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General Introduction

General Introduction

Age, Gender and Ethnicity, are very important aspects in the lives of any person. They
help shape people into who they are, and who they would become, influence them and their
experiences. They are the first things someone notices about a person. Recognizing them
accurately is surely crucial for various real-world applications, such as security and

demographic studies.

Age perception shows the changes someone would experience, and the life that has
been lived, and the wiseness that have accumulated in someone’s mind, throughout their life

from their young to old ages.

Gender recognition highlights the experiences of people and how it affects their paths
and interactions. And it helps explore the complexities of people and patterns of identity and

identification.

Ethnicity recognition on the other hand indicates the culture, traditions, history and
many more of a human being. it shows how a person may adapt to a world full of cultures and

provides insight and connections to the present and the past.

Even with all the advancements that facial recognition technologies had over the
years, we are still incapable of accurately recognizing age, gender and ethnicity; especially
under bad lighting conditions, different poses, changes in facial expressions, and recognizing
the patterns to determine old people for the lack of their data. A lot of models specified for
these researches rely on limited datasets, making the adaptation to diversity harder. While the

biases in the data used to train these models, lead to unfair and inaccurate results.

The main goal of this work is to develop an effective and accurate system to recognize
age, gender and ethnicity of any given person using Convolutional Neural Networks (CNNs),
while keeping in mind to train the model with different facial expressions and lighting
conditions and poses. Whilst aiming to improve the system's effectiveness in real-world
conditions by classifying age into groups instead of predicting exact numbers for ages, for the

sake of enhancing the accuracy.

Nevertheless, Reducing biases in the models is important for us too and that is by
using a diverse dataset that goes by the name of (UTKFace) to train the models, trying to

ensure fair results for all population groups.
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Moreover, Applying the system in various fields is an aim for later because this
technology helps with security and surveillance, marketing, advertising, customer analysis,
and providing personalized user experiences, especially when we add to the system other

factors like emotion recognition and other factors.

Afterwards, Recognizing age, gender, ethnicity, requires a method called CNN. The
models are trained on a large dataset of over 20000 images (UTKFace), and a smaller one that
we made contatining less than 500 images to identify patterns and traits linked to age, gender
and ethnicity. With the trained models we can then estimate the age, gender and ethnicity of

any person from their facial images. While categorizing age into groups to improve accuracy.

After all we've said, the important things to know are the challenges and limitations
we may face working on making a good system, possibility of usage of the application under
any circumstance regardless of whatever may arise, such as lighting and facial expressions,

and most importantly, the correlation between age, gender and ethnicity in human beings.

Regarding the chapters that we chose to work on, they are 4. The first one, gives a
general view over Al and its applications including diving deeper into computer vision, and
CNNs, whilst the second chapter is about the definitions and the state of the arts, the third
chapter is about the training and datasets used, and also the implementation of our models,

then their evaluations.

Finally, the general conclusion will summarize the findings of various approaches and

give some perspectives on future works.

Also, after the general conclusion, we have an appendix to state all the needed things

to state but aren’t essential for the thesis.
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Chapter 1: Introduction to Artificial Intelligence

1. Introduction

Age, gender and ethnicity recognition is a well known area in computer vision and
artificial intelligence research especially age and gender recognition systems. These systems
aim to automatically recognize and classify people based on their age, gender and

ethnicity/race using facial images.

2. Atrtificial Intelligence

The concept of artificial intelligence refers to the way in which the capabilities of
human intelligence are simulated. It is a part of computer science that deals with the process
of designing intelligent systems that exhibit a set of characteristics that are linked to

intelligence related to many human behaviors.[1]

it is an aspect of computer science that relies on providing a variety of methods,
techniques, and tools to create models and solutions to issues by simulating the behavior of

individuals.[2]

Artificial intelligence is also categorized into two types, the first type is weak artificial
intelligence, which focuses on a set of specific and narrow tasks, such as self-driving cars, and
the other type is strong artificial intelligence, which is known as artificial general intelligence
(AGI), and this type is able to perform most of the cognitive functions that humans may have,

in addition to applying intelligence to more than one problem.[3]
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Deep learning

Example: Example: Example:
Example: Shallow Logistic Knowledge
MLPs autoencoders / regression bases

Representation learning

Machine learning

Fig. 1: Artificial Intelligence Domains [4]

2.1. Al technologies

Artificial intelligence technologies are the set of software, tools, and algorithms used
to develop and implement artificial intelligence, and among these technologies we mention
the main ones: Machine learning, deep learning, computer vision, expert systems and robotics,
these technologies are characterized by rapid and continuous development thanks to research

efforts.

e Machine Learning: It is a field in computer science that is concerned with developing
systems to make them more human-like. It relies on data and algorithms to train systems
so they improve their performance over time. While its usage and applications vary, such

as voice recognition, machine translation and data analysis.

e Deep Learning: It is a branch of machine learning that focuses on using multi-layer NNs
(Neural Networks) to understand and analyze data. It aims to represent data at multiple
representational levels and automatically learn distinctive features. Its usage also vary,

such as in image recognition, machine translation and text analysis.
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e Computer Vision: It is a field that uses machines to recognize people, places and objects
in images with accuracy that reaches human levels, even exceeds it sometimes by how
quick and efficient it acts using complex models of Al. It works by extracting useful

features from images to then analyze and categorize it and understand it.

e Expert Systems: It is a computer Application for decision-making in real-life
situations,[5]; it aims to simulate the human logic of experts in a particular field of

knowledge.

e Natural Language Processing (NLP): Natural Language Processing (NLP) is a sub-
science of artificial intelligence, which in turn is a branch of informatics and interferes
heavily with language sciences that provide linguistic characterization to the computer.
This science enables us to create software that can analyze, simulate and understand
natural language, as this latter is used in many fields, including machine reading of texts,

automatic text or speech generation, information extraction, and machine translation.[5]

e Neural Network (NN): A neural network is a system designed to simulate the way the
human mind performs a particular task. It is a huge, evenly distributed processor made up
of simple processing units, these units are nothing but computational elements called
neurons or have a neuronal property where they store practical knowledge and empirical

information and make it available to the user by adjusting the weights.[5]

2.2. Historical Development of Al

In the mid-20th century, a few scientists began to explore a new approach to building
intelligent machine based on new discoveries in neuroscience, a new mathematical theory of
information, the development of cybernetics and, above all, the invention of the digital
computer, and then inventing a machine that can simulate the human computational thinking

process.[5]

The modern field of Al research was founded at a conference on the campus of
Datmouth College in the summer of 1956, these attendees became the leaders of Al research
for several decades, especially Marvin Herbert Simon, Allen Newell and Lee Minsky, whom

founded the Al labs at MIT.[5]
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MIT, Carnegie Mellon University and Stanford University, they and their students
wrote programs that amazed most people. The computers they made were solving algebra

problems, proving logical theorems and speaking English.

By the mid-1960s this research was generously founded by the U.S. Department of

Defense and these researchers made the following predictions:

e In 1965: Herbert Simon, “In twenty years, machines will be able to do any job a human

being can do”.

e In 1967: Marvin Minsky, “Within a generation, the problem of creating artificial

intelligence will be largely solved”.
But, they failed to recognize the difficulty of some of the issues they faced in 1974.

Criticisms of Al, and constant pressure from Congress to fund more productive
projects, the U.S. and British governments cut funding for all AI-Oriented exploratory, which

was the first setback for Al research.

In the early 1980s, Al research experienced a renaissance with the ongoing success of
expert systems, which is an Al program that mimics the knowledge and analytical skills of

one or more human experts.

By 1985, AI research profits in the market reached more than a billion dollars.
Governments started funding again and a few years later, starting with the collapse of the lisp

machine market in 1987, Al research once again experienced a setback but this time longer.

In the 1990s and early 21% century, artificial intelligence made even greater strides
being used in logistics, data mining, medical diagnostics and many other areas, throughout the

technology industry.
The success is due to several factors, the most important of which are:
e The great computational power of today’s computers.
e The increased focus on solving specific sub-problems.
e The creation of new relationships in Al and other areas working on similar issues.

e Researchers began to adhere to strong mathematical methods and rigorous scientific

standards.
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2.3. AI Applications

There are many applications of Al worth noting in many different and diverse fields

and here we state some of them.

e Personalized shopping: Artificial Intelligence technology 1is wused to create
recommendation engines through which you can engage better with your customers.
These recommendations are made in accordance with their browsing history, preference,

and interests. [6]

e Autonomous Vehicles: Automobile manufacturing companies like Toyota, Audi, Volvo,
and Tesla use machine learning to train computers to think and evolve like humans when

it comes to driving in any environment and object detection to avoid accidents.[6]

e Spam Filters: The email that we use in our day-to-day lives has Al that filters out spam
emails sending them to spam or trash folders, letting us see the filtered content only. The
popular email provider, Gmail, has managed to reach a filtration capacity of

approximately 99.9%.[6]

e Facial Recognition: Our favorite devices like our phones, laptops, and PCs use facial
recognition techniques by using face filters to detect and identify in order to provide
secure access. Apart from personal usage, facial recognition is a widely used Artificial

Intelligence application even in high security-related areas in several industries.[6]

e Healthcare: Artificial Intelligence is widely used in the field of healthcare and medicine.
The various algorithms of Artificial Intelligence are used to build precise machines that
are able to detect minor diseases inside the human body. Also, Artificial Intelligence uses
the medical history and current situation of a particular human being to predict future
diseases. Artificial Intelligence is also used to find the current vacant beds in the hospitals

of a city that saves the time of patients who are in emergency conditions.[7]

e Insights and Analysis: With the help of Al a collection of large datasets, that includes
clinical data, research studies, and public health data, to identify trends and patterns. This

inversely provides aid in surveillance and public health planning.[7]

e Telehealth: This feature enables doctors and healthcare experts to take close monitoring
while analyzing data to prevent any uncertain health issues. Patients who are at high risk

and require intensive care are likely to get benefited from this Al-powered feature.[7]
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Gaming: Artificial Intelligence is really dominating the field of the gaming industry.
Artificial Intelligence is used to make a human-like simulation in gaming. This enhances
the gaming experience. Apart from that, Al is also used to design games, predict human
behavior, to make the game more realistic. Various modern games use real-world

simulation for gaming using AL[7]

Quality Assurance: Testing games & ensuring their performance gets easier allows testers
to perform rigorous testing in comparatively less time. It empowers and fixes all the game

mechanics and any other potential bugs that can hinder performance.|[7]

Game Assistance: Al algorithms offers virtual assistance during gaming sessions that
include tips, tutorials, and other useful resources. This feature help players to be in the

game & understand the metrics during the whole time session.[7]

Animation: To make games more realistic, machine learning and artificial intelligence
algorithms are being used in today’s gaming industry. Techniques such as Neural

network empowers stimulation and facial expressions for an immersive experience.[7]

Computer Vision

Computer Vision is a field of Al that focuses on enabling computers to process,

analyze, and understand digital images and videos.

It involves the extraction of high-dimensional data from the real world to produce

numerical or symbolic information that can be used for decision-making.

_— > e e e > I
o—0 AN ST S Not :

Input Feature extraction - Classification Output

Fig. 2: A demonstration of features extraction leading to output. [§]

It also aims to mimic both the way that we humans see and the way we sense the

world that we see around us, that is with the involvement of training computers and systems

to identify and understand objects and beings that it sees, by extracting patterns in images and

videos.
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Using machine learning and neural networks, computer vision systems can derive

meaningful information from visual inputs and take actions or make recommendations based

on the information.

3.1. Computer Vision Techniques

There are many techniques in computer vision and these are some of the most

commeon ones:

Image Processing: It includes several techniques such as filtering and morphological

operations to optimize the images for further analysis. [9]

Feature Detection and Description: This technique is done by identifying key points or
features in an image and describing them in a way that is unaffected by changes in size,

orientation, and lighting.

Object Detection and Recognition: this is done by localizing objects within images or
videos, often using deep learning models such as convolutional neural networks (CNNs).

[10]

Semantic Segmentation: This is based on dividing the image into regions with a certain

semantic meaning, such as distinguishing between different objects or backgrounds.
Tracking and Motion Analysis: Monitoring the movement of objects over time in videos.

3D Reconstruction: Creating 3-Dimensional models of objects or scenes from multiple

images or videos frames.

3.2. Computer Vision Applications

There are many applications that we could state so we took the most common and

researched ones in our world today:

Autonomous Vehicles: Computer Vision enables vehicles to perceive their environment
and make decisions autonomously, crucial and important for tasks like navigation and

obstacle avoidance.

