factors,
including the handling and transportation of samples, the
release of overburden pressure, and the maintenance of
optimal laboratory conditions. Consequently, careful
oversight and attention are imperative throughout the entire
process (Yoseph 2022).

The initial soil data to be determined in any geological
survey typically revolves around the soil's physical
characteristics. It's a well-established fact that the soil's
physical properties enable the estimation of the SS
parameters. The soil's composition, texture, particle size,
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clay minerals type, and water content all contribute to soil
cohesion (Hosseini et al. 2018, Zakharov et al. 2022). In
addition, particle size distribution, particle shape, water
content, void ratio, fine content, liquid limit, and density all
influence the friction angle (Jain ez al. 2010, Mousavi et al.
2011). Therefore, some researchers have proposed a range
of models for estimating the SS parameters by taking into
account various physical properties, such as soil type, grain
size distribution, density, water content, Atterberg limits,
void ratio, saturation, etc... Numerous empirical equations
have been developed for the estimation of the SS
parameters through both regression and multiple regression
methods (Adunoye 2014a, b, Ersoy ef al. 2013, Roy et al.
2019, Goktepe et al. 2008). These formulas were presented

as follows.
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* (1): Ersoy et al. (2013); (2): Roy and Dass (2014); (3),
(4), (5), (6): Adunoye (2014b); (7): Ersoy et al. (2013); (8):
Roy and Dass (2014); (9), (10), (11): Adunoye (2014a)

where, PI is a plastic index (%), LL is a liquid limit (%), FC
is a fine content (%), G is a specific gravity, p is a density
(g/cm?).

In research conducted by Ersoy et al. (2013), empirical
Egs. (1) and (7) using multiple regression analysis revealed
correlations between friction angle, cohesion and plasticity
properties of clayey soil. The findings of this study propose
that cohesion and friction angle can be estimated from
plastic limit and liquid limit through simple mathematical
relationships. Roy and Dass (2014) formulated multiple
regression models in Egs. (2), (8) to predict shear strength
parameters based on bulk density and specific gravity of
soil in Sirsa, India. This study showed that bulk density and
specific gravity are the two properties that have the most
significant effect on the SS of soil. Adunoye (2014a, b)

established quantitative relationships between cohesion,
friction angle and fines content of soil samples in Egs. (3),
4), (5), (6), (9), (10), and (11). The findings showed that
the polynomial relationships are the best fit to describe
these relationships. Nonetheless, identifying suitable
adjustment coefficients for these equations can be a
challenge, which substantially reduces the predictive
accuracy (Salari et al. 2015, Zhu et al. 2022, Stefanow and
Dudzinski 2021).

In the era of machine learning (ML) and its application
to engineering challenges, ML has evolved into a valuable
tool for handling big datasets and complex conditions
(Benemaran and Esmaeili-Falak 2023, Uncuoglu et al.
2023, Esmaeili-Falak and Benemaran 2023, Kwak and Ko
2022). There have been a large number of studies that use
ML techniques to predict SS of soil, using different
algorithms, especially Artificial Neural Networks (ANN)
(Zhu et al. 2022, Chao et al. 2023, Chao et al. 2021, Pham
et al. 2018, lyeke et al. 2016, Khanlari et al. 2012,
Mohammadi ef al. 2022, Zakharov et al. 2022, Pereira et al.
2023). In which, Zhu et al. (2022) used three ML models,
including Backpropagation Neural Network (BPNN),
Partial Least Squares Regression, and Support Vector
Regression (SVR), to predict SS of soil based on the CPT
index. The findings showed that Backpropagation Neural
Network proved to be one of the most suitable models for
predicting the SS of soil. Similarly, Chao et al. (2023)
integrated Backpropagation Neural Network and Mind
Evolutionary Algorithm in predicting the peak shear
strength of clay and confirmed that this combination is
among the viable models for predicting the peak shear
strength of clay. In addition, Mohammadi et al. (2022)
made a comparison between an Artificial Neural Network
model and a Multiple Linear Regression (MLR) model for
shear strength prediction. The conclusion was that the ANN
model produced results with greater accuracy compared to
the MLR model. Besides ANN model, Support Vector
Regression is another widely utilized technique for
estimating the SS of soil (Zhu et al. 2022, Chao et al. 2021,
Pham et al. 2018, Fattahi and Hasanipanah 2021). Chao et
al. (2021) conducted a comparison between the
effectiveness of the SVR model and the BPNN model in
predicting the peak shear strength of soil-Geocomposite
Drain Layer interfaces. The findings reveal that SVR
successfully predicts the peak shear strength, although its
accuracy does not exceed that of other models. A
comparable result was also demonstrated in Fattahi and
Hasanipanah (2021) where SVR model was used to predict
the SS of rock with lower accuracy compared to Adaptive
Neuro-Fuzzy Inference System. Recent studies have
highlighted the effectiveness of Artificial Neural Networks
and Support Vector Machine models in predicting the SS of
soil. However, Ensemble Learning (EL) model and Deep
Learning (DL) model, which have proven to be the robust
choice and finds extensive application in addressing
geotechnical engineering challenges (Nguyen and Kim
2021a, Cheng et al. 2021, Nguyen et al. 2022), has not been
widely adopted for predicting shear strength parameters of
soil. Presently, a multitude of distinct ML models are



