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Abstract

Abstract

This study proposes an indirect approach for estimating the California Bearing Ratio (CBR)
using geotechnical parameters and machine learning, based on soil samples from the Tebessa
region. The methodology consists of three phases. First, soil samples were classified using
standard geotechnical properties. Second, Principal Component Analysis (PCA) was applied
to identify the most influential variables affecting CBR which are finers, plasticity index (PI),
carbonates content (CA), and dry unit weight (yq). A multiple linear regression model
developed from these variables achieved an R? of 78%. In the third phase, an Artificial Neural
Network (ANN) was implemented, improving prediction performance with an R? of 94% and
lower MSE, RMSE, and MAE values. A simplified linear formula using the same variables,
with Python program also produced a strong R? of 91%. These results demonstrate the
potential of combining statistical analysis and machine learning for efficient and accurate
CBR prediction.

Résumé

Cette ¢tude propose une méthode d’estimation indirecte du coefficient de portance californien
(CBR) a partir des parametres géotechniques, par les méthodes statistiques et par
apprentissage automatique, basée sur des échantillons de sol provenant de la région de
Tébessa. La méthodologie se compose de trois phases. Premieérement, les échantillons de sol
ont été classés selon des propriétés géotechniques standard. Deuxiémement, une analyse en
composantes principales (ACP) a été appliquée afin d’identifier les variables les plus
influentes sur le CBR, a savoir le passant, I’indice de plasticit¢ (IP), la teneur des carbonates
(CA) et le poids volumique sec (yq). Un modéle de régression linéaire multiple développé a
partir de ces variables a atteint un coefficient de détermination (R*) de 78 %. Dans la
troisieme phase, un réseau de neurones artificiels (RNA) a été mis en ceuvre, améliorant la
performance des prédictions avec un R? de 94 % ainsi que des valeurs plus faibles de MSE,
RMSE et MAE. Une formule linéaire simplifiée utilisant les mémes variables, avec le
programme Python, a donné un R* de 91 %. Ces résultats démontrent le potentiel de la
combinaison de I’analyse statistique et de I’apprentissage automatique pour une estimation
efficace et précise du CBR.

oailall
plaill 5 408 gal) Gilaleal) aladiuly (CBR) (osallS Jasd dud il 5 jdle e dngie 4wl jall 228~ i
Alaaiuly 4 51 cilie Gyt a3 Yl Jal e 6 e Apmgiall 055 A Aihie e Ay ) e ) Taliiale )
e 1580 Y @l ppaidl st (PCA) Ayl @l sl dilas gaadat 25 (Gl Al ) 4085 gl (ailiadll
Alad) AN 5 ¢ (CA)b s S Ay ¢ (PDA sl Sies can 0,080050 B Ay il dpass 1 8 5 4 il aS) 55 Jane
dauiy (R?) 2ania ha jlasil Jara &l patall 038 (4 5 skl a3 (g2} daadall  adl) plasiV) 73 gad (38 38 5(y4).
Lo R? daws ae 5l ool (ppnd ) (530 Les ¢ (ANN)iuelihaal dysnc 4805 25 &5 A3A Als all 89478
Pl el il (i pladiuly Aase 4kt i Uil CaBIMAE. SRMSE 5 MSE e 81 s %94
}.\.\.\ﬂ ‘_A;}“ F‘J"ﬂ\} ‘;;ILA.AA:X\ d.\l;ﬂ\ O caaj\ Ly C_‘}L\.\” AT @4‘5.1 9291 Qal}a.uﬁ R2 au ‘uj:gl_\h GAIJ‘)J
L sills Jasd Jualadnl) Jladll




General Introduction

2O

General introduction
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The California Bearing Ratio (CBR) is a fundamental parameter in geotechnical engineering
used to evaluate the strength and bearing capacity of subgrade soils, especially for the design
of flexible pavements. Traditional methods for determining CBR rely on laboratory or field
penetration tests, which, although accurate, are often time-consuming, labor-intensive, and
costly. As a result, indirect estimation methods based on easily obtainable soil properties—
such as moisture content, dry density, plasticity index, and grain size distribution—have
gained significant attention. Statistical techniques, such as multiple linear and nonlinear
regression, have been widely used to model the relationship between these soil parameters
and CBR. However, these methods are often limited by their assumption of linear
relationships and may not adequately capture the complex interactions between variables. To
address these limitations, machine learning models have been introduced, offering enhanced
flexibility and predictive accuracy. In this study, Bee Colony Optimization (BCO), a nature-
inspired metaheuristic algorithm based on the foraging behavior of honey bees, is employed
as the machine learning model to estimate CBR values. BCO is particularly effective in

handling nonlinear, multidimensional optimization problems and is well-suited for modeling

.



the complex relationships inherent in geotechnical data. The integration of statistical analysis
with BCO provides a robust and efficient framework for the indirect estimation of CBR,

enabling faster and more cost-effective soil strength assessments.

This study focuses on developing and analyzing indirect estimation models for CBR using a
combination of statistical techniques and machine learning algorithms. The research is

organized into four chapters, each addressing a specific aspect of the investigation:
e Chapter 1: Review of Statistical Methods

This chapter presents a theoretical review of fundamental statistical concepts and tools

relevant to geotechnical data analysis.
e Chapter 2: Review of Machine Learning Techniques

Chapter 2 provides a detailed review of machine learning methods used in geotechnical
engineering, with a focus on metaheuristic algorithms such as Bee Colony Optimization
(BCO). It highlights the potential of these models to capture complex nonlinear relationships

and improve prediction accuracy in soil property estimation tasks.
e Chapter 3: Soil Classification Based on Geotechnical Parameters

In this chapter, the dataset used for the study is described and the soils are classified according
to their geotechnical properties. This classification provides a foundation for modeling by

grouping similar soil behaviors.
e Chapter 4: Data Analysis and CBR Prediction Models

Chapter 4 presents the core of the research. It involves the application of statistical
techniques, including correlation analysis and multivariable regression, to identify key
influencing factors on CBR. Additionally, machine learning models—especially Bee Colony
Optimization (BCO)—are developed and compared to evaluate their performance in

predicting CBR. Model validation is conducted using performance metrics such as R?
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Chapter I: Review on Statistics

I.1. History of statistics

Statistics is a fascinating scientific field that studies the collection, analysis,
interpretation, and presentation of data. It has become an essential tool in the modern world
for understanding complex systems, making predictions, and making informed decisions.
However, the history of statistics is relatively recent; spanning a few centuries. He origins of
statistics can be traced back to ancient civilizations such as Babylon, Egypt, and Rome, where
people used basic statistical methods to keep records of population sizes, trade, and taxes.
However, the development of modern statistics can be attributed to the European Renaissance,

where the scientific method, critical thinking, and empirical observations became the norm.

One of the earliest pioneers of statistics was John Graunt, a British merchant, and
statistician. In 1662, he published a book called “Natural and Political Observations Made
upon the Bills of Mortality” which analyzed patterns of mortality in London. He calculated
life expectancies, birth and death rates, and projected the growth of the population. Graunt’s
work laid the foundation for demographics, vital statistics, and public health. The 18th-
century Enlightenment was a period of great scientific and intellectual discovery. Many
scholars, including Leonhard Euler, Thomas Bayes, and Pierre Simon Laplace, contributed to
the development of statistics. Euler developed mathematical theories of probability and
combinatorics, which are relevant to modern statistics. Bayes developed Bayesian statistics, a
method for making inferences based on probabilities. Laplace formulated the principle of
indifference, which suggests that when there is no prior knowledge or evidence, all

hypotheses are equally plausible.

The 19th century saw the widespread adoption of statistics in various fields, including
medicine, astronomy, economics, and psychology. In medicine, William Farr, a British
epidemiologist, used vital statistics to study the causes of disease and develop preventive
measures. In astronomy, Karl Friedrich Gauss developed methods for calculating trajectories
of celestial objects using statistical analysis. In economics, Adolphe Quetelet, a Belgian

statistician, studied the distribution of human traits such as height, weight, and intelligence.

The 20th century was a century of rapid development in statistics, driven by technological
advancements and new applications in fields such as genetics, psychology, and social

sciences. In 1925, Fisher introduced the concept of analysis of variance (ANOVA), a




Chapter I: Review on Statistics

statistical method for testing the significance of differences among multiple groups. ANOVA

became a fundamental tool in research design and data analysis.

In the mid-20th century, a new field called mathematical statistics emerged, which
focused on the development of probability and statistical theories. The development of
computers in the 1960s revolutionized the field of statistics. It became possible to store,
process, and analyze vast amounts of data, leading to the development of statistical software
such as SAS, SPSS, and R. In recent years, statistics has become an essential tool in data
science, a field that focuses on extracting insights and knowledge from large datasets. Data
scientists use statistical methods such as regression, clustering, and classification to model
and analyze data. They also use machine learning algorithms to build predictive models and

make recommendations (Subhabaha, 2023).

I.2. Statistical Analysis

Statistical analysis is the process of collecting and analyzing data in order to discern patterns
and trends. It is a method for removing bias from evaluating data by employing numerical
analysis. This technique is useful for collecting the interpretations of research, developing

statistical models, and planning surveys and studies.

Statistical analysis is a scientific tool in Al and ML that helps collect and analyze large
amounts of data to identify common patterns and trends to convert them into meaningful
information. In simple words, statistical analysis is a data analysis tool that helps draw

meaningful conclusions from raw and unstructured data.

1.2.3. Types of Statistical Analysis

Given below are the 6 types of statistical analysis:
o Descriptive Analysis

Descriptive statistical analysis involves collecting, interpreting, analyzing, and summarizing

data to present them in the form of charts, graphs, and tables. Rather than drawing

conclusions, it simply makes the complex data easy to read and understand.
o Inferential Analysis

The inferential statistical analysis focuses on drawing meaningful conclusions on the basis

of the data analyzed. It studies the relationship between different variables or makes

predictions for the whole population.



https://www.simplilearn.com/top-data-analysis-tools-article
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e Predictive Analysis

Predictive statistical analysis is a type of statistical analysis that analyzes data to derive
past trends and predict future events on the basis of them. It uses machine learning
algorithms, data mining, data modelling, and artificial intelligence to conduct the statistical

analysis of data.
e Prescriptive Analysis

The prescriptive analysis conducts the analysis of data and prescribes the best course of
action based on the results. It is a type of statistical analysis that helps you make an informed

decision.
o Exploratory Data Analysis

Exploratory analysis is similar to inferential analysis, but the difference is that it involves
exploring the unknown data associations. It analyzes the potential relationships within the

data.
o Causal Analysis

The causal statistical analysis focuses on determining the cause-and-effect relationship
between different variables within the raw data. In simple words, it determines why
something happens and its effect on other variables. This methodology can be used by

businesses to determine the reason for failure.

1.2.4. Statistical Analysis Methods

Although there are various methods used to perform data analysis, given below are the 5 most

used and popular methods of statistical analysis:
e Mean

Mean or average mean is one of the most popular methods of statistical analysis. Mean
determines the overall trend of the data and is very simple to calculate. Mean is calculated by
summing the numbers in the data set together and then dividing it by the number of data
points. Despite the ease of calculation and its benefits, it is not advisable to resort to mean as

the only statistical indicator as it can result in inaccurate decision making.
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g = X1+X2...+Xp (1)

n

o Standard Deviation

Standard deviation is another very widely used statistical tool or method. It analyzes the
deviation of different data points from the mean of the entire data set. It determines how data
of the data set is spread around the mean. You can use it to decide whether the research

outcomes can be generalized or not.
e Regression

Regression is a statistical tool that helps determine the cause-and-effect relationship
between the variables. It determines the relationship between a dependent and an independent

variable. It is generally used to predict future trends and events.
o Hypothesis Testing

Hypothesis_testing can be used to test the validity or trueness of a conclusion or argument
against a data set. The hypothesis is an assumption made at the beginning of the research and

can hold or be false based on the analysis results.
e Sample Size Determination

Sample size determination or data sampling is a technique used to derive a sample from
the entire population, which is representative of the population. This method is used when the
size of the population is very large. You can choose from among the various data sampling
techniques such as snowball sampling, convenience sampling, and random sampling (Aditya,

2024).

1.3. What Is Statistics?

Statistics is a branch of applied mathematics that involves the collection, description,
analysis, and inference of conclusions from quantitative data. The mathematical theories
behind statistics rely heavily on differential and integral calculus, linear algebra, and

probability theory.

People who do statistics are referred to as statisticians. They’re particularly concerned
with determining how to draw reliable conclusions about large groups and general events

from the behavior and other observable characteristics of small samples. These small samples
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represent a portion of the large group or a limited number of instances of a general

phenomenon (Chappelow, 2024).

I.4. Descriptive and Inferential Statistics

The two major areas of statistics are known as descriptive_statistics, which describes
the properties of sample and population data, and inferential statistics, which uses those
properties to test hypotheses and draw conclusions. Descriptive statistics include mean
(average), variance, skewness, and kurtosis. Inferential statistics include linear regression

analysis, analysis of variance (ANOVA), logit/Probit models, and null hypothesis testing.

1.4.1. Descriptive Statistics

1.4.1.1. Mean
The mean is the arithmetic average, and it is probably the measure of central tendency
that you are most familiar. Calculating the mean is very simple. You just add up all of the

values and divide by the number of observations in your dataset.

X1 +x3...+x
X == 2)

The calculation of the mean incorporates all values in the data. If you change any value, the

mean changes. However, the mean doesn’t always locate the center of the data accurately.

1.4.1.2. Median

The median is the middle value. It is the value that splits the dataset in half, making it
a natural measure of central tendency.To find the median, order your data from smallest to
largest, and then find the data point that has an equal number of values above it and below it.
The method for locating the median varies slightly depending on whether your dataset has an

even or odd number of values.

