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General Introduction

The field of face recognition has witnessed significant advancements in recent years,
driven by the rapid progress in computer vision and artificial intelligence. Deep learning
techniques have revolutionized the development of robust and accurate face recognition
systems. This scientific report explores the application of deep learning algorithms for
face recognition and provides insights into the implementation, training, and evaluation
of such systems.

The increasing need for face recognition systems arises from a multitude of reasons
spanning various domains. In today’s digital era, face recognition technology plays a
vital role in security, surveillance, identity verification, access control, human-computer
interaction, and social media applications. However, achieving reliable and efficient face
recognition poses challenges due to factors such as variations in lighting conditions, facial
expressions, pose, and occlusions. This scientific report aims to address these challenges
and develop a face recognition system capable of accurate performance under real-world
conditions.

The motivation behind this scientific report is driven by our keen interest and pas-
sion for the field of deep learning, particularly in the domain of face recognition. With
a growing demand for robust face recognition systems in various domains, we recognize
the importance of leveraging deep learning algorithms to overcome the challenges associ-
ated with face recognition and to develop accurate and efficient solutions. Our primary
objective is to explore and implement state-of-the-art techniques in face recognition, eval-
uating their performance and effectiveness. By harnessing the power of deep learning,
we aim to showcase the potential of these algorithms in advancing face recognition tech-
nologies. Through this project, we aspire to provide valuable insights, recommendations,
and contributions to the field of face recognition. By conducting thorough research and
experimentation, we aim to contribute to the development of robust and reliable face
recognition systems that can cater to the diverse needs of different domains. Our mo-
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GENERAL INTRODUCTION

tivation stems from the desire to make meaningful contributions to the advancement of
face recognition technologies and to fulfill the increasing demand for accurate and efficient
solutions. By leveraging the capabilities of deep learning, we aim to push the boundaries
of what is possible in face recognition and pave the way for future innovations in this field.

Our dissertation consists of three chapters, each focusing on different aspects of face
recognition based on deep learning. The details of these chapters are as follows: In Chap-
ter1, we provide a comprehensive overview of the fundamental concepts that underpin face
recognition based on deep learning. This chapter covers crucial topics such as artificial in-
telligence, machine learning, deep learning, and pattern recognition. We place particular
emphasis on the significance of deep learning algorithms, specifically convolutional neural
networks (CNNs), in extracting discriminative features from face images for recognition
purposes. Understanding these foundational concepts is essential for comprehending the
underlying principles of face recognition systems and their capabilities. Chapter2 delves
into the specific techniques used in face recognition. We explore various approaches and
algorithms employed in the field, with a particular focus on CNN-based methods. The
chapter provides insights into the theoretical aspects of face recognition, including facial
feature extraction, face detection, and alignment. Additionally, we introduce the widely
used You Only Look Once (YOLO) algorithm, originally designed for object detection
but subsequently adapted for face recognition tasks. A thorough understanding of these
techniques and algorithms is crucial for the development of effective and accurate face
recognition systems. In Chapter3, we delve into the practical implementation of the face
recognition system based on the deep learning techniques discussed in the previous chap-
ters. We cover the training process, including the creation and preprocessing of a custom
dataset. The chapter provides detailed explanations of essential training parameters such
as the number of epochs, learning rate, and batch size. Furthermore, we present the re-
sults of the trained model, including precision accuracy and recall. These results serve as
evidence of the effectiveness and performance of the developed face recognition system.

By exploring the fundamental concepts, specific techniques, and practical implemen-
tation of face recognition based on deep learning, our dissertation aims to contribute to
the advancement of this field.
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Chapter 1

Artificial Intelligence

1.1 Artificial intelligence

Artificial intelligence (AI) is a field of computer science that focuses on developing ma-
chines that can perform tasks that would typically require human intelligence. These
machines are designed to simulate human cognition and decision-making processes, en-
abling them to learn from experience and improve their performance over time [21].

AI systems are typically built using a combination of techniques, including machine
learning, natural language processing, and computer vision. Machine learning involves
training an algorithm on a large dataset to recognize patterns and make predictions or
decisions based on that data. Natural language processing involves teaching machines
to understand and interpret human language, while computer vision focuses on enabling
machines to interpret and understand visual information [22].

AI has a wide range of applications across many different industries, including health-
care, finance, and transportation. Some examples of AI in action include personalized
recommendations on streaming platforms like Netflix and Spotify, speech recognition
technology used in virtual assistants like Siri and Alexa, and self-driving cars that use
computer vision and machine learning to navigate roads safely [23].

Overall, AI is a rapidly growing field that has the potential to revolutionize many
aspects of our daily lives. As technology continues to evolve and improve, we can expect
to see even more advanced AI systems in the future [24].

3



CHAPTER 1. ARTIFICIAL INTELLIGENCE

1.1.1 Definition

Artificial Intelligence (AI) is the simulation of human intelligence in machines that are
designed to think and act like humans. It refers to the development of computer systems
that can perform tasks that normally require human intelligence, such as recognizing pat-
terns, making decisions, and solving problems.

Some people define artificial intelligence as the capability of a machine to imitate
intelligent human behavior [25], while others say that it is the field of study that aims to
create algorithms and systems capable of performing tasks that typically require human
intelligence, such as visual perception, speech recognition, decision-making, and language
translation [21]. Still, there are those who define AI as a system’s ability to accurately
interpret external data, learn from that data, and use those learnings to accomplish specific
goals and tasks through flexible adaptation [26].

1.1.2 Types of artificial intelligence

The field of artificial intelligence is rapidly evolving, with new forms being developed all
the time. It is important to note that the distinction between the different types of arti-
ficial intelligence is not always clear, and there is an ongoing debate between experts in
the field regarding what constitutes each type of artificial intelligence.
These are the main types of artificial intelligence:

Narrow AI (or Weak AI): This type of AI is designed to perform a specific task and
has a limited ability to learn and make decisions. It operates within a predetermined set
of rules and parameters, and does not possess general intelligence. Examples of narrow AI
include virtual personal assistants like Siri or Alexa, and recommendation systems used
by e-commerce websites. [27]

General AI (or Strong AI): This type of AI is designed to have the ability to
perform a wide range of tasks and has the potential to learn and make decisions that are
similar to human intelligence. General AI is still in the early stages of development and
is not yet widely available. [28]

4
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Figure 1.1: Narrow AI VS General AI [1]

Reactive Machines: This type of AI operates on a purely reactive basis, meaning
it does not have the ability to form memories or use past experiences to inform future
decisions. Reactive machines respond to a given situation based solely on the information
that is present at that moment. [21]

Limited Memory: This type of AI is capable of forming memories and using past
experiences to inform future decisions, but it is limited in its ability to do so. It has the
ability to retain a limited amount of information from past interactions, but cannot make
decisions based on a long-term understanding of the world. [21]

Theory of Mind: This type of AI is designed to have a “theory of mind,” meaning
it can understand the beliefs, desires, and intentions of others. This is a form of general
intelligence that is still in the early stages of development. [28]

1.1.3 Technologies of artificial intelligence

Technologies of AI refer to the tools, algorithms, and software used to develop and im-
plement AI applications. Some of the key technologies of AI include machine learning,
deep learning, natural language processing, computer vision, robotics, and expert systems.
These technologies are constantly evolving and advancing, driven by ongoing research and
development efforts. Some of the leading AI technology companies include Google, Ama-
zon, Microsoft, and IBM. As AI becomes increasingly ubiquitous in modern society, it is
important to consider the ethical and social implications of these technologies and their
impact on various industries [21] [29].
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CHAPTER 1. ARTIFICIAL INTELLIGENCE

Figure 1.2: Branches of AI [1]

Machine Learning: a subset of AI that involves training algorithms on large amounts
of data to enable them to make predictions or decisions without being explicitly pro-
grammed.