Surveillance and Security: Monitoring and analyzing video feeds for identifying security

threats or unusual activities.
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e Medical Imaging: Assisting healthcare professionals in tasks like tumor detection, organ

segmentation, and disease diagnosis from medical images.

e Augmented Reality: Overlaying digital information onto the world, enhancing user

experiences in fields like gaming, education, retail and much more.

e Industrial Automation: Utilizing computer vision for quality control, object tracking and

robotic manufacturing processes.

e Retail and E-commerce: enhancing customer experiences through features like visual

search, recommendation systems, and inventory management.

e Agriculture: Monitoring crop health, yield estimation, and automated harvesting through

aerial and ground-based imagery analysis.

4. Convolutional Neural Networks (CNNs)

A convolutional neural network (CNN) is a type of deep learning algorithm, and it is
well-suited for analyzing visual data, such as images. They use principles from linear algebra,

specifically convolution operations, to extract features and identify patterns within images.
[11]

CNNs are designed to automatically and adaptively learn spatial hierarchies of
features through back-propagation by using multiple building blocks, such as convolution
layers, pooling layers, and fully connected layers [Fig.3]. CNNs have become the state of the

art for many visual applications, including image classification and object recognition.[12]

The architecture of a CNN typically consists of an input layer, an output layer, and
multiple hidden layers in between. The core building block of a CNN is the convolutional
layer, which applies convolution operations to the input data to extract features. The earlier
layers of a CNN focus on simple features, such as colors and edges, while the deeper layers
recognize larger elements or shapes of the object. This hierarchical approach allows CNNs to

capture hierarchical patterns and spatial dependencies within images. [13]

CNNs are trained using a large dataset of labeled images, where the network learns to
recognize patterns and features associated with specific objects or classes. They can also be

adapted to work with audio and other signal data, making them versatile for various tasks.

10
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CNNs have applications beyond image recognition and analysis, including natural language

processing, drug discovery, health risk assessments, and depth estimation for self-driving cars.

Convolutional Max Pooling Dense
Layers Layer Layers

Output Layer

Image _— — — ———

Fig. 3: A simple representation of a CNN architecture. [14]

5. Conclusion

Through what we covered in this chapter, we were able to know the conceptual
framework of Al and Computer Vision, as well as some different applications of Al and
Computer Vision and an attempt to define each of them. We will move on to the next chapter,
in which we will discuss the general concepts of age, gender and ethnicity recognition as well

as mentioning some previous studies.

11
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Chapter 2: Definitions & State of the Arts

1. Introduction

After presenting general concepts about Al technologies and their important
applications in the previous chapter, we now turn to age, gender and ethnicity
recognition and face recognition technologies with an attempt to give an overview of

them in addition to presenting some previous studies.

2. Face Recognition

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 technology 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 systems. [26]

Facial recognition technology (FRT), once a futuristic fantasy, has become an
undeniable presence in our world. It has exploded onto the world stage, transforming

from a figment of science fiction into a force shaping our daily lives.

This powerful tool can uniquely identify individuals using their facial
characteristics, promising a future filled with convenience and security. From
unlocking smartphones with a glance to streamlining airport security procedures,

FRT’s potential applications seem endless.

However, this exciting technological advancement is not without its
complexities. Ethical considerations regarding privacy, bias, and the potential for
misuse cast a long shadow over its widespread adoption. As we navigate the
landscape of FRT's impact, a deeper understanding of its evolution, its multifaceted

applications, and the ethical considerations surrounding it becomes crucial.

12



Chapter 2: Definitions & State of The Arts

2.1. History of Facial Recognition

The implementation of facial recognition is not new, in fact, its roots date
back to the 1960s when facial recognition was manually implemented by Woodrow
Wilson Bledsoe. Bledsoe is largely considered the father of facial recognition for
developing a system that classified photos of faces through a RAND tablet, which was

a graphical computer input device.

With this device, Bledsoe manually recorded the coordinate locations of facial
features such as a person’s mouth, nose, eyes, and even their hairline. Back then,

computers weren't powerful enough to handle complex calculations.

So, people had to manually record facial features in a log and then compare
new photos to those entries by hand. It wasn't very efficient, but it was a starting point

to start searching about and studying facial recognition.

In the late 1980s, a new mathematical technique called linear algebra
(developed in the mid 1800s), gave facial recognition a big boost. Researchers figured
out a way to represent faces using just a small set of key features, instead of needing a
ton of data. This was like finding a shortcut to identify faces. This method, called
Eigenfaces, laid the groundwork for the powerful facial recognition systems we have

today. [15]

g ENER

Fig. 4: Examples of Eigenfaces. [15]

13
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Eigenfaces is a machine learning method that help store more information in
smaller sizes with only linear algebra fundamentals. It is a method that is useful for
face recognition and detection by determining the variance of faces in a collection of
face images and use those variances to encode and decode a face in a machine
learning way without the full information reducing computation and space complexity.

[27]

It wasn’t the only one that laid the groundwork of modern facial recognition

systems though but also programs like FERET.

These initiatives involved building vast databases of facial images. This
seemingly simple step — collecting a large number of faces for testing — proved crucial.
It allowed researchers to experiment with different methods of identifying people

from their faces.

The government then took the reins in the 2000s, sponsoring competitions like
FRVT and FRGC. These programs pushed the boundaries of facial recognition even
further. By pitting different systems against each other, they accelerated

advancements in accuracy.

As a result, facial recognition technology became significantly more reliable

leading to improved accuracy and reliability in facial recognition systems.

The rise of social media platforms like Facebook in the 2010s marked another
turning point. Facebook’s use of facial recognition for photo tagging brought the
technology directly to everyday users. While convenient, it sparked concerns about

privacy.

The idea of having your face constantly analyzed rasied questions about data
security and potential misuse. Despite these concerns, facial recognition continued its

march forward.

Smartphones like the recent iPhone X, as an example, incorporated facial
recognition for unlocking devices, showcasing its potential for everyday use beyond

social media.
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Today, the applications of facial recognition technology extend far beyond
unlocking phones. Companies like NEC are using it to enhance security at airports

and borders, aiming to streamline processes and improve safety.

Additionally, the concept of "paying by face" is emerging, hinting at a future

where our faces could replace traditional payment methods.

However, the rise of facial recognition is not without challenges. Privacy
remains a major concern. Questions linger about how facial data is stored and used.
Additionally, there are concerns about bias and accuracy, particularly regarding the

technology's ability to correctly identify people of color.

The future of facial recognition is uncertain. It holds the potential to

revolutionize various industries, offering enhanced security and convenience.

However, ethical considerations and potential misuse cannot be ignored. As
we move forward, it is crucial to strike a balance between technological advancement
and the protection of individual privacy. Only through responsible development and
implementation can facial recognition technology truly fulfill its potential for a safer

and more efficient future.[16]

2.2. Present-day Facial Recognition

Today, FRT is rapidly integrating itself into various aspects of our lives. It is
transforming the way we approach security, law enforcement, access control,

financial transactions, and even our smartphones.

Airports and border control facilities now rely on FRT to facilitate security

checks and identify potential threats.

Law enforcement agencies utilize FRT to aid in identifying suspects and

missing persons by comparing captured faces to databases.

Businesses and organizations are implementing FRT for access control

purposes, whether it's recognizing authorized personnel or securing high-risk areas.

Additionally, the concept of "paying by face" is gaining traction, potentially
revolutionizing financial transactions. Imagine a future where a simple glance can

replace the need to swipe your credit card.
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Furthermore, FRT has become a popular feature on smartphones, offering a
convenient and secure alternative to traditional passwords. As FRT continues to
advance, it holds the potential to reshape our daily lives in ways we could never have

imagined.
3. Age, Gender and Ethnicity Recognition

Age, gender, and ethnicity recognition systems are advanced tools that analyze
facial features to identify and classify individuals based on their age, gender, and
ethnicity. These systems have various applications, such as enhancing security

measures and improving user experience in different industries.

3.1. Age Estimation

Age and age recognition are important concepts that have implications in
various domains, including cognitive processes, biometric recognition, computer
vision, and social institutions. Age plays a significant role in understanding human

development, cognitive abilities, and the impact of aging on different aspects of life.

Age recognition, on the other hand, is crucial for tasks such as identification,
verification, and face recognition in various applications. Age recognition is a crucial
component of biometric systems, which are used for personal authentication and

identification purposes.

Automated fingerprint recognition systems, for example, rely on age
recognition to process a diverse range of fingerprints and support consistent detail
extraction for identification and verification, it is also important for enforcement. [17]
It helps identify criminals and suspects, which is crucial in forensic investigations.

This feature ensures that the identification process is accurate. [18]

3.2. Gender Recognition

Gender and gender recognition are important topics that have significant
implications for individuals and society as a whole. Understanding gender and
recognizing the diverse experiences of individuals can promote respect and equity.
Gender recognition in itself refers to the ability of Al systems to identify and predict

the gender of individuals based on their facial features. This technology utilizes
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machine learning algorithms that analyze and compare facial characteristics that
distinguish male faces from female faces, such as nose length, cheekbone shape, lip

thickness, and eyebrow position.[19]

GENDER:

L _J Male

GENDER:
Female

Fig. 5: An image showing a system recognizing faces and classifying them. [19]

Gender recognition has various potential applications. For example, it can be
used in healthcare services to tailor the diagnosis and treatment of certain conditions
that differ between males and females, such as cardiovascular diseases, autoimmune
disorders, or mental health. Whilst, companies and shops could use the technology to

gather information about the gender distribution of their costumers.

3.3. Ethnicity Prediction

Ethnicity is a complex social construct that refers to a person's cultural
background, including shared customs, traditions, language, and heritage. It is often
associated with a person's racial or national identity. It can be self-identified or

ascribed by others based on physical characteristics, cultural practices, or ancestry.
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facial recognition algorithms, has been used to predict or detect ethnicity
based on facial features. These algorithms analyze facial characteristics such as skin

color, eye shape, and facial structure to deduce demographic data and make

predictions about a person's ethnicity.

age: 51 age; 52 age: 52 age: 63
gendar: Mala gender: Femalae gendar: Female gender: Female
race: White race: White race: White race: White

age: 51 age: 52 age: 52 age: 53
gander: Femala gander: Male gendar: Female ender: Femala
g
race: White race: White race: White race: White

Fig. 6: An image showing an Al recognizing age, gender and race. [20]

Research studies have also shown that Al models can predict race or ethnicity
with high accuracy using medical images, such as chest x-rays. These models have
demonstrated the ability to detect patterns in facial landmarks that differentiate

between different ethnic groups. [21]

However, it is worth noting that human experts are often unable to make such
predictions by looking at medical images, making the accuracy of Al models in this

context remarkable.[21]
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4. Age, Gender and Ethnicity Literature Review

Facial recognition technology has made significant advancements in age and
gender recognition, and researchers have been exploring its applications in race and
ethnicity recognition too, whilst age and gender are frequently studied together, race

and ethnicity are often investigated independently.

4.1. Age and Gender Literature Review

Age and gender, 2 independent problems that have always been studied
together by many people including us, the estimation of them has seen such an

advancement in recent years.

