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Abstract

Affective computing is becoming more important, and one of the things that is be-
coming more important is the analysis of face expressions. This is one of the area
issues that is getting a lot of attention. Using this way of analysis, you can figure out
how someone is feeling. Human-computer connection, social machines, and mental
health care, to name a few, are all affected. This study shows how convolutional
neural networks (CNNs), which are a type of artificial neural network, can be used
to find out about affective emotional states from face expressions. CNNs can utilize
convolutional neural network features. A good example of an artificial neural net-
work is the news network CNN. The suggested system already uses very effective
preprocessing methods that can deal with a wide range of problems, such as differ-
ences in lighting, posture, and occlusion. The system already has these tools built in.
These ways of working are already built into the system. Because of these methods,
it is now possible to do statistical analyses that can be trusted more. This makes
it possible to compare facial images in ways that weren’t possible before. CNN'’s
design is great at capturing the complicated spatial patterns and relationships that
are part of facial expressions. This is just one of the many things the network can do.
This is because CNN was made so that it could do all of these things. So, it’s easy
to spot things that are different from a lot of other things. Extensive experimental
reviews on world-famous benchmark datasets show that, when it comes to picking
up on subtle emotional signals, the system is better than state-of-the-art methods in
terms of both accuracy and precision. The machine was in charge of making these
assessments. Some of the most knowledgeable experts on artificial intelligence in
the world, from many different countries, did these reviews. Because the suggested
framework is flexible and easy to use in a wide range of situations, it is best for
use in the real world. Because of this, it has the ability to be very useful in a wide
range of industries. These tools could change what happened in the past. In the
future, researchers may look into multimodal methods that include more modalities,
such as sound and body movements, build a framework for real-time implementa-
tion, and add more emotional states to the dataset. The framework could also be
changed to make deployment easier in real time. This could be done as part of a
multimodal approach, which uses different ways to talk to people. This is possible
because of multimodal methods. This work opens the door for future progress in
many areas, such as human-computer interaction, social robotics, and mental health
support systems, by showing how well CNNs can predict affective emotional states
from facial expressions. This is done by putting the spotlight on how well CNN is
at predicting how people will feel. This shows how well CNNs can figure out how
people feel just by looking at their faces. Deep learning is used in this method to
make it easier to create applications that can recognize and react to a wide range of
human emotions. People can get help and support from these groups in a number
of different situations.

Keywords: facial expression, emotion recognition, CNN, RESNET, IN-
CEPTIONRESNET, VGGNET
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Chapter 1

Introduction

1.1 Overview

The proliferation and swift advancement of computer systems, software, and net-
works have had a profound impact on our everyday existence, enhancing the ease
and efficacy of various tasks. Facial emotion recognition systems have become in-
creasingly significant in contemporary times due to their ability to capture human
behavior, intentions, and emotions. Facial emotion recognition systems employ com-
puter vision and artificial intelligence (AI) algorithms to investigate and interpret
real-time facial emotions. The algorithms utilized in this study are capable of ac-
curately identifying and classifying a range of emotions, such as happiness, sadness,
anger, surprise, and others. This is achieved through the analysis of key facial fea-
tures, including eyebrow movements, eye dilation, lip shape, and overall muscular
activity. The technology in question holds great potential in various industries such
as healthcare, entertainment, marketing, and security.

The implementation of facial emotion recognition systems has the potential to aid
healthcare professionals in the diagnosis and monitoring of various mental health
conditions such as anxiety, sadness, and autism spectrum disorders. The utilization
of these technologies has the potential to yield valuable insights into the emotional
states of patients through precise capture and analysis of facial expressions. This,
in turn, may facilitate the customization of treatment plans and interventions by
healthcare practitioners. The utilization of facial expression recognition technology
could potentially aid in telemedicine scenarios by providing insight into patients’
emotional states during virtual consultations, where physical cues may be limited.

Facial expression detection technologies have been utilized by the entertainment
sector to enhance user experiences. The aforementioned technology is utilized to
generate verisimilar and immersive environments within video games and virtual
reality software. It has been suggested that virtual avatars and gaming characters
have the potential to respond in real-time to players’ emotions and facial expres-
sions, thereby modifying their behavior and conversation to offer a more personalized
and engaging experience. Face expression recognition technology can be utilized by
filmmakers and marketers to identify audience preferences and reactions. This infor-
mation can then be used to adjust their content and advertising strategies in order
to elicit the desired emotional responses.



The implementation of facial emotion recognition systems in marketing is crucial for
obtaining valuable insights into the preferences and behaviors of customers. Real-
time feedback on the emotional impact of products may be obtained by retailers
through the observation of consumers’ facial expressions during product use. By
leveraging this data to inform product ideation, marketing strategies, and enhance-
ments to the customer journey, promotional initiatives can achieve greater efficacy
and precision.

Face emotion detection technologies are extensively utilized in security and surveil-
lance applications. Through the process of facial expression analysis, researchers can
potentially identify individuals who may pose a threat or exhibit suspicious behav-
ior in public settings. This method involves observing and interpreting facial cues
that may indicate feelings of hostility, fear, or distress. The implementation of this
technology has the potential to enhance security measures and mitigate potential
security breaches in high-security areas such as airports and railway stations.

It is imperative to exercise responsible usage of facial expression detection technolo-
gies and to take into account any potential ethical concerns. When utilizing this
particular technology, it is imperative to uphold the principles of privacy, obtain
explicit consent from individuals, and implement robust data protection protocols.

The speed and accuracy of conventional methods for facial emotion recognition are
often limited. The utilization of deep learning methodologies, specifically via deep
convolutional neural networks (CNNs), has demonstrated a more effective strategy.
The objective of this study is to construct a convolutional neural network (CNN)
with significant depth that can effectively identify five distinct emotional expres-
sions exhibited by human faces. The model in question exhibits promise for various
applications, such as customer feedback analysis and face unlocking, where accurate
interpretation of facial expressions is of utmost importance. The predominant mode
of human communication is oral language, however, nonverbal cues such as body
language and facial expressions are also integral components that serve to reinforce
speech and express emotions. Non-verbal communication is a crucial aspect of in-
terpersonal relationships, with facial expressions playing a significant role in this
domain. The potential applications of automatic recognition of facial expressions
are vast and varied, spanning multiple fields such as natural human-machine inter-
faces, behavioral science, and clinical practice. The recognition of facial expressions
is a task that humans perform with ease, but the development of machines capable
of reliably recognizing expressions remains a challenge. The present study suggests a
methodology that relies on convolutional neural networks (CNNs) to recognize facial
expressions. The employed system utilizes convolutional neural networks (CNNs) to
predict the corresponding facial expression label, such as anger, happiness, fear, sad-
ness, disgust, or neutral, based on an input image. Prior studies have made notable
progress in the field of automatic expression classification, employing methodologies
such as face detection, feature extraction, and diverse classification techniques. This
study aims to investigate the efficacy of convolutional neural networks (CNNs) in
accurately recognizing facial expressions, utilizing the latest technological advance-
ments in the field. The approach based on convolutional neural networks (CNNs)



that was presented exhibits potential for enhancing the automation of the task at
hand, and adds to the continuous advancement of reliable systems for recognizing
facial expressions.

We enhanced the VGGNET model to precisely cater to the task of emotion classi-
fication by training it using our own dataset. The model achieved an accuracy of
87.53%. To enhance the training process, we implemented various data augmenta-
tions on the training data. These augmentations encompassed modifications to the
height and breadth, rotation, shear, channel shift, and horizontal flip. Furthermore,
we integrated 6 customised layers into the foundational VGGNET model. The care-
ful and precise technique, along with the high accuracy achieved, demonstrates the
effectiveness of our methodology in recognising facial emotions. The model’s impres-
sive performance can be ascribed to the utilisation of a meticulously curated dataset
and the incorporation of data augmentations. The addition of personalised layers
to the basic model has greatly enhanced its ability to understand the complexity of
human emotions. In conclusion, our research represents a significant progress in the
field of facial emotion recognition, showcasing the efficacy of combining meticulous
dataset preparation with advanced machine learning techniques. The results of our
study offer promising prospects for additional research and real-world application in
this domain.

In light of recent advancements and widespread adoption of computer systems, soft-
ware, and networks, facial expression detection systems have emerged as a powerful
means of capturing human behavior, intentions, and emotions. The technology
exhibits a wide range of potential applications across various domains including
healthcare, entertainment, marketing, and security. The technology in question
holds significant potential for improving our standard of living and promoting a
deeper comprehension of human emotions and connections.

1.2 Problem Statement

The present study centers on the constraints of traditional approaches employed
for the identification of facial emotions, particularly their restricted precision and
velocity. The growing importance of computer systems and networks in our daily
routines has made it imperative to accurately capture human emotions through fa-
cial expression recognition. According to the researchers [6] [12], the utilization of
deep learning techniques, specifically deep convolutional neural networks (CNNs),
presents a more advanced strategy for facial emotion recognition in contrast to con-
ventional methods. The aim of this study is to create a custom convolutional neural
network (CNN) model with a high level of accuracy in identifying and categorizing
seven distinct human facial emotions. The model under consideration will undergo
training using a dataset of facial images that have been manually collected from the
tv show ”Friends”. These images were captured from videos and manually organized.
The principal objective of this study is to improve the precision and effectiveness of
facial emotion recognition systems, which could have practical implications in the
fields of customer feedback analysis. The present study aims to tackle the issue of
dependable and precise machine-based recognition of facial expressions. To this end,
a custom Convolutional Neural Network (CNNs) is proposed as a potential solution.



