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GENERAL INTRODUCTION

According to the remarkable development of smart and powerful devices, several related
services are being developed. These services are designed to alternate human-centric services
based on computer vision data extraction. One of the important fields is the automatic
verification and recognition of individuals based on their physical appearance, behavioral traits
and special traits, through biometric methods such as the face, fingerprint, signature and hand
geometry. In particular, facial recognition technology can be used in many ways and in different
manners. One of the latest use of this technology is emotion recognition which can be performed
using various features, such as in [1] — [3]. Among these features, facial expressions are the most

common due to reason that it contains many features useful for recognizing emotions.

Emotion recognition is the use of computers to detect human faces and analyze performance
characteristics information [4,5]. The machine realizes the purpose of recognizing and

understanding humans from emotional expression.

In order to reduce the false detection, improve the recognition accuracy and offer more
robustness, machine learning techniques are introduced in this area. Recently, with the use of
deep Learning in particular Convolutional Neural Networks (CNNs) [6], many features can be
extracted, and learn how to have a decent facial expression recognition system. It should be
noted that in the case of facial expressions, a lot of clues come from a few parts of the face, for
example, the mouth and eyes, whereas other parts, such as the ears and hair, play a Small role in
the output of emotional recognition such as happiness, sadness or anger [7].

In This work, we propose a new Framework based on deep learning to recognize facial
expressions, which takes the above observation into account and uses the attention mechanism
to focus on the prominent part of the face. By using an attentional convolutional network and
unlike the used CNN algorithms that are performed using at Most four layers, our algorithm
bases on the use of additional layers capable of achieving a very high resolution rate. More

specifically, our work in this dissertation makes the following contributions:

» We propose an approach based on the attentional convolutional network, which can focus on

the feature-rich parts, however, it outshines the face in modern brilliant works in precision.

» We train it on different data sets with an evaluation of the accuracy ratesince it represents the

46



General Introduction

most important criteria used in the validation of such solutions.
The remainder of this dissertation is constructed through the following chapters:

Chapterl is focused on image recognition to give an overview of image recognition technology
and its fields as the global area of our work, in particular, we have focused on the field of facial

recognition.

Chapter2 Focuses on the sub-field of facial emotions recognition as our special field of work,
and presents the model based on convolutional neural networks CNN to recognize facial

expression.

Chapter3 presents our proposed framework through the presenting of the environment of work,

our conception and the different results with other previous works on different data sets.



CHAPTER 1

Image Recognition

1. INEFOTUCTION. ...t e 4
2. What is Image RECOGNITIONT.........cciiiiiiiiieeiee e eaeneas 4
3. BIIET HISTOIY .o bbb 4
4. Image Recognition APPHCALIONS ..........oiiiiiiiieicee e 5
5. Domains of Image RECOGNITIONS .......cveiiiiiriiriiiisieeieee s 7
6. FACE TECOGNTTION ...ttt bbb 8
7. CONCIUSION ... bbbttt 19



Chapter 1- Image Recognition

1 Introduction
In this chapter, we give an overview of the image recognition domain in order to provide
a global view of this domain focusing on the facial recognition field that presents the area to

which facial emotions recognition belongs.

2 What is Image Recognition?

Image Recognition (IR), in the context of machine vision, is a term used for computer
technologies that enable them to identify objects such as: places, actions, writing, or identify
specific people, animals, or objects in images using special algorithms. It is an umbrella term
for the process of training computers to see like humans and the mechanism of combining a
camera and an artificial intelligence program to achieve image recognition [5].

The IR involves analyzing the pixels of the image to identify the image content as specific

objects as shown in Figure 1.1.

Fiaure 1.1 Recoanizer Obiect and shanes.

By using of algorithms based on Al, the performance becomes better because the IR task

requires high computing power [6].

3 Brief History

Image processing began to be studied around the 1920s, for the transmission of images by
the submarine cable from New York to London. Indeed, the first image scan with data
compression to send faxes from London to New York [1].

The 1960s saw the real start of image processing when computers began to be powerful
enough to work with images [1].

The first attempts on automatic information extraction started with the beginning of the
70s, and in the late 1990s, it became possible to process a large amount of data at high speed
with the evolution of general-purpose computers [4]. The mainstream method was to extract
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a feature vector (called the image local features) from the image and apply a machine learning
method to perform image recognition.

In the 2000 era, handcrafted features such as scale-invariant feature transform (SIFT) and
histogram of oriented gradients (HOG) as image local features that are designed based on the
knowledge of researchers, have been actively researched [4].

Next, in the late 2010s, deep learning to perform feature extraction process through
learning has come under the spotlight. A handcrafted feature is not necessarily optimal
because it extracts and expresses feature values using a designed algorithm based on the

knowledge of researchers [4].

4 Image Recognition Applications

The image recognition system is still a challenging problem in the field of computer vision.
It has received great attention during the past years due to its multiple applications in various
fields. Although there is a strong research effort in this field, its systems are far from ideal for
adequate performance in all real-world situations. In this section, we presents a brief survey

of the most used applications in the field of image recognition.
4.1 Google Image Recognition

It is a completely free online image recognition tool that is very user-friendly in such a
way that the search engine scans the web in two clicks in order to send you images that are

identical to the reference photo (JPEG or PNG) initially downloaded.

Figure 1.1 Google Image Recognition.

4.2 IBM Image Detection
IBM's image recognition tool is one of the best of its kind. Its advanced technology allows

not only to detect human faces, but also to determine the approximate age and gender

before showing you similar pictures.
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Figure 1.2 IBM Image Detection.
4.3 Amazon Recognition

Able to recognize objects, patterns and faces in the image. Thanks to its facial recognition
functions, it is especially capable of searching for faces, comparing them and recognizing

celebrities, however, it necessities creating an account which requires a login.

Figure 1.3 Amazon Recognition.
4.4 Imagga
It is a digital image recognition APl with a library for sorting, organizing, and displaying
images. This analysis and report tool offers an automated image tagging and category

management solution capable of handling large amounts of images.

mmagga

Build the next generation of
Image Recognition Applications with
Imagga's APL

Figure 1.4 Imagga’s API

4.5 Gum Gum
It is perfect for marketers and graphic designers looking for images that are relevant to

their brand. Also, the software is considered one of the best Al photo editors [12].
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gumgum Aoy - o . o=

Analyze digital media in a
whole new way

cammi O~ - = M - oo Cance oA wre E R - L Speion

Figure 1.5 GumGum API

4.6 VISUA
VISUA is a software capable of identifying logos, symbols and brands. It helps to monitor

and control the usage of all the multimedia graphic content through monitoring of social
networks, broadcast media and retail websites. It thus makes it possible to secure the brand
and detect counterfeits.

VEAS WA

Figure 1.6 VISUA API

4.7 Clarifai

It is typically used by federal and commercial organizations. This free advanced image

recognition API powered by Al is able to tag, organize and interpret images and videos.

Endless possibilities with Computer Vision, Natural
Language Processing, and Automated Machine Learninsgs

Figure 1.7 Clarifai API

5 Domains of Image Recognition

The concept of computer vision is based on teaching computers to extract, analyze, process
and understand an image or series of images at. The pixel level, to gain a high-level
understanding of digital images or videos [10,11], amonyg its fields:
5.1 Visual search

It is the use of images from the real world to produce more reliable and accurate online
searches. Thus, online sites may suggest items that have a theme, pattern, or otherwise relate to

7
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consumer behaviors and interests [6].