In the work of MiVOLO-V2, the capabilities of the recent models were
compared in a specialized task for age and gender estimation using the MiVOLO
state-of-the-art model, yielding interesting results and analyses about the strengths
and weaknesses of the combined models, as well as an attempt to modify the
ShareGPT4V model for this specific task in order to achieve state-of-the-art results.
[22]

One of the results obtained, is that this model will not be practical in
production as it is too expensive compared to a specialized model like MiVOLO, but
it can be very useful in some tasks such as data annotation, specifiying that
MiVOLO-V2 managed to get an accuracy of 97.39% on the Adience gender dataset.
[22]

ViT-hSeq is another model to improve accuracy of age and gender
classification using facial feature proccessing, the model outperforms ther previous
state-of-the-art implementations, increasing the accuracy by 10% for age estimation,

while achieving 84.91% for age estimation on the Adience age dataset. [31]

One of the other models that ranked 3rd in both age estimation and gender
estimation, named MiVOLO-D1, using both face details and body images of people,
to make the model adaptable and able to give good results even in the absence of

faces. This model even outperformed humans in most identifying ages of people. [32]
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RetinaFace + ArcFace + MLP + Skip connections is a study that explored
MLP designs for improved performance. The researchers tested various MLP

architectures using age and gender datasets, giving them an accuracy of 90.66%. [33]

CGP presents a method for continuous deep learning that combines deep
model compression, critical weight selection, and incremental mediation of networks.
The goal of the study was to learn new tasks while retaining knowledge from previous
tasks, using an easy to implement method, preventing forgetting previous tasks,
allowing for model expansion, and keeping the model compact by compressing and
selecting important information. The method shows that knowledge from previous

tasks can improve the model performance on new tasks, giving us and accuracy

89.66% on the Adience gender dataset. [34]

AL-ResNets-34-IMDB-wiki introduced a new method for accurately
estimating age in real-world- settings. The method combined Residual Networks with
long short-term memory networks to improve the accuracy of age estimation. The
model is fine-tuned and further fine-tuned on IMDB-WIKI-101 dataset and then
target age datasets to extract overall facial features, while an LSTM module was

introduced to pinpoint age-sensetive regions and extract local features, achieving

67.47%. [35]

In R-SAAFc2 paper proposed the interactive activation functions and how to
apply them to CNNs in regression tasks. When CNNs were evaluated experimentally
using SAAFs, they showed improved results on a set of positional age estimation

datasets, including Adience age dataset, with an accuracy of 67.3%. [36]

20



Chapter 2: Definitions & State of The Arts

Rank Model Accuracy | Year
1 MiVOLO-V2 97.39% | 2024
2 ViT-hSeq 96.56% | 2024
3 MiVOLO-D1 96.51% | 2023
4 RetinaFace + ArcFace + MLP + Skip connections 90.66% | 2021
5 CPG (Single Crop Pytorch) 89.66% | 2019

Tab. 1: Age And Gender Classification on Adience Gender. [29]

Rank Model Accuracy | Year
1 ViT-hSeq 84.91% | 2024
2 MiVOLO-V2 69.43% | 2024
3 MiVOLO-D1 68.69% | 2023
4 AL-ResNets-34 + IMDB-WIKI 67.47% | 2018
5 R-SAAFc2 +IMDB-WIKI 67.3% 2017

Tab. 2: Age And Gender Classification on Adience Age. [30]

MiVOLO-V2 [22] is a state-of-the-art (as of 4 march 2024) open-source
neural network for gender estimation. It is a multi-input transformer model that
leverages the latest vision transformer technology to perform age and gender
recognition in challenging real-world conditions. The model integrates both age and
gender estimation tasks into a unified dual input/output model. It not only utilizes

facial information but also incorporates body images to improve accuracy.[22]
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It was trained using mutliple datasets combined to create a very large dataset
of images (IMDB-clean / UTKFace / FairFace / Adience / AgeDB / LAGENDA), and

additionaly extending the train dataset to contain over 800k samples.

WeightedMSE BinaryCrossEntropy
age loss gender loss
T 1x1 12 T
Model Outputs
T 1x3

s ]

1

’ Two-stage VOLO architecture l

!

Fused Joint Representation
192 x 28 x 28

Face features

192 x 28 x 28 192 x 28 x 28
T t
‘Body Patch Embedding ! Face Patch Embedding
/ Bx8 i 74 BxB

]
/

r Body Crop Face Crop
3 x 224 x 224

3x 224 x 224

Fig. 7: The architecture of MiVOLO-V2. [22]

The approach taken by the state-of-the-art is particularly useful in scenarios
where the face is partially or completely occluded, and there is variability in
conditions, pose complexities, and image quality. It has given very accurate results in

age and gender estimation tasks.
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!

prediction on the Adience dataset [28]. Additionally, it has demonstrated high

\1
Fig. 8: An image showing the MiVOLO-V2 recognizing the age and gender. [22]

It has been recognized as the current state-of-the-art model for gender

accuracy in age prediction, contributing to the advancement of age estimation

techniques.

The MiVOLO-V2 model represents a significant advancement in age and
gender estimation tasks, offering state-of-the-art performance on the Adience Gender
benchmark and demonstrating the effectiveness of its multi-input transformer

architecture and that is because it can identify a person using even just a body [fig.9].

Fig. 9: An image showing how this method works wihtout a face [37]
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About the challenges and limitations of of this state of the art model, we know
that MiVOLO-V2, encountered refusal to process images with significant losses over
21%, and that was occasionally of course, also according to their paper, the fine-
tuning of a Multimodal Large Language Model (MLLM) is quite expensive, which
makes it not practical for production compared to a specialized model, and the
computational requirements, which can limit their practicality and accessibility in

certain scenarios. [22]

ViT-hSeq on the other hand, is a stat of-the-art for age estimation with an
accuracy of 84.91%, using age groups unlike MiVOLO-V2 that gives a specific age
directly.

It was trained using the Adience dataset, which includes a total amount of
19370 individual images, labeled with their respective age-groups and genders as
follows, 8 groups for age [(0-2), (4-6), (8-12), (15-20), (25-32), (38-43), (48-53),
(60,100)] and 3 labels for gender [f,m,u], meaning female, male and unidentified
respectively, using a hybrid model that employs the intra-attention-based knowledge
gained on sub-characteristics of facial attributes, which is later clubbed with

spatialpattern processing capabilities of BILSTM (hybrid-Sequencer). [31]
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Input Layer

h
Transformer
Pretrained
Attention Head

b

Hybrid Sequencer
Block

v

Dense Prediction
Block

Classes

Fig. 10: The architecture used to predict the classes. [31]

4.2. Ethnicity/Race Literature Review

Race estimation refers to the process of identifying or categorizing individuals
into different racial groups. Race estimation has seen advancements in recent years,

particularly with the use of deep learning techniques.

Race estimation with deep networks [23] is centered on addressing the issue of
ethnicity identification for 4 ethnic groups. BUPT Equalised Face dataset was used to
train the deep convolutional network ‘R-Net’ which in fact achieves a very superior

accuracy of 97%, the model was then texted using ‘UTKFace’ and ‘CFD’ datasets and

25



Chapter 2: Definitions & State of The Arts

compared to VGG16 for race estimation, which demonstrated its robustness for its

usage in unconstrained environments.

Some research [39] in ethnicity classification used Efficient CNN models and
focused on the central part of the face alone, comparing to the results of 2 distinct
CNN models, using a wait-and-see test on the MORPH and FERET datasets. The
classification on 4 classes gave an accuracy of 85% on Model A and 86% on Model B

from their study. [39]

Another research [40] to classify ethnicity based on images, used the IDL-
ERCFI technique, which is based on smart DL. This technique uses facial landmarks
to align the images before sending them to the network. The proposed model in this
research uses an exclusion network as a feature extractor. Since the retrieved features
are high-dimensional, the feature reduction procedure uses principal component
analysis ( PCA) technique, which is effective in overcoming the “curse of
dimensionality”. furthermore, the racial classification procedure was by using the
kernel optimal maximum likelihood learning machine (KELM), with the parameters

of the KELM model tuned using glowworm swarm optimization (GSO). [40]

The state-of-the-art work trained R-Net on the BUPT Equalised Face dataset
[38], which contains approximately 1.3 million images in an unrestricted environment.
The model achieved a state-of-the-art accuracy of 97% for race identification of four

broad racial groups: Caucasian, African, Asian, and Indian. [23]
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Caucasian

African

Asian

Indian

Fig. 11: The 4 classes used for prediction and training. [23]

The work starts by taking a face rotating it, till the horizontal line of the eyes
is estimated, then crops the image to keep only the features of the face, such as the
nose, face shape, eyes, eyebrows and mouth then it gets re-sized to a size of 40x40

and converted to gray-scale then classified.

(a)

Fig. 12: An image showing how the face gets rotated [23]
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BUPT Equalized Face Dataset
(downsampled to 440000)

l

D
N ) ) A
2D Alignment Process to align T
the faces A
| 4
¥ R
: E
Target images are cropped ~
around the face P
R
o
C
Convert the images to §
gray-scale S
I
N
G
Resize the images to 40x40 Test set of 8000 gray- /
scale images A
Trammg set of 400000 ol Validation set of 32000
gray-scale images gray-scale images
MODEL CREATION
> Train & Validate the <
Deep Neural Network for Race
Classification
v
Tramed DNN Model for Race
Classification

v

/ PREDICTION /

Caucasian/Afnican/Asian/
Indian?

Fig. 13: An image showing the architecture of the ethnicity recognition model [23]

The model was also evaluated on other datasets, namely UTK and CFD, and

compared with a fine-tuned VGG16 model for race estimation.
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Race and ethnicity is a concept defined by humans about looks and cultures
and how the people dress, making it harder for machines to accurately identify all of
the races and ethnicities without a margin of error or bias, especially that there is an
increased growth of the mixed-race population that further complicates the
identification of a certain race or ethnicity, as it blurs the boundaries between the

races that exist now.

The selection of training samples also plays a significant and crucial role in
determining the performance of the model in real life scenarios, trying to avoid all
biases and discrimination. Meaning, The selection of data samples to train should be

picked very wisely and carefully.

5. Conclusion

In this chapter, we have given an overview of the concepts of age, gender,
ethnicity and facial recognition, and presented the latest developments in the state of
the arts of the said subjects and a bit of history about facial recognition, which made it
clear that there is room for improvements, upon improving more the accuracy and

robustness of the models especially in the field of ethnicity recognition.

In the next chapter, we will be moving on to talk about the dataset we used to
create our deep learning models and the models themselves, and the development
while showing the training and explaining the process of it and then seeing the results

and evaluating them and the models themselves.
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Chapter 3: Data, Models, Evaluation & Results

1. Introduction

After all that we’ve mentioned in the previous chapter, we concluded that age,
gender and ethnicity are important tasks in the field of computer vision and deep
learning. These tasks involve analyzing facial images to determine the age, gender

and ethnicity/race of people.

The main objectives of this study are to estimate age, gender and ethnicity
from images using Al and machine learning. These objectives will be achieved by

proposing models based on deep learning using CNNss.

The proposed models will be separate for each task, with one model for age
estimation, another for gender recognition, and the third for ethnicity detection,

allowing the accuracy of each task to be optimized independently.
2. Data Collection & Training

2.1. Data Requirements

Training data is the foundation of any successful machine learning and deep
learning model. To accurately estimate age, gender and ethnicity, we need several

requirements to ensure the effectiveness and accuracy of the models.
e Data diversity

e Age diversity: The data should include diverse ages/age groups,
ranging from infants to the elderly. This helps in training the model

to recognize subtle differences between the different age groups.

e Gender diversity: The data should have a roughly equal distribution
of males and females to ensure that the model can accurately

recognize gender differences.

e Ethnic diversity: The data should include images of people of
different races (whites, black, asians, ...etc) to ensure that the model

can handle racial differences correctly.
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e Data volume and quantity

To develop a reliable and accurate model, the dataset should be large enough
to cover all possible categories. Generally, the larger the dataset, the better the

model’s generalization and prediction accuracy.
e Image quality

The images should cover a variety of lighting conditions and shooting
environments ( such as indoor and outdoor settings, natural and artifical lighting) to

ensure the model can handle different conditions.
e Dataset choices

To do the trainings of our project here, lots of datasets can be used, such as
Adience dataset, IMDB dataset..ctc, and we used a certain dataset called UTKFace,
one of the most well known datasets out there, other than Adience itself being the

most well known for age and gender.

It was specifically chosen because it has all of the things we need to work on,
from age, gender and ethnicity, to a lot of variety in the data, such as multiple ethnic

groups and ages and close to perfect percentage of gender distribution.

We also used a dataset that we created by images of people we know and
people we found on the internet from actors and actresses to stars and footballers, and
it is just to help out the bias of UTKFace so we don’t find the need to actually talk

about it since it is only less than 500 images.
e UTKFace dataset

UTKFace boasts over 20,000 images containing faces captured "in the wild",
meaning they depict real-world scenarios with variations in pose, lighting, expression,

and image resolution. [24]

Each image comes with annotations for age, gender (male or female), and
ethnicity. This allowed us to train and evaluate algorithms that can automatically

estimate these attributes from facial features. [24]

The dataset also offers pre-aligned and cropped face images. Additionally,

facial landmark annotations (identifying 68 key points on each face) are included,
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facilitating tasks like facial pose estimation. Whilst also being available free of charge

and for non-commercial purposes. [24]

The dataset gender distribution is close to perfect with males having just 2.3%

more images then women :

Gender distribution - whole sample

Male

Female

Fig. 14: The distribution of Males & Females in the dataset. [25]
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Whilst the distribution of ethnicity is a bit concerning because it may have more white

people than wanted, with them being close to half with 42.5%:

white

black
other

indian

Fig. 15: The distribution of Ethnicities in the dataset. [25]

Age distribution has a lot of people between their 20s and 30s too and very
few people above 90:
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Age distribution - whole sample
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Fig. 16: A graph showing the age distribution of the dataset. [25]
e Applications and Limitations

Algorithms can be trained to predict a person's age based on facial features.
This has applications in demographics analysis, age verification for online services,
and potentially even personalized healthcare. identify the gender of a person from

their face. This can be used in security systems or targeted advertising.

Algorithms can also be trained to categorize faces based on ethnicity.
However, this is a complex task due to social and cultural factors influencing how

ethnicity is categorized.