The aim of this study is to create a system for recognizing facial expressions using
a convolutional neural network (CNN) and to assess its efficacy. The input to the
system is an image, and the system predicts the corresponding label for the facial
expression. The predicted label encompasses a range of emotions, including anger,
happiness, fear, sadness, disgust, surprise and neutral. The present study presents
a comprehensive survey of the existing literature on expression recognition, encom-
passing various approaches such as classifiers based on prototypical emotions and
individual muscle movements. In addition, the CNN architecture is expounded upon,
which includes convolutional layers, fully connected layers, and various techniques
such as dropout, and max-pooling.The primary aim of this study is to evaluate the
efficacy of the proposed system and make a significant contribution to the progress of
facial expression recognition methodologies. The present research study focuses on
the difficulties associated with recognizing facial emotions and introduces innovative
techniques that employ deep learning and convolutional neural networks (CNNs).
The objectives of the research involve the creation of precise and effective models,
assessment of their performance, and investigation of their potential applications
across diverse fields.

1.3 Research Objective

The present study aims to overcome the constraints of traditional facial emotion
recognition approaches by highlighting the benefits of employing deep learning method-
ologies, specifically deep convolutional neural networks (CNNs). The primary aim
of this study is to construct a resilient and efficient convolutional neural network
(CNN) architecture that can precisely identify and categorize various human facial
emotions. Through the utilization of deep learning algorithms and the implementa-
tion of a manually curated dataset of facial images, the objective is to substantially
improve the efficiency and precision of facial emotion recognition systems.

The study recognizes the increasing significance of facial emotion recognition in
the current technology-oriented era, given that these systems possess the capabil-
ity to acquire and evaluate valuable data regarding human behavior, emotions, and
motives. The proposed system seeks to address the shortcomings of conventional
methods by utilizing deep learning techniques. These conventional methods are of-
ten plagued by slower processing times and reduce the accuracy levels. The aim
of this study is to showcase the effectiveness of utilizing deep learning techniques,
particularly a deep CNN model, for the purpose of facial emotion recognition. The
study seeks to establish that this approach provides superior accuracy and efficiency
compared to other methods.

This study makes a valuable contribution to the field of facial expression recognition
through its examination of multiple convolutional neural network architectures and
its exploration of techniques such as dropout and max-pooling. The aim of this
study is to enhance the performance of the proposed system by analyzing various
network architectures and feature extraction mechanisms.

Furthermore, the study aims to investigate the pragmatic implementations of the
newly created facial emotion recognition technology. The identified use cases, namely
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customer feedback analysis and face unlocking, underscore the significance and ap-
plicability of the research. The precise identification of facial emotions has the
potential to provide businesses with valuable insights into customer interactions.
Additionally, it can facilitate the development of secure and convenient face unlock-
ing mechanisms, thereby enhancing user experiences.

This study aims to create and test deep learning-based facial emotion identification
algorithms. The study aims to improve recognition system accuracy and efficiency.
The study examines how said systems are used in consumer feedback analysis, face
unlocking, natural human-machine interactions, behavioural science, and therapeu-
tic practice.



Chapter 2

Literature Review

Zhao and Pietikainen (2007) [1] studied face expression identification using the LBP-
TP approach. Scientists call visual patterns with temporal fluctuations ”dynamic
textures” like undulating waves or meandering smoke. The authors recommend us-
ing Local Binary Patterns with Three Orthogonal Planes (LBP-TP) as a feature
descriptor to capture spatiotemporal information in dynamic textures. The LBP-
TP method generates binary codes by evaluating neighboring pixel brightness levels
over many planes. The above scripts generate histograms showing the frequency
distribution of discrete texture patterns throughout dynamic sequences. Facial ex-
pression recognition tests LBP-TP’s dynamic texture recognition. The algorithms’
performance is assessed using published datasets and compared to other advanced
methods. The summary lacks quantitative data, however the paper should describe
the precision. The research found that LBP-TP can accurately recognize face ex-
pressions and capture their underlying dynamic patterns. The proposed approach
has potential in various sectors, such as human-computer interaction, emotion recog-
nition, and monitoring.

Zhao et al. (2011) studied the effectiveness of NIR movies in facial expression recog-
nition [2]. In low light, NIR imaging is tried for face expression recording. Scholars
extracted, selected, and categorized features. These strategies offer precise recog-
nition when combined. The approach’s accuracy, precision, recall, and F1-score
were assessed using the CK+ dataset. The study showed that NIR imaging can
accurately detect face expressions in low light or obstructions. The study showed
that NIR recordings detect face muscle activity better than visible-light imagery.
Local binary and ternary patterns (LBP and LTP) resist changing lighting condi-
tions for feature extraction. Adaboost feature selection improves discrimination.
Classification using SVMs. This study examines how NIR movies can detect fa-
cial expressions. This study shows that the proposed architecture and methods can
classify face expressions. This research may help HCI and emotional computing. It
aims to create facial expression recognition. Investigating low illumination.

Schroff et al.[4] suggest an approach that combines face verification, recognition,
and clustering by extracting representations from raw pixel data. Two deep con-
volutional network topologies are studied for their internal operations. The initial
architecture, influenced by Zeiler & Fergus, uses many convolutional layers, non-



linear activation functions, local response normalization, and maximum pooling to
achieve the desired output. Prior studies and one-dimensional convolutional layers
are used. Inception is a great computer vision design. Work combines convolutional
and pooling layer results using mixed layers. The results show that the models could
perform similarly with less parameters and computations. The research presents a
pixel-based method for validating, recognizing, and categorizing facial photographs.
The study found that the fixed center crop method provides a remarkable classifica-
tion accuracy of 98.87%. Furthermore, the study shows a record-high mean standard
error of 99.63% when using the additional face alignment technique.

Alizadeh et al. (2017) investigated facial expression recognition using CNNs and
deep learning algorithms [6]. Authors stress accurate photo and video face expres-
sion categorization. Traditional face expression recognition uses traits. Local Binary
Patterns with hand-built Gabor filters. Complex spatial features and setups chal-
lenge these approaches. CNNs help scientists overcome restrictions. CNN hierar-
chizes data automatically. Machine learning restrictions are addressed in this paper.
CNNs extract facial features using convolutional, pooling, and fully connected lay-
ers. The authors closely examine these strata. Layers’ roles in this process are
investigated. Microexpression databases are small, thus scientists sought strategies
to enlarge them. CNN model durability and generalization are examined here. Ro-
tation, horizontal flipping, and random cropping are tested. The study compares
CNNs with deep learning for facial emotion recognition. CNNs capture facial ex-
pressions better due of their intricacy. Studies how random cropping, horizontal
flipping, and rotation improve CNN model generalization and stability.

In 2017, Tarnowski et al. [7] examined the efficacy of facial expressions in recogniz-
ing emotions and the accuracy of categorization algorithms. This study contrasts
subject-dependent vs subject-independent classification. The former trains and tests
models on the same people, the latter on different groups. The MLP classifier
has 90% subject-dependency accuracy, while the 3-NN has 96%. Both algorithms
classify emotions from facial expressions on identical persons. Subject-independent
MLP classifier accuracy is 75.9%. Interesting, the 3-NN classifier outperforms it
by 95.5%. Multi-person emotion detection is good with 3-NN. Comparing "natu-
ral” subject-based and "random” partitioning helps us understand how data parti-
tioning affects model accuracy. The results reveal that "random” division is more
accurate than "natural” division. Subject-dependent classification using "natural”
division yields 73% accuracy for the MLP classifier and 70% for the 3-NN classifier.
For subject-independent classification, MLP classifier achieves 73% ”natural” divi-
sion accuracy. In contrast, the 3-NN classifier is 63% accurate. The study found
facial expression-based emotion classification reliable. MLP and 3-NN classifiers
excelled independently and subject-dependently. To enhance emotion recognition
algorithms, examine data partitioning methods.

Chen et al. (2019) [8] explored the growing importance of facial emotion recognition
in computer vision research. Social and emotional expression are examined. Older
manual feature extraction methods used Gabor Wavelets and sparse coding. Neutral
face removal improves recognition in several ways. CNNs changed this field. These
networks became skilled through deep learning. Research used global appearance



data, local geometry cues, facial landmarks, and optical flow to improve recognition.
Facial region localization was examined to improve feature extraction. Work began
to comprehend Action Unit mechanics. Although deep learning algorithms have
improved, problems remain. The study found domain knowledge, local geometry,
and GAN-based approach limitations. The study developed unique Facial Motion
Prior Networks. FMPN shows expressive face motion with the Face-Motion Mask
Generator. Previous Fusion Net uses historical data. FMPN tops CK+, MMI, Af-
fectNet. Moving muscle mask guidance and pre-calculated ground-truth masks help.
This study suggests domain expertise and technique limits improve face expression
recognition.

[Tham et al. [23] investigated the integration of AI and psychology in Facial Ex-
pression Recognition (FER). Deep learning may give smart psychiatry therapies.
Deep learning enables clinical identification and therapy customisation. AFEA and
FEA are compared by psychiatrists. A quantitative system must automatically
assess facial expressions. AFEA numerically analyzes facial expressions. Modern
approaches pass AFEA. Deep learning uses layers to study hierarchies. Light, pos-
ture, and face emotions have not modified layer properties. Neural networks value
usability. Deep neural layers withstand disturbance. Faces are understood via deep
learning. They sense emotions, intentions, and conduct. Deep convolutional neural
networks recognise faces. These systems employ facial recognition to measure user
response and unlock goals. Deep learning mimics brain function via neural networks.
Two-dimensional CNNs correctly recognize five facial emotions in research subjects.
System training dataset was manually collected using mobile phone camera.