The effect of soil physical properties on predicting shear strength parameters... 243

N

—— Kms %
0 200 400

Paracel islands

Dong Nai

Splja_tl',y isl§nds t s

/ o

Fig. 1 Location of the study area

available, each with its unique advantages and limitations.
Therefore, applying a variety of ML models for predicting
the SS parameters and then selecting an appropriate ML
technique are required. Furthermore, the establishment of a
digital data system for engineering geological purposes in
Vietnam has not received significant attention.

Building upon the above analysis, this study applied five
novel ML algorithms, including Extreme Gradient Boosting
(XGBoost), Random Forest (RF), Multi-layer Perceptron
(MLP), Support Vector Machine (SVM), and Convolutional
Neural Network (CNN) to predicting shear strength
parameters, specifically cohesion and internal friction angle,
based on easily-available soil physical properties. The
primary goal is to furnish a straightforward and precise
method for estimating these parameters across various soil
types in Dong Nai province, Vietnam. The model's
performance is evaluated through a comprehensive set of
metrics, which include the determination coefficient (R?),
mean absolute error (MAE), and root mean square error
(RMSE). Additionally, the study examines the influence of
different physical properties on the model's predictive
capabilities by employing the Coefficient Feature
Importance (CFI), and Decision Tree Feature Importance
(DTFI) techniques.

2. Study areas and data collection

Dong Nai is situated in the southeastern region of
Vietnam, adjacent to Ho Chi Minh City (Fig. 1). The
database is constructed from the consolidation of borehole
data collected during geotechnical investigations carried out
in Dong Nai province. In the survey area, the representative
soil samples are extracted from each layer within the
borehole. These prototypes serve as the foundation for
conducting experiments to ascertain the physical and
mechanical properties of the soil. The soil samples undergo
testing using equipment and techniques conforming to
ASTM standards. For each soil sample, every property is
tested twice in parallel to ensure that the results remain
within an acceptable margin of error.

A total of 332 samples were gathered from 40 boreholes
in Dong Nai province and subsequently subjected to
laboratory analysis to determine mechanical and physical
soil properties. The observed data, encompassing cohesion
and friction angle of the soil, were derived from direct shear
tests conducted in accordance with ASTM standards. In
addition, various physical properties of soil, namely water
content (w), specific gravity (G), void ratio (e), saturation
degree (S;), plastic limit (PL), liquid limit (LL), silt content
(SC), and clay content (CC), were considered as feature
data for training the ML models.

3. Methods

The proposed process encompassed six distinct steps, as

illustrated in Fig. 2(a). These steps are shown below:

(i) Data analysis.

(if) Evaluation of feature correlations using Pearson
and multicollinearity tests.

(iii) Division of the dataset into training (80%) and
testing (20%) subsets.

(iv) Application of five ML models, including
XGBoost, RF, MLP, SVM, CNN to predict shear
strength parameters.

(v) Evaluation and comparative analysis of the model's
performance using various metrics, including R2
MAE, and RMSE.

(vi) Assessing feature importance using Decision Tree
Feature Importance and Coefficient Feature
Importance approaches.

3.1 Data analysis

Table 1 offers an initial statistical analysis of the dataset,
elucidating the units for each variable. This table provides a
thorough array of statistical information, encompassing the
mean, standard deviation, and quantiles for observed data
(Table 1(a)) and input features (Table 1(b)). Table 1a shows
that the cohesion within the collected data ranges from
2.157 kPa to 41.678 kPa, with a mean value of 24.982 kPa.
This indicates a wide range of cohesion suitable for most
soil types. Similarly, the friction angle also falls within a
suitable range, ranging from 1.833° to 26.217°.

In this study, a total of eight physical properties were
considered as input features to assess cohesion and friction
angle of soil. The histogram involved the evaluation of the
following eight features:

Water content is a factor affecting the SS of soil
(Dadkhah et al. 2010, Kumari 2009). Water in the soil
serves a dual role, functioning both as a lubricant and a
binding agent among soil particle components. This has an
influence on the structural stability and strength of soil
(Blahova et al. 2013). In the database, water content varies
from 0.112 to 0.992, and is shown in the frequency
distribution in Fig. 3(a).

Specific gravity plays a crucial role in determining the
SS parameter of soil. The shear strength of soil tends to
increase with higher density, primarily due to a reduction in
pore volume, resulting in enhanced soil resistance (Garcia
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et al. 2012, Ojuri, 2013). Within the collected data, exhibits
a range spanning from 2.59 to 3.02, which was mostly
centered in the range 2.6-2.8 (Fig. 3(b)).

