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Abstract

Emotion on our face can determine our feelings, mental state and can
directly impact our decisions. Humans are subjected to undergo an emotional
change in relation to their living environment and or at a present circumstance.
These emotions can be disgust, fear, sadness, joy or anticipation. Due to the
intricacy and nuance of facial expressions and their relationship to emotions,
accurate facial expression identification remains a difficult undertaking. People
with autism are characterized by atypical facial expressions, so they have
difficulty communicating and interacting with others. Due to the significant
increase in their numbers in recent years, researchers and scientists have been
interested in developing tools that help them express their emotional state. but
Unfortunately, most studies have focused on analyzing autistic behaviors using
invasive tools. These tools trigger an unwanted response due to their sensitivity
and need to control the environment under specific conditions. There is also a
lack of works that relies on natural, spontaneous data to reveal the behaviors of

people with autism.

Therefore, with developing in deep learning techniques, this thesis has
developed an automated model to detect emotions for people with autism in
real-time using Dynamic videos. The model was based on the importance of
face, head, and eye gaze’ role in interacting with other to be as an input for this
model. The novel contribution of this work is investigating the differences of
facial expression between people with autism and those without autism, during

express the same emotions.

Using Googlenet algorithm contributed to produce significant results in feature
extraction and emotion prediction. where the accuracy for model training and
validation were 99.88% and 98.54% respectively, also The model proved its

efficiency towards unseen data with an accuracy with 97.54%.
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Chapter One Introduction

1.1 Introduction

Facial expressions are powerful non-verbal cues that convey emotions and
intentions. They can be categorized into six primary types: joy, sadness, fear,
disgust, and anticipation. These expressions are universal, transcending language

barriers[1].

However, individuals with autism often struggle with interpreting and displaying
facial expressions. They may have difficulty recognizing subtle emotional cues,
hindering their social interactions. People with autism might exhibit atypical
expressions themselves, such as limited eye contact or head movement, making it
challenging for others to gauge their emotions[2].

Autism Spectrum Disorder (ASD) is a group of neurodevelopmental disorders[3]
characterized by difficulties with communication, social interaction, and repetitive
behaviors[4]. Autism, Asperger Syndrome(AS), and Non-Specified Pervasive
Developmental Disorder (PDD-NOS) are the three different categories of autism
spectrum disorders. Nevertheless, these categories are presently referred to as
(ASD) [5]. In this study, we will specifically concentrate on individuals with AS,
which typically exhibit average or above-average intelligence and normal language
development[6].There are currently no known interventions or treatments that can
cure or fully alleviate (ASD) [7]. However, comprehensive behavioral and
educational intervention programs were developed and play an important role in
helping persons with ASD to overcome impairments in communication and social
interaction[8].

One of the central topics in psychology and autism research is empathy[9].
Empathy is frequently defined as the capacity to comprehend the mental states of
others, such as their emotions, thoughts, and intentions, and to respond with the
appropriate emotions or expressions[10]. When we demonstrate empathy, we make

response in ways that acknowledge the emotions and beliefs of others and are
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sensitive to their points of view. Where understanding and managing emotions are
vital for successful social engagement[11].

Technology has an increasing potential to bridge the gap between what
individuals with autism feel internally and what they express externally. However, it
IS necessary to consider how to design this technology in a way that respects the
human need to control the display of emotions. In 1997, the concept of affective
Computing was introduced by Rosalind Picard. Affective computing is the study
and development of computer systems and devices capable of recognizing,
interpreting, processing, and simulating human emotions[12].

All of these methods, however, have focused on identifying and interpreting
the facial expressions of individuals with autism spectrum disorder (ASD) through
the use of wearable devices and physiological signals[13][14].But, the use of these
technologies is restricted, and must be applied in a controlled environment[15].

In recent years, deep learning has gained significant popularity due to its
remarkable performance in tasks related to problem classification and recognition. It
can handle complex and high-dimensional data and can learn directly from raw data
without relying on handcrafted features or explicit feature engineering[16][17].

This study aimes to developing an emotional model specifically for individuals
with Asperger's syndrome (AS) by detecting and classifying their emotional stat es
using facial expressions, eye gaze, and head gestures. The model used a modified
GoogLeNet, due to its efficiency and feature learning capabilities [18][19].

The emotional model was able to generate predictions for time series data related to
facial expressions, eye fixation, and head gestures of individuals with Asperger's
syndrome (AS) by utilizing the modified GoogLeNet structure. This allowed the
model to effectively analyze and interpret the emotional cues exhibited by these
individuals over time. The predictions generated by the model provided valuable
insights into the emotional states of individuals with AS, aiding in understanding
their emotional expressions and potentially assisting in developing appropriate

Interventions or support strategies.
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1.2 Related Works

This section will present the different works which have been developed by

other researchers in emotions recognition area. The presenting works based on

different aspects like the type of emotions extraction, differences in emotions,

technical methods which used in emotions recognition, and input channels to extract

emotions. For example

e (Drimalla et al., 2021) In their research, facial expressiveness in an imitation

context was measured using a regression model. Where qualitative differences
in facial expressions were measured between neurotypical and autistic
individuals. A webcam was installed to monitor their level of concentration.
Researchers assessed the participants' ability to replicate facial expressions they
were instructed to imitate and to recognize emotions. Although autistic
participants were able to imitate the facial expressions as instructed, their
imitation was delayed and less accurate than that of neurotypical
participants[20]. This study has limitations in that imitation does not appear to

aid in real-time emotion recognition.

(Algahtani et al., 2021) , proposed integrating machine learning ( SVM, DT)
and physiological signals to determine the sentiments of students during a test.
They collected EEG, ECG, and EMG data from 27 individuals taking a
computerized English language test using wearable sensors[15]. Due to their
invasiveness and inconvenient nature, physiological signal sensors may not be
practicable for ITS users outside of a laboratory context.

(Silva et al., 2021) they developed a system for automatic emotion detection
through facial expressions analysis. The system, designed to interact with
children diagnosed with Autism Spectrum Disorder (ASD) through the Zeno
R50 Robokind® (ZECA) robot, utilized the Intel® RealSense™ 3D sensor for
real-time facial expression recognition. By extracting facial features and using

a multiclass Support Vector Machine classifier, the system achieved a 93.6%
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accuracy rate[21]. However, there were limitations, particularly in accurately
identifying 'Anger' and 'Fear' emotions during the IMITATE activity, possibly
due to the children's difficulty in interpreting ZECA's( robot) facial
expressions.

e (Hassouneh et al., 2020), they developed a classifier that utilized facial
expression feature points and electroencephalograph (EEG) signals. The
classification of basic emotions was achieved using convolutional neural
network (CNN) and long short-term memory (LSTM) algorithms. The study
involved 35 males and 25 females as participants. Haar algorithm was
employed to extract the feature points from the participants' faces. The
accuracy rate achieved was 99.81% using CNN to detect emotions using
facial landmarks and 87.25% to EEG signals using LSTM[22]. .However,
the study had certain limitations including the lack of a sufficient number of
available topics to collect data and the need for additional features from EEG
signals.

e (Singh and Dewan., 2020), developed a real-time system for detecting
emotions in autistic children, which consisted of three main stages: face
recognition, facial feature extraction, and feature classification. The detection
algorithm(Viola-Jones) and Adaboost were utilized in this process. The
system demonstrated the ability to identify seven different facial emotions,
including anger, disgust, fear, joy, sadness, contempt, and surprise. Testing the
system with a group of children aged between 6 and 14 years resulted positive
outcomes, with an accuracy rate of 85.97%[23]. However, an inherent
limitation of this study was that the algorithm provided a binary output, only
indicating whether a face was recognized or not. Consequently, statistical
validation of the experimental results was not possible.

e (Manfredonia et al., 2019) In their research, they focused on the ability of
individuals with Autism Spectrum Disorder (ASD) to generate facial expressions

of emotions when given verbal instructions. They employed the Janssen Autism
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Knowledge Engine (JAKE®), which utilized automated facial expression
analysis software (FACET) to assess facial expressions in two groups:
individuals with ASD (n=144) and a typically developing (TD) comparison group
(n=41). The study revealed disparities in the ability to produce facial expressions
between the ASD and TD groups, specifically in terms of activating facial action
units (AUs) associated with happiness, fear, surprise, and disgust, while AUs
linked to anger or sadness did not show significant differences. The findings
indicated that individuals with ASD demonstrated statistically significant
variations in their capability to exhibit appropriate facial expressions when
prompted to display certain emotions, as evidenced by reduced evidence across
specific AUs. Notably, this was observed in AUs related to happiness (AU12),
fear (AU5), surprise (AUS5), and disgust (AU9), but not in any of the
predetermined AUs associated with anger or sadness[24].