Recent computer vision research focuses on facial emotion identification. Academic
study by Sultana.A et al (2023) [26] may have influenced the observed development.
As stated in the introduction, facial expressions are essential to communication.
Natural language processing, psychiatry, gaming, and marketing have examined it.
Facial expression problems for emotion deduction are examined in this study. The
research was restricted by limited datasets, unpredictable environmental variables,
insufficient training data for various emotional states, and lighting and posture. Ten-
sorFlow was used to study face expressions by Sultan et al. (2023). The objective
was to understand emotions. The study covers image collecting and preprocessing,
the VGG19-based deep convolutional neural network (DCNN), and iterative train-
ing and testing to fine-tune the network’s parameters. The VGG19 model extracts
image features using convolutional and fully-connected layers. The suggested model
had 94.8% and 93.7% accuracy on the Extended Cohn-Kanade (CK+) and Japanese
Female Facial Expression (JAFFE) datasets, respectively. The approach was exten-
sively tested on a big dataset. It could be utilized in e-learning, surveillance, and
healthcare infrastructure. Application may improve these areas.

Facial emotion recognition (FER) plays a crucial role in enhancing communication
between computers and humans. Convolutional Neural Networks (CNNs) are a type
of deep learning method that can automatically extract features and are highly ef-
ficient in terms of computation[15]. They show great potential for this particular
task. By utilizing the VGGNet architecture as a standalone network, the research
was able to reach a remarkable accuracy of 73.28% on the FER2013 dataset, without
the need for additional training data. This accuracy is considered to be the highest



in the industry.

This study [18] builds upon previous research that highlights the importance of
hyperparameter tuning in improving model performance. The specific goal of this
study is to optimize the hyperparameters of Convolutional Neural Networks (CNNs)
for facial emotion recognition. The research emphasizes the importance of hyperpa-
rameter optimization strategies, such as Random Search, in improving the accuracy
of deep learning models. This study follows the same paradigm.

The difficulty of face emotion recognition stems from the intrinsic variety in facial
architecture and the ambiguous nature of emotions[17]. Previous studies utilizing
Convolutional Neural Networks (CNNs) for emotion recognition have shown insuf-
ficient effectiveness in comparison to tasks such as object detection. The research
suggests a multi-task learning strategy that surpasses current cutting-edge algo-
rithms by including emotion detection, gender, age, and ethnicity into a single CNN
model.

The article ”Facial Emotion Recognition using Convolutional Neural Networks” by
Akash Sarava et al. [11] introduces a model based on Convolutional Neural Networks
(CNN) to identify seven basic emotions based on facial expressions. The suggested
model achieves a final accuracy of 0.60 and is composed of six convolutional layers,
two max pooling layers, and two fully connected layers. The research emphasizes
the benefits that Convolutional Neural Networks (CNNs) provide in terms of cap-
turing the spatial characteristics of facial expressions. CNNs demonstrated superior
performance compared to traditional neural networks and decision trees in this par-
ticular task. The research greatly advances the field of facial emotion identification
by building a strong Convolutional Neural Network (CNN) model that is suitable
for further examination.

Authored by H.M. Shahzad et al [25], the study ”Hybrid Facial Emotion Recognition
Using CNN-Based Features” describes a technique for recognizing facial emotions by
combining convolutional neural networks (CNNs) and machine learning (ML) meth-
ods. The researchers extracted features from convolutional neural networks (CNNs)
that had already been trained and evaluated several machine learning (ML) algo-
rithms in order to accomplish classification tasks. The research findings revealed
that the implementation of ensemble and Support Vector Machine (SVM) classifiers
instead of the traditional SoftMax classifier resulted in improved emotion recogni-
tion accuracy across the FC6, FC7, and FC8 layers of Deep Convolutional Neural
Networks. The results of the study suggested that when Convolutional Neural Net-
works (CNNs) are combined with other Machine Learning (ML) techniques, they
can produce more effective results when applied to emotion perception tasks. The
research also underscores the potential for improving the accuracy of image classifi-
cation through the utilization of alternative classifiers and pre-trained convolutional
neural networks (CNN).

The paper ”"Emotion Recognition Using Convolutional Neural Networks” by Chieh-
En James Li [9] et al presents a detailed neural network model designed to accurately
identify facial emotions . The authors get the most advanced findings by enhancing



the performance of a pre-trained VGG-16 network using the FER2013 dataset. The
study emphasizes the significance of data augmentation and the efficacy of transfer
learning in enhancing the accuracy of emotion identification models. This study
enhances the field of facial emotion recognition by presenting a strong and precise
framework for distinguishing facial emotions.

The paper ”"Facial Emotion Detection using Convolutional Neural Networks” by
Mohammed Adnan Adil[5] proposes a deep learning model for recognizing facial
emotions. The authors utilize a pre-trained VGG-16 network and fine-tune it on
the FER2013 dataset, achieving state-of-the-art results. The study highlights the
effectiveness of transfer learning and the importance of data augmentation in im-
proving the performance of emotion recognition models. The research contributes
to the field of facial emotion recognition by providing a robust and accurate model
for recognizing facial expressions. The authors also discuss the limitations of their
approach and suggest future directions for research, such as exploring the use of
other pre-trained networks and incorporating additional modalities, such as audio
and text, to improve the accuracy of emotion recognition.

This paper by Fatma M. Talaat[27] proposes a real-time facial emotion recognition
system for children with autism using deep learning and IoT. The study focuses
on the challenges of emotion recognition in autistic children and the potential of
assistive technology. The proposed system employs a deep learning model to de-
tect facial expressions and classify emotions, while IoT technology enables real-time
monitoring and feedback. The research highlights the importance of accurate emo-
tion recognition in assisting autistic children and improving their communication
and social skills. The system’s effectiveness is demonstrated through experimental
results, showcasing the potential of deep learning and IoT in developing assistive
technology for individuals with autism.

This paper by Dhananjay Theckedath [13] proposes a deep learning-based approach
for detecting affect states using pre-trained VGG16, ResNet50, and SE-ResNet50
networks. The authors fine-tune these networks on the AffectNet dataset, which
contains over one million facial images with annotations for eight affect states. The
study compares the performance of the three networks and finds that SE-ResNet50
achieves the highest accuracy of 62.5%. The research highlights the potential of
deep learning in accurately detecting affect states and the importance of using large
and diverse datasets for training. The authors also discuss the limitations of their
approach and suggest future directions for research, such as exploring the use of
other pre-trained networks and incorporating additional modalities, such as audio
and text, to improve the accuracy of affect state detection.

The paper by Fatma M. Talaat proposes[29] a real-time facial emotion recognition
model for autistic children using a combination of kernel autoencoders and convolu-
tional neural networks. The study highlights the challenges of emotion recognition
in autistic children and the potential of assistive technology. The proposed model
employs kernel autoencoders for dimensionality reduction and feature extraction,
followed by a convolutional neural network for emotion classification. The research
demonstrates the effectiveness of the proposed model in accurately recognizing facial
emotions in autistic children, with potential benefits for improving communication
and social skills. The study also emphasizes the importance of real-time emotion
recognition in assisting autistic children in case of pain or anger.
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The paper by Lokesh Bejjagam and Reshmi Chakradhara proposes|21] a facial emo-
tion recognition system using a convolutional neural network with multiclass classifi-
cation and Bayesian optimization for hyperparameter tuning. The authors fine-tune
a pre-trained VGG16 network on the FER2013 dataset, which contains over 35,000
facial images with annotations for seven emotions. The study employs Bayesian
optimization to optimize the hyperparameters of the network, achieving state-of-
the-art results with an accuracy of 71.3%. The research highlights the importance
of hyperparameter tuning in improving the performance of deep learning models and
the potential of facial emotion recognition in various applications, such as human-
computer interaction and mental health assessment. The authors also discuss the
limitations of their approach and suggest future directions for research, such as
exploring the use of other pre-trained networks and incorporating additional modal-
ities, such as audio and text, to improve the accuracy of emotion recognition.

The paper by Sachin Pralhad Langute proposes a facial emotion recognition system
using a deep convolutional neural network[20]. The study employs a pre-trained
VGG-19 network on the FER2013 dataset, which contains over 35,000 facial images
with annotations for seven emotions. The author fine-tunes the network by replacing
the top layer with a new softmax layer and trains the network using stochastic
gradient descent with a learning rate of 0.0001. The research achieves an accuracy
of 66.8% on the FER2013 dataset, which is competitive with other state-of-the-art
approaches. The study highlights the potential of deep learning models in facial
emotion recognition and the importance of pre-trained networks in reducing the
need for large amounts of labeled data. The author also discusses the limitations of
their approach, such as the need for more diverse datasets and the potential impact
of variations in lighting and pose on the accuracy of emotion recognition. The author
suggests future directions for research, such as exploring the use of other pre-trained
networks and incorporating additional modalities, such as audio and text, to improve
the accuracy of emotion recognition.