1.4.1.3. Mode

The mode is the value that occurs the most frequently in your data set, making it a
different type of measure of central tendency than the mean or median.To find the mode, sort
the values in your dataset by numeric values or by categories.Then identify the value that

occurs most often (Frost, 2018).
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Variability refers to a set of statistics that show how much difference there is among
the elements of a sample or population along the characteristics measured. It includes metrics

such as range, variance, and standard deviation (Chappelow, 2024).

1.4.2. Inferential Statistics

1.4.2.1. Standard deviation
Standard deviation is calculated by taking the square root of a value derived from comparing

data points to a collective mean of a population (Hargrave, 2024).

The formula is:

n o %)2
Standard Deviation= Z,=1rf+x) , 3)

Where:
x;=Value of the point in the data set.
x=The mean value of the data set.

n=The number of data points in the data set.

I.4.2.2 Variance

Variance is a statistical measurement of the spread between numbers in a data set. It measures

how far each number in the set is from the mean (Hayes, 2024).
The formula is:

2?: (xi _f)z
2 Y ? @)

()
N

Where:

x;=Each value in the data set.
x=Mean of all values in the data set.
N=Number of values in the data set.

The distribution refers to the overall “shape” of the data, which can be depicted on a

chart such as a histogram or a dot plot, and includes properties such as the probability



https://www.investopedia.com/terms/v/variance.asp
https://www.investopedia.com/terms/s/standarddeviation.asp
https://www.investopedia.com/terms/m/mean.asp

Chapter I: Review on Statistics

distribution function, skewness, and kurtosis. Descriptive statistics can also describe
differences between observed characteristics of the elements of a data set. They can help us
understand the collective properties of the elements of a data sample and form the basis for

testing hypotheses and making predictions using inferential statistics (Chappelow, 2024).

L.5. Principal Component Analysis

Principal component analysis (abbreviated as PCA) is a versatile statistical method
for reducing a cases-by-variables data table to its essential features, called principal
components. Principal components are a few linear combinations of the original variables that
maximally explain the variance of all the variables. In the process, the method provides an
approximation of the original data table using only these few major components (Greenacre et

al, 2022).

1.5.1. What Are Principal Components?

Principal components are new variables that are constructed as linear combinations or
mixtures of the initial variables. These combinations are done in such a way that the new
variables (i.e., principal components) are uncorrelated and most of the information within the
initial variables is squeezed or compressed into the first components. So, the idea is 10-
dimensional data gives you 10 principal components, but PCA tries to put maximum possible
information in the first component, then maximum remaining information in the second and

so on (Jaadi, 2024).

I.5.1.1. First Principal Component (Z')

The first principal component is a linear combination of original predictor variables
that captures the data set’s maximum variance. It determines the direction of highest
variability in the data. Larger the variability captured in the first component, larger the
information captured by component. No other component can have variability higher than

first principal component.

The first principal component results in a line that is closest to the data.

1.5.1.2. Second Principal Component (Z?)
The second principal component is also a linear combination of original predictors, which
captures the remaining variance in the data set and is uncorrelated with Z'. In other words,

the correlation between first and second components should be zero (Singh, 2025).
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It can be represented as:

ZZ — ¢12X1 + ¢22x2 + ¢32x3 4 et ¢p2Xp (5)

1.5.2. Step-by-step Explanation of PCA
Step 1: Standardization

The aim of this step is to standardize the range of the continuous initial variables so
that each one of them contributes equally to the analysis. More specifically, the reason why it
is critical to perform standardization prior to PCA, is that the latter is quite sensitive regarding
the variances of the initial variables. That is, if there are large differences between the ranges
of initial variables, those variables with larger ranges will dominate over those with small
ranges (for example, a variable that ranges between 0 and 100 will dominate over a variable
that ranges between 0 and 1), which will lead to biased results. So, transforming the data to

comparable scales can prevent this problem.

Mathematically, this can be done by subtracting the mean and dividing by the standard

deviation for each value of each variable.

value — mean

(6)

zZ= —
standard deviation

Once the standardization is done, all the variables will be transformed to the same scale.
Step 2: Covariance Matrix Computation

The aim of this step is to understand how the variables of the input data set are varying from
the mean with respect to each other, or in other words, to see if there is any relationship
between them. Because sometimes, variables are highly correlated in such a way that they
contain redundant information. So, in order to identify these correlations, we compute

the covariance matrix.

The covariance matrix is a p X p symmetric matrix (where p is the number of dimensions) that

has as entries the covariances associated with all possible pairs of the initial variables. For
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example, for a 3-dimensional data set with 3 variables x, y, and z, the covariance matrix is a

3x3 data matrix of this from:

cov(x,x) cov(x,y) cov(x,z)

cov(y,x) cov(y,y) cov(y, z) 7
cov(z,x) cov(z,y) cov(zz)

Since the covariance of a variable with itself is its variance (Cov (a, a) =Var(a)), in the main
diagonal (Top left to bottom right) we actually have the variances of each initial variable. And
since the covariance is commutative (Cov (a, b) =Cov(b, a)), the entries of the covariance
matrix are symmetric with respect to the main diagonal, which means that the upper and the

lower triangular portions are equal.

What do the covariances that we have as entries of the matrix tell us about the correlations

between the variables?
It’s actually the sign of the covariance that matters:
o If positive then: the two variables increase or decrease together (correlated)
o Ifnegative then: one increases when the other decreases (Inversely correlated)

Step 3: Compute the eigenvectors and eigenvalues of the covariance matrix to identify

the principal components

Eigenvectors and eigenvalues are the linear algebra concepts that we need to compute from

the covariance matrix in order to determine the principal components of the data.

What you first need to know about eigenvectors and eigenvalues is that they always come in
pairs, so that every eigenvector has an eigenvalue. Also, their number is equal to the number
of dimensions of the data. For example, for a 3-dimensional data set, there are 3 variables,

therefore there are 3 eigenvectors with 3 corresponding eigenvalues.

It is eigenvectors and eigenvalues who are behind all the magic of principal components
because the eigenvectors of the Covariance matrix are actually the directions of the axes
where there is the most variance (most information) and that we call Principal Components.
And eigenvalues are simply the coefficients attached to eigenvectors, which give the amount

of variance carried in each Principal Component.




Chapter I: Review on Statistics

By ranking your eigenvectors in order of their eigenvalues, highest to lowest, you get the

principal components in order of significance.
Step 4: Create a Feature Vector

As we saw in the previous step, computing the eigenvectors and ordering them by their
eigenvalues in descending order, allow us to find the principal components in order of
significance. In this step, what we do is, to choose whether to keep all these components or
discard those of lesser significance (of low eigenvalues), and form with the remaining ones a

matrix of vectors that we call Feature vector.

So, the feature vectoris simply a matrix that has as columns the eigenvectors of the
components that we decide to keep. This makes it the first step towards dimensionality
reduction, because if we choose to keep only p eigenvectors (components) out of n, the final

data set will have only p dimensions.
Step 5: Recast the Data Along the Principal Components Axes

In the previous steps, apart from standardization, you do not make any changes on the data,
you just select the principal components and form the feature vector, but the input data set

remains always in terms of the original axes (i.e, in terms of the initial variables).

In this step, which is the last one, the aim is to use the feature vector formed using the
eigenvectors of the covariance matrix, to reorient the data from the original axes to the ones
represented by the principal components (hence the name Principal Components Analysis).
This can be done by multiplying the transpose of the original data set by the transpose of the
feature vector (Jaadi, 2024).

Final Data Set = Feature Vector* Standardized Original Data Set

I.6. Regression

1.6.1. What Is Regression?

Regression is a statistical method used in finance, investing, and other disciplines that
attempts to determine the strength and character of the relationship between a dependent
variable and one or more independent variables.Linear regression is the most common form
of this technique. Also called simple regression or ordinary least squares (OLS), linear

regression establishes the linear relationship between two variables.
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Linear regression is graphically depicted using a straight line of best fit with the slope
defining how the change in one variable impacts a change in the other. The y-intercept of a
linear regression relationship represents the value of the dependent variable when the value of
the independent variable is zero. Regression captures the correlation between variables
observed in a data set and quantifies whether those correlations are statistically significant or

not.

The two basic types of regression are simple linear regression and multiple linear regression,
although there are nonlinear regression methods for more complicated data and analysis.
Simple linear regression uses one independent variable to explain or predict the outcome of
the dependent variable Y, while multiple linear regression uses two or more independent

variables to predict the outcome (Beers, 2024).

1.6.2. Simple linear regression
Simple linear regressionis used to estimate the relationship between two quantitative

variables. You can use simple linear regression when you want to know:

1. How strong the relationship is between two variables (e.g., the relationship between

rainfall and soil erosion).

2. The value of the dependent variable at a certain value of the independent

variable (e.g., the amount of soil erosion at a certain level of rainfall).

1.6.2.1. Assumptions of simple linear regression
Simple linear regression is a parametric test, meaning that it makes certain assumptions about

the data. These assumptions are:

1. Homogeneity of variance (homoscedasticity): the size of the error in our prediction

doesn’t change significantly across the values of the independent variable.

2. Independence of observations: the observations in the dataset were collected using
statistically valid sampling methods, and there are no hidden relationships among

observations.
3. Normality: The data follows a normal distribution.

Linear regression makes one additional assumption:
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4. The relationship between the independent and dependent variable is linear: the line of

best fit through the data points is a straight line (rather than a curve or some sort of

grouping factor).

1.6.2.2. Simple linear regression formula

The formula for a simple linear regression is:
y=PBo+P1x+e ®
Where:

yis the predicted value of the dependent variable (y) for any given value of the

independent variable (x).
e B is the intercept, the predicted value of y when the x is 0.
e f11s the regression coefficient — how much we expect y to change as x increases.
e Xs the independent variable (the variable we expect is influencing y).

o cis the error of the estimate, or how much variation there is in our estimate of the

regression coefficient.

Linear regression finds the line of best fit line through your data by searching for the

regression coefficient (B;) that minimizes the total error (e) of the model (Bevans, 2020).

1.6.3. Multiple linear regression

1.6.3.1. What Is Multiple Linear Regression (MLR)?

Multiple linear regression (MLR), also known simply as multiple regression, is a
statistical technique that uses several explanatory variables to predict the outcome of a
response variable. The goal of MLR is to model the linear relationship between the
explanatory (independent) variables and response (dependent) variables. In essence, multiple
regression is the extension of ordinary least-squares (OLS) regression because it involves

more than one explanatory variable.

1.6.3.2. Formula and Calculation of Multiple Linear Regression (MLR)
Yi= Bo+ B1Xi1 + B2xiz + -+ BpXip + €(9)

-
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where, for i=n observations:

y;=dependent variable.

x;=explanatory variables.

B o=y-intercept (constant term).

B, =slope coefficients for each explanatory variable.

c=the model’s error term (also known as the residuals).

1.6.3.3. Assumptions of multiple linear regression
e There is alinear relationship between the dependent variables and the independent

variables.
e The independent variables are not too highly correlated with each other.
e yiobservations are selected independently and randomly from the population.
e Residuals should be normally distributed with a mean of 0 and variance o.

The coefficient of determination (R-squared) is a statistical metric that is used to measure
how much of the variation in outcome can be explained by the variation in the independent
variables. R? always increases as more predictors are added to the MLR model, even though

the predictors may not be related to the outcome variable.

R2 by itself can't thus be used to identify which predictors should be included in a model
and which should be excluded. R%can only be between 0 and 1, where 0 indicates that the
outcome cannot be predicted by any of the independent variables and 1 indicates that the

outcome can be predicted without error from the independent variables (Hayes, 2024).

1.6.4. Geostatistical Analysis

1.6.4.1. Historical Look at Geostatistics
The field of geostatistics boasts a fascinating history, evolving from a specific need in one

industry to a widely used tool across various disciplines. Here’s a glimpseintoitspast :

o Early Beginnings (1950s): The roots of geostatistics can be traced back to the 1950s in
the mining industry. D.G. Krige, a South African mining engineer, and H.S. Sichel, a

statistician, developed a new method called kriging to estimate ore reserves more
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accurately. This method took into account the spatial distribution of the ore, which was

a significant improvement upon traditional methods that ignored spatial patterns.

o Formalization and Expansion (1960s-1970s): French engineer Georges Matheron is
considered the father of geostatistics. He further developed and formalized Krige’s
concept of kriging, coining the term itself and establishing a theoretical framework for
geostatistics. During this time, geostatistics began to see applications beyond mining,

venturing into fields like forestry and meteorology.

e Rise of Computing and Wider Adoption (1980s-present): The advent of high-speed
computers in the 1970s significantly accelerated the adoption of geostatistics.
Complex calculations required for geostatistical modeling became feasible, leading to
its wider use in various scientific disciplines. The oil and gas industry adopted
geostatistics in the late 1980s, further solidifying its place as a valuable tool for

understanding and managing natural resources.

e Application in Medical Geography and Environmental Health (2000s-present): As
recognition of links between human health and environment burgeoned, geostatistics
has emerged as a foundational technique in medical geography. Here, geostatistics is
used to estimate underlying disease risk, detect areas with significantly higher risk,

and analyze relationships with putative risk factors.

1.6.4.2. What is geostatistics?

Geostatistics is a branch of statistics that specifically deals with spatial data, meaning
data that has a location associated with it. Unlike traditional statistics, which focus on
analyzing data without considering its spatial context, geostatistics takes into account the fact
that things closer together are often more similar than things farther apart. This principle,
known as Tobler’s First Law of Geography, forms the foundation of geostatistical analysis.
Geostatistics was originally developed for the mining industry to predict ore grades. However,
it’s now used in a wide range of fields, including environmental science, hydrology,

meteorology, agriculture, and even epidemiology.

1.6.4.2.1. Techniques

Geostatisticians use various techniques and tools to analyze and model spatial data. These

techniques include:
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e Variograms: These graphs depict the spatial dependence of data points, helping to

identify patterns and trends.

o Kriging: This is a method for interpolating values at unsampled locations, taking into

account the spatial autocorrelation of the data. (Jacquez, 2024).