Deep Learning: a type of machine learning that uses artificial neural networks to
model complex relationships in data.

Natural Language Processing (NLP): a branch of AI concerned with the inter-
action between computers and human languages.

Computer Vision: a branch of AI concerned with enabling computers to interpret
and understand visual information from the world.

Robotics: a branch of AI concerned with the design, construction, and operation of
robots.

Expert Systems: AI systems that are designed to perform tasks that normally re-
quire human expertise, such as diagnosing diseases or evaluating investments.

Cognitive Computing: a branch of AI concerned with creating computer systems
that can perform tasks that typically require human intelligence, such as understanding
natural language or recognizing objects in images.

Neural Networks: a type of AI system that is modeled after the structure and func-
tion of the human brain.

6



CHAPTER 1. ARTIFICIAL INTELLIGENCE

1.1.4 Application of AI

Artificial Intelligence (AI) has been increasingly applied in various fields including health-
care, finance, manufacturing, transportation, and entertainment, to name a few. AI-
powered technologies such as natural language processing, image recognition, machine
learning, and robotics have revolutionized the way we live and work. AI is being used to
improve healthcare by aiding in medical diagnosis, drug discovery, and personalized treat-
ment plans. AI algorithms are being employed in the finance industry for fraud detection,
risk assessment, and investment decisions. Manufacturing is benefitting from AI-enabled
predictive maintenance and quality control. Self-driving cars and drones are being de-
veloped using AI to enhance transportation. AI is also transforming the entertainment
industry by enabling new forms of personalized content. The potential applications of AI
are endless and its impact is expected to be significant in the coming years [30].

Figure 1.3: Application of AI [1]

E-commerce - AI is used in e-commerce for personalized product recommendations,
targeted advertising, and improving customer service.

Social media - AI is used in social media for sentiment analysis, content moderation,
and recommendation systems.

Healthcare - AI is used in healthcare for disease diagnosis, drug development, and
personalized treatment planning.

Finance - AI is used in finance for fraud detection, credit scoring, and stock market
forecasting.
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CHAPTER 1. ARTIFICIAL INTELLIGENCE

Transportation - AI is used in transportation for autonomous vehicles, traffic man-
agement and route optimization.

1.2 Machine Learning

Machine learning is a subfield of artificial intelligence that involves the use of statistical
and mathematical techniques to enable computers to learn from data and make predic-
tions or decisions without being explicitly programmed to do so [31]. It involves training
algorithms on large datasets of labeled or unlabeled data, and using that data to identify
patterns and relationships that can be used to make predictions or decisions about new
data [32].

The iterative learning process allows these algorithms to adjust their internal param-
eters based on feedback from the data, improving their performance over time (Murphy,
2012). Machine learning is used in a wide variety of applications, including image and
speech recognition, natural language processing, fraud detection, recommendation sys-
tems, and autonomous vehicles, among others [33].

Machine learning is a rapidly growing field that has the potential to revolutionize
many industries and improve our daily lives in numerous ways [32]. As such, there is a
wealth of research being done in this area, with many new developments and techniques
being introduced on a regular basis [34].

1.2.1 Definition

Machine learning is a form of artificial intelligence that enables machines to automatically
learn and improve from experience, without being explicitly programmed to do so [35].
It involves the use of statistical algorithms and mathematical models to identify patterns
and relationships in data, which can then be used to make predictions or decisions about
new data [36].

This iterative learning process allows machines to continually improve their perfor-
mance, as they are exposed to more data [33]. Machine learning has become increasingly
important in fields such as computer vision, natural language processing, and robotics,
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CHAPTER 1. ARTIFICIAL INTELLIGENCE

among others [31].

1.2.2 Types of Machine Learning

There are several main types of machine learning, including:

Supervised learning: This type of machine learning is based on labeled data and
involves using algorithms to learn from the relationship between inputs and their corre-
sponding outputs. [31]

Unsupervised learning: This type of machine learning is based on unlabeled data
and involves using algorithms to discover patterns and relationships in the data without
any pre-specified outcome. [34]

Figure 1.4: Supervised learning VS Unsupervised learning [2]

Reinforcement learning: This type of machine learning involves training an algo-
rithm by providing rewards or punishments based on its actions, in order to encourage it
to make the correct decisions. [37]
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Figure 1.5: Reinforcement learning [3]

Semi-supervised learning: This type of machine learning is a hybrid approach that
combines elements of supervised and unsupervised learning, using a combination of la-
beled and unlabeled data to improve the accuracy of the algorithm. [38]

Figure 1.6: Semi-supervised learning [4]

1.2.3 Applications of Machine Learning

Machine learning is a subset of artificial intelligence (AI) that focuses on the development
of algorithms and statistical models that can enable a system to perform tasks without
explicit instructions. Here are some of the applications of machine learning:
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Image and speech recognition: Machine learning algorithms can be used to ana-
lyze and classify images and speech, such as identifying objects in images or transcribing
speech to text [39].

Natural language processing (NLP): NLP is the application of machine learning
algorithms to analyze and understand human language. This can include tasks such as
sentiment analysis, text classification, and language translation. [40]

Recommender systems: Machine learning algorithms can be used to develop rec-
ommendation systems, such as recommending products or content to users based on their
previous behavior. [41]

Predictive modeling: Machine learning algorithms can be used to develop predic-
tive models that can predict future outcomes based on historical data. This can be applied
in fields such as finance, healthcare, and marketing. [42]

Fraud detection: Machine learning algorithms can be used to detect fraudulent ac-
tivity by analyzing patterns in data and identifying anomalies. [43]

1.3 Deep Learning

Deep learning is a subfield of machine learning that uses artificial neural networks to
learn representations of data at multiple levels of abstraction [32]. These neural networks
consist of multiple layers of interconnected nodes that process input data and transform
it into more abstract representations, enabling highly accurate predictions and classifica-
tions [44].

Deep Learning has revolutionized many areas of artificial intelligence, including im-
age and speech recognition, natural language processing, and autonomous driving [38].
One of the main advantages of Deep Learning is its ability to learn and represent highly
complex and nonlinear relationships in data, making it an ideal approach for tasks pre-
viously considered too difficult to solve using traditional machine learning techniques [22].

Despite its success, Deep Learning still faces many challenges, including the need for
large amounts of labeled data, the possibility of overfitting, and the difficulty of under-
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standing the internal workings of complex neural networks [22] [32]. However, ongoing
research and development in this area continues to push the boundaries of what is possible
with machine learning.
key component: Neural Networks

1.3.1 Definition

Deep learning is a subfield of machine learning that uses multilayer neural networks to
model and solve complex problems, such as image and speech recognition, natural lan-
guage processing, and games [45]. These networks are able to automatically learn and
represent complex features of the data, which makes them very effective for tasks that
involve large amounts of data and complex relationships.