While UTKFace is a valuable resource it still has its limitations. As with many
datasets sourced from the internet, there's a potential for bias in the data. The images
might not represent the global population demographics accurately, and might not
have a balanced representation of all ethnicities. potentially impacting the

performance of algorithms trained on UTKFace.
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2.2. Model Proposals and Training

Training and model proposal-wise, we’ve managed to train all the models with
personalized architectures except age which was a pre-trained model that was
perfected, meaning, everything was trained from scratch except for age training which
was transfer learning, taking help from keras, we’ve managed to create architectures
that mimic VGG16 and VGG19 and we’ve tried multiple architectures too in order to

create the best models for us, that we’d be discussing bit by bit as we move on.

e Age Training

Age training here was a hardship to accomplish, it took us most of the time of
our work, From trying RestNet50 architecture to train on our dataset, then finding out
it wouldn’t work because of the usage of the old ‘ktrain’ library, that gave us a model
with the old files of (.h5) and (.preproc), that cannot be imported to the current
Tensorflow library, then we managed to create multiple model architectures to try,
unfortunately for us, all of the models gave less than 50% accuracy, not forgetting the

usage of many other pre-trained models like ‘EffecientNetB0’ and ‘VGG16°.

With all the research that we did to get age recognition to a percentage that
would be acceptable in our eyes, we found a pre-trained simple personalized model
already trained on another dataset called ‘Facial-age’ from a study website for

machine learning called skillcate[15], with this architecture [Fig. 17]:
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conv2d

input average pooling

conv2d

average pooling

conv2d

average pooling

conv2d
average pooling
global average

pooling
dense

(200,200)

(7)

Fig. 17: The architecture of the model used for age training

Also we used a classification function to classify the dataset we have into age

groups.

def class labels reassign(age):

if 1 <= age <= 2:
return 2

elif 3 <= age <= 9:
return 1

elif 18 <= age <= 28:
return 2

elif 21 <= age <= 27:
return 3

elif 28 <= age <= 45:
return 4

elif 46 <= age <= 65:
return 5

else:
return o

Fig. 18: A Code showing a function to return age groups
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This function is to classify images into different groups corresponding to
which place they belong age-wise using the UTKFace dataset, then using our

handmade dataset.

path = "C:/Users/HeeBe/Desktop/ML-Ethnicity-Detection-master/ML-Ethnicity-Detection-master/UTKFace/"
pixels = []
age =

gender

i=@

for img in os.listdir{path):
i=i+l
ages = class_labels reassign(int{img.split(" _"}[@]))
img = cv2.imread(str(path)+"/"+str{img))
img = cvZ.cvtColor(img,cv2.COLOR BGR2ZGRAY)
img=cv2.resize(img, (266, 208))
pixels.append(np.array(img))
age.append(np.array(ages))

pixels = np.array(pixels)
age = np.array{age,np.uint64)
len{age)

Fig. 19: A Code showing how the data was read and stored

We then took the path of UTKFace that we have stored on our machine, then
proceeded to go into every image taking the first part of its name which is the Age
and then changing into a grayscale image with one dimension, while resizing it to the
amount of pixels we want and putting the target as age, knowing that the features are

pixels. We also did the same to the dataset that we created.

model .compile(loss="sparse categorical crossentropy', optimizer='adam', metrics=['accuracy'])
model . summary ()

Fig. 20: A Code showing the compiling and how to display the architecture

The first line here compiles the model we imported to set it up for the training

Process.
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The loss function used is ‘sparse categorical crossentropy’, which compares
the model’s predictions to the actual labels and calculates the error, and it is suitable

for multi-class classification problems where labels are integers like ours.

The optimizer used is ‘adam’, which is quite popular and it adapts the learning

rate for each parameter.

The metrics used is ‘accuracy’, which evaluates the model’s performance on a
separate validation dataset, here specifically, we are calculating the percentage of

correctly classified examples.

The second line displays a summary of the model’s architecture.

Layer (type) Output Shape Param #
conv2d (Conv2D) (Mone, 198, 198, 32) 328
average pooling2d (None, 99, 99, 32) )
(AveragePooling2D)

conv2d_1 (Conv2D) (None, 97, 97, 64) 18,496
average pooling2d 1 (None, 48, 48, 64) e

(AveragePooling2D)

conv2d 2 (Conv2D) (None, 46, 46, 128) 73,856

average pooling2d 2 (None, 23, 23, 128) 2

(AveragePooling2D)

conv2d_3 (Conv2D) (None, 21, 21, 256) 295,168
average pooling2d 3 (None, 18, 10, 256) e
(AveragePooling2D)

global average pooling2d (None, 256) a

(GlobalAveragePooling2D)

dense (Dense) (None, 132) 33,924

dense_1 (Dense) (None, 7) 931

Tab. 3: A table showing the summary of age model
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It has 4 convolutional layers with increasing numbers of filters, each filter

learns to detect specific patterns in the image.

The model consists of 4 average pooling layers after every convolutional layer,

they are used to reduce the image size, making the model more efficient.

Global average pooling is used here to take the average of all elements in each

feature channel, resulting in a single vector.

At the end, the usage of 2 dense layers, to combine the extracted features and
make the final predictions, with the last dense layer having 7 neurons each neuron

meaning a different age group.

model path='age75.keras’

checkpointer = ModelCheckpoint(model path, monitor="loss',verbose=1,save best only=True,
save weights only=False, mode='auto’,save freg='epoch')

callback list=]checkpointer]

Fig. 21: A Code showing the callback list and the model name to be saved

The first line here shows what the model will be saved as and where.

The second line shows a type of callback function used in ‘keras’ that goes by
the name of ‘ModelCheckpoint’, and it is used to monitor the training process and

save the model at specific points.
The parameters used in the ModelCheckpoint are:
e monitor="loss’: which is used to monitor the loss function during the training.

e verbose=1: which enables verbose output during training, telling us when the

model is saved.

e save best only=True: this makes the callback save the model only when the
monitored metric (‘loss’ in our case) improves, and would overwrite the previous

model in the model path we specified.

e save weights only=False: this specifies saving the entire model instead of just

the weights.
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e mode="auto’: this automatically selects the direction to monitor for improvement

(to minimize the loss in our case).
e save freq="epoch’: this saves the model after every epoch.

Now the callback list is a list containing the checkpointer object, and it would
be passed to the model’s training function to enable the callback functionality during

the training.

save = model.fit{x_train,y_train,validation_data=(x_test,y_test),epochs=5,callbacks=[callback_list])

Epoch 1/5

556/556

@s 432ms/step - accuracy: 0.9263 - loss: 8.2074

Epoch 1: loss improved from inf to ©.23385, saving model to age/5.keras

556/556
Epoch 2/5

556/556

@s 434ms/step - accuracy: 0.9272 - loss: 8.1972

Epoch 2: loss improved from ©.23365 to 8.22657, saving model to age75.keras

556/556
Epoch 3/5

556/556

8s 448ms/step - accuracy: 0.9420 - loss: 8.1631

Epoch 3: loss improved from @.22657 to ©.208858, saving model to age75.keras

556/556
Epoch 4/5

556/556

8s 449ms/step - accuracy: 9.9163 - loss: 8.2251

Epoch 4: loss did not improve from 9.28858

556/556
Epoch 5/5

556/556

@s 45@ms/step - accuracy: 9.9427 - loss: 8.15%6

Epoch 5: loss improved from ©.28858 to ©.18813, saving model to age75.keras

556/556

Fig. 22: A Code showing the training of the age model

As we specified earlier, the model was pre-trained on another dataset called
(Facial-age) for 60 epochs and we trained it for another 15 epochs to get somewhat
stable results with an accuracy of 64% on the validation set and an accuracy of 94%
on the training set and without forgetting to mention that every 5 iterations we save a
model with a different name, this is to prevent the over-fitting that that may be visible
here in the 75th iteration, that is why we had to create another dataset to also work
with to help stabilize the over-fitting of this training accuracy here and somewhat we

got better results on multiple people.

About the ‘fit” method, it is a method on the ‘model” object responsible for

training the model.
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2625 471ms/step - accuracy: ©.9262 - loss: 8.2074 - val_accuracy: 0.6470 - val_loss:

265s 476ms/step - accuracy: ©.9272 - loss: 8.1973 - val accuracy: 8.66381 - val loss:

275s 495ms/step - accuracy: 8.9419 - loss: ©.1632 - val_accuracy: 8.6475 - wval_loss:

274s 493ms/step - accuracy: ©.9163 - loss: 8.2251 - val accuracy: 8.6575 - val loss:

2765 497ms/step - accuracy: 0.9427 - loss: 8.1596 - val_accuracy: 9.6478 - val_loss:
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‘x_train’ and ‘y train’ are training data for the model to learn from,

representing the input features and target labels respectively.

‘x_test’ and ‘y test’ representing the input features and target labels for the
validation data, while the performance of the model is evaluated on this data to avoid

over-fitting.
‘epochs’ here specifies how many iterations our model will be trained for.

Finally, ‘callback’ containing ‘callback list’ that we defined and talked about

earlier, that tells the ‘fit’ method to use the functions in it.

e Gender

The training of gender wasn’t as hard as training age, but we wouldn’t lie and
say it was easy, because we did have some problems stabilizing identification
between males and females, we ended up making a simple yet efficient architecture

model inspired from VGG networks and ResNet, using this architecture here:

conv2d

batch

input normalization
dropout

max pooling
conv2d batch
ormalization
dropout
max pooling

(100,100) convld Dbatch

normalization
dropout

flatten

dense

dropout

dense

2)

Fig. 23: The architecture of the gender model
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And the code responsible for its creation is in [Fig. 24].

Input Layer for grayscale image

inputs = layers.Input(shape = (108,188,1))

b - E N S -
il

- - ]

E I I -

X
X

&

# Block 1 - Feature extraction with smoller filters for grayscale
= layers.Conv2D(32, kernel_size=(3, 3), activation="relu”, padding="same")(inputs)
t 5

layers.BatchNormalization(axis=-1)(x) # Batch normalization for stability

= layers.Dropout(@.2)(x)

{ [T [ | R | 08

([

layers.MaxPooling2D(pool_size=(2, 2}, strides=(2, 2))(x)

Elock 2 - Feature extroction with increased filters

layers.Conv2D(64, kernel_size=(3, 3}, activation="relu”, padding="same")(x)
layers.BatchNormalization{axis=-1)(x)

layers.Dropout(8.2)(x)

layers.MaxPooling2D(pool size=(2, 2), strides=(2, 2))(x)

Block 3 - Feature extraction with increased filters

layers.Conv2D(128, kernel size=(3, 3), activation="relu”, padding="same")(x)
layers.BatchNormalization(axis=-1)(x)

layers.Dropout(@.2)(x)

layers.MaxPooling2D(pool size=(2, 2), strides=(2, 2))(x)

Block 4 - Feature extraction with increased filters

layers.Conv2D(256, kernel size=(3, 3), activation="relu", padding="same")(x)
layers.BatchNormalization{axis=-1)(x)

layers.Dropout(8.2)(x)

layers.MaxPooling2D(pool size={2, 2}, strides=(2, 2))(x)

Flatten Layer
layers.Flatten()(x)

Dense Layers for classification
layers.Dense(512, activation="relu”)(x) # Increagsed hidden units for potentially more complex decision boundaries
layers.Dropout(@.3)(x)

outputs = layers.Dense(2, activation="softmax")(x) # Softmax for multi-class classification

Fig. 24: A Code showing the architecture used

Here, we used 4 convolutional layers with increasing numbers of filters as we

go deeper into the network.

4 ‘BatchNormalization’ layers after every convolutional layer which helps
improve the training process by normalizing the activations of the previous layer,

making the network less sensitive to initialization and improving training speed.

5 dropout layers after every ‘BatchNormalization® layer, this layer randomly
drops a certain percentage of activations during training, helping to avoid and prevent
over-fitting by forcing the network to learn more robust features that are not

dependent on specific neurons.
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And 4 pooling layers after every dropout layer except the last one, and they are

used to reduce the image size to decrease the model’s complexity and prevent over-

fitting.

And a flatten layer that is used to transform the extracted features from a

multi-dimensional tensor (in our case just one) into a single long vector, which is

suitable for dense layers, which we have 2 of, and these layers take the flattened

features from the previous layer and make predictions about the image category.