1.6.4.2.1.1. Kriging
Kriging is a geostatistical technique that provides the Best Linear Unbiased Estimate (BLUE)

of a variable at an unobserved location based on the spatial correlation of data. Here’s how

Kriging Works:

1. Spatial Correlation: Kriging is based on the 1st law of geography, which states that
nearby data points are more correlated than distant ones. It quantifies this spatial

correlation using a semivariogram or covariance function.

2. Weighted Averages: To estimate a value at an unobserved location, Kriging computes
a weighted average of nearby sample points, where the weights are determined by the
spatial correlation and data geometry (e.g. clustered data receive less weight than

isolated observations because of their spatial redundancy).

3. Optimality: Kriging aims to minimize the estimation error variance while ensuring

that the estimates are unbiased.

Kriging is versatile and effective for mapping both continuous and categorical variables.

(Goovaerts, 2023).

1.6.4.2.1.1.2. Types of kriging

1.6.4.2.1.1.2.1. Ordinary Kriging

Ordinary kriging is the most widely used kriging method. It serves to estimate a value
at a point of a region for which a variogram is known, using data in the neighborhood of the
estimation location. Ordinary kriging can also be used to estimate a block value. With local
second-order stationarity, ordinary kriging implicitly evaluates the mean in a moving
neighborhood. To see this, first a kriging estimates of the local mean is set up, then a simple

kriging estimator using this kriged mean is examined.
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1.6.4.2.1.1.2.2. Ordinary kriging problem

We wish to estimate a value at Xo using the data values:

Figure 1 : Linear regression and simple kriging (Palancz et al,
2023).

Zog(x0) = Xa=1Z(x4). (10)

Obviously, we have to constrain the weights to sum up to one because in the particular case
when all data values are equal to a constant, the estimated value should also be equal to this

constant.

We assume that the data are part of a realization of an intrinsic random function Z(x)with a

variogram gamma(#). The unbiasedness is warranted with unit sum weights.
E[Z(x0) — Z(x0)] = E[Xg=1 ®aZ(Xq) — Z(Xp) * Xg=1 Wq] = Ya=1Wa =1
=Ya=1WoE[Z(xo) —Z(x9)] =0 (11)

because the expectations ofthe incrementsare zero. The estimation variance equals

var(Z*(x9) — Z(xy)) is the variance of the linear combination.
Z"(x9) — Z(xg) = Lg-1WaZ(xy) =1+ Z(X9) = Lg—o WaZ(Xq) 1z2)
with a weight Wo equal to -1 and:

o We = 0. 13)
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Thus, the condition that the weights numbered from 1 to n sum up to one also implies that the

use of the variogram is authorized in the computation of the variance of the estimation error.

The estimation variance is:
0% = E[(Z"(x0) — Z(x0))?]

=y (xo — Xo) — Xg=1 Z§=1 WawgY(Xq —Xg) + 2251 Wa ¥(Xq — Xo) (14)

By minimizing the estimation variance with the constraint on the weights, we obtain the

ordinary kriging system (OK) (Wackernagel, 2003).

Y(xg—x1) y(xg—x,) 1 “’?K Y (x1 — Xx¢)
: : ; A : (15)
Y(xn - xl) Y(xn - xn) 1 ng Y(xn - xO)
1 1 0 Hox 1

1.6.4.2.1.1.2.2. Co-Kriging

Co-Kriging is an extension of univariate Kriging that allows for incorporating
secondary (auxiliary) variables, in addition to the primary variable of interest. These
secondary variables can help improve predictions by providing additional information about
the spatial variability. Co-Kriging predicts the primary variable while considering the cross-
covariances between the primary and secondary variables. It shares the same characteristics of
minimizing the variance of prediction errors, unbiasedness, and calculating estimates as
weighted averages of surrounding data. However, it’s more tedious to implement than kriging
as it requires the joint modeling of multiple direct and cross-semivariograms. (Goovaerts,

2023).

1.6.4.2.1.1.2.2.1. Co-kriging formula

In geostatistics, an observed value at a spatial locationu; is modelled as a realisation of
a random variableZ(u;). For example, Z may represent a spatial variable, such as
temperature, and u; = {x;, v;}is a spatial location on the plane; thusZ(u;) models the
temperature at that location. The set of all random variablesZ(u;) in a region y of the
space u;€y is a random function, or a random field, Z(u). For y CRd and d=2, the problem is

two-dimensional, which is the case in the work presented here.
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It is assumed that the random function Z(u) is second-order stationary, that is, with constant

spatial mean and covariance function CZ(u,u+h) that depends only on the vector h
E{Zw)}=mZ, (16)
CZ(W=E{Z(w)Z(u+h)}-mZ2, (17)
CZ(0) =6Z2, (18)

where mZ,6Z2 and CZ(h) are the mean, variance and covariance, respectively, of the random
function Z(u) and E{Z(u)} is the mathematical expectation operator. Although the variogram

is most often used in geostatistics, only covariances are used in the work presented here.

Co-kriging is a linear estimator that can be written as (e.g., Journel and Huijbregts 1978; Ver

Hoef and Cressie 1993)
Z" (ug) = Xita AZ(uy) + L4 B7Y () (19)

whereZ* (ug) is the estimated value of the primary variable at the spatial location uy= {x¢,yo
J, that is, Z(uy), where ug is a point on the plane with coordinates x0 as easting and y0 as
northing. {Z(u;);i=1,...,n} is the set of anexperimental data of the primary variable in last Eq,
and {Y (u]-);j=1,...,m} is the set of m experimental data of the auxiliary variable used in
Eq. A? is the weight applied to the primary variableZ(u;)in the estimation ofZ(ug),

and [3}) is the weight applied to the auxiliary variableZ (u]-) in the estimation ofZ (u).
The set of optimal weights {/1?; i=I..., n} and {ﬁ?; i=I..., n} are obtained by minimising the
variance of the estimation error.
Var{Z"(uy) — Z(u,)} (20)
subject to the unbiasedness condition
E{Z"(up) —Z(up)} =0 (21)

The position of uy can vary in order to define a grid (raster image), a polygon, lineation, and

SO on.

1.6.4.2.1.1.2.3. Ordinary Co-kriging

In the simplest case, a spatial variable of interest Z(u), or primary variable, is to be estimated

at a location u, at which the variable was not sampled. The variable is to be estimated by
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using the experimental values of the primary variable {Z(u;); i=I..., n} and the experimental
values of an auxiliary variable {¥ (u]-); Jj=I..., m}. The ordinary co-kriging estimator is given
in 19""Eq, and the optimal weights are obtained by minimising the variance of the estimation

error given in 20MEqsubject to the unbiasedness condition in 21"™Eq. The unbiasedness

condition of the co-kriging in 21™Eqimplies that the following conditions must be satisfied.
LA =1 (22)
m Y= 0 23)

Isaaks and Srivastava (1989) showed that a single unbiased condition in co-kriging

LAY B =1 (24)

The wvariance of the estimation error, or estimation variance, can be written as

(Myers 1982, 1983, 1991; Isaaks and Srivastava 1989; Wackernagel 2003).

Var{Z*(ug) — Z(uo)} = X1 Xj1 A0 2] Cyz(hyy) + X121 X724 BY B) Cy(hyy) +
X ADB) Cay(hy) + X1t Xy B A Cyz (hy) — 2 X7y A7 C7(hyg) —
237, A Cy(hjo) + Cz(hoo) (25)

where C Z(h,-]-) is the covariance between the random variables Z(u;) andZ (uj) for which the
spatial distance is equal to the vector (hi]-)=uj—ui. In a similar way, C Zy(hl-j)is defined as the

cross-covariance between the random variablesZ (u;) andY(u]-)

Similarly, Cyz (h ji)is the cross-covariance between the random

variables Y(u]-) andZ (u;)(Palancz& all, 2023).
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I.7. Variogram

1.7.1. What is variogram?

The variogram is the cornerstone of many geostatistical applications. The experimental
variogram and any model fitted to it should be accurate. Only then can the model describe the
variation reliably. Kriging requires a variogram, and it is by ensuring its accuracy that you
will eventually obtain minimum-variance predictions by kriging. If the variogram describes
the variation poorly then the kriged predictions are likely to be poor also, and they might have
little or no validity no matter how ‘pretty’ the map. The term ‘cartographic pornography’ has
been used by those who realize that no confidence can be placed in many of the beautiful
smooth maps that exist because of sparsity of the data that underlies them (Oliver and

Webster, 2015).

1.7.2. Importance of the Variogram in Geostatistics

The variogram is used by most geostatistical mapping and modeling algorithms.
Object-based facies models and certain iterative algorithms, such as simulated annealing, do
not use variograms. Not only is the variogram used extensively, it has a great effect on
predictions. Occasionally there are enough data to control the appearance and behavior of the
numerical models; however, these cases are infrequent and of lesser importance than the
common case of sparse data control. The available data are too widely spaced to provide
effective control on the numerical model. The variogram provides the only effective control
on the resulting numerical models. The lack of data, which makes the variogram important,
also makes it difficult to calculate, interpret, and model a reliable variogram (Cressie and
Hawkins, 1980;Genton, 1998). Practitioners have been aware of this problem for some time
with no satisfactory solution. Variogram modeling is important and the “details” often have a
crucial impact on prediction. In particular, the treatment of zonal anisotropy and systematic

vertical or horizontal trends is critical (Gringarten and Deutsch, 2000).

1.7.3. Variogram Models

Most geostatistical estimation or simulation algorithms require an analytical variogram
model, which they will reproduce with statistical fluctuation. Variogram modeling is not an
easy or straightforward task. The development of an appropriate variogram model for a data
set requires the understanding and application of advanced statistical concepts and tools.

Variogram models cannot be just expressed by any function. They must satisfy a positive
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definite condition. One way to satisfy the positive definite condition is to use only a few

functions that are known to be positive definite.

1.7.3.1. Spherical model

The spherical model is the most common type of variogram with curves that increase as
distance increases up to the range (limit of influence). Beyond the range, mean squared
differences do not change and the curve flattens out. Spherical variograms can characteristics
of data with well developed areas of influences and good continuities. Spherical variograms
have been used to describe such diverse deposits as iron ores, porphyry copper, bauxite, gold,
uranium, coal, and phosphate. This model occurs naturally in all deposits where grades
become independent of each other once a given distance, a, is reached. It is the common rule
in most sedimentary deposits and also in porphyry gold deposits. Its equation is given by:

|| |\’
y(lh]) =Cy+ C |1.5 7—0.5 ,for0 < |h| <a;

a

= Co+C,if || > a
=Co,if |lh| =0 (27)

Where a is the range, Cy is the nugget effect and C is the sill value. This model has a linear
behavior at the origin and reaches the sill at distance (a). In fitting this model, it is useful to

remember that the tangent at the origin cuts the sill at 2/3 of the range (Rashad et al, 2007).

1.7.3.2. Exponential model

The exponential model is commonly used; its equation it given by:

yhD =co+c(1-e) 28)

WhereCyis the nugget effect value, C is the sill value and a is the practical range.

This model reaches its sill asymptotically and has a linear behavior at the origin. In fitting this
model, it is useful to remember that the tangent at the origin cuts the sill at 1/3 of the practical

range.




Chapter I: Review on Statistics

1.7.3.3. Gaussian model

The Gaussian model is a model used for extremely continuous phenomena. Its equation is

given by:

o
y(lh|) = Cy + C(l — e—2>(29)

Where C is the positive variance or sill value and a is the practical range, namely, the distance
at which the variogram value is 95 % of the sill. It is the only basic model whose shape has

inflection point.

1.7.3.4. Power model(linear)

The simplest model that one tries to use as much as possible for obvious reasons is just a
linear one. The power model is not a transition model. It does not reach a sill but increases

with the magnitude of distance | h | . Its equation is given by:

(IRD) = €, + C|h[*30)

Where C is the positive variance contribution (slope) and a is a power between 0 and 2.

1.7.3.5. Nested model

Some variograms cannot be described by one of the previous equations while, however, they
can be adequately represented by the sum of two or more such equations. The overall

variogram p ( | h | ) can be written as:

y(hD) = y1(lhD) + y2(lh]) + -+ v, (IR]) (1)

The way to obtain the parameters of this model is by trial and error, knowing that the total
variance isCq + €, + -+ Cy, much easier way is to use least squares fitting program

(software).

-
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Figure 2: The variogram models. (a) spherical; (b) exponential; (c) linear; and (d)

Gaussian. (Rashad et al, 2007).

1.8. The Experimental Variogram

The first task in turning theory into practice is to estimate the variogram from sample
data, say z(xq1), z(x) ..., where xq,X5... denote the positions of the sample in two-
dimensional space. We assume that those positions have been selected without bias. They
need not be random, as in design-based estimation, because we treat the variables as the
outcomes of random processes. Therefore, we can take a relaxed attitude to the sampling
design, which may be systematic, random, nested or some combination. The usual equation to

compute the variogram is Matheron’s method of moments (MoM) estimator:

=



Chapter I: Review on Statistics

m(h)
1
V() = 5o Zl (2(x) - 2x; + WY (32)

wherez(x;) and z(x; + h) are the observed values of z at places xi and x; + h, and m(h) is
the number of paired comparisons at lag h. By changing A, we obtain an ordered set of
semivariances; these constitute the experimental or sample variogram. The way that equation
is implemented as an algorithm depends on whether the data are regularly spaced in one
dimension, are on a regular grid or are irregularly distributed in two dimensions (Oliver and

Webster, 2015).

