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Abstract

The agricultural sector constantly seeks to strengthen and develop its systems. As
with other sectors, the agricultural sector has recently, like all sectors, relied on ar-
tiClcial intelligence technologies to process agricultural data, to achieve high-quality
crop production. In regions as diverse as Europe, North America, and East Asia,
deep learning techniques have been used to detect plant diseases, determine their
causes, and even predict crop yields in speci_ic seasons. This research is concerned
with applying these techniques in the desert environment because they are com-
pletely dillerent in terms of infertile soil quality, drought, high water salinity, ex-
treme temperatures, etc. We propose to use previously developed models based on
convolutional neural networks to solve the problem of the degree of progression of
potato leaf disease. Our focus is to create an application to identify and classify
potato leaf diseases using a dataset specially collected from a local desert envi-
ronment. abstract environment. Desert agriculture, Potato leaf diseases, ArtilIcial
intelligence technologies, Deep Learning, CNNs

key words : Desert agriculture ,Potato leaf diseases ,Atrtificial intelligence
deep learning.CNNs
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Chapter 1

General introduction

1.1 Background & Motivation

Farming is an essential activity it has played a crucial role in the development and
growth of human civilization,agriculture has spread throughout the world and has
become increasingly popular due to its significance in providing food security for
people [1]. In recent years, there has been a significant shift towards the integration
of technology in agriculture, with the introduction of artificial intelligence (AI) being
one of the most notable advancements. These imaging devices have become crucial
tools for farmers, allowing them to collect data. The data collected can then be
analyzed by Al algorithms to provide insights and recommendations on the best
course of action for improving crop yields and preventing disease outbreaks.

AT algorithms can analyze large amounts of data in a short amount of time, enabling

farmers to make informed decisions quickly.

1.2 Research problems & challenges

The importance of agriculture cannot be understated. It is an essential sector that
provides food and other basic necessities to the world’s population. However, agri-
cultural diseases pose a significant threat to this sector. Unfortunately, some farmers

remain ignorant of the existence of these diseases, leading to the destruction of crops.
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Moreover, agricultural diseases can spread rapidly, making it crucial for farmers to
identify and manage them in their early stages. The lack of specialization in agri-
culture by some farmers can further exacerbate this issue, as they may not have
the necessary knowledge and skills to detect and manage agricultural diseases. As
a result, these farmers may only notice the existence of the disease after it has
spread significantly, leading to a significant loss of crops and revenue. Therefore,
it is imperative for farmers to be aware of the common agricultural diseases and
their symptoms and take proactive measures to manage them before they can cause

significant damage.

1.3 Research Questions

The problems and difficulties that we mentioned earlier dictated to us the following

questions:

Q1 Is it possible to provide a program that helps the farmer to detect diseases

early?
(>: Can we access a program that gives high quality results?

Q3: Is it possible to provide a program that accepts all kinds of images in all their

forms?

()4: Can we collect data that will help us in the study?

1.4 Objectives

The aim of this project is to develop a system that helps farmers detect agricultural
diseases and give them accurate treatment procedures. The following features must

be included in such a system:
Obj;1: The system must recognize all plant varieties.

Objs: The system accepts all types of images in any format.



Objsz: In the event of a disease of a particular plant, the system gives a set of recom-

mendations for its treatment.

1.5 Scope and Limitations

The scope of the study is to develop an artificial intelligence system for plant disease
detection. However, there are several limitations that may affect the study results.
First, there are two summer and winter potato crops and a lack of data available for
study, which may make it difficult to train the Al system accurately. In addition,
collecting data from remote areas can be difficult, limiting the amount of data that
can be collected. The imaging device used to collect data may not be the most
powerful, which may result in lower-quality images that are more difficult to analyze.
Furthermore, there are plants that have not yet been cultivated because they are
not in their growing season, and this reason limits the amount of data that can be
collected on only certain species. Finally, the computer used to process the images
may not be powerful enough to handle the amount of data required for accurate
analysis. These limitations should be taken into account when interpreting study

results

1.6 Research structure
The structure of this research is as follows:

e Chapter 1: Literature Review In this chapter, we will discuss the defini-
tion of artificial intelligence and its applications, focusing on its relevance to
agriculture. We will also explore the challenges and opportunities in desert
agriculture and provide examples of research conducted on artificial intelli-
gence in this field. and comprehensive overview of artificial intelligence tech-
niques and tools.And give a comprehensive overview of them Use and explain

its concepts.



e Chapter 2: The proposed approach and methodology This chapter
presents an extensive study on the application of artificial intelligence in the
agricultural sector in the Sahara region. It specifically identifies the artificial

intelligence techniques used in the case study.

e Chapter 3: Results and discussionThis chapter presents Results obtained
from implementing artificial intelligence and a comprehensive procedure Ana-
lyze these results and provide a comprehensive picture of the environment for

implementing this work

e Chapter 5: Conclusion and Future Vision In the final chapter, we con-
clude the thesis by summarizing the key findings and implications. We also
provide a clear delineation of the research boundaries and offer a vision for

future advancements in this area.



Chapter 2

Literature Review

2.1 General Introduction

In this chapter, we wanted to emphasize and deepen our consideration of artificial
intelligence and its applications, focusing on its many uses in agriculture, whatever
it may be, especially desert ones. By understanding the applications, challenges
and opportunities, as well as building on previous research, we aim to pave the way
for new approaches and strategies that harness the power of artificial intelligence to

overcome the obstacles of desert agriculture.

2.2 Research Design

In this section, we will delve into a comprehensive elucidation of our research design
phase, illustrated in Figure ?7. Our primary objective is to create a system that
utilizes machine learning techniques for the purpose of classifying a collection of

plant leaf images. We will now outline the process in detail.

2.3 The concept of artificial intelligence

Artificial intelligence (Al) is a rapidly evolving field of computer science that involves

creating machines and computer systems that can perform tasks that typically re-

b}



quire human intelligence, such as understanding natural language, recognizing im-
ages and speech, making decisions, and learning from experience. Al has the poten-
tial to revolutionize many aspects of human life, from healthcare to transportation
to entertainment. The concept of artificial intelligence dates back to the mid-20th
century, when computer scientists began to develop algorithms and techniques for
simulating human intelligence. Early Al systems were designed to perform simple
tasks, such as playing chess or solving mathematical problems. However, in recent
years, the development of machine learning algorithms and the explosion of data
available to train them has enabled Al to perform more complex tasks, such as

natural language processing and computer vision [2].

2.4 Artificial intelligence applications

Artificial Intelligence is a term in the form of neural networks and specialized sys-
tems, which has wide-ranging uses. It is used in almost all human fields. What
proves her high heels is her high accuracy in work. Expert robot systems already
exist Taking on shop-level jobs in large industries, which has greatly marginalized
the human factor. In addition, for example, financial brokerage companies use artifi-
cial intelligence to analyze data, conduct investment analyzes and buy or sell stocks
without any human intervention. We also provide below some examples of artificial

intelligence applications [2].

e Precision agriculture: Optimises agricultural production through the anal-
ysis of climate data, crop monitoring, efficient irrigation water management
and early detection of plant diseases. In this way, measures against pests can

be implemented before it is too late, for example[3].

e Machine translation: Allows the translation of text or voice from one lan-
guage to another automatically and quickly. It is used in online translators,
mobile applications, content translation or in global human-to-human commu-

nication. Although its quality and accuracy have improved, nuances, localisms



and cultural context require the concurrence of human translators[4].

Industrial automation and robotics: Used to convert certain industrial
processes into automated activities, thereby improving manufacturing effi-
ciency. Robots and autonomous systems use Al algorithms to execute complex
tasks efficiently and safely. They are used, for example, in manufacturing and
assembly tasks. On the other hand, automation is also common in preventive
maintenance of plant and machinery, process control, logistics and inventory

management.[5].