(Krél & Krdl., 2019) , investigated the variations in eye movement patterns
between individuals with Autism Spectrum Disorder (ASD) and typically
developing individuals (TD). The researchers recorded and compared the eye
movements of 21 participants with autism and 23 participants without autism
who were similar in terms of age, gender, and 1Q. The main objective was to
assess the importance of visual information obtained from facial stimuli in the
detection of emotions. The study employed pictures depicting six different
emotions (neutral, sad, disgusted, fearful, and happy). The researchers utilized the
SMI event detector high-speed detection algorithm with default settings to
analyze the participants’ eye fixations. The findings revealed that individuals with
autism tended to focus more on the lower facial regions and less on the eyes
compared to the typically developing group. This suggests that a portion of the
difficulty experienced by autistic individuals in identifying emotions can be
attributed to the initial stage of face processing, specifically the extraction of

visual information through eye fixations [25].
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e (Samad et al.,, 2019), proposed a new approach to examine distinctive
characteristics associated with Autism Spectrum Disorder (ASD) in
spontaneous facial expressions, which can be distinguished from facial
expressions of typically developing controls (TD) based on observable
features. Advanced computer vision techniques were utilized to automatically
monitor subtle facial movements, enabling quantitative analysis of behavioral
abnormalities related to ASD. In order to collect facial data, audio and visual
stimuli were employed, including the use of a computer-generated avatar and
a PrimeSense sensor. The researchers utilized a commercially available real-
time facial motion capture system called The faceshift studio, which was
selected to encompass six common emotional expressions (happiness,
sadness, fear, anger, surprise, disgust)[26]. Limitations of this study, is the use
of a sensor that requires a controlled environment.

e (Dawood et al., 2018), developed an affective model employing deep learning
algorithms (CNN, LSTM) to infer the cognitive-affective states of Asperger's
syndrome pupils in real-time. Students interacted with a computer in an
unconstrained environment while a natural-spontaneous affective dataset was
collected from their facial expressions, head movement, and eye fixation. The
model effectively detected five affective states (confidence, uncertainty,

engagement, anxiety, and boredom) with an accuracy rate of 90.06 % [5].
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Table (1.1): Summary of the Related Works

Tools that used

Type of Methodology Input Acc.
Author Name to capture
dataset channels
features
Drimalla et al., Induced regression Facial
Webcam -
2021[20] Data model movements
Algahtani et al., Induced wearable machine physiological
nduce
2021[15] Dat physiological learning( SVM, | signals (EMG | 81%
ata
Sensors DT) EEG,ECG)
) 1.camera Support Vector | -Action unit
Silva et al., Induced )
2. robot Machine -Head 93.6%
2021 [21] Data .
3. sensor classifier movement
Hassouneh et Induced | 1.webcam -CNN - Action unit | -99.81%
al., 2020[22] Data 2. EPOCheadset | -LSTM -EEG signals | 87-25%
) -Viola jones
Singh and Spontaneous _ -AUs 85.97%
Camera algorithm
Dewan 2020[23] Data
-adaboost
automated facial
expression
Manfredonia et Induced P
Camera analysis Action unit -
al. 2019[24] Data
software
(FACET)
Camera(remote | the SMI event e
. L e
Krol & Kral, Induced | eye-tracking detector high- y
) ) movement -
2019[25] Data device SMI speed detection
RED250Mobile) | algorithm
- PrimeSense
sensor o
Samad et al., Induced _ computer vision S
- The faceshift ] Action unit -
2019[26] Data techniques

studio is a facial

motion tracking
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-facial
expressions
Dawood et Spontaneous CNN P
Webcam -head 90.06%
al.,2018[5] Data LSTM
movement
-eye gaze

1.3 Thesis Motivations

Based on studies which stated that people with AS prefer interact to with
their colleagues through mobile or computer rather than interact with them face to
face. Also, they spent almost their time interacting with computer or mobile. And
due to the lack in tools that can captures their interaction without disturb them
either with caregiver, friends or their families. The field of affective computing
which enabled machines to interact with users, and developing deep learning
techniques to serve as application in real world, motivated me to build this model.
So, integrating computing field with psychological field was the seed for the

work in this thesis.

1.4 Statement of The Problem
1- Previous research has focused on extracting emotions from individuals
with autism using physiological data collected through wearable

instruments.

However, these tools have limitations, including impracticality for real-

time applications and invasiveness for individuals with autism.

2- Some studies have relied on manually interpreting induced emotions by
human judges, which may not fully capture the dynamic nature of

emotions and can lead to misclassification.
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3- Other studies have primarily used static images displaying intense facial
expressions, which may not accurately represent the full range of

emotions expressed by individuals with ASD.

Therefore, there is a need to develop a model that utilizes dynamic video
stimuli to capture a wider range of emotions expressed by individuals
with ASD without requiring user intervention, and it should be applicable

in real-time scenarios.

1.5 The Aim of Thesis
1- Develop an emotion recognition model in real-time using a modified
GoogleNet (Inception) algorithm. This system aims to detect emotions
based on facial expressions, head position, and eye movements extracted

from video data.

2- The research focuses on comparing and emphasizing the distinctions in
facial features between individuals diagnosed with Asperger syndrome
(AS) and those who are typically developing (TD). By establishing these

variations

1.6 Thesis Layout

Chapters of the thesis are organized in the following order:
» Chapter Two: (Theoretical Background)

In this chapter different theories of emotions are described to identify the
mechanism that controls emotions and understands the relationship between
them. In addition, the methodological tools used to measure these emotions
are described. Next, Artificial Intelligence, the Convolutional Neural

Networks CNN and their equations are presented.

9
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» Chapter Three: (Proposed System Design)

This chapter presents a proposed method for Design.

» Chapter Four: (Results and Discussion)

This chapter presents the description of the different experiments and
discusses the results and evaluations obtained from the implementation of the
proposed system.

» Chapter Five: " Conclusions and Future Work™", The conclusions and

future work will be presented in this chapter.

10
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Chapter Two Theoretical Background

2.1 Introduction

Different theories of emotions are described in this chapter to identify the
mechanism that controls emotions and understands the relationship between
them. In addition, the methodological tools used to measure these emotions are
described. Next, Machine Learning, the Convolutional neural networks CNN
and their equations are presented. Finally, Performance measurement such as

accuracy, precision, and recall are also described.
2.2 Emotions

Emotion means the inner and outer feelings of a person. It is difficult to
define emotion, because it involves different domains and contexts [27]. Stating
that emotions have many definitions, but they agreed on a concept, that
emotions are responses to events involving needs, desires, and human interests.
Detecting and understanding someone's emotions has grown significantly in
Importance in recent times. Emotions play a crucial role in interpersonal
communication, making it an integral part of our daily lives. Emotion is a
multidisciplinary field involving various disciplines such as psychology and
computer science. In psychological terms, it refers to a mental state connected
to thoughts, feelings, behavioral responses, and a sense of satisfaction or
dissatisfaction[28] . People communicate primarily through their positive,
negative, or neutral emotional responses. Positive emotions are commonly
conveyed through various descriptive words like cheerful, happy, joyful, and
excited, while negative emotions include hate, anger, fear, depression, sadness,

and others, and so on [29].

11
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Figure 2.1:plutchik’s model for Basic Emotions[30]

2.3 Choice of Communication Signs

The diagnosis and forecasting of emotional states rely on interpretations
taken from many communication channels, including verbal, non-verbal, and
physiological channels. Non-verbal channels include facial expressions, eye
look, head movement, posture, and gestures[31]. The verbal channel is audio.
Physiological channels are used to acquire emotional data by invasive or non-
invasive interventional equipment such as skin conductance, brain wave, and
heart rate[32]. Regarding the selection of the most significant communication
channel that should be employed for detecting and identifying human emotional
state, there are conflicting opinions. The relative significance of the
communication channel depends on a variety of elements, such as the nature
and qualities of the data sent through the various channels, the judges'
interpretations, the kind of message delivered, and the type of affective state

12
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expressed. In the end, researchers in psychology and affective emotions believe
facial expressions crucial for displaying human emotion and evaluating human
behavior. The human face is a natural source of data for identifying emotions,
intentions, and empathy[33]. In addition, with the development of computer
vision algorithms, face analysis may be performed using just a camera to collect
a live picture stream and no specialized equipment[34]. Consequently, facial
expressions together with head motions and eye gazing are a crucial option for

extracting emotional states in this thesis.
2.3.1 Facial Expressions

People use non-verbal cues to communicate and express themselves with
others. Facial expressions, head movements, and eye gaze are nonverbal signs.
In addition to postures, which indicate the body's actions while engaging with
others, people employ various channels or signals to communicate non-
verbally[35]. Researchers in affective computing and psychologists have
focused increasingly on the human face as the visible human element that
communicates emotion[36]. Although the human face plays a key part in human
communication and emotion recognition[29], head motions may also play a
significant role[37]. Expressions on the face are the result of facial muscle
contractions; these contractions govern the face's basic features (such as; lips,
eyes, eyebrows, nose). Paul Ekman Developed a Facial Action Coding System
(FACS) to quantify the facial muscle movements caused by various emotions.
Figures (2.2 and 2.3) depict 46 action units (AU) for the upper and lower facial
regions, respectively. Some AUS may manifest alone or in conjunction with
other emotions. In addition, Ekman has classified a group of six fundamental
emotions (1982). Ekman's work still forms the basis of other researchers works
In automated and analysis facial expressions and action motion measurements in
the human face[12].
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Figure 2.2:Action Units(AUs) For Upper Face[38]
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Figure2.3:Action Units(AUs) For Lower Face[38]

2.3.2 Head Pose, Eye Gaze and Emotional State

Head postures are a significant means of non-verbal human communication
and hence a critical aspect of comprehending how humans interact with their
surroundings. Faces are key to comprehending human behavior. Face

perception aids in the comprehension and interpretation of information
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processing inside the human mind[39]. Facial features provide an abundance of
social information. For a computer to comprehend human behavior, it must
infer the human face visual signal with extreme precision, speed, and robustness
regardless of occlusion, difficult angles, illumination, etc. The two most
significant features of human faces are the expression and head position. Head
position orientation may be used to determine the visual focus area of a person.
Human emotions assist adaptive responses to environmental constraints.
Continuous emotion recognition is crucial for affective computing and human-
computer interaction. The majority of available video-based continuous emotion
identification algorithms rely on facial expressions. However, in addition to
facial expression, additional cues such as head posture and eye gaze are also
strongly associated with human emotion, although they have not been
thoroughly investigated in continuous emotion identification tasks. On the one
hand, head position and eye contact may influence the believability of facial
expression traits. In contrast, head posture and eye contact provide emotional

cues that are complimentary to facial expression[40].

e OpenFace Tracker

OpenFace, written in C++, is a state-of-the-art tool capable of real-time
tracking tasks such as detecting face landmarks, tracking head position and
eye fixation. Despite the growing researches in facial behavior analysis, it is
challenging to find open-source tools that perform all these tracking tasks,
particularly in real time. OpenFace was employed to track the movements of
key facial points from live or recorded video streams. The tracker utilizes
Conditional Local Neural Fields (CLNF) based on Constrained Local Model
(CLM), an algorithm suitable for face and head pose tracking in 3D models
with varying appearances and shapes. Furthermore, this algorithm can

handle low illumination, head movements, and occlusion[41].
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2.4 The Emotional Dataset