1.9. Methodology for variogram interpretation and modeling

The methodology advocated in this paper is classical in that it assumes the
regionalized variable is made up of a sum of independent random variables. Each constituent
random variable has its own variogram structure. The component variogram structures may be
added arithmetically to create a complete 3D variogram model to be used for geostatistical
algorithms. Since each variogram structure corresponds to a specific underlying geological
phenomenon, the actual modeling phase (traditional curve fitting exercise) is preceded by a

necessary interpretation stage.
The steps of the methodology are as follows:

1. Compute and plot experimental variograms in what are believed to be the principal
directions of continuity based on a priori geological knowledge. If geological
information is ambiguous, one can use 2D variogram maps to determine major
horizontal directions of continuity.

2. Place a horizontal line representing the theoretical sill. Use the value of the
experimental (stationary) variance for continuous variables, 1 if the data has been
transformed to normal score, and p (1 — p) for categorical variables where p is the
global proportion of the category of interest. A feature of our proposed methodology
is that the variograms are systematically fitted to the theoretical sill and the whole
variance below the sill must be explained in the following steps.

3. If the experimental variogram clearly rises above the theoretical sill, then it is very
likely that there exists a trend in the data. The trend should be removed as detailed in
the above section Removing the Trend, before proceeding to interpretation of the

experimental variogram.
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4. Interpretation

Short-scale variance: The Nugget effect is a discontinuity in the variogram at the
origin corresponding to short scale variability. On the experimental variogram, it can
be due to measurement errors or geological structures with correlation ranges shorter
than the sampling resolution. It must be chosen as to be equal in all directions. It is
picked from the directional experimental variogram exhibiting the smallest nugget. It
is the interpreter’s decision to possibly lower it or even set it to 0.0.

Intermediate-scale variance: Geometric anisotropy corresponds to a phenomenon with
different correlation ranges in different directions. Each direction encounters the total
variability of the structure. There may exist more than one such variance structure.
Large-scale variance: (1) Zonal anisotropy is characterized by directional variograms
reaching a plateau at a variance lower than the theoretical sill, i.e., the whole
variability of the phenomenon is not visible in those directions. (2) hole effect is
representative of a “periodic” phenomenon (cyclicity) and characterized by
undulations on the variogram. The hole effect does not actually contribute to the total
variance of the phenomena; however, its amplitude and frequency must be identified

during the interpretation procedure, also, it can only exist in one direction.

5. Modeling Once all the variance regions have been explained and each structure has

been related to a known geological process, one may proceed to variogram modeling
by selecting a licit model type (spherical, exponential, Gaussian, etc.) and correlation
ranges for each structure. This step can be referred to as the parameter estimation part
of variogram analysis. Constraining the variogram model by a prior interpretation
step with identification of structure types can help fit the experimental variograms

(Genton, 1998) (Gringarten and Deutsch, 2000).
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I1.1. Birth of AI and the golden age

The period before the year 1956 is regarded as the incubation period of Al. Until that
time, scientists and engineers tried to replace part of their mental work with machines. In
1936, mathematician Alan Turing proposed a mathematical model of an ideal computer,
which laid the theoretical foundation for later to come electronic computers.
Neurophysiologists W. McCulloch and W. Pitts built the first neural network model (M-P
model) in 1943. The M-P model is the first mathematical model constructed to mimic the
structure and the working principle of biological neurons. It can be regarded as the earliest
artificial neural network. Back in 1949, Hebb proposed the learning mechanism based on
neuropsychology. “Hebb learning rule” is an unsupervised learning rule, which can extract
statistical features of the training sets and classify data according to data similarity. This is the
earliest idea of machine learning (ML), and it is very close to the process of human cognition.
In 1952, IBM scientist Arthur Samuel developed a checkers program that could learn implicit
models from the current position and instruct subsequent moves. In such context, chess
programs were among the earliest work of evolutionary computing. The algorithm compares a
modified copy to the best version, and the winner becomes the new standard. It was John
McCarthy who originally coined the term Al at the 1956 Dartmouth Summer Research Project
on Artificial Intelligence. He is therefore considered to be the father of artificial intelligence.
Since this event, the research into Al has rendered many remarkable achievements, including
machine learning, theorem proving, pattern recognition, problem-solving, expert systems, and

natural language processing.

In 1957, American psychologist Frank Rosenblatt introduced the “Perceptron” model.
It can be used to build a system that uses “neurons” for recognition—the capability of
learning profoundly impacted the subsequent design of neural networks and the connection
mechanisms. The pioneering work on the perceptron is still a trendy topic in the introductory
courses for Al today. In 1960, the perceptron algorithm was transmitted to a physical
hardware implementation called “Mark 1 Perceptron” as the artificial brain, consisting of an
array of perceptions, connected to a camera. At that time, it was magical and inspiring for the
people to see that a machine could be trained to distinguish whether a person in a photograph

is a male or a female with reasonable accuracy. In the same year, Newell et al. summarized
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the thinking rules of humans through psychological experiments. They compiled a general
problem-solving program, which could be used to solve 11 different types of problems. A few
years later, E. A. Feigenbaum from Stanford University designed an expert system. The
system could determine the molecular structure of compounds based on the experimental
analysis of mass spectrometers. The study of Al during this period was groundbreaking, with
outcomes showing excellent prospects. Meanwhile, the field of computing developed as a
field of its own. Transistors and hardware architectures progressed every year, and the
essential software and computer programs emerged to implement the Al theories and

algorithms (Jiang et al, 2022).

I1.2. Artificial Intelligence

I1.2.1. What Is Artificial Intelligence?

Artificial intelligence refers to computer systems that are capable of performing tasks
traditionally associated with human intelligence — such as making predictions, identifying
objects, interpreting speech and generating natural language. Al systems learn how to do so
by processing massive amounts of data and looking for patterns to model in their own
decision-making. In many cases, humans will supervise an Al’s learning process, reinforcing
good decisions and discouraging bad ones, but some Al systems are designed to learn without
supervision. Over time, Al systems improve on their performance of specific tasks, allowing
them to adapt to new inputs and make decisions without being explicitly programmed to do
so. In essence, artificial intelligence is about teaching machines to think and learn like

humans, with the goal of automating work and solving problems more efficiently.

I1.2.2. How Does AI Work?

Artificial intelligence systems work by using algorithms and data. First, a massive
amount of data is collected and applied to mathematical models, or algorithms, which use the
information to recognize patterns and make predictions in a process known as training. Once
algorithms have been trained, they are deployed within various applications, where they
continuously learn from and adapt to new data. This allows Al systems to perform complex
tasks like image recognition, language processing and data analysis with greater accuracy and

efficiency over time.
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I1.2.3. Types of Artificial Intelligence

Artificial intelligence can be classified in several different ways.

11.2.3.1. Strong Al vs. Weak Al

Al can be organized into two broad categories: weak Al and strong Al.

e Weak Al (or narrow Al) refers to Al that automates specific tasks. It typically
outperforms humans, but it operates within a limited context and is applied to a
narrowly defined problem. For now, all Al systems are examples of weak Al, ranging

from email inbox spam filters to recommendation engines to chatbots.

o Strong Al, often referred to as artificial_general_intelligence_(AGI), is a hypothetical
benchmark at which Al could possess human-like intelligence and adaptability,
solving problems it’s never been trained to work on. AGI does not actually exist yet,

and it is unclear whether it ever will.

I1.2.4. The 4 Kinds of Al
Al can then be further categorized into four main types: reactive machines, limited memory,

theory of mind and self-awareness.

1. Reactive machines perceive the world in front of them and react. They can carry out
specific commands and requests, but they cannot store memory or rely on past
experiences to inform their decision making in real time. This makes reactive machines
useful for completing a limited number of specialized duties. Examples include

Netflix’s recommendation engine and IBM’s Deep Blue (used to play chess).

2. Limited memory Al has the ability to store previous data and predictions when
gathering information and making decisions. Essentially, it looks into the past for clues
to predict what may come next. Limited memory Al is created when a team
continuously trains a model in how to analyze and utilize new data, or an Al
environment is built so models can be automatically trained and renewed. Exemples

include ChatGPT and self-Driving cars.

3. Theory of mind is a type of Al that does not actually exist yet, but it describes the idea
of an Al system that can perceive and understand human emotions, and then use that

information to predict future actions and make decisions on its own.
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4. Self-aware Al refers to artificial intelligence that has self-awareness, or a sense of self.
This type of Al does not currently exist. In theory, though, self-aware Al possesses
human-like consciousness and understands its own existence in the world, as well as the

emotional state of others (Glover, 2024).

I1.2.5. Using Artificial Intelligence
Artificial intelligence can be applied to many sectors and industries, including the
healthcare industry for suggesting drug dosages, identifying treatments, and aiding in
surgical procedures in the operating room.Other examples of machines with artificial
intelligence include computers that play chess and self-driving cars. Al has applications in
the financial industry, where it detects and flags fraudulent banking activity. Applications

for Al can help streamline and make trading easier.

In 2022, Al entered the mainstream with applications of the Generative Pre-Trained
Transformer (GPT). The most popular applications are OpenAl’s DALL-E text-to-image
tool and ChatGPT. According to a 2024 survey by Deloitte, 79% of respondents who are
leaders in the AI industry expect generative Al to transform their organizations by

2027(The Investopedia Team, 2025).

I1.2.6. What is artificial general intelligence (AGI)?

Artificial general intelligence (AGI) refers to a theoretical state in which computer
systems will be able to achieve or exceed human intelligence. In other words, AGI is
“true” artificial intelligence, as depicted in countless science fiction novels, television
shows, movies, and comics. As for the precise meaning of “Al” itself, researchers don’t
quite agree on how we would recognize “true” artificial general intelligence when it
appears. However, the most famous approach to identifying whether a machine is
intelligent or not is known as the Turing Test or Imitation Game, an experiment that was
first outlined by influential mathematician, computer scientist, and cryptanalyst Alan
Turing in a 1950 paper on computer intelligence. There, Turing described a three-player
game in which a human “interrogator” is asked to communicate via text with another
human and a machine and judge who composed each response. If the interrogator cannot

reliably identify the human, then Turing says the machine can be said to be intelligent.

To complicate matters, researchers and philosophers also can’t quite agree whether

we’re beginning to achieve AGI, if it’s still far off, or just totally impossible. For example,
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while a recent paper from Microsoft Research and OpenAl argues that Chat GPT-4 is an
early form of AGI, many other researchers are skeptical of these claims and argue that
they were just made for publicity.Regardless of how far we are from achieving AGI, you
can assume that when someone uses the term artificial general intelligence, they’re
referring to the kind of sentient computer programs and machines that are commonly

found in popular science fiction(Coursera Staft, 2024).

I1.2.7. Al technology
In the early 21st century faster processing power and larger datasets (“big data”)
brought artificial intelligence out of computer science departments and into the wider
world. Moore’s law, the observation that computing power doubled roughly every 18
months, continued to hold true. The stock responses of the early chatbot Eliza fit
comfortably within 50 kilobytes; the language model at the heart of ChatGPT was trained
on 45terabytes of text (Copeland,2025).

I1.2.8. How Companies Are Using Al Today

Al and machine learning can lead to a variety of automated tasks. The technology
affects virtually every industry from IT security malware search, to weather forecasting, to
stockbrokers looking for optimal trades. Machine learning in particular requires complex
math and a lot of coding to achieve the desired functions and results. Machine learning
also incorporates classical algorithms for various kinds of tasks such as
clustering, regression or classification. We have to train these algorithms on large amounts
of data. The more data you provide for your algorithm, the better your model and desired

outcome gets (Oppermann, 2023).

I1.3. Machine learning

I1.3.1. What is Machine Learning?

Machine Learning, often abbreviated as ML, is a subset of artificial intelligence (AI)
that focuses on the development of computer algorithms that improve automatically
through experience and by the use of data. In simpler terms, machine learning enables
computers to learn from data and make decisions or predictions without being explicitly

programmed to do so.



https://www.britannica.com/technology/big-data
https://www.britannica.com/technology/Moores-law
https://www.britannica.com/topic/chatbot
https://www.britannica.com/technology/ChatGPT
https://builtin.com/data-science/multiple-regression
https://www.datacamp.com/blog/how-to-learn-ai

Chapter II: Review on Artificial Intelligence

At its core, machine learning is all about creating and implementing algorithms that
facilitate these decisions and predictions. These algorithms are designed to improve their
performance over time, becoming more accurate and effective as they process more
data.In traditional programming, a computer follows a set of predefined instructions to
perform a task. However, in machine learning, the computer is given a set of examples
(data) and a task to perform, but it's up to the computer to figure out how to accomplish

the task based on the examples it's given.

I1.3.2. Types of Machine Learning
Machine learning can be broadly classified into three types based on the nature of the
learning system and the data available: supervised learning, unsupervised learning, and

reinforcement learning.

I1.3.2.1. Supervised learning

Supervised learning is the most common type of machine learning. In this approach,
the model is trained on a labeled dataset. In other words, the data is accompanied by a
label that the model is trying to predict. This could be anything from a category label to a
real-valued number. The model learns a mapping between the input (features) and the
output (label) during the training process. Once trained, the model can predict the output

for new, unseen data.

Common examples of supervised learning algorithms include linear regression for
regression problems and logistic regression, decision trees, and support vector machines

for classification problems.

I1.3.2.2. Unsupervised learning
Unsupervised learning, on the other hand, involves training the model on an unlabeled
dataset. The model is left to find patterns and relationships in the data on its own. This
type of learning is often used for clustering and dimensionality reduction. Clustering
involves grouping similar data points together, while dimensionality reduction involves
reducing the number of random variables under consideration by obtaining a set of

principal variables.
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Common examples of unsupervised learning algorithms include k-means for clustering

problems and Principal Component Analysis (PCA) for dimensionality reduction

problems.
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Figure 3 :Scientific Exploration of Conceptual and Algorithmic Terminologies of
Machine Learning (Singh, 2022).

I1.3.2.3. Reinforcement learning
Reinforcement learning is a type of machine learning where an agent learns to make
decisions by interacting with its environment. The agent is rewarded or penalized (with
points) for the actions it takes, and its goal is to maximize the total reward.Unlike
supervised and unsupervised learning, reinforcement learning is particularly suited to
problems where the data is sequential, and the decision made at each step can affect future

outcomes (Crabtree, 2024).