Healthcare AI has the potential to revolutionize healthcare by providing
faster and more accurate diagnoses, identifying patterns in medical data that
can lead to new treatments, and providing personalized care to patients. For
example, Al algorithms can analyze medical images to detect cancerous tumors

or identify abnormal patterns in brain scans that may indicate a neurological

disorder [6].

Video Games artificial intelligence (Al) is used to generate responsive, adap-
tive or intelligent behaviors primarily in non-playable characters (NPCs) sim-
ilar to human-like intelligence. Artificial intelligence has been an integral part
of video games since their inception in the 1950s.[1] AT in video games is a
distinct subfield and differs from academic Al. It serves to improve the game-
player experience rather than machine learning or decision making. During
the golden age of arcade video games the idea of Al opponents was largely
popularized in the form of graduated difficulty levels, distinct movement pat-
terns, and in-game events dependent on the player’s input. Modern games
often implement existing techniques such as pathfinding and decision trees to
guide the actions of NPCs. Al is often used in mechanisms which are not
immediately visible to the user, such as data mining and procedural-content
generation[7]. There are many applications for Al in manufacturing as in-

dustrial IoT and smart factories generate large amounts of data daily. Al in
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manufacturing is the use of machine learning (ML) solutions and deep learn-
ing neural networks to optimize manufacturing processes with improved data

analysis and decision-making.

e Manufacturing A commonly cited Al use case in manufacturing is predictive
maintenance. By applying Al to manufacturing data, companies can better
predict and prevent machine failure. This in turn reduces expensive downtime
in manufacturing processes. Al in manufacturing has many other potential
uses and benefits, such as improved demand forecasting and reduced waste
of raw materials. Al and manufacturing have a natural relationship since
industrial manufacturing settings already require people and machines to work

closely together[8].

2.4.1 Applications of Al in Agriculture

According to agricultural organization, the world population is increasing at a very
fast rate. With increasing population, the need for food also increases briskly. Due
to this context, we need to use various technological solutions to make farming more
convenient and efficient. These latest technologies comprise of Artificial Intelligence,
Machine Learning and Deep Learning. Artificial Intelligence technology is support-
ing numerous sectors of agriculture to boost the productivity and efficiency.In this
title, we will explore some of the applications of artificial intelligence in agriculture,

including how it is currently used and its potential in the future[7].

e Monitoring crop and soil: Monitoring crop and soil quality is essential for
ensuring food security and maintaining a healthy economy. Reliable and timely
information on the status of crops and soil is crucial for decision-making in
improving crop production. Efficient monitoring can identify potential defects
and nutrient deficiencies in the soil and crop, and thus, play a crucial role in
crop production. Recent research shows that companies are adopting computer

vision and deep learning algorithms to process data collected by drones for



crop and soil monitoring. Agricultural apps such as Farm at Hand and Xarvio
utilize computer vision to analyze crop health. Farm at Hand focuses on
crop yields and enables farmers to track the progress of tasks like planting,
spraying, and harvesting. The app utilizes computer vision algorithms to
highlight individual fields, and the user can set seasonal plans for the different
fields or view reports for a specific field. Xarvio is a scouting app that allows
users to take images of crops and identify potential threats to crop health,
such as diseases, pests, and weeds. This app can be particularly useful in

identifying diseases that are region-specific and not well-documented [9].

Agricultural Robots: As the world population continues to grow, the agri-
cultural industry will face challenges in meeting the increasing demand for
food. One of the biggest challenges will be the shortage of labor in many
countries. To address this issue, agricultural machinery needs to be more ef-
ficient, cost-effective, and advantageous. Robotics has been integrated into
various aspects of agriculture, including aerial imaging, autonomous naviga-
tion, indoor harvesting, fruit harvesting, spraying and weeding, and plant
diagnosis. For example, drones provide real-time high-quality imaging to help
identify and monitor crops, assess their progress, and determine when they
are ready for harvesting. Driver-less tractors offer precision and safety, while
harvesting robots use machine vision to identify ripe fruits and harvest them
efficiently. Blue River Technology helps to reduce the use of herbicides and
chemicals by precisely identifying and spraying only the regions where weeds
are present [10]. Additionally, the Plantix app uses Al to provide farmers and
gardeners with information about crop diseases, pest infestations, and nutri-
ent deficiencies by uploading a picture of the crop [11]. These advancements
in agricultural robotics not only address the labor shortage but also improve

crop yields and reduce costs [9].

Automated Crop Irrigation System: Al-based software could analyze soil

moisture levels and predict upcoming rainfall, adjusting irrigation accordingly



to give crops the water they need. It conserves water and ensures that crops are
neither overwatered nor underwatered, promoting healthier growth and higher
yields. Such intelligent irrigation systems greatly improve water use efficiency,
a critical factor in sustainable agricultural practices. Imagine a vineyard with
an Al-based irrigation system. It constantly monitors soil moisture and pre-
dicts weather patterns. The system can then automatically adjust the amount
of water delivered to each vine. Each plant gets exactly the amount it needs

for optimal growth. [12].

Yield Prediction: The use of artificial intelligence and internet of things
technologies in agriculture has enabled farmers to increase crop productivity
and make informed decisions about crop cost estimation and marketing strate-
gies. Crop yield prediction, based on empirical statistical models and data
analytics techniques, helps to forecast crop yields on an operational basis and
predict unknown patterns or insights. Two models used for crop yield estima-
tion are Support Vector Machines (SVM) and Linear square support vector
machine (LS-SVM). The implementation of descriptive analytics in agricul-
ture has led to profitable farming and enabled farmers to equip healthy and

well-nutritional foods without any loss of grains [7].

2.4.2 Challenges and Opportunities in Saharan Agriculture

While all businesses and projects face challenges and difficulties, desert agriculture

must also have its share of challenges and obstacles, as we realize that the region is

characterized by harsh climatic conditions, including sharply high and scarce tem-

peratures and lack of rainfall, or as we say. The semi-dryness that the soil suffers

from. But through science and the development of studies, there are innovative tech-

nologies that can overcome these challenges and create opportunities for sustainable

agricultural production in the region.
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Challenges:

While we are talking about desert agriculture, we must mention some of the chal-

lenges and difficulties. As shown in the table below:

Table 2.1: Challenges for developing agriculture in the Sahara Desert.

Challenges the explanation

Soil desiccation | The soil in the Sahara desert is generally low in nu-
trients and organic matter, which can limit crop growth
and productivity. Moreover, wind and water erosion can
reduce soil quality and make it more difficult to main-

tain fertile soil [13].

Extreme  tem- | The Sahara desert is known for its extreme tempera-
peratures tures, with daytime temperatures reaching up to 50°C,
and nighttime temperatures dropping to as low as 5°C.
These temperature extremes can stress crops and lead

to reduced yields [14].

Water Scarcity | Agriculture in the Sahara desert faces the challenge of
water scarcity, which is the most important factor lim-
iting crop growth. Water resources in the region are

limited and unevenly distributed, making it difficult for

farmers to irrigate their crops adequately [15].

Opportunities:

Despite these challenges, there are opportunities to develop sustainable agriculture

in the Sahara Desert, as shown in the table below:

11



Table 2.2: Opportunities for developing agriculture in the Sahara Desert.

Opportunities | the explanation

Diversification Agriculture in the Sahara desert can benefit from di-
versification of crops and livestock. Farmers can ex-
plore growing different types of crops, such as drought-
resistant varieties, to reduce their dependence on a single

crop and increase resilience.[16]

Technological With advancements in technology, farmers in the Sa-
advancements hara desert can benefit from improved irrigation sys-
tems, efficient water management techniques, and pre-
cision farming practices. These technologies can help

maximize crop yields and minimize water use [17].