Deep Learning has been responsible for many breakthroughs in artificial intelligence
in recent years, such as the development of self-driving cars and the ability to beat world
champions in complex games like Go [46]. However, despite its many successes, Deep
Learning still faces many challenges, such as the need for large amounts of data and the
potential for overfitting [32].

1.3.2 Types of Deep Learning

There are several types of deep learning, each with its own unique characteristics and
applications. Some common types of deep learning include:

Convolutional Neural Networks (CNNs): these are typically used for image and
video recognition tasks and are designed to process grid-like structured data, such as an
image or a video. [32]

Recurrent Neural Networks (RNNs): these are used for tasks that involve se-
quential data, such as natural language processing, speech recognition, and time series
analysis. RNNs have a memory component that allows them to keep track of past infor-
mation and use it to make predictions. [47]

Autoencoders: these are unsupervised deep learning algorithms that are used for
dimensionality reduction, feature learning, and generative modeling. Autoencoders con-
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sist of two main components: an encoder that maps input data to a lower-dimensional
representation and a decoder that maps the lower-dimensional representation back to the
original data. [48]

Generative Adversarial Networks (GANs): these are deep learning models that
consist of two parts: a generator network that generates data and a discriminator net-
work that determines whether the generated data is similar to the real data. The two
networks are trained simultaneously, with the generator trying to produce data that the
discriminator can’t distinguish from the real data. [49]

1.3.3 Neural Networks

Neural Networks are a fundamental building block of deep learning, which is a subfield of
machine learning that focuses on training models with multiple layers of non-linear pro-
cessing units. In deep learning, Neural Networks are typically used to extract high-level
representations of the input data, which can be used to make predictions or decisions.

Figure 1.7: Neural network architecture. [5]

Deep Neural Networks (DNNs) are a type of Neural Network that has multiple layers
of neurons. Each layer of a DNN can be thought of as a feature extractor that transforms
the input data into a higher-level representation. The output of one layer is fed as input
to the next layer, allowing the network to learn increasingly complex representations of
the input data. [32]

Convolutional Neural Networks (CNNs) are a type of Neural Network that is com-
monly used in deep learning for image and video processing tasks. CNNs are similar to
DNNs, but they include additional types of layers that are specifically designed to extract
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features from images. [44]

Recurrent Neural Networks (RNNs) are another type of Neural Network that is com-
monly used in deep learning for tasks involving sequential data, such as natural language
processing and speech recognition. RNNs are designed to model the temporal dependen-
cies in the input data, and they include loops in their architecture to allow information
to be passed from one time step to the next. [32]
Here’s an image that shows the structure of a typical CNN & RNN:

Figure 1.8: Convolutional Neural Network & Recurrent Neural Network. [5]

1.3.4 Understanding the Mechanics of Deep Learning

Deep learning is a type of machine learning that involves training artificial neural net-
works to perform complex tasks by processing large amounts of data.
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Figure 1.9: Deep Neural Network architecture. [6]

The first step in deep learning is to gather and prepare the data that will be used
to train the neural network [50].This involves selecting the relevant features of the data,
cleaning and normalizing the data, and splitting the data into training, validation, and
testing sets [38]. The next step is to design and build the neural network architecture,
which typically consists of multiple layers of interconnected nodes (or "neurons") [32].
Each layer of the network processes the input data and passes the output to the next
layer, with the final layer producing the network’s output [51]. During the training phase,
the neural network adjusts its internal parameters (or "weights") based on the input data
and expected output [50]. This involves using an optimization algorithm to minimize
the difference between the network’s predicted output and the actual output [32]. After
the network has been trained, it is evaluated using the validation set to ensure that it is
not overfitting the training data [38]. Finally, the network is tested on the independent
testing set to measure its overall performance [51]. Once the network has been trained
and tested, it can be deployed for use in real-world applications [50]. Deep learning can
be used for a wide range of applications, including image and speech recognition, natural
language processing, autonomous vehicles, and many others [44].

1.3.5 Applications of Deep Learning

Here are a few common applications of deep learning:

Image classification: Using deep learning algorithms to classify and categorize im-
ages into various classes (such as recognizing objects, animals, etc.). [52]
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Figure 1.10: Image classification [7]

Speech recognition: Using deep learning algorithms to transcribe speech to text
and recognize spoken commands. [53]

Figure 1.11: Speech recognition [8]

Natural Language Processing (NLP): Using deep learning algorithms to under-
stand, analyze, and generate human language text. [54]
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Figure 1.12: Natural Language Processing [9]

Recommender systems: Using deep learning algorithms to predict what a user
might like based on their past behavior and preferences. [55]

Figure 1.13: Recommender systems [10]

1.4 Pattern recognition

1.4.1 Definition

Pattern recognition is the process of identifying and classifying patterns in data using
machine learning and statistical methods. This involves extracting features from data
and using these features to develop models that can identify new patterns and classify
them based on their similarity to known patterns. The goal of pattern recognition is
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to develop algorithms that can automatically recognize patterns and classify new data
with high accuracy. [34] It is a branch of machine learning concerned with the automatic
detection of regularities or patterns in data, and the use of these patterns to classify new
data into pre-existing categories or to recognize novel patterns. This involves the use
of mathematical and statistical models to identify relevant features in the data, and to
train algorithms that can automatically recognize and classify patterns based on these
features. [31]

1.4.2 The Process of Pattern Recognition

Pattern recognition is a complex process that involves transforming raw data into a form
that can be analyzed and interpreted by a machine learning algorithm. The following sen-
tences explain how pattern recognition works and provide references for each statement:

The first step in pattern recognition is to identify relevant features from the data.
These features may be edges in an image, frequency components in a sound signal, or
other characteristics that are relevant to the problem at hand. [34]

Once the relevant features have been identified, they are transformed into a math-
ematical representation that can be used to train a machine learning algorithm. This
transformation may involve techniques such as dimensionality reduction, normalization,
or other methods to prepare the data for analysis. [56]

The machine learning algorithm is then trained using a set of labeled examples. Each
example consists of an input pattern and its corresponding output label. The algorithm
tries to learn a function that maps the input pattern to the correct output label, using
techniques such as decision trees, support vector machines, or neural networks. [31]

Once the algorithm has been trained, it can be used to classify new input patterns by
applying the learned function to the feature representation of the input. The output of
the function will be the predicted label for the input pattern. [36]

Overall, pattern recognition is a process of transforming raw data into a form that can
be analyzed and interpreted by a machine learning algorithm, which is then used to rec-
ognize and classify new patterns. This process involves a combination of domain-specific
knowledge, statistical analysis, and machine learning techniques. [57]
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Figure 1.14: Process of Pattern Recognition [11]

1.4.3 Applications of pattern recognition

Pattern recognition has numerous applications in various fields. One of the most promi-
nent applications is in the field of computer vision, where it is used for tasks such as im-
age classification, object detection, and segmentation. Other applications include speech
recognition, handwriting recognition, biometrics, and natural language processing (NLP)
among others. [34]

In the field of medical imaging, pattern recognition has been used for tasks such as
disease diagnosis, image segmentation, and tissue classification [58]. It has also been ap-
plied in the field of bioinformatics for analyzing genetic sequences, identifying functional
elements in DNA, and classifying biological data. [59]

Pattern recognition has also found applications in the field of finance for tasks such as
fraud detection, stock market analysis, and credit risk assessment [60]. It has also been
used in the field of robotics for tasks such as object recognition and localization, robot
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navigation, and motion planning. [58]

In the field of environmental science, pattern recognition has been used for tasks such
as land cover classification, remote sensing, and climate change analysis. [61] It has also
found applications in the field of aerospace for tasks such as aircraft fault detection and
classification, and engine health monitoring. [60]
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Chapter 2

Face recognition

2.1 Introduction

Face recognition is a technology that allows computers to recognize and identify human
faces. It has become an important research area in computer vision and has numerous
applications in security, surveillance, entertainment, and social media [62].