Visual search means that people use an image to search for information instead of typing
in a keyword or query. Where an Internet user, for example, uses an image of a red short-
sleeved shirt instead of typing the words “red short-sleeved shirt” in an application or search
engine. For its part, the search engine will suggest a set of images related to the image used
by the user [8].

5.2 Image organization

As image and video content proliferates as technology advances, machine learning image
recognition makes organizing them into categories easier and more efficient. The goal is to
improve accessibility, improve search and discovery, and seamlessly share content. Many
current image auto-organizing applications also use facial recognition, which is a specific

task in the image recognition field [6].

5.3 Content moderation
It is a mandatory step for all brands or companies that want to implement an effective

communication strategy. To control their brand image on the web, they no longer have a
choice: they have to use this strategy to secure their social space [9].

This type of automated content moderation can be an essential tool to ensure that
community spaces are targeted, safe and fulfill their intended purposes. Brands and
companies must implement an effective censorship policy in order to maintain their online

reputation [6].

6 Face recognition

As we have mentioned previously, the last years have witnessed extensive use of
computer vision, and one of the most important area of its use is the technology of human
face recognition that represents the domain to which our work belongs.

6.1 Definition

Face recognition is a method of identifying or confirming an individual's identity using
their face. Facial recognition systems can be used to identify people in photos or videos. It
is a class of biometric mostly used as technology for security and law enforcement. It bases
on identifying and measuring facial features. Face recognition systems have seen wider uses
in recent times for smartphones and other forms of technology such as robotics. Since it
involves the measurement of the physiological characteristics of a human being, its systems
are categorized as biometrics. Although the accuracy of facial recognition systems as a
biometric technology is lower than iris recognition and fingerprint recognition, it is still
widely used [13]
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Hence, recognition systems are used all over the world today by governments and private
companies as well as institutions and their effectiveness varies. On the other side, some
systems were previously canceled due to ineffectiveness with allegations that they were
violating the privacy of citizens. As example, Meta announced that it plans to shut down the
facial recognition system on Facebook with Facebook deletes the facial scanning data of
more than one billion users, this change will represent one of the largest shifts in the use of

facial recognition in the history of technology [14].

6.2 Facial recognition use cases

Herein we put light on the areas in which it is used the facial recognition technology.

6.2.1 Find Missing Persons

Facial recognition can be used to find missing children, the mentally ill, and victims of
human trafficking. When missing individuals and individuals are added to a database, law
enforcement can be alerted as soon as they are identified, whether it's in a store, airport, or

other public place [16].

The same is also used for lost pets which attempts to help owners reunite them with their
lost pets such as the use of the Finding Rover application which uses face recognition
(animal's face in this case) to match photos uploaded by pet owners to a database of pet

photos in navigators and then immediately alert owners if their pet is found.

Figure 1.8 Find Missing Persons.

6.2.2 Facial Recognition for Security and Surveillance

Integrating facial recognition into security systems can greatly enhance security and
surveillance effectiveness across sectors, and reduce overall costs. It can determine when
individuals are in the camera's field of view, recognize anyone already in the system's
database, and automatically send alerts for targeted human interventions. As examples:
Preventing unknown or prohibited persons from entering buildings and smart residential
security systems. So we consider facial recognition technology to facilitate or in other words

seek to achieve security and surveillance today [15].
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Also, protect schools from Threats in such a way that monitoring systems can instantly
recognize faces when expelled students, dangerous parents, bandits, drug dealers, or other
people who may pose a threat or danger enter the school. Therefore, the face recognition

feature can reduce the risk of violent acts [16].

Figure 1.9 Facial Recognition for Security and Surveillance.

6.2.3 Facial Recognition for Health and Safety and Diagnose Diseases

Since the COVID-19 pandemic struck in early 2020, the health and safety of individuals
in public and private spaces has become a priority. This has led to a series of global measures
that include the mandatory wearing of masks outside the home and temperature checks when
entering public places such as train stations, offices, shopping malls, public institutions and
even universities. This makes a great use case for facial recognition to help keep individuals
healthy by ensuring that masks are worn properly, especially in public places [15].

It can also be used to diagnose diseases that cause detectable changes in appearance. For
example, the National Human Genome Institute Research Institute uses facial recognition
technology to detect a rare disease called DiGeorge syndrome. This helped diagnose 96%
of cases. As algorithms become increasingly sophisticated, they will become an invaluable

diagnostic tool for all types of people [16].

Health

Figure 1.10 . FR for Security and Surveillance.

6.2.4 Biometric border checks

The Europe Large Information Technology Systems Agency (EU-LISA) has developed
an entry/exit system to record biometric data for all non-EU citizens crossing the external

borders of the European Union. This will include the face data. The new system should

10
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eliminate the need for manual stamping of passports. This system has supposed to efficiently
help the guards to discover travelers who are trying to use multiple identities. The system is
scheduled to be operational in 2022 [17].
6.25 Facial Recognition for Access Control

Access control is selectively restricting access to specific places or resources using facial
recognition technology. Many areas can be cited as examples: Access control systems for
commercial and residential facilities where facial recognition is used to grant access to
authorized individuals, family members or pre-registered guests. Airport access control
systems to manage passenger boarding that represents one of the many obstacles faced by
air travel. In recent years, airport self-service kiosks and access control doors have used
facial recognition technology for passenger interests in passenger and flight attendant
operations as well as immigration control. As well as systems for controlling access to
limited resources and equipment...etc. [15]. Furthermore, a variety of phones use facial
recognition to unlock phones. This technology is an effective way to protect personal data

and ensure the presence of the phone [16].

Figure 1.11 FR for Access Control.
6.3 Facial recognition techniques

In this section, we introduce the different steps of the 6-step facial recognition

technology. It is also resumed in the Figurel.12 as follow:

¥

DB based feature matching

Figure 1.12 Crucial elements of the typical face recognition system.
The first step, is considered the basic step, i.e. specific to the inputs. As for the second

step, face detection is the step we are most interested in in this chapter.

11



Chapter 1- Image Recognition

For the third step, face normalization is to complete the face localization effort, that is,
the use of algorithms after the face alignment, so that feature-independent problems

(rotation, brightness, background and occlusion) can be reduced.

The fourth step is to properly extract the useful features from the image data to maintain
accuracy.
After extracting the features and specifications from step 4, step 5 in turn matches them

to the database. Finally, step 6 is for outputs.

6.3.1 Face detection

It represents the first operation in the face recognition system. Its reliability has a major
influence on the performance and usability of the entire face recognition system [7]. The

goal of this step is to identify and locate all the faces in the image.

6.3.1.1 Face detection challenges
The challenges associated with face detection can be attributed to the following factors

[18] :

e Pose: As is presented in Figurel.13, the images of a face vary due to the relative camera-
face pose (frontal, 45 degree, profile, upside down), and some facial features such as an

eye or the nose may become partially or wholly occluded.

. |

Figure 1.13 Pose Variations

e Presence or absence of structural components: Facial features such as beards,
mustaches, and glasses may or may not be present and there is a great deal of variability

among these components including shape, color, and size.

e Facial expression: The appearance of faces are directly affected by a person’s facial

expression. Figure 1.14 shows an example of this influence.