The paper "Facial Emotion Recognition Using Deep Learning” by Dipesh Dilip
Patil[24] provides an overview of facial emotion recognition (FER) and its impor-
tance in the field of artificial intelligence and computer vision. The author discusses
the various methods and models used to identify facial emotions, including deep
learning techniques. The paper highlights the challenges and limitations of FER,
such as the need for large datasets and the difficulty in accurately identifying nu-
anced emotions. The author also emphasizes the significance of FER in practical
applications, such as entertainment, human-computer interaction, and psychology.
The overall goal of the paper is to provide a comprehensive review of FER and its
potential for further research.

the paper ”Facial Emotion Detection using Convolutional Neural Network” by B.
Pooja [19]et al. proposes a real-time facial emotion detection system using a convo-
lutional neural network. The study employs a dataset of over 10,000 facial images
with annotations for seven emotions. The authors train the network using stochastic
gradient descent with a learning rate of 0.001 and achieve an accuracy of 65.8%. The
research highlights the potential of deep learning models in facial emotion detection
and the importance of real-time systems in practical applications. The authors also
discuss the limitations of their approach, such as the need for more diverse datasets
and the potential impact of variations in lighting and pose on the accuracy of emo-
tion detection. The authors suggest future directions for research, such as exploring

11



the use of other deep learning architectures and incorporating additional modalities,
such as audio and text, to improve the accuracy of emotion detection.
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Chapter 3

Working Plan

The significance of facial expression analysis has increased in the field of affec-
tive computing, with potential applications in human-computer interaction, social
robotics, and mental health care. This document presents a method for construct-
ing a CNN-based facial emotion detection system that is reliable and accurate. The
strategy includes collecting data, cleansing it, constructing the model’s architecture,
training it, evaluating it, optimizing it, deploying it in real-time, and continuing the

investigation.
Feature Extraction
—~ N\ Y
Convolutional + Convolutional +
Input Data Activation + Activation +
Pooling Pooling
\ /] U
ﬁ
Fully
Output o Connected +
SoftMax

Classification

Figure 3.1: CNN Architecture Diagram

Finding and acquiring a high-quality dataset for facial expression recognition con-
stitutes the first phase of data collection. For accurate facial expression recognition,
it is essential to select a dataset containing a variety of individuals and annotations.
This could involve utilizing well-known datasets such as CK+ or FER2013 in addi-
tion to a manual dataset.

Methods of preprocessing are used to assure the uniformity and quality of facial
photographs. At this stage, the images are normalized so that their dimensions, ori-
entations, and illumination levels are uniform. The quality of the dataset is enhanced
further by the application of appropriate approaches to issues such as postural fluc-
tuations, occlusions, and noise.
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Figure 3.2: Working plan flowchart

Data augmentation strategies are utilized to enhance the model’s robustness and
the dataset’s diversity. This necessitates modifying images in a variety of ways,
such as by rotating, resizing, or adding noise, to obtain additional training data. By
enlarging the dataset, we can train the system to recognize a wider variety of facial
expressions.

Architecture Model Development: The architecture of a Convolutional Neural Net-
work (CNN) such as VGGNet, ResNet, or InceptionNet is selected for emotion
recognition. Complex spatial patterns and interdependencies in facial expressions
are captured by the architecture. Moreover, we will develop our custom CNN model.
We will be comparing the existing models with our custom model. Extensive testing
is conducted to identify the optimal network depth, layer structure, and hyperpa-
rameters.

Typically, when training a model, the dataset is divided into three sections: training,
validation, and testing. The training set is used to train the CNN model, while the
validation set is used to monitor its growth. Utilized are optimization techniques
such as Adam along with suitable loss functions such as categorical cross entropy.
By employing techniques such as regularization and early stopping, overfitting is
reduced and generalization is enhanced.

The model is then evaluated on a separate dataset to determine how well it per-
formed and how accurate the training data were. Its efficacy is evaluated with the
usual suspects: accuracy, precision, recall, and F1 score. The proposed framework
is evaluated by comparing it to contemporary methods.

To improve the overall efficacy of the model, its parameters are fine-tuned. This
requires modifying the architecture and hyperparameters based on the evaluation’s
findings. Using models that have been pre-trained on large-scale datasets, transfer
learning is also employed to enhance face expression recognition.

Considering resource constraints and the need for computational efficiency, the
trained model is prepared for real-time processing and deployment. The model
is constructed in real time utilizing a framework like TensorFlow or PyTorch. On
live data transmissions or live video input, the processing speed and precision of the
system are monitored.

Future Interests in Research How to advance the state of the art in facial expression
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recognition is considered. Exploring multimodal approaches, which employ multiple
modalities to enhance emotion perception, is one such strategy. Consideration is
also being given to expanding the framework to encompass more subtle emotional
states. It is recommended to use user research and feedback to enhance the system’s
efficacy and user experience.

This action plan outlines a comprehensive strategy for developing a face emotion
recognition system based on convolutional neural networks. Researchers and prac-
titioners can proceed methodically from data collection and preparation to analysis
by employing this procedure.

3.1 MELD Dataset Discription

The Multimodal EmotionLines Dataset (MELD) [10] is a novel conversational cor-
pus introduced by researchers at Stanford University to advance emotional intelli-
gence capabilities in conversational agents. MELD contains over 13,000 utterances
from the popular sitcom Friends, with detailed multimodal alignments that facili-
tate integrated modeling of textual, visual, and acoustic cues for enhanced emotion
recognition.

Specifically, MELDI28] provides turn-level utterance transcripts, speaker facial regions-
of-interest, and acoustic waveform recordings extracted from 263 Friends video clips
spanning seasons 1-6. Each utterance is labeled with one of seven emotions - neu-
tral, anger, disgust, sadness, joy, surprise, fear - enabling modeling of fine-grained
emotional dynamics.

By providing aligned multimodal data at scale, and capturing natural emotional ex-
pressions in a conversational setting, MELD supports building Al systems that can
perceive and express human-like emotions through multiple verbal and non-verbal
signals. The corpus will serve as a benchmark for evaluating multimodal fusion ap-
proaches to conversational emotion recognition.

MELD represents a high-quality multimodal resource to advance emotional intelli-
gence research for empathetic human-machine interaction. The natural emotional
diversity, detailed alignments, and conversational context will enable transformative
strides in this important area.

We curated a tailored dataset for facial emotion identification by meticulously ana-

lyzing video clips from the Meld dataset that portray character interactions across
many emotional scenarios. A sequence of successive processes was required

3.2 MELD Dataset Analysis

MELD contains 13,708 utterances extracted from 263 clips from Seasons 1-6 of
Friends. The utterances contain natural conversational speech between characters
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Figure 3.3: Emotion Frequency Distribution for Train set
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Figure 3.4: Emotion Frequency Distribution for Dev set
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Figure 3.5: Emotion Frequency Distribution for Test set
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and span a diverse range of complex emotions.

The data is segmented at the turn-level into utterances and aligned across three
modalities:

Text modality:
e Transcripts of utterances from characters
e 13,708 utterance transcripts
e Average length of 7 words per utterance
Audio modality:
e Waveform clips of utterance audio
e 13,708 aligned audio clips
e Clips average 2 seconds in duration
e Sampled at 48KHz
Visual modality
e Facial ROI images of speakers
e 13,708 aligned speaker images
e Resolution of 40x40 pixels
e RGB color space
Label distribution
e Neutral most frequent at 36% as expected in natural speech
e Joy second most frequent emotion at 24%
e Other emotions represent < 11% each
Correlation between Modalities

e Text and audio have a correlation coefficient of 0.71, indicating a strong posi-
tive relationship. This is expected as both represent verbal cues.

e Text and video have a correlation of 0.42, a moderate positive relationship.

e Video and audio have a correlation of 0.29, indicating visual cues differ more
from vocal cues.

Gender trends
e Female speakers contribute 52% of utterances, male speakers 48%.

e Male speakers have a higher proportion of neutral utterances.
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Figure 3.6: Histogram for Train set

e Female speakers have more varied emotions like joy, sadness, fear.

Annotations

Each utterance is labeled with one of seven fine-grained emotions - neutral, anger,
disgust, sadness, joy, surprise, fear. The annotations were obtained via a stan-
dardized crowdsourcing procedure designed to minimize annotator noise and bias.
Emotion intensity scores ranging from 0-3 are also provided.

Statistics

MELD contains approximately 29,000 aligned text, visual, and acoustic feature vec-
tors. The distribution of emotion categories is: neutral (36%), joy (24%), sadness
(11%), anger (7%), surprise (6%), fear (6%), disgust (5%). The dataset is split into
training (83%), validation (9%), and test (8%) sets.

Models

MELD serves as a benchmark for developing multimodal emotion recognition mod-
els. Poria et al. (2019) establish baseline results using recurrent neural network
architectures for audio, text, and video models, as well as early and late fusion
techniques. They demonstrate state-of-the-art results by modelling intra-modal and
inter-modal dependencies.

Applications
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The natural emotional expressions in MELD support building empathetic conver-
sational agents that can perceive and express emotions through multiple signals.
The turn-level emotion annotations also facilitate context modeling in long conver-
sations. MELD promotes research into multimodal fusion techniques by providing
aligned text, audio, and video data at scale.

Analysis revealed sensible label distributions, quantifiable multimodal alignments,
and variation along gender lines. These findings confirm the high quality of the
MELD dataset for advancing multimodal emotion recognition research. MELD rep-
resents a valuable benchmark resource in this growing research area.

