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Development of a Facial Expression Recognition System for the DoctorLINK
Telemedicine Platform Using Transfer Learning

by RAJESH KUMAR

A person’s facial expressions reflect the psychological state when a strong emotion
is experienced. This research aims to detect emotions and extract human behavior
by using deep learning techniques. Currently, Facial emotions are used the most
frequently among these techniques since they convey a person’s mental state and
thoughts. On the other hand, distinguishing between different emotions can be a
challenging task nowadays, as there is often no established model or framework to
help. Due to the discrepancies among the complexity, such as changes in illumina-
tion, noise, obstruction, and over-fitting, accurately detecting and classifying human
facial expressions is also a crucial task in image analysis.

In addition to the challenges mentioned above, integrating facial expression recog-
nition into real-world applications, such as remote patient assessments, presents fur-
ther complexities. This research presents advancements in this area, specifically fo-
cusing on integrating a trained model into a real-time facial expression detection
system within the DoctorLINK (eHealth Products by Italtel n.d.) web-based applica-
tion. DoctorLINK is the telemedicine platform that ITALTEL has created, targeted
at healthcare institutions, to monitor the health status of patients by detecting clin-
ical parameters with medical sensors and real-time video communications through
which doctors can interact through video calls with patients and specialists. Further-
more, DoctorLINK seamlessly integrates medical sensors into its video call software,
allowing for comprehensive remote evaluations of patients’ health conditions, in-
cluding monitoring blood pressure, ECG (electrocardiogram ( readings, POW (pulse
oximeter waveform), temperature, oxygen saturation levels, respiratory rate, breath-
ing patterns, and spirometry. Firstly, in this thesis, promising results have been
achieved by using algorithms that use deep learning techniques in a wide variety
of applications. Secondly, this research work reported constitutes an improvement
over existing work with Resnet-152 and VGG-19-based techniques that can be easily
applied to focus on large body areas such as the face. Thirdly, we applied a range
of deep learning characteristics, including convolutional neural networks (CNN), as
well as specific models such as VGG-19 and Resnet-152, across multiple datasets.
Through this approach, we substantially improved image recognition capabilities
by leveraging the strengths of these models in extracting features and detecting pat-
terns relevant to emotion recognition. This study explores the CK+, FER2013, and
JAFFE datasets for emotion detection and classification.

HTTP://WWW.UNIPA.IT
https://www.unipa.it/dipartimenti/matematicaeinformatica
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Finally, the simulation results demonstrate that the suggested strategy VGG-19
can achieve up to 98% accuracy by applying the CK+ dataset. Using this method
can examine an individual’s emotional patterns and psychological state. This paper
will present an effective method for detecting anger, disgust, pleasure, anxiety, sor-
row, peace, and surprise using convolutional neural networks. The model employs a
Haar cascade classifier to recognize universal facial expressions in real time. Follow-
ing this approach, we implemented our facial expression detection system within
DoctorLINK.
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Chapter 1

Introduction

1.1 Motivation

In healthcare systems, emotions play an essential role in shaping overall well-being.
Good emotional health is considered an essential part of improving quality of life,
while poor emotional health can contribute to various social or mental health chal-
lenges. By analyzing rapid video communication, we can improve our ability to
recognize individuals' current emotional states, thereby enhancing our capacity to
address and improve emotional well-being within healthcare settings. The goal of
the arti�cial intelligence �eld of cognitive computation is to investigate the design
of computational techniques for various human mental processes, including belief,
thinking, views and emotions, personality, and sentiments. Among these are emo-
tions, which are believed to be signi�cant indicators of social behaviour and human
mood (Shan et al., 2017). Emotions are fundamental features of human beings that
play a crucial role in social communication (Ekman, 2006). Understanding and in-
terpreting these emotions is essential for various human mental processes, including
belief, thinking, views, personality, and sentiments. Emotions, in particular, are sig-
ni�cant indicators of social behaviour and human mood, making their study a vital
aspect of cognitive computation. The �eld of arti�cial intelligence aims to design
computational techniques that can mimic these human mental processes, with a fo-
cus on recognizing and understanding emotions. Facial expressions are a critical
indicator of a person's emotions and thoughts, conveying a substantial portion of
emotional information. Research indicates that while written communication con-
veys only 7% of a person's expression, speech conveys 38%, and facial expressions
convey a remarkable 55%. This underscores the importance of accurately interpret-
ing facial expressions to understand a person's emotional state. Effective Comput-
ing, a �eld dedicated to the study and development of systems that can recognize
and respond to human emotions, has seen signi�cant growth over the past two
decades (Picard, Vyzas, and Healey, 2001). This �eld has broad implications for
arti�cial intelligence, as the ability to recognize emotions is a crucial aspect of hu-
man intelligence. Applications of emotion recognition span various �elds, including
medicine (for example, pain recognition) (Zamzmi et al., 2016), customer feedback
analysis (Cambria, 2016), and educational video games (Lara et al., 2018). Develop-
ing these applications requires a deep understanding of the role of emotions in hu-
man autonomy and the interface between humans and machines. One of the critical
challenges in this domain is the accurate and automatic detection of facial expres-
sions in videos, which is essential for high-level facial analysis such as identifying
emotional responses, gestures, and human identi�cation. Despite the complexity of
de�ning and understanding emotions, given the existence of around 100 de�nitions
of emotion (Picard, 1995) signi�cant advancements have been made in human emo-
tion recognition (HER) over the past decades. These advances are paving the way
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for more sophisticated and effective applications of emotion recognition in arti�cial
intelligence.

In recent years, methods for developing computational models for identifying
and classifying human emotions have been investigated., Emotion categorization
from facial expressions is a dif�cult �eld in cognitive computation with many appli-
cations (Ghosh et al., 2023; Karilingappa, Jayadevappa, and Ganganna, 2023; Ban-
skota et al., 2023). Using image sentiment analysis, a system may recognize and ob-
tain internal expressions by analyzing the sentiments depicted in the image. Finding
the sentiment polarity (i.e., positive, neutral, or negative) of a particular image is the
aim of a visual emotion analysis. Three polarities (positive, neutral and negative)
and two sensations (positive and negative) or seven categories have been used to
classify positive and negative visual emotions. As social media grows quickly, we
publish words, images, audio, videos, and microblogs to express our emotions. Usu-
ally, images with bright colours convey pleasant (or good) feelings, while images
with dark colours convey horrible (or negative) feelings (Ashok Kumar, Maddala,
and Martin Sagayam, 2023; Gupta, Kumar, and Tekchandani, 2023; Shahzad et al.,
2023; Meena, Mohbey, and Kumar, 2023). Because images contain a lot of visual in-
formation that can be employed for various functions, they carry an abundance of
emotional semantics in addition to words and sounds. Sentiment analysis extracts
emotions from photos using text mining and natural language processing, even in
real-time (Sarvakar et al., 2023). Sentiment analysis can be used to identify positive
as well as negative emotions in the text. Sentiment analysis assesses whether a vi-
sual input produces a positive or negative emotional response and then classi�es the
responses appropriately (Singh et al., 2023; Viola and Jones, 2001). Numerous meth-
ods and algorithms for image sentiment analysis have been described; these can be
broadly categorized into two groups: algorithms with machine learning (ML) and
Lexicon-based algorithm design. An ML method called deep learning is a technique
that seeks to imitate how the human brain works. In the process of deep learning,
neural networks made up of computers are layered on top of each other. Neural
networks with deep layers have been used in the processing of signals and images
because they combine multiple neural networks into one system. The output of a
different network is fed into the matrix. Deep learning includes the use of neural
networks with several layers to analyze and predict textual input. These models
learn complex patterns and representations from the data, making them effective in
tasks such as natural language processing (Halder and Afsari, 2023).