Now using the same technique and code we used for age training to compile

the model and the same callback functions. We go immediately to fit it and train it.

save = model.fit(x_train,y train,validation_data=(x_test,y test),epochs=1@,callbacks=[callback_list])

Epoch 1/1@

556/556 [=========s=====================] - ETA: Oz - loss: @.7492 - accuracy: 8.7351

Epoch 1: loss improved from inf to @.74922, saving model to agelmodel.keras

556/556 [=========s========s=============] - 1555 277ms/step - loss: ©.7482 - accuracy:

Epoch 2/18

556/556 [=============z==zz=============] - ETA! Bs - loss: B.3432 - zccuracy: 2.8516

Epoch 2: loss improved from @.74922 to ©.34323, saving model to agelmodel.keras

556/556 [==================z============] - 1553 278ms/step - loss: @.3432 - accuracy:

Epoch 3/10

556/556 [==============================] - ETA: @s - loss: @.2927 - accuracy: &.8734

Epoch 3: loss improved from @.34323 to @.29266, saving model to agelmodel.keras

556/556 [==============================] - 1545 277ms/step - loss: ©.2927 - accuracy:

Epoch 4/18

556/556 [==============================] - ETA: @5 - loss: @8.2669 - accuracy: ©.8873

Epoch 4: loss improved from @.29266 to @.26691, saving model to agelmodel.keras

556/556 [=========s========s=============] - 1545 277ms/step - loss: @.266% - accuracy:

Epoch 5/1@

556/556 [=========s=====================] - ETA: Oz - loss: 2.2441 - accuracy: @.8958

Epoch 5: loss improved from @.26691 to ©.24411, saving model to agelmodel.keras

556/556 [=================s=============] - 1545 277ms/step - loss: ©.2441 - accuracy:

Epoch &6/18

556/556 [============z==s=zz=============] - ETA! Bs - loss: B.2268 - zccuracy: 8.9657

Epoch 6: loss improved from @.24411 to ©.22683, saving model to agelmodel.keras

556/556 [==============================] - 154z 277ms/step - loss: @.2268 - accuracy:

Epoch 7/10

556/556 [==============================] - ETA: @s - loss: @.2117 - accuracy: &.9121

Epoch 7: loss improved from @.22683 to @.21167, saving model to agelmodel.keras

556/556 [==============================] - 1545 277ms/step - loss: ©.2117 - accuracy:

Epoch 8/18

556/556 [==============================] - ETA: @5 - loss: @8.1996 - accuracy: 8.9167

Epoch 8: loss improved from @.21167 to @.19961, saving model to agelmodel.keras

556/556 [==============================] - 1545 278ms/step - loss: ©.1996 - accuracy:

Epoch 2/1@

556,556 ================] - ETA! @s - loss: B.1885 - accuracy: 8.9211

Epoch 9: loss improved from @.19961 to ©.18853, saving model to agelmodel.keras
277ms/step - loss: ©.1885 - accuracy:

Epoch 18/18

556/556 [ @5 - loss: @.1787 - accuracy: @.9274

Epoch 1@: loss improved

556/556 [

rom @.18853 to @.17872, saving model to agelmodel.keras

] - 1545 277ms/step - loss: @.1787 - accuracy: 8.

.7351 - val loss:
.8516 - val_loss:
.8734 - val loss:
.8873 - val_loss:
.8958 - val loss:
.9@57 - val_loss:
9121 - val loss:
9167 - val_loss:
8211 - val loss:
9274 - val_loss:

Fig. 25: A Code showing the training of the gender model
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Here, the training of the model to 10 epochs, knowing that we trained the
model even more than this, and we didn’t achieve a higher validation accuracy, which
was stable at 88%, and the accuracy of the training data was 92% and evolved to be
96% and more using further training, and training the model using the other dataset
that we created made the model better going up to 96% to each of them (training and

validation accuracy).

Lineplots showing loss and accuracy of CNN model by epochs

o
&)
.

o
s
|

—e— Train Loss 0.925 —=— Train Accuracy
—e— Test Loss —e— Test Accuracy

0.900
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0.775

0.750 1

Epochs Epochs

Fig. 26: A graph showing loss and accuracy of the model by epochs

Here is the graph to see how the accuracy and loss of the testing and training

sets used was going till the 10th epoch.

Other than that we managed to create a somewhat stable gender estimation

model even though it was a hard job to accomplish at first.

e Ethnicity

Ethnicity training wasn’t the hardest nor was it the easiest, we tried some
personalized architectures and we ended up with one that works nicely most of the

times with 77% up to 80% accuracy on the validation samples and we trained it for
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over 50 epochs saving a copy of the model every 5 epochs, using this architecture

[fig. 27]:

conv2d Dbatch
normalization

leaky relu

max pooling

dropout
conv2d Dbatch
normalization

leaky relu
max pooling

dmpouéonvzd batch

normalization

leaky relu

max pooling
dropout

input

(100,100)

flatten

dense
dropout

dense

(5)

Fig. 27: The architecture of the ethnicity model

45



Chapter 3: Data, Models, Evaluation & Results

Using this architecture we created the model with the code on [Fig. 28]:

# Define the CNN architecture
def build race_classifier():
model = Sequential()
model.add{Conv2D(32, (3, 3), padding='same', activation='relu', input shape={180, 180, 1}))
model . add(BatchNormalization())
model . add{LeakyReLU(alpha=@.1)) # Leaky RellU for better gradient flow
model . add (MaxPooling2D((2, 2)))
model . add{Dropout(@.25)) # Draopout for regularization

model.add{Conv2D({64, (3, 3}, padding='same’', activation='relu'))
model . add{BatchNormalization())

model . add{LeakyRelU(alpha=8.1))

model . add (MaxPooling2D(({2, 2)))

model . add{Dropout(8.25))

model. add(Conv2D(128, (3, 3), padding='same’, activation='relu'))
model . add(BatchNormalization())

model . add({LeakyRelU(alpha=8.1))

model . add (MaxPooling2D((2, 2)))

model . add (Dropout{@.25))

model . add(Flatten())

model . add({Dense(256, activation='relu'))

model . add{Dropout(8.5)) # Higher dropout for fully-connected Llayers
model.add{Dense(5, activation='softmax')) # 5 denotes the number of race classes

# Compile the model with Adam optimizer and categorical crossentropy loss
model. compile(loss="sparse categorical crossentropy’, optimizer=Adam(@.8081), metrics=['accuracy'])
return model

# Create the model instance
model = build race classifier()

Fig. 28: A code showing the architecture used for the model as a code

The code in the snippet shows the model’s architecture starting by defining a
function that we name ‘build race classifier’, then we used ‘sequential’ from keras to

stack the layers sequentially.

We used 3 convolutional layers with increasing filter numbers, all of them use
the ‘same’ padding and a kernel size of ‘(3,3)’ to maintain the dimensions of the

image, and a ‘relu’ activation that adds non-linearity.

After every convolutional layer, there is a ‘BatchNormalization’ layer, which

improves the training stability.

46



Chapter 3: Data, Models, Evaluation & Results

After every ‘BatchNormalization’ layer, we added a leaky relu layer, that

allows for a small positive gradient for negative inputs, helping the training.

And after each leaky relu layer, there is a max pooling layer, that is used to

capture spatial information and reduce the size of the images.

We also have 4 dropout layers, that randomly drop the desired amount of
activations during training to prevent over-fitting (0.25 after each max pooling, 0.5

after the before-last dense layer).
A flatten layer to transform the 2D feature maps into a one dimensional vector.

And 2 dense layers, one with 256 units and a ‘relu’ activation function to
perform classification, and the other with 5 units (the nunmber of classes we have)

and a ‘softmax’ actiavtion function that outputs probabilites for each race/ethnicity.

The model compiling is the same as the compiling of age and gender
recognition models, the only addon here is that, ‘adam’ optimizer has a learning rate

of 0.001.

Finally, the function ‘build race classifier’ returns the model to us and then

we built it using the last line shown in the snippet.
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model. summary ()

Model: “sequential B"

Layer (type) Output Shape Param #
convZd 25 (Conv2D) (None, 198, 188, 32} 328
batch_normalization_ 25 (Hone, 168, 18&, 32) 128
{BatchNormalization)

leaky re lu 23 (LeakyRelU} (None, 198, 188, 32) 2]
max_pooling2d 22 (MaxPooling2D) {None, 58, 58, 32) ]
dropout 28 (Dropout) {Mone, 5@, 58, 32) 8
conv2d 26 (Conv2D) {None, 58, 58, &4) 18,496
batch_normalization 26 {None, 5@, 58, &4) 256
{BatchNormalization)

leaky re lu 24 (LeakyRelU) {None, 50, 58, &4) g
max_pooling2d 23 {MaxPoocling2D) {None, 25, 25, 54) g
dropout 29 (Dropout) {None, 25, 25, 64) 8
conv2d 27 (Conv2D) {Mone, 25, 35, 128) 73,856
batch_normalization_27 {None, 25, 25, 128) 512
{BatchNormalization)

leaky re lu 25 (LeakyRelU) {Mone, 25, 25, 128) a8
max_pooling2d 24 (MaxPooling2D) {None, 12, 12, 128) 2]
dropout 38 {Dropout) {None, 12, 12, 128) 3|
flatten 7 (Flatten) (MNone, 18432) =
dense 15 (Dense) {None, 256) 4,718,848
dropout 31 (Dropout) {None, 256) a
dense_16 (Dense) {Mone, 5) 1,285

Tab. 4: A table showing the summary of ethnicity model
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This table here, shows the model architecture better as a table.

Using the same method to compile the model. We finally move on to the

training of the model using ‘model.fit’, while saving a new copy of the model

every 5 epochs to try on different photos later to choose the best performance.

The snippet here shows the first 5 epochs of the training and we ended up

preferring the usage of the model that has 77% accuracy on the validation set and

77% accuracy on the training set, to then retrain it on the dataset that we created to

perfect it even more hoping for the best, not negating that the 77% validation and

training set accuracy model has in some cases worse accuracy at finding other

groups such as blacks and asians then the models that we’ve trained for more than

50 epochs but that one was the most less-biased model yet till we added our

dataset to improve it, and we did see an improvement thankfully.

save = model,fit(x_train,y train,validation_data=(x_test,y test),epochs=5,callbacks=[callback_list])

Epoch 1/5
556/556

Epoch 1: laoss
556/556

improved from

@s 264ms/step - accuracy: @.4872 -

loss: 3.9958

inf to 1.760@64, saving model to ethnicity.keras

Epoch 2/5

1585 280ms/step - accuracy: 0.4873

556/556
Epoch 2: loss
556/556

improved from

Epoch 3/5
556/556

@s 268@ms/step - accuracy: 8.5300 -
1.76064 to 1.16208, saving model to
1535 275ms/step - accuracy: @.538@

Epoch 3: loss

improved from

@s 254ms/step - asccuracy: 8.5785 -
1.16208 to 1.85447, saving model to

556/556
Epoch 4/5
556/556

1505 269ms/step - accuracy: 0.5785

Epoch 4: loss
556/556

improved from

Bs 266ms/step - accuracy: 9.6291 -
1.85447 to @.97265, saving model to

Epoch 5/5

1585 284ms/step - accuracy: 0.6291

556/556
Epoch 5: laoss
556/556

improved from

@s 269ms/step - accuracy: @.6545 -
@.97265 to @.92867, saving model to

1595 286ms/step - accuracy: 8.6545

- loss: 3.8934 -

1.1816
ethnicity.keras
1.1816 -

loss:
- loss:
1.0648

ethnicity.keras
- loss: 1.0648 -

loss:

loss: @.9882
ethnicity.keras
- loss: 8.9382 -
8.922%
ethnicity.keras

loss:

- loss: B.922% - val_accuracy:

Fig. 29: A code showing the training of the model
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Lineplots showing loss and accuracy of CNN model by epochs
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Fig. 30: A graph showing the loss and accuracy of the first 5 epochs
This graph shows the first 5 epochs and how they were going.

We saved lots of models in ethnicity, even more than gender and age to try
and find the best model and the less discriminatory one, because manually doing it
seemed to us the best way to actually validate it alongside the accuracy of it in

both the validation and training data without forgetting the loss.

3. Results & Evaluation:

After completing the training phase, we are moving to the implementation
phase to see the results and evaluate it, which involves trying out the model in the real
world using ourselves and also using some pictures found on the internet to see if it

would work correctly for the most part then evaluating them.
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3.1. Results

Firstly, when it comes to the implementation of our model we used 2 specific
codes, one to try on images and one to try on ourselves using the camera of the

computer.