H e

Figure 1.14 Expression variation

12
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¢ Occlusion: Faces may be partially occluded by other objects. As an example, inan image
with a group of people, some faces may partially occlude other faces

L L& -3 L
«S=«_ 8T

Figure 1.15 Examples of occlusions.
o Image orientation: Face images directly vary for different rotations about the camera’s

optical axis. Imaging conditions: When the image is formed, factors such as lighting
(spectra, source Distribution and intensity) and camera characteristics (sensor response,

lenses) affect the appearance of the face, such as shown in the Figure 1.16.

Figure 1.16 Examples of Image orientation.

6.3.1.2 Face detection methods

A comprehensive study on face detection methods in [19] grouped the various methods

into three categories: knowledge-based, Template Matching, and appearance-based methods.

a) knowledge-based methods

These methods depend on knowing the main characteristics of human faces and using them
to know the features of the face and its relationship.

Knowledge based methods can divided into two different approaches which are top-down

and bottom-up methods.

e Top-Down Methods

The methods based on this approach use rules to describe features of a face derived from
knowledge of human face. For example, a face image is consist of two eyes that are symmetric
to each other, a nose and a mouth. The relationships between features can be represented by
their relative distances and positions. The problem of this approach is as follow, it is difficult
to translate human knowledge into well-defined rules. If this method chooses to use strict
rules, than it may fail while detecting faces because it may not pass all the rules defined. On
the other hand if the rules are too general than there may be many false detections.

13
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The authors of [22] perform one popular work of this approach. They have used a
hierarchical knowledge-based method to detect faces. Their system consists of three levels of
rules. At the highest level, all possible face candidates are found by scanning a window over
the input image and applying a set of rules at each location. The rules at higher level are
general descriptions of what a face looks like while the rules at lower levels rely on details
of facial features. A multi-resolution hierarchy of images is created by averaging and

subsampling (Figure 1.17).

(a) (b) ) (d)
Figure 1.17 . Original and corresponding low resolution images: (a) n = 1, original image.

(b) n=4. (c) n=38. (d) n = 16. Each square cell consists of n x n pixels in which the

intensity of each pixel is replaced by the average intensity of the pixels in that cell.

Another example is presented in Figure 1.18. It bases on coded rules which are based
on the characteristics of human face that are used to locate the face candidates in the lowest
resolution presented by the center part of the face (Region-1) and the upper round part of
the face (Region-2). The first region has a four cells with basically uniform intensity,
and the second one has a basically uniform intensity. The difference between the average
gray values of the center part and the upper round part is significant and plays the important

role in face detection [20].

REGION -2

REGION-I

Figure 1.18 Typical face used in knowledge-based top-down methods

e Bottom-Up Methods

In this approach, the purpose of different algorithms is to find variant features of faces for the

detection process. The underlying assumption is based on the observation that humans can

effortlessly detect faces and objects in different poses and lighting conditions and so, there

must be existing properties or features that are invariant over this variability. Numerous

methods have been proposed that first detect facial features and then infer the presence of a
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face. Facial features such as eyebrows, eyes, nose, mouth, and hair-line are commonly
extracted using edge detectors. Based on the extracted features, a statistical model is built to
describe their relationships and to verify the existence of the face. One problem with these
feature-based algorithms is that the image features can be severely corrupted due to
illumination, noise, and occlusion. Feature boundaries can be weakened for faces, while
shadows can cause numerous strong edges which together render perceptual grouping
algorithms useless [19].

b) Template matching methods

In template matching category, a standard face pattern (usually frontal) is manually
predefined or parameterized by a function. Given an input image, the correlation values with
the standard patterns are computed for the face contour, eyes, nose, and mouth independently.
The existence of a face is determined based on the correlation values. This approach has the
advantage of being simple to implement. However, it has proven to be inadequate for face
detection since it cannot effectively deal with variation in scale, pose and shape.
Multiresolution, multiscale, sub-templates and deformable templates have subsequently been
proposed to achieve scale and shape invariance [19].

Template matching algorithms can be separated into two sub-categories which are,
algorithms using predefined templates and the others are algorithms using deformable
templates.

e  Predefined templates

An early attempt to detect frontal faces in photographs is reported by the authors of [23].
They have used several sub-templates for the eyes, nose, mouth, and face contour to model a
face. Each sub-template is defined in terms of line segments. Lines in the input image are
extracted based on greatest gradient change and then matched against the sub-templates. The
correlations between sub-images and contour templates are computed first to detect candidate
locations of faces, then, matching with the other sub-templates is performed at the candidate
positions. As presented in Figure 1.19, the authors of [24 have used a small set of spatial image
invariants to describe the space of face patterns. The key insight for designing the invariant is
that, while variations in illumination change the individual brightness of different parts of faces
(such as eyes, cheeks, and forehead), the relative brightness of these parts remain largely
unchanged. The template is composed of 16 regions (the gray boxes) and 23 relations (shown
by arrows). Determining pairwise ratios of the brightness of a few such regions and retaining

just the “directions” of these ratios provides a robust invariant.
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Figure 1.19 A 14x16-pixel ratio template for face localization.

e Deformable Templates

In this approach, facial features are described by parameterized templates. An energy
function is defined to link edges, peaks, and valleys in the input image with their corresponding
parameters in the template. The best fit of the elastic model is found by minimizing an energy
function of the parameters. Although their experimental results demonstrate a good
performance in tracking non-rigid features, one draw-back of this approach is that the
deformable template must be initialized in the proximity of the object of interest [25].

In [26], the authors have described a face representation method with both shape and
intensity information . They start with sets of training images in which sampled contours such
as the eye boundary, nose, chin/cheek are manually labeled, and a vector of sample
points is used to represent shape. They used a Point Distribution Model (PDM) to characterize
the shape vectors over an ensemble of individuals and an approach to represent shape-
normalized intensity appearance. A face-shape PDM can be used to locate faces in new images
by using Active Shape Model (ASM) search to estimate the face location and shape
parameters. The face patch is then deformed to the average shape and intensity parameters are

extracted. The shape and intensity parameters can be used together for classification.

c) Appearance Based Methods

In this approach the templates are learned from examples in images. In general,
appearance-based methods rely on techniques from statistical analysis and machine learning
to find the relevant characteristics of face and non-face images. The learned characteristics
are in the form of distribution models or discriminant functions that are consequently used
for face detection. Meanwhile, to overcome performance issues, dimensionality reduction is
usually carried out for the sake of computation efficiency and detection efficacy.

Many algorithms use the appearance-based methods. Mostly used are: Eigen faces,
distribution-based methods, neural networks, support vector machines, sparse network of

winnows, Naive Bayes classifiers, hidden Markov model and information the orifical and
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inductive learning approaches [19]. Figures 1.20 and 1.22 shows two example of twp different
algorithms. The first system consists of two components, distribution-based models for
face/non-face patterns and a multilayer perceptron classifier. Each face and non-face example
is first normalized and processed to a 19 X 19-pixel image and treated as a 361-dimensional
vector or pattern. Next, the patterns are grouped into six faces and six non-faces clusters using
a modified k-means algorithm. Figure 1.21 shows the distance measures.
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Figure 1.20 Face and non-face clusters method
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Figure 1.21 The distance measures used by Sung and Poggio.
In the second system (Figurel.22), a Hidden Markov Model (HMM) for a pattern recognition
problem is used in such a way that a number of hidden states need to be decided first to form
a model. Then, a training process of the HMM is needed to learn the transitional probability
between states from the examples where each example is represented as a sequence of
observations. After the HMM has been trained, the output probability of an observation
determines the class to which it belongs. HMM-based methods usually treat a face pattern as
a sequence of observation vectors where each vector is a strip of pixels, as shown in Figure
1.22 (a). During training and testing, an image is scanned in some order (usually from top to
bottom) and an observation is taken as a block of pixels, as shown in Figure 1.22 (a). For face
patterns, the boundaries between strips of pixels are represented by probabilistic transitions
between states, as shown in Figure 1.22 (b), and the image data within a region is modeled

by a multivariate Gaussian distribution.
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Figure 1.22 Hidden Markov model for face localization.
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6.3.1.3 Feature invariant approaches