For those layers that are hidden in the Neural networks, deep learning adopts
a multilayer strategy. Features are established and extracted via feature selection
methods or, traditionally, in conventional machine learning procedures. Improved
precision and ef�ciency are achieved with deep learning models, though, as features
are automatically acquired and extracted (Swarnkar and Rajput, 2023; Jang et al.,
2023). In our study, we utilized the CK+, FER 2013, and JAFFE datasets for emotion
detection and classi�cation. While numerous facial expression datasets are publicly
accessible, such as AffectNet (Mollahosseini, Chan, and Mahoor, 2016), PEDFE (Mi-
olla, Cardaioli, and Scarpazza, 2023), CEPS (Romani-Sponchiado et al., 2015), Emo-
tioNet (Benitez-Quiroz, Srinivasan, and Martinez, 2016), UIBVFED-Mask (Mascaró-
Oliver et al., 2023) and others, we speci�cally focused on these three datasets for
comparative analysis. The selection of CK+, FER2013, and JAFFE was based on
their relevance and suitability for evaluating transfer learning performance in our
study. The primary contributions of this work, it makes use of the CK+ and FER2013
datasets (Punuri et al., 2023). Recently, several papers proposed local data to forecast
mood in images. A deep convolutional neural network with supplemental channels
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for processing local data is proposed in (Li et al., 2023). Recently, algorithms con-
structed using deep learning have been used to predict emotions in photos. A pre-
trained CNN model was utilized by (Fan et al., 2017) to create features and train
classi�ers using the features. Additionally, they reported the work (Chen et al.,
2014), which concentrated on the connection between emotional traits and visual
attention. The popular model VGGNet was used to assess the effectiveness of the
suggested strategy (Marab and Pawar, 2020). The issue of recognising facial ex-
pressions from 2D facial photos was tackled in (Liu and Fu, 2023). The accuracy
of recognition was greater with the CNN model. A network-based recognition of
facial emotions model was proposed in (Taha and Hatzinakos, 2019). This model
converts a face picture into a chart by fusing random and �xed points. It has been
noted that those model, which is built on static and arbitrary points, performs more
ef�ciently than the basic CNN. On the other hand, more datasets can be used to im-
prove performance. Using ensemble techniques with real-time images captured by
several cameras can enhance the results even further. In (Wu et al., 2019) it has been
introduced a CNN system that uses a state-of-the-art deep learning model to iden-
tify emotions in images. In a supervised learning technique, features are extracted
and classi�ed using deep learning models (VGG-19) and cutting-edge classi�ers.
Recently, the VGG-19 image recognition algorithm has demonstrated encouraging
outcomes. Image sentiment assessment has attracted a lot of attention lately as a
multidisciplinary tool in cognitive science, pattern recognition, and computer vi-
sion. According to (Rasamoelina, Adjailia, and Sin �Càk, 2019), emotional intelligence
is critical to one's growth and development. The sentiment of an image can be pre-
dicted using a visual sentiment analysis (Cambria et al., 2017). Millions of photos are
uploaded by users to social media platforms these days. When it comes to express-
ing people's emotions on online social networks, these pictures are essential. Senti-
ment analysis, a topic of signi�cant interest, has been explored in depth in a seminal
study (Islam and Zhang, 2016). Meena (Meena, Mohbey, and Indian, 2022)made use
of pre-trained CNN models allowing for the identi�cation and classi�cation of sen-
timent analysis. The authors' most notable results were a sensitivity value of 93.05%
and a precision of 94.46%; those were more signi�cant than the other reported re-
sults. Introduced by Simonyan (Simonyan and Zisserman, 2014), VGG-19 is a CNN
of 19 layers, 16 convolution layers, and 3 fully connected layers. VGG-19 was trained
using the ImageNet dataset (Deng et al., 2009), which consists of a million images
divided into 1000 categories. A broad method for picture classi�cation is possible
since each convolutional layer uses several 3x3 �lters. The next three convolutional
layers are utilized to classify the features that were extracted using the �rst sixteen
convolutional layers. The �ve groups of feature extraction layers are accompanied
by a layer for max pooling. This model creates the item's label in the photos after
receiving a 124 by-124-pixel image. While many machine learning techniques are
employed for categorization, this investigation extracts features using a pre-trained
VGG-19 model. A novel architecture has been created here using the VGG-19 stan-
dard as a basis and ResNet-152 is used for detecting facial expressions and emotions.
In this study, we conducted a comparative analysis of our model and other models
that were developed on the same datasets. The CK+, JAFFE, and FER2013 are the
datasets that will be used in this study to compare transfer learning performance.
The proposed study is noteworthy for the following reasons:

• It uses a cutting-edge CNN model to identify emotions from facial expressions.

• It includes a suitable number of layers in the CNN model in the suggested
deep-learning approach for effective emotion detection and classi�cation from
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facial images, which are included in the benchmark dataset. The suggested
method aids in the creation of more sophisticated real-world applications in
multimodal (visually) expression-based emotion detection systems.

• Models based on deep learning, including VGG-19 and ResNet-152, are used to
categorize various facial emotions, including neutral, happy, sad, and furious.

• Analyzing the effectiveness of the suggested model considering related re-
search.

1.2 Applications

Facial expression recognition has a broad spectrum of applications with signi�cant
relevance in healthcare. It enhances human-computer interaction by enabling more
intuitive and adaptive systems. In affective computing, it supports the development
of systems that detect and respond to users' emotional states, thereby improving
user experience and well-being. In psychology, it aids in diagnosing emotional dis-
orders and re�ning therapeutic interventions. In healthcare, facial expression recog-
nition is especially valuable for remote health assessment, allowing for effective
monitoring of patient's emotional and physical states from a distance. This tech-
nology is also impactful in pain assessment, autism diagnosis, and eldercare. Addi-
tionally, it in�uences areas such as security and surveillance, customer experience,
and the entertainment industry, demonstrating its broad societal impact.

1.3 Objective

The primary objective of this dissertation is to develop and implement a facial ex-
pression recognition (FER) system using transfer learning techniques within the
DoctorLINK telemedicine platform. This system aims to improve remote health-
care by detecting and analyzing patient facial expressions through video calls, with
the goal of evaluating various health conditions and emotional states, including de-
pression. The research utilizes convolutional neural networks (CNNs) and leverages
multiple datasets, such as FER2013,JAFFE and CK+, to achieve accurate and reliable
classi�cation of facial expressions. By incorporating data augmentation techniques,
the study addresses the challenges associated with small or diverse datasets, thus
improving the system's performance. The practical implementation of this FER sys-
tem within the Italian industry not only advances the �eld but also demonstrates its
real-world effectiveness in remote health assessments, providing a signi�cant con-
tribution to both academic research and practical telemedicine applications.

1.4 DoctorLINK: Integrating Deep Learning for Facial Expres-
sion Detection

DoctorLINK is an innovative telemedicine platform created by ITALTEL, designed
to monitor patients' health status through the detection of clinical parameters using
medical sensors and ef�cient video communication systems. This platform allows
healthcare providers to interact with patients and specialists through video calls,
making remote consultations more accessible and effective. The system was built
based on the speci�c needs of physicians and patients, taking into account available
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biomedical sensor technologies and the growing availability of video communica-
tion systems over IP networks (e.g., the Internet).

In this research, I focused speci�cally on the development and integration of a
facial expression recognition module within the DoctorLINK platform, rather than
working on the broader medical functionalities such as monitoring blood pressure,
ECG (electrocardiogram) readings, pulse oximeter waveforms, temperature, oxygen
saturation levels, respiratory rate, breathing patterns, and spirometry. This mod-
ule utilizes deep learning techniques to analyze facial expressions as an indicator
of patients' psychological states, contributing to remote healthcare by providing an
additional layer of emotional insight during consultations.

One of the platform's key innovations is the integration of real-time facial ex-
pression recognition during video consultations. The novelty of this work lies in
the seamless incorporation of a deep learning-based model into DoctorLINK, en-
abling healthcare providers to automatically assess and interpret a patient's emo-
tional state. This feature provides critical insights into emotions such as anxiety,
distress, or pain—signals that may be dif�cult to communicate verbally, especially
during remote consultations. By integrating advanced deep learning models like
ResNet-152 and VGG-19, DoctorLINK can accurately identify and classify facial ex-
pressions in real-time, enhancing the quality of remote consultations and enabling
healthcare professionals to adjust their approach based on emotional cues that might
otherwise be missed.

Some of the platform's features were designed and tested with the support of na-
tional and European-funded telemedicine projects, re�ecting its robust development
process. In addition to Telehealth and Teleconsulting services, DoctorLINK also pro-
vides Telemonitoring, a feature aimed at the care of dehospitalized or chronically ill
patients. This service is particularly useful when the overall health status is not crit-
ical, but continuous monitoring is still necessary. Figure 1.1 represents the vision of
the DoctorLINK platform.

By leveraging deep learning models such as ResNet-152, which excels at detect-
ing subtle facial cues, and VGG-19, pro�cient at classifying emotions, DoctorLINK
can provide healthcare professionals with deeper emotional context. The integration
of these models into the platform is a signi�cant step forward in telemedicine, en-
abling more accurate diagnostics and enhancing the overall quality of patient care.
Initial testing showed that ResNet-152 achieved an accuracy of 90% in detecting fa-
cial expressions, while VGG-19 performed slightly lower at 85%. These results high-
light the potential for DoctorLINK to transform remote healthcare by offering a more
holistic view of the patient's emotional and physical condition.

FIGURE 1.1: Example of DoctorLINK vision Seamless patient-doctor
connection through rapid telemedicine with DoctorLINK.

The Telehealth and Teleconsulting services were implemented through the em-
brace proprietary video communication platform to facilitate and strengthen patient-
physician interactions. They are activated directly from the appropriate graphical
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interfaces. DoctorLINK also provides an “integrated homecare record” system, the
“medicine remainder” service, and a questionnaire management system that physi-
cians use to verify the patients' satisfaction provided by the healthcare facility.

1.4.1 Functional principles of the remote monitoring

The platform consists of a website, which can be installed on the cloud of certi�ed
providers, and an App to be installed on hardened tablets. The app, besides main-
taining the network connection with the site, also manages the medical Bluetooth
LE sensors (risk class IIa) that the patient wears during the acquisitions. Based
on the availability of suitable sensors, the following measurements can be mon-
itored: blood oxygenation, blood glucose, heart rate, blood pressure, lung func-
tion, body temperature, and body weight. It is also possible to implement POW
(Pulse Oximeter Waveform) and ECG (electrocardiogram, the electrical activity of
the heart) examinations, and further clinical parameters may be considered in the
future. Through the site's web applications, physicians manage and access patients'
homecare records, in which medical homecare data, diseases they suffered and diag-
noses they have had over time are recorded and control readings transmitted by the
biomedical sensors. This information is necessary to de�ne diagnosis and treatment;
it also documents the clinical course of the pathology. �gure 1.2 Demonstrating the
functional principles of the remote monitoring system.

