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Abstract:

Bearing capacity estimation of shallow foundations is an essential requirement in the design of
structures and taking a calculation method into account is necessary. All the parameters and
uncertainties cannot be factored in by the classic analytical-based methods. Moreover,
performing in-site tests requires extensive time and many resources. With the development of
new methods such as Machine Learning (ML) algorithms in recent decades, a resolution to these
challenges has been identified. In this study, classic machine learning regression methods such
as KNN, SVM, and decision-based models alongside the utilization of Artificial Neural
Network (ANN) regression are examined and compelling results are demonstrated. The dataset
in this study consists of 97 tests on model foundations and site loadings on granular soil. The
results indicate that these ML regression methods will have reliable outcomes in the
determination of bearing capacity compared to some other available approaches. But more
importantly, the precision of the trained model is closely correlated to data splitting and the ratio
of train and test series in the dataset. The importance of the splitting procedure was examined
through trial and error with parameters of train test data ratio and the random state of sampling.
It is indicated that a ratio of 80% for the training set would be an optimum value. Furthermore,
the relative importance of the input features was examined through a sensitivity analysis which
indicated that the internal friction angle of the soil and the depth of the foundation are the most
important inputs while using ML regression methods.

1. Introduction

in foundation engineering. The first attempts in this area
were made by Prandtl by using slip line equations for the
case of plane deformations, derived by Kotter, which

Construction has always been crucial in the development of
civilizations. One essential component of a structure is the
foundation which two factors of strength and serviceability
of the structure are completely dependent on it. A shallow
foundation, as the most common type of foundation, has a

depth-to-width ratio less than or equal to four (% <4)[1].In

the design of foundations, it is critical to perform an analysis
on the soil's mechanical properties such as settlement and
bearing capacity.

Determination of the bearing capacity of shallow
foundations has always been an extensively studied matter
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resulted in an analytical form for strip footings [2]. Then
Terzaghi derived the first comprehensive approach for
calculating the bearing capacity of shallow foundations
using the limit equilibrium method [3]. Afterward, many
other researchers proposed several approaches; for instance,
Meyerhof [4] Hansen [5], and Vesic [6] developed new
equations by improving Terzaghi’s method.

Not every problem necessarily has an analytic solution and
cannot be written down in standard mathematics form [7]. In
engineering and specifically geotechnical engineering we
mostly face such problems which include myriad or
unlimited variables and complex analysis. So, to solve these
problems, an approximate answer with top precision would
be sufficient and that is the reason humans have utilized
numerical methods for addressing mathematical issues from
ancient times [8]. Later in the 16™ century, lots of
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achievements in improving numerical methods were
attained by scientists like Newton [9]. Furthermore, many
methods which are used to analyze and design in
engineering fields were invented based on numerical
methods, like Finite Element Method (FEM) which has
various applications in geotechnical engineering [10].
However, doing these numerical calculations would mostly
take a lot of time and is complex to model. With the
invention of electronic computers in the 20™ century [11],
numerical methods implementation entered a new era. For
instance, Morgenstern and Price [12] programmed digital
computers to analyze the stability of slip surfaces. Later in
the second half of the 20th century, the intelligent behavior
of computers was studied as Artificial intelligence (Al) [13]
and then in the 60" decade, Rosenblatt used machines to
solve cognitive human problems based on mankind's
nervous system [14] and Machine Learning (ML) as a subset
of Al was introduced. Since the 90" decade, myriad studies
on the utilization of ML methods in foundation engineering
have been reported. Yeh et al. [15] and Chan et al. [16]
announced studies on driven piles using Artificial Neural
Network (ANN). Lee, I. M. and Lee, J. H. [17] reported a
study on the prediction of bearing capacity of deep
foundations using ANN.

Furthermore, numerous studies in different foundation and
soil conditions using ML methods have been declared in
recent years. Shahin et al. [18] researched settlement
prediction of shallow foundations on cohesionless soil using
back-propagation artificial neural networks. Rezania and
Javadi [19] suggested a genetic programming model for
predicting the settlement of shallow foundations. Samui [20]
utilized SVM to analyze the behavior of shallow foundations
and Gajan [21] studied the application of ML methods to
predict the performance of shallow foundations during
earthquakes and dynamic soil situations. Altinok and Ulker
[22] performed a study on the bearing capacity
determination of closed-ended piles through non-linear
machine learning methods. Jibanchand and Devi [23]
applied ensemble learning methods for the estimation of
settlement in shallow foundations.

