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Abstract

This study aims to develop an intelligent crop recommendation system based on soil
characteristics using artificial intelligence techniques. The core objective is to classify
the most suitable crop for cultivation in a specific soil based on various features such
as nitrogen (N), phosphorus (P), potassium (K) levels, pH value, moisture, rainfall,
soil type, and other environmental factors.

To achieve this, we applied a set of machine learning and deep learning algorithms,
including Naive Bayes (NB), Decision Tree (DT), Support Vector Machine (SVM),
Logistic Regression (LR), as well as LSTM and GRU neural networks. The models
were trained using a specialized agricultural dataset collected from Kaggle, with
consistent preprocessing and splitting methods to ensure fair performance compari-
son.

A thorough hyperparameter tuning process was carried out to identify the optimal
settings for each algorithm. The experimental results showed that deep learning
models (LSTM and GRU) achieved strong classification performance, while the De-
cision Tree model provided good accuracy with lower computational requirements,

making it a suitable option for resource constrained applications.

Keywords: Crop Recommendation, Artificial Intelligence, Soil Classification, Naive
Bayes, Decision Tree, SVM, Logistic Regression, LSTM, GRU, Machine Learning,
Deep Learning.
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General Introduction

Farmers, agricultural workers, and investors in the agricultural sector face numerous
challenges, including labor intensive tasks and resource consumption. Over time, this
has led to the adoption of many modern technologies in the sector. However, mod-
ern agriculture still faces multiple challenges that affect its efficiency and sustainability.
These include difficulties in predicting agricultural output due to climate change, poor
water resource management, and challenges in the early detection of pests and diseases.
Additionally, the sector struggles with the mismatch between crop quality and market
standards, weak coordination in supply chains, and the inefficient use of fertilizers and
pesticides. These challenges result in resource wastage, increased costs, and reduced pro-
ductivity. There is an urgent need to develop innovative solutions based on artificial
intelligence to intelligently analyze agricultural data, provide accurate recommendations
to enhance productivity, preserve natural resources, and contribute to the sustainability
of the agricultural sector.

Unlike traditional methods, our thesis project focuses on harnessing the power of
Artificial Intelligence (AI) by developing solutions for soil analysis and agricultural im-
provement. It also involves designing a system that recommends optimal fertilizer and
pesticide dosages based on soil and crop data, as well as analyzing weather, soil, and
plant data to provide accurate production forecasts. This is achieved through the de-
velopment of an Al powered smart system that determines the optimal water quantities
for each crop. By integrating advanced technologies, our system aims to optimize re-
source utilization, save valuable time, and enhance overall productivity. The focus on
real time product and productivity monitoring sets our project apart, contributing to the
advancement of the agricultural sector and strengthening food security.

The significance of this study lies in its contribution to the advancement of the agricul-
tural sector through the integration of cutting edge technologies. By leveraging artificial
intelligence and data driven methods, the project aims to introduce innovative solutions
that can enhance productivity, optimize resource utilization, and promote sustainable
agricultural practices. These efforts contribute to addressing key challenges in agricul-
ture and support the broader goal of improving efficiency and resilience within the sector.
Ultimately, this work aspires to foster progress and modernization in agricultural systems
through the application of intelligent technologies.

This thesis consists of a general introduction, three main chapters, and a general
conclusion.

Chapter 1: An overview of machine learning techniques This chapter pro-
vides a general overview of machine learning concepts and techniques, with a focus on
classification algorithms as key tools in data processing. It also highlights the evolution
from traditional methods to deep learning models, including recurrent neural networks



2 General Introduction

such as GRU and LSTM.

Chapter 2: Latest technologies for identifying soil properties This chapter
focuses on farmland soil as a vital component of agricultural productivity. It presents the
main physical, chemical, and biological properties of soil, and explores modern techniques
used to analyze these characteristics. Special attention is given to the role of artificial
intelligence, remote sensing, and GIS in enabling accurate, data driven soil assessment.

Chapter 3: System architecture, experiments, and result analysis This chap-
ter presents the development of the proposed system by outlining the main phases, in-
cluding data preparation, model design using Al techniques, and experimental implemen-
tation. It also includes a performance analysis of the results and a comparison of different
models to identify the one that provides the most accurate and efficient recommendations.

The system implementation is presented in Appendix A.



Chapter 1

An overview of machine learning
techniques

1.1 Introduction

Artificial Intelligence (Al) is one of the most significant technological advancements
of the modern era, becoming an essential part of various fields, from daily life to ad-
vanced industrial sectors. Al enables computers to perform tasks that require human like
intelligence, such as learning, reasoning, and decision making. Machine Learning (ML)
is a key branch of Al that allows computer systems to analyze data and learn from it
without explicit programming. This advancement has led to remarkable improvements in
multiple fields, including medicine, transportation, commerce, and cybersecurity. With
the evolution of AI, Deep Learning has emerged as a powerful technique that relies on
artificial neural networks to process vast amounts of data. This has enabled advanced
applications such as facial recognition, natural language processing, and autonomous
driving systems. Thanks to these technologies, Al has become a powerful tool for solving
complex problems and enhancing efficiency across various sectors, paving the way for a
future increasingly dependent on intelligent systems and self learning algorithms.

In this chapter, we will explore various types of machine learning and deep learning
algorithms, including supervised and unsupervised learning. We will discuss classical
machine learning algorithms such as Linear regression ,KNNs clustering, artificial neural
networks (ANNs), transfer learning, as well as modern deep learning architectures like
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Trans-
formers.These techniques are essential for tackling complex tasks and improving real life
applications.

1.2 Artificial intelligence

Artificial Intelligence (Al) is a field of study that concentrates on developing systems
capable of mimicking human intelligence in decision making and learning. It includes
technologies such as machine learning, natural language processing, and computer vision
to enable machines to interpret and analyze data intelligently. The term was coined
first in 1950 in Alan Turing’s article ?Computing Machinery and Intelligence,”(Weinert
2014) where he suggested the Turing Test for machine intelligence. In the Dartmouth

3



4 Chapter 1. An overview of machine learning techniques

Conference of 1956, Marvin Minsky defined ATl as "programs that could carry out complex
mental tasks such as learning, and logical reasoning.” Al through the years has evolved
to systems that self learn and can make independent decisions. Modern Al is defined by
processing and analyzing unstructured data without the need for human intervention.

It’s founded on advanced algorithms, such as deep learning and neural networks,
therefore it can mimic human thought. AI is now prevalent in robotics, cybersecurity,
medicine, and big data analysis. Due to these advances, Al has become a central part
of modern technology, paving the way for a future that relies more on intelligent sys-
tems.(Soulez 2018)

The relationship between AI, ML, and deep learning is shown in the following visual
form, as seen in Figure 1.1

Deep Learning

Figure 1.1: Relationship among Al and ML, Deep learning
(Jadhav 2024)

1.3 Machine learning

Machine Learning (ML) is an artificial intelligence discipline that centers on con-
structing systems capable of learning automatically from data without being specifically
programmed. ML was initially termed by Arthur Samuel in 1959 as "a field of study that
gives computers the ability to learn without being explicitly programmed.” (McCarthy
et al. 1990) ML taps into algorithms of data analysis to learn patterns, predict outcomes,
and make decisions optimally. In contrast to conventional coding, ML allows computers
to refine their performance over time by constantly learning from accessible data.

Machine learning has wide usage in fields such as healthcare, where it assists in the
examination of medical records and genetics, finance for market research and trend fore-
casting, and cybersecurity for threat identification. Machine learning also plays a role
in smart manufacturing to enhance productivity. In addition, ML powers general ap-
plications such as recommendation systems, image recognition, and virtual assistants,
enhancing intelligent systems’ ability to solve complex problems and make sound and
efficient decisions. (Kreuzberger et al. 2023)



1.3. Machine learning )

1.3.1 Supervised learning

Supervised learning is a machine learning approach that relies on training a model
using labeled data, where each training example consists of inputs paired with known
outputs. The model aims to learn a function that maps inputs to outputs, allowing it to
make predictions when presented with new, unseen data.

Supervised learning is categorized into two main types: Classification, where data
is assigned to predefined categories. Regression, where continuous values are predicted.

This approach is widely used in applications such as facial recognition, text analysis,
financial forecasting, and medical diagnosis. (Uddin et al. 2019)

1.3.1.1 Types of supervised machine learning

Classification

Classification is the process of assigning data to predefined categories using techniques
that analyze patterns and extract key features from the data. Algorithms in classification
work by defining decision boundaries that separate different categories to ensure accurate
classification. This process will be further illustrated in the following Figure 1.2.(Osisanwo
et al. 2017)

Stages of classification

1. Data preparation Cleaning and preprocessing data to make it suitable for anal-
ysis.

2. Feature extraction Identifying key characteristics that help distinguish between
categories.

3. Model building Using algorithms like Decision Trees or Neural Networks to es-
tablish relationships between inputs and outputs.

4. Training and learningThe model learns patterns from labeled data and under-
stands how to classify each instance.

5. Evaluation and improvement The model is tested on new data, and its accuracy
is measured using a Confusion Matrix or Classification Accuracy.
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Figure 1.2: Stages of Classification in Machine Learning
(AnalytixLabs 2023a)
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Regression

Regression involves predicting continuous numerical outcomes by modeling the rela-
tionship between input variables and a target value. Unlike classification, which assigns
data to distinct categories, regression focuses on estimating precise values. This technique
is commonly applied in scenarios such as forecasting prices, measuring growth, or estimat-
ing quantities. An illustration of the regression process is provided in the Fgure 1.3below.
(Osisanwo et al. 2017)

Stages of regression:

1. Data analysis Identifying independent and dependent variables.

2. Pattern extraction Studying relationships between variables and their influence
on outputs.

3. Model building Creating a mathematical equation that links inputs to outputs,
such as Linear regression, which uses a straight line as a predictive model.

4. Error reduction Improving the model using techniques like Regularization Re-
gression to prevent overfitting.

5. Model testing Evaluating prediction accuracy using metrics like R?> or Mean
Squared Error (MSE).

Figure 1.3: Stages of Regression in Machine Learning
(Polamuri 2017)

Key differences between classification and regression

The classification decides to which category a particular object belongs to. It focuses
on the execution of input for pattern recognition and decides the category in which the
input is to be classified. On the other hand, regression helps to predict the continuous
valued output.

1.3.1.2 Common supervised learning algorithms

Linear classifiers

Linear classification aims to find linear decision boundaries that separate distinct cat-
egories within the feature space. It works by learning a classification function based
on a linear combination of features, making it particularly effective in high dimensional
settings. Linear models maximize the margin between classes to achieve proper classi-
fication, with optimal parameters determined by algorithms such as Logistic Regression
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or Support Vector Machines (SVM) with a linear kernel. These models are computa-
tionally efficient and easy to interpret. However, they can struggle with nonlinear data
or cases where classes overlap significantly. In such situations, more advanced methods
like nonlinear transformations or specialized kernels are often required for improved per-
formance. The accompanying figure illustrates these concepts and the behavior of linear
classifiers.(Osisanwo et al. 2017)

.
Class-0 ’ Class-1

Figure 1.4: Linear Classifiers
(Starmer 2018)

Logistic regression (LR)

Logistic Regression is a supervised classification model that uses a logistic (sigmoid)
function to estimate the probability of class membership. It is particularly effective for
binary classification tasks, where a threshold (commonly 0.5) determines the predicted
class. The model can also be extended to handle multi class problems through multino-
mial logistic regression. Logistic Regression defines decision boundaries in probabilistic
terms, considering the distance of data points from those boundaries, which enhances
prediction accuracy. While simple and computationally efficient, Logistic Regression as-
sumes a linear relationship between the independent variables and the log odds of the
dependent variable. This assumption can limit its effectiveness with complex, nonlinear
data unless combined with feature engineering or transformations. Additionally, it may
be prone to overfitting in high dimensional spaces, a challenge that can be addressed
using regularization techniques such as L1 (Lasso) and L2 (Ridge). The concept is visu-
ally demonstrated in the accompanying figure, which illustrates how Logistic Regression
estimates the probability of a data instance belonging to a class. If this estimated prob-
ability exceeds a predefined threshold, the model predicts the instance as part of that
class otherwise, it does not making it an efficient binary classifier.(Uddin et al. 2019)
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Figure 1.5: Logistic Regression
(FITA Academy 2023)

Naive bayes algorithm

The Naive Bayes (NB) algorithm is a probabilistic classification method grounded
in Bayes’ theorem, with the simplifying assumption that all features are conditionally
independent given the class label. This assumption significantly reduces computational
complexity, making NB highly efficient and scalable, especially for large datasets. The
algorithm works by first estimating the prior probability of each class, then calculating
the likelihood of each feature given the class, and finally combining these to compute the
posterior probability, which determines the most likely class for a new instance. Despite
its simplicity, Naive Bayes often performs surprisingly well, particularly on datasets where
features are genuinely independent or only weakly correlated. However, when strong de-
pendencies exist between features, the model’s assumption can lead to reduced accuracy.
To mitigate this, enhanced versions like Averaged One Dependence Estimators (AODE)
have been developed to partially relax the independence assumption and improve clas-
sification performance. This process is visually illustrated in the accompanying figure,
which demonstrates how Naive Bayes treats each feature independently when calculating
probabilities, even in the presence of potential correlations. The simplicity and effec-
tiveness of this approach make NB a practical choice for many real world classification
tasks.(Uddin et al. 2019)
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Figure 1.6: Naive Bayes Algorithm
(FITA Academy 2023)
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Support vector machine (SVM)

Support Vector Machine (SVM) is one of the most powerful supervised machine learn-
ing algorithms, widely used for both classification and regression tasks. SVM functions
by identifying the optimal hyperplane that best separates different classes in a multi
dimensional feature space. This hyperplane is chosen to maximize the margin the dis-
tance between the hyperplane and the nearest data points from each class, known as
support vectors. A wider margin typically results in better generalization and lower er-
ror on unseen data. For datasets that are not linearly separable, SVM employs kernel
functions such as linear, polynomial, and radial basis function (RBF) kernels to trans-
form the original feature space into a higher dimensional one where a linear separation
becomes possible. This kernel trick enhances SVM’s flexibility in handling complex data
structures. Despite its strong performance, particularly in high dimensional classification
problems, SVM can be sensitive to noisy data and overlapping classes, which may affect
its accuracy. This behavior is effectively illustrated in the accompanying figure, which
shows how SVM constructs the decision boundary and utilizes support vectors to define
the margin in both linear and transformed feature spaces.(Osisanwo et al. 2017)
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Figure 1.7: Support Vector Machine
(D. e. al. 2022)

K-Nearest neighbors (KNN)

The K-Nearest Neighbors (KNN) algorithm is one of the most intuitive supervised
machine learning methods, commonly used for both classification and regression tasks. It
operates on the neighborhood principle, where a new data point is classified or predicted
based on the values or categories of its K nearest neighbors in the training set. To
determine these neighbors, the algorithm calculates distances most often using metrics
like Euclidean distance between the new data point and all existing ones. The predicted
class is then decided by majority vote among the closest neighbors. KNN is a non
parametric algorithm, meaning it does not rely on any underlying assumptions about the
data distribution or relationships between variables. Its performance is highly sensitive
to the choice of K: a small K may lead to overfitting and high sensitivity to noise, while a
large K could result in underfitting by smoothing out significant patterns.(Osisanwo et al.
2017) Despite its conceptual simplicity and versatility, KNN can become computationally
expensive, especially with large datasets, due to the requirement to compute distances
for every prediction. The figure illustrates how the KNN algorithm functions when K =
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4, showing how a new data point is classified based on its four nearest neighbors in the
feature space.