The goal of face recognition is to match an input face image with one or more images
in a database of known faces. This is a challenging problem due to variations in lighting,
pose, expression, and occlusion [63].

Traditional face recognition methods include techniques such as Eigenfaces, Fisher-
faces, and Local Binary Patterns (LBP), while deep learning approaches use convolutional
neural networks (CNNs) and recurrent neural networks (RNNs) [64].

Face recognition systems have been successfully deployed in various real-world scenar-
ios, such as law enforcement, access control, and surveillance. However, they also raise
concerns about privacy, surveillance, and bias [65].

2.2 Historic

The history of face recognition technology dates back to the early 1960s when Woody
Bledsoe, Helen Chan Wolf, and Charles Bisson developed a system that could recognize
faces from photographs. This system was based on the principle of extracting facial fea-
tures such as the distance between the eyes, width of the nose, and shape of the lips.
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However, this system was limited by the quality of the photographs and the computing
power available at that time. In the 1970s, Takeo Kanade developed a more sophisticated
face recognition system that used a mathematical model of the human face to extract
facial features. This system was capable of recognizing faces even in low-quality images.
However, it still required a lot of computing power and was not practical for real-world
applications. In the 1990s, face recognition technology saw significant advancements with
the development of algorithms that could analyze the entire face rather than just specific
facial features. The Eigenface algorithm, developed by Matthew Turk and Alex Pentland,
was one such breakthrough. It used principal component analysis to represent faces as
vectors in a high-dimensional space and then compared them to determine similarity.
The first algorithm used in face recognition is called the Eigenface algorithm, also known
as the Principal Component Analysis (PCA) algorithm. This algorithm was proposed
in a paper titled "Eigenfaces for Recognition" by Sirovich and Kirby in 1987. It was
based on the idea of representing faces as linear combinations of a small set of charac-
teristic faces, called eigenfaces, which were derived from a large set of training images.
The algorithm works by projecting a new face image onto the eigenspace and finding the
closest match to a known face. The Eigenface algorithm was a significant breakthrough
in the field of face recognition and paved the way for many other algorithms to follow [66].

2.3 Definition

Facial recognition is a method of identifying or verifying a person’s identity by analyzing
and comparing patterns of facial features captured from an image or video. This tech-
nology has attracted a lot of attention due to its potential applications in security, law
enforcement, and personal identification. It involves the use of deep learning algorithms
and computer vision techniques to extract and analyze facial features such as the distance
between the eyes, the shape of the nose, and the angle of the jaw line. Face recognition
has been applied in various fields such as cell phones, social media, and surveillance sys-
tems [67].
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Figure 2.1: Facial recognition [12]

2.4 Facial recognition based on deep learning

Facial recognition based on deep learning is a type of artificial intelligence that allows
computers to recognize and identify human faces. It is a subfield of computer vision that
uses deep neural networks to analyze and understand visual data. This technology has
become increasingly popular in recent years and is used in a variety of applications, in-
cluding security systems, social media, and mobile devices [68].

Deep learning algorithms are used to analyze facial features, such as the distance
between the eyes, the shape of the nose, and the curve of the lips, to create a unique
"faceprint" for each individual. This faceprint can then be compared to a database of
known faces to identify the person. Deep learning models are trained on large datasets
of labeled images to learn how to accurately identify faces in different lighting conditions,
angles, and poses [69].

One of the advantages of facial recognition based on deep learning is its ability to
perform well even in challenging conditions, such as low lighting or partial occlusion of
the face. However, concerns have been raised about the accuracy and potential biases of
these systems, particularly when used for surveillance and law enforcement purposes [70].
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Overall, facial recognition based on deep learning has the potential to revolutionize
the way we interact with technology and each other, but it is important to consider the
ethical and privacy implications of its use.

2.5 Process of Face recognition

The process of face recognition involves a series of steps that help to identify and verify
the identity of an individual based on their facial features.

Figure 2.2: Face recognition block diagram [13]

Face detection
The first step in the face recognition process is face detection, where a system uses an
algorithm to locate and extract faces from an image or video frame. This process involves
the use of various techniques, such as Viola-Jones algorithm, Haar cascade classifiers, and
deep learning-based methods [71].
Face alignment
Once the face is detected, the next step is to align it to a standard pose. This step involves
the use of geometric transformations to adjust the position and orientation of the face, so
that it is in a standard frontal view. This process can be achieved using techniques such
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as Procrustes analysis, landmark detection, and 3D face modeling [72].
Feature extraction
After the face is aligned, the next step is to extract the features that are unique to the
individual’s face. These features can be local, such as the shape of the eyes and nose, or
global, such as the overall structure of the face. Feature extraction can be achieved using
various techniques, such as Principal Component Analysis (PCA), Local Binary Patterns
(LBP), and Convolutional Neural Networks (CNNs) [73].
Face representation
Once the features are extracted, the next step is to represent them in a suitable format for
classification. This step involves the conversion of the feature vectors into a fixed-length
representation that can be easily compared with other representations. This process can
be achieved using techniques such as Histogram of Oriented Gradients (HOG), Scale In-
variant Feature Transform (SIFT), and DeepFace [74].
Classification
The final step in the face recognition process is classification, where the system com-
pares the face representation of the target individual with those of the individuals in a
database to identify a match. This process involves the use of various classifiers, such as
Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), and Neural Networks [75].

25



CHAPTER 2. FACE RECOGNITION

Figure 2.3: Face recognition process [13]

Overall, the process of face recognition is a complex task that requires the use of var-
ious techniques and algorithms. With the advances in Deep Learning, the accuracy and
robustness of face recognition systems has improved significantly.
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2.6 Deep learning methods

Deep learning has emerged as a powerful tool for many computer vision tasks, including
face recognition.

Figure 2.4: Different deep learning architectures for face recognition [13]

Convolutional Neural Networks (CNNs): CNNs are widely used in face recogni-
tion tasks due to their ability to automatically extract relevant features from raw images.
They have shown excellent performance in face recognition tasks and are widely used in
commercial face recognition systems [76].

Generative Adversarial Networks (GANs): GANs are a type of neural network
that can generate new data that is similar to the training data. They have been used in
face recognition tasks to generate new face images that can improve the performance of
the face recognition system [49].

