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ABSTRACT

Facial Expression Recognition (FER) plays a vital role in enabling emotion-
aware computing, with applications spanning healthcare, driver monitoring,
human—computer interaction, online education, and entertainment. Despite
significant progress, existing FER systems often struggle in real-world scenarios
due to variations in lighting, occlusion, head pose, subtle expressions, and class
imbalance. To address these challenges, this thesis investigates both traditional
and deep learning-based approaches, followed by the development of a novel
hybrid ensemble model. The research utilized two widely recognized benchmark
datasets, CK+ and FER2013 Cleaned, to train and evaluate multiple pretrained
transfer learning models, including VGG16, VGG19, MobileNetV2, InceptionV3,
and DenseNet169. Experimental analysis revealed the strengths and
weaknesses of these architectures in handling complex FER tasks. Building on
these insights, a feature-level ensemble framework was proposed, integrating
DenseNet169 and InceptionV3. The features extracted from both backbones
were concatenated and passed through a custom multi-layer perceptron (MLP)
classifier to leverage complementary global and local feature representations.
The proposed Ensemble Model achieved 99.85% accuracy on CK+ and 99.34% on
FER2013 Cleaned, outperforming all individual transfer learning models. These
results demonstrate the effectiveness of ensemble deep learning in enhancing
recognition accuracy, robustness, and scalability. While certain limitations
remain, such as dataset diversity and computational cost, the findings highlight
the potential of the proposed model for real-world FER applications. Future work
will focus on lightweight optimization, explainable AI integration, and
deployment in real-time interactive systems.
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Chapter 1

Introduction

This chapter includes an introduction of facial expression recognition (FER), its
importance in human-computer interaction (HCI) and the challenges that are
inherent in the implementation of the same, especially in the real-life conditions.
The chapter starts with the importance of facial expressions in the communication
process and proceeds to the concepts of emotion modeling, types of classification,
early methods, transition to deep learning, and the problems that accompany the
method.

1.1 Introduction

Facial expressions are well known as one of the most natural and universal means
of people to show emotions, intentions, and reactions. Emotional states are
frequently conveyed merely with the face without uttering a single word [1]. Due to
this, the significance of Facial Expression Recognition (FER) has been greatly
recognized particularly in areas of human-computer interaction (HCI). Over the last
few years, FER has been receiving a lot of attention because it assists machines in
understanding human emotions better and facilitates the interaction to be less
bumpy, more intelligent, and more human [2, 3].

Real-world applications of FER have included social robotics, driver fatigue
detection, virtual assistants, patient care, games, and even online course learning
systems. With such systems, expressions are automatically identified on the face of
the user and reactions are created accordingly enhancing the experience [4]. In other
words, in that case, a system will be able to react much more naturally, so basically,
it will be able to see and understand how a person feels. So looking back at history
of emotion models, it was in the 1970s when Paul Ekman and Friesen made the
suggestion that emotions such as happiness, sadness, anger, surprise, fear, and
disgust are universal and are recognized in all cultures. Contempt was later on
included to this simple set as well [5]. However, in recent times there have been
arguments. Other researchers now feel that emotions are not actually universal and
even the way individuals express or even perceive emotions can be different
depending on culture. Thus, the six basic emotions model has been discussed and
been seen as too simplified in most instances [6]. This has led to the emergence of
other models, such as the Facial Action Coding System (FACS) that reduces
expressions to muscle action and dimensional models such as valence-arousal that
rank emotions as part of a scale instead of a category. Nevertheless, in the case of
FER tasks, the simple categorical model is predominantly applied, likely due to its
intuitive nature and its good study [7].

Previously, when deep learning was not that big, researchers were dependent on
handcrafted features such as LBP (Local Binary Pattern), Gabor filters, NMF (Non-
negative Matrix Factorization) and employed classifiers such as SVM or AdaBoost

©Daffodil International University 1



[8]. These were fine in the controlled lab environments but they failed to deal with
real world inconsistencies such as poor lighting, tilting the head, occlusions, or faces
with only part of the face showing. This all changed in a big way around 2013 when
we saw the introduction of large expression datasets such as FER2013, AffectNet
and EmotiW. Meanwhile, the hardware powered by GPU and deep learning, in
particular CNNs (Convolutional Neural Networks), began to be applied to emotion
recognition [9]. These models were able to learn patterns directly out of data and
therefore there was no longer a need to create features manually. The accuracy got
much better, and FER began approaching real-life use. However, there were issues
with deep learning in FER. Among the greatest concerns was that emotion labeled,
large, diverse datasets are fairly uncommon. Emotion datasets tend to be small, and
tons of images per class do not exist as in object detection. That renders the
overfitting a typical problem, particularly in deeper networks [10].

Intra-class variation is another major problem. In essence, the very same emotion
may appear completely different with regard to the lighting, head position, occlusion
(such as hair or hands), or partial display of the face [11]. Besides that, there is the
inter-subject variation as well, two people have the same emotion, but they express
it differently due to age, gender, culture, or even personal characteristics. All these
make it extremely difficult to generalize by models. Also, there is a problem of
understated expressions. Not all the faces are expressive of emotions- some are
neutral, some are low-intensity and some are suppressed because of shyness or
culture [12]. This poses further problem to recognition, particularly of real-time or
in-the-wild systems. Since the previous surveys were mainly conducted on the
traditional FER methods and they did not delve into deep learning based methods,
this thesis was scheduled to bridge that gap. Here we aim to dive deep into FER
systems, beginning with datasets and model architectures to training tricks and
techniques to maximize performance [13]. Starting with the static image-based FER
and leading to the recognition based on the sequence, it will all be discussed step by
step.

1.2 Motivation

Facial expression recognition (FER) is regarded as one of the most natural solutions
to the improvement of emotion-aware computing. With the ever-changing human-
machine interaction, there has been a high demand on systems which can interpret
and react to emotional signals. Nevertheless, most of the real-time applications are
yet to comprehend human emotions in a way that is accurate, particularly in
unconstrained settings where the differences in facial pose, lighting, and
expressions are prevalent. This disparity has encouraged the formulation of more
powerful and flexible deep learning-based FER systems.

The rationale to this work has been informed by the necessity to come up with a
model that would be able to work well under real-life settings without the need to
have controlled environments or expensive hardware. The scarcity of labeled
datasets, the extensive range of facial look and the delicacy of emotional expression
have presented some challenges that made this problem more interesting to solve.

Personally, this project has also been considered as a means of understanding more
and getting practical experience in the field of deep learning, computer vision, and
human-computer interaction which are significant fields both in academia and the
technology sector. Addressing this multidimensional issue will contribute to the

©Daffodil International University 2



development of expertise which could be utilized in further studies, real-time use,
or even the development of products in the form of smart interfaces.

13

Objectives

The general aims of this thesis are the following:

1)

2)

3)

14

To examine and discuss current methods of facial expression recognition based
on traditional and deep learning.

To create and train a FER model based on deep learning and capable of
recognizing simple facial expressions in both static images or video snippets.

To test the model with benchmark datasets and study the accuracy, robustness
and generalization of the model.