FIGURE 1.2: Remote Monitoring: Key Operational Principles

Remote monitoring of clinical parameters is performed by automatic procedures
which check for the presence of atypical values, and by graphical interfaces that
show in tabular and graphic forms the series of values detected by the sensors. The
system is also provided with a dashboard, which highlights out-of-norm values in
real time, and by masks to display patient data. With these features, physicians
periodically inspect the transmitted values for abnormalities or events that can be
considered related and requiring attention. In case of such events, the physician
through the built-in video-calling features can perform additional checks including
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scheduling an in-person visit or a teleconference with the patient during which she
or he might decide to change the previously assigned diagnosis or therapy.

1.4.2 Technical matters

The software architecture of DoctorLINK is based on microservices, with applica-
tions delivered on separate docker containers that communicate over secure net-
work links. The platform is also equipped with HL7 FHIR interfaces to communicate
to hospital information systems as well and is also predisposed to interface with the
regional telemedicine system. DoctorLINK is provided in high availability, and fea-
tures monitor the status of platform hardware/software resources so that action can
be taken in time, thus ensuring high levels of service uptime. �gure 1.3 represents
the technical working �ow of the platform.

FIGURE 1.3: Illustration of the technical �ow of working of Doctor-
LINK

The "Video platform embrace" highlighted in yellow in �gure 1.3 indicates its
specialized functionality within the system. This differentiation is used to empha-
size its critical role in managing video communication work�ows and ensuring in-
tegration with other system components

1.4.3 Usability, security and privacy

Given the different types of users to whom the service is targeted, special care was
taken in developing the usability requirements of the applications' graphical user in-
terfaces to be intuitive and simple for the users (patients and clinicians) who have to
use them daily. To this end, usability tests were performed before, during and after
application development. Because the system handles con�dential data, it complies
with the GDPR (General Data Protection Regulation) (Parliament, 2016) and pro-
vides security features that are veri�ed during design, development and integration
testing. Data and message transmissions are encrypted and checks are made not
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only on the source code of programs but also on automatic penetration tests are
used in proof-of-concept facilities to check for known vulnerabilities.

1.5 Machine Learning Overview

ML is a branch of AI that focuses on creating algorithms of learning from data and
making predictions or decisions (Shaveta, 2023). It allows computers to handle new
situations by analyzing, self-training, observing, and gaining experience. ML uti-
lizes data patterns to improve performance in tasks with minimal human interven-
tion. The process of ML involves gathering data, which then undergoes thorough
preprocessing to ensure its cleanliness and usefulness (Çelik, 2018). Once the dataset
is prepared, a model that aligns its capabilities with the problem at hand would be
selected and trained by adjusting its parameters to enhance its performance.

1.5.1 Machine Learning Applications

The widespread application of machine learning has signi�cantly transformed dif-
ferent sectors by changing how they operate. In healthcare, algorithms are pioneer-
ing advancements in predictive diagnostics and personalized medicine (Woodman
and Mangoni, 2023). The �nance industry uses these systems to handle tasks such
as credit scoring and fraud detection. They analyze amounts of data to ensure the
security of transactions and investments. Retail giants utilize machine learning to
personalize customer experiences and improve operations, while the transportation
sector bene�ts from optimized routes and the emergence of self-driving vehicles.
In the manufacturing industry, machine learning plays a major role in maintenance
and streamlined supply chains, leading to improved ef�ciency. The entertainment
industry has also transformed with ML systems offering personalized content that
matches users' preferences. Customer service has been revolutionized by chatbots
and virtual assistants that provide support enhancing customer interaction (V. and
S., 2023).

One transformative application of machine learning is in computer vision (Khan
and Al-Habsi, 2020), where machines can interpret and understand information. Fa-
cial detection and recognition systems are now widely used in settings like security
and surveillance, user authentication and photo tagging. These advanced machine
learning models can accurately detect, analyze, and recognize faces from images or
video feeds even when faced with challenges such as angles, lighting conditions
or obstructions. The potential of this capability is truly remarkable as it expands
the limits of what can be achieved in security systems, targeted advertising, user
interface design, interactive gaming and VR. It enables the creation of intuitive ex-
periences that are tailored to users' facial expressions and reactions.

1.5.2 Types of Machine Learning

The �eld of ML is diverse and multifaceted, with various approaches tailored to
solve distinct types of problems. These approaches can be classi�ed into three prin-
cipal categories: methodologies, applications, and theoretical underpinnings.

a) Supervised Learning
The core of supervised learning lies in the concept of approximating functions.

The ultimate aim is to learn a function from labeled training data that consists of
the inputs and their corresponding outputs. Every example is made of an input
vector and its associated desired output value or label/target (i.e. 19). With the
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help of this training data, supervised learning algorithms analyze and generate an
inferred function from which it maps new examples. This is a popular framework
in machine learning as it has a number of algorithms that allows you to implement
any type of model; and is more ef�cient than the previous two. The performance
of supervised learning relies on the quality and quantity of available labeled data.
It has been effectively applied to issues such as image acknowledgment, discourse
recognition, medical analysis, and trading signals. Supervised learning is inherently
computational customized for large datasets and highly expressive models—think
deep learning. (Sah, 2020).

B) Unsupervised Learning
Unsupervised learning, in contrast to supervised learning works with data that

does not have prede�ned labels. The algorithms aim to uncover structures within
the data, such as grouping or clustering of data points. Techniques like k-means
clustering, hierarchical clustering and Principal Component Analysis (PCA) fall un-
der unsupervised learning. These methods excel at identifying patterns and correla-
tions in the data that may not be immediately evident (Gentleman and Carey, 2008).
Unsupervised learning is particularly valuable for data analysis, reducing dimen-
sionality and extracting features. For example, market researchers utilize clustering
to identify segments within their customer base, while biologists may employ it to
categorize plant or animal species based on different attributes

C) Reinforcement Learning
Reinforcement learning (RL) is a �eld of ML inspired by behavioral psychology.

In this approach a model learns to make decisions by taking actions in an environ-
ment with the goal of maximizing cumulative rewards. The learner is not told which
actions to take but instead must discover which actions yield the most reward by try-
ing them. This type of learning involves a feedback mechanism based on rewards
commonly referred to as the reward signal (Ogunfowora and Najjaran, 2023). RL
�nds its applications in �elds such as robotics, where robots acquire skills through
trial and error or in gaming (Saadat and Zhao, 2022), where AI agents learn and ex-
cel at games like miniXCOM or chess. It is also utilized in resource management,
navigation and making real time decisions in complex ecosystems
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FIGURE 1.4: Machine Learning Branches. Source: (Towardsdata-
science.com.)

1.6 Deep Learning Overview

Deep Learning has revolutionized the �eld of AI by pushing the boundaries of what
can be achieved with machine learning (Buntine, 2020). Essentially, DL uses neural
networks that are deeper, and more complex compared to traditional ones. These
deep networks consist of layers of interconnected nodes or neurons, enabling them
to analyze and learn from vast amounts of data in a way that resembles human
cognitive processes. The true power of learning lies in its ability to grasp multiple
levels of representation and abstraction, allowing it to make sense of diverse types
of data such as images, sound, and text. Unlike simple machine learning algorithms
that may struggle with analyzing raw data, deep learning models can progressively
learn through their internal layers of concepts, starting from detecting edges in vi-
sual data, to recognizing shapes, then to complex objects, and �nally identifying
scenes and contexts. Although deep learning models have achieved accomplish-
ments, they also have their challenges. They rely on amounts of labeled data for
effective training and demand substantial computational resources. It is often nec-
essary to use Graphics Processing Units (GPUs) or Tensor Processing Units (TPUs)
for training within a reasonable timeframe. Furthermore, the complexity of these
models can result in a lack of transparency regarding their decision-making process,
referred to as the "black box" dilemma.



1.6. Deep Learning Overview 11

FIGURE 1.5: Deep Learning Family

1.6.1 Applications and Future Directions

Deep learning has had effects in different �elds. In tasks like image and speech
recognition, deep neural networks have sometimes surpassed human performance.
In natural language processing, DL has facilitated advancements in machine trans-
lation, sentiment analysis, conversational agents, poem and poetry generation (El-
zohbi and Zhao, 2023). Looking ahead, the �eld of DL is progressing towards archi-
tectures that require less data and computational power. There is a growing empha-
sis on models that offer greater interpretability and techniques that can learn more
ef�ciently through unsupervised or semi supervised methods. Emerging research
areas such as few-shot learning (where models learn from data) and transfer learn-
ing (where knowledge from one task enhances learning in another) hold potential to
expand the scope and capabilities of deep learning (Talaei Khoei, Ould Slimane, and
Kaabouch, 2023).
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FIGURE 1.6: Applications for Deep Learning

1.6.2 Types of Deep Learning Architectures

Convolutional Neural Networks (CNNs):
CNNs are speci�cally designed for processing data with a grid-like topology,

such as images. A CNN convolves learned �lters over the input data, reducing the
spatial size while increasing the depth of the feature maps, thereby learning hierar-
chies of features. This architecture excels at tasks like image and video recognition,
image classi�cation, and object detection (Hedayati et al., 2019).
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FIGURE 1.7: An Example of CNN architecture for Image Classi�ca-
tion

b) Recurrent Neural Networks (RNNs):
RNNs are suited for sequential data, such as time series or natural language.