In this study, the intended course of action includes the
prediction of the bearing capacity of a further described
dataset and the evaluating of the results. The dataset has been
used for another study by Padmini et al. [24] to examine
neuro-fuzzy models and comparison with some other
approaches. As a result, a comprehensive study of the classic
ML methods on the dataset would be beneficial as new
approaches. Furthermore, the data splitting parameters
affecting regression results consisting of train and test sets
ratio and also sampling pattern are examined through trial
and error to conclude with advantageous results. Moreover,
the relative importance of the input features was examined
through a sensitivity analysis.
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2. Introduction to the applied models

Padmini et al. [24] conducted research on the performance
of Adaptive Neuro-Fuzzy Inference System (ANFIS) in
predicting the bearing capacity of shallow foundations
alongside comparing its performance with Artificial Neural
Networks (ANN) and Fuzzy Interface System (FIS) analysis
results and revealed that ANFIS has significantly more
precise predictions. Additionally the precision of the three
mentioned methods was contrasted with analytical bearing
capacity theories (like Terzaghi’s correlation for bearing
capacity) and the results indicated that ANN, FIS, and
AFNIS exhibit remarkably improved accuracy. Later,
Kalinli et al. [25] utilized ANN prediction with a different
structure to the same dataset collected by Padmini et al. [24]
and achieved enhanced results. They also developed an
improved Meyerhof formula using an optimization
technique called Ant Coloni Algorithm which led to
increased precision than the analytical theories.

Because both special machine learning-based approaches
and analytical theories were examined by previous
researchers, a shortage of more commonly used machine
learning approaches is apparent. Therefore, techniques
known as Classic ML algorithms [26] were studied in the
present literature. In addition, another experiment using
ANN was performed with the purpose of a comparative
study. All of the stated methods are classified as supervised
learning models. Supervised learning does a mapping
between a set of input variables and an output variable. To
achieve that, the dataset is divided into two sets; training set
and test set. Supervised ML methods learn using a train set
and then evaluate the results by applying them to a test set
[27].

The hyperparameters of the utilized algorithms and also
dataset properties will be elaborated in sections 3 and 4.
Some utilized methods are introduced for a better
understanding.

2.1. Artificial Neural Networks (ANN)

Artificial Neural Networks (ANN) is a supervised algorithm
inspired by human brain functions. Neuron-like units do the
process and provide the output [28]. ANN works as linked
nodes in several layers of learning which generalize the
relationship between a dataset of inputs and outputs [29].
Figure 1 shows the schematics of ANN. The first layer is the
input layer. Hidden layers include nodes with activation
functions, which are applied to the input of the nodes. Then
through an optimization method like backpropagation, the
network approximates values in each epoch to lower the
error by modifying the weights of node links, and finally
network learns that specific problem [28, 29]. Figure 2
illustrates the Neuron Model.
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Fig. 2 — Schematic of Neuron Model

a; is the feature vector and w; is the weight vector. Equation
1 shows the input; function for a neuron [29].

n
Input; = Z w; a; D
i

Which w; is the weight of the link and a; is the function
output. Various activation functions can be used for the

output of the neuron such as the Sigmoid function, ReL U,
and Selu.

2.2. Classic Machine Learning Algorithms

2.2.1 Support Vector Machines (SVM)

Support Vector Machines (SVM) is a supervised machine
learning method for classification and regression. SVM is a
system that utilizes a learning algorithm with the aim of
optimization and executes a bias on data [30]. Simply, SVM
finds a hyperplane (in high dimensional feature space) that
classifies the training data with maximized margin. The
simplest kind of SVM is linear SVM which employs a linear
classifier. But the case is not always linear and that is the
reason kernel functions are used. Kernel functions transform
the input data into a feature space in higher dimensions to be
separable with a plane. Figure 3 illustrates the idea of how
SVM is implied. In Figure 3, red and blue dots are

representative of two classes and the hyperplane in a new

multi-dimensional feature space can easily separate them.
There are different kernels like polynomial, RBF, and
Sigmoid which utilize different mathematical functions.
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Fig. 3: SVM classifier

The main goal in utilizing SVM is to find a function that
provides a deviation of error from the desired output. SVM
is an optimization problem [31].