Void ratio is also a factor influencing the SS parameter
of soil. In which, the friction angle increase with a decrease
in void ratio (Watabe et al. 2017, Langfelder and Nivargikar
1967). The void ratio of soil had a range from 0.486 to
2.881, which skewed toward the smaller value ranging from
0.5 - 1.5 (Fig. 3(c)).

Degree of saturation of soil also plays a role in
influencing the shear strength parameters of soil (Palani et
al. 2020). In the field, the saturation level of soil can vary
and is contingent on factors such as climatic conditions,
drainage conditions, porosity, particle density, etc...There
was an observation that friction angle and cohesion increase
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Fig. 3 Histogram of the input features

when the saturation degree decreases (Brakorenko et al.
2019, Yoshida et al. 1991). The degree of saturation varied
within the range of 0.195 to 1, with a skew towards the
higher values typically falling between 0.8 and 1 (Fig. 3(d)).
The Atterberg limit serves to categorize the behavior of
clay into two distinct states based on water content. The
plastic limit represents the water content below which the
clay cannot be rolled into a thread. In contrast, the liquid
limit can be defined as the state where the water content is
below the point at which the clay would not flow as a
liquid. Previous research has demonstrated the influence of
plastic limit and liquid limit (Sharma and Bora 2003,
Roman 2014, Kayabali et al. 2015, Roy and Dass 2014,
Mousavi et al. 2011). In this study, the plastic limit
exhibited a wide range, spanning from 0.064 to 0.603, with
a bias towards lower values typically falling within the
range of 0.1 to 0.3 (Fig. 3(e)). In addition, the liquid limit
had a wide range extending from 0.175 to 0.867. The
distribution exhibited a skew towards the lower values,
typically falling within the range of 0.2 to 0.6 (Fig. 3(f)).
According to the United Soil Classification System
(USCS) and the American Association of State Highway
and Transportation Officials (AASHTO), fine particles are
typically defined as soil particles that can pass through a
sieve with a No. 200 opening, which is equivalent to 75 pm.
The researchers discovered that the friction angle
exhibited a decreasing trend as the fine content increased,
while the apparent cohesion displayed an increasing trend
with an increase in the fine contents (Mujtaba 2014, Lade et
al. 1998). However, it's essential to note that fines mainly
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Table 1 Statistical descriptions of the database: (a) Observed data, (b) Input features

(@)
¢ (kPa) ¢ (degree)
Mean 24.982 14.986
Standard Deviation (SD) 8.660 4.863
Variance (Var) 74.988 23.653
Minimum (Min) 2.157 1.833
Maximum (Max) 41.678 26.217
Sum 8294.007 4975.480
Count 332 332
(b)
w G e S, PL LL SC ccC
Mean 0.302 2.717 0.925 0.877 0.225 0.421 0.225 0.292
SD 0.170 0.062 0.471 0.083 0.097 0.129 0.115 0.136
Var 0.029 0.004 0.221 0.007 0.009 0.017 0.013 0.019
Min 0.112 2.590 0.486 0.195 0.064 0.045 0.030 0.027
Max 0.992 3.020 2.881 1.000 0.603 0.867 0.552 1.870
Sum 100.369 902.192 307.175 291.233 74.672 139.757 74.773 96.858
Count 332 332 332 332 332 332 332 332

*w: water content, G: specific gravity, e: void ratio, S,: degree of saturation, PL: plastic limit, LL: liquid limit, SC: silt content, CC: clay

content, ¢: friction angle, ¢: cohesion

consist of clay and silt. Therefore, this study takes into
account both silt content and clay content as input features.
Silt content (SC) varies between 0.03 and 0.552, with the
majority of data falling within the range of 0.1 to 0.4, as
depicted in Fig. 3(g). Furthermore, clay content (CC) is
distributed within the range of 0.027 to 0.628, with a
predominant distribution falling within the range of 0.2 to
0.4, as illustrated in Fig. 3(h).

3.2 Features correlation

3.2.1 Pearson correlation

The Pearson correlation coefficient () is a widely used
measure for evaluating the linear correlation between
features in the machine learning training process (Amin
Benbouras and Petrisor 2021, Mohammadi et al. 2022).
This coefficient, which ranges from -1 to 1, assesses both
the strength and direction of the relationship between two
variables. A coefficient close to 1 indicates a strong positive
correlation, while a coefficient near -1 indicates a strong
negative correlation. Conversely, coefficients close to zero
indicate the absence of a linear correlation.