Autoencoders: Autoencoders are neural networks that can learn to represent input
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data in a lower-dimensional space. They have been used in face recognition tasks to learn
a compact and discriminative representation of faces [48].

Hybrid Networks: Hybrid networks combine different types of deep learning archi-
tectures to improve the performance of face recognition systems. For example, a hybrid
network can combine CNNs and GANs to generate new face images and improve the
performance of the face recognition system [77].

Deep Reinforcement Learning: Deep reinforcement learning is a type of machine
learning that can learn to make decisions based on rewards. It has been used in face recog-
nition tasks to learn to select the most discriminative features for face recognition [29].

Figure 2.5: Taxonomy of the deep learning methods, loss functions activation functions used
for face recognition. [13]
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2.7 Convolutional neural networks

Convolutional neural networks (CNNs) are a class of deep learning models that have
achieved remarkable success in various image- and vision-based tasks. They are inspired
by the structure and function of the visual cortex in the brain, which consists of multiple
layers of neurons that extract increasingly complex features from visual input. CNNs have
become a popular choice for image classification, object recognition, face recognition, and
other computer vision tasks. This topic is fundamental to the field of computer vision
and has numerous real-world applications [78].

2.7.1 Applications of CNN in Computer Vision

Convolutional neural networks (CNNs) have emerged as one of the most effective deep
learning architectures for computer vision tasks, including face recognition. The main
reason is that CNNs are designed to learn visual features hierarchically. They start with
low-level features, such as edges, and gradually build up to high-level features that rep-
resent complex patterns in the input image [79].

Unlike traditional machine learning methods, CNNs can automatically learn features
from raw image data without requiring an explicit feature technique. This makes them
particularly well suited for tasks where the input data has a complex structure, such as
images, videos, and 3D objects [44].

In addition, CNNs have achieved top performance on a variety of computer vision
tasks such as image classification, object recognition, and semantic segmentation. This
is largely due to their ability to capture spatial relationships between pixels, which is
essential for understanding image content [76].

Overall, CNNs have become the preferred deep learning architecture for computer
vision tasks, and their success in face recognition applications further underscores their
effectiveness [80].
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Figure 2.6: How does the computer sees an image in RGB type [14]

2.7.2 CNN Architecture

Convolutional Neural Networks (CNNs) are a class of deep learning models that have
revolutionized the field of computer vision by achieving state-of-the-art results on vari-
ous image and video-related tasks [76]. CNNs are composed of multiple layers that work
together to extract features from input data, such as images. The layers in a CNN are
designed to learn increasingly complex features from the input, starting with low-level fea-
tures like edges and gradually building up to high-level features like objects or scenes [44].
The first layer in a CNN is typically the input layer, which takes the raw input data and
passes it to the next layer. The input layer can be configured to accept different types
of data, such as grayscale or color images, and can be resized to accommodate input
of different sizes [32]. After the input layer, the most common type of layer in a CNN
is the convolutional layer. Convolutional layers apply a set of filters, or kernels, to the
input data to extract features that are relevant to the task at hand. These filters are
learned during the training process, and the output of the convolutional layer is a set of
feature maps that capture the presence of different features in the input [81]. Pooling
layers are often used after convolutional layers to reduce the dimensionality of the feature
maps and make subsequent processing more efficient. Pooling layers take small regions
of the feature maps and apply a function, such as max or average pooling, to reduce
the values in that region to a single value. This helps to capture the most salient fea-
tures while reducing the size of the feature maps [82]. Finally, fully connected layers are
typically used at the end of a CNN to perform classification or regression tasks. These
layers connect every neuron in one layer to every neuron in the next layer, allowing the
network to learn complex relationships between the features extracted from the input [83].

30



CHAPTER 2. FACE RECOGNITION

Figure 2.7: Architecture CNN [15]

2.8 Platforme YOLO

YOLO (You Only Look Once) is a popular object detection system that uses deep learn-
ing algorithms to detect objects in an image or video. It was first introduced by Joseph
Redmon et al. in 2016 and has since undergone several iterations, with the latest being
YOLOv5 [84]. YOLOv5 is an open-source deep learning model developed by Ultralytics
that uses a single convolutional neural network (CNN) to perform object detection. It
is based on the EfficientDet architecture and is optimized for speed and accuracy [85].
YOLOv5 has several advantages over other object detection systems, including its ability
to detect objects in real-time, its high accuracy, and its ability to run on a variety of plat-
forms. It also has a simple and easy-to-use API (Application Programming Interface),
making it a popular choice for developers [86].

Figure 2.8: YOLO [16]

2.8.1 The technical components of YOLO

The technical components of YOLO (You Only Look Once) are essential to understand-
ing how the algorithm works. YOLO is an object detection system that uses deep neural
networks to detect and classify objects in an image [87].
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Architecture
YOLOv5 is a real-time object detection model that is based on a one-stage detector archi-
tecture. It uses a deep convolutional neural network that consists of a backbone network,
a neck network, and a head network. The backbone network is responsible for extracting
features from the input image, while the neck network helps to fuse the features from
different scales. The head network is responsible for predicting the class and location of
the objects in the image [88].

Figure 2.9: Architecture of YOLO [17]

Object detection
YOLOv5 uses an anchor-based approach to detect objects in an image. It divides the
image into a grid of cells and predicts the probability of an object being present in each
cell, along with the bounding box coordinates and the class of the object. It uses a single
neural network to predict the bounding boxes and class probabilities for all the objects
in the image [89].

Figure 2.10: Example of Object detection [18]

Backbone network
YOLOv5 uses a feature pyramid network (FPN) as its backbone network. FPN is a
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multi-scale feature extraction method that helps to improve the detection accuracy of the
model. It consists of a bottom-up pathway and a top-down pathway, which are used to
fuse features from different scales [90].

Figure 2.11: Example of Backbone networkn [19]

Training
YOLOv5 is trained using a combination of image augmentation techniques and a focal
loss function. The image augmentation techniques include random cropping, resizing, and
color jittering, which help to improve the generalization ability of the model. The focal
loss function is used to address the class imbalance problem in object detection [91].

Inference
YOLOv5 uses a non-maximum suppression (NMS) algorithm to filter out redundant de-
tections and keep only the most confident ones. It also uses anchor boxes to improve the
accuracy of the bounding box predictions [92].

2.8.2 YOLO’s advantages over other object detection models

YOLO (You Only Look Once) is a real-time object detection model that has several ad-
vantages over other object detection models:

Speed and efficiency
YOLO is known for its speed and efficiency in object detection compared to other models.
It can detect objects in real-time with high accuracy and fast processing speeds. This is
due to the model’s ability to perform object detection and classification in a single pass,
making it much faster than other models that require multiple passes [93].
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Flexibility and adaptability
YOLO is designed to be a flexible and adaptable model, allowing it to be used in a vari-
ety of applications. It can be easily trained on new datasets and can be used for a wide
range of object detection tasks, from detecting small objects to large objects in different
environments [94].

High accuracy
YOLO has a high accuracy rate, especially for larger objects, due to its use of a single neu-
ral network for object detection and classification. This allows it to better understand the
context and relationship between objects, resulting in more accurate object detection [95].