2.2.2. K-Nearest Neighbours method (KNN)
Fundamentally, K-Nearest Neighbours (KNN) assigns an
unclassified vector a class based on a set of nearest classified
points [32]. The value k for the number of nearest neighbors,
which the method is biased by, is required and the success
of the method is completely dependent on it. For the stated
purpose, one approach might be trial and error of various k
values. The drawback of KNN is that it requires storing the
whole training set and it might get high-priced when the
dataset is too large [33]. By finding the optimal k, machine
is now capable of predicting unknown value new points.
KNN is also proficient in doing regression based on the

nearest neighbor’s values. Figure 4 is a 2D simple
demonstration of KNN.
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Fig. 4: Predicting an unknown point’s class using KNN

In Figure 4 with a k equal to 5, the neighbors are shown and
the point will be classified based on the weight of shapes as

a red circle or a blue square and will be assigned in
correlation with their values.

Suppose that ; is the location vector of the sample and S is
the property value. Firstly, the value of K should be set. Then
the distance between the unknown object and existing
samples is computed as d. for k = 1 to K, estimated value of
[ is calculated as Equation 2 and 3 [34].
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Which d is the stated distance and wi is the weight
considered for the vector.

Some other Classic ML algorithms were also studied in this
paper including Decision Tree and Random Forest [35],
ADABOOST [36], XGBOOST [37], CATBOOST [38],
BAGGING [39], and LIGHTGBM [40]. For further details,
see the references [27- 40].

The reason for choosing these methods would be the fact that
SVM, Decision Tree Random Forest, and also Gradient
Boosting algorithms are highly widespread worldwide and
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comparative study on them alongside some other Classic
methods would offer valuable findings with a broader view.

3. Dataset introduction

A dataset, gathered by Padmini et al. [24] from several
studies, has been implemented in this paper. The dataset is
composed of load test data of real-sized shallow foundations
on cohesionless sand soil with different densities. Real-sized
refers to footings on the scale of existing buildings. The total
number is 97 tests. 47 tests were performed on large-scale
(dimensions between 0.5 m to 3.0 m) footings at the area of
Degebo, Berlin in a submerged condition by multiple
researchers and the angle of shearing resistance was
measured through laboratory experiments [24]. The other 50
smaller-sized model footings (dimensions between 0.01 m
and 0.15 m) are collected employing an experimental
loading test designed by Gandhi [41]. Table 1 describe the
dataset based on the literature.

Table. 1: The dataset properties considering the size of the footings

Dimension range (m)

Count Label Source
Depth Length Width
24 0-05 05-20 0.5 Large Muhs and WeiR [42]
11 0-03 05-20 0.5 Large WeiR [43]
5 0-0.3 1.2 0.6 Large Muhs et al. [44]
2 0-0.2 3.0 1 Large Muhs and Weil3 [45]
5 0.7-0.9 1.0-3.0 1.0-3.0 Large Briaud and Gibbens [46]
50 0.029 - 0.150 0.094 - 0.912 0.059 - 0.152 Small Gandhi [41]

It is observed that there is a balance between the large and
small-sized data in numbers which leads to more reliable
answers. A thorough elaboration about the soil and
foundation properties as well as the conditions during the
experiments is provided in the corresponding references.

The input features are the width of footings (B), depth of
footings (D), length-to-width ratio of footings (L/B),
specific weight of soil mass (y), friction angle of soil (¢) and

the output feature is the bearing capacity of footings attained
by load tests (qu).

Table 2 demonstrates the statistical specifications for the
following dataset parameters, including minimum,
maximum, mean value, and standard deviation.

A part of the data is illustrated in Table 3. In addition, Figure
5 demonstrates the distribution of the dataset based on width,
depth, and bearing capacity parameters in the form of
histograms.