Also, it is essential to present some visual results from the trained models to

see and evaluate their performances next.

e Implementing using images

We tried on many photos and we’re going to show them after explaining the
models that we are using. So, some of the models that we thought are good at the

moment are:

e mdsl: Age trained for 10 epochs on UTKFace and perfected on our
dataset for 4 epochs, Gender trained for 20 epochs on UTKFace then
6 times on half of our dataset and retrained for another 1 epoch on
our dataset after we enlarged it, ethnicity trained for 25 epochs on

UTKFace only.

e mds2: Age trained one time more than mdsl’s model, Gender
trained 2 more times over the mdsl’s model, Ethnicity trained 6
times over mdsl’s model on our dataset then one time on our

enlarged dataset.

e mds3: Age trained for 15 epochs on UTKFace, Gender trained for
20 epochs on UTKFace, Ethnicity Trained 3 times over mds2’s

model on our dataset.

Now we are going to show some of the images that we tried these models on and

evaluate them which is better than which:
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Fig. 31: An image showing the predictions of the chosen models

We can see here that the models chosen on 2 are better at recognizing

(Zehani Mohamed Hached) with accurately guessing everything.
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mdsl: male, 28-45, white
mds2: male, 28-45, black
mds3: male, 28-45, black

0
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140 1

160 -
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Fig. 32: An image showing another prediction of the models

As we see, the models chosen in mds2 are still guessing accurately in this

photo.
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mdsl: female, 23-45, indian
mds2: female, 28-45, white
mds3: Temale, 28-45, others
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Fig. 33: An image with a different prediction

Here, we can see that the models chosen in 2 were barely correct, because
this person belongs to the 5th ethnic group “others”, and the third model’s

ethnicity was on point.
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mds1l: male, 21-27, white
mds2: male, 21-27, white
mds3: male, 21-27, white

100

200

2350

o 50 100 150 200

Fig. 34: An image showing another prediction of the models

All of these models were close enough guessing ( Doucene Salah Eddine ),
with the ethnicity preferably being either “others” or ”black”™, for us to consider it

correct.
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indian

Fig. 35: An image showing another prediction of the models
Here, we can see that mds2 models did better than all the rest.

So, from all what we’ve seen we can probably say that using ‘mds2’ with

the ethnicity from ‘mds3’ would make us the preferred model to use for prediction.
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e Using the webcam

Using the models we chose above us from mds2 and the ethnicity of mds3,

we can make these predictions :

Fig. 36: An image showing the predictions using the chosen models

Here, we can safely say that these models were correct guessing the age,

gender and ethnicity of ‘Hached’.
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Fig. 37: Another image showing the predictions using the chosen models

Here, also ‘Salah’ was correctly predicted.
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Fig. 38: An image showing the models predicting us

The models that we chose did a good job predicting us here, exactly how

and who we are.
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3.2. Evaluation

Now that we’ve seen the results, we can start evaluating them and

comparing the models used.

mdss models Age Gender Ethnicity
mdsl MAE =0.91 MAE = 0.08 MAE = 1.39
MSE = 2.87 MSE = 0.08 MSE = 3.55
mds2 MAE =1.52 MAE = 0.03 MAE = 1.07
MSE = 4.46 MSE = 0.03 MSE = 3.27
mds3 MAE =191 MAE = 0.24 MAE = 0.64
MSE = 5.82 MSE = 0.24 MSE = 1.82

Tab. 5: A table determining the MAE and MSE of every model used to get the results

mdss models Age Gender Ethnicity
mdsl 58% 91% 32%
mds2 30% 96% 57%
mds3 13% 76% 71%

Tab. 6: A table determining the accuracy of every model used to get the results

We used our own dataset to evaluate these models, and based on the

comparison that can be visible when viewing [Tab. 5] and [Tab. 6], we can say

that mds1’s age, mds2’s gender and mds3’s ethnictity are the best ones to choose

to work with till now.

Our system surely still needs work and perfecting, but it is working for the

most part better than we have expected starting to work on this project, especially

when we keep in mind that it was trained using only one dataset ‘UTKFace’, and then

tuned a bit using a small dataset of less than 500 images taken and downloaded and

cropped by us.
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The accuracy of age coming at 58% to be improved, gender at 96% to be also
improved and tuned away from over-fitting, and ethnicity at 71% to be perfected and
made better, but we still have tried to go further, and in some cases the over-fitted
models worked better, other than that these were the most ones to not count outliers,
especially when it comes to identifying indians, and blacks, or finding males in a

pixelated photo, or giving a somewhat acceptable age.

These models starting with age, have some error in them especially being
stable when a face moves to identify it correctly because every time a face moves, a
new age comes, until the face becomes stable, that it stabilizes on an output that it

thinks is correct.

About gender on the other hand, it mostly is correct with bits of mistakes,

when the face moves too.

Ethnicity though, have some trouble because it is hard to determine someone’s
race based on their face, and using grayscale, because face traits can be similar
sometimes especially when it comes to khoisan people for example, by being blacks
from the southern region of africa, yet they look asian-like, so the model would
always put them as asians and many more ethnic groups. Sometimes it also forgets
about indians and would classify them as whites, even though other groups would get
benefited from the over-fitting of the models, the indians wouldn’t at all, because
indians were always classified correctly back when the model had a very low

percentage of being accurate.

The system is acceptable overall, when tested on multiple age groups, multiple
populations and multiple genders, and as can be seen in the photos earlier, it works
okay, as it is still not managing to be always correct yet it is to be perfected and made
better, and we hope that we’d be able to improve on the models and make them stable

and better as they are already acceptable in our eyes.

The bias of our dataset was a bit obvious from what we’ve seen and discussed
earlier, especially the fact that close to half of the dataset are white people and people
in between the ages of 20 and 30. The only stable thing about it was that it had a close
to perfect ratio of males and females with a percentage being close to 50% each in the

favour of males, and that made us try to create a more stable dataset to work alongside
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it, which we gladly did but we couldn’t make it as big as UTKFace with less than 500

images in it.

And as we said before, we only used one dataset for all and a bit, with the
labels of ages being 0 for ages between 1 and 2, 1 for ages between 3 and 9, 2 for ages
between 10 and 20, 4 for ages between 21 and 27, 5 for ages between 28 and 45, 6 for
ages between 46 and 65, and finally 7 for ages higher than 66.

The classes of gender were males and females as those are the only genders

existing.

The classes of ethnicity were 5 classes because of the selection ‘UTKFace’ has,

which are White , Black, Asian, Indian and Others.

Other than that the models work better than what we would’ve expected, so
we’re happy for making this possible and it doesn’t mean that we’re stopping here,
we’re surely fixing the biases and are going to add more images to our dataset so we

can use it to improve upon and fix the models we have now.

4. Conclusion

Age, gender and ethnicity/race recognition are tasks that involve analyzing

facial images to determine the age, gender and ethnicity/race of people.

There is one large dataset ‘UTKFace’ and a very small one and many deep
models that have been worked on using that huge dataset alongside the small one,
such as the models we have stated and showed above in our training work, that
have shown acceptable yet promising results in age, gender and ethnicity/race

classification.

We also have described the implementation phases and evaluated our system,

to come to the following conclusions:
e The system is highly interactive: It can recognize more than one person at a time.

e The system has acceptable to good performance: Thanks to good recognition

rates that is.
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e The system is simple: Anyone with the simple knowledge of clicking on run of a

python file can use it, no background knowledge required.

e Recognition is fast and instantaneous: So that age, gender and ethnicity can be

determined simultaneously.

These features make the system effective and easy to use, enabling users to
take advantage of its advanced features without any need of deep to any technical

expertise.
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General Conclusion

The thesis addresses the topic of automated recognition of age, gender and

ethnicity from images using image processing and Al techniques.

We have developed a multi-stage system based on deep learning and image
processing algorithms.
Age, gender and ethnicity recognition are very challenging tasks due to the

challenges and limitations we faced, namely:

e The quality and availability of data: the dataset we used contained an acceptable
amount of data, but there was an issue with its somewhat unfair segmentation,
and it is important to ensure that the data is accurate and representative of the
populations it has.

e Generalizing: the models present another challenge, which is that they may not
handle specific data well, leading to biased and inaccurate results.

e Privacy and ethics: it is essential to obtain informed consent from individuals and

respect their privacy.

In terms of our models though, we have made some good work leading to a
somewhat acceptable to good models that surely can be improved upon.

Also, the recognition system exhibits biases due to the data trained on, leading
us to a stranded variation of predictions over certain demographic groups more than
others.

In the other hand, when it comes to future works, there are many areas that can
be worked on later, such as integrating deep learning techniques by continuing to
explore and optimize new deep learning algorithms to enhance the limits and
effectiveness of our system.

In addition to expanding its scope to include other types of data such as video
and audio to enhance its capabilities in real-world scenarios to be able to recognize a
person even if their face is absent.

We also seek to address ethical concerns related to privacy and bias and design
a system that meets the needs of specific applications such as security, surveillance

and demographic data analysis.
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Finally, we conclude this letter by emphasizing the growing importance of age,
gender and ethnicity/race recognition technology in today’s world and as this

technology continues to be developed and refined, we expect it to play an important

role in shaping our future.
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Appendix

1. Introduction

In this section, we will provide an overview of the tools, languages and images
of codes that weren’t essential to use in the chapters above, but yet useful to know and

look at or read.

2. Tools & Technical Details

Firsly, we used Google Colab and Jupyter Notebook using anaconda and
visual basic too, programming everything using Python, on 2 computers of these

specs :
e [512500, GTX 1060 6G, 16GB Ram, 512GB SSD
e 17-1165G7, Intel IRIS Xe Graphics, 16GB ram, 512GB SSD

We used ‘Tensorflow’ and ‘keras’ for everything even though we also used
‘ktrain’, but we didn’t use it anywhere so we don’t really have to mention it other than

that we used it in the start of the project.

3. Code Documentation

3.1. Training Codes

We are going to show here the codes used to create the models and train them

alongside the reading and storing of the dataset
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o Age

import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
import cv?
import os

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense, AveragePooling2D, Batchhormalization, LeakyRelU

import matplotlib.pyplot as plt

from keras.models import Sequential,load model,Model
from keras.layers import Conv2D,MaxPooling2D,AvgPoollD,GlobalAveragePooling2D,Dense,Dropout,Batchilormalization,Flatten, Input
from sklearn.model selection import train test split

from tensorflow.keras.layers import Input,Activation,Add
from tensorflow.keras.regularizers import 12

from tensorflow.keras.optimizers import Adam

from tensorflow.keras.callbacks import ModelCheckpoint

Fig. 39: A Code showing the libraries that we imported to use

def class labels reassign(age):

if 1 <= age <= 2:
return 2

elif 3 <= age <= 9:
return 1

elif 18 <= age <= 28:
return 2

elif 21 <= age <= 27:
return 3

elif 28 <= age <= 45:
return 4

elif 46 <= age <= 65:
return 5

else:
return o

Fig. 40: A Code showing a function to return age groups
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path = "C:/Users/HeeBe/Desktop/ML-Ethnicity-Detection-master/ML-Ethnicity-Detection-master/UTKFace/"

pixels = []

age = []

gender = []

i=@

for img in os.listdir(path):
i=i+l
ages = class labels reassign{int(img.split(" "}[@]))
img = cv2.imread(str{path)+"/"+str{img))
img = cv2.cviColor(img,cv2.COLOR_BGR2GRAY)
img=cv2.resize(img, (200, 200))
pixels.append(np.array(img))
age.append(np.array(ages))

pixels = np.array(pixels)
age = np.array(age,np.uint6d)
len{age)

Fig. 41: A Code showing how the data was read and stored

x train,x test,y train,y test = train test split(pixels,age,random state=188)

Fig. 42: A Code showing the train_test split method

model = load model("C:/Users/HeeBe/Desktop/ProjectAGE/age model pretrained.h5")

Fig. 43: A Code showing the loading of the pre-trained model

model .compile(loss="sparse categorical crossentropy', optimizer='adam', metrics=['accuracy'])
model . summary ()

Fig. 44: A Code showing the compiling and how to display the architecture
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Layer (type) Output Shape Param #
conv2d (Conv2D) (MNone, 198, 198, 32) 320
average pooling2d (None, 99, 99, 32) 8
(AveragePooling2D)

conv2d 1 (Conv2D) (None, 97, 97, 64) 18,496
average pooling2d 1 (None, 48, 48, 64) e

(AveragePooling2D)

conv2d_2 (Conv2D) (None, 46, 46, 128) 73,856

average pooling2d 2 (None, 23, 23, 128) 8
(AveragePooling2D)

conv2d_3 (Conv2D) (None, 21, 21, 256) 295,168
average pooling2d 3 (None, 1@, 18, 256) 4]
(AveragePooling2D)

global average pooling2d (None, 256) 0

(GlobalAveragePooling2D)

dense (Dense) (None, 132) 33,924

dense_1 (Dense) (None, 7) 931

Fig. 45: A table showing the architecture of the model used

model path='age75.keras’

checkpointer = ModelCheckpoint(model path, monitor="loss',verbose=1,save best only=True,
save weights only=False, mode='auto’,save fregq='epoch')

callback list=]checkpointer]