I1.3.3. How does supervised machine learning work?

Supervised learning supplies algorithms with labeled training data and defines which
variables the algorithm should assess for correlations. Both the input and output of the
algorithm are specified. Initially, most ML algorithms used supervised learning, but

unsupervised approaches are gaining popularity.
Supervised learning algorithms are used for numerous tasks, including the following:
e Binary classification. This divides data into two categories.

o Multiclass classification. This chooses among more than two categories.

=3
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e Ensemble modeling. This combines the predictions of multiple ML models to

produce a more accurate prediction.

e Regression modeling. This predicts continuous values based on relationships within

data.
11.3.4. How does unsupervised machine learning work?

Unsupervised learning doesn't require labeled data. Instead, these algorithms analyze
unlabeled data to identify patterns and group data points into subsets using techniques
such as gradient descent. Most types of deep learning, including neural networks, are

unsupervised algorithms.
Unsupervised learning is effective for various tasks, including the following:

e Splitting the data set into groups based on similarity using clustering algorithms.

e Identifying unusual data points in a data set using anomaly detection algorithms.

e Discovering sets of items in a data set that frequently occur together using
association rule mining.

e Decreasing the number of variables in a data set using dimensionality reduction

techniques.

I1.3.5. How does reinforcement learning work?

Reinforcement learning involves programming an algorithm with a distinct goal and a
set of rules to follow in achieving that goal. The algorithm seeks positive rewards for
performing actions that move it closer to its goal and avoids punishments for performing

actions that move it further from the goal.
Reinforcement learning is often used for tasks such as the following:

e Helping robots learn to perform tasks in the physical world.
e Teaching bots to play video games.

e Helping enterprises plan allocation of resources. (Lev, 2024).

I1.3.6. How Does Machine Learning Work?

Understanding how machine learning works involves delving into a step-by-step process

that transforms raw data into valuable insights. Let's break down this process:
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Step 1: Data collection

The first step in the machine learning process is data collection. Data is the lifeblood
of machine learning; the quality and quantity of your data can directly impact your
model's performance. Data can be collected from various sources such as databases, text
files, images, audio files, or even scraped from the web.Once collected, the data needs to
be prepared for machine learning. This process involves organizing the data in a suitable
format, such as a CSV file or a database, and ensuring that the data is relevant to the

problem you're trying to solve.
Step 2: Data preprocessing

Data preprocessing is a crucial step in the machine learning process. It involves
cleaning the data (removing duplicates, correcting errors), handling missing data (either
by removing it or filling it in), and normalizing the data (scaling the data to a standard
format).Preprocessing improves the quality of your data and ensures that your machine
learning model can interpret it correctly. This step can significantly improve the accuracy

of your model.
Step 3: Choosing the right model

Once the data is prepared, the next step is to choose a machine learning model. There
are many types of models to choose from, including linear regression, decision trees, and
neural networks. The choice of model depends on the nature of your data and the problem
you're trying to solve.Factors to consider when choosing a model include the size and type

of your data, the complexity of the problem, and the computational resources available.
Step 4: Training the model

After choosing a model, the next step is to train it using the prepared data. Training
involves feeding the data into the model and allowing it to adjust its internal parameters to
better predict the output.During training, it's important to avoid overfitting (where the
model performs well on the training data but poorly on new data) and underfitting (where

the model performs poorly on both the training data and new data).
Step 5: Evaluating the model

Once a model is trained, evaluating its performance on unseen data is essential before

deployment. With MLOps, monitoring doesn’t stop at this initial stage; it involves
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ongoing evaluation to detect model drift (when a model’s performance declines due to
changes in data patterns) and maintaining model quality over time. Continuous monitoring
and retraining workflows help organizations ensure their models remain effective and

reliable in production environments.
Step 6: Hyperparameter tuning and optimization

Beyond tuning for accuracy, hyperparameter optimization within an MLOps pipeline
includes tools for automated hyperparameter searches, ensuring efficiency and
reproducibility. Many teams employ MLOps platforms that support hyperparameter
tuning, so experiments are repeatable and well-documented, allowing for consistent
optimization over time.Techniques for hyperparameter tuning include grid search (where
you try out different combinations of parameters) and cross validation (where you divide
your data into subsets and train your model on each subset to ensure it performs well on

different data).
Step 7: Predictions and deployment

Deploying a machine learning model involves integrating it into a production
environment, where it can deliver real-time predictions or insights. MLOps (Machine
Learning Operations) has emerged as a standard practice to streamline this process. It
encompasses version control, monitoring, and automated testing to ensure models are
reproducible, reliable, and robust. MLOps frameworks like MLflow or Kubeflow support
these goals by providing seamless workflows for deployment, retraining, and model

rollback if issues arise(Crabtree, 2024).

I1.3.7. How businesses are using machine learning
Machine learning is the core of some companies’ business models, like in the case
of Netflix’s suggestions algorithm or Google’s search engine. Other companies are
engaging deeply with machine learning, though it’s not their main business
proposition.Others are still trying to determine how to use machine learning in a beneficial
way. “In my opinion, one of the hardest problems in machine learning is figuring out what
problems I can solve with machine learning.Companies are already using machine

learning in several ways, including:

Recommendation algorithms. The recommendation engines behind Netflix and YouTube

suggestions, what information appears on your Facebook feed, and product
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recommendations are fueled by machine learning. “[The algorithms] are trying to learn
our preferences,” Madry said. “They want to learn, like on Twitter, what tweets we want
them to show us, on Facebook, what ads to display, what posts or liked content to share

with us.”

Image analysis and object detection. Machine learning can analyze images for different
information, like learning to identify people and tell them apart — though facial
recognition algorithms are controversial. Business uses for this vary. Shulman noted
that hedge funds famously use machine learning to analyze the number of cars in parking

lots, which helps them learn how companies are performing and make good bets.

Fraud detection. Machines can analyze patterns, like how someone normally spends or
where they normally shop, to identify potentially fraudulent credit card transactions, log-

in attempts, or spam emails.

Automatic helplines or chatbots. Many companies are deploying online chatbots, in
which customers or clients don’t speak to humans, but instead interact with a machine.
These algorithms use machine learning and natural language processing, with the bots

learning from records of past conversations to come up with appropriate responses.

Self-driving cars. Much of the technology behind self-driving cars is based on machine

learning, deep learning in particular.

Medical imaging and diagnostics. Machine learning programs can be trained to examine
medical images or other information and look for certain markers of illness, like a tool

that can predict cancer risk based on a mammogram (Brown, 2021).

I1.4. Deep machine learning

I1.4.1. What is Deep Learning?

Deep learning is a type of machine learning that teaches computers to perform tasks by
learning from examples, much like humans do. Imagine teaching a computer to recognize
cats: instead of telling it to look for whiskers, ears, and a tail, you show it thousands of
pictures of cats. The computer finds the common patterns all by itself and learns how to
identify a cat. This is the essence of deep learning. In technical terms, deep learning uses
something called "neural networks," which are inspired by the human brain. These

networks consist of layers of interconnected nodes that process information. The more
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layers, the "deeper" the network, allowing it to learn more complex features and perform

more sophisticated tasks.

11.4.2. Deep Learning Models

Let's learn about different types of deep learning models and how they work.

11.4.2.1. Supervised Learning
Supervised learning uses a labeled dataset to train models to either classify data or
predict values. The dataset contains features and target labels, which allow the algorithm
to learn over time by minimizing the loss between predicted and actual labels. Supervised

learning can be divided into classification and regression problems.

11.4.2.2. Classification
The classification algorithm divides the dataset into various categories based on feature
extractions. The popular deep learning models are ResNet50 for image classification

and BERT (language model)for text classification.

11.4.2.3. Regression
Instead of dividing the dataset into categories, the regression model learns the
relationship between input and output variables to predict the outcome. Regression models
are commonly used for predictive analysis, weather forecasting, and predicting stock
market performance. LSTM (Long short-term memory) and RNN (Recurrent neural

networks) are popular deep learning regression models.

11.4.2.4. Unsupervised Learning
Unsupervised learning algorithms learn the pattern within an unlabeled dataset and
create clusters. Deep learning models can learn hidden patterns without human
intervention and these models are often used in recommendation engines. Unsupervised
learning is used for grouping various species, medical imaging, and market research. The
most common deep learning model for clustering is the deep embedded clustering

algorithm (Awan, 2023).

.
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I1.5. Generative Al

Generative Al refers to deep-learning models that can take raw data — say, all of
Wikipedia or the collected works of Rembrandt — and “learn” to generate statistically
probable outputs when prompted. At a high level, generative models encode a simplified
representation of their training data and draw from it to create a new work that’s similar,
but not identical, to the original data.Generative models have been used for years in
statistics to analyze numerical data. The rise of deep learning, however, made it possible
to extend them to images, speech, and other complex data types. Among the first class of
models to achieve this cross-over feat were variational autoencoders, or VAEs, introduced
in 2013. VAEs were the first deep-learning models to be widely used for generating

realistic images and speech (Martineau, 2023).

I1.6. Neural network

11.6.1. What Is a Neural Network?

A neural network is a series of algorithms that endeavors to recognize underlying
relationships in a set of data through a process that mimics the way the human brain
operates. In this sense, neural networks refer to systems of neurons, either organic or
artificial in nature.Neural networks can adapt to changing input; so the network generates
the best possible result without needing to redesign the output criteria. The concept of
neural networks, which has its roots in artificial intelligence, is swiftly gaining popularity

in the development of trading systems.
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A Simple Neural Network

Input Layer Hidden Layer Output Layer

Figure 5 : Simple neural network (Chen, 2024).

I1.6.2. Types of Neural Networks

11.6.2.1. Feed-Forward Neural Networks

Feed-forward neural networks are one of the simpler types of neural networks. It
conveys information in one direction through input nodes; this information continues to be
processed in this single direction until it reaches the output mode. Feed-forward neural
networks may have hidden layers for functionality, and this type of most often used for

facial recognition technologies.

I1.6.2.2. Recurrent Neural Networks

A more complex type of neural network, recurrent neural networks take the output of a
processing node and transmit the information back into the network. This results in
theoretical "learning" and improvement of the network. Each node stores historical
processes, and these historical processes are reused in the future during processing.This
becomes especially critical for networks in which the prediction is incorrect; the system
will attempt to learn why the correct outcome occurred and adjust accordingly. This type

of neural network is often used in text-to-speech applications.

11.6.2.3. Convolutional Neural Networks

Convolutional neural networks, also called ConvNets or CNNs, have several layers in

which data is sorted into categories. These networks have an input layer, an output layer,

=
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and a hidden multitude of convolutional layers in between. The layers create feature maps
that record areas of an image that are broken down further until they generate valuable
outputs. These layers can be pooled or entirely connected, and these networks are

especially beneficial for image recognition applications.

11.6.2.4. Deconvolutional Neural Networks
Deconvolutional neural networks simply work in reverse of convolutional neural
networks. The application of the network is to detect items that might have been
recognized as important under a convolutional neural network. These items would likely
have been discarded during the convolutional neural network execution process. This type

of neural network is also widely used for image analysis or processing.

11.6.2.5. Modular Neural Networks
Modular neural networks contain several networks that work independently from one
another. These networks do not interact with each other during an analysis process.
Instead, these processes are done to allow complex, elaborate computing processes to be
done more efficiently. Similar to other modular industries such as modular real estate, the
goal of the network independence is to have each module responsible for a particular part

of an overall bigger picture (Chen, 2024).

I1.7. Multilayer Feedforward NN (MLFFNN)
Feedforward NNs are the artificial NNs in which theconnections between units do
notform a cycle.Feedforward NNs were the first type of artificial NNinvented. In
addition,they are simpler than theircounterpart, the RNNs. They are called
Feedforwardbecause information only travels forward in the network (no loops), first
through the input nodes, then throughthe hidden nodes (if present), and in final, through

theoutput nodes. The Feedforward NN divides into twomain types as follows.

IL.8. Single-Layer Feedforward NN (SLFFNN)
The Single layer is referring to the output layer ofthe computation nodes (neurons).
Theinput layer ofsource nodes is not counted because no computationis performed there.

The SLFFNN is shown in Figure 6:

e
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Inputs

Input layer

Outputs

Output layer

Figure 6: A single layer feed-forward neural network (Hiisnii SAZLI, 2006).

I1.9. Multilayer feed-forward NN

The architecture of this NN has one or more hiddenlayers. Figure shows fully connected

feedforwardnetwork with one hidden layer and one output layer (Sharkawy, 2020).
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Figure 7: Structure of the multilayer feed-forward neural network. (Chen et al, 2017).
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I1.10. Statistical models in soils
I1.10.1. Artificial Bee Colony model

I1.10.1.1. What is Artificial Bee Colony model
Artificial Bee Colony Algorithm (ABC) is nature-inspired metaheuristic, which

imitatesthe foraging behavior of bees. ABC as a stochastic technique is easy toimplement,
has fewercontrolparameters, and could easily be modify and hybridized with other
metaheuristic algorithms. Due to itssuccessful implementation, several researchers in the
optimization and artificial intelligence domains haveadopted it to be the main focus of
their research work. Since 2005, several related works have appeared toenhance the
performance of the standard ABC in the literature, to meet up with challenges ofrecent
research problems being encountered. Interestingly, ABC has been tailored successfully, to
solvea wide variety of discrete and continuous optimization problems. Some other works
have modified andhybridized ABC to other algorithms, to further enhance the structure of

its framework.