3.2.2 Multicolinearity tests

The relationships among independent features play a
crucial role in data analysis and significantly affect the
precision of the ML models (Arabameri et al. 2020, Chen
and Chen 2021). Therefore, a multicollinearity test was
employed in this study to evaluate the correlations among
the input features. This test can identify multicollinearity

issues that may lead to inaccurate results. The assessment of
multicollinearity was conducted using the tolerance (TOL)
and variance inflation factor (VIF) ) (Nguyen and Kim
2021a, Bui ef al. 2011). When VIF is less than 10 or TOL is
greater than 0.1, these values are considered suitable for
inclusion as input data (Chen ef al. 2018).

3.3 Training and testing sets

In this study, five ML techniques were employed to
predict the parameters ¢ and ¢. These ML models utilized
soil physical properties (G, S, LL, SC, CC) as input
features, while the observed data consisted of ¢ and ¢. The
dataset was divided into two distinct sets: a training set,
which constituted 80% of the data, and a test set, accounting
for the remaining 20% of the data. The training set was used
to fit and train the ML models, while the validation set was
employed to evaluate the model's performance on unseen
data. This division allows for an unbiased and efficient
assessment of model integrity and performance. The
primary purpose of the validation set is to mitigate the risk
of overfitting where a model excels at predicting training
data but struggles to generalize to unseen data. By
evaluating the model on the validation set, we can ensure it
retains the ability to make accurate predictions on new,
unfamiliar samples

3.4 Machine learning models

3.4.1 Extreme gradient boosting
XGBoost is a widely recognized gradient boosting
algorithm that has gained prominence in numerous
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applications. It stands out as a scalable tree-boosting
algorithm known for its ability to significantly enhance
model efficiency (Chen and Guestrin 2016). XGBoost
enhances gradient boosting algorithms through several
optimizations, including parallel processing, tree-pruning,
handling missing values, and regularization techniques to
prevent overfitting and bias. XGBoost model involves
crucial hyperparameters, such as the maximum number of
trees and maximum tree depth, learning-rate, etc... These
hyperparameters significantly impact the model's accuracy,
performance, and computational speed (Zhang ef al. 2021).
XGBoost technique has been commonly used for solving
Engineering problems (Zhang et al. 2021, Amjad et al.
2022, Shahani et al. 2021). Nevertheless, there is limited
research on predicting soil shear strength parameters using
the XGBoost model.

3.4.2 Random forest

The Random Forest algorithm is a powerful bagging
learning model that incorporates numerous individual
decision trees, used for constructing both regression and
classification models (Cheng et al. 2021, Zhang et al.
2021). RF is widely utilized in various domains and
demonstrates excellent performance (Nguyen and Kim
2021, Amjad et al. 2022, Zhang et al. 2021). RF used the
bootstrap resampling method to generate multiple samples
from the original dataset. It constructs a decision tree for
each bootstrap sample and combines the predictions from
these diverse decision trees to yield the final forecast. RF
comprises some customizable parameters: the number of
regression trees, the maximum depth of nodes, etc...
Optimizing these parameters is essential to minimize errors
in the data processing phase (Zhou et al. 2019, Zhang et al.
2021). While RF technique has found common application
in solving engineering problems (Zhang et al. 2021,
Nguyen and Kim 2021, Zhou et al. 2019), there is limited
prior research on the prediction of soil shear strength
parameters using the RF model.

3.4.3 Multi-layer perceptron

Multilayer perceptron neural network, serves as the
fundamental and elementary deep neural network
architecture. The MLP technique is widely recognized and
applied in regression and classification tasks, particularly
when substantial training data is available (Thirugnanam
2023). The MLP architecture includes an input layer
responsible for receiving input data, an output layer used for
predicting outcomes, and multiple hidden layers that serve
as the computational core of the network. These hidden
layers consist of varying numbers of neurons and are
interconnected. The number of neurons in the input layer is
determined by the count of seclected input features. The
precise number of neurons in the hidden layers and the
number of training iterations are contingent on the specific
training data. These values should be determined through an
iterative process to achieve optimal results while preventing
overfitting (Nguyen and Kim 2021, Nguyen ef al. 2021).

3.4.4 Support vector machine

The Support Vector Machine was developed by Cortes
and Vapnik (1995), and it has since become a widely-used
and effective machine learning algorithm for both
classification and regression problems (Nguyen and Kim

2021, Amjad et al. 2022, Zhong et al. 2010, Lee and Chern
2013). The SVM algorithm identify the optimal hyperplane
within an N-dimensional space that effectively separates
data points belonging to different classes in the feature
space. The hyperplane is positioned in a way that
maximizes the margin between the nearest points of
different classes (Amjad ef al. 2022). The kernel function
type and the penalty constant value (C) are the principal
parameters that significantly influence the accuracy of the
SVM model (Nguyen and Kim 2021).