Table. 2: Statistical characteristic of the dataset

Type Parameter Symbol Min Max Mean S.D
Width (m) B 0.0585 3.016 0.4024 0.5111
Depth (m) D 0 0.889 0.1654 0.2004
Input Length to Width ratio L/B 1 6 31 2.1397
Specific Weight (kN/m3) Y 9.85 17.1 14.1810 2.6229
Internal Friction Angle (deg) 0] 32 44.8 38.5526 3.2774
output Bearing Capacity (kPa) qu 58.5 2847 439.6169 530.8789
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Table. 3: A sample of the utilized dataset

No B (m) D (m) L/B Gamma (kN/m3) Phi (deg) qu (kPa)
1 0.6 0.3 2 9.85 34.9 270
2 0.6 0 2 10.2 37.7 200
3 0.6 0.3 2 10.2 37.7 570
4 0.6 0 2 10.85 448 860
5 0.6 0.3 2 10.85 448 1760
6 0.5 0 1 10.2 37.7 154
7 0.5 0 1 10.2 37.7 165
8 0.5 0 2 10.2 37.7 203
9 0.5 0 2 10.2 37.7 195
10 0.5 0 3 10.2 37.7 214

Frequency

Frequency

Frequency

Fig. 5: Distribution of B, D, and qu. (a) Distribution of B ; (b)
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In terms of uncertainties and limitations associated with the
dataset, the limited size of the dataset presents a challenge.
Moreover, the friction angle of the soil was measured
through sampling, and errors associated with in-site
sampling are probable to be present in the data.

4. Accuracy metrics

After implementing ML methods, it is necessary to evaluate
the accuracy and the performance of the model using
accuracy measures including coefficient of determination
(R?), RMSE, and MAPE which will be further discussed, are
used for the mentioned objective. In general, while reporting
the error, the magnitude matters. So, all the following
criteria have positive values.

4.1. Root Mean Square Error (RMSE)

This metric is calculated according to Equation 4 and is
defined as the square root of the average of squared
deviations of real values and predicted values [47].

RMSE = (4)

Which z; is the predicted value and zo is the real value. The
less RMSE is, the better the regression will be.

4.2. Mean Absolute Percentage Error (MAPE)

Another metric called MAPE can be used for the stated aim
which is very similar to RMSE but uses absolute value
instead of putting to power of two. The MAPE value should
become minimum as well as RMSE and it is determined
using Equation. 5 [48].

n
1

MAPE = — Z
n

At_Ft
A

®)

Where A, is the real value and F, is the predicted value.
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4.3. Coefficient of Determination (R?)

The coefficient of determination (R?) is the most common
metric and it simply shows the concordance of predicted
values and the real ones and it is calculated using Equation
6 [49].

RSS _ T — 907 (6)
TSS 2 i —¥)?

In which RSS is the sum of squares of residuals and TSS is
the total sum of squares. ¥; stands for predicted value, y; for
real values and y; for the mean value of the parameter under

consideration. R? is a ratio and as it approaches 1.00, the
precision of results increases.

4.4. Mean Absolute Error (MAE)

While modeling performance evaluation, it is suggested to
determine Mean Absolute Error (MAE) as a more natural
measure with less ambiguity than RMSE [50]. MAE is a
straightforward metric and is defined as the average of
absolute errors. Equation 7 represents the calculation of
MAE [50].

n
(7)
MAE = n™1 Zleil
=1

R?=1-

ei is the difference between absolute and predicted values of
data and n is the data quantity.

4.5. Variance Accounted For (VAF)

Variance Accounted For (VAF) simply indicates the
accuracy of the model based on the variance of the predicted
values and the real values. Equation 8 provides VAF
calculation [51]:

var(y — y')

VAF = |1 - ) ]><100 ©)

Where vy is the real value and y’ is the predicted value. It is
obvious that as the VAF approaches 100%, the model
performs better.

4.6. A20 Score

A20 score is a recently proposed reliability criterion for
Neural Networks and is expressed as the ratio of well-
predicted samples (within a 20% deviation from the actual
values). Equation 9 shows the calculation of a20 index. [52]:

My
M
M is data quantity and myg specifies the count of predictions
within £20% of the actual values. As this metric gets close
to 1.0, the regression results get more reliable.

While examining ML models' performance, it is necessary
to employ different accuracy criteria to find a more
generalized answer. Moreover, some metrics have

a20ipgex =

©)
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advantages in certain models compared to others (e.g., as
stated before, sometimes MAE is less ambiguous than
RMSE).