Figure 1.8: K-Nearest Neighbors
(Bicky 2025)

Decision tree (DT)

The Decision Tree (DT) is a widely used supervised machine learning algorithm that
supports both classification and regression tasks. It operates by recursively partitioning
the dataset into increasingly homogeneous subsets based on decision rules extracted from
feature values. The process begins at the root node, which represents the entire dataset,
and branches into internal nodes that apply decision rules derived from selected features.
These branches continue to divide the data until reaching leaf nodes, which indicate the
final predicted output—either a class label or a continuous value. The choice of feature for
splitting at each node is guided by criteria such as entropy and information gain, used in
algorithms like ID3 and C4.5, or Gini impurity, employed in CART. The recursive splitting
continues until a stopping criterion is satisfied, such as achieving homogeneity within a
node or hitting a maximum depth. To enhance generalization and reduce overfitting,
pruning techniques are applied to remove branches that do not contribute significantly
to the model’s performance. Decision trees are known for their interpretability, ease of
visualization, and rapid learning. However, they can be prone to overfitting, especially
when the tree grows too deep or is trained on noisy data. As highlighted in the referenced
Figure 1.9, the root node serves as the entry point of the tree structure, guiding subsequent
splits and predictions through the decision paths. Well known decision tree algorithms like
ID3, C4.5, and CART are widely used in diverse fields, including Al based classification,
medical diagnosis, and data mining(Osisanwo et al. 2017)

Figure 1.9: Decision Tree
(X 2023)
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Artificial neural networks(ANN)

Deep learning algorithms primarily rely on artificial neural networks (ANNs), which
are inspired by the architecture and functioning of the human brain. As a subset of
machine learning, deep learning excels at identifying patterns and extracting meaningful
insights from complex datasets without explicit human intervention. This autonomy
makes it especially powerful in applications such as image recognition, natural language
processing, and speech analysis. ANNs are composed of interconnected layers of nodes
(neurons), typically organized into three main types: the input layer, which receives raw
data; one or more hidden layers, where computations and feature extractions take place;
and the output layer, which generates predictions or classifications. The learning process
involves adjusting the weights of connections between neurons based on error feedback,
allowing the network to improve its performance over time.(Ahamed et al. 2016) The
referenced Figure 1.10 illustrates a multilayered artificial neural network, highlighting
the structure and flow of data through the various layers. As seen in the diagram, the
depth and complexity of the network can significantly influence its learning capacity,
making deep learning models highly scalable and adaptable to a wide range of problems.

Hidden layer

Input layer
g Output layer

Figure 1.10: Artificial Neural Networks Layer
(B. e. al. 2018)

The network’s performance is optimized by adjusting the weights during training to
improve accuracy.

Working steps of artificial neural networks
Forward propagation

Forward propagation is the process through which input data is passed sequentially
through a neural network, starting from the input layer and moving toward the output
layer to generate predictions. Initially, the data is fed into the input layer, where each
feature corresponds to a node in the network. FEach input is then multiplied by an
associated weight, and these weighted inputs are summed together. This sum is passed
through an activation function, such as ReLLU or Sigmoid, which introduces non linearity
to the model, enabling it to learn complex patterns. This process continues through the
hidden layers, transforming the data at each step, until it finally reaches the output layer
where the network produces the final result based on the learned transformations(Ahamed
et al. 2016). The structure of this process can be better understood by visualizing a
single artificial neuron, as shown in Figure 1.11 which illustrates how inputs, weights,
and activation functions work together in forward propagation.



12 Chapter 1. An overview of machine learning techniques

Bias

( x,
%3
Inputs < 9’7(') —"y
Qutput
\ - 2 S Activation
Function
Weights
Figure 1.11: Forward Propagation Architecture
(Ashwin 2023)
Backpropagation

Backpropagation is the phase in neural network training where errors are corrected to
improve performance by adjusting the weights. Initially, the network’s output is compared
with the actual values using a loss function, which quantifies the difference between
predicted and true values. Then, the gradients of this loss function with respect to
each weight are computed, enabling the gradual adjustment of weights through gradient
descent to minimize the error and enhance the model’s accuracy. This process of forward
propagation (making predictions) followed by backward propagation (updating weights)
is repeated over multiple epochs during training, allowing the model to progressively learn
and capture the underlying patterns in the data.(Ahamed et al. 2016)

The Figure 1.12 provided clearly depicts this cycle, illustrating the flow of data forward
through the network, the error computation, and the subsequent backward pass where
weight adjustments occur, highlighting the repetitive and dynamic process by which the
network learns from data.

Error is sent back to
each neuron in backward
direction

Grodient of error is
calculated with respect to
each weight

Outputs Error - difference
Error — befween predicted
Predicted output and actual
output output
Input Layer Hidden Layer Output Layer

Figure 1.12: Backpropagation Architecture
(Sanchaari 2024)
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Activation functions

Activation functions play a crucial role in artificial neural networks, determining
whether a neuron should be activated or not. Without these functions, the network
would be a simple linear model incapable of learning complex patterns. Below are some
common activation functions:

Sigmoid Function

Used in tasks that require an output between 0 and 1, such as binary classification.

Converts values into a fixed range between 0 and 1, making it useful for probability
estimation.

Mathematical formula:

Softmax Function

Primarily used in output layers for multi-class classification problems, convert-
ing values into probabilities that sum up to 1.

Allows the model to determine the class to which an input belongs based on com-
puted values.

Unlike other activation functions, Softmax does not work independently at
each neuron level but rather across all outputs at once, making it ideal for
classification tasks.

The mathematical formula is: .

(2) = ==
0(2) = =——
Z E?:l €%
where z; represents a given input, and n is the number of classes.

The figure below demonstrates the Sigmoid and Softmax activation mechanisms com-

monly employed in machine learning models.

0.5 05

Figure 1.13: Sigmoid and Softmax Activation
(Gao et al. 2020)

ReLU (Rectified Linear Unit)
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Keeps positive values unchanged while setting negative values to zero.

Widely used due to its simplicity and computational efficiency, but it may suffer
from the ”dying neurons” problem when all negative values are zeroed out.

The mathematical formula is given by:
f(z) = max(0, x)
Leaky ReLU
Similar to ReLLU, but allows small negative values instead of setting them to zero.
Helps mitigate the dying neurons issue found in ReL.U.
The mathematical formula is given by:
f(z) = max(0.1z, x)
PReLU (Parametric ReLU)

An improved version of Leaky ReLU, where the parameter controlling negative
values is learned during training.

Provides more flexibility in determining which negative values should be retained.
The mathematical formula is:
f(z) = max(ax,x), where a is learned during training.
The following figure illustrates the ReLU, PReLLU, and Leaky ReLU activation mech-

anisms, highlighting their role in addressing the limitations of traditional activation func-
tions.
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Figure 1.14: ReLLU, PReLU, and Leaky RelLUActivation
(Gao et al. 2020)
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Loss functions

Loss functions are metrics used to evaluate a model’s performance by calculating the
difference between the predicted values (7) and the actual values (y). Each type of loss
function is suitable for a specific task, such as regression or classification.

Mean Squared Error (MSE)

Used in regression tasks, where the goal is to predict a continuous numerical
value.

Calculates the mean of the squared differences between actual and predicted values,
making it highly sensitive to outliers.

Mathematical formula:

1
MSE == (yi — i)
ni:1(y i)

where n is the number of samples, y; is the actual value, and g; is the predicted value.
Binary Cross Entropy (BCE)

Used in binary classification, where there are only two classes (e.g., 0 and 1).

Computes the probability that a sample belongs to one of the two classes using a
logarithmic distribution, making it suitable for models using Sigmoid in the output
layer.

Mathematical formula:

n

BCE = —% > lyilog(d:) + (1 — ;) log(1 — §)]

=1

If the true label is y; = 1, the function focuses on log(y;).

If y; = 0, it focuses on log(1 — ;).

BCE minimizes the error when predictions are close to actual values (either 0 or 1).
Categorical Cross-Entropy (CCE)

Used in multi class classification, where there are more than two classes, such
as recognizing handwritten digits (0-9).

Computes the loss across all classes using the Softmax function to generate class
probabilities.

Mathematical formula:
n C
1 .
CCE = T Z Z Yij log(9i;)
i=1 j=1

where C' is the number of classes, y;; is the correct class indicator (1 if the sample belongs
to class j, 0 otherwise), and g,; is the predicted probability for class j.
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Table 1.1: Comparison of Loss Functions Based on Task Type

Task Type ‘ Suitable Loss Function
Regression MSE
Binary Classification BCE

Multi Class Classification | CCE

Hyperparameters

Hyperparameters are values set before training the model and are not learned directly
from the data. Their selection impacts the neural network’s performance and learning
efficiency. Below are some of the most important hyperparameters:

Learning rate: To update the weights of a model, a learning rate determines how
much changes are needed, and that learning rate is very crucial to decide. Thus,
the learning rate that is too high makes the model gradeers very much busy and
also very unstable, while the learning rate that is low, makes the learning very slow;
again, it might get stuck at the local minimums. So, by properly experimenting or
using the proper techniques.

Regularization:

— Aims to prevent overfitting, where the model becomes overly adapted to the
training data, leading to poor performance on new data.

— Common regularization techniques include:

L1 Regularization (Lasso): Adds constraints on the absolute values of
weights, leading to some weights becoming zero, effectively selecting the
most important features.

L2 Regularization (Ridge): Adds constraints on the sum of squared
weights, helping to reduce large weight values and improve model gener-
alization.

Dropout: Randomly disables some neurons during training to prevent
the model from relying too much on specific neurons.

Momentum:
— Used in Gradient Descent to speed up learning and reduce oscillations when
updating weights.

— Helps overcome local minima by maintaining the "momentum” of previous
updates, allowing it to continue in a specific direction rather than getting stuck
at suboptimal points.

Optimizers:
— Algorithms used to update weights and improve model performance during
training.
— Some key optimizers include:

SGD (Stochastic Gradient Descent): Updates weights based on ran-
dom samples, helping to avoid local minima but can be slow.
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Adam Optimizer (Adaptive Moment Estimation): One of the most
powerful optimizers as it combines the advantages of Momentum and
RMSprop, using adaptive learning rates for each weight, making it
highly efficient in various tasks.

RMSprop: Used to address vanishing gradient problems by adjust-
ing the learning rate based on the average of past values.

Types of neural network architectures

Feed-forward neural network (FNN) Feed-forward Neural Networks (FNN) are
the simplest type of neural networks, where data flows in only one direction, from the
input layer to the output layer, without feedback loops or temporal memory. They are
widely used in classification and regression tasks but are ineffective when dealing with
sequential or time dependent data.(Igbal et al. 2019)

Single layer perceptron (SLP) The Single Layer Perceptron (SLP) is one of the
simplest neural network models, consisting of only an input layer and an output layer.
It uses the Delta Rule to update weights. While it performs well for linearly separable
problems, it cannot handle non linear data, making it inadequate for more complex
tasks.(Igbal et al. 2019) The accompanying figure illustrates the basic architecture of a
perceptron, showing how input nodes connect directly to the output layer without any
hidden layers. This visual highlights the simplicity of the SLP structure and helps explain
why it is limited to solving only linearly separable problems.

Input Hidden
Layer Layer

Figure 1.15: Single Layer Perceptron (SLP)
(Majdoubi et al. 2023)

Multi-layer perceptron (MLP) The Multi-layer Perceptron (MLP) is an im-
provement over the Single Layer Perceptron, incorporating hidden layers between the
input and output layers. It utilizes backpropagation to update weights and gradually
minimize errors. Thanks to non-linear activation functions like ReLLU and Sigmoid, MLP
can recognize complex patterns.(Igbal et al. 2019) The figure shows how multiple layers
of neurons are connected, with each layer transforming the input data through weighted
connections and activation functions. This layered structure enables the network to learn
and represent more intricate features compared to a single-layer model.
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Figure 1.16: Multi-layer Perceptron (MLP)
(Mahmudiono et al. 2022)

1.3.2 Unsupervised learning

Unsupervised Learning is a branch of machine learning used to discover patterns in
unlabeled data without the need for predefined outputs. These algorithms automatically
analyze data and extract key features, helping to understand the intrinsic structure of the
dataset. Unsupervised learning is widely applied in various fields, including dimensional-
ity reduction, social network analysis, fraud detection, and image and text classification.
It is also used in genome analysis to identify relationships between genes, providing new
insights in medical research. Additionally, unsupervised learning helps in anomaly detec-
tion, making it a powerful tool for analyzing big data without human intervention.(Naeem
et al. 2023)

1.3.2.1 Types of unsupervised Learning

Clustering

Clustering is an unsupervised learning technique used to group data points that are
similar to each other into clusters. The main goal of clustering is to ensure that items
in the same group are more similar to each other than to those in other groups. It helps
reveal patterns, structures, or trends within the data. Clustering is widely applied in
areas such as data analysis, image recognition, and customer segmentation. The primary
aim is to organize and simplify large datasets by grouping related data points, often lead-
ing to more efficient and meaningful analysis. (Sharma et al. 2020) The figure visually
demonstrates how data points can be organized into distinct groups based on their simi-
larity, highlighting the ability of clustering algorithms to separate and define meaningful
patterns within a dataset.
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Figure 1.17: Clustering
(guoyee94 2024)
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Anomaly detection

Anomaly Detection is the process of identifying unusual patterns or outliers in a
dataset that significantly differ from the majority of data points. These anomalies can
indicate rare or abnormal events such as network intrusions, hardware malfunctions,
or corrupted data. For instance, unusual spikes in network traffic might signal data
breaches or unauthorized access. Anomaly detection techniques are crucial in domains
like fraud prevention, cybersecurity, and system health monitoring(Sharma et al. 2020).
The figure illustrates different types of anomalies, including individual anomalies and
collective anomalies where a linked group of data points together deviates from expected
patterns highlighting how these unusual occurrences can be detected within complex
datasets.