Renewable en- | The Sahara desert has abundant solar and wind re-
ergy sources, which can be used to power irrigation systems
and other agricultural infrastructure. The use of renew-
able energy can help reduce the reliance on fossil fuels

and promote sustainable agriculture.[18].

High-value crops | The arid conditions of the Sahara desert can be favorable
for growing certain high-value crops such as date palms,

olives, and almonds [19]. These crops can provide a good

source of income for farmers in the region.

2.4.3 Previous Studies on Al in Saharan Agriculture

Recent studies have demonstrated the potential of artificial intelligence (Al) to en-
hance agricultural practices, including in desert regions. Some examples of research

on Al in desert agriculture include:
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Table 2.3:

Previous Studies on AI in Saharan Agriculture.

scientific Research the Objectif of research
researcher |Method
Anandhavalli Machine Learn-|Its goal is to produce food due to population

Muniasamy [20]

ing for Smart

Farming

growth, scarcity of natural resources, climate
change, and the need for timely and useful
agricultural data to develop strong strategies

and practical decisions.,

The article Mu-

pangwa [21]

Evaluating ma-
chine learning
algorithms  for

predicting maize

To focus on corn production forecasting Dif-
ferent agricultural systems for grid-based
and reduced conservation agriculture. Focus

on studying to explore Using learning tech-

yield. niques to accurately predict corn products
and determine the algorithm Corn is pro-
duced better than others. .
The article by|Deep Learning|To determine the start accurately and in al-
Foyez ~ Ahmed|for Monitoring|most real time Drought severity in South
and Jiahua| Agricultural. Asia.  Explaining the challenges associ-
Zhang [22] ated with monitoring drought conditions us-
ing traditional meteorological devices Logical
monitoring and remote sensing methods..
Rubby Machine Learn-|To improve performance Resource Utiliza-
Aworka [23] ing models for|tion and Increasing Crop Yield They pro-

yield prediction.

posed using Machine Learning models to pre-
dict crop productivity in East Africa coun-

tries..
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2.5 Al Techniques and Tools

Artificial intelligence (Al) includes a set of technologies and tools that enable ma-
chines to perform tasks that would normally require human intelligence. These
technologies include machine learning and deep learning. It also provides tools such
as the Python libraries, OpenCV, TensorFlow, and Keras to give developers the

tools they need to build and deploy Al applications.

2.5.1 Machine learning

Machine learning is a subfield of artificial intelligence that involves the development
of algorithms and statistical models that enable computer systems to learn and im-
prove from experience without being explicitly programmed. It is based on the idea
that computers can be trained to recognize patterns in data, and then use those
patterns to make decisions or predictions about new data. The goal of machine
learning is to develop systems that can automatically learn from data and improve
their performance over time, without the need for human intervention. It has ap-
plications in a wide range of fields, including image recognition, natural language

processing, and predictive analytics [24].

14



Meaningful
Compression

Structure Image

N ) N Customer Retention
Discovery Classification

Bigdca Dimensionality Feature Idenity Fraud

i . Classification Diagnostics
Visualistaion Reduction Elicitation Detection &

Advertising Popularity
Prediction

Learning Learning Weather

M ac h i n e Population

Growth
Prediction

Recommender Unsupervised Supervised

Systems

Clustering

Targetted

Marketing Markec

Forecasting

Customer

Segmentation Lea rn i ng

Estimating
life expectancy

Real-time decisions

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks

Figure 2.1: Types of machine learning and its algorithms.

2.5.2 Types of machine learning

There are three main types of machine learning as depicted in Figure 2.1: supervised

learning, unsupervised learning, and reinforcement learning [25].

1. Supervised Learning: Supervised learning is a type of machine learning

where the algorithm learns from labeled data. This means that the desired

output for each input is already known, and the algorithm learns to map inputs

to outputs. The algorithm uses this labeled data to find a pattern that it can

use to predict outputs for new inputs. There are two main types of supervised

learning: regression and classification. In regression, the algorithm predicts a

continuous value, such as the price of a house or the temperature in a city.

In classification, the algorithm predicts a discrete value, such as whether an

email is spam or not [26].

2. Unsupervised Learning: Unsupervised learning involves the machine re-

ceiving inputs x1, x2,... without any supervised target outputs or rewards

from its environment. It may seem perplexing to imagine how the machine

could learn without any feedback, but a formal framework for unsupervised
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learning can be developed. The goal of the machine is to build representations
of the input that can be used for decision making, predicting future inputs,
or efficiently communicating with another machine. Essentially, unsupervised
learning finds patterns in the data beyond what would be considered pure
unstructured noise. Clustering and dimensionality reduction are two classic

examples of unsupervised learning [27].

3. Reinforcement Learning: Reinforcement learning is a type of machine
learning where the algorithm learns from trial and error. The algorithm in-
teracts with an environment and receives feedback in the form of rewards or
punishments. The goal is to learn a policy that maximizes the expected re-
ward over time. Reinforcement learning is often used for tasks such as game
playing, robotics, and autonomous driving. The algorithm learns to make

decisions based on the feedback it receives from the environment [28].

2.5.3 Machine learning algorithms

There are many types of machine learning algorithms, each with its strengths and
weaknesses. Some popular algorithms include decision trees, support vector ma-

chines, neural networks, and random forests.

1. Decision tree: A decision tree is a supervised learning algorithm used for
both classification and regression tasks. It is a type of model that uses a tree-
like structure to make decisions about the class or value of a target variable
based on input features. The tree structure consists of nodes, branches, and
leaves. Each node represents a feature or attribute, and each branch represents
a possible value or decision based on that feature. The leaves of the tree
represent the predicted class or value of the target variable as depicted in
Figure 2.2 [29]. The decision tree algorithm works by recursively partitioning
the data based on the features that best separate the classes or values of the
target variable. At each split, the algorithm chooses the feature that results

in the highest information gain [29]

16



P

Decision
Node

N

r'e S

Leaf Node Leaf Node
label 1 label 2
Figure 2.2:

2. Support Vector Machine (SVM): Support Vector Machine (SVM) is a
type of supervised machine learning algorithm used for classification and re-
gression analysis. SVMs are based on the idea of finding a hyperplane that best
separates data points of different classes. In a binary classification problem,
the SVM algorithm tries to find the hyperplane that maximizes the margin
between the two classes. The margin is the distance between the hyperplane
and the closest data points from each class, and the SVM tries to find the
hyperplane that maximizes this distance as depicted in Figure 2.3 [30]. In
cases where the data is not linearly separable, the SVM algorithm can use a

kernel function to map the data to a higher-dimensional space where it can be
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general form of a decision tree.

separated by a hyperplane [31].
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Figure 2.3: Support Vector Machine (SVM) Algorithm.

3. Neural Networks: A neural network is a type of machine learning algorithm
modeled after the structure and function of the human brain. It consists of
layers of interconnected nodes, called neurons, that process information and
make decisions based on that information. Each neuron in a neural network
receives input from other neurons, and applies a mathematical function to
that input in order to produce an output. The output from one neuron serves
as the input to the next neuron in the network, and so on, until the final
output of the network is produced, as depicted in Figure 2.4 [32] . Neural
networks can be trained to recognize patterns and make predictions based
on input data. During training, the weights and biases of the neurons in the
network are adjusted in order to minimize the difference between the network’s
predicted output and the desired output. This process is repeated many times,
using a large amount of training data, until the network’s predictions become

sufficiently accurate [33].
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Figure 2.4: Simple neural network architecture.