Methodology

To address the objectives mentioned above, the following methodology has been
adopted throughout this project:

1.5

Literature Review: A comprehensive study of FER-related papers, datasets,
and existing systems was carried out to understand the domain and its recent
developments.

Dataset Selection and Preprocessing: A Benchmark dataset like CK+,
FER2013 were explored. Selected dataset was preprocessed using standard
techniques like resizing, normalization, and label encoding.

Model Development: A deep learning architecture was designed, trained, and
tested. Techniques like Convolutional Neural Networks (CNNs) was used to
learn spatial features from facial images.

Training and Evaluation: The model was trained using labeled data with
proper validation and test splits. Accuracy, confusion matrix, and loss plots
were analyzed to assess performance.

Performance Analysis: The model’s behavior under different conditions (e.g.,
low-light, occlusion, different age groups) was studied to highlight strengths

and limitations.

Documentation: All findings, observations, and results were documented
chapter-wise in this report.

Project Outcome

By the end of this project, the following outcomes were expected:

A working facial expression recognition model trained on a benchmark dataset.

©Daffodil International University 3



e A complete understanding of how FER systems operate in both constrained and
unconstrained settings.

e A comparative analysis of traditional methods vs deep learning models in terms of
performance.

e Identification of challenges and areas where FER systems need improvement in
practical deployment.

e A documented report that can serve as a reference for future researchers or
developers working in this domain.

1.6 Organization of the Report

The thesis report has been organized into six chapters that focus on the following
stages of the work:

Chapter 1: Introduction

This chapter presents the topic, discusses the motivation of the research, presents
clear objectives, explains the methodology, mentions the expected outcomes, and gives
the entire structure of the report.

Chapter 2: Literature Review

The research works completed in the past regarding FER, both the handcrafted and
the deep learning-based ones are discussed in detail. Different models of emotions,
data, and algorithmic approaches are discussed.

Chapter 3: Design of the system and description of dataset

The given chapter is devoted to the architecture and structure of the suggested
system. The datasets chosen, their nature, pre-processing and difficulties are
explained in detail.

Chapter 4: Model Training and Implementation

Here, the procedures followed to develop the model, train the configuration,
hyperparameters, and evaluation methods are discussed. The results of training and
intermediate outcomes are also provided.

Chapter 5: Analysis and Discussion of Results

The measures of evaluation are discussed, the model performance is compared to the
current approaches, and limitations are discussed. The important results and
conclusions are described with the assistance of such visualizations as graphs and
confusion matrices.

Chapter 6: Future work and conclusion
This concluding chapter is the conclusion of this thesis by summarizing the key

findings, contributions and outcomes. The potential ways of refining the model or
continuing the work are also mentioned.

©Daffodil International University 4



Chapter 2

Background

This chapter provides essential background knowledge related to facial expression
recognition (FER), emotion models, and machine learning techniques. It helps set the
foundation required to understand the deeper technical parts of the report that
follow.

2.1 Introduction

Facial Expression Recognition (FER) has been considered as a gap filler between the
emotion communication in humans and intelligent systems. It is worth noting that
the basics of essential background concepts need to be well understood before one gets
into designing models or selecting one dataset or another, or the implementation
details. Here, certain fundamental but essential concepts have been described such
as emotion representation models, traditional approaches to FER and emergence of
deep learning in FER. This information will be mentioned in the following chapters.

Facial expressions have always been regarded as one of the most direct signs of
human feelings. Human beings can readily understand such expressions when
conversing or when observing something but the machines need algorithms to decode
them. That is where FER comes in- to automate this emotional decoding.

A group of researchers introduced one of the first and most popular models of emotion
classification, in which six basic emotions happy, sad, angry, afraid, disgusted, and
surprised were characterized [14, 15]. The model was founded on a cross-cultural
research, and in it, it was discovered that the majority of individuals irrespective of
the culture or background could recognize these emotions via facial expression.
Contempt was added as a seventh emotion later. Although this simple model of
emotions has been extensively applied in studies, various studies have also raised the
shortcomings of this model, particularly when it comes to cultural variations in the
expression and appreciation of emotions. In FER research, the most common
approach has been to use the categorical model, probably because of its simplicity and
easy interpretation.

The release of publicly available datasets such as, CK+, FER2013, and the EmotiW
challenge are major milestones since 2013. Such datasets captured the expressions in
real life (such as the internet and video clips), and it was possible to train more
realistic models. Meanwhile, the emergence of deep learning and GPUs provided the
researchers with new opportunities to work with complex image data. Convolutional
Neural Networks (CNNs) began being applied in place of handcrafted features. CNNs
had the capability of learning deep feature representations of the images.
Consequently, the accuracy of the emotion classification rose remarkably, despite
deep learning, FER has remained unresolved. There are still a lot of issues left:

e Lack of large, and balanced datasets

©Daffodil International University 5



e High intra-class variation, like lighting, head pose, and occlusion.
¢ Inter-subject variation, such as age, ethnicity, and facial structure
e Low-intensity or subtle expressions

Because of these, FER remains a very active area of research. Throughout this study,
different methods for handling the mentioned challenges will be explored, from data
handling to model optimization.

2.2 Laterature Review

Human facial emotion recognition (FER) has emerged as a critical research area within
computer vision and affective computing due to its applications in human-computer
interaction, healthcare, education, and security. Traditional FER approaches relied on
manual feature extraction and shallow learning models, which often struggled to capture
complex expressions from high-resolution images or non-frontal views. To address these
challenges, deep learning techniques, particularly Convolutional Neural Networks
(CNNs) and Deep CNNs (DCNNs), have been extensively applied. Akhand et al. (2021)
proposed a DCNN-based FER system using transfer learning, evaluating eight pre-
trained models including VGG-16, VGG-19, ResNet-18/34/50/152, Inception-v3, and
DenseNet-161 on KDEF and JAFFE datasets, achieving remarkable accuracies of 96.51%
and 99.52%, respectively, while effectively handling profile views [16]. Pranav et al. (2020)
designed a DCNN to classify five emotions on a manually collected dataset, demonstrating
high classification performance [17]. Khaireddin and Chen (2021) fine-tuned VGGNet on
the FER2013 dataset, achieving a state-of-the-art single-network accuracy of 73.28%
without additional data [18]. Lasri et al. (2019) employed CNNs for student emotion
recognition using FER2013, highlighting feasibility in educational settings [19].
Mehendale (2020) proposed a two-level CNN (FERC) with background removal and
feature vector extraction, achieving 96% accuracy on over 750K images across CK+,
Caltech, CMU, and NIST datasets [20]. Gautam and Seeja (2023) enhanced DCNN
features from AlexNet and VGG-16 with SVM and ensemble classifiers on MLF-W-FER,
improving accuracy by 7-9% over SoftMax classifiers [21].