'I'-_
G, -
W T =
oot
"L T
L e
l-'l"
S S
By X Lt o 1 ®
- [} &
w .'-'.
X

Figure 1.18: Anomaly Detection
(Vaitheswaran 2021)

Dimensionality reduction

In machine learning and data science, handling high dimensional data is a challenging
task for researchers and developers. Therefore, dimensionality reduction, which is an un-
supervised learning technique, is important as it leads to better human interpretability,
reduced computational costs, and helps avoid overfitting and redundancy by simplify-
ing models. Dimensionality reduction is a method for analyzing high dimensional data
by reducing the number of variables, either by removing irrelevant features or combin-
ing several features into single elements, making the data more understandable. The
main benefit of this approach is the removal of unnecessary aspects of the data, enabling
easier visualization, such as in two dimensional plots. However, the combined features
may become less interpretable, and some information is inevitably lost during the pro-
cess.(Bjorklund et al. 2023)

1.3.2.2 Common unsupervised learning algorithms

K-Means

K-means is a popular clustering algorithm that partitions data into a predetermined
number of clusters, denoted by K. It works by iteratively assigning data points to the
nearest cluster centroid and then recalculating these centroids as the mean of points
assigned to each cluster. This process continues until the cluster assignments stabilize
and the centroids no longer change significantly. (Naeem et al. 2023])

The figure illustrates how K-means divides data into distinct clusters by grouping
points around their closest centroids, visually representing the algorithm’s step by step
refinement of cluster boundaries.
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Figure 1.19: K-Means
(Czar 2014)

Principal component analysis (PCA)

Principal Component Analysis (PCA) is a powerful technique used in machine learning
and data analysis for reducing the dimensionality of large datasets while preserving as
much of the original variance as possible. It works by identifying directions (principal
components) along which the variation in the data is maximized, and then projecting
the data onto a smaller number of these components. This results in a simplified dataset
that maintains the most significant patterns and structures. (Naeem et al. 2023)

The Figure 1.20 illustrates how PCA transforms high dimensional data into a lower di-
mensional space by extracting key features, enabling more efficient processing and clearer
visualization without unnecessary noise or redundant information.
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Figure 1.20: Principal Component Analysis
(Kato 2021)

1.3.3 Semi-supervised learning

Semi-supervised learning is an approach that combines both supervised and unsuper-
vised learning, leveraging both labeled and unlabeled data. This method is particularly
useful in machine learning and data mining, especially when obtaining labeled data is
difficult or expensive, while large amounts of unlabeled data are available. The goal
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of semi-supervised learning is to improve prediction accuracy compared to using labeled
data alone, making it suitable for applications such as anomaly detection, speech analysis,
and internet content classification.(Mey et al. 2022)

1.3.4 Reinforcement learning

Reinforcement learning is a key area within machine learning focused on training agents
to make sequential decisions by interacting with an environment. The agent learns to
maximize cumulative rewards by receiving feedback in the form of rewards or penalties
based on its actions.(Kaelbling et al. 1996)

This trial and error process enables the agent to improve its decision making strategy
over time. Reinforcement learning has been successfully applied in domains such as
robotics, autonomous systems, and industrial automation, where adaptive behavior is
essential in dynamic and uncertain environments. (Sah 2020)

See the figure for a representation of the interaction between the agent and its envi-
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Figure 1.21: Reinforcement learning
(Modasiya 2022)

1.4 Deep learning

Deep learning constitutes a specialized domain within machine learning that leverages
deep artificial neural networks, as illustrated in Figure 1.22. These networks consist of
multiple hidden layers, enabling the extraction of intricate and high level features from
data. Unlike conventional machine learning approaches, which rely on manual feature en-
gineering, deep learning models autonomously learn hierarchical representations through
successive nonlinear transformations. Deep learning techniques have been extensively
applied across various domains, including cybersecurity, natural language processing,
robotics, and image recognition. A principal advantage of deep learning lies in its ca-
pacity to process large volumes of data and discern complex patterns without explicit
human intervention. Nonetheless, despite its demonstrated efficacy, deep learning de-
mands substantial computational resources and large scale datasets to attain optimal
performance.(Hordri et al. 2016)
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Figure 1.22: Classification Diagram of Machine Learning and Deep Learning Algorithms

(Janiesch et al. 2021)

1.4.1 Difference between deep learning and machine learning
Table 1.2: Comparison Between Deep Learning and Machine Learning

Feature Deep Learning Machine Learning

Approach Relies on artificial neural net- | Uses statistical algorithms to de-
works to extract patterns and | tect patterns and relationships in
hidden relationships in data. data.

Data  Require- | Requires a significantly large | Can work with relatively smaller

ment amount of data. datasets.

Best Use Cases

Suitable for complex tasks like
image processing and natural
language processing (NLP).

Suitable for simpler tasks with
limited data.

Training Time

Takes longer to train models.

Requires less time to train mod-
els.

Feature Extrac-
tion

Features are extracted automati-
cally, making it an end-to-end
learning system.

Features are manually extracted
to create a model capable of rec-
ognizing patterns.

Complexity &

More complex and less inter-

Provides more interpretable

Interpretability pretable due to multiple layers | results as it relies on clear rules
of nonlinear transformations. or simpler models.

Hardware Re- | Requires high-performance | Can run on CPUs and requires

quirements computers with GPUs for | less computational power

efficient training.

compared to deep learning.

Deep learning is an advanced evolution of machine learning, offering superior performance
in complex tasks but requiring high computational resources and large datasets. In
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contrast, machine learning is simpler, more interpretable, and works effectively with
smaller datasets and lower computing power.

1.4.2 Benefits of deep learning

Deep Learning has revolutionized artificial intelligence, enabling the development of
intelligent systems capable of perception, understanding, and interaction with the world
in unprecedented ways. It is used in various applications such as self driving cars, virtual
assistants, personalized recommendations, and advanced robotics. Below are its key
advantages:

Automatic feature learning: Deep learning can extract features directly from
data without the need for manual design, making it ideal for complex tasks such as
image and speech recognition.[(Bengio et al. 2009)

Ability to handle large and complex Data: Deep learning algorithms efficiently
process large, high dimensional datasets, making them a powerful tool for extracting
valuable insights from complex data.(Schmidhuber 2015)

Superior performance: Deep learning algorithms have demonstrated outstand-
ing results in various fields, including pattern recognition, computer vision, and natural
language processing.(Krizhevsky et al. 2012)

Discovering non linear relationships: Deep learning excels at identifying non
linear relationships between data, a capability that traditional methods struggle to achieve.
(Goodfellow et al. 2016)

Handling structured and unstructured Data: Deep learning can analyze dif-
ferent types of data, whether structured, like databases, or unstructured, such as images,
text, and audio recordings.(Zhang et al. 2020)

Predicting future trends: Deep learning can build models capable of forecasting
future trends, aiding businesses and organizations in strategic planning and decision-
making.(Kim et al. 2018)

Handling incomplete data: Deep learning models can manage missing or incom-
plete data, making them highly useful in real world applications where data may be
inconsistent or evolving.(Hardy et al. 2018)

Sequential data analysis: Networks like RNN and LSTM excel at processing
sequential data such as text, audio, and time series data, enhancing contextual under-
standing and improving decision-making accuracy.(Nofal et al. 2014)

Scalability and deployment: Deep learning models can be easily scaled to handle
increasing amounts of data and can be deployed on cloud platforms or edge devices for
real world applications.(Dean et al. 2012)
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Adaptability to new scenarios: Deep learning models generalize well and adapt
to new situations and datasets, making them highly flexible for solving a variety of prob-
lems. Thanks to these advantages, deep learning has become the foundation of many
modern intelligent technologies, contributing to the development of systems capable of
learning, analyzing, and making decisions with unprecedented efficiency.

1.4.3 Deep neural networks

Artificial Neural Networks (ANNs) are the foundational models of Deep Learning, de-
signed to mimic the way the human brain processes information. In the context of deep
learning, ANNs consist of multiple layers of interconnected neurons that enable the net-
work to learn complex, non linear patterns from data,as seen in Figure 1.23.

These layers include an input layer, several hidden layers (making it “deep”), and
an output layer. Each neuron performs computations involving weighted inputs and
activation functions, allowing the model to learn hierarchical features through forward
propagation and adjust its internal parameters via backpropagation. This architecture
enables ANNs in deep learning to excel at tasks such as image classification, natural
language processing, speech recognition, and more, especially when dealing with large
scale and high dimensional data.(Santos et al. 2025)

Hidden Layers

Figure 1.23: Artificial Neural Networks Layer
(Bhatnagar 2023)

1.4.3.1 Convolutional Neural Networks (CNN)

Convolutional neural networks (CNN) are an advanced type of artificial neural network
primarily used for image and video analysis. They are highly effective in automatic
feature extraction from visual data, making them ideal for tasks such as face recog-
nition, scene analysis, and image classification.(Purwono et al. 2022)

Key components of CNN:

Input Layer: Receives raw image data and converts it into a numerical matrix
representing pixel values.

Convolutional Layer: Applies filters to extract features such as edges, textures,
and patterns. Each filter acts as a detector for specific features, enabling the net-
work to recognize detailed structures.
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Activation Layer: Applies a non linear activation function (such as ReLLU) after
convolution, highlighting important features while discarding irrelevant ones.

Pooling Layer: Reduces the dimensionality of extracted features to improve effi-
ciency and reduce computational complexity. Common types include:

— Min Pooling: Retains the minimum value in the specified region. It is less
common but used in certain applications to extract less obvious features.

— Max Pooling: Retains the maximum value in a pooling region, preserving
essential features while reducing size.

— Average Pooling: Computes the average value in a pooling region, simpli-
fying information while minimizing detail loss.

— Stochastic Pooling: Randomly selects values from the pooling region instead
of using max or average values, enhancing generalization.

— Global Pooling: Applied across the entire feature map instead of specific
regions, producing a compact representation of extracted features.

Pool size
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Figure 1.24: CNN pooling types

Dropout Layers: Prevent overfitting by randomly disabling some units during
training, improving model stability.

Fully Connected Layers (FC Layers): Transform extracted features into a final
representation used for classification or decision making.

The key components of a convolutional neural network (CNN) are best understood by
examining its fundamental layers. These layers play a crucial role in the functioning of
a CNN and are essential for grasping its architecture and learning process. An overview
of these core layers is presented in Figure 1.25.
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Figure 1.25: CNN architecture
(AnalytixLabs 2023b)

A detailed overview of the most popular Convolutional Neural Network (CNIN)
architectures.

LeNet-5 (1998): The first successful Convolutional Neural Network (CNN), devel-
oped for handwritten digit recognition in the MNIST dataset, consisted of two convolu-
tional layers followed by two pooling layers and fully connected layers; it used the Tanh
activation function and was limited to processing low resolution images.

AlexNet (2012): A deep CNN with 5 convolutional layers and 3 fully connected
layers introduced key improvements such as ReLU activation for faster training and
Dropout to reduce overfitting; it achieved great success in the ImageNet Challenge, sig-
nificantly contributing to the widespread adoption of CNNs in computer vision.

VGGNet (2014): VGG networks, such as VGG-16 and VGG-19, rely on small
sized filters (3x3) but use many layers to enable detailed feature extraction; while their
architecture is simple and easy to understand, they require high memory and computa-
tional power, making them less efficient compared to newer architectures.

GoogLeNet / Inception (2014): The Inception network introduced Inception
Modules, which use filters of different sizes (1x1, 3x3, 5x5) within the same layer to
enable diverse and efficient feature extraction; it also utilized 1x1 convolutions to re-
duce the number of parameters and improve computational speed, resulting in a deeper
architecture (22 layers) that is more resource efficient than VGGNet.

ResNet (2015): ResNet introduced Residual Connections, which allow layers to
be skipped when necessary, making it easier to train very deep networks like ResNet-50
and ResNet-152; by solving the Vanishing Gradient problem that limited the depth of
traditional networks, ResNet enabled the creation of architectures up to 152 layers deep
without sacrificing performance or significantly increasing computational complexity.
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MobileNet (2017): MobileNet was designed to be lightweight and fast, making it
ideal for mobile devices and applications requiring high energy efficiency; it uses Depth-
wise Separable Convolutions to significantly reduce computational operations compared
to traditional networks while maintaining good performance, with further enhancements
introduced in MobileNetV2 to optimize data flow and memory efficiency.

EfficientNet (2019): EfficientNet is a highly optimized CNN developed using Au-
toML techniques to balance network size and depth efficiently; it delivers high perfor-
mance compared to previous networks while consuming fewer resources, making it ideal
for Al applications requiring computational efficiency, and it employs a Compound Scal-
ing approach that balances network width, depth, and resolution to maximize feature

extraction.

Comparison of architectures

Table 1.3: Comparison of Popular CNN Architectures

Architecture Layers | Key Features Drawbacks

LeNet-5 7 First CNN, suitable for sim- | Not suitable for large
ple images scale data

AlexNet 8 First deep CNN; used ReLU | High memory con-
& Dropout sumption

VGG-16/19 16-19 | Small 3x3 filters, high accu- | Slow and resource in-
racy tensive

GoogLeNet (Inception) 22 Multi-size filters, high effi- | Complex design
ciency

ResNet-50/101/152 50-152 | Residual connections, very | Requires  significant
deep networks computational power

MobileNet Varies | Lightweight and fast for mo- | Lower accuracy than
bile devices deep networks

EfficientNet Varies | High performance with op- | Requires careful tun-
timized efficiency ing

Advantages of CNN:

Reduces the need for manual feature engineering.

Exploits spatial structure of data, improving pattern recognition efficiency.

Computationally efficient for image related tasks compared to traditional net-

works.

Learns from large datasets, making it powerful for complex classification tasks.

Challenges of CNN:

Requires high computational power, especially for high resolution images.

Needs large training datasets to achieve good performance.

Prone to overfitting if not properly tuned.
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Sensitive to data quality noise or errors in images can affect performance.

Not well suited for sequential data, limiting its application in text and audio pro-
cessing.

1.4.3.2 Recurrent neural networks (RNN)

Recurrent Neural Networks (RNNs) are a class of deep neural networks specifically
designed to process sequential or time series data by maintaining a hidden state that
captures information from previous time steps. This architecture enables RNNs to model
temporal dependencies, making them particularly effective for applications such as natu-
ral language processing (NLP), speech recognition, and time-series forecasting. By trans-
mitting information across time steps, RNNs learn patterns that unfold over sequences.
However, standard RNNs face significant limitations, most notably the vanishing gradient
problem, which impedes their ability to capture long range dependencies. To address this
challenge, advanced variants like Long Short-Term Memory (LSTM) and Gated Recur-
rent Unit (GRU) were introduced. These architectures incorporate gating mechanisms
that selectively retain or discard information over time, thereby improving performance
on complex, long-sequence tasks (Sherstinsky 2020). The structure and functioning of
RNNs are outlined in Figure 1.26.
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Figure 1.26: RNN Architecture

(Sung Kim 2016)

Advantages of RININ:
Suitable for sequential data such as text, speech, and video.
Retains context information from previous inputs.

Useful for applications like machine translation, sentiment analysis, and time
series forecasting.

Challenges of RININ:

Suffers from the Vanishing Gradient Problem, making deep RNNs hard to
train.

Struggles with long range dependencies due to information loss over time.
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Long Short-Term Memory (LSTM) Networks

LSTM is an advanced version of RNN designed to solve the short-term memory
loss problem. It features long-term memory storage, allowing it to handle sequential
data more effectively. LSTM uses a set of memory cells that regulate information flow
through three main gates:

Input Gate: Controls how much new information is added to memory based on
its importance.

Forget Gate: Determines how much old information should be discarded to main-
tain optimal performance.

Output Gate: Defines what information should be passed to the next layers for
future predictions.

How LSTM Works:

1.

Receiving Inputs: The unit receives sequential data values and processes them
through the input gate.

Identifying Important Information: The forget gate decides whether past in-
formation is still relevant or should be discarded.

Updating Stored State: The internal state of the cells is adjusted based on new
accepted data and retained information.

Producing Outputs: The output gate determines which data is sent to the next
layers, allowing the model to predict future outcomes based on contextual under-
standing.

Gated Recurrent Units (GRU)

GRU is an improved version of RNN, similar to LSTM in handling sequential data
but simpler in design, using only two gates instead of three. This makes it faster
and less resource intensive.

Update Gate: Controls how much new information should be retained and what
should be forgotten.

Reset Gate: Helps regulate how much past information influences the current
state.

How GRU Works:

. Receiving Data: Upon new input, the update gate determines which information

should be retained from previous iterations.

Controlling Temporal Influence: The reset gate decides how much past values
should influence current predictions.
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3. Computing the New State: The remaining values are merged to update the cell
state.

4. Producing Outputs: The updated state generates the final result and passes it
to the next layers.

Below, we outline the primary architectural contrasts between LSTM and GRU net-
works.