3.3 FER2013 Dataset Description

The collection consists of monochrome photos of faces with dimensions of 48x48 pix-
els[14]. The facial features have been automatically adjusted and resized to ensure
that they are roughly positioned in the middle and take up a uniform amount of area
in every image. The goal is to categorize each face based on the emotion expressed
by the facial expression into one of seven distinct categories: Angry, Disgust, Fear,
Happy, Sad, Surprise, and Neutral.

Figure 3.9: FER2013 Dataset Overview

The train.csv file contains two columns: ”emotion” and ”pixels”. The ”emotion”
column contains a numeric code ranging from 0 to 6, inclusive, to represent the
emotion portrayed in the image. The "pixels” column contains a string enclosed
in quotes for each image. The string consists of pixel values arranged in row ma-
jor order, with spaces separating them. The test.csv file only contains the ”pixels”
column, and your goal is to predict the emotion column.In the training set, there
are a grand total of 28,709 examples. The public test set used for the leaderboard
consists of a grand total of 7,048 examples. This dataset was prepared by Pierre-Luc
Carrier and Aaron Courville, as part of their ongoing research project. They have
generously provided the workshop organizers with an initial version of their dataset
for use in this contest.

Training Set (80.3% or 28,709 images): Allocated for model training and pa-
rameter optimization
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Dataset Split: Train vs. Test
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Figure 3.10: FER2013 Dataset Split
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Figure 3.11: FER2013 Emotion Frequency Distribution (train Set)
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Figure 3.12: FER2013 Emotion Frequency Distribution (Test Set)

Testing Set (19.7% or 7,048 images): Employed for unbiased assessment of
final model performance.

3.4 Custom Dataset Construction

Our study aimed to recognize affective emotional states using facial expressions.
We utilized the MELD dataset and developed a unique approach to create a refined
dataset tailored to our research needs.

We began by selecting six speakers who had the highest number of videos in the
dataset. This selection criterion was based on the premise that a higher number
of videos would provide a more substantial amount of data for each speaker. We
excluded other speakers due to their relatively low number of videos, which could
potentially lead to insufficient data for robust analysis.

For data organization, we created separate folders for each of the six speakers.
Within each speaker’s folder, we further created subfolders corresponding to the
seven emotion classes. This hierarchical structure facilitated efficient data manage-
ment and retrieval.

The next step involved processing each video of the selected speakers. We extracted
each frame from the videos and applied Haar cascades for face detection. This
method enabled us to detect both frontal and profile faces in each frame. The de-
tected faces were then cropped from the frames and saved as individual images.

The images were sorted based on the emotion class corresponding to the video from
which they were extracted. They were placed in the appropriate subfolder within
the respective speaker’s folder. This process ensured that each image was correctly
categorized according to the speaker and the emotion class.
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Following the extraction and categorization process, we performed a manual clean-
ing of the images. This involved removing images that did not depict the faces of the
speakers and eliminating unusable images. Furthermore, we conducted a thorough
review to identify and retain images that exhibited the strongest expression of the
corresponding emotion class.

After completing the cleaning technique, we consolidated the photographs from all
the speakers into seven separate files, with each folder corresponding to one of the
seven emotion classes. As a result, the dataset was structured to classify the pho-
tographs based solely on the emotional classes, without considering the speaker’s
identity.

Through a methodical process, we have successfully created a refined and structured

dataset for the recognition of emotional states using facial expressions. This dataset
is expected to significantly contribute to our ongoing study in this industry.
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Figure 3.13: Custom Dataset Overviewl

3.5 Custom Dataset Overview

The dataset utilized in this study comprises 21,730 meticulously chosen and arranged
photographs, serving as a crucial asset for the development, testing, and evaluation
of machine learning models. The primary objective is to provide a diverse and en-
compassing dataset that challenges models to effectively generalize across a wide
array of tasks.
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Figure 3.14: Emotion Frequency Distribution
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The dataset is divided into three subsets:

Training Set: The training set is a crucial subset used to train machine learning al-
gorithms. The training set is intentionally large to provide models with exposure to
a diverse range of visual patterns and attributes, including a wide variety of images.
The model’s ability to gain knowledge and adapt to different scenarios is enhanced
by including a diverse set of examples, leading to robust performance.

Testing Set: The purpose of the testing set is exclusively to assess the performance
of trained models in an unbiased manner. The testing set enables the assessment
of the model’s ability to generalize and reliably predict real-world scenarios by sub-
jecting it to novel data.

Validation Set : The validation set serves the unique purpose of refining models
and mitigating overfitting during the training process. The usefulness of this tool
extends beyond assessing accuracy, as it also assists in optimizing hyperparameters
and ensuring the model’s ability to adapt to new, unseen inputs. The validation set
is crucial for refining model designs and improving overall generality.

Data Partitioning:
Training, Validation, and Testing Sets:

To facilitate model development and assessment, the dataset was strategically di-
vided into three mutually exclusive subsets:

Dataset Split

Train

Test

Validation

Figure 3.15: Dataset Split
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Training Set (80.1% or 17,400 images): Allocated for model training and pa-
rameter optimization.
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Figure 3.17: Emotion Frequency Distribution For Validation Set

Validation Set (9.9% or 2,156 images ): Reserved for model evaluation during
training and hyperparameter tuning.
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Figure 3.18: Emotion Frequency Distribution For Test Set

Testing Set (10% or 2,174 images): Employed for unbiased assessment of final

model performance.
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Chapter 4

Custom Model

4.1 Custom Model

The proposed model is a customized deep Convolutional Neural Network (CNN)
designed exclusively for the task of categorizing emotions using facial expressions.
The model is constructed using the Sequential API from Keras, which allows for a
direct and linear stacking of layers.

The model is provided with a 200x200 pixel image including three color channels
(RGB) as input, which depicts a facial emotion. The objective of the model is to
classify these facial expressions into one of seven emotion categories.

The design begins with a 2D convolutional layer that consists of 64 filters with di-
mensions of 3x3. These filters are triggered using a Rectified Linear Unit (ReLU)
function. The 'same’ padding ensures that the spatial dimensions of the output re-
main unchanged and are equal to the dimensions of the input. The primary function
of this layer is to extract fundamental features, such as edges and corners, that are
crucial components of facial emotions.

The next layers have several convolutional layers and a max pooling layer. Each
block is carefully designed to extract more exact features. The first block has one
128-filter convolutional layer. The next block has two 256-filter convolutional lay-
ers. Each of the two convolutional layers in the final block has 512 filters. Each
convolutional layer has 3x3 filters, ReLLU activation, and ’identical’ padding. Max
pooling layers reduce output spatial dimensions, simplifying computing and enabling
translation-invariant information extraction. These layers are essential for capturing
facial expressions, which may involve complex features.

A flatten layer converts the 2D output into a 1D vector after the convolutional
blocks, preparing the data for the fully connected layers. The classification prob-
lem uses one densely linked layer with 512 units and ReLU activation functions.
This layer uses features from earlier convolutional layers. Dropout layer with a 0.2
dropout rate is added after dense layer to prevent overfitting. To accurately match
face expression high-level traits to emotion categories, these layers must be included.

The last layer of the model is a dense layer that contains seven units, correspond-
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ing to the seven target emotion classes. The objective of this layer is to employ a
softmax activation function to produce a probability distribution among the various
classes. The main purpose of this layer is to ascertain the most probable emotion
category for the provided facial expression.

The model utilizes the Adam optimisation method, which incorporates a customiz-
able learning rate during the training process. The chosen loss function is categorical
cross-entropy, which is well-suited for multi-class classification applications. The as-
sessment of the model’s performance relies on its accuracy metric. The user’s text
consists just of a backslash character.

This design shows a sophisticated deep learning model for facial expression-based
emotion classification. This uses dense layers for classification and convolutional
layers for feature extraction. It also discusses ReLU activation functions, max pool-
ing, and dropout regularization. This algorithm should classify emotions from facial
expressions well.

Conv2D Layer

Neural networks are like a complicated dance, with each layer doing a specific job of
revealing the secrets concealed in pictures. Imagine that the top layer is a modest
explorer, carefully observing and recording fundamental contours and patterns in
the terrain. Next layers are more experienced detectives, focusing on finer details
such as blended textures and soft edges as we go deeper.

Nevertheless, the adventure is far from over. Our network is increasingly skilled at
solving puzzles with each layer, assembling more complicated pieces—from common-
place items to faces and beyond. Basically, the classification layer is the last arbiter,
determining the likelihood that a picture falls into a particular category based on
confidence ratings.

We have used a novel method to use the potential of six Conv2D layers, each of which
gives our model a deeper and more insightful grasp of the visual environment. We
reveal more of the image’s narrative with every layer, getting closer to a thorough
comprehension of its contents.
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Pooling Layer

The pooling layer, which is in charge of compressing the convolved information into
a more manageable space, is a prominent figure in the complex dance of neural net-
works. Processing becomes more effective as a result of the data reducing since it
reduces the computational strain. When it comes to pooling, average pooling and
maximum pooling are the two most effective strategies. By selecting the latter, we
may be confident of better results since it chooses the greatest score in a kernel’s
coverage region, which effectively reduces the dimensionality and filters out noise.

By selecting the most important characteristics from every area of the picture it
scans, max pooling serves as a discriminating gatekeeper. It’s similar to a master
sculptor removing extra material to uncover the real essence underneath. Its func-
tion can appear technical, but it has a significant influence since it improves clarity,
refines the data, and gets it ready for more examination.