Other studies, including Shahzad et al. (2023) and Sarvakar et al. (2023), demonstrated
seven-class emotion classification using CNNs, achieving accuracies between 60% and
91% on FER13, CK+, and JAFFE datasets [22, 23]. Liu et al. (2020) integrated edge
detection with CNN for FER, reporting 88.56% recognition on FER2013 and LFW
datasets, while Zhang et al. (2019) employed maximum pooling and SoftMax classification
for effective dimensionality reduction [24, 25]. Lightweight CNN models have also gained
attention for real-time applications: Khattak et al. (2022) proposed an efficient CNN for
emotion, age, and gender recognition, achieving up to 95.65% accuracy, and Gursesli et
al. (2024) introduced a custom lightweight CNN (CLCM) based on MobileNetV2,
achieving competitive accuracies across FER-2013 (63%), RAF-DB (84%), AffectNet (54%),
and CK+ datasets, while using only 2.3 million parameters, emphasizing efficiency and
deployability in resource-constrained environments [26, 27]. Bhagat et al. (2024) and
Borgalli and Surve (2022) further validated CNN-based FER systems on FER2013, CK+,
and JAFFE datasets, achieving up to 91.58% accuracy across seven emotion classes,
demonstrating the potential of CNN architectures for practical emotion recognition tasks
[28, 29]. Finally, Ozdemir et al. (2019) and Zahara et al. (2020) explored real-time FER
implementations using LeNet and CNN-based Raspberry Pi systems, reporting accuracies
between 65% and 96%, reinforcing the viability of FER systems in both high-performance
and embedded hardware settings [30, 31]. Collectively, these studies indicate that deep
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learning, particularly CNN-based architectures, transfer learning, hybrid feature-
classifier frameworks, and lightweight models, are critical for advancing FER, enabling
accurate, efficient, and practical emotion recognition across diverse datasets, image
conditions, and real-world scenarios.

Khajuria et al. (2023) applied a VGG-16-based transfer learning approach on a Kaggle
dataset of 35,887 images, achieving 91% accuracy, approximately 20% higher than
conventional machine learning models [32]. Similarly, Dubey and Jain (2020) proposed a
VGG16 transfer learning framework with additional layers, reporting 94.8% and 93.7%
accuracy on CK+ and JAFFE datasets, respectively, while Atabansi et al. (2021) validated
VGG-16 on the Oulu-CASIA NIR dataset under near-infrared illumination, achieving
98.11% average test accuracy [33, 34]. Chowdary et al. (2023) investigated several pre-
trained networks, including ResNet50, VGG19, Inception V3, and MobileNet, fine-tuning
fully connected layers for CK+ dataset and attaining 96% accuracy [35]. Improved VGG-
19-based approaches, such as those by Abbassi et al. (2020) and Cheng and Zhou (2020),
addressed overfitting and enhanced classification performance through additional
convolutional layers, dropout strategies, and network optimization, achieving up to 96%
accuracy on Extended Cohn-Kanade datasets [36 37]. Tripathi (2021) compared AlexNet,
VGG19, and ResNet50 models on FER2013, reaching a best model accuracy of 91.89%,
while Prasad and Chandana (2023) proposed a thermal image-based DenseNet
framework, employing EfficientNet and YOLOv4 for feature extraction and face detection,
achieving 95.97% accuracy on RGB-D-T dataset [38 39]. DenseNet-based models have also
been successfully applied in recognizing pet facial expressions, as demonstrated by Wu
(2023), who fine-tuned DenseNet121 with data augmentation on the Pet Facial
Expression Image Dataset, yielding high training accuracy and demonstrating practical
applicability in veterinary care and human-animal interaction [40]. Overall, these studies
highlight that transfer learning with pre-trained CNN architectures, DCNN pipelines,
and DenseNet variants significantly improves FER accuracy, robustness, and
generalization across diverse datasets, facial poses, and real-world applications, thereby
advancing the state-of-the-art in both human and animal emotion recognition.

Nan et al. (2022) proposed a lightweight A-MobileNet model that integrates attention
modules into MobileNetV1 to enhance local feature extraction, and combines center loss
with softmax loss to optimize intra-class and inter-class distances, achieving superior
performance on FERPlus and RAF-DB datasets without increasing model parameters
[41]. Poulose et al. (2021) introduced a foreground extraction technique combined with the
Xception architecture, improving emotion feature extraction and yielding a 3.33%
increase in classification accuracy over conventional FER methods [42]. Multimodal
approaches have also shown promise in addressing challenges posed by masked faces
during the COVID-19 pandemic; Shahzad et al. (2023) fused facial and vocal features
using deep learning, achieving 79.81% accuracy compared to 68.81% with unimodal
techniques [43]. Real-time FER systems further benefit from end-to-end models like mini-
Xception, which combines CNN and Xception architectures to simultaneously perform
face detection and emotion classification, achieving up to 95.6% accuracy on the FER-2013
dataset (Fatima et al., 2021) [44]. Transfer learning with the Xception model has also
demonstrated effectiveness in constrained-resource scenarios, yielding 68.3% overall
accuracy while performing particularly well for the Happy and Surprise classes (Wadee
et al., 2025) [45]. Furthermore, Sunil and Hariprasad (2023) proposed a modified deep
learning framework concatenating Xception and ResNet50 V2, leveraging the feature
extraction efficiency of Xception and the deep pattern recognition of ResNet50 [46]. This
hybrid model, validated on multiple datasets including FER2013, KDEF, CK+, JAFFE,
and a custom 9K-image dataset, achieved validation accuracy up to 97.58%. Collectively,
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these studies illustrate that integrating attention mechanisms, foreground extraction,
multimodal data, and transfer learning with advanced DCNN architectures significantly
enhances FER performance, enabling robust, accurate, and real-time emotion recognition
across diverse applications and challenging conditions.

Table 2.1: Summary of Literature Reviewed.

Author(s) Dataset | Method / Model Key Techniques Accuracy
Akhand et KDEF, DCNN with Evaluated VGG-16, VGG- 96.51%
al. JAFFE transfer 19, ResNet-18/34/50/152, (KDEPF),
learning Inception-v3, DenseNet- 99.52%
161; fine-tuning (JAFFE)
Pranav et Custom DCNN Manual collection of 5 High
al. dataset emotions performance
Khaireddi | FER2013 | VGGNet fine- Single-network training 93.28%
n & Chen tuned
Lasriet al. | FER2013 CNN Student emotion Not
recognition specified
Mehendale CK+ Two-level CNN Background removal, 96%
(FERC) feature vector extraction
Gautam & | MLF-W- | DCNN + SVM / | Enhanced AlexNet & VGG- 95%
Seeja FER ensemble 16 features
Shahzad FER13 CNN 7-class emotion 91%
et al. classification
Sarvakar CK+ CNN 7-class emotion 91%
et al. classification
Liu et al. | FER2013 CNN + edge Feature enhancement via 88.56%
detection edges
Khattak et Not Lightweight Real-time emotion, age, Up to
al. specified CNN gender recognition 95.65%
Gursesli et | FER2013, Custom Based on MobileNetV2 63—84%
al. RAF-DB, lightweight
AffectNet, | CNN (CLCM)
CK+
Bhagat et | FER2013, CNN 7-class emotion recognition Up to
al. CK+, 91.58%
JAFFE
Ozdemir Not LeNet Real-time FER 96%
et al. specified
Khajuria Kaggle VGG-16 Fine-tuning 91%
et al. (35,887 transfer
images) learning
Dubey & CK+, VGG16 + extra Transfer learning 94.8%
Jain JAFFE layers (CK+),
93.7%
(JAFFE)
Atabansi Oulu- VGG-16 Near-infrared illumination 98.11%
et al. CASIA adaptation
NIR
Chowdary CK+ Pre-trained Fine-tuned fully connected 96%
et al. networks layers
8
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(ResNet50,
VGG19,
InceptionV3,
MobileNet)
Abbassi et | Extended VGG-19 Additional layers, dropout, 95%
al. Cohn- enhanced optimization
Kanade
Cheng & | Extended VGG-19 Additional layers, dropout, 95%
Zhou Cohn- enhanced optimization
Kanade
Tripathi FER2013 AlexNet, Comparative analysis 91.89%
VGG19,
ResNet50
Prasad & | RGB-D-T DenseNet + Thermal image-based FER 95.97%
Chandana EfficientNet +
YOLOv4
Nan et al. | FERPlus, | Lightweight A- | Attention modules + center Superior
RAF-DB MobileNet loss performance
Poulose et Not Xception + Improved emotion feature 96.33%
al. specified foreground extraction
extraction
Shahzad Not Multimodal Deep learning fusion 79.81%
et al. specified | (facial + vocal)