LSTM GRU

forget gate cell state reset gate

input gate output gate update gate
sigmoid tanh pointwise pointwise vector
multiplication addition concatenation

Figure 1.27: LSTM and GRU architecture
(Wang 2024)

Comparison Between LSTM and GRU:

Criterion LSTM GRU

Number of Gates 3 (Input, Forget, Output) | 2 (Update, Reset)
Training Speed Slower due to complexity | Faster due to simplicity
Resource Consumption Higher Lower

Handling Long Sequences | More efficient Slightly less efficient

Key applications of LSTM and GRU:
Text analysis and sentiment recognition in artificial intelligence.
Neural machine translation for improving language understanding.

Time-series forecasting in economic predictions and financial market move-
ments.
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Speech processing and voice recognition, enhancing smart assistants like Siri
and Google Assistant.

GRU is widely used in applications such as text processing, machine translation,
time-series forecasting, and speech recognition. It is often preferred when higher
execution speed and lower resource consumption are required.

1.4.4 Transformers

Transformers are an advanced type of deep learning model, first introduced in the
Attention is All You Need paper in 2017 by Vaswani et al. Originally designed for
sequence based tasks such as machine translation, they have become fundamental in var-
ious fields including Natural Language Processing (NLP), Computer Vision (CV), and
speech signal analysis. The Transformer architecture is based on self-attention mecha-
nisms, which allow the model to assign different weights to each input element, enabling
a better understanding of context. This structure eliminated the need for Recurrent Neu-
ral Networks (RNNs), improving processing speed and reducing issues such as vanishing
gradients. The model consists of an encoder-decoder architecture, where the encoder pro-
cesses the input and transforms it into an internal representation, while the decoder uses
this representation to generate the desired output, such as translated text or predictive
sentences. The emergence of Transformers led to the development of powerful models
such as BERT, GPT, and ViT, which have demonstrated outstanding performance across
multiple domains.(Islam et al. 2024)

This is visually represented in Figure 1.28, which shows the Transformer architecture.
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Figure 1.28: Transformer Architecture
(Zhumagambetov et al. 2021)
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1.5 Ensemble learning

Ensemble Learning is a machine learning technique that enhances model accuracy
and reduces errors by combining the predictions of multiple models rather than relying
on a single one, thus reducing bias, variance, and improving generalization. Effective
ensemble learning depends on appropriate data sampling, either through Independent
Datasets training models on separate subsets or Dependent Datasets where subsets rely
on previous ones, as in Boosting.

The training of baseline classifiers follows either Sequential Learning (Boosting) to
correct errors progressively or Parallel Learning (Bagging, Random Forest) to reduce
variance via independent models. Fusion methods determine how predictions are merged,
using approaches like Hard Voting (majority vote), Soft Voting (probability averaging), or
Weighted Voting (based on model performance), while Meta-Learning, such as Stacking,
uses a meta-learner to optimally combine base model outputs.

Common ensemble methods include Bagging, which reduces variance by training mod-
els on bootstrapped data and combining results via voting or averaging Random Forest
is a key example but may not lower bias due to shared weaknesses among models. Boost-
ing, including AdaBoost, Gradient Boosting, and XGBoost, builds models sequentially
to correct errors and improve accuracy, though it risks overfitting and is computationally
intensive. Stacking leverages diverse models and a meta learner to integrate predictions,
yielding high performance but requiring careful tuning and resources. Voting, either Hard
or Soft, is simple and beneficial for aggregating predictions of independent models but
may falter when model quality varies.

Each method suits different needs: Bagging excels in reducing variance, Boosting
focuses on bias reduction, Stacking combines diverse strengths for peak performance,
and Voting offers a straightforward ensemble strategy.

Table 1.4: Comparison of Different Ensemble Learning Methods

Method | Data Dependency Primary Goal Advantages Disadvantages
Bagging | Independent Samples Reduce variance Improves stability Does not reduce bias
Boosting | Dependent Samples Reduce bias Enhances accuracy Prone to overfitting
Stacking Diverse Samples Model combination | Strongest perfor- | Complex and slow
mance
Voting Independent Samples | Simple combination | Easy to implement Does not analyze
model relationships

1.6 Conclusion

In this chapter, we provided a comprehensive analysis of learning techniques in artifi-
cial intelligence, starting from traditional machine learning approaches to advanced deep
learning techniques. These include artificial neural networks (ANNs), deep architectures
such as recurrent neural networks (RNNs) and convolutional neural networks (CNNs),
as well as transformer models. We also discussed the concept of transfer learning and
its significance in enhancing model performance across various tasks. Additionally, we
explored practical applications of these techniques, such as sentiment analysis, machine
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translation, and pattern recognition, demonstrating the significant impact of Al in solving

complex problems.
In the next chapter We will explore various techniques and methods to identify soil

properties.



Chapter 2

Latest technologies for identifying
soil properties

2.1 Introduction

Soil of farmland is a central element of agriculture, directly affecting crop output and
sustainable environment. Science of soil or the science to investigate the soil has evolved
significantly since early 1800s based on contributions from other sciences.(Brevik et al.
2015)

Farm soil refers particularly to soil used for crops and animal care and requires close
monitoring and care. It possesses physical, chemical, and biological properties which
affect the growth of crops such as texture, nutrient availability, pH value, and microbial
density. Identification and management of these properties are crucial for sustainable
agriculture.(Lal 2011)

Visual inspection and manual touch have been the conventional methods practiced by
farmers over time, while modern-day technologies like GIS, remote sensing, spectroscopy,
and Al driven software now enable precise, real-time soil analysis to aid effective decision
making and resource management.(Wadoux et al. 2020)

In this chapter, we explore the definition and classification of agricultural soils, discuss
their key physical, chemical, and biological properties, and present both classical and
modern techniques used to analyze these properties. Furthermore, we highlight how
artificial intelligence and machine learning are being leveraged to improve soil analysis
and crop recommendations. Finally, we review relevant datasets and recent research
works that support smart agriculture and sustainable soil management.

2.2 Definition of agricultural soil

Soil science, established in the 1800s, is the study of soils and their properties. It
has developed a specialized language to describe soil, reflecting advances in disciplines
like geology and microbiology. The definition of soil has evolved over time as scientific
knowledge has expanded. Research in soil science now extends to various fields, influ-
encing policy and public understanding. Agriculture, derived from Latin terms for "field
cultivation,” encompasses soil cultivation, crop growing, and animal raising. It includes
practices such as horticulture, pastoralism, and mixed farming. The field has seen shifts
in terminology to reflect different farming methods.(Brady et al. 2008)

34
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Agricultural soil refers to the type of soil used specifically for farming, which requires
careful management to maintain soil fertility and structure. It plays a critical role in crop
production and sustains agricultural productivity. Agricultural soil can be classified into
different types, such as sandy, clay, or loamy, each with distinct characteristics affecting
drainage, nutrient content, and suitability for different crops.(Harris et al. 2013)

Proper management of agricultural soil includes practices like crop rotation, fertiliza-
tion, and soil conservation to prevent degradation and ensure long-term sustainability.
Soil science plays a vital role in agricultural productivity and environmental sustainabil-
ity.(Harris et al. 2013)

2.3 Type of agricultural soil properties

Soil is one of the essential elements in agriculture, as its physical, chemical, and
biological properties directly impact the growth and quality of crops. Understanding
these properties helps farmers and researchers improve agricultural practices and ensure
sustainability.

2.3.1 Physical properties of soil

The physical properties of soil include its mineral composition, which refers to the
proportions of sand, clay, and silt in the soil. Clay soils are excellent for retaining water,
while sandy soils drain water effectively. Loamy soils strike a balance between water
retention and aeration, making them ideal for most plants. Permeability and aeration
describe the soil’s ability to allow water and air to pass through, with soils of high
permeability being favorable for root growth. Water holding capacity determines how
much water the soil can store for later use, with clay soils retaining water longer than
sandy soils.(Akinde et al. 2020)

2.3.2 Chemical properties of soil

Chemically, the soil’s pH level significantly influences nutrient availability, with most
plants thriving in soils with a pH between 6 and 7. The cation exchange capacity (CEC)
is another important chemical property, indicating the soil’s ability to hold positively
charged nutrients. Soils rich in organic matter tend to have a high CEC, aiding in nutrient
supply for plants. Soil salinity, the concentration of salts in the soil, can negatively impact
plants’ ability to absorb water when it is too high.(Akinde et al. 2020)

2.3.3 Biological properties of soil

Biologically, organic content plays a vital role in improving soil structure and increasing
its water retention capacity. This organic matter consists of decomposed plant and animal
matter that enriches the soil. Microbial activity, which includes the work of bacteria and
fungi, is crucial for breaking down organic matter and recycling nutrients. Additionally,
soil biodiversity the variety of living organisms in the soil enhances its overall health and
quality, contributing to its fertility and sustainability.(Bai et al. 2018)
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2.4 Identifying soil properties

2.4.1 Classical methods for identifying soil properties

2.4.1.1 Visual inspection

Visual soil assessment is an important tool for evaluating the quality of agricultural
soil, relying on the visual inspection of properties such as structure, root depth, and
moisture to determine the extent of degradation. Systems used in this evaluation include
VESS (Visual Evaluation of Soil Structure), which focuses on soil porosity and the pres-
ence of aggregates or compacted areas, VSA (Visual Soil Assessment), which incorporates
tests like the drop test to assess soil clod disintegration, and M-SQR. (Miiller Soil Qual-
ity Rating), which evaluates soil based on a range of properties affecting its agricultural
performance. Assessment methods can target only the topsoil layer (VESS), only the sub-
soil layer (SubVESS), or both layers through comprehensive evaluation, helping farmers
make informed decisions regarding soil management practices such as fertilization and
irrigation. Additionally, visual soil assessment plays a role in identifying environmental
risks, including nitrous oxide emissions and soil related degradation.(Ball et al. 2017) An
overview of the various soil types is presented in Figure 2.1.

e

Figure 2.1: Soil Classification
(Student Projects 2025)

2.4.1.2 Touch and feel method

The Touch and Feel Method is one of the oldest techniques used to identify soil proper-
ties, relying on the physical senses rather than instruments. In this method, soil scientists
use their hands to assess soil texture by rubbing, squeezing, and rolling moistened soil
samples. They estimate clay content based on cohesion and plasticity, feeling how eas-
ily the soil forms ribbons or balls. Sand content is judged by the grittiness and how
much volume remains when particles are separated by washing. Loam, silt, and clay soils
each exhibit distinct tactile sensations. The method requires experience to develop ac-
curacy, as soil moisture, organic matter, and mineral content can affect feel. Traditional
flowcharts help guide beginners through the process by offering step by step touch based
observations. Although considered subjective, this method remains valuable in fieldwork
due to its simplicity and speed. It provides a quick preliminary assessment, especially
when lab testing is unavailable.(Santanello Jr et al. 2007)

The soil hand texturing process is demonstrated in Figure 2.2.
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Figure 2.2: Touch and Feel Method
(UBC Wiki 2025)

2.4.1.3 Soil pH testing with litmus paper

Soil pH testing with litmus paper is a simple and cost-effective method to measure
the acidity or alkalinity of soil. By creating a soil water suspension and dipping the
litmus paper into the solution, the paper changes color to indicate the pH level, helping
to determine if the soil is acidic (below 7) or alkaline (above 7). This test is useful for
gardeners and farmers to assess soil health, as pH affects nutrient availability and overall
plant growth. While not as precise as laboratory tests, it provides a quick way to decide
if soil amendments, such as lime or sulfur, are needed to adjust the pH for optimal crop
production.(McLean 1982)

The figure depicts the procedure for measuring soil pH

Figure 2.3: Testing Soil pH with pH Papers
(STEMpedia 2025)

2.4.1.4 Smell test

The Smell Test in agricultural soil is a sensory method used to assess soil health based
on the aroma emitted by the soil. Research has shown that healthy soils, often managed
with soil health-promoting practices, tend to produce a more pleasant and distinct smell
compared to unhealthy soils. This smell is linked to volatile organic compounds (VOCs)
released from the soil, which vary depending on soil management and moisture levels. By
analyzing these VOCs through techniques like gas chromatography mass spectrometry
olfactometry (GC-MS-0O), scientists can identify patterns that correlate with soil health.
Higher soil moisture reduces the intensity and variety of soil aromas over time, with
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optimal VOC expression found at around 25% soil moisture. Thus, the Smell Test pro-
vides a quick, intuitive, and research-backed way to help evaluate the biological quality
of soil.(Bonds et al. 2022)

2.4.2 Modern methods for identifying soil properties

2.4.2.1 Laboratory soil testing

Laboratory soil testing in agriculture is a standardized method used to evaluate soil
fertility, pH levels, lime requirements, and nutrient availability to guide effective crop
management. Over the past 30 years, soil testing has become essential for farmers and
growers, helping them make informed decisions about fertilizer and lime application.
Different soils require different testing methods, making standardization critical to en-
sure accurate and reliable results. Resources like the Soil Analysis Handbook of Refer-
ence Methods provide detailed laboratory procedures for testing soil properties, including
newer areas like nitrate levels, heavy metals, and quality assurance practices. By follow-
ing these standard techniques, soil testing laboratories support sustainable farming and
improved plant nutrition management around the world.(Jones 2018)

Figure 2.4: Reliable Soil Testing
(Hayatok 2025)

2.4.2.2 Geographic Information System (GIS) and remote sensing

Geographic Information Systems (GIS) and Remote Sensing (RS) are essential tech-
nologies in modern agriculture, especially for monitoring soil health and crop conditions.
Remote sensing collects data about the Earth’s surface using satellite imagery, aerial
photography, and other sensors. These technologies help monitor large areas, offering in-
sights into factors like soil fertility, plant health, and land use changes. GIS is a computer
based tool that captures, stores, analyzes, and displays geographic data. It integrates
spatial data from remote sensing, field surveys, and historical data for better analysis
and visualization. In vineyards, GIS and RS enable precise monitoring of soil, weather,
and crop growth. These technologies help optimize irrigation, predict crop yields, and
improve land use. Advances in remote sensing, like high-resolution satellites and multi-
spectral drones, enhance data accuracy. By integrating GIS and RS, farmers can make
informed, data driven decisions to improve sustainability and crop yield (Grishin et al.
2020). The Figure 2.5 demonstrates how Variable Rate Technology (VRT) operates in
conjunction with GIS and RS systems.
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Figure 2.5: Applications of (GIS) Geoinformatics in Agriculture
(Piddubna 2022)

2.4.2.3 Portable soil sensors and probes

Portable soil sensors and probes are advanced technologies designed for on site, real-
time soil nutrient analysis, making them essential for precision agriculture. These devices
allow for the quick and cost effective determination of soil macronutrients and micronu-
trients, which are critical for optimal crop growth. By offering portability, these sensors
enable rapid nutrient testing and mapping of soil nutrient distribution across fields, ad-
dressing issues like over or under application of fertilizers. Unlike conventional soil testing
methods, which are time-consuming and expensive, portable sensors provide an efficient
alternative, offering low cost, on the go solutions. With advancements in technology,
these devices require minimal sample preparation, and their real-time data capabilities
allow farmers to make informed decisions and optimize fertilizer use. Additionally, these
sensors are integrated into the Internet of Things (IoT), enabling continuous monitoring
and predictive analytics for better resource management and sustainable farming prac-
tices. Techniques such as optical, electrochemical, and capillary electrophoretic sensors
are commonly used, with machine learning and artificial intelligence enhancing their per-
formance (Pal et al. 2024). Figure 2.6 shows a soil nutrients testing sensor device used
to measure key soil parameters, enabling precise soil health monitoring and informed
agricultural decision making.