3.4.5 Convolutional Neural Network

Convolutional Neural Network is one of the most
powerful deep learning architecture (LeCun et al. 2015)
known for their strong performance in object detecting and
classification (Girshick 2015). A typical CNN model is a
variant of a multilayer perceptron that includes an input
layer, one or more convolutional layers, max pooling layers,
fully connected layers, and an output layer (Shin et al.
2016). The input layer consists of the input features for
training. The convolutional layers are designed to extract
various features from the input layer (Razavian et al. 2014)
and include filters and feature maps (Sharif Razavian et al.
2014, Brownlee 2016). Each convolutional filter, also
known as a neuron or kernel, is a two-dimensional matrix
that slides across the previous layer to produce a feature
map, representing the output of one filter applied to that
layer. The number and size of the kernels in these layers
significantly impact the performance of the CNN model.
Pooling is a technique used for downsampling to reduce the
dimensionality of the feature maps (Brownlee 2016, Wang
et al. 2019). It helps to compress or generalize feature
maps, generally reducing the risk of overfitting during
training (Brownlee 2016). Max pooling, a common pooling
method, condenses the feature maps by sliding a 2 x 2
matrix over each feature map and retaining the maximum
value at each position. In the fully connected layer, the 2D
feature maps are flattened into a traditional fully connected
format (Brownlee 2016). The number of neurons in this
layer is carefully chosen to achieve optimal results. The
output layer generates results that allow for predicting the
SS parameters.

3.4.6 Hyperparameter tuning

In ML, hyperparameters are parameters that must be
predefined before the learning process. XGBoost, RF, MLP,
SVM, and CNN models are influenced by various
hyperparameters that significantly affect their predictive
accuracy. Hence, it is crucial to perform careful tuning of
these hyperparameters, a process known as hyperparameter
optimization. However, optimizing hyperparameters poses a
challenge because it involves combinatorial optimization,
which cannot be handled by gradient descent methods as
with regular parameters. Furthermore, individually
adjusting hyperparameters and evaluating their impact
requires retraining, making the computation for assessing
various hyperparameter configurations a computationally
intensive task (Zhang et al. 2021). Hence, Bayesian
optimization, in conjunction with K-fold cross-validation,
was employed to reduce the computational demands
associated with hyperparameter optimization. Bayesian
optimization involves two key components: a surrogate
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model representing the ML model, which defines the prior
probability, and an acquisition function (a function of
posterior probability) for guiding the next evaluation. The
K-fold cross-validation process divides the training set into
k subsets referred to as folds. Subsequently, the models
under examination are trained and evaluated k times.
During each iteration, k-1 folds are used for training, and
the remaining fold is reserved for evaluating the
classification model. The outcomes of K-fold cross-
validation are represented as an array containing k
evaluation scores (Xia et al. 2017). The flowchart of the
tuning of hyperparameters using K-fold validation and
Bayesian optimization algorithm was shown in Fig. 2(b).

3.5 Model performance assessment

To evaluate the predictive performance of the ML
models, three commonly accepted validation criteria were
selected and utilized: the coefficient of determination (R?),
Mean Absolute Error (MAE), and Root Mean Squared Error
(RMSE) (Chao et al. 2021, Pham et al. 2018, Khanlari et al.
2012, Zhang et al. 2021). R? represents the statistical
relationship between the observed values and the predicted
values generated by the models (Mohammadi et al. 2022).
Its values fall within the range of 0 to 1, where 0 indicates
an inaccurate model and 1 indicates a highly accurate model
(Zhang et al. 2021). On the other hand, MAE calculates the
mean of the absolute differences between the predicted and
observed values (Khanlari et al. 2012). While, RMSE
quantifies the average squared difference between observed
and predicted values (Khanlari ef al. 2012). Both MAE and
RMSE provide insights into the model's error assessment,
with lower values indicating better model performance
(Zhang et al. 2021). These values (R%, MAE, RMSE) can be
calculated using the following equations.

n

Z(Yi - Xi)2

R =1-—— (12)
Z(Yi _Y)2
1 n

MAE=HZ\Yi—Xi\ (13)

RMSE = /%Zn:(Yi -X;)? (14)
i=1

where, Y; is measured value, X; is predicted value, Y is the
average of measured value, and 7 is data numbers.

3.6 Feature importance assessment techniques

Feature importance is a vital aspect for feature selection
and model interpretation. In this study, the Decision Tree
Feature Importance (DTFI) and Coefficient Feature
Importance (CFI) techniques were employed to assess the
contributions and importance levels of the input features in
predicting cohesion and friction angle. The DTFI method
yields importance scores for the input features, which are
computed using the Gini impurity. Gini impurity measures

Table 2 Pearson’s correlation coefficients

w G e S PL LL SC cCC

r

w 1

G -0299 1

e 0986 -0213 1

St 0.265 -0.175 0.144 1

PL 0.845 -0.167 0.828 0.315 1

LL 0.831 0.081 0.837 0.306 0.824 1

SC 0.309 -0.169 0.279 0.275 0.408 0.311 1

CC 0.291 -0.019 0.257 0.318 0.312 0.517 0.415 1

Table 3 Multicollinearity test results

Features VIF TOL
G 1.10 0.91
Sy 1.20 0.84
LL 1.36 0.73
SC 1.22 0.82
cC 1.27 0.79

how effectively observations can be divided based on the
target variable at each node in the decision tree. While, the
CFI identifies a set of coefficients used in a weighted sum
to make predictions. These coefficients can be directly
utilized as a fundamental form of feature importance score.