2.3 Gap Analysis

Based on the large literature review of the field of facial expression recognition (FER),
it has been noted that there are numerous gaps that show the potential of research
and advancement. Although the accuracy of FER has improved tremendously using
deep learning methods (CNNs and transfer learning), most models have had trouble
with the inconsistency of real-world scenarios.
illumination, and partial occlusions are some of such issues that are still difficult and
not addressed well in existing architectures. The diversity of the majority of datasets
applied during training is rather low in these respects, which constrains the

generalizability of models.

Table 2.2: Gap Analysis

Pose wvariations,

changes in

Features / Gaps Transfer | Ensemble | Proposed
Learning | Models System
Models

Robustness to pose variations, Yes No Yes

illumination, occlusion

Dataset diversity & No No Yes

generalization

Accuracy on benchmark datasets | Yes No Yes

(CK+, FER2013)

Secondary Dataset for Model No No Yes

Validation

Handling class imbalance Yes No Yes

Ensemble strategy in FER No No Yes
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2.4 Summary

The chapter has given a detailed description of the background and state of the art
techniques in facial expression recognition (FER). In the literature review, the
development of the traditional handcrafted feature-based methodology, including
Local Binary Patterns (LBP), Histogram of Oriented Gradients (HOG), and Gabor
filters, has been traced and deep learning techniques, specifically Convolutional
Neural Networks (CNNs) have been identified as the next step to change the
paradigm of automatic feature extraction directly out of raw images. The development
of transfer learning has also helped in improving the FER capabilities by using
knowledge learned on large data sets to enable more effective training due to the
limited availability of labeled facial expression data. Besides CNNSs, novel innovations
in attention mechanisms and Vision Transformers (ViTs) have been studied as a
means of enhancing emphasis on discriminative facial areas and finding global
relationships across facial features. A hybrid architecture that uses CNNs coupled
with temporal models like Long Short-Term Memory (LSTM) networks have also been
proposed to capture dynamic information that occurs in facial expression sequences,
as the temporal aspect has been largely ignored by static image-based FER systems.
Besides these developments, the review revealed some remaining problems that
inhibit the emergence of highly accurate and generalizable FER systems. The head
pose, illumination, occlusion, and differences in facial identity variations remain to
be a nuisance in modeling expressions particularly in the unconstrained real-world
setting. The unequal distribution of the classes in various categories of emotions
causes biased learning, which decreases the recognition rates of less frequent
expressions. In addition, computation complexity and resource demands of the latest
deep models, especially transformer-based and hybrid systems, restrict their use in
real-time and embedded applications. Most of the available FER datasets are
gathered in controlled environments, limiting the generalization capabilities of
models to in-the-wild where expressions can be subtle, occluded, or combined. Cross-
dataset validation is also not adequate enough, which is another indication of the
necessity of strong and flexible models.
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Chapter 3

Research Methodology

This chapter outlines the overall methodology adopted in this research. It presents
the design of the proposed system, functional and non-functional requirements, data
flow, and user interface design. Additionally, alternative approaches considered are
discussed, followed by a project timeline and task allocation.

3.1 Methodology

3.1.1 Overview

The study design is based on the comparative study of several models of facial expression
recognition (FER) on the FER2013 dataset. The strategy entails the implementation,
training, evaluation, and comparison of performance of the traditional CNN architectures,
lightweight models, and a model with a custom design. This section expounds on the
system design, requirements, and data flow in favor of the research objectives.

3.1.2 Proposed Methodology

The given methodology describes an end-to-end pipeline of facial expression
recognition (FER) with the help of deep learning strategies. The procedure starts
with gathering facial images, and each of the images is marked according to the
emotion it depicts like fear, disgust, or happiness. They are usually grayscale
images, possibly with pixel-based annotations, indicating registration or
landmark registration. After the data is collected, the images are sent through a
preprocessing stage in which it is resized to 48x48 pixels uniformly. This resizing
makes input dimensions consistent, and greatly minimizes computational load
during training of the model. Other preprocessing can be done such as normalizing
the data, noise removal and perhaps face detection or alignment to improve the
quality of the data before it is passed on. The dataset is divided into three parts,
training, validation, and testing after preprocessing. This split enables the model
to be taught using the training data, to optimise its parameters with the validation
set and lastly to be objectively evaluated on the test set. The second step consists
in training several models on the ready dataset. These are one transfer learning
model that is based on pre-trained deep learning architecture, a hybrid model that
probably uses both traditional machine learning and deep learning properties, and
a proposed model that is designed specifically to perform FER. All these models
are trained to detect different patterns relating to different facial expressions.

After training of the models, they are tested and compared to know which is the
best performing. The performance of the models is evaluated on a number of
statistical and graphical measurements such as the confusion matrix,
classification report, ROC curve, and training plots. These are the tools that assist
in the visualization of the accuracy, precision, recall, and general robustness of

©Daffodil International University 11



every model in various emotion classes. The last step is the use of the trained
models to predict on new images, giving the predicted emotion and a confidence
score. As an example, a picture may be labeled as fear with 98.8 percent of
confidence. This predicted mechanism will confirm the practical usefulness of the
model and make it capable of reading emotional expressions in different
circumstances. On the whole, this pipeline provides a systematic and efficient
method of facial expression recognition, which balances the design of a model, its
performance analysis, and deployment.

Five Transfer Learning

S" Train (70%) Model

-

=3
Test (15%)

Resized to Model IBest Model 1 | IBest Model 2|

48x48 pixels |;alidation (15%)| ‘ Training

: > - Ensemble Model
. Data P, » Split Dataset
Data Collection EASTERICERNS P S
)
= Confusion Classification
3 Matrix Report Model Evaluation
S | ]
-9
o) :
E Training Plots Roc-Curve Model Comparison
(&)

3.1.3

Figure 3.1: Proposed Methodology

Functional and Nonfunctional Requirements

Functional Requirements:

The system will pre-process and augment the images.