2.5.4 Applications of machine learning

Machine learning has a wide range of applications in fields such as natural lan-
guage processing, computer vision, speech recognition, recommendation systems,

and many others. Some examples of machine learning applications include:
e Crop yield prediction.

e Recognizing faces in images.

Generating captions for images.

Translating text from one language to another.

Recommending products to customers based on their purchase history.

Machine learning is a powerful tool that can be used to solve complex problems and

make predictions in a wide range of industries.

2.5.5 Deep learning

Deep learning is a subfield of machine learning that uses neural networks with mul-

tiple layers to learn representations of data. It is called ”"deep” learning because the
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neural network has many layers, often ranging from tens to hundreds or even thou-
sands of layers. Deep learning has revolutionized the field of artificial intelligence
by enabling machines to perform complex tasks that were previously impossible or
required a great deal of human effort. Deep learning models have achieved state-of-
the-art performance in many areas such as image recognition, speech recognition,
natural language processing, and game playing. Deep learning algorithms work by
iteratively adjusting the weights and biases of the network based on the input data
and the desired output. This process, allows the network to learn from the data
and improve its performance over time. One of the advantages of deep learning is
that it can automatically learn features from raw data, without the need for human
engineering. This is in contrast to traditional machine learning approaches, which
require manual feature engineering .As illustrated in Figure(2.5) [34].Deep learn-
ing has also benefited from advances in computing power and the availability of

large amounts of data, which have made it possible to train very large and complex

models|[35].

Machine Learning

& i — S - [l

Input Feature extraction Classification Output

Deep Learning

G — st - |

Input Feature extraction « Classification Output

Figure 2.5: Comparison between machine learning and deep learning classification

It’s important to acknowledge that deep learning comprises a vast array of algo-
rithms, each serving a specific purpose in the learning process, with their individual
strengths and weaknesses. we have chosen to focus our explanation on Convolu-

tional Neural Networks (CNNs). This selection does not diminish the value of other
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algorithms but rather serves to simplify our discussion and align with the primary

focus of our research.

1. Convolutional Neural Network (CNN):

Input

Image Softmax
/ Pooling
Pooling
(=9 s
7
4 Full
/// Convolution
" Convolution+Relu

Convolution+Relu Full Convolution +Relu

Figure 2.6: Convolutional Neural Network Architecture.

A CNN is a type of artificial neural network commonly used in image recog-
nition and computer vision tasks. It is inspired by the way the human visual
system processes information, with layers of neurons that gradually learn to
recognize more complex patterns in the data. At a high level, a CNN works
by taking an input image and passing it through a series of convolutional lay-
ers, pooling layers, and fully connected layers. In the convolutional layers,
the network applies a set of filters to the input image, looking for patterns or
features that are relevant to the task at hand (e.g. edges, corners, shapes).
The output of the convolutional layers is a set of ”feature maps,” which are fed
into the pooling layers to reduce the spatial resolution of the feature maps and
make the network more robust to variations in the input image. Finally, the
fully connected layers take the output of the pooling layers and use it to make
a prediction about the image, As illustrated in Figure(2.6) (e.g. ”this image
contains a dog”) [36]. One of the key benefits of CNNs is that they are able to

learn features automatically from the data, rather than relying on hand-crafted
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feature extractors. This makes them highly effective for tasks such as object
recognition, where the relevant features may be highly complex and difficult
to define manually. Overall. CNNs have achieved state-of-the-art performance
in a wide range of computer vision tasks, including image classification, object
detection, and image segmentation. They have also been used in other fields,
such as natural language processing and speech recognition.and they continue
to be an active area of research in the machine learning community [37]. CNN

has a distinct operation for each layer, which is briefly summarized as follows:

(a) Convolutional Layers: A convolutional layer is a key building block in
a convolutional neural network (CNN). The purpose of the convolutional
layer is to extract meaningful features from the input data (usually an
image). This is done by convolving the input data with a set of filters,
also known as kernels. Each filter scans the input data and detects a spe-
cific pattern or feature, such as an edge or a corner. By applying multiple
filters, the convolutional layer is able to extract a variety of features from

the input data[38], As illustrated in Figure(2.7) [7].

Convolutional Neural Networks

............................................................

C2: feature map
(16x) 10x10

C1: feature map
(6x) 28x28 S1: feature map
(6x) 14x14

.
output layer s
N categories :

S2: feature map
(16x) 5x5

..................................

Figure 2.7: Feature Map computation by Convolution Layer.

(b) Pooling Layers: Pooling layers are typically used in conjunction with

convolutional layers in a CNN. The purpose of the pooling layer is to
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downsample the feature maps produced by the convolutional layer, in
order to reduce the dimensionality of the data and make the network
more computationally efficient. Pooling is typically done by taking the
maximum or average value over a local region of the feature map, As
illustrated in Figure(2.7) [39]. This has the effect of retaining the most
important information from the feature map while discarding some of the

spatial information [40].

Rectified feature map

) {
L/ |23 Pooled feature map

max pooling with stride2
and filters 2 x 2

Max(7,2,4,1) =7

Figure 2.8: Max Pooling operation with 2x2 Filter and Stride value 2.

(c) Fully Connected Layers: A fully connected layer is a type of layer
in a neural network where every neuron in the layer is connected to ev-
ery neuron in the previous layer. In a CNN, the fully connected layers
are typically used at the end of the network to make a prediction about
the input data. The output of the last pooling layer is flattened into a
one-dimensional vector and fed into one or more fully connected layers,
As illustrated in Figure(2.7) [41]. These layers typically use a non-linear
activation function, such as ReLLU or sigmoid, to introduce non-linearity
into the network. Finally, the output of the last fully connected layer is
passed through a softmax function to produce a probability distribution

over the different classes in the classification task [42].
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Figure 2.9: Flatten operation converting feature matrix into 1-D vector input.

e Python: Is a widely-used high-level programming language with a simple but
powerful syntax and efficient data structures. Created by Guido van Rossum
in the late 1980s [43], Python is popular for its readability, ease of use, and in-
terpretive nature, allowing for faster development cycles. Its standard library
includes modules for a variety of tasks, and its community support has led to
the development of numerous libraries and frameworks for extending Python’s
functionality. Python is particularly well-suited for artificial intelligence and
machine learning applications, with popular libraries such as TensorFlow, Py-
Torch, and Keras. Its flexibility and ease of use also make it popular in other

areas of Al, such as natural language processing, robotics, and computer vision

[44].

e TensorFlow: Is a free and open-source software library for dataflow and differ-
entiable programming across a range of tasks. It is a popular machine learning
framework developed by the Google Brain team and is widely used for building
deep learning models [45]. TensorFlow provides an extensive set of tools and
libraries for building and training machine learning models. These tools in-
clude a wide range of pre-built models and algorithms, as well as tools for data

preprocessing, model evaluation, and deployment. TensorFlow also provides
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support for distributed computing, allowing users to scale up their computa-
tions across multiple machines to speed up the training process.it is highly
scalable, which makes it suitable for both small and large-scale machine learn-
ing projects.[46] The core of TensorFlow is a computational graph, which is a
series of operations arranged in a directed acyclic graph. This graph represents
the mathematical operations involved in the model, where the nodes represent
mathematical operations and the edges represent the data that flows between
them. and the TensorFlow runtime executes these operations efficiently on
different devices [47]. Overall, TensorFlow is a powerful tool for building
and training deep learning models, and its popularity and community support

make it an excellent choice for machine learning practitioners.