5. Methodology

5.1. Preprocessing and feature selection

Before performing any data analysis model, it is necessary
to carry out preprocessing on the dataset. There are two main
reasons for that which are the probability of defect in the data
and the dataset compatibility for the modeling process [53].
Some issues with a dataset might be noise in the data,
missing attributes, overfitting due to numerous features,
symbolic data (like the shape of foundations), and a small
amount of data. In preprocessing these concerns are
addressed [53].

In the context of this study, the entire dataset is numerical
and there is no need for converting symbolic data. Besides,
there is no missing data and all the inputs and outputs are
available from Table 2 . It is obvious that the variance of the
variables is not very high in values.

However, since in geotechnical studies, a lack of data is
apparent, the issue of too much data wouldn’t occur and
instead of dataset reduction, feature selection techniques,
consisting of filter methods, wrapper methods, and
embedded methods must be chosen based on their accuracy
and efficiency in certain conditions and studies [54]. Since
there are only five input features in the present case and they
are the most basic characteristics of a foundation, feature set
reduction wouldn’t be necessary. Despite this, to obtain a
more detailed view, a correlation analysis for all the input
and output datasets was done based on the Pearson
Correlation Coefficient. The procedure of determining the
correlation coefficient is as Equation 10 [55]:

S Y= @i — )
T B - DEI - Y)?

Where n is the sample size, xi and y; are individual points
(one in the predicted values set and another in the real values
set) and x, y are mean values of x and y sample sets
respectively. As the correlation coefficient gets closer to 1
or -1, the x and y features are more related to each other.
Figure 6 portrays the correlation matrix of input and output
features.

(10)

Many interpretations can be derived from Figure 6. It is
indicated that bearing capacity (qu) is significantly
correlated to the depth (D) of the footing in the prepared data
and feature selection presence of D is crucial. Since all the
features are strongly related to the output (based on Figure
5, the numbers are 0.25 and more), all the input features are
selected.
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Fig. 6: Correlation matrix of features

Along with that, for better compatibility of different features
and output, the use of distance-based models, consistency,
and the presence of different scale values, all the feature
space was normalized on a certain scale of [-1, 1] before
modeling.

5.2. The effect of sampling parameters optimization

As previously mentioned, in the implementation of machine
learning methods, it is necessary to split the data to train and
test sets. There are myriad possible ways of splitting the
dataset. To make the results comparable, a feasible approach
must be taken into account for all methods. The random state
of picking data, which has a built-in definition in Python
libraries, and the train set size ratio are chosen as splitting
parameters.

It is necessary to find the optimum values for the splitting
parameters using trial and error. To achieve this, the results
of the modeling must be compared (hyperparameters and
modeling elaboration will be discussed further in the
literature). The results were indicated for many different
values for the proportion of the data used as training sets for
all the models. To demonstrate the results, a scatter of
bearing capacity values on the vertical axis for the selected
test set was designed. Red dots and lines show the predicted
value of the specific method and blue dots and lines plot real
values. The amount of overlap shows the accuracy of the
regression.

Notice that the samples are not sorted to show the
randomness of sampling. Figure 7 illustrates the results for
the decision tree algorithm for 0.7, 0.75, and 0.8 train ratios
as some examples. Accuracy metrics are reported under the
plots (here we use R2, RMSE, and MAPE). In addition, the
random state of choosing the train and test data has a
significant effect on the outcome. Several sampling patterns
were examined using built-in Python libraries definitions.
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Fig. 7: Decision Tree results with different Train Ratios: (a) Train
Ratio = 0.7, R? = 0.89, RMSE = 143, MAPE = 2.4; (b) Train
Ratio = 0.75, R? = 0.93, RMSE = 123, MAPE = 10.8 ;and (c)
Train Ratio = 0.8, R? = 0.93, RMSE = 130, MAPE = 3.7

Figure 8 portrays the output of the decision tree algorithm
using three different patterns (train ratio is equal to 0.8).
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Fig. 8: Decision Tree results with different Random States: (a)
Random State 1, R? = 0.44, RMSE = 228, MAPE = 11.2; (b)
Random State 2, R? = 0.93, MAPE = 8.9, RMSE = 132; and (c)
Random State 3, R? = 0.6, RMSE = 280, MAPE = 48.3
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5.3. Classic ML
hyperparameters

When utilizing ML methods, it is essential to choose
optimized and compatible hyperparameters for a trustworthy
performance and results of the models.