Low false positive rate
YOLO has a low false positive rate compared to other object detection models, meaning it
is less likely to detect false objects or misclassify objects. This is due to its use of anchor
boxes and non-maximum suppression techniques, which help to refine object detection
and reduce false positives. [94].

Real-time processingReal-time processing
YOLO can perform object detection and classification in real-time, making it ideal for
applications that require quick response times. This is achieved through its use of a single
neural network and optimized architecture, which allows for faster processing speeds. [94].

2.8.3 The different versions of YOLO

You Only Look Once (YOLO) is a popular object detection algorithm that has been up-
dated over the years with several versions. In this section, we will discuss the different
versions of YOLO:
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Figure 2.12: YOLO timeline [20]

YOLOv1
YOLOv1 was the first version of the YOLO algorithm and was introduced in 2015 by
Joseph Redmon et al [84]. It achieved real-time object detection by dividing the input
image into a grid of cells and predicting the bounding box and class probabilities for each
cell. YOLOv1 used a single convolutional network to predict the object detection outputs,
making it faster than other object detection models at the time.

YOLOv2
YOLOv2 was released in 2016 and addressed some of the shortcomings of the original
YOLO algorithm, such as poor localization accuracy [84]. YOLOv2 used a more com-
plex architecture with skip connections, batch normalization, and anchor boxes to improve
localization accuracy and reduce false positives. It also introduced a novel concept of mul-
tiscale training, which allowed YOLOv2 to detect objects of different sizes more effectively.

Figure 2.13: Example of YOLOv2 [20]

YOLOv3
YOLOv3 was introduced in 2018 and built on top of YOLOv2 by further improving the
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architecture and introducing new features [87]. YOLOv3 used a feature pyramid network
to extract features at different scales, allowing it to detect objects of different sizes and
shapes more effectively. It also introduced a new concept of darknet-53, which was a more
powerful backbone network for object detection.

Figure 2.14: Example of YOLOv3 [20]

YOLOv4
YOLOv4 was released in 2020 and introduced several improvements over YOLOv3, in-
cluding a more powerful backbone network, a new object detection head, and several
optimization techniques [86]. YOLOv4 used a CSPNet (Cross Stage Partial Network)
backbone network to improve efficiency and accuracy and introduced a new SPP (Spa-
tial Pyramid Pooling) head to detect objects of different scales more effectively. It also
introduced several optimization techniques, such as Mish activation, Mosaic data aug-
mentation, and DropBlock regularization, to further improve the accuracy and speed of
the algorithm.

Figure 2.15: Example of YOLOv4 [20]

2.8.4 The features of YOLO

YOLO (You Only Look Once) is a state-of-the-art real-time object detection system that
has several key features that make it stand out from other object detection models. Here
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are some of the features of YOLO:
Real-time detection
YOLO is designed for real-time object detection, meaning it can detect objects in images
and videos in real-time without any significant delay. This makes it suitable for applica-
tions such as surveillance, autonomous driving, and robotics [96].

High accuracy
YOLO has a high accuracy in object detection, with its latest version (YOLOv5) achiev-
ing state-of-the-art accuracy on popular object detection datasets. This is due to the
use of a highly optimized deep learning architecture that is designed to learn features at
different scales [97].

Flexibility
YOLO can be used for various types of object detection tasks, including detecting objects
of different sizes, shapes, and orientations. It can also detect multiple objects within a
single image or video frame, making it suitable for applications such as traffic monitoring,
security surveillance, and facial recognition [96].

Easy to use
YOLO is easy to use, with a simple configuration and setup process. The YOLO software
package includes a range of pre-trained models that can be used for object detection,
making it easier for developers to get started with the technology [98].

Open source
YOLO is an open-source project, meaning that the source code is freely available for
anyone to use, modify, and distribute. This has led to a large and active community of
developers working on YOLO, which has helped to drive its development and improve its
features over time [98].

2.9 Face recognition using YOLO

Face recognition using YOLO involves training a deep neural network to detect and classify
faces in images. The YOLO algorithm is particularly well-suited for object detection tasks
such as face recognition, due to its high accuracy and speed. To create a face recognition
system using YOLO, the first step is to gather a dataset of images containing faces. This
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dataset is then used to train a YOLO model to detect and classify faces. Once the YOLO
model has been trained, it can be used to recognize faces in new images. The YOLO
algorithm can accurately detect and classify faces in real-time, making it ideal for use
in applications such as security systems, surveillance, and facial recognition technology.
However, it is important to note that face recognition using YOLO raises important ethical
considerations around privacy and surveillance. Careful consideration must be given to
the potential misuse of this technology, and safeguards must be put in place to protect
individuals’ rights to privacy and security [99].
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Implementation and Results

Implementation, and obtaining results are integral aspects of any machine learning project.
In our project, we divided the chapter into three parts, each focusing on a different deep
learning framework for implementing face recognition.

In the first part, we utilized the cv2 library to develop a face recognition system. We
extensively discussed the step-by-step process involved, including face detection, feature
extraction, and classification. Furthermore, we provided an overview of the cv2 library
and highlighted its capabilities in image and video processing.

Moving on to the second part, we shifted our attention to the TensorFlow framework,
which enabled us to build a more advanced face recognition system. We delved into the
use of convolutional neural networks (CNNs) for extracting features and performing clas-
sification tasks. Additionally, we offered an overview of the TensorFlow framework and
its extensive functionalities.

The third part of our project revolved around the adoption of the YOLO (You Only
Look Once) algorithm in conjunction with the PyTorch framework. This combination
allowed us to create a real-time face recognition system that operates with remarkable
efficiency. We discussed the advantages of employing YOLO for face recognition and pro-
vided an overview of the PyTorch framework and its capabilities.

Throughout the chapter, we strived to provide comprehensive explanations of the deep
learning techniques we employed in each part. We shared implementation details for each
framework, ensuring a clear understanding of the methodologies utilized. Moreover, we
presented the results of our experiments, demonstrating the effectiveness of deep learning
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in the domain of face recognition.

By leveraging the cv2 library, TensorFlow framework, and YOLO algorithm with Py-
Torch, we showcased the power and versatility of different deep learning approaches in
face recognition. Our findings highlight the potential of these frameworks in accurately
detecting and recognizing faces, showcasing their relevance and applicability in real-world
scenarios.
Environment
The project was developed on a Windows 11 Professionnel system with 8.00 GB of RAM
(7.67 GB usable) and an Intel(R) Core(TM) i7-6600U CPU @ 2.60GHz 2.80 GHz proces-
sor. The system had a 64-bit operating system with an x64 processor type. The computer
name was DESKTOP-JT50H45, and it had a storage capacity of 477 GB on an SSD.

3.1 Modern Face Recognition

In the first part of the project, we utilized the cv2 library (OpenCV) to develop a face
recognition system. This section emphasizes the fundamental steps encompassing face
detection, feature extraction, and classification. Leveraging the cv2 library’s extensive
image and video processing capabilities, we were able to accomplish these tasks effec-
tively.
The architecture of the Proposed System
The input of the system is a video or a camera, and it compares it with the image in the
dataset, as shown in the following figure. The output is to identify the face by a square
frame with a name if it matches, and only a frame if it does not match the images in the
dataset.
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Figure 3.1: General view of the system1.