4. Results and discussions
4.1 Selecting features

4.1.1 Pearson correlation

Table 2 illustrate Pearson's correlation coefficients,
which reveal the relationships among various soil physical
properties. Specifically, the correlation coefficients between
water content (w), void ratio (e), plastic limit (PL), and
liquid limit (LL) exhibit a notably high range, spanning
from 0.824 to 0.986, signifying a statistically significant
positive correlation. The presence of highly correlated input
features can potentially impair the performance of ML
algorithms. To ensure the optimal performance of the
model, these closely related input features will be assessed
for potential removal from the dataset due to their
significant similarity to one another, as indicated in prior
research of Mohammadi et al. (2022). Consequently, water
content, void ratio, and plastic limit will be excluded from
the input features used in the ML models.

4.1.2 Multicollinearity test

After removing the three input features, a
multicollinearity test was conducted on the remaining
features to examine their correlations with one another. The
findings of this assessment are summarized in Table 3. This
table confirms that all the features exhibit no signs of
multicollinearity, as indicated by the variance inflation
factor (VIF) values ranging from 1.10 to 1.36 and tolerance
(TOL) values ranging from 0.73 to 0.91.
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XGBoost
Hyperparameters Value
n_estimators 600
Max_depth 4
Learning_rate 0.036
Colsample bytree 0.5
Subsample 0.3
Reg lambda 0.1
RF
Hyperparameters Value
n_estimators 1000
Max_depth 7
Bootstrap True
Min_samples_leaf 1
Min_samples_split 2
MLP
Hyperparameters Value
Epochs 5000
Batch_size 10
Activation function Sigmoid
Optimizer model Adam
Hidden layer 2
Neurons in hidden layer 10, 5
SVM
Hyperparameters Value
Kernel function rbf
C 100
Gamma 10
CNN
Hyperparameters Value
Convolutional layers
Number of convolutional layer 2
Number of kernels 64; 32
Size of kernels 4
Activation function RELU
Fully connected layers
Number of fully connected layers 3
Number of neurons 256; 128; 1
Activation function Linear
Batch size 10
Epochs 5000
Optimizer model Adam

4.2 Hyperparameter selection

Table 4 displays the hyperparameters selected for the
ML models through K-fold validation and Bayesian
optimization method. The specific hyperparameters for
XGBoost, RF, MLP, SVM, and CNN can be found in Table
4.

4.3 Shear strength parameters prediction

Fig. 4 displays the comparison between cohesion

observations and predictions using the training and testing
dataset, visualized alongside the trend line. The data is
closely clustered around the trend line, indicating a strong
correlation as evidenced by the high R? value. The R? values
for the training and validation datasets of XGBoost, RF,
MLP, SVM, and CNN were illustrated in Figs. 4a-4(e)
respectively. These R? values, which fell within the range of
0.770 to 0.982, clearly indicate the success of all the applied
machine learning techniques in accurately estimating the
soil cohesion. Among the used ML models, XGBoost and
CNN exhibit the highest performance in comparison to the
other models (Fig. 4(f)).

Similar to Figs. 4 and 5 illustrates the comparison
between observed friction angle values and their predictions
using both the training and testing datasets, with a trend line
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Fig. 4 Correlation between the measured and predicted
cohesion: (a) XGBoost, (b) RF, (¢) MLP, (d) SVM, (e) CNN
and (f) Comparison of R? among ML models
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for reference. Figs. 5(a)-5(¢) show the R? values for the
training and validation datasets of XGBoost, RF, MLP,
SVM, and CNN respectively. The R? values, ranging from
0.877 to 0.987, affirm the effectiveness of all employed
machine learning techniques in precisely predicting soil
friction angle. Notably, Fig. 5(f) compares R? values among
the ML models. The result also confirmed the superior
prediction ability of XGBoost and CNN techniques
compared to other used models.