They have the distinctive feature of having feedback loops, allowing information to
persist. In theory, RNNs can maintain information in 'memory' over time to process
sequences of data. However, they are dif�cult to train over long sequences due to
the vanishing gradient problem (Wang, 1994).

C) Long Short-Term Memory Networks (LSTMs):
LSTMs are an advancement of the RNN that can learn and remember over long

sequences of data without the vanishing gradient issue. They achieve this with a
complex system of 'gates' that regulate the �ow of information into and out of the
cell state, effectively allowing the network to maintain a longer memory (Iparraguirre-
Villanueva et al., 2023).

d) AutoEncoders:
Autoencoders are unsupervised learning models intending to learn a compressed

representation of the input data. Autoencoders encode the input into a lowerdi-
mensional space and then decode it back through reconstruction so that it looks as
close to the input as possible. Variants like Variational Autoencoders (VAEs) throw a
probabilistic spin to this architecture and are generally used in generative tasks. (Liu,
2023).

E) Generative Adversarial Networks (GANs):
Generative Adversarial Networks (GANs) are composed of the generator as well

as the discriminator neural networks where. One produces data that is similar to the
real data, this is called the generator, and it tests whether it has been produced by the
generator or not — this is handled by the other neural net, known as discriminator.
These two networks participate in a zero-sum game,oh G tries to generate more and
more real data while D is learning how to differentiate the generator data. Even-
tually, this adversarial process forces the generator to generate data that is almost
identical to the real data. Therefore,GANs produce a very good quality of outputs.
The use of GANs spans the generation of photo-realistic images, enhancing photos
(aka style transfer), creating original artwork, and even generating realistic audio
and video. Thus, their versatility in producing synthetic data can be very advanta-
geous in certain �elds including but not limited to media production, creative arts
and AI research. (Jieren et al., 2020).
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f) Transformers:
Transformers have become the dominant architecture for handling data, espe-

cially in natural language processing (NLP) tasks.One of the essentials in which they
outperform their predecessors including Recurrent Neural Networks (RNNs) and
Long Short-Term Memory networks (LSTMs) is that transformers do not require
sequential data to be processed sequentially. It makes training faster, behaving as
parallel processing. Transformers: The self-attention mechanism Global attention
is expensive At the heart, the transformer model is a simple sequence-to-sequence
(seq2seq) model, which consists of an encoder that reads an input sequence and
generates a more abstract representation of it. This mechanism makes transform-
ers as a more ef�cient choice to learn long-range dependencies in data compared
to its old folks. The transformers were introduced and have been proven to be a
promising model for natural language processing (NLP) libraries, greatly boosting
the performance of many NLP tasks like Bidirectional Encoder Representations from
Transformers (BERT), or Generative Pre-Trained Transformers (GPT).These models
have set new benchmarks in tasks like text classi�cation, machine translation, and
question-answering, revolutionizing the �eld of NLP and pushing the boundaries
of what is achievable in arti�cial intelligence.

1.7 Transfer Learning

Transfer learning is an approach in machine learning to re-use a pre-trained model
on one problem (target problem) for another related time series data that demand
less training time and size of the labelled data. In deep learning, it enables training of
neural networks with far less data (when otherwise you would need thousands if not
millions of rows to train from scratch and use enormous computational resources). It
makes learning faster and yield better performances specially when obtaining a large
amount of labeled data is dif�cult or expensive. (Li, 2018). The essence of transfer
learning lies in leveraging the knowledge that a model has gained from a 27-related
task to improve its performance on another. It is particularly effective in situations
where the target task has insuf�cient data to train a full-scale model effectively.

1.7.1 Process of Transfer Learning in deep learning:

a) Pre-training: A neural network is �rst trained on a large, often generic dataset. For
example, models may be trained on ImageNet, which contains millions of labeled
images across thousands of categories. During this phase, the network learns a wide
range of features from the data.

b) Base Model for Feature Extraction: The pre-trained model is used as a feature
extractor. The last few layers of the model are removed, and the remaining network
is treated as a �xed feature extractor for the new data.

c) Fine-tuning: Sometimes, more than just the last few layers are adjusted or
trained from scratch. The earlier layers may be frozen to retain the learned features,
and the latter layers are retrained with a new dataset. In some cases, the entire
network may be �netuned to better adapt to the new task.

d) Task-speci�c Adjustment: The model is then further adjusted to perform the
speci�c task it's being repurposed for. This often involves adding new layers tailored
to the new dataset or problem, such as new fully connected layers for classi�cation
tasks or new convolutional layers if additional feature extraction is necessary.
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FIGURE 1.8: Transfer Learning Process

1.7.2 Advantages of Transfer Learning:

a) Reduced Dependency on Data: One major advantage of transfer learning is its
ability to minimize the reliance on an amount of training data. By leveraging a
trained model that has already learned relevant features on comprehensive dataset,
it becomes possible to achieve high performance with less data.

b) Ef�ciency in Time and Computation: Training a deep learning model from
scratch can be time consuming and computationally expensive, often taking days or
even weeks of computation on specialized hardware. Transfer learning allows the
utilization of pretrained models, which signi�cantly reduces both training time and
computational costs.

c) Enhanced Performance: Models that are pre trained on larger datasets often
exhibit better performance, particularly when applied to smaller datasets, because
the models have already acquired rich set of features from the dataset, providing a
solid foundation for the new task. This can result in accuracy and better generaliza-
tion when �ne-tuned for a speci�c task.

d) Flexibility and Adaptability: Transfer learning offers �exibility in adapting a
model trained for one task to another task with minimal modi�cations. This adapt-
ability proves useful in �elds where tasks are similar but not identical, enabling
rapid prototyping and deployment of models across various domains.
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FIGURE 1.9: Advantages of Transfer Learning

In the following sections, a brief outline of the remaining chapters of this dis-
sertation is provided. Chapter (2) offers a comprehensive review of the theoretical
background and relevant literature, focusing on key concepts and methodologies
in Facial Expression Recognition (FER). This chapter lays the groundwork for the
research by discussing a variety of datasets used for facial expression analysis and
exploring the existing work in the �eld. In Chapter (3), the data preprocessing steps,
model selection process, and result analysis techniques are thoroughly examined,
detailing the technical aspects of the research. This chapter provides insight into
how the datasets were prepared, the models were chosen, and the metrics used to
evaluate their performance. Chapter (4) presents the �nal results, offering a detailed
evaluation of system performance in relation to the research objectives. It also in-
cludes a discussion of the �ndings, re�ecting on how well the proposed model meets
the research goals. Finally, Chapter (5) summarizes our conclusions, discusses the
implications of the �ndings, and provides recommendations for future work based
on the limitations and strengths observed during the study.
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Chapter 2

Literature review

People commonly use facial expressions to convey their emotional states and facil-
itate communication. Facial Emotion Recognition (FER) has been widely applied
across various �elds, including human-computer interaction, medical assistance,
and digital entertainment. Recognizing the critical role of nonverbal cues in effec-
tive communication, researchers have developed systems to detect emotions based
on facial expressions. Over the past few decades, numerous techniques have been
explored for FER. Traditional methods typically involve extracting features from fa-
cial images and then classifying emotions based on these features. In contrast, recent
deep learning-based approaches integrate both steps into a single, uni�ed process,
enhancing the ef�ciency and accuracy of FER tasks.

2.1 Background

Several studies have undertaken a thorough review and comparison of existing
methods for Facial Expression Recognition (FER). Within this domain, numerous in-
vestigations have focused on advancing facial emotion recognition techniques. The
foundational components of a traditional FER system encompass feature extraction,
classi�cation, and image preprocessing. Among these, feature extraction emerges as
pivotal, directly in�uencing the precision of facial expression detection. Traditional
methods of expression feature extraction rely on various pixel value characteristics,
notably within facial images. Principal component analyses (PCA) (Saurav et al.,
2020), LBPs (Niu, Gao, and Guo, 2021), and Gabor transforms (Lu, Zhang, and Tian,
2021)are a few instances of this. The hybridization of feature extraction was used by
Aroram (Arora and Kumar, 2021)[34] with successful outcomes. (Islam et al., 2018)
combined the histogram of oriented gradients (HOG) with LBPs to extract charac-
teristics from the segmented portions. A PCA was used to lower the feature vector's
dimension. A multi-input hybrid FER mode was proposed by Bisogni (Bisogni et
al., 2022) in response to the numerous drawbacks of conventional feature extraction
techniques. Their manual design, lack of distinctive information, and other issues
are these drawbacks. Conventional techniques for feature extraction have a num-
ber of shortcomings. Consequently, it is challenging for typical feature extraction
techniques to produce accurate facial expression recognition results. Deep neural
network-based facial emotion identi�cation has signi�cantly improved over the past
few years. This is how deep learning is currently used in feature extraction progress.
Deep learning can perform both feature extraction and classi�cation, which has put
the conventional feature extraction techniques for face expression detection to the
test. Deep learning employs loss functions and continuous optimisation to extract
features. CNN architecture serves as the foundation for the majority of deep learn-
ing applications in facial expression identi�cation. AlexNet (Sekaran, Lee, and Lim,
2021), VGGNet (Kansizoglou, Bampis, and Gasteratos, 2019), Googlenet (Szegedy



18 Chapter 2. Literature review

et al., 2015), ResNet (Li and Lima, 2021), MobileNet (Sekaran, Lee, and Lim, 2021),
and DensNet (Sang and Ha, 2018) are among the networks that make up the CNN
structure. There are numerous uses and application domains for these systems cre-
ated using deep learning algorithms and feature extraction techniques, with security,
health, and human-machine interfaces being prime examples (Lu, 2022). The major-
ity of businesses rely on the responses that customers have to all of their goods and
services. People have complex emotional pro�les on their faces; these words are
universal. Intelligent technologies enable the determination of a customer's interest
in a product or service based on their emotional response to a captured image or
video (Liu, Xu, and Huang, 2023).