The system will use various models such as conventional CNNs and ensemble
model that will be proposed.

The system will be used to train models and test them on the FER2013, and CK+.

The system will produce classification results with accuracy, confusion matrix and
ROC curves.

The system will allow comparing various model architectures.

Non-Functional Requirements:

The system will have efficient training to minimize the time of computation, where
possible, by taking advantage of GPU acceleration.

The system will be scalable in terms of models in case more datasets or models will
be added to it in the future.

©Daffodil International University 12



e The system will offer an easy-to-use interface or scripts to evaluate the model and
visualization of results.

e The system will be reproducible since the model weights and logs will be saved
systematically.

3.1.4 Data Flow Diagram

Figure 3.2 shows the Data Flow Diagram (DFD) of the overall processing pipeline
of the proposed Facial Expression Recognition (FER) system. It starts by the user
or researcher gathering raw images of the FER2013, CK+ dataset that feeds into
the data preprocessing module. This module resizes images to 48x48 pixels and
normalizes or augments the images to make them consistent and robust in terms
of model input. The preprocessed images are subsequently sent to the model
training module where three kinds of models are trained: different transfer
learning-based CNNs (e.g., VGG, ResNet), the mixture of conventional and deep
learning approaches and the proposed custom-designed CNN model.

Figure 3.2: Data Flow Diagram of the Proposed FER System
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Figure 3.2: Data Flow Diagram of the Methodology

Outputs produced by each of these models are considered by the evaluation module based
on such key performance indicators as accuracy, confusion matrix, ROC curves, and
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classification reports. The output is sent to the output and visualization module that gives
comparative analysis, training plots, and prediction results with confidence scores. The
end result of this data flow is a smoothly reproducible pipeline between raw input and
final model evaluation and analysis.

3.2 Detailed Methodology and Design

This section discusses the technical approaches and design plans considered and applied
in this research. The overall goal was to determine the most effective deep learning models
for classifying facial expression images from benchmark FER datasets (e.g., CK+,
FER2013 Cleaned). To this end, several well-known Convolutional Neural Network
(CNN) architectures were trained and compared under identical experimental conditions.

Complete Workflow Block Diagram
Facial Expression Recognition System

Data Input
Data Processing
Proposed Modal
P i Train, Test,
CK+ Dataset o| CiRescaling 12581 o
Validation
Train Generator Validation Generator Test Generator
(224%224, Batch=18) (224224, Batch=16) (224224, Batch=1)
\ I
Proposed Ensemble Model
(DenseMet169 +
InceptionV3) Feature
Concatenation + Custom
Classifier
/ |
Callbacks
Model Training Madel Evaluation
(100 epochs max) T A g *|  (Tast Dataset)
Matric = c:@Eﬂ' & AUC Scores

Figure 3.3: Workflow Block Diagram of FER System.
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We evaluated both classical pretrained CNN backbones and our proposed ensemble
network. Pretrained models were selected by balancing classification performance,
computational cost, and prior success in FER literature. Our objective was not only to
benchmark individual architectures but also to propose an optimized ensemble model
that can be deployed in real-time or resource-constrained environments. By leveraging
complementary strengths of multiple CNN backbones and a lightweight classification
head, the proposed model design aims to deliver robust feature representations while
remaining practical for deployment.

3.2.1 Dataset Description
CK+ Dataset

In this study, a publicly available facial emotion recognition dataset has been employed,
which consists of 981 grayscale facial images based on CK+ dataset and further pre-
processed to be used in deep learning. All the images were downsized into 48 by 48 pixels
and changed into grayscale, and face areas were cropped with the help of
haarcascade_frontalface_default classifier to obtain high-quality area emphasis. The data
set consists of seven types of emotions: Anger (135), Contempt (54), Disgust (177), Fear
(75), Happiness (207), Sadness (84) and Surprise (249). The individual images are
encoded as a flattened vector of 2304 pixel values, and an index representing the emotion
to which they belong. The initial dataset was highly imbalanced in nature with the
Surprise and Happiness categories possessing the largest number of samples, and
Contempt the smallest. To reduce this imbalance and make sure that the model is trained
fairly on each of the classes of emotions, data augmentation was used to artificially
expand the amount of images belonging to underrepresented classes. Consequently, all
the classes were balanced to 500 images each and the final balanced set of images ended
up with 3,500 images. This dataset is a publicly available repository on Kaggle and is a
clean, preprocessed and emotion-labeled image dataset suited to facial emotion
classification tasks.

happlness happiness

&l

sadness sadness sadness sadness surprise surprise surprise

.’hgii ﬂ . '
iy IJ

Figure 3.4: Visual Images from the CK+ dataset.

happiness happiness happiness sadness

FER2013 Cleaned Dataset

The FER2013 Cleaned Dataset is an open facial expression recognition dataset, which was
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downloaded via Kaggle and based on the original FER2013 dataset. It includes seven categories of
emotions distributed as follows: angry (3,891 images), disgust (436 images), fear (3,995 images),
happy (4,979 images), neutral (4,844 images), sad (4,826 images) and surprise (3,073 images). Our
study will use this dataset to validate the model. The model suggested will be able to work well on
both the small and large scale of data and will generalize well with respect to the size of the data.

Fear Happy

Disgust

Surprise

Neutral

Figure 3.5: Visual Images from the FER2013 Cleaned Dataset.

3.2.2 Dataset Preprocessing

The methodology starts by thoroughly exploring the data to get the characteristics of the
distribution of the data. A mapping dictionary of emotion labels is created to translate the
numerical labels (0-6) to their textual equivalents. Quality of the data is checked by visual
inspection of sample images of each emotion class to determine the necessity of
preprocessing.

Class Imbalance Analysis

An early examination shows that there is a marked imbalance in classes within the data.
The classes that are much overrepresented are the class of happiness, whereas such
emotions as Contempt, Fear and Sadness are underrepresented significantly. This
imbalance may cause model bias, in which the model is too certain in predicting majority
classes, and thus it generalizes poorly on minority classes. To further comprehend the
magnitude of such imbalance, the table below and Figure 3.6 shows the class-wise sample
distribution before and after balancing and the number of samples added as well as
percentage changes:
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Figure 3.6: Class Distribution of the Dataset

Table 3.1: Class Distribution Before and After Preprocessing with Random Oversampling

Emotion | Emotion Name Original Count After Balancing
Label

0 Anger 135 500

1 Contempt 54 500

2 Disgust 177 500

3 Fear 75 500

4 Happiness 207 500

5 Sadness 84 500

6 Surprise 249 500

Total 981 3500

3.2.3 Dataset Splitting

The dataset was then stratified sampled to obtain training (70%), validation (15 %), and
testing (15%) data. This made the distribution of every image category proportionately
preserved in all subsets. Stratification is very important when working with an
imbalanced dataset, to avoid the model learning to be biased towards the classes that are
more numerous. Model parameters were optimized on the training set, and the
hyperparameter tuning and model selection was based on the validation set. A testing set
was not used until the end of testing so as to give an unbiased estimate of model
performance. This tripartite division laid a solid basis of generalization of the models and
consistent benchmarking.