OpenCV: (Open Source Computer Vision) is a library of programming func-
tions mainly aimed at real-time computer vision. It is open source and free
for both academic and commercial use. OpenCV was originally developed by
Intel in 1999 and is now maintained by the OpenCV community. The OpenCV
library has more than 2500 optimized computer vision algorithms, including
image and video loading and saving, image filtering, feature detection, object
detection and recognition, camera calibration, and many more. It supports
various programming languages such as C++, Python, Java, and MATLAB.
OpenCV has a large and active user community, and it is widely used in in-
dustries such as robotics, automotive, healthcare, and security, as well as in
academic research. It can be used to solve a wide range of computer vision
problems,; from basic tasks such as face detection and object tracking to more

advanced applications such as 3D reconstruction and augmented reality [48].

Keras : Is an open-source deep learning library written in Python that allows
developers to easily build and train neural networks. It was developed by
Francois Chollet and was released in 2015. Keras provides a high-level API that
abstracts away many of the implementation details of building and training

neural networks, making it easier for developers to focus on the design and
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architecture of their models [49]. Keras can run on top of various backend
engines such as TensorFlow, Theano, and CNTK. It supports a wide range of
neural network architectures, including convolutional neural networks (CNNs),
recurrent neural networks (RNNs), and combinations of both. Keras also
provides a range of tools for data preprocessing and augmentation, model
evaluation, and visualization [49]. Keras has become a popular choice for
building deep learning models due to its ease of use and versatility. Its high-
level API allows developers to quickly prototype and iterate on their models,
while its modular design makes it easy to customize and extend to meet specific

requirements [50].

2.5.6 Implementation Framework

Implementing Al in Saharan agriculture requires a comprehensive framework that
takes into account the specific needs and challenges of the region. Here are some

components that could be included in such a framework:

1. Data collection and analysis: The first step in implementing Al in Saharan
agriculture is to collect data on the region’s climate, soil, and other relevant
factors. This data can then be analyzed to identify patterns and trends that

can inform agricultural practices.

2. Al algorithms and models: Once the data has been collected and ana-
lyzed, Al algorithms and models can be developed to provide insights and
recommendations for farmers. These algorithms and models can take into ac-
count factors such as weather patterns, soil conditions, and crop yields to help

farmers make better decisions.

3. IoT devices: The use of IoT devices such as sensors and drones can provide
real-time data on weather conditions, soil moisture levels, and crop health.
This data can be used to inform Al algorithms and models, as well as provide

farmers with actionable information.
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4. Mobile applications: Mobile applications can be developed to provide farm-
ers with access to Al-powered insights and recommendations. These applica-
tions can also provide farmers with real-time alerts and notifications based on

data collected by IoT devices.

5. Training and education: It is important to provide training and education
to farmers on how to use Al-powered tools and technologies. This can include
workshops, webinars, and other forms of training to ensure that farmers are

able to make the most of these tools.

6. Stakeholder collaboration: Collaboration between farmers, agricultural ex-
perts, researchers, and policymakers is essential for the successful implementa-
tion of Al in Saharan agriculture. This collaboration can help ensure that the
needs of all stakeholders are taken into account and that the implementation

of Al is aligned with broader agricultural goals.

Overall, the framework for implementing Al in Saharan agriculture should be tai-
lored to the specific needs and challenges of the region. By taking into account the
unique characteristics of the region, such a framework can help improve agricultural

practices and increase yields in a sustainable manner.
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2.6 Conclusion

It is clear from this chapter that the intersection of artificial intelligence with modern
agricultural problems generates an intelligent approach capable of exploiting data
sets that arise from tracking agricultural and agricultural crops and even livestock.
An approach that provides a qualified learning and testing model to give accurate
results for validation metrics. One of the basic techniques of artificial intelligence
is for prediction and classification. It can be interfaced with supervised machine
learning classifiers by applying it to a set of data that can produce a model that
can be applied to similar agricultural crops to give accurate classification results or
detect diseases in agricultural products. Below we present and detail the hypothesis
of the general structure of this smart curriculum to give an available picture of the

basic levels of the curriculum structure and how to apply it.
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Chapter 3

The proposed approach and
methodology

Case Study: Implementing artificial intelligence in

potato cultivation in desert areas

3.1 Introduction

This chapter is followed by the chapter that includes how, methods and what is the
use of artificial intelligence in the agricultural sector in the desert region. It includes
a thorough and careful study of the area designated below, where there is detailed
information on the contributed data and digital processing of artificial intelligence.
In addition, identifying the traditional smart techniques used in studying this case.
We must also present the results from the implementation of artificial intelligence,
and they must be subject to accurate analysis. Furthermore, it explores and explains

the implications of these findings them in the context of the research questions posed.
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3.2 Description of the Study Area

We can say that agriculture is a vital activity that has allowed us to build thriving
communities and feed ourselves. It has spread in all regions with fertile climate and
lands that produce abundant produce of excellent quality. Despite the challenges
of harsh environments such as the Sahara Desert, science must have a solution and
techniques. In this project, we focus on desert agriculture in Africa, specifically in
Algeria, Oued Province, where its location is shown on the map. Figure 77 It aims
to use artificial intelligence to develop innovative solutions that will improve the

productivity and sustainability of desert agriculture.

Figure 3.1: Map of (Oued Souf Algeria.

3.2.1 Data Collection and Proposed method and Prepro-

cessing

The title provides details of the data collection Proposed method and related pre-

processing.
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3.2.2 Data Collection

Collecting the required amount is the basis for the success of artificial intelligence,
due to the accuracy of personal data results. High-quality data is the engine that
drives ATl algorithms, enabling them to identify all the looks and trends, make predic-
tions, and drive value insights. By collecting relevant and accurately representative
data, organizations can lay the foundation for robust Al systems that deliver en-
hanced performance. Data collection allows for acquiring real-world information,
empowering Al models to learn from diverse scenarios and adapt to changing cir-
cumstances.

It provides the raw material from which Al algorithms can derive meaningful in-
sights, uncover hidden patterns, and make informed decisions. Ultimately, data
collection is the crucial first step toward building AI systems that can drive in-
novation, optimize processes, and deliver trans-formative outcomes across various

domains and industries [51].

e The most important information and tools for data collection

1. Place: Five farms, depending on the location, are spread across the

municipalities of Hassani-Abd-ELKrim and Debila, Oued Souf, Algeria
2. The date of data collection:
— MARS 2024
3. Imaging devices:

— poco X3 pro
— Realme X50

— Honor x9a

4. The number of images collected:
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Table 3.1: Data Partition Numbers.

Samples Number of Data
Potato_healthy of 444 images
Late infection potatoes 294 images
Early infection potatoes 777 images
total 1515 images

5. Image file size: 38 MO.

3.2.3 Proposed method

The general structure of the proposed approach is illustrated in Figure 3.2. The
initial step is to prepare a dataset to feed the deep learning algorithm as input.
The plant leaf disease dataset includes different disease images and their labels
as directories. Pre-processing is performed to improve the quality of extracting
the needed segments or features from the input images. Different operations can
be performed for images like rescaling and resizing. Pre-processing operations are
important since they can affect the model’s classification performance directly. Af-
terward, the dataset is divided into training, validation, and testing sets. The next
step is the training process in which the inputs are fed to the CNN architecture and
trained to evaluate a set of weights that will result in a prediction with the trained
labels. After that, the performance of the model is evaluated according to various
criteria such as accuracy, precision, recall, and f-score. Finally, the class label of the
given test image is obtained as an output from the deep learning model which is

evaluated with the achieved probability scores for each label.

32



Input ) ‘ ; Training

0000 | A
: \‘; b
» v _—— A
" Preprocessing ‘ g;:\ - i O
Data Selection |2 g = 2 O/
Data Cleaning \ )
. Data Transformation, . Deep Learning Model
+ ‘ o 4
Data Split | Testing / Disease Detection
i Training Set Healthy
| Validation Set ACCL{’?CV
| Test Set ——ry Precision ) .
. Recall Early Blight
F-Score . Late Blight Q
Figure 3.2: The proposed method: an overview of the general structure.