In their work on facial emotion recognition, (Roy et al., 2024) proposed Re-
sEmoteNet, a deep learning framework that integrates Convolutional Neural Net-
works, Residual Networks, and Squeeze-Excitation (SE) blocks to improve feature
representation. The model demonstrated signi�cant performance improvements
across benchmark FER datasets, achieving accuracies of 79.79% on FER2013 and
94.76% on RAF-DB. The inclusion of SE blocks selectively enhances important fea-
tures while suppressing less relevant ones, leading to reduced loss and better model
ef�ciency. These advancements are relevant to emotion recognition in telemedicine
applications, where accurate and ef�cient face analysis is critical.

(Greco et al., 2023) evaluated the robustness of state-of-the-art (SOTA) facial
emotion recognition (FER) models under real-world conditions by introducing the
RAF-DB-C and RAF-DB-P datasets, which simulate 18 types of corruptions and 10
types of perturbations. The classi�cation performance of models such as ARM,
SENet, and DenseNet dropped signi�cantly when exposed to these distortions, in-
dicating the need for comprehensive evaluations for real-world deployment. ARM,
despite achieving the best accuracy on clean data, showed poor generalization to
corrupted and perturbed inputs. Techniques like AutoAugment data augmentation
and anti-aliasing �lters before down-sampling operations improved robustness, par-
ticularly in models such as DenseNet and SENet. VGG demonstrated the best sta-
bility against frame-based perturbations, while Xception was deemed unsuitable for
in-the-wild scenarios. Additionally, all tested methods were capable of real-time
processing, with VGG requiring less than 10 ms per image and DenseNet 35 ms,
proving their applicability for real-time FER systems. This study underscores the
importance of evaluating models for robustness-by-design to ensure consistent per-
formance in varying environmental conditions.

(Vudatha and Babu, 2024) proposed a deep learning-based facial expression
recognition system that applies transfer learning on the VGG16 model. The model
architecture includes additional layers on top of the pre-trained VGG16 network,
using a ReLU activation function and SoftMax for multi-class classi�cation. The sys-
tem achieved a 94.8% accuracy on the CK+ dataset by applying transfer learning and
optimizing hyperparameters. The CK+ dataset was resized to 224x224 dimensions
for consistency during training and testing. The study demonstrated the model's
effectiveness in recognizing multiple emotions, including neutrality, surprise, hap-
piness, and anger. This approach showed signi�cant performance improvements
over traditional machine learning techniques for facial emotion recognition.

(Dalal et al., 2023) proposed a CNN-based facial emotion recognition model de-
signed to classify seven basic human emotions. The model architecture consists of
six convolution layers, followed by three fully connected layers and a SoftMax clas-
si�er. For face detection, the Viola-Jones algorithm was employed, followed by emo-
tion classi�cation using the CNN model. On the CK+ dataset, the model achieved
a 91.58% accuracy, while on the FER2013 dataset, it achieved 68.26% accuracy. The
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proposed approach emphasizes preprocessing techniques, including face cropping
and normalization, to improve model performance and reduce noise in the input
data, enhancing the reliability of emotion recognition for real-time applications.

(Kanna et al., 2024) developed a CNN-based facial emotion recognition system
designed for healthcare applications. The model was tested on multiple datasets,
including the CK+ dataset, achieving an accuracy of over 95% in classifying facial
expressions such as anger, happiness, and surprise. The CNN architecture utilized
transfer learning and data augmentation techniques to enhance performance and
generalization. The study underscores the system's robustness in detecting facial
emotions under controlled conditions, demonstrating its suitability for real-time
healthcare applications. Accurate emotion recognition from the CK+ dataset sup-
ports enhanced patient monitoring and improved human-computer interaction in
telemedicine and psychological care. USED CNN-based deep learning model.

In their work, (Bakiaraj and Subramani, 2024)proposed a three-staged deep
learning (TsDL) pipeline for facial expression recognition, utilizing techniques such
as Generative Adversarial Networks (GAN), Attention-Long Short Term Memory
(A-LSTM), and ensemble learning. The model was evaluated on datasets, including
CK+, where it achieved a classi�cation accuracy of over 98%. The system extracts
both spatial and temporal features from facial landmarks to enhance emotion recog-
nition. GANs are used to generate synthetic facial data for augmentation, improv-
ing the training process. A-LSTM handles dynamic changes in facial expressions
by capturing temporal dependencies over time. The ensemble method integrates
the strengths of individual models, ensuring robust performance in both laboratory-
controlled and real-world scenarios. The research emphasizes the importance of
hybrid models for achieving consistent, real-time emotion recognition.

A deep learning technique that can focus on important facial features and beat
older models on a range of datasets was used by (Minaee, Minaei, and Abdolrashidi,
2021). The authors also used a modelling technique based on the classi�er's re-
sults, which may help pinpoint important facial regions for differentiating between
moods. The model's accuracy was reported after it was trained on 28,709 photos.
They succeeded in attaining an extremely high accuracy rate on the test set. The
work's weakness is that the suggested approach is unable to appropriately handle
the erratic nature of the different emotion groups in the FER-2013 dataset. In a su-
pervised learning approach, features are extracted and classi�ed using deep learning
models (VGG19) and cutting-edge classi�ers. Recently, the VGG19 image classi�ca-
tion model has demonstrated encouraging outcomes. Shaha et al. suggested two
deep learning models, SVM and VGG19, for feature extraction and image classi-
�cation, respectively (Marab and Pawar, 2019) They assessed a number of neural
models, including AlexNet, VGG16, and VGG19, for feature extraction using the
GHIM10K and Caltech256 datasets. The three evaluation metrics—accuracy, recall,
and F1-score—showed that the VGG19 architecture outperformed the AlexNet and
VGG16 models. Using the CNN model, (Xin and Wang, 2019) investigated a va-
riety of image classi�cation techniques, including CNN, SVM, RF, DT, KNN, NB,
and GBDT. By Seemendra et al. (Seemendra, Singh, and Singh, 2021), invasive duc-
tal carcinoma was detected and categorized using pre-trained CNN models. The
authors' most notable results were a sensitivity of 93.05 percent and a precision of
94.46 percent; these were more signi�cant than the other values.

The process of FER is divided into four phases,

• Face detection,

• Pre-processing of the image.
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• Feature extraction process.

• Classi�cation.

Facial detection: The process of taking an image or video and extracting the face
from the surrounding context. Recognizing facial expressions Appl.ai Accurately
detecting facial expressions is not easy for images with diverse lighting or complex
background photos. Face detection relies on the segmentation of face and facial
features regularly in an uncontrolled environment. Techniques: There are several
techniques such as eigenspace methods, adaptive skin color detection and the Viola
Jones. Eigenspace method provides face detecting in various pose accurate meth-
ods; however, it is constrained to head movements within the same plane . The
adaptive skin colour method is very effectual in differentiating with respect to hu-
man coloured and non-human coloured pixels but it was found that it is ignorant to
whole concept of varying intensity, thus pondering upon this issue another solution
comes in mind which is the adaptive gamma-correction. The Viola-Jones approach
uses a Haar classi�er, this improves accuracy but adds a relevant computational
effort during the test phase. Adaboost is much used in face detection as it more ac-
curate and computationally less expensive, however it is sensitive to noisy data and
some outlier which could make adaboost perform poorly. (Kim et al., 2014). Face
detection using contour points gives high accuracy and reduces computational cost.
The research is to identify accurately the faces and their about the accurate identi�-
cation of faces and the high rate of recognition under a controlled and uncontrolled
environment (Rajan et al., 2019).

Image preprocessing is used to improve the FER system's performance which
involves various kinds of procedures like image visibility and scaling, contrast, cor-
rection and extra improvement procedures to enhance the expression frames. (Shen
et al., 2019). Therefore, an effective preconditioning of the image is important for
achieving higher recognition rates, using effective preconditioning algorithms al-
low the OCR system more reliable, primarily through accurate image enhancement,
noise elimination, etc.

Face expressions recognition features extraction is the next step. Feature extrac-
tion: The feature extraction is the process of rendering a facial template on the basis
that the image quality should not be compromised while presenting all parts of the
face effectively. The Function Extract is employed to search and illustrate the wanted
features of interest in an image for post-processing. Extraction (methods of features
extraction) is a classi�cation based on �ve details as the methods are divided into
techniques according to textures, edges, Global and Regional feature, geometric fea-
ture or patch. The geometric features such as Eyes, Eyebrows, Mouth, Tissue Tex-
tures and Nose contains the natural traits that can always be present on the face
that may not get disturbed even when there is a change in expressions. Appearance
features such as different types of wrinkles, bulges, foreheads, mouth and eye areas
that appear only temporarily during the change in expression. (Shah and Kaushik,
2015).