Feature Extraction
Once faces are recognized, features are extracted from the facial regions. This step cap-
tures unique facial features that can be used for identification or classification. We use
the face_recognition, numpy and cv2 libraries for feature extraction.
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Tableau 3.1: The libraries used in the project1

Library Description
cv2 The library cv2 is an open-source computer vision

library for image and video processing.
numpy The library numpy is a fundamental package for sci-

entific computing with Python, providing power-
ful tools for working with arrays and mathematical
operations.

face_recognition The library face_recognition built on top of
dlib, is a powerful open-source library for face de-
tection, recognition, and facial feature extraction.

os The library os is a Python module that provides
a way to interact with the operating system, offer-
ing functionalities such as file and directory opera-
tions, environment variables, and process manage-
ment.

datetime The library datetime is a Python module that
allows manipulation and formatting of dates and
times, providing functions for working with dates,
times, and time intervals.

Loading Images
The code loads images from a specified directory (ImagesBas), representing individuals’
faces for recognition and attendance marking.

Encoding Faces
The loaded images are processed to extract facial encodings using the face_recognition
library. Each image is transformed into a numerical matrix (128-dimensional encoding)
that represents the face.

Attendance Marking
The code implements a function (markAttendance) that records the attendance of recog-
nized individuals. The function appends the name and current time to an Attendances.csv
file.

Face Recognition and Attendance
The code uses a webcam (cap = cv2.VideoCapture(0)) to capture frames. It detects faces
in each frame using face_recognition and compares the encodings of the detected faces
with the known encodings obtained earlier. If a match is found, the individual’s name is
identified, and attendance is marked using the markAttendance function. The frame is
annotated with the recognized name and bounding box.
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3.2 Siamese Algorithm

In the second part of the project, we integrated the TensorFlow library, which is known
for its computational power and high accuracy in image processing. By leveraging the
capabilities of TensorFlow, we wanted to improve the overall performance and achieve
better results in our project. Let’s now dive into the process of this project step by step.

3.2.1 The architecture of the Proposed System

The input of the system is a video or a camera and it can be an image, and it is compared
to the image in the data set, as shown in the following figure. The output is to select the
face with a square frame named if it matches.

Figure 3.2: General view of the system2.

3.2.2 Libraries using

The core libraries utilized in this project are TensorFlow and Keras. Additionally, several
other libraries are required, which will be listed in the following table.
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Tableau 3.2: The libraries used in the project

Library Description
TensorFlow The library TensorFlow is a popular open-source ma-

chine learning framework used for building and training
neural networks.

Keras The library Keras is a high-level deep learning library
that runs on top of TensorFlow, providing a user-friendly
interface for building and training neural networks.

random The library random can be used to randomly select
images from a set of files.

Pyplot The library Pyplot is a matplotlib library used to plot
2D data.

cv2 The library cv2 is an open-source computer vision li-
brary for image and video processing.

numpy The library numpy is a fundamental package for scien-
tific computing with Python, providing powerful tools
for working with arrays and mathematical operations.

os The library os provides a portable way of using operat-
ing system dependent functionality.

Install Dependencies
In this section, we installed the necessary dependencies for the project, including OpenCV
(cv2), TensorFlow, and matplotlib.

3.2.3 Preparing the Dataset

For dataset preparation, we mounted Google Drive and organized the dataset into anchor
and positive images. Additionally, we downloaded the LFW dataset and moved the images
to the ’data/negative’ directory.

Figure 3.3: Downloading FLW.
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3.2.4 Load and Preprocess Images

We loaded and preprocessed the images from the dataset by resizing them to a standard
size of 100x100 pixels and scaling them to be within the range of 0 to 1.

3.2.5 Model Engineering

The modeling phase involved building an embedding layer using a convolutional neural
network (CNN) architecture. This layer extracted key facial features from the input
images and enabled the system to learn discriminative representations. In addition, a
distance layer was implemented to compute the similarity between the embeddings to
facilitate face recognition.

Figure 3.4: Model embedding.

3.2.6 Training

During the training process, we set up the loss function, optimizer, and checkpoints. We
iterated over the dataset, calculated the loss, and updated the model’s weights to improve
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its performance. The training was conducted for a specified number of epochs.

Figure 3.5: Results of Training.

3.2.7 Evaluation

To evaluate the trained model, we used a batch of test data and computed metrics such
as precision and recall to assess its accuracy and performance in face recognition.

Figure 3.6: Results of Evaluation.
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3.2.8 Results

Below is a table showing the results obtained after training the model for 5, 10 and 100
epochs:

Tableau 3.3: The comparison of epochs

Epochs Accuracy
5 epochs 0.93
10 epochs 0.95

100 epochs 0.98

3.2.9 Save Model

Finally, we saved the weights of the trained siamese model to the ’siamesemodel100epochs.h5’
file. This saved model can be reloaded and used for further predictions and applications.

3.3 YOLO algorithm

Implementation, and results are critical components of any machine learning project. In
this section, we present the process of custom training and evaluation using YOLO, a
powerful object detection algorithm, and Roboflow, a versatile platform for managing
and augmenting datasets.

3.3.1 Utilizing YOLO Algorithm

We adopt the YOLO algorithm, which follows a single-pass approach to simultaneously
detect and classify objects within an image or video stream. This algorithm allows for real-
time object detection and has demonstrated superior performance in terms of accuracy
and speed.

3.3.2 Roboflow

Roboflow is a comprehensive platform that provides tools and workflows for efficiently
managing and annotating datasets. By curating our dataset, we ensured that it contained
a diverse range of objects relevant to our specific application. This allowed our model to
learn and generalize effectively to different object classes and variations.
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Figure 3.7: General view of Roboflow

3.3.3 Preparing a custom dataset

Developing a custom dataset can often be a tedious and time consuming task. The pro-
cess involves devoting significant hours to collecting the images, naming them accurately,
and making sure they are exported in the correct format. However, we have a solution to
simplify and speed up this process - Roboflow. With Roboflow, creating a custom data
set becomes remarkably easy and efficient. Allow us to explain the seamless process it
offers, making data set creation a hassle-free experience.

Creating project
Before we embark on our journey, it is imperative to create a Roboflow account. By doing
so, we unlock a multitude of valuable resources and capabilities. Once our account is set
up, we can navigate to the Roboflow dashboard and initiate a new project. It is crucial to
choose the appropriate project type that aligns with our objectives. In our specific case,
we have opted for Object Detection, enabling us to leverage Roboflow’s powerful features
for our project’s success.
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Figure 3.8: General view of Creating project

Uploading images

Moving forward, we proceed with the inclusion of data into our project. This pivotal
step can be accomplished seamlessly through two distinct approaches: leveraging our
user-friendly web interface or harnessing the power of our versatile API. If opting for
the former, simply drag and drop the directory containing your dataset in one of the
supported formats. In doing so, the Roboflow dashboard will astutely process the images
and annotations, synergistically amalgamating them for your convenience.