3.2.4 Pre-processing

The potato-disease dataset is divided into three classes. These classes include
Late_infection_potatoes (294 images), Healthy class (444 images) and Early_infection_potatoes
(777 images). Hence, the dataset was divided into 19.4objective assessment of the
final model fit on the training dataset. Noise in the picture can first be reduced by
removing any unnecessary parts. If there is too much disturbance in the image, it
won’t be used. Pictures collected from various sources and of varying sizes must be
resized to 256x256 pixels for the dataset’s standardized input photos. The batch

size is of 32 .

1. Data partitioning process: The data segmentation process holds particular
significance when creating a deep learning model. By segmenting the dataset
into distinct subsets or categories, it enables the model to focus on specific
patterns and features within each segment.The data segmentation process in-
volved the creat of three primary files: Training, Testing, and Verification.
within each of these files. This segmentation was crucial to ensure a balanced
representation of both healthy and Late and early instances in the training,
testing, and verification sets. By separating the data into these categories,

the model was trained on a diverse range of leaf samples, allowing it to learn
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and distinguish between healthy and diseased leaf patterns effectively. The
testing and verification sets served to evaluate the model’s performance. After

the image cleaning and partitioning process.

Table 3.2: Data Partition Numbers.

Partition percentage of Data
Potatoes of train 80 %
Potatoes of test 10 %
potatoes of valid 10 %

2. Data Dimensionality Reduction: Reducing the dimensions of image data
holds immense importance when training CNN deep learning models. Images
are typically high-dimensional data with multiple channels and pixels, making
them computationally intensive to process. Dimension reduction techniques,
such as resizing, cropping, or applying convolutional operations, are employed
to reduce the spatial dimensions of the images while retaining the most salient
visual features. This reduction not only enhances computational efficiency but
also addresses the challenge of overfitting by reducing the model’s parameter
space. Additionally, reducing image dimensions can help alleviate the limita-
tions of limited computational resources and memory constraints. Despite the
dimension reduction, the key visual characteristics and patterns relevant to the
task at hand are preserved, enabling the CNN model to effectively learn and
recognize complex image representations. In summary, dimension reduction of
image data is crucial for optimizing the performance, efficiency, and scalability
of CNN deep learning models while retaining essential visual information.In
our research, we employed the Python programming language to address the
task of dimension reduction. To accomplish this, we developed a dedicated
function capable of transforming and reducing the dimensions of the images
as depicted in Figure 3.3. It is important to note that all the images utilized

in our study were standardized to possess the same dimensions.
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pathl = glob.glob("d:

for img in pathi:
image = In .open(img)
print(f" ginal size : {image.size}")

i=i#1

image resi = image.resi
image_re .save(

image = cv.imread("d
image_rotate_9@ clockwise
cv.imwrite("d

Figure 3.3: Code to resize and rotate images.

The first part of the figure 3.3 represents to import the necessary modules for
working with images in Python. The PIL module (Python Imaging Library)
provides functionality for opening, manipulating, and saving many different
image file formats. The glob module is used for searching files. Lastly, cv2 is
the module from OpenCV, which is a library used for computer vision tasks,
including image processing and analysis.

In the second part as shown in Figure 3.3, the code takes a set of original
images, resizes them, saves the resized versions, and then rotates the resized
images by 90 degrees clockwise, saving the rotated images to a different direc-
tory.

Following the completion of the pre-processing stage, the data files exhibit the

depicted format as presented in Figure 3.4
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Figure 3.4: 1Image file path.

3.3 Al Techniques Used

In this research, we will explore the Al techniques employed in a specific task, fo-
cusing on the utilization of Convolutional Neural Networks (CNN) with the popular
deep learning frameworks, Tensorflow and Keras. CNNs have proven to be highly
effective in various computer vision tasks, including image classification, object de-
tection, and image segmentation. By applying several CNN models with different
layers, we aim to enhance their capabilities for our specific application and validate
the data collected for the study. Figure 3.5 shows an example of the layers selected
and used in one of the models that were used in our research.

Figure 3.6 represents the architecture of the proposed model based on the CNN
structure. CNN is a type of deep neural network, mostly used to analyze images
and videos. The convolution layer uses filters that perform convolution operations
which is the dot product of two matrices. One of the matrices is the kernel which
is a set of parameters, whereas another matrix is the inputhat is converted to an
array. The pooling operation is simple in that there is a two-dimensional filter over
each feature by sliding on them and creating an array with a smaller portion that
contains the features extracted from the Conv2D layer. Pooling layers are useful in

reducing the number of parameters to be learned and simultaneously decrease the
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# Creating Convolution lsyer
input_shape = (Batch_Size, Image_Size, Image_Size, Channels})
model = models.Sequential(]
resize_and_rescale,
dats_augmentation,
layers.Conv2D(filters = 16, kernel_size = (3,3}, activatiuh = 'relu', input_shape = input_shape},
layers.MaxPool2D((2,2}},
layers.Conv2D(64, (3,3 activation = 'relu'},
i

h
layers. MaxPool2D((2,2}},
layvers.Conv2D(128, (3,3}, activation = 'relu'},
layers.MaxPool2D((2,2}},
layers.Conv2D(64, (3,3}, activation = 'relu'},
layers.MaxPool2D((2,2}},
layers.Conv2D(128, (3,3}, activation = 'relu'},
layers.MaxPool2D((2,2}},
layers.Conv2D(64, (3,3}, activation = ‘'relu'},
layers. MaxPool2D((2,2}},
layers.Flatten(},
layers.Dense(128, activation = ‘relu'},
layers.Dense(f4, activation = 'softmax'},

1}

model build{input_shape = input_shape}

Figure 3.5: the CNN model used in this research.

computational complexity of the network. The fully connected input layer, called
flatten, takes the output from the last layer and performs a flattening operation to
turn it into a single vector. After the flattening operation is completed, the output
is fed to the neural network and applies weights to predict the class label. In the

end, it gives the final probabilities for each label.

32x256x256x3

MaxPooling2D MaxPooling2D MaxPooling2D

InputLayer

Conv2D Conv2D Dropout
Resizing RelU RelU

Flatten

Rescaling

MaxPooling2D MaxPooling2D

Conv2D Conv2D Conv2D

RelU RelU RelU

Dense

Softmax

Figure 3.6: Proposed CNN architecture for potato plant leaf disease detection

and classification.

1. Data Augmentation: In contrast to the shallow networks used in machine-
learning, deep learning (Deep Network) needs a lot of data. Machine learning
and deep learning frequently encounter issues with a lack of training data and

an imbalance in the quantity of data for each class . Data augmentation is
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the approach taken to solve this issue. Data augmentation is a technique for
modifying data without changing its initial meaning. 1515 datasets are still
insufficient for this research to achieve optimal performance, necessitating the
use of data augmentation. The augmentation factors in this study are gen-
erated by the automatic application of simple geometric transformations like
translations, rotations, scale changes, shearing, vertical and horizontal flips.
But for this dataset, only the rescaling and resizing of images (1/255), hori-
zontal flip, vertical flip and random rotation of 0.2 degrees is used as the leaves

do not have high number of features to be considered.

. Convolutional Layers: Convolutional layers are the core building blocks of
a CNN. They extract spatial hierarchies of features from the input data. The
models employed in this research uses many sets of convolutional layers. Each
set comprises a Conv2D layer, followed by a MaxPooling2D layer for down-
sampling, and sometimes a Dropout layer for regularization. The activation

function used is ReLU (Rectified Linear Unit) as shown in the figure 3.5

. Global Average Pooling: After the convolutional layers, a GlobalAver-
agePooling2D layer is added. This layer reduces the spatial dimensions of
the features while preserving important information. It computes the average
value of each feature map, resulting in a global representation of the input

volume.