Figure 2.6: Portable Soil Analyzer with Multi Probes
(Alibaba n.d.)
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2.4.2.4 Soil spectroscopy

Soil spectroscopy is an emerging analytical technique in agricultural soil management
that uses visible, near infrared, and mid infrared (Vis-NIR-MIR) reflectance to rapidly
and non destructively assess soil properties. Over the past 30 years, it has proven to be
a fast, cost effective, and environmentally friendly alternative to traditional soil testing
methods. Unlike conventional laboratory analyses, which are time consuming and expen-
sive, soil spectroscopy allows for the quick assessment of important soil parameters like
organic matter, nutrient content, texture, and moisture levels. Its application both in the
laboratory and increasingly in the field, using portable devices and airborne or satellite
sensors, has the potential to revolutionize large scale soil health monitoring. However,
challenges remain in reducing prediction errors, standardizing methods across different
operators, and building robust, diverse spectral databases. By addressing these issues, soil
spectroscopy could become a routine tool for soil assessment at field, national, and even
continental scales, helping to support sustainable land management and tackle global
challenges like food security, climate change, and environmental degradation.(Nocita et
al. 2015)

2.5 Utilization of machine learning and artificial in-
telligence

AT and machine learning (ML) are revolutionizing agricultural soil management by en-
abling more precise and efficient practices for soil analysis and irrigation. Traditional soil
analysis methods were time consuming and costly, relying on lab based techniques. How-
ever, Al-driven tools now process complex data from sensors, satellites, and geographical
systems, predicting soil properties like texture and moisture content with greater accuracy
and speed. (Awais et al. 2023)

ML models, including regression algorithms like XGBoost and random forest, help
predict nutrient requirements, moisture levels, and optimize irrigation systems, ensuring
crops receive the right amount of water at the right time. This reduces water waste,
improves crop yields, and makes irrigation smarter and more resource efficient. Addi-
tionally, Al and remote sensing create comprehensive soil property datasets, enabling
precision agriculture that supports data-driven decision making for improved productiv-
ity and sustainability. ML techniques like decision trees, support vector machines (SVM),
K-nearest neighbors (KNN), and neural networks further enhance soil management by
classifying soil types, forecasting moisture for irrigation, detecting soil erosion or contam-
ination, and recommending targeted fertilizer and pesticide use. These innovations not
only boost crop yield predictions but also reduce environmental impact, promoting re-

source conservation and paving the way for sustainable agriculture worldwide.(Dey et al.
2024)

2.6 Review of related research

2.6.1 Datasets

Agricultural soil management data sets are structured collections of soil measurements
gathered over diverse ecosystems for research and practical applications in agriculture and
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environmental conservation. The typical data sets include such soil features as texture,
water content, fertility, pH, and organic matter, supplemented by remote sensing or cli-
mate parameters. Each data point is tagged with suitable agronomic or environmental
metadata so that machine learning and AI models can be trained, tested, and validated.
Due to their size, scope, and generality, such datasets have assumed added significance
as a mandatory tool for researchers, agronomists, and machine learning experts. They
are essential to building precision agriculture by enabling the development of predictive
models that assess soil health, optimize fertilization, detect degradation, and recommend
sustainable agriculture practices. With the use of such abundant datasets, Al-powered
soil management systems become more robust and efficient, ultimately improving crop
yield, reducing environmental impact, and enabling improved agricultural decision mak-
ing.

2.6.1.1 Smart Farming Data 2024 (SF24)

The SF24 dataset comprises 4,800 records with 28 features (23 original and 5 derived)
covering soil, climate, and crop-related parameters. It includes labeled data for vari-
ous crops under diverse environmental conditions. The dataset is organized in tabular
format and includes features such as soil nutrients (N, P, K), temperature, humidity,
pH, rainfall, and derived indices like THI, NBR, and SFI. Basic preprocessing was ap-
plied; no data augmentation was performed. This dataset is suitable for applications
in crop classification, environmental stress analysis, and predictive modeling for smart
agriculture.(Engineer 2024)

2.6.1.2 Crop Recommendation dataset

This dataset contains 2,200 records with 7 features related to soil and climate. It
includes data for 22 crops, with about 100 samples each. The data is organized in
tabular form. Basic preprocessing was applied. No data augmentation was performed.
It is suitable for use in crop prediction, recommendation systems, and machine learning
model training.(Ingle 2021)

2.6.1.3 Crop Recommendation using Soil Properties and Weather Prediction

This dataset includes soil and climate features collected from multiple Ethiopian
sources. Soil data contains attributes like pH, color, nutrients, and coordinates. Cli-
mate data includes temperature, rainfall, humidity, wind, and pressure, sourced from
NASA cloud infrastructure. Crop types are mostly cereals. Data was collected based on
location and season. No augmentation was applied. It is suitable for use in crop pre-

diction, recommendation systems, and machine learning model training.(TmleynCodes
2021)

2.6.2 Recent works

2.6.2.1 The work of Cao et Al.2021

In this study, the authors developed a county level rice yield prediction model for
China by integrating diverse publicly available datasets using the Google Earth Engine
(GEE) platform. They combined satellite-derived vegetation indices such as Enhanced
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Vegetation Index (EVI) from MODIS and Solar-Induced Chlorophyll Fluorescence (SIF)
from GOSIF, along with their combination (ESI), to capture both canopy structure and
photosynthetic activity. Meteorological data including minimum and maximum tem-
perature, precipitation, PDSI, PET, VPD, and degree day metrics were obtained from
CHIRPS, ERA5, and TerraClimate. Soil attributes like pH, texture, and organic matter
were accessed via SoilGrids. Ground-truth rice yield data (2000 to 2015) were collected at
the county level from government statistical yearbooks. Prior to modeling, extensive pre-
processing and data trimming were performed to remove outliers, align spatial temporal
resolutions, handle missing values, and normalize variables.

Three models, LASSO regression, Random Forest (RF), and Long Short-Term Mem-
ory (LSTM) networks, were evaluated. LSTM achieved the highest prediction accuracy,
with R? values ranging between 0.77 and 0.87, which is prediction accuracy of between
77% and 87%, and RMSE ranging from 298.11 to 724 kg/ha. RF followed with slightly
lower values, while LASSO performed the worst with R? values between 0.33 and 0.42.
The combination of EVI and SIF (ESI) marginally improved performance, as it better
captured drought and heat stress. Optimal predictions were achievable one to two months
before rice maturity. This framework offers a scalable, efficient, and timely approach for

large-area yield estimation, adaptable to other regions with limited observational records.
(Cao et al. 2021)

2.6.2.2 The work of Ali et Al. 2021

In this study, a Pakistan specific crop recommendation system is proposed to improve
agricultural productivity using machine learning techniques. The system focuses on as-
sisting farmers in selecting the most suitable crop before planting based on temperature
and seasonal trends. Agriculture plays a major role in Pakistan’s economy, and a large
portion of land is cultivated for both local use and export. The proposed model helps pre-
vent losses from planting unsuitable crops and supports seasonal classification for better
decision-making. The system uses a custom built, localized dataset collected specifically
for the Nawabshah district (Sindh, Pakistan).

The dataset includes crop yield data for wheat, cotton, sugarcane, and rice from local
agricultural departments and research institutes. Temperature readings were obtained
from government weather stations, and seasonal classifications (late winter, summer) were
added for context. Soil properties such as texture, fertility, and chemical composition
were gathered from local soil testing labs. Machine learning models were trained on this
dataset with temperature as the key predictive input. Experimental results showed that
the proposed model achieved 90% accuracy, which is higher than existing approaches.
This proves its value for local farmers and national food security. The system is practi-
cal, scalable, and adaptable to other regions facing similar challenges with limited data
availability.(Ali et al. 2021)

2.6.2.3 The work of Ahmad et Al. 2023

Soybean (Glycine max) is a proteinaceous oilseed crop used extensively for cooking
oil and poultry feed but is subjected to significant challenges as a result of unfavorable
global climatic conditions exacerbated by the current climate crisis. The purpose of this
research was to determine optimal areas for soybean production in a semi-arid terrestrial
environment to facilitate effective land use planning. Using geostatistical interpolation,
some data layers such as soil characteristics, quality of irrigation water, land use and
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land cover, topography, and climate were generated and merged with weight factors de-
rived from the Analytic Hierarchy Process. To construct these layers, the study relied on
several publicly accessible datasets, including historical climate data (temperature and
rainfall from Open Data Pakistan, covering a 116-year series from 1901-2016), Sentinel
2 satellite imagery for land-use and vegetation classification, administrative boundaries
and GIS layers from PakData/GISData and OSM shapefiles, and soybean related NDVI
and soil moisture insights from the USDA Soybean Explorer. Land use and land cover
classification overall accuracy was 70% and Kappa value was 0.61, indicating that it has
good precision. Soybean suitability confirmation using the Receiver Operating Charac-
teristic (ROC) curve showed an excellent area under the curve (AUC) of 0.738. The
research revealed that out of 172,618.66 hectares, almost 47.46% is highly suitable (S1),
21.36% moderately suitable (S2), 11.91% marginally suitable (S3), 7.00% not presently
suitable (N1), and 12.28% not suitable at all (N2). Overall, the results reveal that the
study location has favorable climatic conditions, healthy soils, and quality irrigation water
availability, conducive to soybean production with improved agronomic practices.

The research provides valuable information for farmers and policymakers to maximize
the management of irrigation, increase agricultural yields, and minimize soil degrada-
tion.(N. Ahmad et al. 2023)

2.6.2.4 The work of Pokhariyal et Al. 2023

This article presents a systematic review exploring how machine learning (ML) tech-
niques are being integrated with remote sensing (RS) data to support agricultural moni-
toring across India. It highlights the effectiveness of ML algorithms in extracting mean-
ingful insights from various RS datasets to improve agricultural practices in areas such
as crop classification, yield prediction, disease detection, weed monitoring, nutrient map-
ping, soil salinity and moisture estimation, as well as drought and water stress assessment.

The research surveyed a wide range of RS inputs including data from Landsat, Sen-
tinel 2, PRISMA, SAR (Synthetic Aperture Radar), and thermal sensors, often used
alongside vegetation indices like NDVI and additional climate parameters. These data
sources were processed using ML models such as Support Vector Machines (SVM), Ran-
dom Forests (RF), Artificial Neural Networks (ANNs), Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), Support Vector Regression (SVR), and
Gradient Boosting Regression (GBR). Results across the reviewed studies were highly
promising for example, CNNs achieved crop classification accuracies of up to 99%, and
GBR models for yield prediction reported R? values as high as 0.94. High accuracy was
also observed in disease identification, weed detection (over 82% accuracy), water stress
monitoring (over 90% accuracy), and soil quality assessment (R? values exceeding 0.9).

The findings underscore the transformative potential of integrating RS technologies
with advanced ML algorithms to enhance precision agriculture. This integration supports
timely, accurate, and scalable decision making, offering significant benefits for agricultural
productivity and resource management in India.(Pokhariyal et al. 2023)

2.6.2.5 The work of Deyet Al. 2024

Machine learning (ML) can sufficiently utilize agricultural data for crop production
under various levels of soil nutrients and climatic conditions to recommend suitable crops
or additional nutrient requirements for enhanced productivity. In this study, the perfor-
mance of five ML models was evaluated using a publicly available dataset from Kaggle
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titled Crop Recommendation Dataset. The dataset includes parameters such as NPK
values, soil pH, and climatic factors namely temperature, rainfall, and humidity collected
under real field conditions.

The ML models tested include Support Vector Machine (SVM), XGBoost, Random
Forest, K-Nearest Neighbors (KNN), and Decision Tree. These models were trained using
yield related data from 11 farm crops, 10 horticultural crops, and a combined dataset
incorporating both categories. Results revealed that separate training on farm and horti-
cultural datasets yielded better prediction accuracies compared to the combined dataset.
Among all models, XGBoost consistently outperformed the rest, achieving 99.09% ac-
curacy (AUC 1.0) for farm crops, 99.3% (AUC 1.0) for horticultural crops, and 98.51%
(AUC 0.99) on the combined dataset.

This non intrusive, data-driven ML approach demonstrates the potential of integrat-
ing Al in agriculture through user friendly, cloud based systems to enable rapid and
precise decisions for optimal crop selection and fertilizer application across diverse agro-
environmental scenarios. The outcomes contribute to advancing sustainable productivity

and supporting precision agriculture practices through intelligent crop management. (Dey
et al. 2024)

2.7 Conclusion

Effective management of agricultural soil is essential for ensuring long term agricul-
tural productivity and environmental health. Understanding the physical, chemical, and
biological characteristics of soil enables farmers to adopt sustainable practices tailored
to specific conditions. While traditional methods still provide valuable insights, modern
technologies such as portable sensors, soil spectroscopy, and Al-powered models have
transformed how soil properties are monitored and utilized. These advancements sup-
port precision agriculture, enhance crop yields, and reduce environmental impact. By
integrating conventional knowledge with innovative tools, the future of soil management
can meet global food demands while conserving natural resources.

In the following chapter, we will explain how machine learning can be used to develop
a system that identifies the most suitable crop type for a specific soil, highlighting the
ongoing advancements in leveraging artificial intelligence technologies to build reliable
and efficient systems.



Chapter 3

Organizational Structures, Results,
and Reflections

3.1 Introduction

With the continuous advancement of artificial intelligence and smart agriculture tech-
nologies, it has become possible to develop systems that analyze soil data to provide
precise agricultural recommendations. Our project aims to create an intelligent system
capable of identifying the most suitable type of crop that can be cultivated on a given
plot of land by analyzing soil characteristics such as pH level, moisture, nutrient content,
and other physical properties. This data is processed using Al models, including machine
learning techniques, to draw accurate conclusions about the most appropriate crop for
the current soil conditions. The system contributes to improved agricultural decision
making, increased productivity, and reduced resource waste.

In this chapter, we present the components of the proposed system, starting with
data collection and preprocessing, followed by the design and testing of the model, and
concluding with the analysis of results and comparison of different models to select the
one that delivers the highest recommendation accuracy.

3.2 General system architecture

Our system follows a typical workflow in machine learning, which is illustrated through
a diagram showing four main stages, as depicted in (Figure 3.1). At the beginning, we
use a training database that contains soil elements and materials, such as soil type and
temperature, necessary for training the model. Next, we perform data preprocessing.
Then, the model is trained on a portion of the processed training data. The resulting
model is later used in the testing phase to determine which type of plant is suitable for
that land.

3.3 Detailed presentation of our system

45
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Figure 3.1: General schema of the proposed approach

3.3.1 Data preparation

3.3.1.1 Data preprocessing

In our system, preprocessing of tabular data is an essential step to ensure that the
dataset is clean, consistent, and suitable for training machine learning models. This
process involves handling missing or duplicate values, encoding categorical variables, and
normalizing or scaling numerical features to ensure they are within a comparable range.
We also check for outliers and perform feature selection or transformation as needed.
These steps are critical for improving the quality of the data, reducing noise, and enabling
the model to learn patterns more effectively and make accurate predictions.

3.3.1.2 Data splitting

After completing data preprocessing, it is essential to divide the dataset into three
distinct parts: the training set, validation set, and test set. This separation is critical
to ensure the generalizability of our approach and to accurately assess model performance
using data the model has not seen during training.