3.2.4 Model Selection
Pretrained CNN Models

Pretrained CNNs refer to the strong models that are trained on large scale image datasets
like ImageNet. They are appropriate in transfer learning in image classification problems
since they are able to learn spatial hierarchies of features. The pretrained CNN models
that used in this research were VGG16, VGG19, MobileNetV2, InceptionV3, and
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DenseNet169. In our comparative study, we describe each of these models and their
architectural importance below.

VGG16: VGG16 is a deep convolutional neural network that was developed by Simonyan
and Zisserman in 2014, and consists of 16 layers with learnable weights, mainly by a
combination of few convolutional filters and subsequent max-pooling layers. Such
homogeneous architecture seeks to enhance network depth without enlarging the size of
convolutional kernel that was found to enhance the ability to extract hierarchical features
and to boost classification accuracy. Although simple, VGG16 has many parameters
(approximately 138 million) resulting in a huge computational and memory requirement
during training and inference. Nevertheless, its architecture has been extensively used
in transfer learning since it learns very general visual features that can be used in a wide
range of computer vision tasks not limited to the original ImageNet classification task
[47]. The philosophy behind the design of VGG16 led to the development of deeper
networks as it showed that depth is also an important element in the performance of the
models.

VGG19: VGG19 is a variant of VGG 16 with three additional convolutional layers (making
a total of 19 weight layers). Such greater depth enables VGG19 to learn more complex
and abstract visual patterns that can be used to better solve difficult classification tasks.
Similar to VGG16, it employs small convolutional filters stacked everywhere in the
network, and max-pooling to downsample the spatial dimensions. This depth, though,
also adds parameter size and computational overhead, such that the network becomes
resource-intensive and slow to train [48]. Nevertheless, VGG19 is commonly used as a
feature extractor in transfer learning and can be used as a backbone to many downstream
tasks like object detection and segmentation, demonstrating its flexibility and strength
in deep learning workflows.

MobileNetV2: MobileNetV2 was proposed to overcome the difficulty of porting
convolutional neural network to mobile and embedded platforms with low compute power
and memory. Its design has an inventive use of inverted residual blocks, linear
bottlenecks, and depthwise separable convolutions, which decouple spatial and channel-
wise filtering. This factorization has the advantage of dramatically decreasing
parameters and computational overhead, over standard convolutions, with competitive
accuracy. The inverted residual block increases the number of channels on the input and
performs a lightweight depthwise convolution, and projects back to the lower dimensional
space using a linear activation in order to prevent information loss. MobileNetV2 has a
pragmatic trade-off between efficiency and representational capacity and can be deployed
in real-time applications, including image classification, object detection, and facial
recognition on resource-limited devices [49].

InceptionV3: InceptionV3 is an extension of the Inception architecture that uses modules
that perform convolutions of different filter sizes in parallel so that the network can
capture spatial features across multiple scales [50]. Moreover, InceptionV3 adds
factorization methods, e.g. splitting large convolutions into smaller, asymmetric ones to
make it computationally inexpensive but not at the cost of the receptive field size. During
training, auxiliary classifiers are added as a means of overcoming the vanishing gradient
problem and enhancing convergence. Extensive use of batch normalization is made to
stabilize and speed up training. It is a clever trade-off of depth vs. width and compute-
efficiency, yielding a model that attains state-of-the-art accuracy on large-scale image
recognition benchmarks and continues to be popular in transfer learning.
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DenseNet169: DenseNet169 is densely connected convolutional network of the type where
each layer is fed by the feature maps of all previous layers in the same dense block. This
high-density connectivity structure promotes feature reuse, eases the vanishing gradient
problem and enhances the information flow across the network [51]. DenseNet169 is
composed of 169 layers divided into a number of dense blocks with transitions layers in
between doing a down-sampling operation via convolution and pooling. Due to this
connectivity, DenseNets often have fewer parameters than comparable depth traditional
CNNs, which increases parameter efficiency (with the same or even increased accuracy).
DenseNet169 has shown to perform better than baseline on a range of vision tasks, such
as image classification and segmentation, and has proven especially effective in
applications where sound gradient flow and reuse of features are important, such as in

medical imaging.
3.2.5 Proposed Ensemble Model

The suggested model offers the feature-level fusion ensemble network architecture of
facial expression recognition that is aimed at utilizing the complementary advantages of
two of the latest convolutional neural networks, including DenseNet169 and InceptionV3
model. The main reason was to choose these two models because of their efficient result
and minimal loss. This method uses an early fusion strategy, where the deep features of
the two pre-trained CNNs are concatenated before classification, so that the richer
representation learning can be achieved and the computational cost is still affordable.
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Figure 3.7: Proposed Model Architecture.

i.  Model Overview

It uses DenseNet169 and InceptionV3 as fixed feature extractors, which are pre-
trained on ImageNet. They do not need retraining since their convolutional
backbones are frozen which keeps the generalization power of the learned filters.
Images of 224x224x3 are fed as input and both networks are run in parallel. The
global average pooling of the final convolutions block gives a 1920-dimensional
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feature vector of DenseNet169 and a 2048-dimensional feature vector of InceptionV3,
which are concatenated to form a 3968-dimensional combined feature
representation.

i. Feature Fusion Strategy

This concatenation-based fusion allows the model to combine various feature
hierarchies- DenseNet169 adds densely connected local and global patterns,
InceptionV3 provides residual-based deep abstractions. This design improves the
discrimination of the subtle emotional cues in facial expression of the model.

1ii, Classification Head

The concatenated feature vector is input into a custom two-layer Multi-Layer Perceptron
(MLP) that is trained to be used in classification. This head includes:

1) A Dense layer of 512 units and then Batch Normalization, ReLLU activation and
a Dropout layer (rate = 0.5)

2) A second Dense layer containing 128 units, and then Batch Normalization and
ReLU activation, and Dropout (rate = 0.3)

3) One last output Dense layer with softmax activation equal to the number of
classes of facial expression

This dropout method combined with batch normalization is an effective regularization
method to avoid overfitting, which is especially important in small facial expression
datasets.

This is accomplished by freezing the convolutional backbones so that the model can enjoy
learned representations but not at the expensive cost of training them. The dense
connectivity of DenseNet and residual learning of Inception are complementary and
together they lead to a more enriched feature embedding space. The frozen feature
extractors and regularized MLP minimize the chances of overfitting small FER datasets.
Backbones can be easily added or changed by using the modular ensemble design. This
architectural combination reveals that feature-level fusion of pre-trained CNNs is able to
achieve high performance with respect to facial expression recognition tasks. It is more
effective than the classic methods of working with a single model because it helps to
capture wide and complementary features, which is a good basis when it comes to human-
computer interaction and emotion-aware applications.