These algorithms aim to find structural features that exist even when the pose, viewpoint

or lighting conditions vary.
e Facial Features

It basses on the segmentation of the face from a cluttered background for face identification.
It uses an edge map (Canny detector) and heuristics to remove and group edges so that only the
ones on the face contour are preserved. An ellipse is then fit to the boundary between the head
region and the background. This algorithm achieves 80 percent accuracy on a database of 48
images with cluttered backgrounds. Recently, Amit et al. presented a method for shape detection
and applied it to detect frontal-view faces in still intensity images. Detection follows two stages:
focusing and intensive classification [28].

e Texture

Human faces have a distinct texture that can be used to separate them from different objects.
The idea of this method is to infers the presence of a face through the identification of face-
like textures. The textures are computed using second-order statistical features (SGLD) on sub-
images of 16 X 16 pixels. Three types of features are considered: skin, hair, and others. A
combination between a cascade correlation neural network for supervised classification of
textures and a Kohonen self-organizing feature map to form clusters for different texture
classes is needed [21].
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7 Conclusion

In this chapter, we have focused on image recognition generally and specifically face
recognition techniques and fields in order to give to the reader a global view of the original
domain focusing on face detection techniques since it represent the first step in the face
emotional recognition as a sub field of face recognition field. In the next chapter, we have
focused on the sub-domain of facial emotions recognition as it represents the sub-domain that

we are interested in.
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Chapter 2 - Facial emotions recognition

1 Introduction

Emotions are expressed when interacting and communicating with others. The main body
element that present these emotions is the face. Although, emotions recognition is used by
many companies due to its great importance nowadays, studying how to recognize and read
them remains a challenging task for smart technology which is used to do the job. In this
chapter, we have introduced some concepts about emotions and facial expressions, as well as
Fields of application, then defined CNNs and its architectures, and finally the architecture of

facial recognition systems.

2 Facial expressions and emotions

2.1 Emotion

The term Emotion is derived from Latin word "Emover" which means to move or to
agitate [29]. It represents the reaction to person, object or event and can be expressed in a
variety of ways such as anger, fear, joy, happiness, sadness, surprise etc.

Don Hockenbury and Sandra E. Hockenbury suggest in their book entitled "Discovering
Psychology" [30], that an emotion is a complex psychological state that involves three distinct
components: a subjective experience, a physiological response, and a behavioral or expressive
response.

In addition to trying to define what emotions are, researchers have also tried to identify
and classify the different types of emotions. The descriptions and insights have changed over
time [31]:

In 1972, psychologist Paul Eckman suggested that there are six basic emotions that are
universal throughout human cultures: fear, disgust, anger, surprise, happiness, and sadness
[32].

In the 1980s, Robert Plutchik introduced another emotion classification system known as
the "wheel of emotions." This model demonstrated how different emotions can be combined
or mixed together, much the way an artist mixes primary colors to create other colors [33].

In 1999, Eckman expanded his list to include a number of other basic emotions, including

embarrassment, excitement, contempt, shame, pride, satisfaction, and amusement [32].

Figure 2.1 presents the emotions that are so-called “primary” emotions, which are

respectively: joy, fear, anger, sadness, disgust and surprise [34].
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Figure'2.1 Facial éxpressions of primary emotions.

2.2 Facial emotions recognition

Facial Emotions Recognition (FER) is a technology used for analyzing sentiments by
different sources, such as pictures and videos. It belongs to the family of technologies often
referred as ‘affective computing’, Hence, FER bases on computer’s capabilities to recognize
and interpret human emotions and affective states and it often builds on Artificial Intelligence
technologies [35].

Facial expressions are forms of non-verbal communication, providing hints for human
emotions. For decades, decoding such emotion expressions has been a research interest in the
field of psychology but also to the Human Computer Interaction field. Recently, the high
diffusion of cameras and the technological advances in biometrics analysis, machine learning
and pattern recognition have played a prominent role in the development of the FER

technology [36].

3 Fields of application
Potential uses of FER cover a wide range of applications. In order to distinct between

them, an attempt of classification is made as follow [36]:

3.1 Provision of personalized services
Analyzing facial emotions process is performed in order to show personal messages in an

environment capable of identifying people. As examples: Based on the analysis of
instantaneous facial expressions, music that matches the specific feeling is presented. Also,

analyzing facial expressions to determine people's reaction to movies.

3.2 Customer behavior analysis and advertising
In this category, facial recognition system is used for marketing purposes, such as analyzing
the feelings of customers while shopping in stores, focusing on goods or arranging them inside

the store.

3.3 Healthcare
The main purpose of this category of applications is the monitoring of human's conditions
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such as: Monitoring patients' conditions during treatment, screening for autism or
neurodegenerative diseases and anticipate psychotic disorders or depression to identify users
who need help.
3.4 Employment

The main cases of using FER in this category are: Helping recruits make decisions,
identifying uninterested candidates in a job interview and monitor the mode and interest of
employees.
3.5 Other

Some other areas can use the FER for at least on purpose such as: Education, public safety

and crime detection

4 Facial emotions recognition methods

Facial expression recognition has been an active area of research over the past few decades,
and it is still challenging due to the high intra-class variation and the big gap between the visual
features that can be captured through a camera (in the format of pixels ) and the required
processing features used in emotion recognition. To overcome this problem, in the past the
algorithms used visual hand-crafted features, such as Dense SIFT, Histogram of Oriented
Gradients (HOG) or LBP. Followed by a classifier trained on a database of images or videos.
Most of these works perform reasonably well on datasets of images captured in a controlled
condition but fail to perform as well on more challenging datasets with more image variation
and partial faces. More recently, Deep learning enables to automatically infer a hierarchy
representation of the visual information and many features can be extracted and learned for a
decent facial expression recognition system. One of the main methods for doing so is what is

known as Convolutional Neural Networks (CNNs) [37].

4.1 Convolutional Neural Networks

CNNs are a type of deep learning algorithm that is used to process data that has a spatial
or temporal relationship. CNNs are similar to other neural networks, but they have an added
layer of complexity due to the fact that they use a series of convolutional layers.
Convolutional layers are an essential component of Convolutional Neural Networks (CNNSs).
The name “convolutional neural network” indicates that the network employs a mathematical
operation called convolution. Convolution is a special linear operation. Convolutional
networks are simply neural networks that use convolution at the place matrix multiplication

in at least one of their layers. The picture below represents a typical CNN architecture.
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Figure 2.2 Standard architecture of a convolutional neural network.

The first part of a CNN is the convolutional part. It functions as an image feature extractor.
The image passes through a succession of filters, or convolution kernels, to transform it into
new images called convolution maps “feature maps”. Some intermediate filters reduce the
resolution of the image by a local maximum operation. In the end, the cards of convolutions
are flattened and concatenated into a feature vector, called a CNN code. The output result of
the convolutional part is connected to the input of a second part, consisting of fully connected
layers which consists of combining the characteristics of all the network to classify the image
in the output which is a layer comprising one neuron per class. Finally a numerical values
generally normalized between 0 and 1 is obtained to present the probability distribution on
the classes [38].