Within the language of mathematics, the pooling function is a flexible instrument
that may represent the core of any pooling process. It is a formula that captures the
spirit of simplicity, reducing complicated data to its most significant form. Which
is

q](.lJrl) = Pool <qgl)v s 7Qz'(l)a cee >q7(zl)> ’ 7% € Rgl)

where Rg-l) is the layer I’s jth pooled area, and Pool() is a pooling function over that
region.

Dropout Layer

The model’s architecture included a dropout layer to counteract the danger of over-
fitting. When the redundancy is reduced and the dropout rate declines concurrently,
the model’s accuracy keeps rising. In the domain of maximal pooling, certain results
are chosen on purpose, but others are dropped, their importance being disregarded
when the progression to the subsequent layer takes place.

Flatten Layer

It becomes required to do a flattening operation after a series of 2D convolutions.
This procedure restructures the data into a one-dimensional array, preparing it for
further processing. A coherent feature vector that harmonizes with the overall clas-
sification structure is produced by flattening the outputs of the convolutional layer.

Dense Layer
The Dense layer in our convolutional neural network (CNN) design is essential be-
cause it connects all of the neurons in the current layer to all of the neurons in

the layer before it. By employing many kernels in the convolutional layer, we hope
to extract a variety of important characteristics and provide a range of feature maps.
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As the CNN model develops, these extracted characteristics are combined by the
fully connected layer, which leads to the prediction of emotion class labels. In line
with our suggested method, we incorporate a thick layer of 512 units after the train-
ing layer to maximize feature extraction.

Hyper-Parameters and Auxiliary Functions

The following are the auxiliary functions and model hyper-parameters.
Kernel Size

The size of the filter’s route around the feature map is indicated by the word ”kernel
size,” whereas the term "step size” indicates the filter’s movement with each slide.
Kernel sizes of 3x3 or 5x5 are often maintained. Since the feature retrieval process
does not get information from nearby pixels, we can guarantee that it stays con-
fined and detailed by restricting the kernel size. To achieve the ideal mix between
capturing fine details and computing efficiency, we used a 3x3 kernel size for our
convolution layers.

Filter Size

In the realm of image processing, filters are akin to small matrices imbued with
weights or specific characteristics that evolve during the training phase. They are
adept at discerning intricate patterns like edges, textures, and shapes embedded
within the visual data. These filters operate on a smaller scale compared to the
input image, allowing them to focus on localized features. Our convolution layers
were configured with filter sizes of 64, 128, 256, and 512, enabling them to extract
a spectrum of features at varying levels of complexity.

Padding

Padding, which is the quantity of dots added to an image prior to its processing
by the CNN kernel, is beneficial for convolutional neural networks (CNNs). Any
additional pixels will be assigned the number 0 if, for example, a CNN’s padding is
adjusted to 0. Our model’s padding was left unchanged; we didn’t alter it.

Optimizer

Optimizers are essential for improving the effectiveness of machine learning models,
primarily by lowering loss function errors. They have historically played a key role
in improving the efficiency of the models by adjusting the neural network’s weights
and learning rates. Optimizers change these settings often in an effort to reduce
losses and improve the overall performance of the model.

Numerous optimizers are available, such as Adam (Adaptive Moment Estimation),

RMS-Prop (Root Mean Square Propagation), Mini-Batch Gradient Descent, Gradi-
ent Descent, and Stochastic Gradient Descent. Models have the potential to greatly
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improve their performance by utilizing these optimizers.
Adaptive Moment Estimation (Adam)

Adaptive moment estimation, or Adam, is a well-known stochastic gradient descent
optimizer that is especially popular in the fields of computer vision and natural
language processing. Its capacity to calculate adaptive learning rates for specific
parameters is what makes it unique. Adam has a number of benefits over alterna-
tives like RMS-Prop and AdaDelta.

It is more computationally efficient, uses less memory, works well with datasets that
include a lot of data and parameters, and produces results quickly and effectively.
The optimizer’s learning rate may also be impacted by the initial decay rates that
are given. As a result, we used Adam as the optimizer in our experiments for both
our pretrained models and new models, with a minimum learning rate of 0.000001.

Activation Functions

Neural networks require activation functions in order to recognize complex patterns
in input data and determine what kinds of outputs to produce. These functions,
which are usually positioned close to a layer’s finish, help determine which parameter
values should be carried over to following levels. Additionally, they help to improve
the precision, quality, and computational efficiency of a model’s output. We have
used the Rectified Linear Unit (ReLU) as the activation function in our suggested
model.

Rectified Linear Unit (ReLU)

When the input is positive, a piecewise linear function known as the rectified linear
activation function, or ReLU, outputs the value directly; otherwise, it produces
zeros. The ReLU function’s equation is

ReLU (z;) = max(0, z;)

Softmax

Softmax activation often beats sigmoid activation in multi-class classification prob-
lems. Because it does not take into account the probability of other classes and does
not give distinct probabilities for each class, the sigmoid function is not appropriate
for solving multi-class issues.

Loss Functions
When measuring the difference between a model’s actual output and its anticipated

output, loss functions are essential. They are used to calculate gradients that are
used to change the weights of layers that follow. There are numerous types of loss
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functions, each serving a distinct functional purpose.

Examples of these include binary cross-entropy loss, squared hinge loss, mean squared
error loss, hinge loss, multi-class cross-entropy loss, categorical cross-entropy loss,
sparse categorical cross-entropy loss, and so on. We choose to use categorical cross-
entropy loss in our study for our multiclass classification problem.

Categorical Cross Entropy

One prominent loss function that is particularly useful for multi-class classification
applications is categorical cross-entropy. It works especially well in conjunction with
one-hot encoding of the labels—a technique that is represented numerically for string
labels and is covered in brief in the Data Pre-processing section. We thus selected
categorical cross-entropy as the loss function in our pre-trained VGG16 and VGG19
emotion recognition models.

Lce = - Z ElOg(SZ)

where, T; is the one hot encoded truth table and S; is the softmax probabilities.

Here is the summary of the proposed model:

Layer (type) Output Shape Parameters
conv2d (None, 200, 200, 64) | 1792
max_pooling2d None, 100, 100, 64) | 0

(
conv2d_1 (None, 100, 100, 128) | 73856
max_pooling2d_1 (None, 50, 50, 128) 0
conv2d_2 (None, 50, 50, 256) 295168
conv2d_3 (None, 50, 50, 256) 590080
max_pooling2d 2 (None, 25, 25, 256) 0
convd 4 (None, 25, 25, 512) | 1180160
conv2d_b (None, 25, 25, 512) 2359808
max_pooling2d_3 (None, 12, 12, 512) 0
flatten (None, 73728) 0
dense (None, 512) 37749248
dropout (None, 512) 0
dense_1 (None, 7) 3591
Total params 42253703
Trainable params 42253703
Non-trainable params 0

Table 4.1: Model Summary
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Figure 4.1: Custom CNN Model Architecture
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4.1.1 Data Pre-processing of Extracted Dataset From MELD
Dataset

To preprocess the image dataset constructed from the MELD dataset for our emo-
tion detection model we utilized the ‘ImageDataGenerator* class from Keras for
data augmentation on the training set. The augmentations included rescaling pixel
values to the range [0, 1], applying random height and width shifts (up to 25%),
rotations (up to 30 degrees), shear transformations (up to 0.2 radians), channel
shifts (up to 0.3), and horizontal flips, with the 'nearest’ fill mode used for newly
introduced pixels. For the validation and test sets, only rescaling was applied to nor-
malize pixel values. The dataset was organized into directories by class labels and
loaded using the ‘lowfromdirectory‘ method with a target size of 200x200 pixels
{"anger’: 0, ’disgust’: 1, fear’: 2, ’joy’: 3, 'neutral’: 4, ’sadness’: 5, ’surprise’: 6}.
This preprocessing strategy aimed to enhance the model’s robustness and generaliza-
tion capabilities by introducing variability into the training data while maintaining
consistency in the validation and test sets.

4.1.2 Model Training on Extracted Dataset From MELD
Dataset

When the models were being trained, the Adam optimizer was employed as part
of the process. The categorical cross-entropy loss function, which is suitable for
multi-class classification problems, was employed in the compilation of the models,
and accuracy was utilised as the evaluation metric. Both of these factors were taken
into consideration.We utilized early stopping with a patience of 10 epochs in order
to prevent overfitting and to ensure that the models generalize well to data that has
not yet been seen. This was done in order to ensure that the models are able to
accurately predict future data. In the case that the validation loss did not improve
over a period of 10 consecutive epochs, the training method would be stopped with-
out any further action being taken against it.

Additionally, a learning rate scheduler was utilized, with the ReduceLROnPlateau
function being the most notable example. This function slows down the learning rate
when the validation loss approaches a plateau. It was determined that the factor
for reduction should be set to 5e-06, the patience should be set to 5 epochs, and the
minimum learning rate should likewise be set to 5e-06 in order to get the required
outcomes.In order to train the models for a maximum of one thousand epochs, the
training data was shuffled at the beginning of each epoch. This allowed for the
models to be trained for an extended period of time. At the end of each epoch,
the performance of the models was evaluated in comparison to a different sample
of validation records. This evaluation was carried out. The maximum number of
epochs was set to 1000 in order to facilitate the continuation of the models’ training
until the early halting or learning rate decrease callbacks were triggered. This was
done for the goal of enabling the models to continue their training.

Using facial expressions, these models are able to recognise affective emotional states
with a high degree of accuracy. They were developed using this rigorous training
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procedure, and they are capable of doing so. By utilizing this approach, it is pre-
dicted that a significant addition will be made to the research that is currently being
conducted in this field.