. Flattening: The Flatten layer reshapes the output from the previous layer
into a one-dimensional vector, preparing it for the subsequent fully connected

layers.

. Fully Connected Layers: The flattened output is connected to a series
of dense (fully connected) layers, which enable higher-level feature repre-
sentation and classification. The activation function used in these layers is

ReLU.sometimes Dropout layers are inserted between the dense layers.

. Output Layer: The final dense layer consists of neurons equal to the total
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number of classes in the classification task. The activation function used is sig-

moid, allowing the model to output probabilities for each class independently.

Table 3.3: Parameter setting.
Training details Parameters sequentiel _2
Input Shape input size (256, 192, 3)
Epoch Number of epoch 80
Batch size Number of batch size 57
Optimizer Adam
Training compile metrics accuracy

loss function

SparseCategorical Crossentropyy

monitor val_loss
Early Stopping patience 15
Conv2D relu
Activation Dense sigmoid
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Table 3.4: Depiction of layers and its parameters involved during training the

modeL.
Layer (type) Output Shape | Param #
sequential 1 (Sequential) (32, 256, 256, 3) 0
sequential 2 (Sequential) (32, 256, 256, 3) 0
conv2d_1 (Conv2D) (32, 254, 254, 16) | 448
max_pooling2d (MaxPooling2D) | (32, 127, 127, 16) 0
conv2d_1 (Conv2D) (32, 125, 125, 64) | 9.280
conv2d_2 (Conv2D) (32, 60, 60, 128) | 73,856
max_pooling2d 2 (MaxPooling2D) | (32, 30, 30, 128) 0
conv2d_3 (Conv2D) (32, 28, 28, 64) 73,792
max_pooling2d_3 (MaxPooling2D) | (32, 14, 14, 64) 0
conv2d_4 (Conv2D) (32, 12,12, 128) | 73,856
max_pooling2d 4 (MaxPooling2D) | (32, 6, 6, 128) 0
conv2d_5 (Conv2D) (32, 4, 4, 64) 73,792
max_pooling2d_5 (MaxPooling2D) (32, 2, 2, 64) 0
flatten (Flatten) (32, 256) 0
dense_1 (Dense) (32, 128) 32,896
dense 2 (Dense) (32, 64) 8,256

3.3.1 Working Environment

In our working environment, we utilize a device of type mentioned in Table 4.1,
along with its corresponding characteristics. Additionally, we leverage the power of

Python 3 as the programming language.
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3.3.2 Evaluation Metrics

After the model is created, with the usage of testing and validation datasets, per-
formance metrics are calculated to identify the effectiveness and reliability of the
proposed model. The classification metrics could be accuracy, precision, recall and
Loss.

Before delving into the analysis, it is important to provide a brief definition of eval-
uation metrics such as loss, accuracy, recall, and precision. These metrics serve as
quantitative indicators of the model’s effectiveness in solving the given task. Under-
standing these evaluation metrics is crucial in assessing the capabilities of the CNN

models and interpreting their results effectively.

1. Accuracy:
Accuracy is the proportion of correct results (either true positive or true neg-

ative) in a testing set. It is calculated using the following equation:

TP+TN
TP+TN+ FP+ FN

Accuracy = (3.3.1)

Where; the parameters TP (True Positives), TN (True Negatives), FP (False
Positives), and FN (False Negatives) are the metrics to calculate specificity,
sensitivity, and accuracy in performance measurement. TP is used to present
the number of correctly predicted positive classes. TN is the result of correctly
predicted negative classes. FP is the number of cases predicted positive when
they are negative. Finally, FN represents the number of cases predicted as
negative when the results should be positive. Precision is the accuracy of
positive predictions with the proportion of correctly predicted positive classes
out of the total classes positively predicted. The calculation formula is as

follows:
TP

Accuracy = TP+ FP

(3.3.2)
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2.

Recall:
Recall (sensitivity) represents correctly predicted positive classes divided by
the total actual positive classes. It is calculated using the following equation:

[?]. The formula for recall is:

TP
R@C(I” = m—m (333)

Precision:
Precision measures the proportion of true positive instances correctly iden-
tified by the model over the total number of instances predicted as positive

[?]. The formula for precision is:

TP
Precision = m—w (334)

Where:
TP : True Positives (Number of correctly predicted positive instances)
TN : True Negatives (Number of correctly predicted negative instances)
F P : False Positives (Number of incorrectly predicted positive instances)

FN : False Negatives (Number of incorrectly predicted negative instances)

Loss:

Loss is a measure of how well the model’s predictions match the true values.
The choice of the loss function depends on the specific problem and algorithm
used. One commonly used loss function for binary classification is binary

cross-entropy loss [?]. The formula for Binary Cross-Entropy Loss is:

Binary Cross-Entropy Loss = —(y - log(ynat) + (1 — y) - log(1 — ynat)) (3.3.5)
Where:
y : True label (0 or 1)
Ynat : Predicted probability of the positive class (between 0 and 1)
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3.4 Conclusion

In this chapter, the general structure of the memorandum is detailed. The details
focused on the basic levels:

1. The level of data collection from potato fields in desert farms.

2. The data set is divided and classified according to the proposed treatment cate-

gory (healthy, infected, and diseased).

Finally, collecting the results of the proposed measures, as the study showed the
possibility of improving the results of the measures during the training and testing
process several times. Indicate the percentage of improvement in the metrics results,

discuss and detail the approach applied.
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Chapter 4

Results and discussion

4.1 Environment and Development Tools

The table below shows the characteristics of the work environment

Table 4.1: The Work Environement .

Name Parameter

Memory 4 GB
Processor | Intel(R) Pentium(R) CPU J3710 @ 1.60GHz 1.60 GHz

Server model acer
OS Windows 10 Professionnel
Language Python 3.11.0
Code editor Visual Studio Code

4.1.1 Kaggle

Kaggle is an interactive web platform that offers machine learning competitions in
data science. The platform provides free datasets, notebooks and tutorials that data

scientists need to complete their machine learning projects 4.1
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notebookf21dbe1b78  passaued 2 Share — Save Version | 0
Fie Edt Vew Rin Addom  Help =

+ K @ O » whoros Code v @ bt Sessioncf (w3 cslosar (1)

inport numpy as np
inport pandas as pd ¥ gats

1inport os
for dirname, _. filenames in os.walk('/kaggle/input'}:
for filenane in Filenames:
print(os.patn. join(dirname, Filename)}

# You
¥ Vou

+ Code | | + Markdown

Figure 4.1: Interface Work Of Kaggle

Some of the most popular languages for data science are Python,R and Julia.
According to Kaggle State of Data Science Survey 2021,Python-based tools continue
to dominate the machine learning frameworks giving the language a monopoly in

this industry

4.1.2 Python

It is an interpreted, multi-paradigm, multi-format programming language. Prefer
essential programming with structure, function, and direction. There is a durable
dynamic type, automatic memory management over wide ranges, and an exception
management system; It is also similar to Perl, Ruby, Scheme, Smalltalk, and Tcl.

In the figure below 4.2 we show some types of codes used in this work.
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¥ inport libraries

import tensorflow as tf

from tensorflow.keras inport models, lavers
inport matplotlib.pyplot as plt

import numpy as np

import pathlib

import os

os.environ| ‘TF_CPP_MIN_LOG_LEVEL'] = '2' # to dissble all ¢

¥ fnporting dataset
dir = s, Listdir(". ./input/agriculture-el-oued/Agriculture-2'}
for Filenames in dir:

print(filenanes)

Figure 4.2: Many python Code .