4.1.1 The convolution layer (CONV)

Three hyper parameters are used to size the volume of the convolution layer: the depth,

stride and margin.

1. Layer depth: number of convolution nuclei (or number of neurons associated with the
same receptive field).

2. Stride: Controls the overlap ofreceptive fields. The smaller the pitch, the more the
receptive fields overlap and the greater the output volume will be.

3. Margin (at 0 or 'zero padding'): sometimes it is convenient to put zeros at the boundary of
the input volume. The size of this ‘zero-padding' is the third hyper parameter. This margin
controls the spatial dimension of the output volume. In particular, he sometimes desirable to

keep the same area as the input volume [39].
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Figure 2.3 Example of a network composed of many convolutional layers. Filters are applied to
each image used for training at different resolutions, and the output of each convolved image is

used as input to the next layer.
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Figure 2.4 Example of a 2D convolution.

4.1.2 Pooling layer

Pooling is a form of image sub-sampling, it allows to gradually reduce the size of the

representations in order to reduce the amount of parameters and computation in the network

as well as the invariance to small translations, it is therefore common to periodically insert a

pooling layer between two successive convolutional layers of a CNN architecture to control

over-learning. The pooling operation also created a form of translational invariance. The

pooling layer works independently on each depth slice of the input and scales it only at the

surface level.

The most common form is a pooling layer with filters of size 2x2 (width/height) and as

output value the maximum input value. In this case, we speak of “Max-Pool 2x2” as is

presented in Figure2.5. It is possible to use other pooling functions than the maximum. It can
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be used an “average pooling”, the output is the average of the values of the input patch. Pooling
allows big gains in computing power. However, due to the aggressive reduction in the size of
the representation and therefore the associated loss of information, the current trend is to use
small filters (2x2 type). It is also possible to avoid the pooling layer but this involves a greater
risk of over- learning [41].
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Figure 2.5 Pooling with a 2x2 filter. Figure 2.6 Average and Max pooling

4.1.3 Fully Connected Layers

After extracting the characteristics of the inputs, a perceptron or an MLP (Multi-Layer
Perceptron) is attached to the end of the network. The perceptron takes as input the extracted
features and produces a vector of N dimensions where N is the class number or each element
is the probability of belonging to a class. Each probability is calculated using the softmax

function ref in the case where the classes are exclusively mutual [42].

4.1.4 Activation functions

The activation function is a mathematical function applied to a signal at the output of an
artificial neuron. The term "activation function” comes from the biological equivalent
"activation potential”, the stimulation threshold, which once reached, triggers a neuron
response. The activation function is often a non-linear function. Their purpose is to allow neural
networks to learn more complex functions than simple linear regression because multiplying
the weights of a hidden layer is just a linear transformation. Example of activation function is

the ReLu (Rectified Linear Units) which is a function that eliminates all negative values [41].

4.2 Facial emotions recognition and CNN:

The typical procedure for the emotion recognition method with CNN is depicted in Figure
2.7. The first stage is the face detection and tracking. It involves the process of locating face
regions from the input data, and tracking the face region in every frames of video. The second
stage is facial feature extraction and representation, which is responsible for extracting and
representing the facial variations caused by facial expressions. Finally, the facial expression

classification [43].
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Figure 2.7 Steps of FER.

4.2.1 Face detection

It represents the first operation in the face recognition system. Its reliability has a major
influence on the performance and usability of the entire face recognition system [44]. The goal
of this step is to identify and locate all the faces in the image.

The techniques used at this step are explained in the previous chapter (Chapterl)

generally known as a part of the field of pattern recognition.

4.2.2 Feature extraction

After face detection, the next step in FER is feature extraction. The main aim of facial feature
extraction is to extract an effective and efficient representation of facial components without
any loss of face information. Geometric-based and appearance-based features are the two
feature extraction categories of techniques used for facial motion and deformation of facial
features. The input image may be either a static image or image sequence. Based on the input
image, a suitable facial feature extraction algorithm is applied to extract either the local, global
or hybrid features. The extracted features are considerably reduced in size, which is given as
input to the classifier and that significantly helps the classifier to make the decision easier in
identifying and recognising the facial expression [45].

We present a generalized view of facial feature extraction methods and an extensive

review on recent feature extraction techniques in FER.

4.2.2.1 Gometric features [45]
It represents the shape and location of the facial components or points of pre-defined
facial features. They include the mouth, eyes, eyebrows and nose, which are drawn to form

distinct vectors to represent the geometry of the face as shown in figure 2.8.
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Figure 2.8 Detection of static geometric facial features.

However, expressions affect the relative shapes and positions of different facial features.
Thus, basic facial expressions can be recognized by measuring the displacement of important
facial components.

In the case of image sequences as input, the Facial Action Coding System (FACS) is the
most famous of several different techniques for recognizing facial signals and is generally used
as part of reference mental exploration. This system helps distinguish facial movements based
on the analysis of facial movements. The FACS contains different working units (AUs) related
to specific muscle contractions.

On the other hand, static image input uses a model-based approach, such as the Active
Shape Model (ASM) , the Active Appearance Model (AAM) and the Static Attribute
Transformation algorithm for scale (SIFT) to extract facial features.

The geometry-based method is more suitable for real-time facial images as features that

can be easily identified and traced, but it requires precise face detection technology.

4.2.2.2 Appearance Features:

The Appearance-based approaches focus on the transient features of the face such as
wrinkles, bulges and indentations which describe changes in facial texture, density,
histograms and pixel values. Among the algorithms that are applied to extract feature
descriptors: PCA, Linear Discriminant Analysis (LDA), Independent Component Analysis
(ICA), Gabor wavelet, LBP.

In recent years, Gabor wavelet and LBP are extensively used to extract feature descriptors.
Gabor wavelets are a well-known representative feature for extracting texture information
effectively. Zhang et al. have [46]. Investigated and compared geometry-based and Gabor-
based method and the result shows that Gabor wavelet outperforms in performance and

considered as a more powerful tool for feature extraction [45].
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The Gabor wavelet is one of the most popular feature description methods, and it is also one
of the mainstream methods of facial descriptions. Gabor wavelets can well simulate

mammalian visual neurons and capture salient visual features. The Gabor wavelet can extract
spatial and frequency-domain information from multiple scales and multiple directions, which
can enlarge the difference between classes. The function of the two-dimensional Gabor wavelet
filter can be expressed in the following form [47]:

2
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Where z = (x, y). |- | Represents vector norm operation.

Ky = kpePer and @, = /8- ky = kmax/f* (2)

Where Kmax isthe maximum sampling frequency and Kmax = m/2 is the sampling step
in the frequency domain that usually has a value of v 2. Parameter o determines the size and
the

wavelength ratio of the Gauss filter window. Let v and [ represent the scale and direction of
the Gabor filter respectively. It usually has 5 scales v € {0, ..., 4} and 8 directions p € {0,...,
7%}, as shown in Figure 2.9
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Figure 2.9 Five scales from top to bottom and 8 directions from left to right of the Gabor filter.