Training set

This portion of the dataset (60%) is used to train the model. The model learns
directly from this data by adjusting its internal parameters. A sufficiently large training
set is important to ensure the model can learn meaningful patterns and achieve strong
performance.
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Validation set

The validation set (20%) is used during the training process to fine-tune the model’s
hyperparameters (learning rate, batch size). It helps evaluate the model’s ability to
generalize to unseen data and detect issues like overfitting. By monitoring performance on
the validation set, we can make necessary adjustments to improve the model’s robustness.

Test set

The test set (20%) is reserved for final evaluation after the model has been fully
trained and validated. It provides an unbiased assessment of the model’s performance
on completely unseen data, simulating how it would perform in real-world scenarios.
Keeping the test set separate ensures a fair and accurate measurement of the model’s
ability to generalize and make reliable predictions.

3.3.2 Model training

Once the dataset is divided into training, validation, and test sets, the model is
trained using the training data. During this process, the model learns patterns from the
input features in order to make accurate predictions. The quality of these predictions is
measured using a loss function, which guides the overall learning process. Training occurs
over several iterations or structured procedures, depending on the model architecture,
allowing the model to improve its performance. The validation set is used to monitor
how well the model is learning and to adjust key settings, known as hyperparameters,
to avoid overfitting. These may include learning rate, regularization strength, or model
specific structural constraints. The training continues until the model’s performance
stabilizes. Final evaluation is conducted on the test set to assess the model’s ability to
generalize to new, unseen data.

Each classification model undergoes a distinct training process tailored to its under-
lying learning strategy:

Naive bayes classifier

This probabilistic model is trained by calculating prior and conditional probabilities
directly from the training data. It assumes feature independence and uses Bayes’ theorem
to compute the posterior probabilities for classification. Model training primarily involves
estimating likelihoods from feature distributions.

Decision tree classifier

The model is trained by recursively partitioning the feature space based on information
gain, Gini index, or entropy. At each node, the best feature and threshold are selected
to maximize the purity of resulting subsets. Training continues until stopping criteria
such as maximum depth or minimum samples per leaf are met, with pruning techniques
applied to avoid overfitting.

Support Vector Machine (SVM)

SVM training involves finding the optimal hyperplane that maximizes the margin
between classes. This is achieved by solving a convex optimization problem, often using
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techniques like Sequential Minimal Optimization (SMO). For non linear data, kernel
functions are employed to map input features into higher dimensional spaces.

Logistic regression classifier

This model is trained using gradient descent or its variants to minimize the binary
(or multi-class) cross entropy loss. The sigmoid (or softmax for multi-class) activation
is applied to predict class probabilities. During training, the model iteratively updates
weights to best fit the decision boundary.

Long Short-Term Memory (LSTM)

LSTM networks are trained on sequential data using sequence based optimization.
Input sequences are processed, predictions are generated, and errors are measured by
a loss function. Optimization algorithms like Adam or RMSprop are used to update
the network’s weights. Training occurs over multiple iterations (epochs), often with
techniques like dropout and early stopping to reduce overfitting.

Gated Recurrent Unit (GRU)

Similar to LSTM, GRU networks are also trained on sequential data. GRUs simplify
the internal structure while maintaining the ability to learn temporal dependencies. The
model is optimized by minimizing a loss function over sequences, with weights updated
using gradient-based methods and training conducted across multiple iterations.

3.3.3 Model test

After training our crop recommendation model, we evaluate its performance on the
test set to assess its effectiveness on unseen data. We use various performance metrics
such as accuracy, precision, recall, and F1-score to measure the model’s capabilities. This
thorough evaluation compares the model’s predictions with the actual crop recommen-
dations, ensuring its reliability and adaptability to new data. The use of these metrics
guarantees optimal performance in crop prediction, providing a balanced assessment of
the model’s strengths and weaknesses.

3.4 Experimental results and discussion

In this section, we first present the dataset, which is used to train and evaluate the
crop recommendation model. This dataset contains important agricultural information
such as temperature, humidity, pH level, nutrient content in the soil, and rainfall, along
with the appropriate crop type for each case. After introducing the data, we conduct a
series of experiments aimed at identifying the best combination of hyperparameters for
the model.

3.4.1 Datasets used

The choice of dataset plays a pivotal role in the success of any agricultural recommen-
dation system. For our crop recommendation model, we selected a dataset from Kaggle
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that provides essential agricultural data such as temperature, humidity, pH levels, nu-
trient content in soil, and rainfall, along with the recommended crop type for each set
of conditions. This dataset includes a large number of samples, reflecting various agri-
cultural environments. By utilizing this dataset, we aim to derive insights that help us
determine the most suitable model for recommending crops based on soil and environ-
mental factors, see Figure 3.2.

N P K temperature humidity ph  rainfall soil moisture soil type sunlight exposure .. irrigation frequency crop density pest pressure fertilizer usac

90 42 43 20.879744 82002744 6502985 202935536 29.446064 8.677355 11743910 57.607308 188.19492

85 58 41  21.770462 80.319644 7.038096 226.655537 12.851183

60 55 44 23.004459 82320763 7.840207 263.964248 29.363913 9.875230 .

y
4

5754288 ... 4 16797101 74.736879 7096362
1 12654395 1.034478 191.97607
1
3

74 35 40 26491096 80.158363 6980401 242864034 26.207732 8.023685 10.864360 24091888 55.7613¢

78 42 42 20130175 81.604873 7.628473 262717340 28.236236 8120512 13.852910 38.811481 185.2597C

Figure 3.2: Sample data from the crop recommendation dataset.

3.4.2 Hyperparameter tuning and models evaluation

In this section, we present the experimental results obtained through the application
of various machine learning and deep learning models, including Logistic Regression,
Support Vector Machine (SVM), Decision Tree, Naive Bayes, LSTM, and GRU. To ensure
optimal performance, a thorough hyperparameter tuning process was conducted for each
model. The key hyperparameters explored include learning rate, batch size, dropout
rate, and the number of epochs in the case of deep learning models, while parameters
such as regularization strength (C) for Logistic Regression and kernel type for SVM were
also investigated. These experiments aimed to identify the most effective configuration
for each algorithm when applied to crop recommendation tasks. The evaluation was
performed using consistent preprocessing and training methodologies, allowing us to fairly
compare model performance and determine the hyperparameter settings that lead to the
best predictive accuracy.

To optimize the performance of the applied models, we conducted hyperparameter
tuning for both traditional machine learning and deep learning algorithms. For Logis-
tic Regression and SVM, we experimented with parameters such as the regularization
strength (C), solver types, and kernel functions. In the Decision Tree model, parameters
like maximum depth, minimum samples split, and the criterion (Gini or entropy) were
tuned. Although Naive Bayes requires minimal tuning, we adjusted smoothing parame-
ters to evaluate their impact. For the deep learning models, LSTM and GRU, we focused
on optimizing batch size, number of epochs, learning rate, and dropout rate. This tuning
process was essential to identify the best parameter configurations that yield the highest
accuracy and generalization ability in crop recommendation tasks.

3.4.2.1 Naive bayes classifier

In Gaussian Naive Bayes, the varsmoothing parameter plays a crucial role in ensuring
numerical stability during probability calculations. This parameter adds a small constant
to the variance of each feature, preventing division by zero especially important when
features exhibit very low variance. In our experiments, we evaluated the model using
various input combinations like (-1, -6, 10), (-2, -6, 10), (-1, -2, 10), and (-15, -1, 15).
These tests demonstrated consistent prediction results, highlighting the model’s stability
and robustness.
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Table 3.1: Hyperparameter Tuning for Naive Bayes Classifier

Var Smoothing Range | Train Acc | Val Acc | Test Acc

{-15,-9.5,-8.5,-6,-2,
-1,10,15,20,25} / / /

Best Value (—15,—1,15) 99.69% 98.86% 99.54%

Range

The performance metrics indicated strong results across all combinations: training ac-
curacies were 99.39%, 99.62%, 99.39%, and 99.69%, validation accuracies reached 98.63%,
98.86%, 98.63%, and 98.86%, and test accuracies were 99.09%, 99.54%, 98.86%, and
99.54%. Among these, the input combination (-15, -1, 15) achieved the highest train-
ing accuracy (99.69%) and tied for the highest validation and test accuracy (98.86% and
99.54%), demonstrating the most robust performance. These findings confirm that careful
adjustment of the var smoothing parameter enhances the model’s generalization ability,
making it highly effective for recommending crops under diverse soil and environmental
conditions.

3.4.2.2 Decision tree classifier

For the Decision Tree classifier, several rounds of hyperparameter tuning were carried
out to identify the best combination of parameters that enhance the model’s ability to
recommend crops accurately. The parameters explored included the splitting criterion
(gini or entropy), the maximum depth of the tree, the minimum number of samples
required to split a node, and the minimum number of samples required at a leaf node.
Various configurations were tested systematically across different ranges, including deeper
trees and tighter split thresholds to understand their effect on model generalization.

Among the various configurations tested, a model using the Gini criterion with a
maximum depth of 25, minimum samples split of 3, and minimum samples leaf of 1
achieved strong results, with a training accuracy of 99.92%, validation accuracy of 97.73%,
and test accuracy of 97.95%. While this configuration showed excellent performance, it
was slightly outperformed in terms of generalization by another setup using the entropy
criterion with a maximum depth of 15, min samples split of 5, and min samples leaf of
1, which achieved a training accuracy of 100%, validation accuracy of 97.27%, and the
highest test accuracy of 99.55

Other configurations were also explored to assess the trade off between model com-
plexity and generalization. For instance, a Gini-based model with a depth of 15, split
of 10, and leaf of 4 resulted in lower performance (99.02% train, 97.50% val, 97.50%
test), showing that overly conservative splits may hinder generalization. Two trials of a
Gini model with depth 12, split 5, and leaf 1 produced consistent results 99.70% training
accuracy, 97.95% and 97.73% validation accuracies, and 98.64% test accuracy suggesting
that shallower trees can still deliver competitive performance with appropriate tuning.

Overall, despite the strong performance of Gini-based models across various depths,
the entropy-based configuration with a depth of 15, split of 5, and leaf of 1 delivered the
highest test accuracy, demonstrating superior generalization capability. This highlights
the importance of fine tuning hyperparameters and comparing multiple configurations to
identify the most effective decision tree model.
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Table 3.2: Hyperparameter Tuning for Decision Tree Classifier

Criterion Max Min Min | Train Val Test
Depth Split Leaf | Acc Acc Acc
{gini, {3,5,10,15, | {1,2,3,5, | {1,2,
Range entropy} | 21253135} | 10,1220} | 45,6} |/ / /
Best Value | entropy 15 5 1 100% | 97.27% | 99.55%

3.4.2.3 SVM classifier

For the Support Vector Machine (SVM) classifier, several rounds of hyperparameter
tuning were conducted to determine the optimal configuration for accurate crop recom-
mendation. The key parameters evaluated included the regularization parameter C', the
kernel type, and the gamma value (v) for non-linear kernels. A wide range of values
was tested to explore how these hyperparameters influence the model’s margin, decision
boundaries, and generalization ability.

The regularization parameter C' was tested with values such as 0.01, 0.1, 1, 10, and 100
to observe the trade off between margin maximization and classification errors. Various
kernel types including linear, RBF, polynomial, and sigmoid were compared, with linear
and RBF consistently outperforming the others in terms of both validation and test
accuracy. For the RBF, polynomial, and sigmoid kernels, several v values were evaluated,
including scale, auto, and fixed values such as 0.01, 0.1, and 1.

The performance metrics indicated strong results across multiple configurations: train-
ing accuracies were 99.24%, 99.24%, 100%, 99.55%, and 100%; validation accuracies
were 94.77%, 94.77%, 94.77%, 94.32%, and 76.14%; and test accuracies reached 94.77%,
94.77%, 95.23%, 95%, and 78.41%. Among these, the configuration using the RBF kernel
with €' = 100 and v = 0.01 achieved the highest test accuracy of 95.23%, along with
a perfect training score (100%) and a validation accuracy of 94.77%, indicating strong
generalization capability.

Another competitive configuration was the RBF kernel with ¢' = 10 and v = 0.01,
which achieved a training accuracy of 99.55%, validation accuracy of 94.32%, and test
accuracy of 95%, reflecting slightly less generalization than the top performing setup.
The linear kernel with C' = 1 and v = scale showed consistent and stable performance
with a training accuracy of 99.24%, and both validation and test accuracies of 94.77%,
making it a reliable and balanced choice.

In contrast, the polynomial kernel with C' = 10, degree = 3, and v = auto resulted
in the poorest generalization, with a perfect training accuracy (100%) but significantly
lower validation (76.14%) and test accuracy (78.41%).

Overall, the best-performing and most generalizable SVM configuration in this study
was the RBF kernel with C' = 100 and v = 0.01, highlighting the importance of kernel
selection and regularization strength in optimizing SVM for crop recommendation tasks
under diverse input conditions.

3.4.2.4 Logistic regression classifier

For the Logistic Regression classifier, a series of hyperparameter tuning experiments
were conducted to identify the most effective parameter combinations for accurate crop
recommendation. The primary parameters tested included the regularization strength
(C), the type of regularization penalty (11 or 12), and the optimization solver (liblinear,
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Table 3.3: Hyperparameter Tuning for SVM Classifier
C Gamma kernel Train Acc | Val Acc | Test Acc
{0.01,0.1, | {scale,auto, | {linear,rbf,
Range 1,2,10,100} | 0.01, 0.1, 1} | poly,sigmoid} / / /
Best Value 100 0.01 rbf 100% 94.77% 95.23%

Ibfgs, or saga). The inverse regularization strength parameter C was varied across a wide
range from 0.001 to 100.0 to assess the impact of both strong and weak regularization
on the model’s performance. The solvers were selected based on compatibility with the
chosen penalty type.

Among the various configurations tested, the setup using the liblinear solver with C =
0.5 and penalty = 11 yielded the best overall performance, achieving a training accuracy
of 96.44%, a validation accuracy of 93.64%, and the highest test accuracy of 93.18%. This
configuration demonstrated excellent generalization, likely due to the effectiveness of 11
regularization in promoting sparsity and reducing overfitting.

Other configurations were also examined to explore the trade-offs in model complexity
and generalization. For example, a model using liblinear with C = 0.5 and penalty =
12 produced lower results, with a training accuracy of 92.05%, validation accuracy of
83.64%, and test accuracy of 85.45%. Increasing the C value to 1.0 with 12 penalty
modestly improved test accuracy to 88.41%, but still did not match the performance of
the 11 configuration.

Additionally, the 1bfgs solver with C = 0.5 and penalty = 12 performed competitively
in multiclass settings. It achieved a training accuracy of 97.95%, validation accuracy of
91.59%, and test accuracy of 91.82%, showing strong overall performance.

Table 3.4: Hyperparameter Tuning for Logistic Regression Classifier

solver C penalty | max_ iter | Train Acc | Val Acc | Test Acc
{liblinear,
Range Ibfes saga ) {0.5,1} | {11,12} | {200,500} / / /
Best Value | liblinear 0.5 11 200 96.44% 93.64% 93.18%

In conclusion, while several logistic regression configurations performed well, the best
generalization and highest test accuracy were achieved using the liblinear solver with 11
penalty and C = 0.5, demonstrating the importance of regularization type and solver
choice in optimizing Logistic Regression for crop recommendation tasks.