The classi�cation is the last stage in the FER scheme and it uses a classi�er. It
utilizes both parametric and non-parametric methods to classify expressions, e.g.,
smile, sadness, surprise, anger, fear, disgust and neutrality. Several methods have
been introduced in study to get the maximum recognition level of all classi�cation
algorithms. Also, not all the techniques that are used to extract facial features can be
treated as suitable for any method. Spontaneous expression dataset: For an effective
real time FER technique, the input dataset must comprise of random expressions.
The images are processed and compared with a trained dataset in the classi�cation
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process by various classi�ers such as SVM, neural network, Adaboost, eigenfaces,
logistic regression, decision tree, nearest neighbor, hidden markov models etc.

2.1.1 Machine Learning-Based FER Approaches

In the �eld of arti�cial intelligence (AI), Automatic Facial Expression Recognition
(FER) is a major dif�culty, especially in its machine learning subdomain. FER tasks
have evolved over time using a variety of conventional machine learning techniques,
including neural networks and K-nearest neighbour. These machine learning-based
methods usually involve the manual extraction of features from face photos, which
is followed by the training of a model to identify various facial emotions. Typi-
cal methods include decision trees, k-nearest neighbours (KNN), and support vec-
tor machines (SVM). Although these techniques show potential in some situations,
they frequently rely too much on the quality of handcrafted characteristics and may
struggle with complex expression variations and environmental factors. (Zhao, Zhuang,
and Xu, 2008) employed KNN for classi�cation in FER; however, they extracted fea-
tures using principal component analysis (PCA) and non-negative matrix factoriza-
tion (NMF). Local binary pattern (LBP) histograms were recovered from several tiny
sections of the image by (Feng, Pietikainen, and Hadid, 2007), concatenated into a
single feature histogram, and then employed a linear programming (LP) technique
to identify mood. Facial feature vectors were obtained by (Zhi and Ruan, 2008) from
2D discriminant locality preserving projections.

The support vector machine (SVM) was employed in several techniques to cate-
gorise emotions. from retrieved feature values by applying various methods. (Shih,
Chuang, and Wang, 2008) examined a variety of feature representations in this cat-
egory, such as DWT and PCA, and found that DWT combined with 2D-linear dis-
criminant analysis (LDA) performed better than the others. In their thorough in-
vestigation, (Shan, Gong, and McOwan, 2009) assessed various face representations
based on local statistical features and LBPs using various SVM variations.

FIGURE 2.1: Conventional approach for facial expression.

2.1.2 Deep Learning-Based FER Approaches

In recent years, techniques based on deep learning have revolutionized the �eld
of facial expression recognition (FER). These advanced techniques leverage deep
neural networks to automatically learn discriminative features from raw input data,
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eliminating the need for manual feature extraction that was prevalent in traditional
methods.

Among these deep learning methods, Convolutional Neural Networks (CNNs)
have proven to be particularly effective for FER tasks. CNNs are adept at extracting
intricate spatial patterns from facial images, making them well-suited for recogniz-
ing subtle nuances in facial expressions. The layered structure of CNNs allows for
the progressive extraction of features, starting from low-level details such as edges
and textures, then progressing towards high-level representations like shapes and
patterns that are critical for distinguishing different facial expressions.

Key aspects of using deep learning FER approaches include automatic feature
learning, hierarchical representation, robustness to variability, end-to-end learning,
and advanced architectures and techniques. Unlike conventional techniques that re-
quire handcrafted features, deep learning models automatically learn the most rel-
evant features directly from input images, signi�cantly enhancing the model's abil-
ity to capture complex variations in expressions. Convolutional Neural Networks
(CNNs) build a hierarchical representation of input data through multiple layers of
convolutional and pooling operations, enabling the model to learn and represent fa-
cial features at different levels of abstraction, which is crucial for accurate FER. These
models are robust to various types of variation in facial images, such as changes in
lighting, pose, and occlusions, achieved through extensive training on huge and var-
ied datasets, allowing them to generalize well to unseen data. Typically trained in
an end-to-end manner, deep learning-based FER models optimize the entire process
from raw input images to the �nal prediction of facial expressions simultaneously,
ensuring the learned features are optimally tuned for FER. Recent advancements
in deep learning, such as residual networks (ResNets), attention mechanisms, and
generative adversarial networks (GANs), have further improved the performance of
FER models, allowing for deeper and more complex models that capture even �ner
details in facial expressions. In summary, deep learning-based FER approaches, par-
ticularly those utilizing CNNs, have made signi�cant progress in the �eld by pro-
viding powerful tools for automatic, robust, and accurate recognition of facial ex-
pressions. These methods continue to evolve, driven by ongoing research and the
development of new deep learning architectures and techniques.

FIGURE 2.2: Deep learninig based approach for facial expression

2.1.3 VGG19

Simonyan et al. introduced the convolutional neural network VGG-19 (Bansal et al.,
2021). VGG-19, created by the University of Oxford's Visual Geometry Group, is
comprised of 19 layers: 3 completely linked layers, 5 max-pooling levels, and 16
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convolutional layers. Small 3x3 convolution �lters are used throughout the VGG-
19 network, which is well-known for its uniform architecture and simplicity. This
allows the network to learn deep representations of pictures with high levels of ab-
straction.

VGG-19 is a powerful tool for image classi�cation since it uses these tiny 3x3
�lters consistently in each convolutional layer. It was trained using the ImageNet
dataset, which consists of a million images divided into 1000 categories. As shown
in Figure 2.3, the architecture consists of three fully connected layers for classi�cation
after sixteen convolutional layers devoted to feature extraction. A max-pooling layer
comes after each of these �ve groupings of layers. After processing 224 × 224-pixel
photos, the model outputs the item's label.

FIGURE 2.3: VGG-19 Architecture.

One of the best results in the 2014 ImageNet Large Scale Visual Recognition Chal-
lenge (ILSVRC) was VGG-19, which represented a major breakthrough in picture
recognition. Its powerful representation characteristics keep it popular for appli-
cations like feature extraction and transfer learning, even with its large number of
parameters and high computing cost. The model's deployment in numerous studies
and real-world applications demonstrates how well it extracts characteristics.

2.1.4 RESNET 50

ResNet-50 stands as a formidable convolutional neural network with a rich architec-
tural depth of 50 layers, comprising 48 convolutional layers, one MaxPool layer, and
one average pool layer. ResNet-50, a member of the ResNet (Residual Networks)
family, was developed by Microsoft Research Asia's brilliant minds to take on the
challenges associated with deep neural network training. This architectural won-
der's distinctive residual block composition accounts for much of its ef�cacy and
ef�ciency in image categorization tasks. When these building pieces are placed on
top of one another, a neural network is formed that is unmatched in its ability to ac-
curately extract complex characteristics from images. The capabilities of ResNet-50
have been demonstrated in a number of �elds, most notably face recognition sys-
tems.Figure 2.4 illustrates the architecture of ResNet-50.

An era of ef�ciency and precision in image recognition has begun with the in-
corporation of ResNet-50 into institutional frameworks, particularly with regard to
facial recognition. More recently, as demonstrated by Alhanaee et al.'s work from
2021, ResNet-50 has demonstrated amazing performance on particular educational
datasets. Its performance and �exibility have been further improved by transfer
learning when combined with deep learning techniques, which makes it an excel-
lent choice for applications such as intelligent attendance systems. Organisations
using ResNet-50 for face recognition jobs have experienced a host of advantages,
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FIGURE 2.4: ResNet-50 architecture.

including increased accuracy and simpler work�ows. ResNet-50 is positioned as a
cornerstone in the growth of image recognition systems by virtue of its robust ar-
chitecture and transfer learning capabilities, which portend a seamless future where
ef�ciency and precision converge.also This architecture allows avoiding over�tting
with additional layers. Especially, some ResNet models as ResNet-50, ResNet-101
and ResNet-152 are available on Keras. Hence, they can be imported easily without
implementing from scratch.

2.1.5 RESNET-152

As a popular deep convolutional neural network (CNN) for computer vision, ResNet-
152 model is known to be widely used on the different tasks like image classi�cation,
object detection and facial expression recognition. It is an extension of the ResNet
(Residual Network) architecture, and it is proposed to address vanishing gradients
problem which have been known as a common issue during training deep neural
network (Erwandi and Suyanto, 2020). ResNet-152 is one of the deeper versions of
ResNet and consists of 152 layers which has shown to be both highly accurate and
ef�cient in complex tasks. All is shown in Figure 2.5 which explains the architec-
ture of ResNet-152 and its ability to learn complex patterns and features on large
datasets making it more effective for all applications of Facial Expression Recogni-
tion, Healthcare, Autonomous Systems, etc.

2.1.6 MobileNet

(Nan et al., 2022) suggested an A-MobileNet model that is lightweight. Firstly, they
improved the local feature extraction of facial expressions by adding an attention
module to the MobileNetV1 model. The model parameters are then optimised to
decrease intra-class distance and increase inter-class distance by combining the cen-
tre loss and SoftMax loss. When they compared their customised model to the orig-
inal MobileNet series models, they found that, although using fewer model param-
eters, their approach greatly increased recognition accuracy. On the FER+ and RAF-
DB datasets, the A-MobileNet model performs better than the others. The authors
of (Han et al., 2022) discuss the shortcomings of current facial expression recogni-
tion techniques, including the challenge of network learning on cross-dataset fa-
cial expressions and the disregard for intra- and inter-class characteristics in image



2.2. Datasets 25

FIGURE 2.5: ResNet-152 architecture.

classi�cation. After suggesting a symmetric method for obtaining diversity features
within and between classes, they present a triple-structure network model that is
trained with a novel multi-branch loss function and is based on MobileNet V1. In
comparison to the Mutual-Channel Loss (MC-loss) VGG16, the accuracy of facial
expression recognition using the proposed model is 224%, 13.051%, and 3.085%
higher, respectively, according to experimental results on the Karolinska Directed
Emotional Faces (KDEF), Macro- and Micro-Expressions (MMI), and Cohn-Kanade
(CK+) datasets. The authors demonstrate that their triple-structure network model
outperforms many cutting-edge techniques in terms of performance.