Fig. 46: A Code showing the callback list and the model name to be saved
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save =

Epoch 1/5
E56/556

Appendix

Epoch 1: loss
556/556

Bs 432ms/step - accuracy: 9.9263 - loss: 8.2074
improved from inf to 8.23365, saving model to age75.keras

Epoch 2/5
556/556

Epoch 2; loss
556/556

8s 434ms/step - accuracy: ©8.9272 - loss: 8.1972
improved from @.23365 to ©.22657, saving model to age75.keras

Epoch 3/5
E56/556

Epoch 3: loss
556/556

Bs 4d8ms/step - accuracy: ©.9420 - loss: 8.1631
improved from @.22657 to 8.20858, saving model to age75.keras

Epoch 4/5
556/556

Epoch 4: loss
556/556

8s 449ms/step - accuracy: ©.9163 - loss: 8.2251
did not improve from @.208858

Epoch 5/5
B56/556

Epoch 5: loss
556/556

Bs 450ms/step - accuracy: ©.9427 - loss: 9.1596
improved from @.28858 to 0.18813, saving model to age75.keras

2625 471ms/step - accuracy: ©.9262 - loss: 8.2874 -

265s 47oms/step - accuracy: ©.9272 - loss: @.1973 -

275s 495ms/step - accuracy: ©.9419 - loss: 8.1632 -

274s 493ms/step - accuracy: 6.9163 - loss: 8.2251 -

276s 497ms/step - accuracy: 0.9427 - loss: @.1596 -

val accuracy

val accuracy

val accuracy

val accuracy

val accuracy

Fig. 47: A Code showing the training of the age model
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model.fit(x train,y train,validation data=(x test,y test),epochs=5,callbacks=[callback list])

: 9.6470 -

: 9.6631 -

: 9.6475 -

 9.8575 -

 9.6478 -

val loss

val loss

val loss

val loss

val loss

320

el ke i

: 1.1978

1 1.1768

: 4817
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o Gender

import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
import cv2
import os

import tensorflow as tf
import keras
import matplotlib.pyplot as plt

from keras.models import Sequential,load model,Model
from keras.layers import Conv2D,MaxPooling2D,AvgPool2D,GlobalAveragePooling2D,Dense,Dropout,BatchNormalization,Flatten, Input
from sklearn.model selection import train_test split

from tensorflow.keras.layers import Input,Activation,Add
from tensorflow.keras.regularizers import 12

from tensorflow.keras.optimizers import Adam

from tensorflow.keras.callbacks import ModelCheckpoint
from tensorflow.keras import layers

Fig. 48: A Code showing the libraries that we imported to use
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path = "C:/Users/hache/Desktop/UTKFacel™

pixels = []

age = []

gender = []

i=8

for img in os.listdir(path):
i=i+l
genders = img.split("_")[1]
img = cv2.imread{str(path)+"/"+str{img))
img = cv2.cvtColor(img,cv2.COLOR_BGRZGRAY)
img=cv2.resize(img, (100,188))
pixels.append(np.array(img))
gender.append(np.array{genders))

pixels
gender

np.array(pixels)
np.array(gender,np.uint64)

¥_train,x test,y train,y_test = train_test_split(pixels,gender,random_state=188)

Fig. 49: A Code showing the importation of data and how it was read and stored
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# Input Layer for grayscale image
inputs = layers.Input(shape = (188,188,1))

# Block 1 - Feature extraction with smaller filters for grayscale

= layers.Conv2D(32, kernel size=(3, 3), activation="relu", padding="same"){inputs)
= layers.BatchNormalization(axis=-1){x) # Batch normalization for stability

= layers.Dropout(8.2)(x)

= layers.MaxPooling2D(pool size={2, 2}, strides=(2, 2})(x)

Eo - -
|

# Block 2 - Feature extraction with increased filters

= layers.Conv2D(64, kernel size=(3, 3), activation="relu", padding="same")(x)
layers.BatchNormalization{axis=-1)(x)

= layers.Dropout(8.2)(x)

= layers.MaxPooling2D(pool size=(2, 2), strides=(2, 2})(x)

=Moo =
"

# Block 3 - Feature extraction with increased filters

= layers.Conv2D(128, kernel size=(3, 3), activation="relu", padding="same")(x)
= layers.BatchNormalization(axis=-1)(x)

= layers.Dropout(@.2) (x)

= layers.MaxPooling2D(pool size=(2, 2}, strides=(2, 2))(x)

E - ]
I

# Block 4 - Feature extroction with increosed filters

= layers.Conv2D(256, kernel size=(3, 3), activation="relu", padding="sams")(x)
= layers.BatchNormalization(axis=-1)(x)

= layers.Dropout(8.2)(x)

= layers.MaxPooling2D(pool size=(2, 2}, strides=(2, 2))(x)

b - -

# Flatten Layer
x = layers.Flatten(}(x)

# Dense Llayers for classification
¥ = layers.Dense(512, activation="relu")(x) # Increased hidden units for potentially more complex decision boundaries

¥ = layers.Dropout(8.3}(x)
outputs = layers.Dense(2, activation="softmax")}(x) # Softmax for multi-class classificetion

Fig. 50: A Code showing the architecture used

model = Model(inputs=inputs,outputs=outputs)
model.compile(optimizer="adam",loss=["sparse categorical crossentropy”],metrics=["accuracy'])
model . summary( )

Fig. 51: A Code showing the model and its compiler and summary
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model path='gender.keras’

checkpointer = ModelCheckpoint({model path, monitor="less',verbose=1,zave best only=True,
save weights only=False, mode="auto',save freg="epoch’)

callback list=[checkpointer]

Fig. 52: A Code showing the mode name to be saved and the callback _list
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54VE =

Epoch 1/1@

556/556 [========ss===zsssm==zmszz====
Epoch 1: loss
556/556 [========ss===zsss===zm=szz====
Epoch 2/16

556/556 [=========ss===s==sss==s=======
Epoch 2: loss
556/556 [s==s====ss====s=ss=s===s======
Epoch 3/1@

556/556 [=====s=======s==s===ssmm=ss=s
Epoch 3: loss
556/556 [==============================
Epoch 4/18

L56/556 [==============================
Epoch 4: loss
556/556 [=========s=====mm=smmcooeeoo-
Epoch 5/18

556/556 [========ss===zsssm=szs=szz====
Epoch 5: loss
556/556 [=========s====s==s============
Epoch 6/1@

556/556 [=========s====s==s=s====s=====
Epoch &: loss
556/556 [==============================
Epoch 7/1@

L56/556 [==============================
Epoch 7: loss
L56/556 [==============================
Epoch 8/18

556/556 [========ss===zsssm==smszzz===s
Epoch 8: loss
556/556 [=========s====sss===zs==z=====
Epoch /1@

556/556 [=========s====ss=s=s=ss=======
Epoch 9: loss
556/556 [========ss====s==s============
Epoch 16/1@

556/556 [==============================

inf to ©.74922, saving

] - 1555 277ms/step -

] - ETA: @z - loss: @,
©.34323, saving model
] - 1555 278ms/step -
] - ETA: @s - loss: @.
@,29266, saving model
] - 1545 277ms/step -
] - ETA: @s - loss: @.
©.26691, saving model
] - 1545 277ms/step -
] - ETA: @5 - loss: @
8.24411, saving model
] - 1545 277ms/step -
] - ETA: @5 - loss: @.
2.,22683, saving model
] - 1545 277ms/step -
] - ETA: @s - loss: @.
@.21167, saving model
] - 1545 277ms/step -
] - ETA: @5 - loss: @,
9.19961, saving model
] - 1545 278ms/step -
] - ETA: @5 - loss: @
®.18853, saving model
] - 154s 277ms/step -
] - ETA: @s - loss: @.

- loz=z: @,

7492 - accuracy: @.7351

model to agelmodel.keras
loss: B.7482 - accuracy:

3432 - accuracy: @.8516
to agelmodel.keras

loss: ©.3432 - accuracy:

2927 - accuracy: &.8734
to agelmodel.keras
loss:

2669 - accuracy: @.8873
to agelmodel.keras

loss: B.2663 - accuracy:

L2441 - accuracy: 8.8958

to agelmodel.keras

loss: B.2441 - accuracy:

2268 - accuracy: &.9@57
to agelmodel.keras

loss: ©.2268 - accuracy:

2117 - accuracy: @.9121
to agelmodel.keras

loss: ©.2117 - accuracy:

1996 - accuracy: @.9167
to agelmodel.keras

loss: B.1996 - accuracy:

.1885 - accuracy: @.9211

to agelmodel.keras

loss: ©.1885 - accuracy:

1787 - accuracy: @.9274

Epoch 18: loss improved from @.18853 to @.17872, saving model to agelmodel.keras

L56/556 [==============================

] - 1545 277ms/step -

lozs:

8.2927 - accuracy:

8.1787 - accuracy:

. 7351

8516

L8734

.B873

89538

.8a57

.9121

.9167

5211

L8274

model.fit(x_train,y train,validation_data=(x_test,y test),epochs=18,callbacks=[callback list])

val loss:

val_loss:

val loss:

val loss:

val loss:

val loss:

val loss:

val loss:

val_loss:

val loss:

Fig. 53: A Code showing the training of the gender model
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val_accuracy:
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Lineplots showing loss and accuracy of CNN model by epochs
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0.900 4
0.875 4
0.850 1

0.825 4
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0.800

0.775 1

0.750 4

Fig. 54: A graph showing loss and accuracy of the model by epochs
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e Ethnicity

import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
import cv2
import os

import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense, AveragePooling2D, BatchMormalization, LeakyRelU

import matplotlib.pyplot as plt
from keras.models impert Sequential,load model,Model

from keras.layers import Conv2D,MaxPooling2D,AvgPool2D,GlobalAveragePooling2D,Dense,Dropout,Batchiormalization,Flatten, Input
from sklearn.model selection import train test split

from tensorflow.keras.layers import Input,Activation,Add
from tensorflow.keras.regularizers import 12

from tensorflow.keras.optimizers import Adam

from tensorflow.keras.callbacks impeort ModelCheckpoint

Fig. 55: A code showing the libraries imported to work with
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path = "C:/Users/HeeBe/Desktop/ML-Ethnicity-Detection-master/ML-Ethnicity-Detection-master/UTKFace/™

[]

pixels
age = []

gender = [ ]

i=@

for img in os.listdir(path):
i=i+l
genders = img.split(” ")[2]
img = cv2.imread(str(path)+"/"+str(img))
img = cv2.cvtColor(img,cv2.COLOR_BGR2GRAY)
img=cv2.resize(img, (100,100))
pixels.append(np.array(img))
gender.append(np.array{genders))

pixels = np.array(pixels)

gender = np.array(gender,np.uinthd)

Fig. 56: A code showing the importing of the data and how we read it and stored it

X _train,x test,y train,y test = train_test split(pixels,gender,random state=1€8)

Fig. 57: A code showing the splitting of data
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# Define the CNN architecture
def build race classifier():
model = Sequential()
model.add{Conv2D({32, (3, 3), padding='same', activation='relu', input shape=(18@, 188, 1)))
model . add{BatchNormalization())
model . add{LeakyRelU({alpha=@8.1)) # Leaky Rell for better gradient flow
model . add(MaxPooling2D((2, 2}))
model.add{Dropout(8.25)) # Dropout for regularization

model.add{Conv2D{64, (3, 3), padding='same', activation='relu'))
model . add{BatchNormalization())

model. add({LeakyRelU(alpha=8.1))

model . add{MaxPooling2D((2, 2)))

model . add{Dropout(8.25))

model.add{Conv2D{128, (3, 3), padding="same’, activation='relu'))
model. add(BatchNormalization())

model. add{LeakyRelU(alpha=@.1))

model . add(MaxPooling2D((2, 2)))

model . add{Dropout(8.25))

model.add({Flatten())

model. add{Dense (256, activation='relu’))

model . add{Dropout(8.5)) # Higher dropout for fully-connected Layers
model.add({Dense(5, activation='softmax’)) # 5 denotes the number of race classes

# Compile the model with Adam optimizer and categorical crossentropy loss
model.compile(loss='sparse_categorical crossentropy’, optimizersAdam(®.801), metrics=['accuracy'])

return model

# Create the model instance
model = build race classifier()

Fig. 58: A code showing the architecture used for the model as a code
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model. summary { )

Model: "sequential 8"

Layer (type) Output Shape Param #
conv2d_25 (Conv2D) {Mone, 186, 188, 32) 320
batch_normalization 25 (Hone, 186, 18&, 32) 128