Let I(x, y) represents the pixel distribution of face images. Then, the convolution between

I(x, y) and Gabor filter #u,v(z) is the Gabor feature representation of the human face,
Opp(2) = 1(x,¥) * Py (2) (3)

Where #represents convolution operation, Ouy(Z) is the convolution I(x, y) and the Gabor
kernel function is »u,v(z) a multiresolution and multidirectional Gabor filter decomposition
representation is obtained through the convolution of 40 Gabor kernels consisting of 5 scales

and 8 directions. The result of the convolution consists of two parts, the real part and the
imaginary part. However, usually use the corresponding amplitude of the convolution as the

facial representation, which is shown in Figure 2.10.
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Figure 2.10 Multiscale and multidirectional Gabor amplitude representation of face images.

The LBP of the local texture feature extraction method based on the local binary model is
an effective non-parametric method for local image texture descriptions. It uses the structure
method to analyze the features of fixed windows and then uses the statistical method to extract
the features. It is simple in calculation and can capture small detailed features in the image. It
can also extract the local neighborhood relationship model that is more favorable for
classification. The LBP operator was originally designed for image texture feature extraction.
Each pixel of the image is calculated by binary values according to the gray value of the central
pixel of its 3 x 3 neighborhood pixel [47].
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Where f:is the gray value of the central pixel and fis the sampling point of the
neighborhood pixels of the center pixel. Then, each sampling pointinthe neighborhood is
assigned 8 neighborhood sampling points according to different weight coefficients 2P .
Finally, the values are added together to obtain the LBP value of the center point f. Figure

2.11 shows the feature extraction process of the LBP operator.
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Figure 2.11 The LBP operator extraction process
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A drawback is that the original LBP operator cannot capture larger scale texture structures.
To solve this problem, the LBP operator is used to extract the features at different scales using
(P, R) as the nearest neighbor region representing the central point. That is, there are P sampling

points around the circle with a center of distance of R. By changing the number of P
30



Chapter 2 - Facial emotions recognition

and the distance of R, we can change the scale of feature extraction. In object recognition
applications such as face recognition, LBP usually uses consistent patterns of texture
descriptions. This pattern allows for only 0 or 1 jumps in binary encoding up to two times. For
example, 00000000 (O jumps), 01110000 (two jumps), and 11001111 (two jumps) are the
uniform patterns, while 11001001 (4 jumps) and 01010011 (6 jumps) are not the uniform
patterns [47].

CLNF uses what is known as Constrained Local Model (CLM) framework. CLM was coined
by the authors of [48], and it is a class of methods for modelling deformable objects that posses
a distinct set of features such is presented in Figure 2.12. This can be applied to a setting in
which there is a face (deformable object) and one wants to detect the facial landmarks (features)
[37].
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Figure 2.12 : Given a detected object on the image (left), a set of features locations are predicted

(middle) and a "response image" R(x) is generated for each location (right).

It all starts by providing an estimate on where the location of the features are within the
image. In the case of the face, a template of the landmarks seen from a frontal view over the
area from a face detector is the first estimate. This is adjusted through multiple iterations until
convergence presented in Figure 2.13. The overall workflow can be subdivided in three main

components: a point distribution model, patch experts and a fitting approach [37].
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Figure 2.13 CLM Search Algorithm.
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The Constrained Local Neural Field (CLNF) model is an instance of the CLM framework
that includes a novel Local Neural Field (LNF) patch expert and a novel Non-uniform RLMS
fitting technique. CLNF outperforms other state-of-the-art techniques when estimating
landmarks in unseen lighting conditions and in the wild settings [37]. The content of this

section significantly relies in the theory that can be found in [50].
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Landmark
patch expert

Area of
interest

Input image
Figure 2.14 Overview of the CLNF model (showing only three patch experts).
4.2.3 Classification

The final stage of the FER method is based on machine learning theory precisely it is the
classification module. The input to the classifier is a set of features which has been retrieved
from face region in feature extraction stage. The feature vector is formed to describe the facial
expression. The first part of Classification module is training. The training set of classifier
consists of labeled data. Once the classifier is trained, it can recognize input images by assigning
them a particular expression class label [43].

All approaches for classification of facial expression can be divided into two groups: frame
based recognition which only relies on a single frame, image sequence based approaches
exploited the temporal behaviors of facial. In different researches, various classifiers have been
applied such as Neural Network, Bayesian Network (BN), Support Vector Machine (SVM),
rule-based classifiers, and Hidden Markov Models (HMM) .Some studies in facial expression
analysis, made their effort to classify action units (AU). Other studies classified each emotional
state based on the extracted features. In Gabor filters with different frequencies and orientations
were applied on face region, and SVM classification method used for recognizing four basic
emotion [43].

In [52], an educational approach is proposed based on the intentional convolutional network,
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which is able to focus on important parts of the face, and the use of visualization technology
that is able to find important facial areas to detect various emotions, is based on the output of
the classifier, that is, the parts of the image that have the strongest effect on the result of the
classifier.

In [53], the authors have proposed a local learning framework that combines automatic
features learned by CNNs and handcrafted features to predict the class naming of each test
image. It is based on three steps:

First, an OR k-nearest neighbor model is applied to determine which training samples are
closest to the input test image. Second, an individual SVM classifier is trained for everyone
on the selected training samples. Finally, use the SVM classifier to predict the class feature
only for the test image that has been trained.

In this work they demonstrate that they can bypass the current state of the art systems by
combining automatic features learned by Convolutional Neural Networks (CNNs) with
handcrafted features computed by the Bag of Visual Words (BOVW) model, They used three
CNN models in this work namely VGG-face, VGG-f and VGG-13 which are based on
horizontally inverted images using DSD (DSD) training to train their CNN models. Since the

images in FER 2013 are of the same size, the VGG-13 was considered an excellent choice for
FER 2013.

Then they only trained the latter from scratch using DSD. They used pre-trained and
optimized versions, used random gradient descents using small batches of 512 images and the
momentum rate set to 0.9, with input images scaling 64x64 pixels for the VGG-13. They
divided the images into bins to create a spatial hierarchical representation of the BOVM model,
using an application SVM classifier.

5 Conclusion
In this chapter, we have focused on facial emotions recognition, especially the use of CNNs
architecture then we have explained the most popular theories and methods for facial
expression recognition through the three steps: detecting faces in images, feature extraction and
finally classification.
The next chapter explains our proposed solution using CNNs architecture for a facial

emotions recognition.
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1 Introduction
In this chapter, we talk about the architecture of our work based on the Convolutional Neural

Network, focusing specifically on all issues related to the CNN used in our work as well as the

implementation and different results obtained compared to other solutions

2 Network Architecture

In our study, we address the reliance on convolutional neural networks, as they have recently
been widely used in image processing and classification, specifically in recognizing the face
and its seven expressions. in this section a study of the network structure of our model is
presented.

Our work is inspired by the techniques presented by [52] and the approach proposed in [53],
which combines automatic features learned by neural networks (CNNs) with handcrafted
features. By exploiting both approaches and integrating further applied techniques to increase
average accuracy and optimization, a comprehensive framework for deep learning that relies
on a convolutional neural network is proposed to classify human face emotions as shown in the

Figure 3.1.

Convolution (5x3)  Convolution (3x3) Convolution (3x3)

+ReLU +ReLU
V 4
/ {;;(

Convolution (3x3)
+RelLU

2x2)

Y

Convolutional layers + Pooling Fully connected Output layer

Figure 3.1 The proposed Method architecture.

1. Input layer: It represents the starting point of our system. Displays processing data as (48 x
48) gray level images.

2. Convolution layer: The layer takes as input a 48 x 48 image that passes through different
filters that help to extract relevant features. For this reason, we have used this layer 4 times.
The convolution layer is provided by the Conv2D function of a sequential model of the
convolutional network:

Conv2D (filters, kernel size, activation, padding, stride).