2.2 Datasets

Facial image and video datasets designed for emotion recognition have been avail-
able for some time now. These datasets are crucial for deep learning methods, serv-
ing as a repository of important attributes necessary for successful face emotion
recognition. By aggregating datasets beforehand, researchers can ensure that they
are ready for the extraction and interpretation of results. Emotion recognition algo-
rithms also heavily rely on these datasets. Considering the crucial role of datasets
in data-driven learning for expression identi�cation (Shin et al., 2016), this module
presents a comprehensive review of the major datasets utilized for recognizing emo-
tions in images

2.2.1 JAFEE

The JAFFE dataset stands for Japanese Female Facial Expression, which many re-
searchers commonly use, as (Al-Shabi, Cheah, and Connie, 2016) explained it is
accessible for public use and comprises images featuring ten Japanese women dis-
playing a range of emotions, The study aimed to capture photographs of partici-
pants displaying various reaction (emotions) acting as, disgust, sad, anger, happy,
surprise, fear and neutral. The photographs were taken to create a dataset for emo-
tion identi�cation research. The attendees were requested to portray each emotion
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while being photographed by professional photographers in a controlled setting to
ensure high-quality images. The photographs captured various aspects of facial ex-
pressions, including the eyes, mouth, and overall facial con�guration. The pictures
were categorized with expressions and the dataset was made openly available for
the researcher to use in expression identi�cation investigation. During the data col-
lection process, each participant was asked to take around 4 to 5 photographs of
themselves while looking towards the camera through a semi-transparent plastic
sheet, resulting in a total of 213 images. All images are of size 256x256. The JAFFE
dataset contains the 7 universal emotions (Zhongzhao et al., 2018; Ali, Hariharan,
and Yaacob, 2015; Minaee and Abdolrashidi, 2019)

2.2.2 FER 2013

The FER dataset (Goodfellow et al., 2013), also known as the Facial Expression
Recognition dataset, is a widely recognized resource for facial expression identi�-
cation tasks. Developed by Pierre-Luc Carrier and Aaron Courville, this dataset
was initially introduced for use in the ICML Kaggle competition and has since be-
come a standard benchmark in the �eld. The dataset consists of 35,887 grayscale
images, each with a resolution of 48 by 48 pixels. These images are split into pairs
for training and testing, with 28,709 images allocated for training and 3,589 for test-
ing purposes. Each image is labeled with one of seven basic facial emotions: anger,
fear, sadness, neutral, happiness, surprise, or disgust. The dataset is meticulously
categorized based on the emotional expressions depicted in the images, with vary-
ing numbers of images in each emotion category. Speci�cally, the categories and
their corresponding image counts are as follows: anger (4,953), fear (5,121), sadness
(6,077), neutral (6,198), happiness (8,989), surprise (4,002), and disgust (547) images,
respectively. This comprehensive dataset serves as a valuable resource for training
and evaluating facial expression recognition algorithms, contributing to advance-
ments in emotion recognition technology and related �elds.

2.2.3 CK AND CK+

In 2000, (Kanade, Cohn, and Tian, 2000) introduced a database of facial expressions
that contained 486 sequences from 97 different individuals, with sixty-�ve percent
of the subjects being women and thirty-�ve percent were manned. The CK dataset
contains a series of sequences showing facial expressions ranging from neutrality
to peak expressions, with apex expression images fully coded and labeled with an
emotion. However, A point to be aware of is that the emotion label in the dataset
indicates the emotions that were requested, rather than the ones expressed by the
participant. The CK dataset holds 2-dimensional images acquired in a monitored
environment with standardized lighting, circumstances, angle of view and all utter-
ances were obtained through the performance of educated participants, which may
differ from spontaneously acquired images. Images have 640x490 or 640x480 resolu-
tions, accompanied by a pixel matrix containing 8-bit grayscale or color with 24-bit
values. To address the limitations of the CK data set, (Lucey et al., 2010)proposed
a prolonged version called the Cohn Kanade Extended Database (CK+). The CK+
data set includes non-posed images and uses formal expression labels based on the
participant's impression of the seven primary expression categories, namely Happy,
Sad, Disgust, Anger, and Surprise. The CK+ dataset has an increased number of
subjects from 97 to 123 and an increased number of sequences from 486 to 593, with
a 31and 69
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2.2.4 MMI-V

The MMI (Multimodal Meeting-Recognition) dataset is a detailed collection of facial
expressions gathered from 25 people of diverse nationalities. This broadened dataset
includes participants of various ages, ranging from 19 to 62 years old, promising rep-
resentation across life phases. Gender The dataset has a balanced distribution, with
44% of participants identifying as women and 56% as men, contributing to gender-
inclusive study results. The fourth part of the dataset contains annotations for six
basic emotions: fear, anger, happiness, surprise, sorrow, neutral, and disgust. Ad-
ditionally, speci�c annotations for facial muscle movements are available, enabling
advanced examination of participants' emotions and leading to a better understand-
ing of emotional expression dynamics. In Part V of the dataset, there are annotations
for daughters who both talk and do not speak, providing valuable information about
the importance of language and communication in emotional expressiveness. Fur-
thermore, the MMI-V dataset expands upon the previous MMI dataset by including
facial expression data within the broader context of multimodal interaction recog-
nition. This expansion makes the dataset more valuable for research on identifying
emotions, affective computing, and analyzing multimodal interactions.

2.2.5 BU-3DFE

The Binghamton University 3D Facial Expression Database (Yin et al., 2006) consists
of a diverse collection of images from 101 subjects, including 58 women and 43 men,
representing a broad spectrum of ethnic and racial backgrounds. The participants
range in age from 18 to 70 years old. This comprehensive database captures six pri-
mary facial expressions, including a neutral expression. Data collection was carried
out using a 3D face scanner, which allowed for detailed and accurate recording of
facial features. Each participant contributed data for seven distinct facial emotions,
with four different levels of intensity recorded for each of the six core emotions.
Additionally, each emotion was captured from two different viewpoints, with cor-
responding facial texture images providing a thorough representation of each emo-
tion. Various techniques were employed to achieve multiple intensity levels for each
emotion, ensuring a rich and varied dataset for research and analysis.

2.2.6 BU-4DFE

The BU-4DFE (Binghamton University 4D Facial Expression) database is an exten-
sive 3D active facial emotion dataset designed to analyze facial actions in both static
and dynamic 3D environments. This comprehensive database includes a total of
606 3D emotion arrangements, amounting to approximately 60,600 individual fa-
cial expressions. The data was recorded from 101 subjects, encompassing a diverse
range of ethnic and racial backgrounds, with 43 males and 58 females participating.
Each video sequence in the dataset features 3D models, where each model is repre-
sented with an approximate resolution of 35,000 vertices. Additionally, the dataset
includes corresponding texture frames with a spatial resolution of approximately
1040 x 1329 pixels. This combination of detailed 3D models and high-resolution tex-
tures provides a rich resource for analyzing and understanding facial expressions
and emotions.
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2.2.7 TFD

The Toronto Face Database (TFD) (Susskind, Anderson, and Hinton, 2010) is an im-
mense dataset used for research into facial expression detection and other domains.
It comprises 4,178 labeled images chosen from a larger set of 112,234 photographs,
each annotated with six fundamental face emotional expressions plus a neutral ex-
pression, similar to the BU-3DFE dataset. These scaled photos (48 × 48 pixels) help
construct robust models for facial recognition across different ethnic groups. Re-
searchers use the TFD to promote emotion AI, improve security and surveillance
systems, and improve human-computer interaction by teaching machine learning
models to correctly perceive and respond to human facial expressions. Access to
the TFD is often subject to special license terms, which highlight the ethical use of
facial data.The TFD's varied representation ensures that models trained on this data
perform well across demographic groups, which is critical for designing inclusive
and unbiased facial recognition systems. The TFD is used by researchers and prac-
titioners to train and ensure models for emotion AI, which requires an accurate un-
derstanding of human emotions. This dataset also makes a substantial contribution
to the improvement of security and surveillance systems through improving face
detection and identi�cation accuracy.

2.2.8 Oulu-CASIA

The Oulu-CASIA Database (Zhao et al., 2011) is a well-known resource in computer
vision, especially for facial expression identi�cation and analysis research. This
dataset, generated together by the University of Oulu and the Chinese Academy
of Sciences Institute of Automation, has a broad collection of photos and videos doc-
umenting face expressions in a variety of settings and demographics. It contained
2,880 photos collected from 80 people ranging in age from 23 to 58 years old, with
73.% male representation. These photos were precisely classi�ed to represent six
major facial emotional expressions: happiness, anger, sadness, disgust, surprise, and
fear. All facial photos in the Oulu-CASIA dataset were collected under a variety of
lighting situations, including dark, weak, and normal illumination, to ensure model
resilience. Images with a resolution of 320 × 240 pixels offer detailed visual infor-
mation for accurate analysis and recognition activities. The Oulu-CASIA Database,
with its uniform style and substantial information, maintains to play an important
role in the continuing development of computer vision research.