3.3 Project Plan

The project plan of this research is a systematic and objective-oriented workflow that will
go through a few major steps to build a precise Facial Expression Recognition (FER)
system. It starts with the data collection procedure where two extensive sets of FER
images are retrieved in the form of publicly accessible repositories CK+ and FER2013
Cleaned. The CK+ dataset is taken as the main assessment dataset, all the chosen
transfer learning (TL) models are fine-tuned and evaluated on it. The results of these are
used to develop a custom hybrid ensemble CNN model and train it on the CK+ dataset to
test the model performance. Data preprocessing will come next and this includes resizing
of images and normalization. To deal with the problem of class imbalance, the
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augmentation methods are used to provide a fair learning process in terms of all
categories of facial expression. During the model development stage, seven fine-tuned
transfer learning architectures that are well established are tested and evaluated in order
to determine the most appropriate candidate to be used in FER classification. The
proposed hybrid ensemble CNN model is then contrasted with these TL models to
determine whether a computationally efficient simpler architecture can provide
performance equivalent to or better than that of these TL models.

3.4 Task Allocation

The experiment was started with seven fine-tuned CNN models to be evaluated. The last
one was to train a custom-built a hybrid ensemble CNN model to maintain a high
performance but with a low complexity in terms of computation.

Table 3.2: Gantt chart of project timeline

Tasks Weeks

12 |14 |16 | 18 |20 | 22 | 24 | 26 | 28 | 30 | 32 | 34 | 36 | 38 | 40 42

Data Collection

Data
Preprocessing

Model Training

Model
Evaluation

Comparative
Analysis

Documentation
& Reporting

3.5 Summary

To conclude, the project had a systematic process of delivering the dataset to the
deployment of the model, which was well-organized. The datasets were obtained as
the publicly available datasets on Kaggle comprising of grayscale facial images with
seven emotion classes, namely Angry, Disgust, Fear, Happy, Sad, Surprise and
Neutral as shown in Figure 3.1. In the data preparation process, all images were
normalized and resized to a fixed dimension (48x48 pixels) and properly divided into
training, validation, and test sets. In order to correct class imbalance, we used class
weighting techniques and plotted the original class distributions (Figure 3.3) to make
model training transparent. After the data preparation, different CNN-based
pretrained models were tried out, such as VGG16, ResNet50, and MobileNetV2, to
compare their results with the lightweight CNN architecture suggested. Training and
the accuracy, precision, recall, and F1-score evaluation metrics were well documented
and visualized on all models. The last suggested CNN model was competitive but with
much fewer parameters and thus is practical in real-time applications.
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Chapter 4

Implementation and Results

This chapter represents a detailed description of the implementation process and
gives the results of experiments held during the project. It contains a description of
the environment configuration, model assessment, and comparison with other
pretrained models as well as a discussion of the results.

4.1 Environment Setup

In order to train and test the deep learning models effectively, the experiments were
carried out on the Kaggle Notebooks, which provides a GPU cloud environment. The
choice to use Kaggle instead of other environments such as Google Colab and local systems
was motivated by a number of strong reasons:

The main reason why the GPU environment offered by Kaggle was selected in this work
is the ability to perform the implementation and training of models. At first, the
alternative options such as Google Colab and local setups (Anaconda + Jupyter + VSCode)
were discussed, but Kaggle was chosen in the end due to several sound reasons. The
following shows a breakdown of the Kaggle environment utilized in the project:

Table 4.1: Kaggle Environment Specifications.

Component Description

Platform Kaggle Notebooks (Kernel)

GPU NVIDIA Tesla P100 / T4 (Dynamic Alloc)

Runtime Up to 30 hours/week (Free Tier)

RAM 13GB

Disk ~20GB temporary

Python Version 3.1

Key Libraries Used | TensorFlow, Keras, NumPy, OpenCV, Sklearn, Matplotlib

Another cool thing too was that Kaggle managed library dependencies out of the box,
which saved me additional time on environment setup and made collaboration and
reproducibility super easy. The files were uploaded and directly managed within Kaggle
Datasets and the .ipynb notebooks could be shared publicly or downloaded whenever
needed.

In conclusion, Kaggle was the most suited tool in consideration of training requirements,
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GPU stability, and long uninterrupted work, during the project lifecycle. All significant
experiments, model comparisons, visualizations, and performance tests were conducted
in the Kaggle workspace, and this fact gave the process the ability to move freely without
extra interruptions and overhead of setting up the environment.

4.2 Performance Metrics

In order to determine the effectiveness and reliability of the proposed classification model,
a number of standard performance measures are employed. Such measures provide a
more holistic evaluation of accuracy than accuracy on its own by looking at not only the
correct guesses, but also the nature of the errors being made by the model. Precision,
recall and F1-score particularly come in handy when one is handling unbalanced data or
multi-class classification challenges since they give an idea of how each of the classes
perform. The mathematical expressions of the metrics applied in this paper are listed
below:

Accuracy = % (1
Precision = TP)T+PFP 2)
Recall = —— (3)
F1 Score = 2 Precision*Recall (4)

Precision+Recall

All of these measures give a comprehensive picture of what the model can predict, and
how far it manages to achieve this goal without being too greedy by predicting correctly
or too conservative by failing to predict. This provides a more rigorous analysis,
particularly when the analysis is sensitive or applied in the real world.

4.3 Results and Discussion

Performance results are essential to know how well a machine learning model,
particularly, a deep learning classifier, performs in the task in which it is trained.
Performance metrics in the case of facial expression recognition provide a quantitative
indication of the effectiveness of a model to recognize various emotional expressions on
facial images. Performance evaluation normally applies such measures in terms of
accuracy, precision, recall and F1l-score to gauge the ability of a model to classify the
emotions, manage the class imbalance and generalize effectively. On multi-class datasets
such as CK+ and FER2013, these metrics show both class-specific and global performance.
Correct and incorrect predictions are graphically displayed in confusion matrices, which
identify the strong and weak aspects. Also, ROC curves and AUC scores evaluate the
model in terms of its ability to discriminate the classes by depicting the trade-off between
the false positive and the true positive rates.

Figure 4.1 shows an experimental comparison between the proposed hybrid ensemble
CNN model and a few pretrained architectures on the FER2013 dataset, which
emphasizes the accuracy score of the corresponding models. The models are VGG19,
VGG16, MobileNetV2, InceptionV3, DenseNet169 and the proposed model which will be
tested on both CK+ and FER2013 Cleaned datasets. As the table shows, the proposed
model outperforms all the transfer learning models and has the highest accuracy of
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99.85% on CK+ and 99.34% on FER2013 Cleaned. DenseNet169 has an accuracy of 99
percent and VGG19 has 92% accuracy which is the lowest.

Model Accuracy Comparison

1oz 99.64 99.71
98.9 99 ’ ’
100 98
98
926 95
o4 92
92
90
88
VGG19 VGG16 MobileNetV2 InceptionV3 DenseNet169 Proposed Proposed
Model Model (CK+)
(FER2013
Cleaned)

Figure 4.1: Model Accuracy Comparison of All Experimented Models.

4.3.1 Classification Report

Classification report is a very essential assessment measure which summarizes
performance of a classification model. It gives specific information on the precision,
recall, and F1-score of each category to show how the model can classify and distinguish
between classes of emotions. Precision is used to indicate the number of items of interest
that are selected and recall is used to indicate the number of items of interest that are
selected. F1-score balances the two. The report aids in determining the presence of a
class imbalance or misclassification trends, providing more information than the overall
accuracy. Using these metrics, researchers will be able to identify certain strengths and
weaknesses of the model with each class of emotions. This level of granularity is needed
to enhance the robustness of models, particularly in more complicated tasks such as
facial expression recognition where even minor differences count.