11.10.1.2. Growth of ABC algorithm in the literature

In 2005, ABC was developed and evaluated, using multidimensional and multivariable
optimization problems. Later on in 2006, the performance of ABC was compared to
Genetic Algorithm (GA) on numeric functional optimization and was later used in 2007
for the training of artificial neural networks.Subsequently in 2007, its performance on
different problems was extensively studied and the results compared with other well
known, successful algorithms such as GA, Particle swarm optimization (PSO), particle
swarm inspired evolutionary (PS-EA), differential evolution (DE), back propagation (BP)
algorithms.Similarly in 2008, the performance of ABC was compared with DE, PSO and
EA with regards to multidimensional numeric problems. It is important to note that most

work carried out on ABC from year 2005 to 2008 were by Karaboga and his colleagues.

Year 2009 witnessed major studies on ABC across different disciplines, where different
modifications and hybridizations were attempted by various researchers to tackle various
problems in engineering, digital image processing and pattern recognition, protein
structure predictions, numerical, real parameter and complex optimization, information

technology, to name the major ones.
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By 2010, the diversification of ABC into other disciplines was also reported. Prominent
among these include scheduling, real parameter and other optimization problems,
engineering design and applications, information and applied technology, and protein
structure prediction. Modifications based on best global algorithm for numerical function

were also reported in the same year.

In the year 2011, tremendous increase in the number of ABC publications was witnessed,
where series of applications, modifications, parameters tuning and hybridization with
different optimization algorithms were used to enhance the performance ABC across

various fields.

11.10.1.3. Advantages of ABC
The major advantages which ABC holds over other optimization algorithms include its:

+ Simplicity, flexibility and robustness

* Use of fewer control parameters compared to many other search techniques

* Ease of hybridization with other optimization algorithms
* Ability to handle the objective cost with stochastic nature

* Ease of implementation with basic mathematical and logical operations.

11.10.2. Fundamentals to the ABC

11.10.2.2. Artificial Bee Colony: Analogy

The ABC consists of three groups of artificial bees: employed foragers, onlookers and
scouts. The employed bees comprise the first half of the colony whereas the second half
consists of the onlookers. The employed bees are linked to particular food sources. In
other words, the number of employed bees is equal to the number of food sources for the
hive. The onlookers observe the dance of the employed bees within the hive, to select a
food source, whereas scouts search randomly for new food sources. Analogously in the
optimization context, the number of food sources (that is the employed or onlooker bees)
in ABC algorithm, is equivalent to the number of solutions in the population. Furthermore,
the position of a food source signifies the position of a promising solution to the
optimization problem, whereas the quality of nectar of a food source represents the fitness

cost (quality) of the associated solution.
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The search cycle of ABC consists of three rules:

1. sending the employed bees to a food source and evaluating the nectar quality;
2. onlookers choosing the food sources after obtaining information from employed bees
and calculating the nectar quality;

3. determining the scout bees and sending them onto possible food sources.

The positions of the food sources are randomly selected by the bees at the initialization
stage and their nectar qualities are measured. The employed bees then share the nectar
information of the sources with the bees waiting at the dance area within the hive. After
sharing this information, every employed bee returns to the food source visited
during the previous cycle, since the position of the food source had been memorized and
then selects another food source using its visual information int he neighborhood of the
present one. At the last stage, an onlooker uses the information obtained from the
employed bees at the dance area to select a food source. The probability for the food
sources to be selected increases with increase in its nectar quality. Therefore, the
employed bee with information of a food source with the highest nectar quality recruits
the onlookers to that source. It subsequently chooses another food source in the
neighborhood of the one currently in her memory based on visual information (i.e.
comparison of food source positions). A new food source is randomly generated by a scout

bee to replace the one abandoned by the onlooker bees. (La’aro Bolaji et al, 2013).

11.10.2.3. Artificial Bee Colony: Procedure

The ABC consists of four main phases:

1. Initialization Phase: The food sources, whose population size is SN, are
randomly generated by scout bees. Each food source, represented by x,, is an
input vector to the optimization problem, x,has D variables and D is the
dimension of searching space of the objective function to be optimized. The initial

food sources are randomly produced via the expression (33)
Xpm =l +rand(0,1) * (u; — L;) (33)

Where u;and l;are the upper and lower bound of the solution space of objective function,

rand (0, 1) is a random number within the range [0, 1].
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2. Employed Bee Phase: Employed bee flies to a food source and finds a new food
source within the neighborhood of the food source. The higher quantity food
source is memorized by the employed bees. The food source information stored
by employed bee will be shared with onlooker bees. A neighbor food source v,,;

is determined and calculated by the following equation (34)

Vi = Xmi + Pmi(Xmi — Xgi) (34)

Where iis a randomly selected parameter index, xis a randomly selected food source,,,
is a random number within the range [-1, 1]. The range of this parameter can make an
appropriate adjustment on specific issues. The fitness of food sources is essential in order
to find the global optimal. The fitness is calculated by the following formula (35), after

that a greedy selection is applied betweenx,,, and v,,.

)me(xm)>0 ) (35)

1
. _( v

Where f,(x,,) is the objective function value of x,,.

3. Onlooker Bee Phase: Onlooker bees calculate the profitability of food sources by
observing the waggle dance in the dance area and then select a higher food source
randomly. After that onlooker bees carry out randomly search in the neighborhood
of food source. The quantity of a food source is evaluated by its profitability and

the profitability of all food sources.p,,1s determined by the formula:

fity(Xm)

P EFitn Ce) =

Where fit,,(x,,)is the fitness ofx,,. Onlooker bees search the neighborhood of food source

according to the expression (37):

Vmi = Xmi + Pmi(Xmi — Xgi) 37)

4. Scout Phase: If the profitability of food source cannot be improved and the times
of unchanged greater than the predetermined number of trials, which called

"limit", the solutions will be abandoned by scout bees. Then, the new solutions are
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randomly searched by the scout bees. The new solution x,,,; will be discovered by

the scout by using the expression (38) (Balwant and Dharmender, 2013).

Xm =1l +rand(0,1) * (u; — 1;) (38)
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Chapter III: Geotechnical Analysis and Soil Mapping

I1I. Introduction

the purpose of the chapter is to identify the study area (Tebessa) from the geographic,
geological, hydrogeological and climatological data (precipitation, temperature and humidity),
and also the soil classification according to geotechnical parameters according to GTR
(version 2023). Geotechnical maps were generated using Surfer software to illustrate the
spatial distribution of soil types and key parameters such as bearing capacity and consistency.
These results provide a valuable foundation for engineering decision-making, construction
planning, and geotechnical risk assessment in the Tebessa area.

II1.1. Geography of Tebessa
Tebessa is located in the far east of Algeria, at the “gates” of the Desert, about 230

km south of Annaba on the Mediterranean coast. The region is bound to the south by the
province of El Oued, to the west by Constantine and to the east by Tunisia (Sedrati and

Djabri, 2014).
The province covers an area of 13,878 km? and is bordered by:

e Souk-Ahras to the north.

e Oum-El-Bouaghi and Khenchela to the northwest.
e Tunisia to the east (a 300-km border).

e FEl-Oued to the south (Achou, 2024).

© 2011 Maphill

Figure 8: The geography of the region of Tebessa (map hill site, 2025).
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Figure 9: The boundaries of the region of Tebessa (map hill site, 2025).

II1.2. Geology of Tebessa

The geology of Tebessa is characterized by emergent formations of the Quaternary at
the center of the plain; the latter consists of deposits. These deposits are distributed within the
lower parts of reliefs and cover large surface areas (plains and present valleys). They are
formed of limestone crusts, silt debris, gravel and gypsum conglomerates. This material is
altered and
transported by wind and water action. The Quaternary aquifer of the continental origin has a
thickness of 10 to 30 m. Also note the presence of the Triassic formations, particularly those
of Jebel Djebissa. This suggests that sheets of water are subject to salinization caused by these
formations. The Turonian, Maastrichtian and Campanian are represented by limestone reliefs
constituting the northeastern and southern boundaries of the plain, which also form important

groundwater aquifers (Sedrati and Djabri, 2014).
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Figure 10: Simplified geological map of the study area (Djalali et al, 2022).

II1.2.1. Geological characterization

I11.2.1.1. Triassic

The Triassic outcrops in many places thanks to diapiric outcrops, which were first
observed in the Eocene. It constitutes the majority of Djebissa at the eastern end of the plain.
It is found south of Djebissa, near Djebissa North, and finally north of Morsott, where the
outcrop extends widely towards El Aouinet and Souk Ahras.It is characterized by large
masses of bluish-gray and sometimes reddish gypsum, as well as green and variegated clays.
This facies indicates the existence of large lagoons where large quantities of marl, gypsum,

and probably salt was deposited (F. Morel, 1955; Buisson, 1974).

II1.2.1.2. Jurassic
The absence of Jurassic deposits has been noted in the region (Dubourdieu, 1956;
Chevenine et al., 1989), although some oil drilling has encountered them outside the diapiric

zones.

E
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I11.2.1.3. Barremian

The Barremian formations consist mainly of gray or yellow, fairly clayey marls
containing pyritic ammonites. Toward the top, these marls are intercalated with thin layers of
light gray nodular limestone with an ochre patina (Dubourdieu, 1956). These formations do
not exceed 250 meters in thickness. They were deposited on a shoal relatively close to the
surface (Dubourdieu, 1956), reflecting the shallow-sea sedimentation conditions that persisted

until the early Aptian.

I11.2.1.4. Aptian

Over vast areas, the Aptian is of great importance in the "diapir zone" of the Tebessa
region due to the nature of its deposits and their substantial development (300 to 600 meters
thick). It is characterized by neritic carbonate rocks that formed in warm, shallow waters.
These conditions favored the development of organ genic sedimentation processes, leading to
the formation of various structures. During the Aptian, the sea was more extensive than during
the Barremian. The most remarkable phenomenon of this period is the formation of reefs on

elongated ridges.

I11.2.1.5. Albian

Generally, the Albian Formation begins with a carbonate facies described as "reef" in
its lower part, then becomes marly and marly-limestone in its middle to upper part. In the
Tebessa region, it is characterized by benthic fauna in shallow areas. In the Late Albian, the
Albo-Aptian cover was interrupted by the Triassic, leading to the straightening of the layers
and the complexification of the structures (flared folds, mushroom folds, etc.) generally sealed
by the Vraconian (Bouzenoune, 1993; Othmanine, 1987; Nedjari-Belhacéne and Nedjari,
1984). It is worth noting a monotonous series of dark gray marls to clays, with intercalations

of limestones to black marls. Its thickness varies from 20 to 150 meters.

II1.2.1.6. Vraconian

It 1s generally composed of marls with intercalations of argillaceous limestones and
argillites with a thickness of 500 to 600 meters (Dubourdieu, 1956). In some regions, it
generally transgresses into the Triassic (Thibiéroz and Madre, 1976) and the Aptian
(Othmanine, 1987). With its marl-clay sedimentation, the Vraconian forms an immediate

screen and exerts a primary control over polymetallic mineralization.
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II1.2.1.7. Cenomanian

In the Tebessa region, a monotonous series of greenish clayey marls was deposited in
the Lower Cenomanian. In the Middle Cenomanian, these marls exhibited various poorly
developed limestone intercalations, with more or less abundant fauna and fibrous calcite
veinlets.In the Upper Cenomanian, the sedimentation became carbonate. The total thickness
of the Cenomanian formation is estimated at between 750 and 1,100 meters. The Cenomanian
sedimentation was deposited in abyssal (deep) conditions. This period is characterized by
strike-slip faults reflecting NE-SW shortening (Othmanine, 1987). As the Turonian
approaches, the sedimentation changes rapidly, and fossils disappear. The clayey marls are
replaced by layers rich in calcium carbonate (Dubourdieu, 1956). The upper limit of the

Cenomanian is difficult to distinguish (Dubourdieu, 1956).

I11.2.1.8. Turonian

It is distinguished by its rapid change in sedimentation towards compact limestones,
giving rise to marked reliefs. The Turonian forms the flanks of major anticlines and synclines,
and its formations also outcrop outside the diapiric zones. The lithological analysis carried out
by Salmi-Laouar (2004) reveals that the lower part of the Turonian in the Essouabaa massif,
approximately 200 meters thick, consists of a series of strato-crescent alternations of marls,
marly limestones, and limestones. The marls, sometimes clayey and grayish in color, vary in
thickness from meters to several meters. The marly limestone beds and fine micritic

limestones also have thicknesses ranging from meters to several meters.

I11.2.1.9. Campanian-Santonian

These periods are not subdivided due to the lack of dating evidence. They are
characterized by greenish-gray and yellow-gray clayey marls containing fibrous calcite plates,

with intercalations of lumachelle marls. Their thickness varies from 200 to 600 meters.

I11.2.1.10. Maastrichtian

This period is marked by well-bedded white limestones, approximately 60 meters
thick,overlain by a strong accumulation of gray to black clayey marls (150 meters).These
latter have some limestone intercalations at their base (Dubourdieu, 1956). The sedimentary
regime of the Upper Campanian and Maastrichtian periods still indicates the persistence of the
same depositional conditions in a shallow environment and a warm sea,with a predominance

of chalky limestones, rarely reef-forming (Chevenine et al., 1989).
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I11.2.1.11. Paleocene
Its base is made up of marls similar to those of the Upper Maastrichtian, intercalated

with phosphate layers towards the upper levels.

I11.2.1.12. Eocene
The Lower and Middle Eocene is characterized by flint-bearing limestones and others
containing Nummulites, particularly near the borders of the Tebessa region. Their thickness is

approximately200 meters.

I11.2.1.13. Miocene

The Lower and Middle Miocene deposits lie transgressively on older formations
(Albian-Senonian and even Triassic). They consist of a significant accumulation of marls and
sandstones, reaching a thickness of 1,000 meters in the Ouled Soukiés basin (northwest of
Ouenza) (Dubourdieu, 1956; Kowalski and Hamimed, 2000). At their base are conglomerates
containing various limestone elements, gray flint, ferruginous pebbles, and elements borrowed
from the Triassic, indicating diapiric activity (Bouzenoune, 1993). The flint reworking,
considered to be of Ypresian age to the base of the Miocene, indicates the existence of an
Eocene Sea where marine sedimentation was deposited during the Eocene and early to middle
Miocene. Sedimentation at the end of the Miocene marks the beginning of a regression phase.
The average thickness of the Miocene in the study area is approximately 150 meters

(Dubourdieu, 1956).