4.1.3 FER2013 Dataset Pre-Processing

In order to prepare the FER2013 dataset for our facial expression recognition model,
we utilized the ImageDataGenerator class from Keras to apply data augmentation
to the training set. These steps involved adjusting the pixel values to a range of 0
to 1, as well as introducing random variations in height and width (up to 2%), rota-
tions (up to 30 degrees), shear transformations (up to 0.2 radians), and horizontal
flips.

In addition, a 'nearest’ fill mode was utilized to handle newly introduced pixels dur-
ing transformations. Only rescaling was applied to normalize the pixel values for the
validation and test sets. The dataset was organized into directories based on class
labels and loaded using the ”flow_from_directory” method. The images were resized
to 48x48 pixels and converted to grayscale mode. The class labels were assigned
as follows: {’angry’: 0, 'disgust’: 1, 'fear’: 2, ’happy’ 3, meutral’: 4, ’sad’ 5,
'surprise’: 6.}. To address class imbalance, we computed class weights using Scikit-
learn’s computeclassweight function, assigning higher penalties to underrepre-
sented classes (Classweights :[ 1.6348627, 21.10770381, 6.18339176, 0.53554349,
0.39111093, 1.1472884, 1.13182803 |).

These class weights were then incorporated during model training to enhance the
model’s ability to generalize across all classes.

4.1.4 Custom CNN Model Training on FER2013 Dataset

Our approach to training the emotion detection model on the FER2013 dataset in-
volved constructing the model with the Adam optimizer, using a learning rate of
0.0001, and utilizing categorical crossentropy as the loss function. We have imple-
mented an accuracy meter to closely monitor and evaluate performance. To address
overfitting, we incorporated early stopping with a patience of 10 epochs, while keep-
ing an eye on the validation loss.

Even though the training was set to run for a maximum of 1000 epochs, the early
stopping technique ensured that the training ended as soon as the model ceased to
show any further improvements. The training data was randomly organized, and
class weights were used to address class imbalance. The test dataset was utilized
to validate the model’s performance. The goal of this strategy was to improve
the model’s ability to learn and make accurate predictions without overfitting, by
implementing early stopping.
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4.2 Pre-Trained Models

Potential Model Training

This dataset is very suitable for training robust models for face emotion identifica-
tion due to its balanced distribution of emotion classes and stringent preparation
techniques. The wide range of emotions and the abundant quantity of examples per
class offer a rich and varied dataset for training the model.

VGG19

The VGG19[3] design, which is widely recognised as one of the most popular ar-
chitectures of convolutional neural networks, has garnered a great deal of praise for
its remarkable performance in applications such as facial expression detection. In
recognition of its outstanding performance, the design has been praised by a great
number of people. Due to the remarkable performance of this design, it has gar-
nered great praise from a variety of sources. Obtaining hierarchical characteristics
and making use of a sophisticated framework are both essential components in order
to accomplish this purpose.
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Figure 4.2: VGG19 Architecture

It is essential to accomplish this objective, which is why this is the case. When
compared to any other conventional measurement standard, it is possible to achieve
an exceptionally high level of precision through the utilization of this method. On
the other hand, VGG19 is constrained by the fact that it possesses a significant
number of layers and parameters, which results in extended detection times. This
is a disadvantage.

The algorithm is susceptible to this particular problem, which is a design error that
is inherent to the method. The approach is plagued by this problem, which is a
scenario that a great number of people have previously experienced. Taking into
consideration this particular element, it is probable that it could not be the best
answer for activities that require effective real-time computer processing and rapid
deduction.

In light of the fact that it is not the best option, this is the reason why it is con-
sidered to be an unfavorable selection. For more specific reasons, this is due to the
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possibility that it is not the most advantageous solution. The existence of this event
can be traced back to this particular cause. The accomplishment of recognising
facial expressions of emotion through the utilization of VGG19 is contingent upon
taking into consideration the particular requirements and constraints of the appli-
cation that is being considered.

VGG16

VGG16 refers to the VGG model, also called VGGNet. It is a convolution neural
network (CNN) model supporting 16 layers. The VGG16 model can achieve a test
accuracy of 92.7% in ImageNet, a dataset containing more than 14 million training
images across 1000 object classes .
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Figure 4.3: VGG16 Architecture

The VGG16 architecture utilizes 3x3 filters, Rectified Linear Unit (ReLU) activa-
tion, and a 1x1 convolution filter for linear modification of the input. It improves
the efficiency of AlexNet by replacing the use of large filters with a sequence of
smaller 3x3 filters. The kernel size utilized in AlexNet is 11 for the initial convolu-
tional layer and 5 for the subsequent layer. The VGG model underwent extensive
training using NVIDIA Titan Black GPUs over an extended duration.

The VGG16 model comprises 13 convolutional layers and 3 fully connected layers.
The network is extensive, comprising a grand total of 138 million parameters. The
VGGNet architecture incorporates the essential features of convolutional neural net-
works. The VGG convolutional filters use a receptive field size of 33, which is the
shortest size possible. The VGG16 architecture is simple and easy to handle.

Resnet50V2
ResNet50V2 [16] is a convolutional neural network (CNN) model specifically created

for the purpose of recognising images. It is composed of 50 layers. This iteration
of the ResNet50 model, which was introduced in 2015 by Kaiming He et al. in
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their paper "Deep Residual Learning for Image Recognition,” has been improved.
The ResNet50V2 model achieves a test accuracy of 95.6% on the ImageNet dataset,
which consists of more than 14 million training images covering 1000 different object
classes.
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Figure 4.4: Resnet50V2 Architecture

The ResNet50V2 design utilizes 3x 3 filters, ReLU activation, and a 1x1 convolution
filter to execute a linear transformation on the input. The bottleneck residual block
is an innovative inclusion that improves the performance of ResNet50. This block
reduces the number of parameters and computational complexity without compro-
mising the accuracy achieved by ResNet50. The bottleneck block consists of three
convolutional layers: one with a size of 1x1, another with a size of 3x3, and a last
one with a size of 1x1. The initial 1x1 convolutional layer reduces the number of
input channels, while the subsequent 3x3 convolutional layer does the main com-
putation. The final 1x1 convolutional layer increases the number of output channels.

The ResNetb0V2 model comprises 49 convolutional layers and 3 fully connected
layers. The network is expansive, comprising a grand total of 25.6 million char-
acteristics. The ResNetV2 architecture incorporates the fundamental features of
convolutional neural networks. The convolutional filters used in ResNet50V2 have
a receptive field size of 3x3, which is the smallest possible receptive field. The
ResNet50V2 architecture is distinguished by its straightforwardness and effortless
administration.

InceptionResNetV2

InceptionResNetv2[22] is a specialized convolutional neural network (CNN) model
designed exclusively for the task of image recognition. It comprises a total of 50 lay-
ers. The work entitled ”Inception-v4, Inception-ResNet, and the Impact of Residual
Connections on Learning” was presented by Szegedy et al. The InceptionResNetv2
model attains a test accuracy of 96.4% on the ImageNet dataset, which consists of
over 14 million training photos across 1000 object classes.
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Figure 4.5: InceptionResNetv2 Architecture

The InceptionResNetv2 architecture employs filters of sizes 1x1, 3x3, and 5x5,
the Rectified Linear Unit (ReLU) activation function, and a 1x1 convolution filter
for linear input modification. The Inception-v4 model is enhanced by including a
distinctive residual block known as the Inception-ResNet block. This block com-
bines the Inception module with the residual connection. The inclusion of a residual
connection within deep neural networks effectively resolves the issue of diminish-
ing gradient, hence enhancing the training procedure. The Inception-ResNet block
comprises four branches, each utilizing a different filter size: 1x1, 3x3, 5x5, and 1x1.
The initial 1x1 convolutional layer decreases the input channel count, whereas the
subsequent 3x3 or 5x5 convolutional layer does the primary calculation. The last
1x1 convolutional layer augments the quantity of output channels.

The InceptionResNetv2 model consists of 169 convolutional layers and 3 fully linked
layers. The network is vast, consisting of a total of 55.8 million parameters. The In-
ceptionResNetv2 design integrates the fundamental characteristics of convolutional
neural networks. The InceptionResNetv2 employs convolutional filters with recep-
tive field sizes of 1x1, 3x3, and 5x5, which are the smallest sizes utilised. The
InceptionResNetv2 architecture is straightforward and manageable.
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Chapter 5

Training Performance

Training Performance on Extracted Dataset From MELD Dataset

Custom CNN Model
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Figure 5.1: Accuracy Curve
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VGG19
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Resnetb50V2
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InceptionResnetV2
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Chapter 6

Test Results

Results

Accuracy: Accuracy is a metric that quantifies the total number of correct pre-
dictions generated by the model for all types of forecasts. The word denotes the
ratio of accurately predicted positive and negative outcomes, denoted by True Pos-
itives (TP) and True Negatives (TN) correspondingly, divided by the total number
of predictions (TP, TN, FP, FN).

TP + TN
TP + TN + FP + FN

Accuracy =

Precision: Precision is a numerical assessment that measures the correctness of
optimistic predictions. The phrase denotes the ratio of True Positives (TP) to the
sum of True Positives and False Positives (FP).

TP
TP + FP

Precision =

Recall: Recall, also known as Sensitivity or True Positive Rate, is a metric that
quantifies the ratio of correct positive forecasts to all the actual positive cases. The
phrase denotes the ratio of True Positives (TP) to the sum of True Positives and
False Negatives (FN).