Filters: Present the number of convolution filters.
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e The first convolutional layer contains 64 filters.
e The second has 128 filters.
e The third layer has 512 filters
e The last has 512 filters
Kernel size: an integer or tuple / List of 2 integers, specifying the size (height and width) of the
2D convolution filter.
e The first convolutional layer contains 3x3 kernel size.
e The second has 5x5-kernel size.
e The third layer has 3x3-kernel size.
e The last has 3x3-kernel size.
Activation: The activation function to use various choices (reread, elected, etc.) are available in
our model. Hence, we have used activation function (Relu) in each layer.
Spatial aggregation layer: It represents the step that reduces the spatial size of the local
characteristic maps. We have used pooling size (2 x 2) and type max after each convolution
layer which is defined by:
MaxPooling (pool size).

Pool size = the max pooling window size.

Fully Connected (FC) layer: It represents the last part that contains the high-level reasoning,
where the data is in the form of a vector of dimension (n x 1). In this part, we have used three

fully connected layers with a Relu activation function. where this layer defines by:
Dense (Units, activation=ReLu).

Units : positive integer which represents the layer dimension.
The hidden layer in the first FC layer contains 256 neurons, the second FC layer contains
512 neurons, and the third FC layer contains 128 Nerve cell.
Finally the classification output layer which uses the softmax function to calculate the probability
distribution of the seven classes. The formula used is defined by:
Dense (Num_classe, activation= softmax)

Num_classe: the classification classes (7 in our case).

3 Implementation
In this section, we present the environment of our implementation as well as the obtained
results in comparison to other algorithms.
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3.1 Environment
The Characteristics of the computer that we have used for training our algorithm:

Marque de PC : Dell Inc.

Operating system: Windows 10 pro.

I ntel(R) Core(TM) i5-4310U CPU @ 2.00GHz 2.60 GHz
RAM: 6 Go

SYSICIMRY N 64-bit operating system, x64-based processor Pen and touch Touch

support with 10 touch point

For the development, we have chosen Python for its simplicity and popularity in this field.

Programming language: Python 3.8 .8

Python development environment : spyder-2022, version : 4.2.5
Libraries: to do the database training and testing we have used the following libraries:

1. TensorFlow : It is a library for high-performance numerical calculations which makes it

easy to build and deploy machine-learning applications.

2. Keras: Itis a high-level Library for deep Learning, written in Python. It has been developed
to allow rapid experimentation and quality research.

3. Numpy: Thee NumPy Library allows us to perform numerical calculations with Python. It

introduces easier management of vectors and matrices.

4. Matplotlib: It is a feature rich Library for plotting high quality 2D graphs using python.

5. Open CV: This Library contains more than 2,500 optimized algorithms, which includes a
comprehensive suite of both classic and modern computer vision and machine learning
algorithms. These algorithms can be used to detect and recognize faces, identify objects,
categorize human actions in videos, track camera movements, track moving objects, and

extract 3D models of objects.

3.2 Experimental results
Herin, we present a detailed empirical analysis of our model in several facial expression

recognition databases. We first provide a brief overview of the three databases used in this work,
we then present the performance and compare the obtained results of our model with some
promising recent work, basing on the task of categorizing each face based on the emotion shown
in the facial expression into one of seven categories (0=Angry, 1=Disgust, 2=Fear, 3=Happy,
4=Sad, 5=Surprise, 6=Neutral).
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A.Datasets:

¢ The Facial Expression Recognition 2013 (FER2013) database: It was first introduced in the
ICML 2013 workshope on challenges in Representation Learning [54]. The data consists of
48x48 pixel grayscale images offaces with 35887 images. The training set consists of 28709
examples and the public test set used for the leaderboard consists of 3589 examples. The faces
have been automatically registered so that the face is more or less centered and occupies about
the same amount of space in each image. Four sample images from FER dataset are shown in

Figure 3. 2.

Figure 3.2 Four sample images from FER database.

«  The Extended Cohn-Kanade Dataset (CK+) [55]: It is a complete dataset for action unit
and emotion-specified expression. CK+ dataset contains 593 video sequences from a total of
123 different subjects, ranging from18 to 50 years of age with a variety of genders and heritage.
Each video shows a facial shift from the neutral expression to a targeted peak expression,

recorded at 30 frames per second (FPS) with a resolution of either 640x490 or 640x480 pixels.
Out of these videos, 327 are labeled with one of seven expression classes: anger, con- tempt,
disgust, fear, happiness, sadness, and surprise. The CK+ database is widely regarded as the most
extensively used laboratory-controlled facial expression classification database available, and

is used in the majority of facial expression classification methods. Six sample images from this
dataset are shown in Figure 3.3.
E &
N
| ." L

Figure 3.3 Six sample images from CK+ database.
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« The Japanese Female Facial Expression dataset [56]: It consists of 213 images of different

facial expressions from 10 different Japanese female subjects. Each subject was asked to do 7

facial expressions (6 basic facial expressions and neutral) and the images were annotated with
average semantic ratings on each facial expression by 60 annotators. Sample images from this

dataset are shown in Figure 3.4.

‘Figure 3.4 Six sample images from JAFFE database.

Images for fer2013, CK+ and JAFEE are categorized into 7 categories presented in Table I.

Ermotions Number of images Number of images Number of images
FOR FER 2013 FOR CK+ FOR JAFFE

Angry =0 4953 270 30
Disgust = 1 547 354 29

Fear =2 5121 150 32

Happy =3 8989 414 31
Neutral = 4 6198 108 30

Sad =5 6077 168 31
Surprise = 6 4002 498 30

Table I. Numbers of images corresponding to each emotion.

B. Results Comparison and Analysis

For check the performance of our proposed model on the previous explained datasets, we
have trained the different CNN models then reported the accuracy. Therefore, we have trained
each model over the three datasets. Furthermore, we have used various hyper-parameters to
fine- tune the model and train it on kaggle platform. For FER-2013 dataset, the different
algorithms have trained for 50 epochs. For JAFFE and CK+ datasets, they have trained for 140
epochs from scratch. For the optimization of our algorithm, we have used Adam optimizer with
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a learning rate of 0,001 with weight decay. It takes around 4 hours to train our models on FER
dataset. For JAFFE and CK+, it takes a few minutes (from 5 to 10 minutes) to train a model

since they have much fewer images.

For FER-2013 dataset, we have used around 28,709 images for train the model, 35,888 for
validation, and 3,589 for testing. At this end, our algorithm is succeed to achieve the best

accuracy through an accuracy rate of around 96.04 % , as shown in Figure 3.5.

Epoch 46/50

560/560 [ ] - 1143s 2s/step - loss:
accuracy: 0.9556 I, 1 0. val accuracy: 0.9933

Epoch 47/50

560/560 [ ] - 1144s 2s/step - loss:
accuracy: 0.9608 ;0. val accuracy: 0.9905

Epoch 48/50

560/560 [ ] - 1144s 2s/step - loss:
accuracy: 0.9575 L, : 0. val _accuracy: 0.9827

Epoch 49/50

560/560 [ ] - 1141s 2s/step - loss:
accuracy: 0.9585 ;0. val accuracy: 0.9936

Epoch 50/50

560/560 [ ] - 1143s 2s/step - loss:
accuracy: 0.9604 I - val accuracy: 0.9823

Figure 3.5 . The Result of train our model on FER 2013 dataset.