3.4.2.5 Long Short-Term Memory

For the LSTM-based crop recommendation model, multiple rounds of hyperparameter
tuning were conducted to optimize its predictive performance. The key parameters ex-
amined included the number of LSTM units, dropout rates for regularization, batch size,
and the number of training epochs. These configurations were designed to explore how
deeper architectures, lower dropout, and extended training periods affect the model’s
ability to generalize effectively.

Among the different configurations tested, the model with 128 and 64 LSTM units,
dropout rate of 0.2, batch size of 32, and trained for 50 epochs yielded the best overall
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results. This setup achieved 100% training accuracy, and the highest validation and test
accuracy of 95.91%. A similar configuration, using a dropout rate of 0.1 and batch size
of 16, also reached perfect training accuracy and maintained strong generalization with
95.91% validation and 95.00

Other configurations involving 64 and 32 units generally showed slightly lower per-
formance, particularly with smaller batch sizes or fewer epochs. For instance, using a
batch size of 16 and 20 epochs achieved a training accuracy of 98.33%, with test accuracy
dropping to 93.41%. Additionally, models trained with larger batch sizes, such as 64,
tended to experience marginal drops in performance unless paired with lower dropout
rates to reduce overfitting effects.

One notable configuration using 64 and 64 LSTM units with dropout 0.1 achieved a
balanced result of 95.68% for both validation and test accuracy, reflecting the potential
of shallow yet well-regularized models. Another configuration using 128 and 32 units,
dropout 0.1/0.2, and batch size of 64 also performed competitively, with test accuracy of
94.55%.

Overall, the best performing LSTM configuration included 128 and 64 LSTM units,
dropout rate of 0.2, batch size of 32, and 50 training epochs. This model not only achieved
perfect training accuracy but also demonstrated superior generalization with 95.91% ac-
curacy on both validation and test sets. These findings underscore the importance of
selecting the right depth, regularization, and training duration in LSTM networks to
achieve optimal results in crop recommendation systems.

Table 3.5: LSTM best accuracy results

Units Dropout Batch Epochs | Train Val Test
(1/2) Size Acc Acc Acc
Range {32,64,128} | {0.1,0.2} | {16,32,64} | {20,50} / / /
Best Value | 128 / 64 0.2 /0.2 32 50 100.00% | 95.91% | 95.91%

3.4.2.6 Gated recurrent units

For the GRU-based crop recommendation model, multiple rounds of hyperparameter
tuning were conducted to optimize its predictive performance. The key parameters ex-
amined included the number of GRU units, dropout rates for regularization, batch size,
and the number of training epochs. These configurations were selected to investigate the
effect of deeper architectures, dropout variations, and extended training periods on the
model’s generalization ability.

Among the different configurations tested, the model with 128 and 64 GRU units,
dropout rate of 0.2, batch size of 32, and trained for 50 epochs achieved the highest
overall results. This setup delivered 100% training accuracy, and strong validation and
test accuracy of 96.82% and 96.14%, respectively. A nearly identical configuration using
batch size of 16 also reached 100% training accuracy, with 96.59% validation accuracy
and 96.36% test accuracy.

Configurations with 64 and 32 GRU units generally performed slightly lower than the
deeper models, particularly when using smaller batch sizes or fewer epochs. For exam-
ple, training with batch size of 16 and 20 epochs using GRU(64, 32) achieved a training
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accuracy of 98.79%, with validation and test accuracy around 94.77% and 95.00%, respec-
tively. Increasing the batch size to 64 without adjusting dropout led to slight performance
drops, but applying lower dropout rates (0.1) helped maintain strong accuracy.

Other competitive setups included GRU(128, 32) with dropout 0.1, batch size of 16,
and 50 epochs, which attained 99.85% training accuracy, 96.82% validation accuracy, and
96.14% test accuracy closely matching the best configuration. Another variation using
GRU(64, 32), dropout 0.2, and batch size of 64 also performed well, achieving 99.24%
training, 96.59% validation, and 96.14% test accuracy.

Overall, the best-performing GRU configuration consisted of 128 and 64 GRU units,
trained over 50 epochs, using a dropout rate of 0.2 and a batch size of 32. This model
demonstrated robust generalization capability with 100% training accuracy and 96.82%
and 96.14% accuracy on validation and test sets, respectively. These findings highlight
the effectiveness of deeper GRU architectures and balanced regularization for enhancing
performance in crop recommendation tasks.

Table 3.6: GRU Best Accuracy Results

Units Dropout Batch Epochs | Train Val Test
(1/2) Size Acc Acc Acc
Range {32,64,128} | {0.1,0.2} | {16,32,64} | {20,50} / / /
Best Value | 128 / 32 0.2 /0.2 16 50 100.00% | 96.59% | 96.36%

3.5 Comparison of results

Through this experimental study, we aim to identify the most suitable model archi-
tecture that achieves optimal performance for our system. In the following section, we
conduct a comparative analysis of different models trained using the best combinations
of hyperparameters. The performance of each model was evaluated based on training,
validation, and testing accuracy, as summarized in the table below:

Table 3.7: Accuracy of our models

Model | Train Acc | Val Acc | Test Acc
NB 99.69% 98.86% 99.54%
DT 100% 97.27% | 99.55%
SVM 100% 94.77% 95.23%
LR 96.44% 93.64% 93.18%

LSTM 100% 95.91% 95.91%
GRU 100% 96.59% 96.36%

The Decision Tree (DT) model clearly stands out as the most effective, achieving the

highest test accuracy of 99.55%, alongside strong validation accuracy (97.27%) and per-
fect training accuracy, demonstrating excellent generalization to unseen data and offering
an excellent balance between accuracy and model stability, making it the most suitable
architecture for our system.



3.6. Comparison with related work 55

3.6 Comparison with related work

To assess the robustness and efficiency of our system, we conducted a comparative
analysis with a recent state of the art study that also used the Smart Farming 2024 (SF24)
dataset. The selected reference is the work by (Aldhahri et al. 2025), which introduced an
advanced deep learning ensemble architecture known as ResXceNet-HBA. Their model
integrated ResNet blocks, Xception modules, and optimization via the Honey Badger
Algorithm, achieving a test accuracy of 98.5%, precision of 98.2%, recall of 98.7%, and
Fl-score of 98.4% on the SF24 dataset.

In contrast, our system utilized several classical machine learning models, among
which the Decision Tree (DT) model demonstrated the most outstanding performance.
Prior to testing, the DT model achieved a perfect training accuracy of 100% and a
validation accuracy of 97.72%, reflecting its strong capacity for generalization. Upon
evaluation on the test set, the model attained a test accuracy of 99.32%, along with a
precision of 99.36%, recall of 99.31%, and an Fl-score of 99.32%, thus outperforming
more complex deep learning architectures in terms of both accuracy and consistency.

This comparison highlights that while deep learning models such as ResXceNet-HBA
offer scalability, robustness, and adaptability across various environmental conditions,
simpler models like Decision Trees when combined with effective preprocessing and well
structured datasets can achieve even higher predictive performance. Our findings under-
score the practicality and efficiency of classical approaches in smart farming applications,
especially when computational simplicity and interpretability are also desired.

Table 3.8: Performance Comparison on the SF24 Dataset

Model Test Accuracy | Precision | Recall | F1 Score
Decision Tree (Ours) 99.32% 99.36% | 99.31% | 99.32%
ResXceNet-HBA (Aldhahri et al. 2025) 98.5% 98.2% 98.7% 98.4%

3.7 Conclusion

In this chapter, we presented a comprehensive framework for an intelligent system
based on artificial intelligence techniques to analyze soil properties and provide optimal
recommendations regarding the most suitable crop type for cultivation. We reviewed
the system design stages, starting from soil data collection and preprocessing, to devel-
oping and testing machine learning models used for data analysis. Through a series of
experiments, we fine-tuned the models’ hyperparameters to achieve the highest predic-
tion accuracy. The system demonstrated significant effectiveness in delivering precise
recommendations that support agricultural decision making. Our results highlight the
potential of artificial intelligence to enhance agricultural productivity and improve re-
source efficiency, opening wide prospects for future applications in smart farming.



Conclusion

In conclusion, this work highlights the growing importance of integrating artificial
intelligence technologies into the agricultural sector, particularly in the analysis of soil
properties and the generation of precise recommendations to improve productivity and
ensure resource sustainability. The results of this study demonstrate that the combination
of machine learning and deep learning algorithms with agricultural data enables a deeper
understanding of soil composition and its impact on crop performance.

By developing an intelligent model capable of analyzing soil and recommending opti-
mal agricultural practices, we have taken a significant step toward data driven precision
farming an essential approach for modern, efficient, and sustainable agriculture.

The outcomes obtained confirm the effectiveness of the proposed models in accurately
predicting the suitable agricultural inputs based on soil characteristics and environmental
conditions. This represents a promising direction for expanding such systems on a broader
scale.

This research also opens the door to several future prospects, such as:

Data Expansion: Incorporating larger and more diverse datasets including satellite
imagery, real time climate data, and geospatial information will improve model robustness
and generalization.

Multimodal Integration: Combining soil data with plant growth patterns, pest activ-
ity, and weather forecasts can lead to holistic farming solutions.

Scalability: Deploying the system as a mobile or cloud-based application could em-
power farmers in remote or underserved areas to access Al-driven insights easily.

Ethical and Environmental Considerations: As Al systems are adopted more widely
in agriculture, issues such as data privacy, ecological impact, and digital inequality must
also be addressed.

Model Transparency: Future work should aim at improving model interpretability so
that recommendations can be better understood and trusted by end users.

In summary, this work provides a practical example of how artificial intelligence can
be used to revolutionize agriculture. By transforming raw data into actionable insights,
AT becomes a vital tool not only for boosting crop yield and farm profitability but also for
addressing some of the world’s most pressing challenges: food insecurity, climate change,
and resource scarcity. The findings presented herein serve as a strong foundation for
continued research and real world implementation of Al powered solutions in agriculture.
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Appendix A

ANNEX: Development Tools and
Implementation

A.1 Introduction

In this annex, we focus on the development and implementation of an Al-based soil
analysis application designed to recommend the most suitable crops for agricultural lands,
transforming the conceptual model presented earlier into a fully functional and practical
system. The process involves selecting the appropriate tools and frameworks, importing
the necessary libraries, preparing and splitting the dataset, and building a classifica-
tion model whether based on traditional machine learning algorithms or deep learning
techniques. This is followed by training the model and evaluating its performance on
unseen test data to ensure accuracy, reliability, and the system’s overall effectiveness in
real-world agricultural scenarios.

A.2 Development tools

A.2.1 Artificial intelligence

A.2.1.1 Anaconda navigator

Anaconda Al Navigator is a platform that allows users to download and run Large
Language Models (LLMs) directly on their local machines. It includes a built-in llama.cpp
API server, making it ideal for developers who want to test Al models within their existing
applications. With access to Anaconda’s curated list of trusted models, users can evaluate
and choose the best model for their needs. Running models locally also ensures full control
over personal and proprietary data, removing reliance on external servers.(Anaconda, Inc.
2024)
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Figure A.1: Anaconda logo

A.2.1.2 Jupyter

Jupyter Notebooks are interactive, web based tools widely used in data science and
machine learning for tasks such as data exploration, cleaning, visualization, statistical
modeling, and deep learning. They allow users to write and execute code in individual
cells, combining programming, text, images, and visualizations in a single document.
Powered by a front end interface and a back end kernel (usually Python), Jupyter makes it
easy to test and explain code step by step. Notebooks are also flexible, supporting export
to various formats like HTML, PDF, and Python scripts for easy sharing.(Databricks
2025)
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Figure A.2: Jupyter logo

A.2.1.3 Development language

Python is an interpreted, object oriented, high level programming language with dy-
namic semantics. It features built in data structures, dynamic typing, and dynamic
binding, which make it particularly attractive for rapid application development and as
a scripting or glue language to connect existing components. Its clear and easy to learn
syntax emphasizes readability and reduces program maintenance costs. Python is open
source and belongs to the family of interpreted languages, allowing developers to focus
on problem solving rather than dealing with complex syntax or compilation. It supports
modules and packages that promote modularity and code reuse, and its extensive stan-
dard library is freely available for all major platforms. Python is dynamically typed, with
optional type annotations for better code clarity. It is widely used in various domains
such as web development, data analysis, artificial intelligence, neural networks, and sci-
entific computing. The fast edit test debug cycle and powerful built in debugger increase
developer productivity, while its flexibility allows it to be used in both simple and highly
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complex projects. Without a doubt, Python has become one of the most appreciated and
in demand programming languages in the tech world.(Van Rossum, Guido 2001)

@ python’

Figure A.3: Python logo

A.2.1.4 Used library

Pandas: A BSD-licensed, open-source library, it offers a powerful and versatile set of
data structures, notably DataFrame and Series, specifically designed for efficient manip-
ulation of structured data, time series, and labeled datasets within the Python environ-
ment. Its capabilities extend across the entire data workflow, making it an indispensable
tool for tasks such as reading diverse data formats, performing essential data clean-
ing operations, transforming data into suitable structures, seamlessly merging disparate
datasets, and conducting in depth analysis. This comprehensive functionality, combined
with its high performance and user friendly interface, positions it as an ideal solution
for data professionals and researchers working with complex data in Python.(McKinney
et al. 2015)

Numpy: This statement describes NumPy, which serves as the foundational library for
numerical computing in Python. It provides powerful N-dimensional array objects, along
with a comprehensive suite of mathematical functions and routines for linear algebra. Its
highly optimized array handling capabilities are so crucial that nearly all other scientific
libraries in Python rely on NumPy for their underlying data structures and operations.