Building an emotional dataset is the first step in designing any emotional
computer model for emotion prediction. This is a tough stage in the
identification of emotional and facial expressions. Different datasets were
created for this purpose, and nearly all of them evaluate the six main emotions
(Fear, Disgust, Joy, Anticipation and Sadness) with a frontal face view[42]. In
addition, the majority of these datasets were produced using emotions portrayed
by professional actors. Recently, academics have moved their focus to
predicting spontaneous emotions for practical purposes. The study confirmed
that there are differences in the look and intensity of spontaneous and performed
facial emotions [43].That means the system that was created based on
deliberate/acted data cannot be used for intelligent human-machine or human-
human interaction. Therefore, there is a need for natural datasets as opposed to
artificial datasets that can be utilized in real-world applications, as well as a
design methodology based on these datasets. in addition to the difficulty in
labeling the intended emotion due to the face's ability to include several
emotions in a single instance, constructing natural datasets is a significant
problem that necessitates increased work and time. On the basis of the type of

data, emotional datasets are often categorized into three types.

e Acted Data :in this type, professional actors are coached to convey particular
emotions. The majority of automated emotion systems and facial expression
identification utilized acted data. These datasets can be easily accessed, they
do not challenge ethical considerations, data collection and annotation are
simple ,and they may collect a vast quantity of data for each emotion type
.However, acted data has less variation of spontaneous data and hardly reflects

the real interpretation of individuals behaviors[44].
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e Induced Data: This type of data is gathered by inducing or eliciting
particular behaviors in a controlled environment. In this strategy,
participants were exposed to scenarios designed to trigger particular
emotions. This sort of dataset has more realistic data than acted data.
However, the strength of the emotions created by these approaches is
modest, they require control settings, and the participants are aware of the
desired emotions[20][45][43].

e Spontaneous Data : This type involves the collection of data in a natural
and uncontrolled setting. The participants in this category are unaware of the
types of feelings they will generate. Several spontaneous datasets, including
Interaction with machine , human-to-human contact, a dataset for call center
voices, and a dataset for videos from websites, were developed [46][47].
These datasets produce natural emotions, but there are ethical issues like
information confidentiality, the difficulty in collecting and annotating this
data.

Generally, each dataset has advantages and disadvantages, however
choosing a suitable dataset depends on the context that is used to elicit
emotions as well as where this data will be used.

For this thesis, Spontaneous Data was used to build the proposed system
because it captures real emotions and reactions , meaning that it reflects the
complexity and diversity of emotions in real-world contexts. the dataset
contains the basic emotional states to recognize the emotions of individuals
with Asperger's syndrome and to identify the differences between the facial

expressions of AS and TD when they exhibit the same emotion.
1. Natural-Spontaneous Affective Cognitive Dataset (NACD)

It is Spontaneous data, videos were recorded in a classroom setting
under uncontrolled conditions. These conditions include different occlusions

(partial obstructions), illumination changes, and background variations. The
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purpose of capturing videos with these variations is to create a dataset that
reflects real-world scenarios and challenges commonly encountered in
educational settings. During the recording process, the students interacted
with a computer and engaged in the learning process using educational
games. The dataset captures their natural and spontaneous emotional
responses during this interactive learning experience. The NACD dataset
provides a valuable resource for studying and understanding the affective

cognitive processes of both typical development and autistic students[48].

2.5 Machine learning

Machine learning (ML) is a subset of artificial intelligence (Al) that focuses on
the development of algorithms and statistical models that enable computer
systems to improve their performance on a specific task through experience or
data. The central idea behind machine learning is to allow computers to learn
from data and make predictions or decisions without being explicitly
programmed for each specific task. Machine learning systems work by
analyzing and processing large amounts of data to identify patterns,

relationships, and insights [49].

2.5.1 Artificial Neural Network (ANN)

Artificial neural networks are computational approaches that mimic how
the human brain functions for a certain job via the vast manipulation of
fundamental units that are tightly coupled in groups. Single-layer neural
networks, alternatively known as single-layer neural networks, consist of only
one input layer and one output layer. On the contrary, multi-layer neural
networks are neural networks that include a hidden layer. If a multi-layer neural

network has only one hidden layer, it is referred to as a shallow neural network.
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Conversely, a deep neural network is characterized by having more than two
hidden layers. This distinction is illustrated in Figure (2.5)[50] .
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Figure 2.4:The Types of the NN Based on Architecture of Layer[50].

MLP (Multi-Layer Perceptron) is one of the most often used ANN models.

Recurrent neural network(RNN), which is recurrent and CNN which is

convolutional neural networks, are two other popular ANN models[51].

A- The Activation Functions

An activation function is a type of function employed to carry out
mathematical operations on the resulting output. The specifics of the issue that
the network is attempting to address should guide the selection of the
appropriate activation function. Sigmoid, Hyperbolic Tangent (tanh) and
Rectified linear units Relu, are depicted in Equations (2.1), (2.2), and (2.3),
respectively. These three activation functions are the ones that are utilized as

activation functions in neural networks the majority of the time.
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Figure 2.5:Illustrates Activation Functions[52].

Figure 2.5 demonstrates that the sigmoid and Tanh functions are
comparable in terms of the range of the input value x, which lies between -1 and
+1, and the range of the output value f (x), which lies between 0 and 1 for the
sigmoid function and between -1 and 1 for the tanh functions, respectively.

The vanishing gradient issue occurs when the input value of x is huge but the
output values of f(x) for the two functions are virtually zero. This is because the
vanishing gradient problem is an inherent disadvantage for both functions. In
order to find a solution to this issue, the ReL.U activation function will only take
into account the positive signal and will disregard the negative signal. It has an
excellent fitting ability and sparsity, which considerably enhances the
calculation performance and may successfully avoid a vanishing gradient. This

Is because it has a high fitting ability and sparsity.
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It is also possible to use an output layer activation function called a softmax to
evaluate probability and do multi-class classifications. The formula (2.4) below

Is used to apply the softmax function:
zj
SoftMax(Xi) =——— forj=1....K 2.4
Where K is the number of classes, zj is the production corresponding to class

ie2].

2.5.2 Deep Learning

It is possible for computers to learn to represent data at numerous levels of
abstraction using deep learning. Speech recognition, optical object
identification, object detection, and a host of other fields have benefited
immensely from these techniques. Deep hidden layers of early neural networks
were difficult to train, which reduced their performance. This challenge was
addressed using Deep Learning. Convolutional and recurrent networks have
made substantial improvements in processing pictures, video, Voice,
respectively, whereas recurrent networks have focused on sequential data like

text and speech[53].

2.5.2.1 Deep Convolution Neural Network (DCNN)

A deep neural network type specifically created for image recognition
applications is the convolutional neural network (CNN). It is also referred to as
ConvNets or deep CNN (DCNN). It is important to note that CNN differs
greatly in several ways from traditional networks, including the fact that CNN
uses images as its primary form of input rather than features, and hidden layer
neurons are connected to a portion of the neighbouring layer neurons while in
the neural network each neuron is connected to all the neurons in the

neighboring hidden layer. This differences allows CNN to learn from images
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more effectively than traditional networks. There are many layers in DCNN,
and it is meant to mimic how the brain recognizes pictures, making it a more
than simply a deep neural network. Instead of manually constructing features,
ConvNet can extract features by using several locally linked layers
automatically[53][54]. Experts designe the feature extractor prior to the
development of ConvNet. As a consequence, it required a great deal of time and
money, and the results were inconsistent. As seen in Figure 2.6, there is a

significant difference between ML and ConvNet.
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Figure 2.6:(a) Machine Learning with Using Hand-Designed Features; (b)
ConvNet with Multi-Layers[51].

A convolutional neural network (CNN) comprises two primary
components. The initial component is composed of convolutional and pooling
layers, which are employed to extract features from input images and analyze
these features. The subsequent component is a sequence of fully connected
layers, responsible for predicting the most appropriate classification for the

input image. This structure is illustrated in Figure (2.7).

22



Chapter Two Theoretical Background

/ Feature Extraction Network \ /CIassifier Network\

b
Wttt

Convolutional  Pooling
Kluyel Layer

Figure 2.7: Typical Architecture of ConvNet [51].

The fundamental structure of a CNN encompasses three architectural principles
that endow it with robustness across various domains, such as image processing,
pattern recognition, speech recognition, and Natural Language Processing
(NLP).

The first principle is applied in both convolution and pooling layers,
wherein each neuron receives input from a small region known as the local
receptive field. This receptive field size is equivalent to the dimensions of the
convolution filter. By adopting this local connectivity scheme, the trained CNN
exhibits heightened responsiveness in capturing local dependencies and
extracting distinct features within the input image, such as edges, ridges, curves,
and so on[54].

The second principle is to reduce their complexity by using the strategy of
sharing parameters (weights) which are applied by the convolution layer. a
consistent convolution filter is employed to identify a specific feature.
Subsequently, non-linear downsampling is applied in the pooling layers to
reduce the spatial dimensions of the sample obtained from the convolution

layer. Additionally, the number of model parameters is restricted. These
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characteristics collectively enhance the stability and efficiency of Convolutional
Neural Networks (CNNs) during their operations[48]. four distinct layers make
up the CNN's standard architecture and any Convolutional Neural Network

model is built from these different layers:

1. Convolutional layer.

2. The pooling layer (or Sub Sampling layer).
3. The flaten layer

4. Fully Connected Layer (Classification layer).

A. Convolution Layer

The convolutional layer is essential in constructing a convolutional neural
network model. It performs a large number of computations. Its primary role is
to execute a convolution operation on the input data to extract features. (The
convolutional layer consists of three matrices (input, filters, and results). The
input matrix includes the input data, converted into a two- or three-dimensional
matrix. The filter matrix is also called the kernel, where it is small in spatial
dimensions but can spread to all directions. Finally, the resulting matrix is the
result of moving the filter over the input image to calculate the point product
called the feature map. The activation maps are then concatenated to create a
single convolutional layer's final output, which serves as input data for the next
layer[50].

Multiple convolution filters are applied to a single entry, and each value of
the filter array is provided by default. However, it should be noted that filter
values are different from one filter to another to provide unique properties for

each feature map as shown in Figure (2.8) [51].
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Figure 2.8: Convolution Operation [51].