I11.2.1.14. Quaternary

Quaternary deposits are of continental origin and are found in the lower parts of reliefs
as well as over vast areas such as present-day plains and valleys. They are composed of
limestone crusts, scree silts, pebbles, and puddingstones. The thickness of the Quaternary
varies between 10 and 30 meters (Dubourdieu, 1956). The lithological formations that can be
distinguished are current formations, ancient formations, and the PlioQuaternary(Cheikhne

Cheikh El Mehdi, 2024).

II1.3. Climatology of Tebessa
Tebessa’s region allows to distinguish that the climate is typically semi-arid (cold
winter and hot summer). The average annual temperature (16.14 ° C) and annual average

rainfall over aperiod of 25 years (1990-2014) is estimated at 296.46 mm.From the plain of
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Hamamet to the plateau of Tazbent the passage is made by Oued Bouakkous whose major bed
is dug between very steep slopes.The plateau of Tazbent has a flat topography, with wadis
little printed, bumped of some hills with rounded forms. The altitudes range from 1230m to
1470m. The edge of the plateau at the northern borderextends from 1230m to 1320m, which

corresponds to the average altitude of the surface (Legrioui et al, 2017).
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Figure 11: Distribution of the average annual temperature in the city of Tebessa.
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Figure 12: Distribution of annual precipitation in the city of Tebessa.
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Figure 13: Distribution of average annual humidity in the city of Tebessa.

I11.4. Hydrology of Tebessa

A network of watercourses, whether natural or artificial, permanent or temporary, that
serve to drain runoff or groundwater discharge, either through springs or along wadi beds.
This network is influenced by four main factors: geology (including susceptibility to erosion
and the presence of structures that affect the flow direction), climate (for example, a dense
network in mountainous and humid regions), and terrain topography (which can determine
whether the network is in an erosive or sedimentary phase), and human impact (such as
modifications to the original network route through drainage, embankments, dam
construction, etc.). It is often characterized by its hierarchy, longitudinal profile, and

development, which includes the number of watercourses and their lengths.
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Figure 14: Hydrographic network of the Tebessa basin (Cheikhne Cheikh E1 Mehdi,
2024).

Transposing the above-mentioned information to the basin under study reveals that,
despite its location in a semi-arid region, the number of rivers is limited. However, the
network remains dense, characterized by numerous secondary tributaries, meandering routes,
intermittence, and moderate slopes. The main rivers that collect runoff and direct it to the

outlet are:

e El Kebir valley: originating in the east and following an east-west direction for
approximately 32.22 km to its confluence with the Chabro valley. It is fed by the
tributaries Oued Djebissa and Oued Hemadja, and receives the Raffana Wadi just
before meeting the Chabro valley.

e Serdies valley: whose source is in the west (Dj. Serdies) and which runs for
approximately 24.92 km before receiving the Boudiss valley and running along the

western part of the plain.
It collects runoff from the west and southwest of the area.

e Chabro valley: formed by the confluence of these rivers and becoming the main river

of the basin, located approximately in the center of the plain. The flow of this

-



Chapter III: Geotechnical Analysis and Soil Mapping

interconnection system flows primarily toward the center from the east, south, and

west, and then toward the north (Cheikhne Cheikh El Mehdi, 2024).

IIL.5. Soil classification according to GTR 2023 (NF EN 16907-2)

the GTR road paving guide was first published in 1992, revised in 2000, this guide
updated in 2023 includes the European classification and defines the conditions of use, of
processing and compaction of materials in fill and form layers.it is used to classify and test
samples for their physico-mechanical and chemical properties which are: particle fraction
lower than 0.063 mm, water content, dry density, Atterberg limits, methylene blue values,

carbonate content and swelling pressure.

Table 1: Statistical data of the physico-mechanical and chemical properties of the tested

samples.
Proprieties Number Maximum Minimum Medium
Particles<0,080 120 83 21 77,55
Water content (%) 120 24,746 14,467 19,668
Dry unit weight y,4 120 2,21 1,39 1,695
(KN/m3)
Liquid limit (%) 120 77 22 55,125
Plastic limit (%) 120 51 5 24,575
Plasticity Index (%) 120 41 10 30,051
Methylene blue 120 7,340 2,126 4,241
values (cm3/g)
Carbonate content 120 76,433 15,952 45,910
(%)
Swelling pressure 120 438,447 8,841 160,020
(KN/m?)
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II1.5.1. According to the plasticity index PI (NF P 94-051)

The plasticity index (PI) is related to the amount of clay in the soil and is a good indicator

of compressibility. Its interpretation is all the more reliable as the proportion by weight of the

fraction 0/400 um (test fraction) contained in the soil studied is important, and the clay

content of this fraction is high, PI values range from 10 to 41%which indicates that these soils

are medium plastic silty clay and high plastic clay.

N.B: All the maps are generated by SURFER program version 17.

Table 2: Plasticity index classification (Roy and Bhalla, 2017).

Plasticity index (%) Soil type Degree of plasticity
0 Sand Non-plastic
<7 Silt Low plastic
7-17 Silty clay Medium plastic
>17 Clay High plastic
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Figure 15: Distribution of the plasticity index in the supporting soil.
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II1.5.2. According to methylene blue values VBS (NF P 94-068)

Methylene blue (VBS) is an essential indicator for assessing soil quality, measuring

the adsorption of methylene blue by clay particles. This test reveals the adsorption capacity of

materials, the cleanliness and water sensitivity of a soil, as well as its ability to retain water,

the VBS values range from 2,126 to 7,340 cm?/g, it means that the soils are low-plastic sandy

clay and high-plastic clays.

Table 3: VBS classification.

Methylene blue values Soil categories
VBS<0,1 Water-insensitive soil
0,2<VBS< 1,5 Sandy, silty soil, sensitive to water
1,5 VBS <2,5 Sandy clay soil, low-plastics
2,5<VBS <6 Medium-plasticity loamy soil
6<VBS <8 Clay soil, high plastic
VBS > 8 Too much clay soil
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Figure 16: Distribution of VBS in the supporting soil.
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II1.5.3. According to carbonate content

The method consists in adding hydrochloric acid to a sample of soil to break down all
carbonates present. The volume of carbon dioxide emitted is measured at Using a Scheibler
apparatus and is compared with the volume of carbon dioxide produced by carbonate of pure

calcium.

Carbonate values range from 16 to 76 %, that means that the soils are marls and marly

limestones.

. Table 4: Carbonates classification (ISO, 1995).

Carbonate values

Classification

Soil categories

<10 Non lime stone Clay

10 to 29 Low-limestone Marl

30 to 69 Moderately limestone Marl

70 to 89 strongly limestone Marly lime stone
> 90 Limestone Limestone
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Figure 17: Distribution of carbonates content in the supporting soil.

II1.5.4. According to water content
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The water content of soil gives the basic idea of the moisture held by the soil which
gives information about various engineering properties of the soil. The water content of soil is
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defined as the ratio of the weight of water to the weight of soil solids present in the given soil

mass. Its values range from 14 to 25% that means that the soils are slightly saturated.

Table 5: Soil states based on water content (Costet and Sanglerat, 1983).

Water content Soil state
1-25 slightly saturated
25-50 Humid
50-75 Wet
75-99 Disabused
100 Saturated
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Figure 18: Distribution of water content in the supporting soil.

II1.5.5. According to swelling pressure
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The general concept of a swell test is to take an initial reservoir fluid and mix an

injection fluid (typically a relevant injection gas) to estimate the miscibility effects of the

given injection fluid with the reservoir fluid, The pressure varies from 9 to 438kPa that means

that support soil has low to high swelling pressure.
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Table 6: Direct measurement of swelling (Costet and Sanglerat, 1983).

Swelling pressure (Kpa) Swelling categories
> 1000 Very high
250-500 High
150-250 Medium
50 Low
| | | | | ]
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Figure 19: Distribution of swelling pressure in the supporting soil.

II1.5.6. According to the total specific area

The total specific area is the surface of the solid grains on which the methylene blue binds,

given by:

S, = (%) . (l) £130% 10720 > S, = 21VBS [m?/g]

373 (39)

Where:

VBS .
Too- blue fraction (< 2p).

N: Avogadro number=6.023 10"
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373: molecular weight of methylene blue in grams.

130 * 10729; surface in cm? of a water molecule.

Total specific area values range from 44 to 156 m?/g, according to the following table, the
soils are composed of illites.

Table 7: Specific surface and CEC of some clay minerals (according to Morel, 1996.

Mineral Internal Outer Total surface CEC
surface surface (m?¥/g) (milliequivalent/100g)
(m?*/g) (m*/g)
Kaolinite 0 10-30 10-30 5-15
Ilite 20-55 80-120 100-175 10-40
Montmrillonite 600-700 80 700-800 80-150
Vermiculite 700 40-70 760 100-150
Chlorite - 100-175 100-175 10-40
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Figure 20: Distribution of the total specific area in the soil supporting.

II1.5.7. According to CBR values

The Californian Bearing Ratio CBR test, developed in the 1930s in California, has become a
global standard for assessing the mechanical strength of soils and granular materials. The
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CBR test measures the bearing capacity of a soil by comparing its resistance to penetration
with that of a reference material. The result, expressed as a percentage, indicates the quality of
the tested soil compared to a standard material. The CBR values range from 2 to 40, which
means that the field is composed of clays, hard clays and silt.

Table 8: Usual values soil / CBR.

Soil categories CBR values
soft to very soft soil <2
Clays 2-10
Hard clays and silt 8-40
Sand 8-30
Gravels 15-80
Crushed 80-100
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Figure 21: Distribution of CBR values in the supporting soil.

II1.5.8. According to Casagrande plasticity chart

The liquid limit LL and the plasticity index PI are used not only to determine the plastic
nature of soils, but also to give an idea about the potential for swelling, through the
Casagrande chart, that means that the field is composed of high plasticity clay and high
plasticity organic silts and soils with a little of medium plasticity clays and low plasticity clay.
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Figure 22: Classification of the supporting soil according to Casagrande chart (1948).

II1.5.9. According to Dakshanamurthy and Raman classification
Dakshanamurthy and Raman (1973) were inspired by the plasticity diagram of Casagrande

(1948) to provide a classification of the swelling potential. The graphical examination of the

point cloud shows that soils have intermediate to high swelling potential.
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Figure 23: Classification of the support soil for the study area based on

Dakshanamurthy and Raman (1973).

II1.5.10. According to granularity (NF P 94-056)

The results of the granulometric analyses show that 100% of the soils analyzed have
elements of dimensions less than 63 m. According to the GTR (version2023) method, these
soils are classified in F1, F2, F3, F4 and 12, which means that the field is composed of limes
little plastics, loess,alluvial silts,fine sands littlepolluted and arenaslittle plastic with Fine clay
sands,silt, clayand marl littleplastics and arenasvery plastic, clay and claymowers, silts very
plastic, sandand gravelvery silty.
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Figure 24: Classification of materials according to their nature (GTR, 2023).

I11.6. Conclusion

Pl

VBS

e Tebessa is a semi-arid region in eastern Algeria, characterized by a complex geological

and hydrogeological structure.

e The region experiences cold winters and hot summers with an average annual

temperature of 16.14 °C and precipitation of 296.46 mm.

e Despite its semi-arid nature, the Tebessa basin has a dense river network with notable

valleys like El Kebir, Serdies, and Chabro guiding runoft toward the center.
e Based on the geotechnical analyses and classifications presented in Chapter III, the
soils in Tebessa are mainly fine-grained, plastic, and moderately to highly calcareous.

They are dominated by silts, marls, clays, and fine sands, with variable swelling and

bearing capacities, and are typical of semi-arid alluvial and sedimentary plains.
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Chapter IV: Development CBR Formula by Statistical Model and ANN
Method

IV.1. Introduction

The California Bearing Ratio (CBR) is a crucial parameter used to evaluate the
strength of subgrade soils in road and pavement design. CBR is influenced by multiple
geotechnical properties such as moisture content, plasticity index, compaction characteristics,
and grain size distribution. Analysing and modelling the relationship between these variables
and CBR can be challenging due to data complexity and inter-correlation among variables.

To address this, Principal Component Analysis (PCA) is used to reduce the number of
input variables by transforming them into a smaller set of uncorrelated components that still
capture most of the data's variance. These components represent the dominant patterns and
factors affecting soil behaviour. After dimensionality reduction, regression analysis is applied
to model the relationship between the principal components and the CBR value. This
combined approach, often called Principal Component Regression (PCR), improves model
accuracy and stability by eliminating multicollinearity and simplifying the data structure.
Using PCA and regression together provides a powerful framework for predicting CBR from
geotechnical parameters in a more efficient, interpretable, and reliable way especially when
working with complex or limited datasets.

IV.2. CBR test

The California Bearing Ratio (CBR) is a penetration test used to evaluate the load-
bearing capacity of soil and base materials for the design of pavements and other
transportation infrastructure. It is defined as the ratio of the force per unit area required to
penetrate a soil sample with a standard plunger to that required for a well-graded crushed
stone, expressed as a percentage.

Mathematically, it is given by:

measured pressure on soil (at a given penetration)

CBR (%) = < )x 100 (40)

standard pressure on crushed stone

CBR testing is typically conducted at penetration depths of 2.5 mm and 5.0 mm, with
the 2.5 mm value usually taken as the representative CBR unless the 5.0 mm value is higher.
The resulting CBR value serves as an important input in determining the thickness and
structural design of pavement layers.