The comparison of the result of our model with some of previous works on FER 2013 are
provided in Table Il and Figure 3.6.

N° Algorithm Accuracy rate
1 Bag of Words [57] 67.4%

2 VGG+SVM [53] 66.31%

3 GoogleNet [58] 65.2 %
4 Mollahosseini et al [59] 66.4 %
5 Gabor Wavelets [60] 70.02 %
6 Our algorithm 96.04 %

Table I1. Obtained accuracies on FER 2013 dataset.
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Figure 3.6 Obtained Accuracies on FER 2013 dataset.

As shown in the table 11, our proposed algorithm realize an improvement of the accuracy rate

by an average of 20.02 % compared to the other algorithms. This fact is coming due to the use

of multiple enhanced strategies with more number of levels responsible to ensure more accuracy

rate.

For JAFFE dataset, we have used 120 images for training, 23 images for validation and 70

images for testing. As result, our algorithm is succeed to achieve an accuracy rate of around

96.20 %, as shown in Figure 3.7.

Epoch 135/1
2/2 [ - 3s
- wval 1 38 T B.1486
Epoch
2/2 [

EEY TR

1s/step

- 4s 1s/step

s 3s/step

- 4s
: 8.1562

- 5s

: B.1486

Epoch 148/1
2/2 [== - 3s
- val loss: 4.9268 val accuracy: 8.1894

Figure 3.7 The Result of train our model on JAFFE dataset.

The comparison with previous works on JAFFE dataset are shown in Table 111 as well as

1s/step

3s/step

1s/step

auLul auy . U. S

accuracy: @.

accuracy: u.

accuracy: @

accuracy: o

accuracy: o

accuracy:

in Figure 3. 8.
N° Algorithm Accuracy rate
1 VGG+SVM [53] 89.02%
2 GoogleNet [58] 91.8 %
3 | Mollahosseini et al[59] 95.31 %
4 | Gabor Wavelets [60] 92.8 %
5 Our algorithm 96.20 %

Table I11. Obtained accuracies on JAFFE dataset.

.0620

.9620

.9766

0.9620

41



Chapter 2 - Facial emotions recognition

96.20%
= 95.31% 96,00%
FT
92.80% | 94,00%
92.8
™ 91.80%
= 92.00%
89.20% 90.00%
i
88.00%
86.00%
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Figure 3.8 Obtained Accuracies on JAFFE dataset.

As shown in the table 111, our proposed algorithm realize an improvement of the accuracy
rate by an average of 4.3 % compared to the other algorithms.
For CK+ dataset, we use 70% of images for train the model, 10% for validation, and 20%

for testing. We were able to achieve an accuracy rate of around 98.16%, as shown in Figure 3.9.

Epoch 137/14@

15/15 [ 35s 2s/step - loss: ©.0134 - accuracy:
@.9956 - val _loss: -

Epoch 138/14@

- 355 2s/step 055: accuracy:
0.9956 - val_loss: 0.0 curacy: 0.9615
Epoch 139/148

accuracy:

0.9967 - val loss:
Epoch 140/140
15/15 [ 5/s 0ss: accuracy:
0.9816 - val loss: 0.0

Figure 3.9 The Result of train our model on CK+ dataset.

The comparison of our model with previous works on the extended CK dataset are shown in
Table I and Figure 3.10.

N° Algorithm Accuracy rate
1 VGG+SVM [53] 95.37%

2 GoogleNet [58] 97.2 %
3 |Mollahosseini et al[59] 97.03 %
4 Gabor Wavelets [60] 98.03 %
5 Our algorithm 98.16 %

Table IVV. Obtained accuracies on CK+ dataset.
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98.16% 98.50%

98.03%
98.00%
97.20% 97.50%
= 97.03%
! s 97.00%
H | 96.50%
| 96.00%
95.37% 05 505
H‘ 95.00%
94.50%
94,00%
93.50%
4 3 2 1

k Figure 3.10 Obtained Accuracies on CK+ dataset.

As shown in the table 1V, our proposed algorithm realize an improvement of the accuracy

rate by an average of 1.25 % compared to the other algorithms.

C.Application practical images
Some practical images of our model after training and verifying it on human images, are

shown.

A Type here to search

Figure 3.11 .Example Surprise Emotions.
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Figure 3.12 .Example Sad Emotions.
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Figure 3.13 .Example Emotions.
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4 Conclusion

In this chapter, we have presented our proposed convolutional neural network architectures,
with the various results obtained from the database set FER2013, JAFFE and CK+.
The obtained results do not seem to be close to any previous work mentioned. In addition,

these obtained results do show how well our model achieved the highest accuracy rate.
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GENERAL CONCLUSION

In this dissertation, we have covered the basic concepts of image discovery, classification,
and recognition. Second, we have discussed the different steps that an emotion recognition
system relies on, namely: face detection, feature extraction, and classification. The goal is to
design and implement an emotion recognition application.

Finally, we have presented our proposed algorithm that focuses on convolutional neural
networks (CNN), our main objectives understanding human emotional behavior and
improving the accuracy of emotion recognition on the database set FER2013, JAFFE and
CK+, In addition, we have come up with the best ways to configure deep learning networks to
capture key features individually or jointly. With the experimental results, our system has a
great potential to detect emotions with high accuracy on various data.

As future work, we propose a more powerful facial emotions recognition algorithm that can

be performed in 3D images.
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Abstract—automatic recognition of human emotions has received increasing interest

from researchers in the field of computer vision, which has led to the proposal of several
methods. Many of them relied on handcrafted features and traditional fusion and classification
techniques. The use of deep Learning techniques to automatically extract powerful features
from multimedia information as well as their use for merging and classification are new trends
that researchers are currently pursuing. In This work, we define a new accurate facial expression
detection algorithm based on a deep Learning method, specifically on an intentional
convolutional neural network capable of focusing on important parts of the face in an image or
video database using more number of needed layers. As a result, our proposed algorithm
significantly improves the accuracy rate compared to previously proposed models in database
groups FER2013, JAFFE and CK+.

Index Terms—Deep Learning, CNN, Computer Vision, Image recognition.
Résumé—La reconnaissance automatique des émotions humaines suscite un intérét

croissant de la part des chercheurs dans le domaine de la vision par ordinateur, ce qui a conduit
a la proposition de plusieurs méthodes. Beaucoup d'entre eux s'appuyaient sur des
caractéristiques artisanales et des techniques traditionnelles de fusion et de classification.
L'utilisation de techniques d'apprentissage en profondeur pour extraire automatiquement des
fonctionnalités puissantes a partir d'informations multimédias ainsi que leur utilisation pour la
fusion et la classification sont de nouvelles tendances que les chercheurs poursuivent
actuellement. Dans ce travail, nous définissons un nouvel algorithme de détection d'expression
faciale précis basé sur une méthode d'apprentissage en profondeur, en particulier sur un réseau
neuronal convolutif intentionnel capable de se concentrer sur des parties importantes du visage
dans une base de données d'images ou de vidéos en utilisant un plus grand nombre de couches
nécessaires. En conséquence, notre algorithme proposé améliore considérablement le taux de
précision par rapport aux modeéles précédemment proposes dans les groupes de bases de
données FER2013, JAFFE ET CK+.

Termes de I'index— apprentissage en profondeur, CNN, vision par ordinateur,

reconnaissance d'images.
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