The following Equation (2.5) describes a general convolutional layers
process for images (i.j)

k1l k2 ¢

zij = (X * k) = Z Z X(i+Lj+ab)kqap) (2.5)

=1 a=1b=1

The feature map Z is produced by the convolution process between the
input X and the kernel weights K in the convolutional layer | in the preceding
equation. Here, K7 represents the vertical dimension of the kernel, k2 represents

the horizontal dimension of the kernel, and € denotes the number of channels.

There are three hyper-parameters to set when designing the convolution

layer: depth, stride, and zero- padding[51].
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1. Depth: The depth signifies the quantity of filters employed during the
convolution process. The activation map' depth' would equal three if the
original image were convoluted using three filters.

2. Stride: refers to how many steps in a convolution operation we transfer
in each step. If the stride is 1, the kernel will travel by one step. If it
equals 2, the kernel will advance by two steps. The size of the function
maps decreases as the number of steps rises.

3. Zero-padding: Increases the number of rows and columns by 2 by
surrounding the input matrix with "0" values; if p = 1, It is possible to
make larger padding. If p = 2, then the number of rows and columns
increases by 4, and so on. When these parameters are used, this changes
the spatial dimensional output of the convolution layers. Formula (2.6)

gives details of this change [41].

input image size — kernel size + 2 * Padding
Stride

output = floor( + 1) (2.6)

There are two types of convolution: valid convolution and as a result of
this type of convolution, no padding is used, and the array size will gradually
decrease. The second kind is zero or "same," which employs a padding
mechanism, and as a result, the array's size remains constant before and after the
convolution[55]. Figures (2.9) and (2.10) show the two types of convolution
processes. It is important to mention that in Figure (2.10), the output feature
map retains the same input dimensions of 5 * 5. However, in Figure (2.9), the

output feature map is reduced to 3 * 3.
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Figure 2.9: Convolution Operation Without Padding, Using a 3x3 Kernel
Size[56].

= ! O Feature map (5x5

Figure 2.10: convolution operation with a 3 x 3 kernel and 1Padding value [56].

B. Pooling Layer
It is The technique of down sampling neighbouring pixels into a single
pixel, which captures more robust information, the output dimensions of the
previous layer are lowered. In addition, the two types of pooling are maximum
pooling and average pooling. In first type finds the maximum pixel value,
whereas the second retrieves the average pixel value from a feature. Figure
(2.11) depicts the workings of both pooling systems. The max-pooling down

sampling process is described as in Equation (2.7).

si = max hi [ER] (2.7)
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Where h represents some pixel in the window (or sub-region) Rj from the
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Figure 2.11: The Pooling Layer [51].
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C. Flatten
After obtaining the feature map (2D representation of the image) from
the multiple convolutional stacks, it is converted to a vector as it passes through
the flatten layer and then pass it to the fully connected layer [54], as shown in
Equation (2.8)
eXij

Yijk = m (28)

D. Fully Connected Layer

Once the previous layers have been repeated several times, the data is
combined into a flat vector and entered into the neural convolution network's
fully connected layer. There are complete connections between all nodes in the
preceding layer, which is represented by the neurons in the Fully connected
layer. The purpose of this layer is to consolidate the weights of the features
obtained from the preceding layers and provide the probability of each
class[56]. In Equation (2.9) describe Fully connected layer.
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l+1 .
Fclg,+ ) = E jC; Wi, + aj, (2.9)
l - - - -
Wy, is a matrix weight between node j of layer L and node p of layer

(L+1), where cjlis is the data of node j in layer L.
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Figure 2.12: fully connected layer[55].
e (GoogleNet

GoogleNet, also referred to as Inception v1, is a sophisticated convolutional
neural network design created by researchers at Google to accomplish image
classification objectives. This network achieved remarkable success by securing
the top position in the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) in 2014, showcasing an impressive top-5 error rate of 6.67%[57].

The network is made up of a series of convolutional layers, pooling
layers, and fully connected layers, as shown in figure (2.13). To begin, the input
Images undergo standard data augmentation methods like random cropping and
horizontal flipping. Afterwards, the images are passed through several
convolutional layers, with each layer being followed by a rectified linear unit

(ReLU) activation function and a max-pooling layer[58]. The output of the last
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pooling layer is fed into several inception modules, which are connected to a

global average pooling layer and a softmax layer for classification.

To train the network, the researchers used stochastic gradient descent (SGD)
with momentum as the optimization algorithm and cross-entropy loss as the
objective function. They also used a technique called dropout to prevent
overfitting. The network was trained using the ImageNet dataset, which

includes 1.2 million labeled images in 1,000 categories.
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Figure 2.13:GoogleNet architecture[57]

2.5.3 Optimization Algorithm

Most of the training methods applied are based on the backpropagation
algorithm by propagating the errors backwards from the output nodes and
updating the weights of each layer with the gradient descent optimization
algorithms. In order to further improve training results, several novel algorithms
have been presented. Adam is an optimization technique that makes use of

iterative weight updates based on training data in place of the conventional
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stochastic gradient descent method. The term "Adam™ is coined from "adaptive
moment estimation." This approach combines the concepts of Root Mean
Square Propagation (RMSProp) and momentum techniques. By calculating the
first and second moments of gradients, it determines adaptive learning rates for
different parameters. Adam's optimizer is widely recognized and widely utilized

in the realm of adaptive learning algorithms [59].

a A
Wiiq = Wy — ‘m
t+1 t m t (2.10)
N mt
m; = 1-gt (2.11)
N vt
Ve =1 g (2.12)
JdL
m; = pBym;_4+(1— B1) w. (2.13)
t
JdL
Ve = Baviq + (1 — By [W] (2.14)

t

M and V represent moving averages, and 31 and R1 are decay rates used
for estimating moments. The standard values for 31 and R1 exponential decay

rates are 0.9 and 0.999, respectively[55].

2.5.4 Epoch in CNN Training

The number of epochs serves as a hyper parameter determining the
frequency at which the learning algorithm processes the complete training
dataset. Each epoch signifies an iteration where every sample in the dataset has
an opportunity to modify the internal model parameters[55].

2.5.5 Batch in Training
The Batch size defines the number of samples that operate in the internal
model before changing the parameters. A Batch is a process of iterating one or

more samples to make a prediction. The predictions are compared with expected
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output variables at the end of the Batch, and an error is measured. Then, the
update algorithm uses this error to enhance the model. There are three types of

Batches, as explained in the following:

e Batch gradient descent refers to the process of using all of the training
samples to build a single Batch.

e Stochastic gradient descent (SGD) if the Batch is no larger than a single
training sample.

e Mini-Batch gradient descent is employed when the size of the Batch is
greater than a single sample but smaller than the size of the training
dataset.

The mini-Batch is most widely used in deep learning training technique
because it prevents the model's sluggish convergence and lowers

gradient disappearance and convergence instability [60][61].

2.5.6 Learning Rate

The pace at which a model learns is a critical parameter in the training
process. Learning rate calculates the amount of parameter adjustments and
minimizes the disparity between the predicted and actual outputs. If the learning
rate is set too high, the training speed will be faster, but the model may struggle
to converge to the minimum. Conversely, if the learning rate is very low, the
model's training accuracy may improve, but the convergence rate will be slow,
increasing the risk of getting stuck in a local optimum. Learning rate values
consider a hyperparameter and can be adjusted in a neural network with small

and positive values, often between 0.0 and 1.0 [62]
2.6 Deep Learning Training Skills

To enhance results and prevent model overfitting, deep learning training

techniques are commonly employed during the model training phase. Among
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these techniques, batch normalization and dropout have been identified as

highly effective deep learning algorithms[63]:

2.6.1 Batch Normalization

In deep learning, batch normalization is a typical training method. The
batch normalization approach maintains sample distribution features inside a
single layer and eliminates the distribution gap between layers. Equation (2.15)

presents the definition of the batch normalization function.

Xi— X
Xi=x= (2.15)
Xvar

Here, x represents the mean value of n input data points x, while Xvar

denotes the variance value of the same set of n input data points x [64].

2.6.2 Dropout

Dropout is a simple and powerful method employed to mitigate overfitting
and enhance the overall performance of a model during training. This technique
involves randomly disregarding portions of hidden neurons in designated
hidden layers during training, with the probability of neglect determined for
each neuron (selected hyperparameter p where 0<p<l1) at each training Stage, as

shown in Figure (2.14) [55] .
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Figure 2.14: shows a Dropout[55].
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2.7 Performance Metrics

The diagnostic proposed model evaluates its performance through well-

known metrics, including accuracy, precision, and recall, Figure (2.15).
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Figure 2.15: displays the Confusion Matrix for the Classifier System.

The performance matrixes need initially calculate a set of parameters

after applying the test operation to the collection of images[54]. These

parameters are:

4+ True Positive (TP): refers to the instances where the model correctly
predicts a positive class, aligning with the actual true class.
+ True Negative (TN): denotes cases where the model accurately predicts

a negative class, matching the actual false class.

+ False Positive (FP): signifies instances where the model incorrectly
predicts a positive class, despite the actual class being false.

4+ False Negative (FN): The model is predicated improperly, therefore the

model is false and the real class is true.
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2.7.1 Accuracy

The most trustworthy performance metric is accuracy, which is computed
as the proportion of properly predicted observations to all observations. It is not
required to assume that a model is operating at its best when it reaches high
accuracy. Because the false positive and false negative values are comparable
when the dates are symmetrical, other factors must be examined to test the

findings. To attain accuracy, apply equation (2.16) [54].

A - TP+IN x 100 (2.16)
Couracy = \1TP+ TN+ FP + FN '

2.7.2 Precision

The ratio of successfully predicted positive observations to all correctly
predicted positive observations may be used to measure precision using
Equation (2.17) [65].

TP
ici = — % 2.17
Precision TP+ FP 100 (2.17)

2.7.3 Recall

Recall or sensitivity can be obtained by using Equation (2.1), which
calculates the ratio of correctly predicted positive observations to the total
number of observations in the actual class being true[66].