Figure 3.9: General view of Uploading images

Labeling
If we possess only images without any prior labels, Roboflow provides a remarkable solu-
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tion through its feature called "Roboflow Annotate." This powerful tool empowers us to
effortlessly label our images within the Roboflow platform itself. By leveraging Roboflow
Annotate, we can efficiently annotate and label our images, setting the foundation for
subsequent stages of our project.

Figure 3.10: General view of Labeling

Generate new dataset version
Having successfully incorporated our meticulously curated images and annotations, we
are now ready to embark on the next crucial phase: generating a Dataset Version. This
pivotal step grants us the opportunity to enhance the quality and versatility of our dataset
through the inclusion of preprocessing techniques and augmentations. While entirely
optional, opting for these additional measures can yield substantial improvements in the
overall resilience and performance of our model.
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Figure 3.11: General view of Generate new dataset version

Exporting dataset
Once the dataset version is generated, we, as users, are presented with a valuable as-
set—a hosted dataset that seamlessly integrates with our notebook for streamlined train-
ing. With a simple click on the "Export" option, we can effortlessly select the YOLO
v8 PyTorch dataset format, ensuring compatibility and leveraging its advantages in our
training process. This convenient feature expedites our workflow, enabling us to focus on
the core aspects of our project.
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Figure 3.12: General view of Exporting dataset

3.3.4 Custom Training

Installing YOLOv8
Before proceeding, we need to install YOLOv8 by executing the command.

Figure 3.13: General view of code install YOLOv8

This ensures that we have the necessary framework to train and evaluate our custom
model effectively.

Exporting the Dataset
To facilitate the training process, we can export our dataset using the code provided
by Roboflow. This code ensures that our dataset is correctly formatted and ready for
training. With a few simple steps, we can obtain a well-organized dataset that can be
loaded directly into our training notebook.
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Figure 3.14: General view of code to Exporting dataset

Initial Training
we utilized the Ultralytics YOLO commands, which follow a specific syntax:

Figure 3.15: General view of code to Exporting dataset

Results
After training the custom model, we can visualize the results by running inference on
images. The trained model is capable of detecting objects in real-world scenarios, and
the output can be displayed, providing a visual representation of the model’s performance.

Tableau 3.4: The comparison of epochs

Epochs Accuracy
5 epochs 0.86
10 epochs 0.85

100 epochs 0.93
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Figure 3.16: General view of matrix graphs

3.3.5 Validate Custom Model

To assess the performance of our custom model, we conduct a comprehensive evaluation.
We validate the model using a subset of images with filenames containing "valid". This
validation process provides valuable insights into the model’s accuracy and effectiveness.
Metrics, such as precision, recall, and F1 score, are computed and can be displayed along-
side graphical representations to aid in performance analysis.

Figure 3.17: General view of validation

3.3.6 Inference with Custom Model

To evaluate the model’s real-world performance, we utilize a separate subset of images
with filenames containing "test". Running the inference on these images allows us to
assess the model’s ability to accurately detect objects in various scenarios. The testing
results provide crucial information for evaluating the model’s generalization and practi-
cality.
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Figure 3.18: General view of testing

The result of testing with the frame of faces is illustrated in the accompanying image.
The image captures the output of our custom model during the testing phase, showcas-
ing its ability to accurately detect and localize faces in different scenarios. The model’s
performance in identifying and bounding faces is evident, demonstrating its effectiveness
in real-world applications. This visual representation provides a clear demonstration of
the model’s capabilities and serves as a testament to the success of our testing process.

Figure 3.19: Result of final test
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3.4 Comparison

Here’s a comparison table showcasing the accuracy of different models in face recognition
tasks:

Tableau 3.5: The comparison of epochs

Model Accuracy
YOLO 93%

TensorFlow 98%
Dlib 85%

In the case of TensorFlow, the accuracy achieved in face recognition tasks can be no-
tably high, reaching up to 98%. However, it is important to consider the context in which
this accuracy is evaluated. The mentioned accuracy of 98% is achieved when performing
a binary classification task, determining whether a person is present or not in a given
photo, camera feed, or video. This binary classification task is relatively simpler com-
pared to more complex face recognition tasks that involve identifying specific individuals
or distinguishing between multiple classes.

when comparing YOLO, TensorFlow, and OpenCV for face recognition, YOLO emerges
as the superior model. Its specialized architecture, optimized for real-time object detection
tasks, grants it a distinct advantage over more general-purpose frameworks like Tensor-
Flow and OpenCV. YOLO’s ability to achieve high accuracy, efficiency, and prioritize
real-time performance positions it as the preferred choice for face recognition tasks, espe-
cially in scenarios where real-time detection and classification are crucial requirements.
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In conclusion, this project has successfully explored and developed a face recogni-
tion system based on deep learning techniques. Through the use of convolutional neural
networks (CNNs) and the integration of the You Only Look Once (YOLO) algorithm,
accurate and efficient face recognition has been achieved. The project has demonstrated
the potential of deep learning in tackling the challenges associated with face recognition,
including variations in lighting conditions, facial expressions, pose, and occlusions.

The results obtained from the trained model have shown precision accuracy and recall,
indicating the system’s effectiveness in recognizing and verifying faces. The implemen-
tation phase involved the creation and preprocessing of a custom dataset, and careful
consideration of training parameters such as the number of epochs, learning rate, and
batch size.

This project contributes to the advancement of face recognition technologies and their
applications in various domains. The developed system holds significant implications for
security, surveillance, identity verification, access control, and human-computer interac-
tion. Moreover, the findings of this project shed light on the capabilities and limitations of
deep learning techniques in face recognition and provide insights for future improvements.

Moving forward, it is recommended to explore additional techniques and architectures
in deep learning to further enhance the system’s performance and robustness. Addition-
ally, expanding the dataset and incorporating data augmentation methods can improve
the system’s ability to handle diverse real-world scenarios. Furthermore, the integration
of user-friendly interfaces and real-time capabilities can enhance the system’s usability
and practicality.

Overall, this project has showcased the potential of deep learning in face recognition
and its significance in addressing real-world challenges. By leveraging the power of deep
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learning algorithms, we can continue to advance the field of face recognition and contribute
to the development of accurate and efficient solutions.
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Abstract

Face recognition based on deep learning is the subject of this scientific report, which
aims to develop highly accurate and efficient systems. The research focuses on the use of
convolutional neural networks and the You Only Look Once (YOLO) algorithm to extract
and classify complex facial features. Outcomes include assessments of accuracy, efficiency
and information retrieval. This study aims to enhance face recognition systems in various
fields, and to meet the requirements of security, comfort and interaction.

Keywords: face recognition, deep learning, neural networks, YOLO

Résumé

La reconnaissance faciale basée sur l’apprentissage profond est le sujet de ce rapport
scientifique, qui vise à développer des systèmes hautement précis et efficaces. La recherche
se concentre sur l’utilisation de réseaux de neurones convolutifs et de l’algorithme You
Only Look Once (YOLO) pour extraire et classifier les caractéristiques faciales complexes.
Les résultats comprennent des évaluations de précision, d’efficacité et de récupération
d’informations. Cette étude vise à améliorer les systèmes de reconnaissance faciale dans
divers domaines, en répondant aux exigences de sécurité, de confort et d’interaction.

Mots Clée : reconnaissance faciale, apprentissage profond, réseaux neuronaux, YOLO