The protocol of ML regression bears a resemblance to all the
models and consists of reading the dataset, pre-processing
(Standard Scaling), fitting the regressor, regression
hyperparameter optimization based on suitable metrics, and
plotting the final results.

Model development initiated by data splitting is a critically
important and highly effective part, which was done as
mentioned in the previous section. Table 4 shows the
optimization results of the sampling procedure via trial and
error for the decision tree. Various algorithms may have
different optimum parameter values and the stated validation
process should be done for each. In this study, after
validating 12 chosen algorithms, the training ratio was equal
to 0.80 and the random state 2 was considered in learning.

models  development and

Table. 4: Data splitting parameter optimization (Decision Tree)

Splitting parameter Value Result (R2)
0.70 0.89
. . 0.75 0.93
Train set ratio
0.80 0.93
0.85 0.90
) ) 1 0.44
Random state (Train ratio = 2 0.93
0.8)
3 0.6

XGBOOST simply follows the protocol. The number of
trees in the model (n_estimators) was found out through trial
and error (from 1 to 100) and R2, Mean Absolute Error
(MAE), and Mean Squared Error (MSE) are used as the
criteria for optimization.

In the Decision Tree, the selectable hyperparameters are the
Node Splitting Criterion which indicates the quality of
splitting in the tree and limitations for the shape of the tree.
Gini impurity index as a robust splitting criterion is selected
for the model.

While employing KNN it is necessary to find an optimum k
value and it was done by trial and error (from 1 to the size of
the sample) using R2 as the score (the k values change to
maximize R2).

In SVM, the main hyperparameter is the selection of a
compatible kernel. Table 5 shows the kernel selection via
trial and error.

47



H. Mohammadnezhad and S. M. Eslami

Table. 5: SVM kernel selection

Kernel Result (R2)
Poly 0.70
RBF 0.91

Sigmoid <0.1

The maximum number of iterations for all the methods is set
to 500 to prevent overfitting and excessive time allocation.
All other hyperparameters were selected similarly. The
hyperparameters are shown in Table 6.

Table. 6: Hyperparameters value for Classic ML methods

Model Hyperparameter Value
Regressor Linear
XGBOOST .
N_estimators 60
DT Splitting criterion Gini
Shape limitation None
k 5
KNN Weights Uniform
Metric Standard
Euclidean distance
N_estimators 50
ADABOOST -
Learning rate 1.00
Kernel RBF
SVM
Degree 3
Learning rate 1.00
CATBOOST . . .
Maximum itterations 500
RE N_estimators 100
Shape limitation None
Boosting type Gradient boostin
LIGHTGBM 9P g
Number of leaves 31
N_estimators 10
BAGGING N
Maximum samples 1

5.4. ANN model development

While training an ANN model using backpropagation, a
separate series of data, termed validation data, must be
designated for calibration of the learning process (justifying
the weights of the nodes). Therefore, 10 percent of the train
data was allocated to validation data. The Table 7 shows the
specified structure of the networks.

Table. 7: Hyperparameters value for Classic ML methods

Layer Number of Nodes Activation Function
Input Layer 5
Hidden Layer 1 100 SELU
Hidden Layer 2 100 SELU
Output Layer 1 RELU

Since there are 5 input features, the input layer of the
networks consists of 5 nodes. Scaled Exponential Linear

48

Numerical Methods in Civil Engineering, 9-2 (2024) 40-54

Unit (SELU) was selected as the activation function of the
hidden layers because of its self-normalization property
which helps in maintaining a consistent distribution of the
activations across layers, resulting in speeding the process
up. Equation 11 shows the SELU activation function [56].

SELU(x) = y(max(0 x) + min(0 a(e* —1)))) (11)

Which @ = 1.67326 and y = 1.05070.

Rectified Linear Unit (ReLU), as shown in Equation 12, was
selected as the activation function of the output layer due to
its simplicity, non-negative predictions, and compatibility
with regression tasks [57].

ReLU(x) = max(0.x) (12)

Adaptive Moment Estimation (Adam) is an algorithm for
gradient-based optimization of objective functions. Adam is
an adaptive method and changes the learning rate over time
based on gradients before [58]. More details on the Adam
optimizer are provided in the reference. Adam was chosen
as the optimization algorithm owing to its self-tuning, bias-
corrected estimations, and robust performance, with a
learning rate of 0.1 and MAE as the loss function.
Afterward, the model was trained during 500 epochs of
backpropagation with MAE as the loss function.