TP
= 2.18
Recall TP T FN X 100 (2.18)
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Chapter Three The Proposed System Design

3.1Introduction
This chapter focuses on utilizing deep learning for recognizing emotional

states. The chapter will present the aspects and algorithms that are used for
building the model. The first section includes data model preparation as it
describes the taken approach to prepare the training data. Next, the second section
discusses the used layers used to construct the learning model and its structure.
Finally, evaluation of model performance towards unseen data by using different

metrics.

3.2 Model Design of the proposed Model
The proposed model comprises of several phases to accomplish its task. The

model is a supervised learning model, which means it need to train on a related
dataset and validate then after obtaining the final model it should evaluate the
unseen data to measure the level of generality that we gain and asses the goodness

of the model to work with real data.

The overall structure of the system, as depicted in Figure 3.1, involves several

phases in designing the model. Below is an explanation of the steps:

1. Face Tracking and Detection: This initial stage involves detecting and tracking
faces in in-plane and out-of-plane input video frames using openface tracker. Face
detection algorithms are employed to identify and locate the faces of individuals in
the video.

2. Pre-processing: In this stage, the data obtained from the tracked faces is pre-
processed to ensure its quality and suitability for analysis. Data cleaning
techniques are applied to remove noise or outliers, and the data is standardized to

ensure consistency and comparability.
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3. Model Building using Deep Learning: In the Next stage, a model for emotion
recognition is constructed using deep learning techniques, specifically a deep

convolutional neural network (CNN) architecture such as GoogLeNet. These

algorithms are chosen for their capability to effectively extract relevant features

and recognize emotions from visual inputs.

4. Evaluation of Model Results: In the fourth stage, the efficacy of the emotion
recognition model is evaluated. The testing dataset is utilized to assess the

accuracy of the model's predictions.
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Figure 3.1: Overall Structure of the Proposed Model Lifecycle.

3.2.1 Face Tracking and Detection
The dataset used in this work is called the natural-spontaneous affective

cognitive dataset (NACD) [48]. It consists of two folders: one for typical
development students (TD) and another for autistic students (ASD). Each folder
contains various video clips, and each video clip was labelled with a specific

emotion that corresponds to the content of that video.
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which were not suitable for the research purposes. To extract relevant information,
head ,gaze, and face features were obtained from the dataset video clips using the
face recognizer and tracker software, OpenFace[41]. OpenFace, written in C++, is
a state-of-the-art tool capable of real-time tracking tasks such as detecting face
landmarks, tracking head position and eye fixation. Although the software
generates a substantial number of tracking feature points, not all of them were
relevant to the research. Therefore, the tracker was modified base on this work

need.

The output features from each video clip in the dataset were saved in a comma-
separated values (CSV) file. The processing of video tracking is summarized in
Figure (3.2). Each structure of the video tracking features contains values about an
individual's eye position and gaze, head position relative to the screen and

orientation, as well as facial movement units extracted from the learned models.

O > Eye Gaze —_— Combine into
r—1 ; one .csv file
OpenFace —4» HeadPose —» and save to
| Tracker the
corresponding
Experiment Environment N AUs — folder

AU1 r‘ "! l ool || AU12

Inner Brow Raiser | | 4% '\1 Lip Corner Pull
Au4 e . | Auls
Brow Lower k } | Lip Corner Depress

AU6 AU26

Cheek Raiser Jaw Drop

AU9

- | AU28
Nose Wrinkle ]

Lip purse

Figure 3.2:Collecting Features Based on OpenFace Tracker Process
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3.2.2 Data Pre-processing
Before data using for model prediction, the data should be processed to

remove undesired values. Therefore, the next step is data preprocessing. In this
step further processes was done like data cleaning, outlier detection, and
missing frames values. Then, the data which results from this step will be used

as input for emotional model.

A. Data Cleaning
The data collected from the previous step need to be cleaned. Generally, data

cleaning is a crucial step in data analysis, and it involves identifying and correcting

errors, inconsistencies, and missing values in a dataset.

The type of tasks applicable for this research are correcting errors and

standardizing the collected data .

The OpenFace produces results data filtered from outliers and missing data.
the only thing that needs to be cleaned in the resulted tracking data is the validity
of the processed frame. The validation indicator in the features data file is the
“success” filed which is a binary filed (“1”” means frame is captured and processed
correctly, and “0” otherwise). Frames with success value equal to “0” is eliminated

from the training dataset.

B. Standardizing Data

The standardization step in dataset analysis in this research include the
transformation of the captured features data to a file that contains only the features
of interest for the research. The total number of captured features that recorded in
the raw feature file are 334 features. The resulted cleaned features file includes 33
features (frame, timestamp, and success as the frame description data, 6 eye gaze

features, 6 head pose features and 18 AUs values). This step generates smaller
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sized files that can minimize the time to retrieve and process files during cues

generation step.

In this thesis, all phases of model development, focusing on two types of data:
individuals with Asperger's syndrome (AS) and typically developing individuals
(TD). The primary aim and contribution of this thesis are to identify and
understand the differences between AS and TD. To achieve this objective, two
separate models were constructed and trained: one for AS and the other for TD.
Each model was built using the specific dataset collected from the respective
group. The training dataset for each model consisted of processed features files

obtained from the initial dataset.

Developing separate models for AS and TD can aid the differences of
characteristics in emotional expressions between these two groups. This approach
enables a comparative analysis that can provide insights into the unique emotional
profiles expressed by individuals with AS compared to typically developing

individuals.

3.3 Emotion Cue Generation

To generate an emotion cue, 30 frames (rows) were taken from the tracking file
and the features stacked to three categories, gaze, pose, and AUs. Each of these
categories arrange in a moving window elapsed rows, the difference between each
successive row is 1/30 of a second. This value is chosen based on empirical
evidence to simplify presentation and visualization. Additionally, it provides a
reasonable latency time for predicting the first label when displaying cues in an
online process. The result from this step is three files representing the cue of the
same point of time, algorithm (3.1) describe this step and outlined in figure (3.3).

To build a single cue consists of a multivariate-temporal time-series with a fixed
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length of 30 observations. Each observation contains 30 features. The cue vector
has a cue length (c) of 30 and a total number of features (n) equal to the sum of the
features in pose, gaze, and AUs, which amounts to 30 (6 features from pose, 6

features from gaze, and 18 features from AUSs) (algorithm 3.2) .

Figure 3.3: Emotion Cues Generation
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Algorithm3. 1: MultiDataGenerator:

INPUT: ds_root, list IDs, labels, dim, batch size=32, n_channels=1,
n_classes=10, shuffle=True

OUTPUT: data generator class

BEGIN

1. Initialize the MultiDataGenerator with the following parameters:
1.1. ds_root: the root directory of the data
1.2. list_IDs: a list of IDs of the data samples
1.3. labels: a dictionary of labels for each sample
1.4. dim: the dimension of the input data
1.5. batch_size: the number of samples per batch
1.6. n_channels: the number of input data channels
1.7. n_classes: the number of classes in the data

2. get the number of batches per epoch

3. Generates one batch of data:
3.1. Generate indexes of the batch
3.2. Generate the corresponding input data and label
3.3. Update the batches indexes

4. TF epochs number not reached GOTO step 3

5. Generate the results data:
5.1. Initialize the input data and labels with the given dimensions
5.2. Generate data and labels for each sample file

6. Return the input data and labels

END

43



Chapter Three The Proposed System Design

Algorithm 3.2: Generate_cues

INPUT: ds_filenames: names of dataset files, cues_labels: dataset emotions
labels

OUTPUT: the resulted dataset cues
BEGIN
1. Read dataset files and labels
2. FOR every file in the dataset:
2.1. Read file data and label
2.2. Generate gaze cue matrix:
2.2.1 FOR every frame within the cue window
2.2.2 For all pairs of frames within the cue window
2.2.3 Get gaze features and append to gaze cue matrix
2.3. Generate pose cue matrix:
2.3.1 FOR every frame within the cue window
2.3.2 For all pairs of frames within the cue window
2.3.3 Get pose features and append to pose cue matrix
2.4. Generate AUs cue matrix:
2.4.1 FOR every frame within the cue window
2.4.2 For all pairs of frames within the cue window
2.4.3 Get AUs features and append to AUs cue matrix
3. RETURN gaze cue matrix, pose cue matrix, AUs cue matrix
END
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The spectrum of features values for gaze, pose and au’s are different, hence the
prediction model will not get any knowledge and the training process will fail.
Generally, machine learning models expect the input have homogeneous values,
which are values taken from the same space and describe the same phenomenon.
On the other hand, features collected here describe three different spaces and the
features values describe different meaning in each space collected (gaze, pose, and
au’s). Therefore, the tracking fille features were divided into three separated cues

files.

[P0 P1.....Pn-1l
[Au, Au,

Where g, pn, AU, Is a gaze, pose, and action units respectively ;

n =0 to number of features per frame -1; and t is the time spent on each frame.
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3.4 Modified GoogLeNet

The proposed model implements a modified version of the well-known and

wide-used GoogleNet machine learning model to classify the emotions.

The key feature of GoogleNet is the inception module, which is designed to
capture different levels of spatial features and perform dimensionality reduction
using parallel convolutional layers with different filter sizes. The inception module
enables the network to strike a balance between computational complexity and
precision by averting the costly operation of processing all the data through a

single convolutional layer.