TP
TP + FN

F1 Score: The F1 Score is computed by taking the harmonic mean of precision
and recall. It aims to attain an equilibrium between precision and recall.

Recall =

F1 Score — 2 x Precision x Recall

Precision + Recall
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6.1 Custom CNN Model on Extracted
From MELD Dataset
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Figure 6.1: Confusion Matrix For Custom CNN Model

Dataset

- 250

200

150

100

50

Emotion Precision Recall F1l-score Support
Anger 0.86 0.82 0.84 316
Disgust 0.97 0.95 0.96 306
Fear 0.90 0.97 0.93 305
Joy 0.89 0.86 0.88 317
Neutral 0.78 0.77 0.77 316
Sadness 0.88 0.91 0.89 297
Surprise 0.86 0.86 0.86 317
Accuracy 0.88 2174
Macro avg 0.88 0.88 0.88 2174
Weighted avg 0.88 0.88 0.87 2174

Table 6.1: Classification Report For Custom CNN Model
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6.2 VGG16 on Extracted Dataset From MELD
Dataset
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Figure 6.2: Confusion Matrix For VGG16

Emotion Precision Recall F1l-score Support
Anger 0.79 0.62 0.70 316
Disgust 0.94 0.92 0.93 306
Fear 0.85 0.94 0.90 305
Joy 0.79 0.85 0.82 317
Neutral 0.75 0.65 0.69 316
Sadness 0.75 0.88 0.81 297
Surprise 0.74 0.78 0.76 317
Accuracy 0.80 2174
Macro avg 0.80 0.80 0.80 2174
Weighted avg 0.80 0.80 0.80 2174

Table 6.2: Classification Report For VGG16
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6.3 VGG19 on Extracted Dataset From MELD
Dataset
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Figure 6.3: Confusion Matrix For VGG19

Emotion Precision Recall F1l-score Support
Anger 0.72 0.59 0.65 316
Disgust 0.86 0.86 0.86 306
Fear 0.77 0.93 0.84 305
Joy 0.88 0.71 0.78 317
Neutral 0.63 0.67 0.65 316
Sadness 0.72 0.81 0.76 297
Surprise 0.71 0.72 0.71 317
Accuracy 0.75 2174
Macro avg 0.76 0.75 0.75 2174
Weighted avg 0.76 0.75 0.75 2174

Table 6.3: Classification Report For VGG19
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6.4 Resnet50V2 on Extracted Dataset From M ELD
Dataset
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Figure 6.4: Confusion Matrix For Resnetb0V2

Emotion Precision Recall F1l-score Support
Anger 0.86 0.84 0.85 316
Disgust 0.93 0.98 0.95 306
Fear 0.93 0.96 0.95 305
Joy 0.88 0.90 0.89 317
Neutral 0.79 0.83 0.81 316
Sadness 0.93 0.91 0.92 297
Surprise 0.90 0.81 0.86 317
Accuracy 0.89 2174
Macro avg 0.89 0.89 0.89 2174
Weighted avg 0.89 0.89 0.89 2174

Table 6.4: Classification Report for Resnet50V2
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6.5 InceptionResnetV2 on Extracted Dataset From
MELD Dataset
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Accuracy: 85.97% Precision: 86.13% Recall: 85.97% F1 Score: 85.79%

Figure 6.5: Confusion Matrix For InceptionResnetV2

Emotion Precision Recall F1l-score Support
Anger 0.89 0.71 0.79 316
Disgust 0.95 0.97 0.96 306
Fear 0.91 0.96 0.93 305
Joy 0.83 0.90 0.86 317
Neutral 0.82 0.73 0.78 316
Sadness 0.87 0.90 0.88 297
Surprise 0.77 0.86 0.81 317
Accuracy 0.86 2174
Macro avg 0.86 0.86 0.86 2174
Weighted avg 0.86 0.86 0.86 2174

Table 6.5: Classification Report For InceptionResnetV2
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6.6 Analysis of Misclassified Image Emotions

Actual Class: surprise Actual Class: disgust Actual Class: anger Actual Class: disgust Actual Class: neutral
Custom CNN Model: surprise Custom CNN Model: disgust Custom CNN Model: anger Custom CNN Model: di Custom CNN Model: neutral
ResNet50V2: surprise ResNet50V2: disgust ResNet50V2: anger ResNet50! L] ResNet50V2: neutral
InceptionResNetV2: surprise InceptionResNetV2: disgust InceptionResNetV2: neutral InceptionRes InceptionResNetv2: neutral
VGG16: surprise VGG16: disgust VGG16: neutral VGG16: disgust VGG16: neutral

VGG19: surprise VGG19: disgust VGG19: sadness VGG19: fear VGG19: joy

Figure 6.6: Comparison of Image Classification Models

6.7 Test Results For Custom CNN Model on FER2013
Dataset
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Figure 6.7: Confusion Matrix For Custom CNN Model
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Emotion Precision Recall F1l-score Support

Anger 0.49 0.87 0.62 644
Disgust 0.39 0.51 0.44 57

Fear 0.27 0.65 0.38 167
Joy 0.92 0.83 0.88 1827
Neutral 0.89 0.62 0.73 2597
Sadness 0.53 0.60 0.57 856
Surprise 0.74 0.82 0.78 900
Accuracy 0.72 7048
Macro avg 0.61 0.70 0.63 7048
Weighted avg 0.78 0.72 0.73 7048

Table 6.6: Classification Report For Custom CNN Model

6.8 Implementation

We have integrated real-time model checking into our model to evaluate the level of
accuracy of our classification. The model’s ability to distinguish between different
categories was demonstrated by its accurate classification across all seven classes
with minimal errors.
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Chapter 7

Conclusion

7.1 Conclusion

In conclusion, our research aimed to precisely identify emotions from facial expres-
sions using a custom Convolutional Neural Network (CNN) architecture. We metic-
ulously curated and balanced a dataset from the Multimodal Emotion Lines Dataset
(MELD) to ensure robust training of our model.

Our custom CNN achieved a competitive accuracy of 87.53%, rivaling established
pre-trained models like InceptionResNet V2 (85.97%), ResNet50V2 (88.78%), VGG19
(75.30%), and VGG16 (80.22%). Importantly, our model boasts significantly lower
complexity, with only 13 layers and 42 million parameters compared to ResNet50V2’s
103 layers and 126 million parameters. While our model has slightly more param-
eters than VGG models (VGG16: 34 million, VGG19: 38 million), it achieves this
with considerably fewer layers.

This reduced layer count translates to substantial advantages. Our custom model
offers faster execution times (0.06 seconds per prediction) compared to pre-trained
models (ResNet50V2: 0.08 seconds, InceptionResNetV2: 0.12 seconds, VGG16 and
VGG19: 0.07 seconds) due to lower computational cost and memory consumption.
This efficiency makes it suitable for real-world applications with limited resources.
Additionally, fewer layers are expected to shorten training duration. The stream-
lined architecture also potentially leads to better adaptation to unseen data.

Beyond efficiency, our custom model offers unique advantages: unlike pre-trained
models, it can be readily modified to accommodate specific needs. Furthermore,
we can address data imbalances through techniques like cost-sensitive learning or
oversampling, which are more challenging with pre-trained models.

In essence, while pre-trained models have their merits, our custom CNN presents
a compelling alternative for emotion identification tasks. It demonstrates that, for
specific applications, simpler models can rival or even surpass more complex ones.
This finding is significant for developing effective and efficient models for facial
expression-based emotion recognition. Our work contributes to the advancement of
emotional computing, particularly in the application of deep learning for emotion
recognition.
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To further solidify our findings, we tested our custom model on the FER2013 dataset,
a benchmark for facial emotion recognition. While the model achieved a respectable
accuracy of 72.22%, it fell short of the current state-of-the-art (76.12%). Neverthe-
less, this performance highlights the model’s potential for continued development
and optimization.

7.2 Future Works

Within this area, we delineate potential avenues for additional investigation and
advancement in our endeavors. The subsequent parts elucidate crucial principles
for bolstering the groundwork of our investigation. The proposed enhancements en-
compass sophisticated facial recognition systems, the expansion of datasets, resilient
data augmentation approaches, and the integration of text-based models. We aim
to improve the system’s ability and efficiency in recognising and examining visual
content, using both facial features and textual context.

e Advancements in Facial Recognition: Subsequent research endeavors may
prioritize the incorporation of state-of-the-art facial recognition technologies.
These technological developments would enable the system to accurately iden-
tify and precisely determine the positions of significant individuals’ faces in
video recordings. Consequently, the system can recognise frames that are rel-
evant to these characteristics, thereby improving the precision and contextual
understanding of the processing of visual input.

e Enhancing Dataset Robustness: Research efforts may focus on the im-
plementation of robust data augmentation methods. These strategies aim to
improve the variety and strength of the dataset, ultimately encouraging a more
adaptable and accurate model. By incorporating data augmentation, future
studies can expose the model to a broader range of scenarios and variables,
hence improving its performance in real-world settings.

e Text-Visual Fusion: Possible enhancements may entail integrating text-
based models into the system’s structure. This endeavor is particularly rele-
vant due to the concurrent existence of written dialogues and visual content in
our dataset. The system can do comprehensive evaluations by utilizing text-
based models that integrate textual and visual information. This integration
has the potential to improve understanding of both the substance and context,
hence enabling more advanced and contextually-sensitive research in the field
of visual content processing.
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