Sklearn model selection: The sklearn.model selection module provides essential tools
for preparing and evaluating machine learning models. It includes functions like train test
split, which quickly divides a dataset into training and testing subsets using simple param-
eters such as test size, shuffle, and stratify. It also offers GridSearchCV, a powerful utility
that performs an exhaustive search over specified parameter values using cross-validation
to determine the best model configuration. Additionally, it includes splitters like Strati-
fiedKFold and other cross-validation tools to ensure robust model evaluation.(Scikit-learn
Developers 2025)

Sklearn svm: The sklearn svm module contains various implementations of Support
Vector Machines (SVMs), powerful algorithms highly effective for both classification and
regression tasks. These models operate by identifying optimal separating hyperplanes
within the feature space, thereby distinguishing between different classes or predicting
continuous outcomes.(Scikit-learn Developers 2025)
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Sklearn naive bayes: sklearn naive bayes provides a collection of probabilistic classi-
fiers, including GaussianNB. These classifiers apply Bayes’ theorem, making the assump-
tion of feature independence to perform straightforward yet effective classification.(Scikit-
learn Developers 2025)

Sklearn tree: ithin sklearn.tree, users can find decision tree algorithms. These al-
gorithms model decision making processes in a tree like structure and are capable of
performing both classification and regression tasks.(Scikit-learn Developers 2025)

Sklearn linear model: The sklearn linear model module houses various linear models,
prominently featuring Logistic Regression. This model is primarily designed to predict
discrete outcomes, making it a powerful classification algorithm. It is particularly well
suited for both binary and multi-class classification problems.(Scikit-learn Developers
2025)

Sklearn metrics: The sklearn.metrics module provides a comprehensive suite of evalu-
ation functions, including accuracy score, precision score, recall score, and f1 score, which
are essential for thoroughly assessing and understanding a machine learning model’s per-
formance.(Scikit-learn Developers 2025)

Slearn preprocessing: The sklearn preprocessing module offers essential tools for data
preparation, such as StandardScaler for feature scaling to achieve zero mean and unit vari-
ance, and LabelEncoder for transforming categorical variables into a suitable numerical
format for machine learning algorithms.(Scikit-learn Developers 2025)

Tensorflow: TensorFlow, an open source framework from Google, is widely used for
building and training deep learning models. It offers both high-level APIs like Keras for
easy model construction and low-level APIs for fine grained control, catering to diverse
development needs. Its flexibility and extensive capabilities make it a powerful tool for a
broad spectrum of Al applications.(TensorFlow 2025a)

Tensorflow keras models: The tensorflow keras models module’s Sequential class
offers a convenient way to build neural networks. It enables developers to easily stack
layers in a linear order. This simplifies model construction, especially for feedforward
architectures.(TensorFlow 2025c¢)

Tensorflow keras layers: The tensorflow.keras.layers module includes essential neural
network layers widely used in deep learning models. The Dense layer is a fully connected
layer where each input neuron is connected to every output neuron, commonly used in
feedforward neural networks. The LSTM (Long Short-Term Memory) layer is a type
of recurrent neural network (RNN) that excels in processing and learning from sequen-
tial data by preserving long-term dependencies. The GRU (Gated Recurrent Unit) is
a simplified version of LSTM that is computationally more efficient while still effective
for sequence-based tasks. Lastly, the Dropout layer is a regularization technique that
randomly drops neurons during training to help prevent overfitting and improve general-
ization of the model.(TensorFlow 2025b)
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Tensorflow keras utils: The tensorflow.keras.utils module provides essential utility
functions, such as to categorical. This function converts integer labels into a one-hot
encoded format, which is crucial for preparing data for multi-class classification tasks in
deep learning models. This ensures labels are in the necessary binary vector form for
proper model training.(TensorFlow 2025d)

A.2.2 Mobile

A.2.2.1 Visual Studio Code

Visual Studio Code (VS Code) is a lightweight, open-source, and cross-platform code
editor developed by Microsoft. It is designed to support a wide variety of programming
languages and development scenarios, including web, mobile, and cloud applications.
VS Code provides rich features such as syntax highlighting, code completion, integrated
debugging, and a built-in terminal, all aimed at enhancing productivity and streamlining
the development process.

It is more than a simple text editor it is a powerful, code focused development envi-
ronment that supports the full application lifecycle with integrated Git version control
and a vast library of extensions. These extensions enable customization of the coding
environment with added language support, themes, linters, and collaboration tools like
Live Share for real-time teamwork. Its versatility makes VS Code popular for both quick
scripting and complex software projects on any operating system.(Del Sole et al. 2019)

Figure A.4: VS Code logo

A.2.2.2 Android studio

Android Studio is the official integrated development environment (IDE) for Android
app development, created by Google. It is built on JetBrains’ IntelliJ IDEA and offers a
comprehensive suite of tools for building, testing, and debugging Android applications.
Android Studio provides advanced features such as a smart code editor, visual layout
editor, real-time profilers, and a Gradle-based build system.(DiMarzio 2016)

A key component of Android Studio is the Android Software Development Kit (SDK),
which is bundled with the IDE. The SDK includes essential tools, libraries, and APIs
required for developing Android apps. These include a code debugger, device emulator,
and platform-specific tools that allow developers to write applications using Java, Kotlin,
or C++, and optimize them for different Android devices and OS versions.(Linares-
Véasquez et al. 2014) Android Studio, along with the Android SDK, delivers a full-featured
environment for building Android apps across various device types.
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Figure A.5: Android Studio logo

A.2.2.3 Expo

Expo is an open source platform built on top of React Native that simplifies mobile
app development for both Android and iOS using JavaScript. It provides a comprehensive
set of preconfigured tools and services that automate many routine tasks like building,
updating, and submitting apps to app stores. By handling these processes, Expo allows
developers to focus more on writing code and designing user experiences rather than
managing complex configurations. Its development environment includes an easy to use
CLI, over-the-air updates, and built-in integrations for common native features. Expo also
boasts a supportive community and direct access to the development team for assistance.
While it may have some limitations for apps requiring deep native customization, Expo is
ideal for rapid development and prototyping. Overall, Expo accelerates the app creation
process by offering a streamlined, developer friendly ecosystem. It is especially suited for
small to medium projects that benefit from fast iteration and deployment.(Hutri 2023)

9

Figure A.6: Expo logo

A.2.2.4 Development language

JavaScript is a versatile, high-level programming language used to build dynamic
and interactive experiences on the web. Originally introduced by Netscape in 1995, it
has grown to support both front-end and back-end development through platforms like
Node.js. As a foundational technology of the web, alongside HTML and CSS, JavaScript
enhances how users interact with websites and applications. The language embraces
multiple paradigms, including object-oriented, functional, and imperative styles. Its fea-
tures such as dynamic typing, event-based execution, and first-class functions enable the
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creation of rich, complex web functionalities. Governed by the ECMAScript standard,
JavaScript behaves consistently across different browsers. Its wide ecosystem features
powerful frameworks like Vue.js, Angular, and React, which streamline app develop-
ment. It also supports specialized applications like online experiments using tools such
as jsPsych. Formal models of JavaScript improve its understanding and help ensure se-
curity. JavaScript continues to be an essential and widely adopted language in modern
software development.(Resig 2007)

Figure A.7: JavaScript logo

A.2.2.5 Framework

React Native React Native is an open-source framework developed by Facebook
that enables the development of native mobile applications using JavaScript and React.
It allows developers to build apps for both Android and iOS from a single shared code-
base, significantly reducing development time. React Native uses a component-based
architecture inspired by React, making UI development modular and efficient. Unlike
hybrid approaches, it renders Ul components as native platform widgets, delivering near-
native performance and appearance. It also permits integration with native modules
using Java, Swift, or Objective-C to optimize specific parts of an app. This flexibility
makes it suitable for building complex applications with performance needs. React Na-
tive has a strong developer community and an extensive ecosystem of libraries and tools,
making rapid development and iteration possible. Despite minor performance limitations
compared to fully native apps, it performs efficiently for most use cases. These charac-
teristics have made React Native a leading choice in cross-platform mobile development
today.(Presa Kald et al. 2021)

Figure A.8: React-Native logo
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Babel Babel is a popular open-source JavaScript compiler that allows developers to
write modern JavaScript using the latest language features and syntax while maintaining
compatibility with older environments. It works by converting ECMAScript 2015+ code
into backward compatible JavaScript that can run in browsers or platforms that do not
support new features natively. Babel supports a wide range of plugins and presets, en-
abling customization of the code transformation process, including support for JSX used
in React and TypeScript. Its extensible architecture allows developers to create custom
plugins tailored to their project’s needs. By bridging the gap between new JavaScript
advancements and diverse runtime environments, Babel enables developers to use mod-
ern syntax and improve productivity without sacrificing browser compatibility. Although
newer transpilers like SWC offer faster speeds in some scenarios, Babel remains a widely
adopted and reliable tool in JavaScript development.(Prasetya et al. 2025)
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Firebase Firebase is a powerful, cloud based platform developed by Google that
offers a wide range of backend services to help developers build, manage, and scale web
and mobile applications efficiently. It provides real-time databases like Firebase Realtime
Database and Cloud Firestore, which store data as JSON objects and support synchro-
nized, scalable data access—ideal for applications requiring real-time updates, such as
tourist tracking apps. Firebase also offers authentication services supporting multiple
providers, analytics to monitor user behavior, and tools like Cloud Messaging for push
notifications and Crashlytics for crash reporting. Unlike traditional relational databases
like MySQL, Firebase’s NoSQL structure enables faster data retrieval and simpler han-
dling of applications with less complex relationships. Its seamless integration with Google
Cloud services and support for multiple platforms make Firebase a comprehensive back-
end solution that accelerates development and improves app performance.(Sudiartha et
al. 2020)
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Figure A.10: Firebase logo
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A.3 Implementation

A.3.1 Implementation steps
A.3.1.1 Importing libraries

First, we import all the necessary libraries required to build our recommendation
system, which leverages artificial intelligence to analyze soil data collected from sensors.
Figure A.11 shows a snippet of code that imports essential libraries such as NumPy and
Pandas, in addition to model handling packages.

import pandas as pd

import numpy as np

from sklearn.model_selection import train_test_split, GridSearchCV
from sklearn.svm import SVC

from sklearn.naive bayes import GaussianNB

from sklearn.tree import DecisionTreeClassifier

from sklearn.linear_model import LogisticRegression

from sklearn.metrics import accuracy score, precision_score, recall_ score, fl_score
from sklearn.preprocessing import StandardScaler, LabelEncoder
import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, L5TM, GRU, Dropout

from tensorflow.keras.utils import to_categorical

Figure A.11: importing libraries

A.3.1.2 Data splitting

We divided the dataset into three subsets: one for training, one for validation, and
one for testing (train/val/test). This division was performed using the code presented in
Figure A.12. The LSTM and GRU divisions are shown in Figure 2 A.16

X_train, X_temp, y_train, y_temp = train_test split(X, y, test size=0.4, random_state=42)
X_val, X_test, y val, y test = train_test_split(X_temp, y_temp, test_size=8.5, random_state=42)

Figure A.12: Splitting datase

X_train = X_train.reshape((X_train.shape[®], 1, X_train.shape[1]))
X _val = X val.reshape({(X_val.shape[@], 1, X val.shape[1]))
X_test = X _test.reshape((X test.shape[@], 1, X _test.shape[1]))

Figure A.13: Splitting the Dataset for LSTM and GRU

A.3.1.3 Training model

The code below handles the training process of our different models.

Training the Naive Bayes (NB) classifier was achieved using the code shown in the
figure A.14.
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param_grid nb = {'var_smoothing': np.logspace(-9.5, =-8.5, 208)}
grid_nb = GridSearchCV(GaussianNB(), param_grid_nb, cv=5, scoring='accuracy', verbose=1)

Figure A.14: Naive Bayes Mode

We trained our Decision Tree (DT) model using the following snippet, as illustrated
in the figure A.15.

param_grid_dt = {'criterion': ['entropy'], 'max_depth': [15, 25, 35], 'min_samples_split': [5, 12], 'min_samples_leaf': [1,5]

grid_dt = GridSearchCV(DecisionTreeClassifier(random_state=42),param_grid_dt,cv=5,scoring='accuracy', verbose=1,n_jobs=-1)

Figure A.15: Decision Tree Mode

The Logistic Regression (LR) model was trained using the script highlighted in the
figure below.

param_grid = {'C': [@.81, 6.1, 1, 18, 180], 'kernel': ['linear', 'rbf', 'poly', 'sigmoid'],'gamma’: ['scale', "auto', ©.61, 8.1, 1]}
grid_search = GridSearchCV(SVC(), param_grid, cv=3, scoring='accuracy', n_jobs=-1)

Figure A.16: Logistic Regression Mode

To train the Support Vector Machine (SVM), we used the code shown below, as
illustrated in the figure A.17.

1r_classifier = LogisticRegression(max_iter=200, solver='liblinear', C=0.5, penalty='11")

Figure A.17: Support Vector Machine Mode

The LSTM-based model was trained using the script provided here, which is demon-
strated in the figure A.18.

1stm_model.fit(X_train, y_train_cat, epochs=58, batch_size=32, verbose=1, validation_data=(X_val, y_val cat))

Figure A.18: LSTM Mode

As illustrated in the figure A.19, the GRU model’s training process is handled by the
code block below.

gru_model.fit(X_train, y_train_cat, epochs=50, batch_size=16, verbose=1l, validation_data=(X_val, y_val_cat))

Figure A.19: GRU Mode

A.3.1.4 Test

Following the training of the various models, their performance was assessed on the
test dataset using several important statistical metrics, as shown in the figure below .

def evaluate after(name, y true, y pred):
acc = accuracy_score(y_true, y_pred)
prec = precision_score(y_true, y_pred, average='weighted', zero_diwvision=1)
rec = recall_score(y_true, y_pred, average='weighted')

f1 = f1_score(y_true, y_pred, average=z'weighted')

Figure A.20: Test step
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A.3.2 Interfaces

In the following, we present screenshots of the main graphical interfaces developed for
our application.

A.3.2.1 Get started page

This image shows the initial screen that appears when the application is launched for
the first time. It welcomes the user and gives a brief introduction to the app’s features
as a "Smart Soil Analyzer and Crop Guidance System”. It serves as a starting point to
guide the user through the next steps using the "Get Started” button.

498 1l = }(%'Ig N ¢

Spro

Smart Soil Analyzer and p

R

Get Started

Figure A.21: Get started interface
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A.3.2.2 Authentication pages

@l 390N ¢

Create an account

Enter your email

@ Enter your password ©®)

Login

Don't have an account? Sign up

Figure A.22: Login Interface

This figure displays the login screen, allowing existing users to access their accounts
by entering their email and password. It is designed for straightforward access to the
application’s personalized features.
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GD ull =33 ¢

Let's Get Started!

Creating your account is easy, and we promise
that your data is safe with us.

Enter your email

&] Enter your password

& Repeat your password

Creating Account

Figure A.23: Sign Up Interface

This image presents the sign-up interface, where new users can easily create an
account. It requires entering an email, setting a password, and confirming it, ensuring a
simple and secure registration process.

A.3.2.3 Input parameters interface

This figure shows the main input screen where users can enter soil and environmen-
tal parameters. This interface is essential for collecting the data required by the crop
recommendation engine.
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@@l N ¢

Enter the level of
your test

TEMPERATURE

RAINFALL SOIL MOISTURE

SOIL TYPE SUNLIGHT EXPOSURE

WIND SPEED CO2 CONCENTRATION

ORGANIC MATTER IRRIGATION
FREQUENCY

Figure A.24: Input interface for entering soil and environmental parameters.
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[ . 260 .0\ 0
SOIL TYPE (& anll = QJ#UGHT ExposuREZ®

WIND SPEED CO2 CONCENTRATION

ORGANIC MATTER IRRIGATION
FREQUENCY

CROP DENSITY PEST PRESSURE

FERTILIZER USAGE GROWTH STAGE

URBAN AREA WATER SOURCE TYPE
PROXIMITY

FROST RISK WATER USAGE
EFFICIENCY

Calculate Recommendation

Figure A.25: Screen for users to input soil test levels and environmental data.

A.3.2.4 Recommendation output page

This figure displays the final result provided by the application. After the user inputs
the parameters and clicks "Calculate Recommendation”, this screen shows the suitable
crop based on the analyzed data. An example result shown is ”"Suitable Crop: chickpeas”,
confirming the recommended plant for the given conditions.
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@ ull DN ¢

HUMIDITY

Figure A.26: An example of input parameters entered into the application.



80 Appendix A. ANNEX: Development Tools and Implementation

&) gl %98 N ¢ 16:28
WIND SPEED CO2 CONCENTRATION

400

FERTILIZER USAGE GROWTH STAGE

WATER SOURCE TYPE

Calculate Recommendation

V4 Suitable Crop : chickpea

Figure A.27: Output interface showing the recommended crop (”chickpeas”) based on
input data.

A.4 Conclusion

In this annex, we addressed various aspects of the development of our Al based soil
analysis system. We provided a detailed description of the tools used and the imple-
mentation steps of the system, starting from data preparation and library importation
to model construction, training, and evaluation. Additionally, we included code snippets
from our Python implementation to illustrate key components in the development of
the crop recommendation system, which relies on soil characteristics and leverages both
traditional machine learning and deep learning techniques.
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