In the original model, the input layer except images of multiple channels.
Followed by an inception layer. The proposed model changes this single input
model into three input layers. Each branch of the proposed architecture contains a
stem, two inception layers and one max pooling layer before concatenating the
three main branches, figure (3.4) illustrate the flow of the modified GoogleNet.
The purpose of these layers is to get initial knowledge from the extracted cues,
when the network reaches the layer before concatenation the values now are
insights gathered by the model rather than values represent the original features
(i.e., abstractions). After this step the structure continues as the original network.
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Figure 3.4:Modified GoogleNet architecture

Algorithm 3.3: Inception Block

INPUT: input_layer, number of filters

OUTPUT: output layer

BEGIN

1. Initialize the input layer and the number of filters for each path

2. Create the first path by applying Conv2D with the specified number of filters and
activation function

3. Create the second path by applying Conv2D with the specified number of filters
and activation function

4. Create the third path by applying Conv2D with the specified number of filters and
activation function

5. Create the fourth path by applying Conv2D with the specified number of filters and
activation function

6. Concatenate the outputs from all four paths to create the output layer

7. Return the output layer.

END
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Algorithm 3.4: EmotioNet function:
INPUT: gaze features, pose features, and AUs features
OUTPUT: the classification result
BEGIN
1. Create input layers for gaze features, pose features, and AUs features.
2. Create a gaze subnet by applying the following layers:
2.1. Convolutional layer with 64 filters, kernel size of (7,7), and ReLU activation
function.
2.2. Max pooling layer with pool size of (3,3).
2.3. Convolutional layer with 64 filters, kernel size of (1,1), and ReLU activation
function
2.4. Convolutional layer with 192 filters, kernel size of (3,3), and ReL.U activation.
2.5. Max pooling layer with pool size of (3,3).
3. Create a pose subnet by applying the following layers:
3.1. Convolutional layer with 64 filters, kernel size of (7,7), and ReLU activation
function.
3.2. Max pooling layer with pool size of (3,3).
3.3. Convolutional layer with 64 filters, kernel size of (1,1), and ReLU activation
function
3.4. Convolutional layer with 192 filters, kernel size of (3,3), and ReLU activation.
3.5. Max pooling layer with pool size of (3,3).
4. Create an AUs subnet by applying the following layers:
4.1. Convolutional layer with 64 filters, kernel size of (7,7), and ReLU activation
function.
4.2. Max pooling layer with pool size of (3,3).
4.3. Convolutional layer with 64 filters, kernel size of (1,1), and ReLU activation
function
4.4. Convolutional layer with 192 filters, kernel size of (3,3), and ReLU activation.
4.5. Max pooling layer with pool size of (3,3).
5. Concatenate the results from steps 2, 3, and 4.
6. Apply nine inception blocks:
6.1. Apply first Inception block (Algorithm 3.4) to the results from step 5.
6.2. Apply second Inception block (Algorithm 3.4) to the results from step 6.
6.3. Apply a max pooling layer to the output with pool size of (3,3).
6.4. Apply a third Inception block to the output.
6.5. Apply a fourth Inception block to the output
6.6. Apply a fifth Inception block to the output
6.7. Apply a sixth Inception block to the output
6.8. Apply a seventh Inception block to the output
6.9. Apply a max pooling layer with pool size of (3,3) the output
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6.10. Apply a eighths Inception block to the output
6.11 Apply a ninth Inception block to the output
6.12. Apply a global average pooling layer for the resulted model network
7. Enforce a weights dropout layer with dropout percentage of 40%.
8.Generate the final classification dense layer with 5 classes (emotions classes) using
SoftMax as an activation function.
9. RETURN the final model
END

3.5 Training Phase
The approach you described involves fitting two separate models, one for AS and

another for TD. These models are trained on separate datasets, presumably
containing features specific to each group. The purpose of this method is to
evaluate the models' capacity to generalize their learning skills to new sets of
features. By training separate models on AS and TD datasets, you can assess how
well each model performs on their respective target groups. This helps evaluate
whether the models can effectively capture the patterns and characteristics unique

to each group.

Overall, this approach allows for a comprehensive evaluation of the models'
generalization capabilities and their performance on new scopes of features,
encompassing both AS and TD individuals.

During the training phase, the cues flow in batches to the model and traverse

through the network structure.

The output of a single pass of the network is validated using the validation set to
get an intermediate metrics these metrics are compared with the previously

collected metrics to decide if the model is training in the correct direction. In
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addition, this process measure if there is any overfitting on the training set. The
process (form data-batch enters the model till the model validation is called an
Epoch).

After completing all the training-validation epochs the model is now can be called

a trained model (not the final model).

3.6 Test Phase
After the model has been trained and validated, its performance on the test set

Is assessed. This will provide an objective estimation of its generality. The
generality of a model is its capacity to perform well with untrained and unseen data
Evaluating the model generality depending on the nature of the task, so several
metrics were be used to measure the generality of a model, including accuracy,
precision, and recall.

Measuring the generality of a DL model is a crucial aspect of evaluating its
performance and ensuring that it will perform well on new, unseen data. Using the
evaluation phase, we can ensure that the model is accurate and generalizable,

which is essential for applications in the real world.

3.7 summary
The proposed system design involves the development of a supervised deep

learning model that is trained on a dataset containing eye-gaze, head-pose, and face
action units tracking features of typical development people and autistic people.
The model is intended to classify emotions based on the generated emotion cues
extracted from the tracking files. The dataset is processed to obtain emotion cues,
which are then divided into three separate cues files due to their different values
and meanings. The model is built using a modified version of the GoogleNet deep
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learning model, which is designed to capture different levels of spatial features and
perform dimensionality reduction using parallel convolutional layers with different
filter sizes. . The final model is evaluated on unseen data to assess its level of

generality and ability to work with real data.
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Chapter Four Results and Discussion

4.1 Introduction
This chapter shows the significant results acquired from different experiments

shown throughout the previous chapter. followed by a thorough comparison and
evaluation of the model's outcomes. The chapter illustrates the differences between
AS and TD individuals when the model was trained on separate groups of datasets.

Finally, the generality evaluation of the model was conducted against un-seen data.

4.2 Data pre-processing

The OpenFace produces results data filtered from outliers and missing data. the
only thing that needs to be cleaned in the resulted tracking data is the validity of the
processed frame. The validation indicator in the features data file is the “success”
filed which is a binary filed (“1” means frame is captured and processed correctly,
and “0” otherwise). Frames with success value equal to “0” is eliminated from the

training dataset. Table (4.1), illustrates the number of valid and invalid frames in the

dataset.
Table 4.1:Counts for Valid and Invalid Frames

Fear Disgust Joy Anticipate Sadness Total
Invalid Frames 228 548 168 685 629 2258
1.68% 2.88% 0.64% 0.65% 1.49% 1.09%
Valid Frames 13345 18485 26044 104671 41617 204162
98.32% 97.12% 99.36% 99.35% 98.51% 98.91%
Total Frames 13573 19033 26212 105356 42246 206420

The table above indicates that the total frames lost is 1% from the total number

of frames captured which indicates the high accuracy of the OpenFace API.
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4.3 Results of the Implementation of the Proposed System

The proportion employed to divide the dataset relies on its size and the task's
characteristics. A prevalent ratio for dividing the data into training and testing sets
Is 80/20 or 70/30, with 80% or 70% of the data allocated for training and the
remaining 20% or 30% designated for testing. When dealing with larger datasets, a
split of 90/10 or 95/5 may be sufficient. Occasionally, a three-way split is utilized,
which involves creating a validation set to fine-tune hyperparameters and prevent
overfitting. The ratio for the three-way split can be 60/20/20 or 70/15/15,

depending on the dataset's size.

Overall, dataset splitting is an essential step in machine learning, and the ratio

used in splitting the dataset depends on the size and nature of the task.

The dataset was split into different ratios (60% training, 40% validation), (70%
training, 30% validation) and (80% training, 20% validation)

The experiments performance showed that the ratio of 70/15/15 (70% training,
15% validation, and 15% test) achieved significant results. therefore, this ratio was
implemented in this model. The test set is primarily used to test the model
generality against unseen data during the training phase. Table(4.2) below states
the influence of split ratio on model accuracy and error rate.

Table 4. 2: Dataset splitting ratio effect on Accuracy and Loss.

SPLIT RATIO(TRAIN/VAL ) ACCURACY% ERROR RATE %
60%-40% 82.97% 0.17
70%-30% 87.12% 0.12
80%-20% 82.85% 0.17
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GoogleNet uses stochastic gradient descent (SGD) to optimize its model
parameters during training. However, GoogleNet incorporates a modified version
of SGD known as "batch normalization." This technique, illustrated by the
equation below, aids in speeding up the training process and enhancing the model's

stability by normalizing the activations within each mini-batch.

1
Xk41 = X — Mg 1Bl Z Vfi(xk) (4.1) [67]

i€By,
Where X, is the weights at step k, n; is the learning step size at k, |By| is the batch

size, f; is the objective function, and V£;(x;) is the gradient function.

Large batch sizes have been found to result in decreased accuracy and limited
prediction generalization, as noted by [67][68]. In order to determine the
appropriate batch size for the proposed model, a series of experiments were
conducted using different batch sizes, namely 32, 64, 126, 256, and 512. The
performance of the model on both the training and testing datasets revealed two

distinct trends, as depicted in Table 4.3.

Table 4.2: Batch size experiments results

Batch Size Training Accuracy Validation Accuracy A train- A validate
(A train) (A validate)
32 95.91% 90.68% 5.23
64 97.76% 96.95% 0.81
128 98.69% 86.32% 12.37
256 99.07% 82.47% 16.6
512 99.49% 83.16% 16.33
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Larger batch sizes resulted in higher training accuracy, but this led to underfitting
issues (99.49% training accuracy compared to 83.16% validation accuracy with a
batch size of 512). Determining the optimal batch size is a task-specific procedure,
and the best trade-off between training and validation accuracy, with minimal

discrepancy, was observed with a batch size of 64.

Table 4.4: The Final Model Parameters are Stated in the Table Below

Hyper-parameter Value

Dataset splits ratio 70% Training, 30%Validation/Test

Mini-Batch Size 64

Weights initialization | Activation initialization algorithm
RelLu orthogonal
Softmax Glorot Uniform

Loss Function Categorical Cross-entropy

Optimizer Adam [69]

Learning rate 0.001

4.4 Results of the Proposed emotional Model
In this section, the outcomes of the model's learning phase will be presented.

As described in Section 3.5 of Chapter 3, about the training and validation processes
of the model. So, the accuracy of the model training are depicted in Figure (4.1).
The training accuracy serves as an indicator of the model's precision in predicting all
classes. The figure below states that the model accuracy nearly 99% and 98% for

training and validation respectivly.
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Figure 4.1: Accuracy of model training and validation.