California Bearing Ratio (CBR) is usually obtained through laboratory testing
However, due to the time and resources required for such tests, researchers have developed
predictive models using statistical and machine learning approaches. Regression analysis and
artificial neural networks (ANNs) are commonly used to estimate CBR values based on easily
measurable soil properties.
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IV.3. Correlation analysis

Correlation is a bivariate analysis that measures the strength of association between
two variables and the direction of the relationship. Specifically, in terms of the strength of
relationship, the value of the correlation coefficient varies between +1 and -1.

IV.3.1. Interpretation of PCA results

IV.3.1.1. Interpretation of eigenvalues

The table and corresponding graph are linked to a mathematical object, the
eigenvalues, which reflect the quality of the data projection which reflect the quality of the
data projection. Each eigenvalue corresponds to a factor. The eigenvalues and corresponding
factors are ranked in descending order in terms of the variability they represent.

In this study, we can see that the first eigenvalue represents 90,8% of the total
variability of the total variability. This means that if we plot the data on a single axis, we will
still be able to see 90,6% of the total variability in the data with two axes, we will see 94,5%
of the total variability, which is very good. The fewer the variables and the more correlations
there are between variables, the higher the representation of the first two axes.

In this study, it is not necessary to take into account the 3rd axis which represents only
2,7% of the total variability.

Table 9: Representation of eigenvalues according to PCA.

F1 F2 F3
Valeur
propre 8498,730 338,257 253,000
Variabilité
(%) 90,876 3,617 2,705

% cumulé 90,876 94,493 97,198

IV.3.1.2. Interpretation of correlation cercle

The correlation circle is a visualization displaying how much the original variables are
correlated with the first two principal components according to the figure y; and CA are
positively correlated with CBR, finers and IP are negatively correlated with CBR.

So, the most effected parameters to CBR values are y4, CA, passing and IP.
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Figure 25: Correlation circle.

1V.3.1.3. Interpretation of correlation matrix

To understand the relationship between soil parameters, the correlation matrix was
used to study the dependence of several geotechnical parameters at the same time. The table
spreads out the correlation coefficients between each variable in the form of a matrix. The last
row of the correlation matrix describes the level of regression between CBR and other
geotechnical parameters mentioned above. This shows that CA and yjare strongly positively
correlated with coefficients of 0,57 and 0,30 respectively. In addition, finers and IP are
strongly negatively correlated to CBR with a correlation coefficient of -0,82 and -0,64
respectively.

Sst I'BS C4 pig [ Yd Passing % IL FL CER

PG 04993984

vBS

CA -0.351552 -0.3541111

P 05240834 (5814723 05266762

W -0.1118952 03263638 -0.1110587 03832404  0,200136

Yd 03051779 03764872 03068027 02574337 -0,3355267 -0.0690038

Passing 02129301 01661547 02137416 | -0,370316 05484961 01108904 -0,1953867

LL 03318836 05400574  0,333502 03719637 0211727 | 0.3552812  0,35B461

PL 0,0278805 (,2100292 0,0278285 | 03864364 -0,0190972 01876148 -0,1209038 0,1179084  0,5437208

CBR -0.3233565 -03413236 03250475  0,5760344 -0.1232962  0,3074942 -0.5088018 02132541

Sst total specific surface (m?), Ps swelling pressure (KN/m?), VBS methylene blue value, CA carbonates content (%), PI
plasticity index (%), W water content (%), Y4 dry unit weight (Mg/m?), fraction of particles smaller than 0,080mm (%), LL
liquid limit (%), PL plastic limit (%), CBR California bearing ratio (%)

Figure 26: Correlation matrix.
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I'V4. Statistical Analysis

IV.4.1 Multiple Linear Regression Analysis (MLR)

Multivariate linear regression was used to study how different input variables affect
the CBR value. At first, all the input variables were included in the model. Then, one variable
was removed at a time to test different combinations. This helped find the best set of variables
that gave the most accurate and reliable results. The independent variables were blue
methylene (VBS), swelling pressure (SP), specific surface total (SST), carbonates content
(CA), plasticity index (PI), water content (W), dry unit weight (y,4), finers (%), liquid limit
(LL) and plastic limit (PL) and CBR was taken as dependent variable.

It has been observed from the MLR analysis that the most important factors affecting the CBR
are finers (%), carbonates content (CA), plasticity index (PI) and dry unit weight (y,4).

The predictive model for CBR containing the minimum variables and giving significant value
of coefficient of determination derived by MLR analysis is given below:

CBR = 39,9026 — 0,433512finers + 0,135481CA — 0, 253576:—: +€ (@l

Where€ the mean-zero Gaussian random error term,y is in KN/m3and all other parameters
are in %.

The coefficient of determination (R?) for the equation is 0,7805, and the
corresponding adjusted value is 0,7748. The adjusted coefficient of determination, denoted as
R?(adj), represents the adjustment for the degree of freedom in the estimating equation and
avoids the upward bias in the unadjustedR?, when the number of samples is relatively smaller
than that of explanatory variables in the model.

45

4

0 o0

°
35 $
R? = 0,7805
€30 R=07805
() et
24 e
Q
° R
20+ e
© .
o
15+ e
----- °
10 . ° ¢
s o " ° 30
5 ; °
0 ™ ]
0 5 10 15 20 25 30 35 40 45
Actual CBR

Figure 27: Measured versus predicted values of CBR.

The T statistics and the corresponding p values for the equation are shown in Table 10. Each
variable in the equation is significant as long as its p value is less than 0.05.




Chapter IV: Development of CBR Formula by Statistical Model and ANN Method

Table 10: Results of regression analysis relevant to Eq. (41) significant at 5% level.

Terms coefficient T statics P values
Constant 39,9026 11,6752 0,000
Passing -0,4335 -12,9547 0,000
CA 0,1355 43117 0,000
IP/y, -0,2536 -2,6726 0,009

I1V.4.2. Artificial Neural Network analysis (ANN)

Artificial Neural Networks, or ANNs for short, are a type of artificial intelligence that
learn by looking at data—kind of like how people learn from experience. Instead of being told
exactly what to do, they figure out how things are related by finding patterns in the data
they’re given. Once they’ve learned these patterns, they can make smart guesses or
predictions about new situations. This makes neural networks useful for solving problems
where it’s hard to write exact rules.

IV.4.2.1. ANN results

IV.4.2.1.1. CBR metrics

The figure bellow presents performance metrics for two models used in predicting the
California Bearing Ratio (CBR): a Neural Network (Enhanced) model and a Linear Formula
model. The Neural Network (Enhanced) model demonstrates superior performance across all
evaluation metrics. It achieves a Mean Absolute Error (MAE) of 0.70, indicating that its
predictions deviate from actual values by an average of 0.70 units. Its Mean Squared Error
(MSE) is 2.02, and the Root Mean Squared Error (RMSE) is 1.42, both reflecting relatively
low prediction errors. Most notably, it has a coefficient of determination (R?) of 0.893,
suggesting that the model explains approximately 89.3% of the variability in the CBR data.

In contrast, the Linear Formula model performs less favorably, with a higher MAE of
1.53, MSE of 3.06, and RMSE of 1.75. Its R? value is 0.857, which, while still strong,
indicates a slightly lower ability to explain the variance in the data compared to the neural
network. Overall, these results clearly indicate that the Enhanced Neural Network model
provides more accurate and reliable CBR predictions than the traditional Linear Formula.

IV.4.2.1.1.1. Metrics elements
a) Mean Absolute Error (MAE)

Mean Absolute Error, or MAE, is an evaluation metric used to evaluate the performance
of the regression model. It measures the average of the errors’ magnitude between the
predicted and actual values.

The mathematical formula for Mean Absolute Error is:

MAE = -3 |y, — i 42)

n
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Where:

n: number of observations.

y;: the actual value of i" observation.

y;: the predicted value of the i observation.
b) Mean Squared Error (MSE)

Mean Squared Error, as the name suggests, calculates the average of the squares of the
errors or residuals. In the context of machine learning, it quantifies the average squared
difference between the actual values and the values predicted by the model.

Mathematically, MSE is defined as:

1 - 12
MSE = ;Zly,- - i (43)
i=1

Where:
n: number of observations.
y;: the actual value of i" observation.

y;: the predicted value of the it observation.
¢) Root Mean Square Error (RMSE)

RMSE represents the square root of the average squared differences between predicted
and observed outcomes. It is a metric predominantly utilized in regression analysis and
forecasting, where accuracy matters significantly. The lower the RMSE, the better the model’s
ability to predict accurately. Conversely, a higher RMSE signifies a greater discrepancy
between the predicted and actual outcomes.

Mathematically, RMSE is defined as:

-y
RMSE = n YiTVi) (44)

=1~ ,
d) R -squared (coefficient of determination)

R-squared, also known as the coefficient of determination, is a statistical measure that
represents the proportion of the variance for a dependent variable that's explained by one or
more independent variables in a regression model. In simpler terms, it shows how well the
data fit a regression line or curve.

Mathematically, R-squared is defined as:

n R 2
RZ — 1 _R_SS — 1 _Zi=1(yl yl) (45)

TSS L (i-m?

where:
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RSS: sum of squares of residuals.

TSS: total sum of squares.

1V.4.2.1.2. Loss vs Epochs

The graph shows how the training and validation loss change over 350 epochs. At the
start, both losses are high, meaning the model wasn’t performing well. As training continues,
the training loss keeps going down steadily, which means the model is learning from the
training data. However, the validation loss goes down at first but then stays around the same
level and even jumps up and down a bit. This shows the model is not improving much on
unseen data after a certain point.

In simple terms, the model is learning the training data well, but it’s not getting better at
handling new data — a sign of overfitting.

Training Progress
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Figure 28: Loss vs Epochs.
IV.4.2.1.3. Neural Network vs Linear Formula Comparaison

The bar chart compares how well a Neural Network and a Linear Formula perform
using four metrics: MAE, MSE, RMSE, and R?. In all four, the Neural Network does better. It
has lower error values (MAE, MSE, RMSE), which means its predictions are more accurate
and closer to the actual results. It also has a slightly higher R? value, showing it fits the data a
little better. Overall, the Neural Network gives better and more reliable results than the Linear
Formula.

&
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Neural Network vs Linear Formula Comparison
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Figure 29: Neural Network vs Linear Formula Comparison.

IV.4.2.4. Actual vs Predicted CBR Comparaison

The scatter plot titled "Actual vs Predicted CBR Comparison” compares the prediction
accuracy of a Neural Network and a Linear Formula in estimating California Bearing Ratio
(CBR) values. Each point on the plot represents a prediction, with blue circles indicating the
Neural Network predictions and orange representing the Linear Formula predictions. Ideally,
accurate predictions should lie close to the imaginary diagonal line where predicted values
equal actual values. In this plot, the Neural Network predictions are more closely aligned with
this diagonal trend, showing that they are generally more accurate and consistent. On the
other hand, the Linear Formula predictions are more scattered and tend to deviate further from
the actual values. This visual comparison clearly indicates that the Neural Network provides
more reliable and precise CBR predictions than the Linear Formula.
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Actual vs Predicted CBR Comparison
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Figure30: Actual vs Predicted CBR Comparaison.

IV.4.2.5. Prediction Comparison

This chart compares how well two methods predict California Bearing Ratio (CBR)
values. The blue dots show predictions made by a Neural Network, and the orange X’s show
predictions from a Linear Formula. The horizontal axis shows the actual CBR values, while
the vertical axis shows the predicted CBR values.

Most of the actual CBR values are small (around 2 to 6), and both methods give fairly
similar predictions in this range. However, there is one large actual CBR value (about 35), and
here both methods predicted higher values than the actual. The Neural Network predicted a
much higher value than the Linear Formula. In summary, both methods work okay for small
CBR values but are less accurate for larger ones.

IV.5. Conclusion

This chapter focused on predicting the California Bearing Ratio (CBR) — a key soil strength
parameter used in road and pavement design — using statistical methods and Artificial Neural
Networks (ANN).

e The first principal component (PC1) alone explains 90.88% of data variation.

e Most influential factors on CBR: positive: Carbonate content (CA), Dry unit weight
(vd) and negative: % Passing (fine particles), Plasticity Index (PI).

e Multiple Linear Regression (MLR) (R? = 0.7805, Adjusted R? = 0.7748 and All
predictors are statistically significant (p < 0.05)).
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o Artificial Neural Network (ANN) (Superior prediction performance, R*> = (0.893
(explains 89.3% of CBR variability) and MAE = 0.70, RMSE = 1.42.

e ANN predictions closely match actual CBR values across all ranges.

e ANN outperformed MLR in all metrics.

e Recommended for more accurate and reliable CBR prediction, especially when
dealing with complex soil behavior.




General Conclusion

This study combined detailed geotechnical investigation and predictive modeling to
evaluate and estimate the California Bearing Ratio (CBR) in the Tebessa region. Tebessa is a
semi-arid region in eastern Algeria, characterized by a complex geological and
hydrogeological structure.

The region experiences cold winters and hot summers with an average annual
temperature of 16.14 °C and precipitation of 296.46 mm. Despite its semi-arid nature, the
Tebessa basin has a dense river network with notable valleys like El Kebir, Serdies, and
Chabro guiding runoff toward the center.

Based on the geotechnical analyses and classifications presented in Chapter III, the soils in
Tebessa are mainly fine-grained, plastic, and moderately to highly calcareous. They are
dominated by silts, marls, clays, and fine sands, with variable swelling and bearing capacities,
and are typical of semi-arid alluvial and sedimentary plains.

The predictive modeling phase showed that Principal Component Analysis (PCA) effectively
reduced data dimensionality and highlighted the most influential parameters affecting CBR:
carbonate content, dry unit weight, finers, and plasticity index. A Multiple Linear Regression
(MLR) model was developed with a determination coefficient R?=0.7805, but the Artificial
Neural Network (ANN) model achieved significantly higher accuracy with R?=0.893,
confirming its superiority in predicting CBR from soil properties.
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