4.1.3 Datasets

A dataset is a structured collection of data, organized and stored for analysis or
processing purposes.For example, in our work, we accessed many farms in order to

collect the necessary number of data to reach at least high-quality results.4.3

+ Add Input X Upload

DATRSETS
private-dataset
~ B =griculture-el-oued
~ I Aagriculture-2
t W Early_infection_potatoes
t B Late_infection_potatoes
t I Potatoes_healthy

Figure 4.3: Datasets Folder In Kaggle .

4.2 Results

4.2.1 Training Process

The CNN model was finally created, and then the Adam optimizer was used to build

the model. It is a very effective optimization method used to train deep neural
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networks. It incorporates the benefits of two optimization techniques, RMSProp
(root mean square propagation) and AdaGrad (adaptive gradient algorithm). A
five-layer convolutional neural network architecture model was used in the dataset
learning exercise. The study period specifications called for 80 and 41 epochs, a
batch size of 32, and a learning rate of 0.01 to enhance model performance. An
algorithm is proposed that searches for values in an image dataset as part of the
learning process in order to recognize new images.

To calculate the loss and accuracy values, the results of the epochs are recorded.
The accuracy value indicates how accurately the system classifies objects, as the
loss value must be close to zero. Loss is an indication that the model has a bad
value. The results of the accuracy and loss values are shown in the images below.
Where values close to one and others close to zero were obtained. During training,
early and later epochs show more volatility values. After the 80 qnd 40 epoch, the
accuracy of the training dataset, which includes the original images, reached very

close to 100 percent 77

Epoch 141

76/76 156s2s/step - accuracy: 03981 -loss: 1.7752 - val _ace
uracy: 0.462% - val loss: 1.0552

Epoch2/4l

76/76 154s2s/step- acouracy: 0 5107 -loss: 1 0390 - wal_acce
uracy: 0.4965 - val loss: 10393

Epoch3/41

T76/76 151s2sistep- accuracy: 0 5387 -loss: 1 0033 - wal_acc
uracy: 0.5827 - val loss 0 8762

Epochdsdl

76/76 203532 s/step- accuracy: 0.6237 -loss: 0.8751 - wal_ace

wracy 06388 - yal logss 08603
Epoch 5741
7676 201sZs/step- accuracy: 0 6284 -loss: 0 8812 - wal_scc

uraew 0.7230 - val_loss 07326
Epoch6/41

76/76 223s2sistep- acouracy: 06421 -loss: 0 8369 - wal_acc
uracy: 0.5972 - val loss: 09006

Epoch7/41

T76/76 156s2sistep- accuracy: 06269 -loss: 0 8417 - wal_acc
uracy: 0.6007 - val loss 08161

Epoch2/41

T76/76 199s2sistep- accuracy: 06573 -loss: 0. 7965 - wal_acc
uracy: 0.6771 - val loss 0.7516

Epoch®/41

76/76 228s3s/step - accuracy: 0.6704 - loss: 0.7636 - val_ace
uracy: 0.6295 - val loss 07971

Epoch10/41

Figure 4.4: Exemple 0f Accuracy and Loss recorded while Training the Dataset

epoche 41

4.2.2 Testing Process

Following the training procedure using the generated dataset, we retrieve the re-
maining part of the dataset i.e., testing dataset to be tested with the model. The

testing accuracy is recorded as 80% and testing loss as 20%. Refer, to the fig. 6 for
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results. Also, the model trained and tested is capable of signifying the confidence
up to what extent it is able to classify or predict the disease. When assessing the
model’s accuracy with a leaf image object, it is crucial to keep in mind that image
noise will result in subpar classification results. By cutting out everything, but the
desired leaf object and ensuring that there is only one leaf in each frame, noise can

be removed from a picture.

4.2.3 Analyze the result of the model

The focus of this title is to present the results of the training conducted on this model,
by implementing it over two epochs. To know the differences, the accuracy and loss
of this model are accompanied by detailed and comprehensive notes Analyze the
results obtained. Graphic curves are used to display ally representation of models
performance,

Next, each graph will be analyzed individually

Training and Validation Accuracy Training and Validation Loss

0.85 —— Training Loss

——— Walidation Loss

0.80
1.2 4

0,75 1

L0
0.70 1

0.65 1
0.8 4

0.60

o5 |

Q.50
—— Training Accuracy

—— validation Accuracy 0.9 1 ‘

T T T T T T T T T T
0 10 20 30 40 0 10 20 30 40

Figure 4.5: Fit the model (Accuracy and Loos extraction.

Based on the results in Figure 3.6, the Training Results of CNN model showed
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satisfactory performance compared to Figure 4.5. The following are the most im-

portant observations and conclusions:

e Throughout the training period, the accuracy, precision, consistently exhibited

a well-balanced predictive ability.

e these metrics gradually improved and reached a peak of approximately 80%,
indicating the model’s effective learning and enhanced classification capabili-
ties. The gradual decrease in loss further confirmed the model’s proximity to

the true values.

e The evaluation on unseen data, represented by validation accuracy, loss, and
accuracy provided valuable insights. The validation accuracy, precision, and
recall achieved a high value, similar to the training accuracy. The valida-
tion loss decreased, demonstrating the model’s generalization to unseen data

without overfitting the training set.

4.3 Discussion and Interpretation

This research focused and scrutinized the application of deep learning technology
in the context of desert agriculture. The success in its use was observed through
promising results, as we confirmed and verified again that there is no obstacle to
the practice of agriculture, as different environments differ according to their cli-
mate. However, we must admit that there are obstacles and many difficulties and

challenges to obtaining a small and modest amount of data.
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Chapter 5

Conclusion and Future Work

5.1 CONCLUSION

In this research, we suggested a deep learning strategy for categorising potato leaf
diseases using a CNN (Convolutional Neural Network). Pre-processing the leaf im-
ages, training a CNN model on the pre-processed data, and assessing the model’s
performance on a test set are all steps in the suggested approach. With an overall
accuracy of 99.18accurate in classifying two different potato leaf diseases, including
Early Blight and Late Blight.The suggested method may offer a trustworthy and
effective means of diagnosing potato disease, which is essential for ensuring food se-
curity and minimising financial losses in agriculture. This approach can be further
extended to other plant species, enabling early detection of diseases, and facilitating
prompt interventions to prevent further spread. Overall, the findings of this research
show the efficacy of deep learning-based methods for identifying plant diseases and
their potential to revolutionise the agricultural technology industry. The proposed
approach can assist farmers and experts in the early detection of diseases and timely
implementation of control measures, thereby improving crop yields, reducing losses,
and contributing to global food security.Furthermore, the proposed deep learning-
based approach offers several advantages over traditional methods of plant disease
diagnosis. Unlike manual inspection, which is timeconsuming and prone to human

error, deep learning-based approaches can provide accurate and consistent results
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with minimal human intervention. Additionally, this approach can process large
amounts of data in a short amount of time, making it ideal for real-time monitoring
and detection of plant diseases.While the proposed approach achieved high accu-
racy in identifying potato leaf diseases, further research is necessary to investigate
its performance on other plant species and under different environmental conditions.
Additionally, the proposed method can be further improved by incorporating ad-
ditional data sources and developing more efficient models on these datasets. In
conclusion, this study demonstrates the potential of deep learning-based approaches

for plant disease diagnosis and management.

5.2 FUTURE WORK

Early detection of potato leaf diseases is made possible by the suggested technique,
which can have a significant impact on crop protection and global food security.
With further research and development, this approach can be extended to other

crops and environmental conditions.
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