4.5 Evaluating the Model
The model, as mentioned in Chapter 3, was trained and validated on data for

individuals with AS and TD. The purpose of this procedure was to measure the
model performance, as well as The performance of the model was evaluated using
AS and TD data to investigate the significant variation in characteristics that

discriminate between those two groups.

Hence, the results discussed in this section concern the emotional model trained on
AS dataset only. The accuracy scores were 99.88% and 98.54% for model training
and validation respectively. The accuracy was calculated statistically to assess the
total correct predictions of the model (i.e. the total number of all correct prediction
cues for all five classes). Formula 2.16 states the formula of the model's accuracy

calculation.

As accuracy above used as a metric to measure the average all of the model
performance based on all class prediction. To evaluate model performance based
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on true class prediction which match the ground truth data , a Confusion matrix

was used.

The model has a high level of performance among all classes in both True
(predicting the right class) and False (saying that this is not the required class)
classifications. . For better understanding of the model performance for inter-class
prediction, the model was tested on an un-seen dataset. The model test-dataset was
excluded from the training dataset before beginning the training phase of the model
and set aside as the un-seen dataset. The benefit of the un-seen data was to
challenge the model architecture to produce the correct emotional state. The correct
classification means having the correct label for the given cue, for the un-seen data
was to challenge the model architecture to produce the correct affective. The model
was tested on 22953 labeled cues accommodating all the five emotional states. A
correct (Positive) prediction should match the ground truth label, or it would be

incorrect (Negative) prediction.

The statistical results of the model's test experiments are summarized in a
confusion matrix Figure (4.2), it states the correct and incorrect prediction rates
for each emotional class. The rows, in confusion matrices, describe the model's
class prediction, while the columns are the true classes obtained from the labelled
dataset. The highest classification rate was (99%) scored for both disgust and
Anticipation classes, while the classification rate for sadness was (98%) and fear
was (93%). The lowest prediction score was (92%) for the joy class. There were
minor variations in prediction rates between all classes and that can be realized
from the monotone of the classes cells' color. These results indicate a robust
performance of the model and high generality skills of the emotional

computational model towards un-seen data. In addition to the high recognition
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rates for each class in the confusion matrix, other significant metrics can determine
the model generality.
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Figure 4.2: Confusion matrix for the model tested on data for People with AS.

For further optimized evaluation of the model performance, other indicators were

used to assess the model's performance as an emotional classifier .The statistics
used were recall (0.96), precisions (0.97).

The above results in this section show the performance of the developed model
when it is trained on data from people with AS and tested on unseen data. The
same procedure stands when training the model on data from people with TD and

testing on unseen data from the same group, and this will be discussed in the next
part.
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The model was also tested on data from a person with TD on model trained
on data from the same group. The confusion matrix in Figure 4.3 shows significant
results yield from this test.
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Figure 4.3: Confusion matrix for the model tested on data for People with TD.

The results drawn from the confusion matrix in (Figure 4.3) shows that the classes
with the highest TP ratio were the sadness with accuracy rate of 98% and the fear

emotional state with accuracy rate of 97%.

While disgusted and joy have the same TP rate of 96%, the lowest TP rate was

94% for the anticipation class.

Also here, other indicators were used to evaluate the model’s performance as
an emotional classifier, namely Precision (Equation 2.17) and Recall (Equation
2.18). The results of the statistics were (0.96) and (0.96), respectively
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4.6 Features Analyzing

The proposed emotional model achieved significant results in modeling
individuals' emotional behaviors. The use of deep learning techniques, specifically
GoogleNet, has likely played a crucial role in achieving these efficient results.
GoogleNet is a deep convolutional neural network (CNN) that is known for its
ability to extract meaningful features and patterns from various input cues and
handle complex visual recognition tasks effectively. In Addition, the success of
emotions recognition and classification may also be attributed to the way in which
cues are generated and twinned with GoogleNet's structure. The process of building
and generating cues to produce emotions is likely designed to capture diverse
aspects of human emotional expression, allowing the model to better understand and
predict emotional states accurately. twinning or integrating three input channels
(facial expressions, eye gaze, and head movements) with the GoogleNet structure,
increased the network's capacity to learn complex relationships between input cues

and emotions.

The three feature-sets (AUs, eye-gaze, and head-pose) are considered as the
main source channel to extract the emotions in this study. (Figures 4.4, and 4.5)
illustrate the contribution ratio of each features set per emotional state. The ratios
were calculated by counting the probability contribution of the significant values
for each feature (values that cause variation ns in the cues sequence or features
with values greater than 0).The results presented in Figure 4.4 describe the
probability of feature-groups contribution ratios for the model trained on data from
individuals with AS.
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Figure 4.4: The results of features contribution for each emotional class of AS.

The results show that there is little variation in using three scopes of feature-
sets by AS to express their emotional states. the dominant features-set was AUS
with highest ratio for sadness state 0.9% and lowest ratio was in the disgust state
0.67%. The overall use of eye-gaze and head-pose was roughly equal which is an
indication that AS use more intense movements in their eyes and head to express
their emotional state. One of the features that can be derived from the above figure
iIs when people with AS experience sadness state they tend to use their facial
expressions more than eye or head movements (means a relatively fixed eye-gaze
with little head movements). The highest use of eye-gaze was in two states of
sadness, and anticipation with 0.9%, and 0.78% respectively which combined with
high frequencies of head movements. The above ratios can provide evidence that
models concerned with AS should take all the facial expressions in addition to eye-
gaze and head-pose to assist the prediction model learning skills.
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(Figure 4.5) shows the results of the feature-sets contribution ratio for the model
trained with data from individuals with TD. It also shows the vast difference in
using communication channels comparing with individuals with AS (Figure 4.4).
The model learned almost all its skills from facial expressions (i.e., action units).
This comes from the relatively high experience of TD individuals in using face
gestures to express their emotional states with less demand on eye-gaze and head-
pose. The figure exhibits that the model can learn about 92% of its prediction skills
from AUs alone and that for a model not dedicated to use AUs alone. All these
conclusions draw that emotional models dedicated for TD can use AUs alone to get

high accuracies of predictions.

(Figures 4.5 and 4.6) presented the participation ratio for each features-set along
with all classes for each dataset group. The two figures displayed the main

differences in displaying emotional states for individuals with AS, and TD.
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Figure 4.5: The results of features contribution for each emotional class of TD .
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4.6.1 Facial Action Units

Table 4.5 (visualised in Figures 4.6 and 4.7) shows the probability of frequencies
Iin each class of emotions for each dataset group (AS and TD). The probabilities
ratio in the table below refer to occurrence of single action units in each cue along

all video-sequences.

Table 4.5: Probabilities of AUS frequencies between AS and TD for all class's

Fear Disgust Joy Anticipation Sadness

ASD |TD ASD | TD ASD |TD ASD |TD ASD D
AUO01 | 0.0065 | 0.0081 | 0.018 | 0.0056 | 0.0147 | 0.0134 | 0.0488 | 0.0435 | 0.0215 | 0.0675
AU02 | 0.0088 | 0.0103 | 0.0177 | 0.0065 | 0.0189 | 0.0156 | 0.0578 | 0.0649 | 0.036 | 0.0851
AU04 | 0.0107 | 0.0291 | 0.0299 | 0.0219 | 0.0079 | 0.0196 | 0.0538 | 0.1272 | 0.04 0.1092
AUO05 | 0.0404 | 0.0386 | 0.0515 | 0.0173 | 0.0619 | 0.0124 | 0.2907 | 0.2625 | 0.1265 | 0.1563
AUO06 | 0.0149 | 0.0176 | 0.0112 | 0.0043 | 0.0567 | 0.0598 | 0.0379 | 0.0672 | 0.0326 | 0.0396
AUO07 | 0.0216 | 0.0567 | 0.0392 | 0.0197 | 0.0604 | 0.0622 | 0.1327 | 0.3076 | 0.0551 | 0.1579
AU09 | 0.0031 | 0.0019 | 0.0055 | 0.002 | 0.0035 | 0.0027 | 0.0145 | 0.0115 | 0.0095 | 0.0441
AU10 | 0.0202 | 0.0444 | 0.0193 | 0.0095 | 0.0682 | 0.0662 | 0.0891 | 0.1668 | 0.0417 | 0.1355
AU12 |0.0169 | 0.0196 | 0.0091 | 0.0036 | 0.0712 | 0.062 | 0.0282 | 0.0669 | 0.0221 | 0.0388
AU14 | 0.0375 | 0.0564 | 0.0276 | 0.0282 | 0.0889 | 0.0684 | 0.2396 | 0.3473 | 0.0893 | 0.2196
AU15 | 0.0069 | 0.0058 | 0.0191 | 0.004 | 0.0192 | 0.02 | 0.0525 | 0.0408 | 0.027 | 0.0444
AU17 |0.0184 | 0.0185 | 0.0334 | 0.0068 | 0.0358 | 0.0197 | 0.1051 | 0.0904 | 0.0633 | 0.0836
AU20 | 0.0043 | 0.0058 | 0.0134 | 0.0028 | 0.0084 | 0.0108 | 0.04 | 0.0311 | 0.021 [ 0.0515
AU23 | 0.0061 | 0.0321 | 0.0079 | 0.0111 | 0.0156 | 0.035 | 0.024 | 0.2355 | 0.018 | 0.0876
AU25 | 0.0146 | 0.0182 | 0.0225 | 0.0072 | 0.0318 | 0.023 | 0.0676 | 0.0975 | 0.0428 | 0.1155
AU26 | 0.0118 | 0.011 [ 0.0175 | 0.0046 | 0.0217 | 0.0134 | 0.0451 | 0.0617 | 0.0327 | 0.0727
AU28 [ 0.0001 | 0.0001 | 0.0009 | 0.0003 | 0.0006 | 0.001 | 0.002 [ 0.0039 | 0.0039 | 0.002
AU45 [ 0.0136 | 0.0143 [ 0.025 | 0.0085 | 0.0298 | 0.0173 | 0.1005 | 0.0934 | 0.0522 | 0.1092
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Figure 4.6: Bar chart presents the highest frequency differences of AUS in each class for AS

TD AU'S SIGNIFICANCY FO ALL EMOTIONS

30
25
1
20 :
g E g
15 .
10 |
o Math ol HGEHH . B . M SR nnon MR ool wncan REED HEERH Mo ...
5 & > X P OO DAL A D DAL AN
0”7 L K K L L L HF Y O VY QWY
PR R PR R

E Fear = Disgust = Joy Anticipation = Sadness

Figure 4.7: Bar chart presents the highest frequency differences of AUS in each class for TD

(Figures 4.6 and 4.7) visualize a bar graph to demonstrate the differences in an
emotional state for AUs as extracted from the predictions of the affective model
between individuals with AS and TD.it can be see that the same AU’s were

expressed for the same emotions, but they did not have the same intensity.
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Generally, the analysis of facial action units shows persistent differences between

AS and TD when experiencing emotional states.