(BatchMormalization)

leaky re lu 23 (LeakyRelU) {Hone, 188, 188, 32) e
max_pooling2d 22 (MaxPooling2D}) {None, 58, 58, 32) g
dropout 28 (Dropout) {Hone, 58, 58, 32) =
conv2d 26 (ConviD) {Mone, 58, 58, 64) 18,496
batch_normalization_26 {Mone, 58, 58, 64) 256

(BatchMormalization})

leaky re lu 24 (LeakyRell) {Mone, 58, 58, 64) 8
max_pooling2d 23 (MaxPooling2D) {Mone, 25, 25, 64) &
dropout 29 (Dropout) {None, 25, 25, 64) g
conv2d 27 (ConviD) {Mone, 25, 25, 128) 73,856
batch normalization 27 {Mone, 25, 25, 128) 512

(BatchMormalization)

leaky_re_lu 25 (LeakyRell) {Mone, 25, 25, 128) &
max_pooling?d 24 (MaxPooling2D) {None, 12, 12, 1Z8) e
dropout 38 {(Dropout) {Hone, 12, 12, 128) &
flatten 7 {(Flatten) (Wone, 18432) 5
dense 15 (Dense) (None, 256) 4,718,848
dropout 31 (Dropout) {Mone, 256) g
dense_16 (Dense) {None, 5) 1,285

Fig. 59: A code showing the architecture using ‘model.summary’
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model path='ethnicity.keras'

checkpointer = ModelCheckpoint(model path, monitor='loss',verbose=1,save best only=True,

callback list=[checkpointer]

sdve =

Epoch 1/3
556/556

Fig. 60: A code showing the model saving path and the checkpointer

Epoch 1: loss
556/556

improved from

Os 264ms/step

save weights only=False, mode='auto',save freq="epoch')

- accuracy: 9.4472 -

loss: 3.0958

inf to 1.76064, saving model to ethnicity.keras

Epoch 2/5

1585 23@ms/step - accuracy: @.4873 - loss: 3.8934 -

556/556
Epoch 2: loss
556/556

improved from

Bs 26@ms/step - accuracy: ©.5388 - loss: 1.1816

1.76064 to 1.16208, saving model to ethnicity.keras

Epoch 3/5
556/556

1535 275ms/step - accuracy: 6.538@ - loss: 1.1816 -

Epoch 3: loss
556/556

improved from

@s 254ms/step

1.16288 to 1.85447, saving model to ethnicity.keras
- loss: 1.@848 -

Epoch 4/3
556/556

- accuracy: 8.5785 -

15085 269ms/step - accuracy: 8.5785

Epoch 4: loss

improved from

Bs 266ms/step

1.85447 to @.97265, saving model to ethnicity.keras

556/556
Epoch 5/5
556/556

- accuracy: 8.6291 -

1585 284ms/step - accuracy: 8.6291

Epoch 5: loss

improved from

@s 269ms/step

©.97265 to 0.92867, saving model to ethnicity.keras
- loss: 8.9229 -

556/556

- accuracy: 9.6545 -

1595 286ms/step - accuracy: B.6545

loss: 1.0640

loss: @.98@2

- loss: @.9802 -

loss: 8.9229

val accuracy

val accuracy

val accuracy

val_accuracy

val accuracy

Fig. 61: A code showing the training of the model
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model.fit(x train,y train,validation data=(x test,y test),epochs=5,callbacks=[callback list])

1 8.5519

! 8.6298

1 8.5382

1 8.7233

: 8.711a

val loss:

val loss:

val loss:

val_loss:

val loss:

1.1308

8. 9683

1.8819

@.8521

£.8416
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Lineplots showing loss and accuracy of CNN model by epochs
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Fig. 62: A graph showing the loss and accuracy of the first 5 epochs
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3.2. Implementation Codes
Here, we show the codes used to use the models trained in the codes earlier
e Using Images
from keras.models import load model
from PIL import Image

import numpy as np
import cv2

#the following are to do with this interactive notebook code
¥matplotlib inline
from matplotlib import pyplot as plt # this lets you drow inline pictures in the notebooks

import pylab # this allows you teo control figure size

pylab.rcParams['figure.figsize'] = (18.8, 8.9) # this controls figure size in the notebook

Fig. 63: A code showing the importation of the libraries used

export_dir='C:/Users/HeeBe/Desktop/Projects AgeGenderEmotion Detection-2024841871229507-082/Project5 AgeGenderEmotion Detection/age75.keras’
age _model = load model(export dir)

# summarize model.
age_model.summary()

Fig. 64: A code showing the loading of age model

# load and evaluate a saved model
export dir='gender3@epochs.h5’
gender model = load model(export dir)

# summarize model.

gender model.summary( )

Fig. 65: A code showing the loading of gender model
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# Labels on Age, Gender agnd Emotion to be predicted
export_dir="C:/Users/HeeBe/Desktop/ProjectAGE/ethnicity55.keras’
ethnicity model = load model{export_dir)

# summarize model.

ethnicity model.summary()
age ranges = [*1-2°; '3-5°, '6-8', '9-12', ‘13-15', ‘16-18', '19-25', '26-35', '36-50', ‘51-65", '66-75', '75+']
age _rangesl = ['1-2°, '3-9', '18-20', '21-27', '28-45', '46-865', '66-115']

gender_ranges = ['male’, 'female']

ethnicity ranges = ['white', ‘black', 'indian®, 'asian', ‘others']

Fig. 66: A code showing the loading of ethnicity model and the ranges for each

84



Appendix

img_path = "C:/Users/HeeBe/Desktop/yes/hap.jpg"

from IPython.display import Image
pil_img = Image(filename=img_path)

display(pil img)

Fig. 67: A code showing the loading of an image and displaying it
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test_image = cv2.imread({img_path)
gray = cv2.cvtColor(test image,cv?.COLOR_BGR2ZGRAY)
face_cascade = cw2.CascadeClassifier('haarcascade frontalface default.xml®)

faces = face cascade.detectMultiScale({gray, 1.3, 5)
i=e

for (x,y,w,h) in faces:
i=1#1
cv2.rectangle(test image,(x,y), (x+tw,y+h),(283,12,255),2)

img_gray=gray[y:y+h,x:x+w]

gender img = cv2.resize(img gray, {188, 188), interpolation = cv2.INTER_AREA)
gender _image array = np.array(gender_img)
gender _input = np.expand dims(gender_image array, axis=0)

output gender=gender ranges[np.argmax{gender model.predict{gender input})]

ethnicity img = cv2.resize(img gray, (1e2, 188), interpeclation = cv2.INTER_AREA)
ethnicity image_array = np.array(ethnicity_img)

ethnicity input = np.expand dims{ethnicity image array, axis=0)

output ethnicity=ethnicity_ ranges[np.argmax{ethnicity model.predict{ethnicity input))]

age_image=cv2.resize(img gray, (208, 2808), interpolation = cv2.INTER_AREA)
age input = age image.reshape(-1, 2@8, 280, 1)

output_age = age rangesl[np.argmax{age_model.predict{age input))]

output str stre{i) + ":i: "+ output gender + ', '+ output age + ", '+ output ethnicity

print{output str)
col = (8,255,8)
cv?.putText(test image, str(i),(x,y),cv2.FONT HERSHEY SIMPLEX,1,col,2)

plt.imshow(cv2.cvtColor(test_image, cv2.COLOR BGR2RGB))

Fig. 68: A code showing the classification of the image
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1/1 @5 21ms/step
1/1 @5 23ms/step
1/1 @5 25ms/step

1: female, 28-45, white
<matplotlib.image.AxesImage at @x21199céala:

0

100

200

250

Fig. 69: A demonstration of the classification
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e Using Webcam

import os

from keras.models import load model
from PIL import Image

import numpy as np

import cv2

import tensorflow

from tensorflow import keras

%matplotlib inline
from matplotlib import pyplot as plt

import pylab
pylab.rcParams[ 'figure.figsize'] = (18.8, 8.8)

Fig. 70: A code showing the importation of libraries

ethnicity model = load model('ethnicity55.keras")
ethnicity model.summary()

Fig. 71: A code showing how we imported the models

age ranges = ['1-2', '3-5', '6-8', '9-12', '13-15', '16-18', '19-25', '26-35', '36-58', '51-65', '66-75', '75+']
age rangesl = ['1-2', '3-9', '18-28', '21-27', '28-45', '46-65', '66-116"]

gender_ranges = [ ‘'male’, ‘female']

ethnicity ranges = ['white', 'asian', 'indian', 'black', 'others’']

Fig. 72: A code showing the ranges
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test_image = cv2.VideoCapture(@)
putput_str = ™"
while True:

ret, frame = test_image.read()

gray = cvZ.cvtColor(frame,cv?.C0OLOR_BGR2ZGRAY)
face_cascade = cvZ.({ascadeClassifier('hearcascade_frontalface default.xml')
faces = face_cascade.detectMultiscales(gray, 1.3, 5)

for (x,v,w,h) in faces:
img_gray=gray[y:y+h,x:x+w]
cwv2.rectangle{frame, (x, ¥}, (x+w, y+h}, (@, 255, @), 2)

gender_img = cv2.resize(img_gray, (188, 188}, interpolation = cvZ.INTER_AREA)
gender_image array = np.arrayi{gendsr img)

gender_input = np.expand_dims{gender_image_array, axis=8)

output gender=gender ranges[np.argmax(gender model.predict{gender_input))]

ethnicity img = cv2.resize(img gray, (18@, 188), interpolation = cwv2.INTER AREA}
ethnicity image array = np.array{ethnicity img)

ethnicity input = np.expand dims{ethnicity image array, axis=8)

output ethnicity=ethnicity ranges[np.argmax(ethnicity maodel.predict{ethnicity input))]

age_image=cvZ.resize{img gray, (2808, 288), interpolation = cw2.INTER_AREA)
age_input = age image.reshape(-1, 288, 284, 1)
output age = age rangeslinp.argmax(age model.predict(age input))]

output_str = output_gender + ', '+ output_age + ', '+ output_ethnicity

print{output_str)

cv? . putText{frame, output str, (x, y-18), cv2.FONT HERSHEY SIMPLEX, ©.9, {36,255,12), 2}
col = (@,255,8)

cv2.imshow( " frame',frame)

label = "{},{}".format{output_gender, output_age,output_ethnicity)

k=cvZ.waitkey({1)

if k==ord('qg"}:
test_image.releasel)
cv? . destroyal IMindows ()
break

Fig. 73: A code showing how the webcam opens and how the model predict
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Fig. 74: A demonstration of the system classifying us
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model = load_model("C:/Users/HeeBe/Desktop/ProjectS_AgeGenderEmotion_Detection-28248418T1229587-802/Projects_AgeGenderEmotion Detection/ethnicity37_2.keras")

from sklearn.metrics import mean_absolute_error, mean_sgquared_error, accuracy score
import numpy as np

ranges = ['8', '1', '2', '3', '4']

predictions = model.predict(pixels)

predictions[1]

12/12 1s 55ms/step

array([0.2566535 , @.@8357953, ©.85555843, 0.3506056 , ©.2533829 ],
type=floatil)

p=[int(rangesnp.argmax(i)]) for i in predictions]
mage = mean_absolute_error(p, age)

# Calculate MSE

mze = mean_squared_error(p, age)
print(mae)
print{mse)
accuracy = accuracy_score(age, p)
print(sccuracy)

8.0380288333333334
1.8283125
@.7129375

Fig. 75: The code to find the MAE, MSE, Accuracy of each model using our dataset
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4. Conclusion

This section presented additional information and visuals about our work,
including the images of our codes that we used, alongside the softwares and the
machines providing a better insight of how everything was done, and giving a deeper

understanding of our work.
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Abstract:

Age, gender, and ethnicity recognition technology analyzes faces using
computer vision, but accuracy can be impacted by lighting, pose, and image quality.
This report investigates existing methods, trains deep models similar to VGG/ResNet
architectures and a pre-trained model from SkillCate, then evaluates and discusses the

results. It aims to improve recognition accuracy despite these challenges.

Key words: Age, Gender and Ethnicity Recognition ; Computer Vision.
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Résumé:

La technologie de reconnaissance de l'age, du sexe et de l'origine ethnique
analyse les visages a l'aide de la vision par ordinateur, mais la précision peut étre
affectée par I'éclairage, la pose et la qualité de 1'image. Ce rapport étudie les méthodes
existantes, entraine des modeles profonds similaires aux architectures VGG/ResNet et
un modele pré-entrainé de SkillCate, puis évalue et discute les résultats. Il vise a

améliorer la précision de la reconnaissance malgré ces défis.

Mots clés : Reconnaissance de L’age, Sexe et de L’origine Ethnique; Vision Par

Ordinateur.
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