6. Results and discussion

6.1. Dataset splitting

As outlined in section 5.2, it is evident that the final results
are significantly connected to the splitting procedure.
Subsequently, after extensive iterative refinement for all
methods, the training ratio was set to 0.8 and a specific
random state was selected for a dependable and balanced
model performance (for example the incorporation of
different foundation sizes in calibration and validation).
Padmini et al. [24] also used 80% of the data for calibration
and 20% for validation.

With a comparison between the states of b (Train set ratio =
0.75) and state ¢ (0.8), as depicted in Figure 7, and also Table
4 (0.85), it is derived that the size increment of the train data
would not necessarily generate better outcomes, and the risk
of overfitting should be controlled. So, train and test data
sizes remarkably impact the learning process and an
optimum value should be considered.

Moreover, Figure 8 highlights that the random state has a
considerably more significant effect on the outcome and
various states must be evaluated to validate the learning
process.

6.2. Results evaluation

After the machine has learned to predict values, it is time to
proceed comparison with the real values of the test set and
evaluate the results. Figure 7 and 8 presented one approach
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to results visualization. In the following section, another
result demonstrates a correlation of real values and predicted
values (of bearing capacity) in the form of a scatter is
regarded. The dotted line is the line of equality and as the
points get close to the line, the predicted value gets closer to
the real values. Figure 9 illustrates the results of the use of
Artificial Neural Networks.
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Fig. 9: ANN results: (a) Predicted versus real values for different
observations and (b) Correlation between predicted and actual
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Fig. 10: ANN loss diagram after 500 epochs

Numerical Methods in Civil Engineering, 9-2 (2024) 40-54

Excellent estimations were noted while using ANN. But
despite the precision, the learning process was done in
several learning epochs which have taken plenty of time. In
clear terms, ANN will take more time than Classic ML
algorithms but has higher accuracy. Figure 10 shows the
reduction in loss function after 500 epochs. MAE was
chosen as the loss function here. 10 Classic ML algorithms
are also examined and the results of some are illustrated in
Figure 11.
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Fig. 11: The result of used methods: (a, b) Decision Tree; (c, d)
KNN; (e, f) SVM, poly kernel; (g, h) SVM, rfb kernel, and (i, j)
CATBOOST

From the figures, it is evident that more errors have
occurred in the greater data values. One reason can be data
shortage in larger data values. However valid predictions are
shown to be done using both ANN and classic ML
algorithms. On the whole, Table 8 reveals the accuracy
scores of the utilized methods.
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To demonstrate the significance of our findings, a
comparison of the previously studied models with the
applied methods in this study has been provided in Table 9,
Based on reported R2 and RMSE values. Table 9 also
reveals a scoring system, developed to suggest a priority for
using the methods. The least accurate model takes the score
of 1 and the most accurate takes the score of 17, then the
scores associated with R2 and RMSE are added together to
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assign a total score to the methods. Table 9 validates the
efficacy of our research. Initially, most of the models in this
study have shown a better reliability than the analytical
bearing capacity theories. Additionally, the XGBOOST
model in our study outperformed the FIS model by Padmini
et al. despite its simplicity relative to Fuzzy Interface
models. And more importantly, our ANN model exhibited
better precision compared to the previous study.

Table. 8: Accuracy metrics values

Priority Method R2 RMSE MAPE MAE VAF A20 Score
1 ANN 0.988 56.44 38.72 0.28 98.9 0.95
2 XGBOOST 0.973 677.21 39.27 0.22 97.5
3 DECISION TREE 0.933 132.00 8.90 0.44 93.4
4 KNN 0.926 139.56 81.15 2.70 92.6
5 ADABOOST 0.918 148.00 42.30 1.67 92.6
6 SVM RBF 0.912 152.00 14.20 0.75 92.3
7 CATBOOST 0.896 165.00 3.70 0.19 90.4
8 RF 0.83 209.00 11.80 0.87 83.4
9 BAGGING 0.75 255.00 26.30 0.88 80.8
10 SVM POLY 0.70 282.00 6.80 0.36 70.2
12 LIGHTGBM 0.54 346.00 67.40 3.55 56.1

Min 0.54 56.44 3.70 0.19 56.07
Max 0.99 677.21 81.15 3.55 98.93

6.3. Importance Analysis

To explore the relative importance of the input features, a
sensitivity analysis needs to be conducted. Figure 12
represents the relative importance of the input variables
according to XGBOOST algorithm results. Here, we used
the gain index for each feature. Gain determines the
improvement in the model performance when a feature is
used to split the data in tree nodes. Gain is calculated based
on the Equation 13 [59].