For example, In (Figure 4.6), the facial action units (AUs) that had the highest
likelihood of indicating fear were AUs 4, 10, 12, 14, and 17 for individuals with
Autism Spectrum (AS). On the other hand, in (Figure 4.7), among the typically
developing (TD) group, the highest intensity was observed for of AU7, along with
AU’s 4, 6, 10, and 12. Additionally, it was noticeable that the intensity of AU17

decreased across the TD group when expressing the same emaotion.

When taking disgust emotion, the highest values appeared significantly in AUS 4,
17 for AS, and AUs 4,7, and 14 for TD.

joy emotion has the highest values of AUS in 6,7,10,12 and 14 (as illustrated in
Figure 4.7) for TD . While in the AS group (as in Figure 4.6), it was observed that
the intensity of the action units of the upper face decreased, while the density of

the action units of the lower face increased, compared to the group of TD.

in Anticipation emotion, the probability of AU 14 occurrence in AS was higher

than TD, in contrast, AU 7 occurrence was higher in TD than AS.

In general, individuals with TD tend to have more extensive and intense Action
Units (AUs) compared to individuals with AS. Additionally, individuals with AS
may exhibit different facial expressions compared to neurotypical individuals
(TD). For example, (Figure 4.8) illustrates a sample from the dataset featuring a
typical person and an autistic person expressing fear. The autistic person displayed
AUG6 (lip corner puller) and AU25 (lips parting), which typically indicate
happiness according to Ekman's classification mentioned in (section 2.3.1).
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Figure 4.8(A) frame of fear emotion for TD, (B) frame of fear emotion for AS

For better clarification, a thesis was undertaken to compare scientist
Ekman's discoveries on detecting fear in individuals with typical development
(TD) through facial cues like raised eyebrows, widened eyes, and a tense mouth
(illustrated in Figure 4.9) with the results obtained from the developed model
(depicted in Figure 4.10), which relies on action units. The analysis leads to the
conclusion that Ekman's observations support the findings obtained from the
proposed emotional model. However, the contribution of this thesis and the model
acknowledges that individuals with autism spectrum (AS) exhibit variations in
facial expressions. The comparison reveals that individuals with AS may display
atypical manifestations of emotional state, emphasizing the importance of

considering context and individual differences.
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Figure (4.9) AUs in fear emotion [70] _
emotion between AS and TD

In (Figure 4.11), a framework is presented to understand the experience of joy
based on the dataset. The framework is supported by a bar graph (also labeled
4.12), which illustrates the findings. Upon analyzing the graph, it is observed that
the facial expressions associated with joy in the average person are more intense
compared to those of individuals with autism. Both the average person and the
person with autism exhibit similar patterns in expressing feelings of joy, but with

variations in frequency and intensity.
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A: TD Joy : AS Joy

Figure 4.11(A) frame of joy emotion for TD, (B) frame of joy emotion for AS
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Also, different investigations used by researchers have proved that there are
differences in expressing emotions between individuals with AS and TD [24][25].
In addition to these claims, to further ensure the validity of our assumptions,
another test was conducted. This testing involved crossing data of individuals with
Autism Spectrum (AS) with a model trained on individuals with typical
development (TD) data, and vice versa. The purpose of this test was to demonstrate
the validation of variations in facial features between these two groups in

expressing the same emotions. The results can be shown in below confusion matrix
(Fig 4.13).

Fear

Disgust -

oy

True label

Anticipation

Sadness

Fear Disgust Joy  Anticipation Sadness
Predicted label

Figure 4.13: Confusion matrix of the emotional model trained on AS data and tested on TD data
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The results from the Confusion matrix indicated a decrease in the accuracy of the
emotional model when tested with TD data. This decrease in accuracy suggests
that there are notable differences in facial features between the AS and TD
populations. Consequently, the emotional model trained on AS data might not be
capable of accurately interpreting the emotional states of TD individuals because

of these feature differences.

4.7 Model Generality

The model's performance was validated using unseen data, demonstrating its
efficiency when applied to these data, as mentioned earlier. Obtaining public
available datasets for people with autism posed difficulties due to ethical
considerations and the need for consent agreements. Consequently, the proposed
work utilized a dataset specifically created for scientific research, with participants

agreeing to the use and publication of their images and videos.

However, some student who took part in the experiments related to this dataset did
not grant consent to publish their images. Nonetheless, their images captured a
completely different environment during recording, presenting an excellent
opportunity to utilize these images as data for testing the model's generality. The
proposed model underwent evaluation using these images and demonstrated its
ability to generalize to another dataset with a different environment, achieving an
accuracy rate of about 90%. This high accuracy ratio attests to the model's

effectiveness when dealing with unseen data.
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4.8 Model environment

In real-time applications, particularly in Human-Computer Interaction (HCI),
the speed of a model is a crucial factor. Model speed refers to the time taken from
receiving an input to producing an output or response. To evaluate the proposed
model's speed, tests were conducted on a computer with GPU NVADIA GeForce
GTX 1050 2GB, using an Intel® Core™ i7-7300HQ CPU @2.50 GHz processor,
16 GB of RAM, and a 64-bit Windows 10 operating system.

4.9 Model Comparing

The proposed study produced an emotional model for individuals with AS
using spontaneous natural data captured using only a webcam without the use of
invasive tools. The model showed significant results, with an average accuracy of
97.54%. In most cases, the results of this study were generally consistent with
other studies on the existence of differences in emotional expression between
people with AS and those with TD. Most studies investigated facial expressions of
individuals with AS were built to serve psychological studies, therapists, treatment,
or even educational skills. Previous studies utilized two categories of data: natural
spontaneous data obtained in unsupervised environment, and induced data
collected by employing stimuli to provoke emotions or identify facial expressions
within a controlled environment, resulting in artificial behaviors. Consequently, the
comparison in this section was based on the technical methods followed to produce
the emotional model, and tools that capture the features. also, The axis for the
comparison As shown in the table (4.6) was based on comparing the results from
models which used deep learning against other machine learning techniques. The

dynamic complexity of features in natural-spontaneous data can be further
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processed using advanced methods like dimensionality reduction or computer-

vision and image-processing.

Table (4.6) A comparison of proposed system with related work

Reference Type of Tools that used to Methodology Acc.
Input channels
dataset capture features
1.camera -Action unit
Support Vector
[21] Induced Data | 2. robot ) - -Head 93.6%
Machine classifier
3. sensor movement
-facial
1.webcam -CNN . -99.81%
[22] Induced Data expressions
2.EPOC+headse -LSTM _ -87.25%
-EEG signals
Spontaneous -Viola jones algorithm | -AUs 85.97%
[23] Camera
Data -adaboost
facial
[1] Induced Data | Webcam CNN(deep ResNet) expressions 75%
CNN -facial
Spontaneous expressions
[5] Webcam -LSTM 90.06%
Data -head movement
-eye gaze
-facial
Proposed Spontaneous expressions
Webcam CNN(GoogLeNeet) 97.54%
Data -head movement

-eye gaze

The research in [5] is closely similar to the proposed system in terms of the data

set, input channels, and tools utilized to capture features. However, there is a

distinction in extracting complex emotions, as it encompasses a wider range of

expressions. The researcher employed deep learning algorithms such as CNN and
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LSTM, which vyielded an average accuracy of 90.06%. In comparison, the
proposed system achieved a higher accuracy rate of 97.54% by using Googlenet

and the methods which used to generate Cues vector.

4.10 Conclusion

This chapter presented the testing and evaluation results for the proposed
model. The model evaluation was tested and evaluated based on unseen data. the
purpose for testing and evaluating to prove the power of model generality toward
new data. Also, it stated the power of googlenet towards features extraction and
prediction. Moreover, the differences in features expressions between two groups
AS and TD were extracted. The features results showed that there are significant
variations in features for the same emotions which expressed by two groups.
Comparing models result with other previous works clarify the model efficiency by

accuracy about 97.54%.
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Chagter Five Conclusion and Future Work

5.1 Conclusions
The following are the main conclusions gained from the results obtained using

the proposed system to detect the emotional state of people with Asperger's

syndrome:

1-

2-

Natural ,spontaneous data improved emotional state recognition without
costly sensors in controlled environments.

Deep learning techniques outperformed shallow systems by extracting
abstract features, incorporating facial expressions, head movements, and eye
gaze to predict behaviors in individuals with AS, achieving high accuracy
and generality for real-time applications,

The proposed model achieved high accuracy in inferring basic emotions,
with a 97.54% generality towards unseen data for individuals with AS. The
model produces reliable results in standard time, making it suitable for real-
time applications and facilitating interaction and communication between
people.

The accuracy of the emotional model, which was trained on AS data,
dropped by approximately 27% when tested on TD data. This highlights the
Importance of recognizing variations in emotional expression between
individuals with (AS) and (TD) individuals, confirming the distinctions in

features established in this thesis.
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5.2 Future works

The following is recommended for future works:

1-Voice Analysis: Develop technology for subtle tone, pitch, and rhythm
changes in voice to enhance emotional inference in ASD individuals, alongside

visual cues.

2. In futures there is a need to involve other types of Autism, this will help
increase model generality through increasing the size of the autistic part of the

dataset.

3- Cultural Differences: Conduct cross-cultural studies to understand the
relationship between autism, cultural norms, and emotional expression,
fostering more inclusive interventions and comprehensive autism

understanding. Emotion expression varies based on cultural norms and values
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