2.2.9 Extended Yale B face (B+)

The Extended Yale B face (B+) (Sarafraz, Accessed) dataset is a valuable asset in com-
puter vision, particularly for boosting face recognition and assessing development.
It is an extension of the original Yale Face Database B that adds new photographs
and improves lighting conditions. This dataset contains 16,128 facial images from
ten different individuals, meticulously collected under 64 different illumination cir-
cumstances for each pose, resulting in nine poses and 576 viewing scenarios. The B+
dataset images have a resolution of 320 × 243 pixels, providing precise visual repre-
sentation for accurate analysis. The B+ dataset, with its expanded image set, lighting
variability, multiple facial expressions and orientations, high resolution, and stan-
dardized format, is an invaluable resource for training, testing, and evaluating face
recognition algorithms across a wide range of real-world scenarios. Researchers and
practitioners use this dataset for a variety of purposes, including face recognition,
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illumination robustness testing, expression analysis, posture estimation, and bio-
metric security enhancement. Overall, the Extended Yale B face (B+) dataset makes
an important contribution to the improvement of facial recognition technology and
computer vision research.

2.2.10 MISCELLANEOUS

In addition to the databases, there exist numerous notable datasets in the domain of
facial emotion identi�cation. These include: such as EmotiW (Dhall et al., 2015b),
CASIA Webface (Yi et al., 2014), KDEF (Calvo and Lundqvist, 2008) , FEEDB (Sz-
woch, 2013), eNTERFACE'05 (Martin et al., 2006), RaFD (Langner et al., 2010), (NIMH-
ChEFS) (Egger et al., 2011), TFEID (Chen and Yen, 2007), Afew (Dhall et al., 2015a),
Iemocap (Ahmad et al., 2023a), AffectNet (Tautkute, Trzcinski, and Bielski, 2018),
Kdef (Ozdemir et al., 2019), iCV-MEFED (Ahmad et al., 2023b), ISED (Happy et al.,
2016), SEMAINE (McKeown et al., 2012), BAUM- 1 (Ahmad et al., 2023c), Emo-
tioNet (Benitez-Quiroz, Srinivasan, and Martinez, 2016), FER-Wild (Mollahosseini
et al., 2016) and HAPPEI (Dhall, Goecke, and Gedeon, 2015).

One notable dataset in facial expression recognition is the dataset (Yi et al., 2014),
which comprises almost 500,000 images from over 10,000 subjects gathered from the
internet. Another dataset, (Szwoch, 2013), features video sequences captured using
a Microsoft Kinect sensor, designed for facial recognition and emotion studies. The
dhall2015video dataset is comprised of two distinct sub-databases, The Acted Facial
Expression in the Wild (AFEW) and Static Facial Expression in the Wild (SFEW) are
two sub-databases included in the larger Facial Expression Recognition and Analy-
sis Challenge (FERA) dataset. Both sub-databases contain samples of the six primary
emotions (sad, fear, anger, happy, disgust, and surprise), as well as neutral expres-
sions. The images in SFEW have a resolution of 128 x 128 pixels. Another dataset
commonly used in facial expression recognition research is the database described
in calvo2008facial. The images feature the six basic emotions (happiness, sadness,
anger, disgust, fear, surprise) as well as neutral expressions. The images were cap-
tured from diverse perspectives across two separate sessions. The database (Martin
et al., 2006) comprises video sequences (with audio) of 42 subjects from 14 differ-
ent nationalities, with 81of women, wearing glasses and beards in 31respectively.
The sequences have a resolution of 720 × 576 and cover the six key expressions.
Alternatively (Langner et al., 2010) is a dataset of pictures featuring 67 models si-
multaneously captured from �ve different camera angles, The dataset records eight
emotional expressions, namely disgust, contempt, neutral, sad, surprise, fear, and
happiness, with three gaze directions, and an image size of 1024 × 681. Lastly,
the (Egger et al., 2011) dataset comprises 482 high-�delity colored images of chil-
dren exhibiting �ve emotions and different gaze directions. The Brain Mapping
Laboratory and Integrated Brain Research Unit developed the (Chen and Yen, 2007)
dataset, which features eight emotions and 40 models, but it is only available for
scienti�c research purposes. In contrast to other lab-controlled datasets, proposes
a face image extraction method from movies (Dhall et al., 2015a). Additionally, the
database is a vast repository of multimodal emotion detection resources, which pro-
vides an extensive collection of 12 hours of recorded audio-visual data (Ahmad et
al., 2023c).This dataset includes data captured from 10 human participants engaged
in conversation. The dataset comprises recordings of multiple modalities, including
video and audio, providing an excellent resource for researchers and practitioners
seeking to develop and evaluate novel techniques for multimodal emotion detec-
tion. This database is one of the utmost far-reaching and freely accessible resources,
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enabling researchers to explore and experiment with various techniques to advance
the �eld of multimodal emotion detection. The IEMOCAP dataset stands out from
other facial emotions datasets because it not only includes the key emotions of anger,
fear, sadness, and neutral, but also incorporates notations for valence, dominance,
and the degree of emotional activation about the context. This dataset is widely
used in the �eld of facial emotion recognition due to its large size and comprehen-
sive labeling (Tautkute, Trzcinski, and Bielski, 2018). The KDEF dataset comprises
4,900 images classi�ed with seven fundamental facial emotions (i.e., fear, neutral,
anger, disgust, and happy) and acquired from 35 male and 35 female participants
from �ve distinctive viewpoints (Ozdemir et al., 2019). The iCV-MEFED dataset fea-
tures a combination of emotions, as each of the 31,250 facial images is described by
a dominant and complementary emotion (Ahmad et al., 2023b).

The 125 participants were instructed to elicit 50 distinct emotional states, thereby
resulting in the production of 50 types of complex emotional expressions. The dataset
contains 428 videos of 50 Indian subjects who were induced to experience emotions
by watching emotional videos, and their self-evaluation for each emotion (happy,
disgust, sad, and neutral) was collected simultaneously (Happy et al., 2016). The
SEMAINE dataset, as described in (McKeown et al., 2012), contains 130,695 frames
from typical sessions of Solid SAL and semi-automatic SAL. The study involving
24 undergraduate and postgraduate students encompassed individuals whose ages
ranged from 22 to 60 years old. In contrast, the dataset presented in the dataset de-
scribed in (Ahmad et al., 2023c) is composed of 1,184 multimodal facial video clips
captured from 31 Turkish participants, showing a variety of emotions and mental
states, such as joy, anger, grief, disgust, surprise, fear, boredom, disdain, confused,
neutral, thinking, concentration, and concerned. With many modalities present in
the movies in the dataset—visual, auditory, and physiological signals—the collec-
tion offers a wealth of data for creating facial emotion detection systems that are
more reliable and precise. Furthermore, the dataset (Benitez-Quiroz, Srinivasan, and
Martinez, 2016) contains a set of one million pictures depicting facial expression im-
ages procured from the internet, categorized into 23 types of basic and compound
emotions, annotated with either the corresponding emotion category or with asso-
ciated Aus. The FERWild (Mollahosseini et al., 2016) dataset comprises 24,000 web
images obtained from popular search engines such as Bing, Google, Yahoo, Yandex,
and Baidu. These images are divided into nine categories: no-face, sad, fear, neutral,
anger, surprise, disgust, and uncertain. The `no-face' category includes instances
where no face is present in the image, the face is partially covered by the bounding
box, a watermark is present on the face, the face is drawn or animated, or the `none'
category is assigned when the face is signi�cantly beyond the distortion of a nor-
mal or natural shape, making it dif�cult to infer any expression. When images do
not display any of the six key expressions that are neutral, Nonetheless, `uncertain'
category is utilized when annotation experts are unclear of facial movements. Ad-
ditionally, the dataset described in (Dhall, Goecke, and Gedeon, 2015) contains 4,886
images of 8,500 faces sourced from Flickr and annotated by four human annotators.
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TABLE 2.1: A summary of some FER datasets with some statistical
details.

Sno. Dataset Size Facial expressions Type

1 JAFFE 213 7 Images
2 Fer 2013 35887 7 Images
3 CK AND CK+ Sequence: 486 & 593 8 Images
4 MMI-V 2900 6 Videos
5 BU-3DFE 2500 7 Images
6 BU 4DFE 606 7 Videos
7 EmotiW 1268, 700 7 Videos & Images
8 CASIA Webface 494,414 NA Images
9 KDEF 4900 7 Images
10 FEEDB NA NA Videos
11 eNTERFACE'05 1166 6 Videos
12 RaFD 29672 8 Images
13 NIMH-ChEFS 482 5 Images
14 TFEID 112234 8 Images
15 Afew 1809 7 Images
16 Iemocap 12h 4 Videos
17 AffectNet 1000000 8 Images
18 iCV-MEFED 31250 50 Images
19 ISED 428 4 Videos
20 SEMAINE 31250 4 Videos
21 BAUM-1 184 13 Videos
22 EmotioNet 1000000 23 Images
23 FER-Wild 24000 6 Images
24 HAPPEI 4886 6 Images
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