Gt  Gj G, + Gg)?
Gain = = |—+ — (G + Ge)”

13
2 |H, " Hy = H,+Hjg a3

Where G. and Gr are the sum of the gradients for the left
and right child nodes after the split and H. and Hr are the
sum of the second-order derivatives for the left and right
child nodes after the split.

The reference [55] provides further elaboration on gain and
its determination.

As the gain Index gets closer to 1 (100%), the results get
more sensitive to the corresponding feature.

L/B I 0.7
B (m) I 1.9
0 5 10 15 20 25 30 35 40

Importance (%)

Fig. 12: Importance analysis results in XGBOOST

Figure 12 reveals that the results are first extremely
responsive to the internal friction angle of the soil (¢) with
36.8% sensitivity and then to the depth of the foundation (D)
as the second most important input with a slight difference
in relative importance. The third most influential variable is
proven to be the specific weight of the soil (y). The other
features consisting of length to width ratio of the footing
(L/B) and the width of the foundation (B) are considerably
less effective in the outcome in contrast to other inputs. So
in the feature selection phase, it is assumed that with
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removing B and L/B of the features the results won’t be
affected significantly in such conditions.

Table. 9: Suggested priorities

Priority Method R2 RMSE  anng
core
1 ANFIS (Padmini et 0.992 52.30 34
al.) 17 17
. 0.988 56.44
2 ANN (this paper) 16 16 32
3 ANN (Padmini et 0.983 77.20 30
al.) 15 15
0.973 84.07
4 XGBOOST 14 14.00 28
- 0.972 98.00
5 FIS (Padmini et al.) 13 13 26
0.933 131.59
6 DECISION TREE 12 12 24
0.926 139.56
7 KNN 11 11 22
0.918 150.55
8 ADABOOST 10 10 20
9 SVM RBF 0.912 152.15 18
9 9
10 catgoosT 0% 16501 16
11 Meyerhof (Padmini  0.874 207.30 14
etal) 7 7
0.83 209.00
12 RF 6 6 12
13 Vesic (Padmini et 0.815 251.30 10
al.) 5 5
14 BAGGING 0.75 255.00 8
4 4
15 Hansen (Padminiet  0.727 305.30 5
al.) 3 2
16 SVM POLY 0.70 282 5
2 3
17 LIGHTGBM 0.54 346 2
1 1
8. Conclusion

The most important factor in the design of foundations is
bearing capacity determination and that is the reason myriad
researchers have always been studying more precise ways to
achieve the stated goal. Concisely stated data splitting
parameters consisting of train and test data sizes and the
random state of picking data for each have a significant
impact on the learning process and the final results. It is
concluded that a training sample with the size of 80 percent
of the dataset is an optimal choice for better accuracy.

Moreover, growing the training sample would not
essentially induce better results. Another final remark is that
based on diagrams, it can be derived that results are less
accurate in larger data values. The reason can be that there
is less amount of data in those regions. It is also indicated
that the internal friction angle of the soil and depth of footing
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are the most important inputs during the implementation of
ML methods in similar cases.

Overall, in granular cohesionless soils, which were the study
case in this paper, the use of Artificial Neural Networks and
classic ML algorithms will result in reliable accurate
predictions. XGBOOST, Decision Tree, ADABOOST, and
KNN are proven to be more reliable than the analytical
theories and while facing a design demand, utilizing them
using an acceptable dataset along with other analytical
methods will help us with more dependable outcomes.
However, it would be advantageous to address some
limitations of the study in the future. For instance, collecting
sufficient data, resolving uncertainties with the soil and
experiment, testing different models and attributes, different
types of foundations, and deriving new correlations would
be beneficial.
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