Fig. 6 presents the MAE and RMSE values in cohesion
prediction from the used ML models for both the training
and testing datasets. Regarding both MAE (as shown in Fig.
6(a)) and RMSE (as depicted in Fig. 6b), the XGBoost
model exhibits the highest accuracy in comparison to the
other techniques. Moreover, the prediction performance of
CNN, RF and MLP is quite similar, while SVM
demonstrates the least favorable model performance. In
similarity, Fig. 7 displays the MAE and RMSE values for

friction angle prediction derived from the employed ML
models, encompassing both the training and validating

30
= o Train
& 20 A RZ=0.9864
B
S e Test
5 10 A RZ=0.9839
=
-

0 T

0 10 20 30
Measured @ (°)

(a)
6 o Train
S8 RZ=09764
5t
b ® Test
= R2=009773
@
L
-

0 10 20 30
Measured ¢ (°)

(b)
> ¢ Train
S- R*=0.9012
3
b ¢ Test
= 2= 0.9093
@
ot
~

0 10 20 30
Measured ¢ (°)

> a Train

S R?*=0.877
i

< 4 Test

= 2=0.9031
7

o

A

0 10 20 30
Measured @ (°)
(d)
Fig. 5 Correlation between the measured and predicted
friction angle: (a) XGBoost, (b) RF, (c) MLP, (d) SVM,
(e) CNN and (f) Comparison of R? among ML models
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Fig. 6 Comparison among the ML models cohesion
prediction: (a) MAE and (b) RMSE

datasets. The XGBoost model displays the lowest MAE and
RMSE values compared to the other three models. CNN,
and RF shows slightly higher MAE and RMSE values than
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Fig. 7 Comparison among the ML models friction angle
prediction: (a) MAE and (b) RMSE

XGBoost, while MLP and SVM exhibit the highest values
for both MAE and RMSE.

In Fig. 8(a), the probability density distribution curve
for observed cohesion and predicted cohesion from the
various ML models is depicted.

4.4 Selecting appropriate ML models

The results from Figs. 4-8 clearly suggest that the
XGBoost model exhibited the best performance in
predicting the SS parameters of soil. This discovery is in
line with findings from previous studies, which proved the
outstanding predictive ability of XGBoost model for
solving the engineering problems. Kulsoom et al. (2023),
Sahin (2020), Inan and Rahman (2023) demonstrated that
XGBoost model exhibited the highest level of accuracy
when compared to the RF, ANN, SVM, and AdaBoost for
landslide prediction. Amjad et al. (2022) illustrated the
superior predictive capabilities of XGBoost when compared
to RF, SVM, and Decision Tree in estimating pile bearing
capacity.

The exceptional performance of the XGBoost model
arises from its training process, which involves the
sequential training of multiple decision trees. Each decision
tree is relatively shallow and fine-tuned using the errors
from the previous tree. This approach generates numerous
weak classifiers that, when combined, result in a highly
effective model (Inan and Rahman 2023). CNN model is
recognized as one of the most effective deep learning
algorithms for image classification problems (Lei et al.
2019, Chaganti et al. 2020, Tripathi 2021, Guo et al. 2017).
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However, in the context of regression problems, such as in
this study, while the R? value is comparable to that of the
XGBoost model, the MAE and RMSE error metrics are
higher for the CNN model. This discrepancy arises from the
process of transforming the input data from continuous to
categorical (converting vectors to 2-dimensional matrices).
Although adding more classification layers in the
transformation of the input data can help reduce errors in
the predicting using CNN model, it also leads to increased
computation time. Consequently, for regression problems,
the XGBoost model appears to be a more suitable choice
than the CNN model.

The comparatively lower performance observed in the
RF model, when compared to XGBoost, can be attributed to
the RF model's heavier reliance on hyperparameters to
optimize its performance. Consequently, even a minor
alteration in hyperparameters can have a far-reaching effect
on most trees within the RF ensemble, potentially
influencing its predictive accuracy. These challenges can
erode the effectiveness of the RF model, whereas XGBoost
consistently focuses on optimizing the model's functional
space while minimizing associated costs, leading to
improved performance (Probst et al. 2019, Kulsoom et al.
2023). The relatively lower performance of the MLP model,
compared to the XGBoost and RF models, can be attributed
to the inherent challenge faced by MLP models in
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Fig. 9 Comparison between this study and the previous
studies for cohesion prediction: (a) R?, (b) MAE and (c)
RMSE

effectively generalizing from training data. This challenge
can lead to issues such as overfitting, where the model fits
the training data too closely, resulting in reduced
performance when applied to new data (Bandara ef al.
2020, Kulsoom et al. 2023). The lower performance of the
SVM model, compared to the other used models, can come
from the nature of SVM. SVM is a linear separator, and
when dealing with non-linearly separable data, SVM relies
on the use of a Kernel to transform the data into a space
where it can be effectively separated. Although SVM has
the capability to project data into a high-dimensional space
to identify a linear separation for various types of data, it's
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important to note that the effectiveness of SVM depends on
selecting an appropriate Kernel. However, it's worth
acknowledging that there might not always be a perfect
Kernel choice for every dataset (Ates et al. 2021,
Karamizadeh et al. 2014). Out of the ML models assessed
in this study, it is evident that the XGBoost model stands
out as the most appropriate choice for predicting the SS
parameters of soil.

4.5 Comparison with the previous researches

To gauge the effectiveness of the ML models, the
prediction ability from five ML techniques was compared to
the empirical equations (Egs. (1)-(11)) from four studies
proposed by Ersoy et al. (2013); Roy and Dass (2014),
Adunoye (2014a); Adunoye, (2014b). The reason for this
selection is that the dataset used in this study contains most
of the required parameters for calculating shear strength
parameters using these equations.

The performance of both the empirical methods and the

used ML models on the training and validation sets is
illustrated in Figs. 9 and 10, focusing on cohesion and
friction angle, respectively. In the context of predicting
cohesion (as shown in Fig. 9), the employed models
consistently exhibits higher R? values when compared to the
previously used empirical equations, both for the training
and testing datasets (as depicted in Fig. 9(a)). Furthermore,
it's worth noting that the ML techniques display lower MAE
(as seen in Fig. 9(b)) and RMSE (as demonstrated in Fig.
9(c)) values in comparison to the previous empirical
formulas. These findings are similarly consistent when
predicting the friction angle, as illustrated in Fig. 10. These
results emphasize the superior predictive capabilities of the
ML models when compared to the previous empirical
models. This observation can be explained as follows: the
previous empirical equations were derived using a linear
regression approach. This technique assumes linearity
between the features, potentially leading to less accurate
results (Iyeke et al. 2016).
Moreover, this method may lead to an overfitting issue,
causing excessive similarities between the analysis and the
dataset, and potentially resulting in unreliable predictions
and inaccurate future forecasts. Finally, the previous
empirical equations relied on one or two soil physical
properties to predict the SS parameters of soil. Each study
used different properties, such as Ersoy ef al. (2013) used
plastic and liquid limits; Roy and Dass, (2014) used bulk
density and specific gravity; Adunoye, (2014a) used fine
content, to predict the SS parameters and concluded that the
identified properties significantly influence the SS
parameters. This underlines the complexity of SS,
indicating its dependence on different physical soil
properties (Jain et al. 2010, Mousavi et al. 2011). Therefore,
predicting the SS parameters requires models that take into
account the influence of various properties.

4.6 Features importance analysis

The importance of the input parameters for predicting
cohesion and friction angle is depicted in Fig. 11. In both

the DTFI and CFT analyses, it is evident that G and LL have
a substantial impact on cohesion (Fig. 11(a)) and friction
angle (Fig. 11(b)). These findings are suitable to the
researches of (Garcia et al. 2012, Ojuri 2013), which
presented an increase in soil density typically leads to an
enhancement in shear strength, mainly due to a reduction in
pore volume. In a similar way, shear strength parameters
tend to increase with an increase in the liquid limit (Sharma
and Bora 2003, Roman, 2014, Kayabali ef a/.2015, Roy and
Dass 2014, Mousavi et al. 2011). Furthermore, SC and CC
also exert an influence on cohesion and friction angle in
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both the DTFI and CFI methods. This observation presented
in the studies of Mujtaba (2014), Lade et al (1998),
Adunoye (2014a, b). These researches revealed that the
friction angle showed a decreasing trend with an increase in
fine content, whereas the cohesion displayed an increasing
trend as fine content increased.

This can be explained as follows: as the silt content
increases, resulting in increased density and decreased void
ratio, soil water exists predominantly in the form of a
binding membrane around the soil particles. In this state,
the water inside the binding membrane is immobile, which
facilitates the surface tension of water in the soil. As a
result, the increased density leads to a strong binding force
between the water in the water membrane and the soil
particles, which contributes to a certain extent of cohesion
increase (Li et al. 2021). Fig. 11 estimates that the influence
of S, is quite low compared to the other properties, which
may come from the fact that the S, data used to train the ML
models is mainly in the range of 0.8-1.0. This limited range
of S, values results in a marginal impact of S, on the ML
model's performance.

5. Conclusions

This study investigates the applicability of the XGBoost,
RF, MLP, SVM, and CNN models for predicting the SS
parameters, including cohesion and friction angle. To
evaluate the model's performance, the study utilizes metrics
including R? (coefficient of determination), MAE (mean
absolute error), and RMSE (root mean square error). The
results of these metrics demonstrate that the used ML
techniques effectively predict shear strength parameters
based on readily available physical properties. The
evaluation results further validate the superior performance

of the XGBoost model, establishing it as one of the most
suitable models for accurately estimating both cohesion and
friction angle.

The results obtained from this study were compared
with those from previous empirical equations, revealing the
superior predictive capability of the ML models in
estimating shear strength parameters.

The influence of input features on the prediction
outcomes was also evaluated using the Decision Tree
Feature Importance, and Coefficient Feature Importance
methods. The results from these methods suggest that G and
LL exert significant influence on the prediction of cohesion
and friction angle. In addition, both silt content and clay
content also have an impact on the shear strength
parameters.
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