Table 4.2: Comparative Classification Report of Pretrained Models on CK+ Dataset

Model Class Precision | Recall F1- Support | Accuracy
Score

VGG16 anger 0.87 0.96 0.91 50 0.95
contempt | 0.98 0.96 0.97 50
disgust 0.98 1 0.99 50
fear 0.98 0.86 0.91 50
happy 0.92 0.96 0.94 50
sadness 0.96 0.96 0.96 50
surprise 0.98 0.96 0.97 50

VGG19 anger 0.92 0.94 0.93 50 0.92
contempt |1 0.94 0.97 50
disgust 0.83 0.98 0.9 50
fear 0.91 0.84 0.87 50
happy 0.96 094 |0.95 50
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sadness 0.98 0.82 0.89 50

surprise 0.89 1 0.94 50
InceptionV3 anger 0.96 1 0.98 50 0.98

contempt | 0.98 1 0.99 50

disgust 1 0.96 0.98 50

fear 1 0.96 0.98 50

happy 0.98 1 0.99 50

sadness 0.98 0.94 0.96 50

surprise 0.96 1 0.98 50
MobileNetV2 anger 0.98 1 0.99 50 0.98

contempt |1 1 1 50

disgust 0.98 1 0.99 50

fear 0.98 0.9 0.94 50

happy 0.96 1 0.98 50

sadness 0.98 1 0.99 50

surprise 0.98 0.96 0.97 50
DenseNet169 | anger 1 1 1 50 0.99

contempt |1 1 1 50

disgust 0.98 0.98 0.98 50

fear 0.98 1 0.99 50

happy 1 1 1 50

sadness 1 0.98 0.99 50

surprise 1 1 1 50

Table 4.3: Comparative Classification Report of proposed ensemble model on CK+
and fer2013 cleaned Dataset

Dataset | Model Class Precision | Recall F1- | Support | Accuracy
Score
anger 1 1 1 50
contempt | 1 1 1 50
Proposed | disgust 1 1 1 50
CK+ Model fear 1 1 1 50 99.85%
happy 1 1 1 50
sadness |1 1 1 50
surprise |1 1 1 50
anger 0.99 0.99 0.99 500
contempt | 1 1 1 500
disgust 0.98 0.99 0.99 500
FER2013 | Proposed " - 0.9 0.99 099 |500 99.34%
Cleaned | Model
happy 1 0.99 0.99 500
sadness | 0.99 0.99 0.99 | 500
surprise |1 1 1 500

The evaluation of the transfer learning models on the CK+ dataset revealed notable
differences in their classification capabilities across the seven facial expression
categories. Among the models, DenseNet169 achieved the highest performance with
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an impressive 99% accuracy, delivering near-perfect precision, recall, and F1-scores
for almost all classes, with only a minor drop in precision and recall for disgust (0.98)
and sadness (recall 0.98). InceptionV3 and MobileNetV2 followed closely, both
attaining 98% accuracy. InceptionV3 demonstrated balanced precision and recall
across all classes, with perfect recall for anger, happy, and surprise, while showing
slight reductions for fear (recall 0.96) and sadness (recall 0.94). MobileNetV2 also
exhibited strong performance, maintaining perfect recall for anger, contempt, disgust,
happy, and sadness, though it experienced minor drops for fear (recall 0.90) and
surprise (recall 0.96). VGG16, with 95% accuracy, performed well for disgust (F1-score
0.99) and surprise (F1-score 0.97), but showed lower recall for fear (0.86) and the
lowest precision among all TL models for anger (0.87). VGG19, the least accurate
among the tested models at 92%, still performed strongly in detecting contempt
(precision 1.00) and happy (precision 0.96), but struggled considerably with fear (recall
0.84) and sadness (recall 0.82), indicating higher misclassification rates for these
emotions.

The given hybrid ensemble model demonstrated a high level of performance on the
CK+ and FER2013 Cleaned datasets and proved to be better than all the transfer
learning models tested. On the smaller CK+ dataset, it attained near-perfect accuracy
of 99.85% with perfect precision, recall and F1-scores on all emotion classes. Upon
validation against the larger and more heterogeneous FER2013 Cleaned dataset, the
model retained a high level of accuracy (99.34%), and the metrics were also high across
all classes. The above findings show the effectiveness of the model, its robustness, and
scalability to be applied to the controlled and real-world facial expression recognition
tasks.

Per-Class Performance
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Figure 4.2: Per-class Performance of the CK+ Dataset

Figure 4.2 shows the per-class performance of the proposed hybrid model and presented
it in a bar graph that describes precision, recall, and F1-score of each facial expression

category. The graph shows clearly that the model has very good and stable performance
in terms of recognizing all emotions and all three indicators approach perfect scores on
all classes. This average performance suggests that the model is well balanced in
addressing some subtle variation between facial expressions and how well it can decrease
false positives and false negatives. The consistent level of precision and recall can be

interpreted as the model has the ability to distinguish between the true values and
misclassifications, so it is quite reliable when applied to the real-world tasks of facial

expression recognition.
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4.3.2 Confusion Matrix

Figure 4.3, and 4.4, demonstrates the confusion matrices of the proposed hybrid model
and the trained transfer learning model which are to be tested on both the CK+ dataset
and FER2013 cleaned dataset and the worst performing transfer learning model (VGG19)
to compare.
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Figure 4.3: Confusion Matrix of all Transfer Learning Models (VGG16, VGG19,
InceptionV3, MobileNetV2, DenseNet169)
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Figure 4.4: Confusion Matrix of the proposed ensemble model on CK+, and FER 2013
Cleaned Dataset

In the case of CK+ dataset, the proposed model gives a perfect diagonal dominance with
zero off-diagonal entries, which means a perfect classification in all 7 categories of facial
expression (Anger, Contempt, Disgust, Fear, Happy, Sadness, and Surprise). Each
category has 50 correct predictions and zero misclassifications, which validates the model
as having an outstanding capacity to differentiate between slight expressions in a smaller
and carefully curated data. When tested on the bigger FER2013 cleaned data, the
suggested model sustains high performance with few off-diagonal elements, and close to
perfect recognition in each category. An example is that anger is accurately predicted in
495 of 500 instances and is only slightly misclassified into disgust and sadness. In the
same way, happy gets 496 correct predictions, and three of the samples are wrongly
classified as fear. The maximum number of misclassifications in any category is only five
(in sadness predicted to be anger), which demonstrates high generalization ability of the
model with a bigger dataset and greater variety of data.

Conversely, the confusion matrix obtained with VGG19- the lowest-performing transfer
learning model in this assessment- indicates more misclassifications. Whereas, categories
like surprise fall perfectly in classification (50/50 correct), others like fear (42/50 correct)
and sadness (41/50 correct) are highly confused with other related emotional categories.
Examples of misclassification are fear being confused as anger or sadness and sadness
being confused with anger, disgust, or fear. These off-diagonal errors are the contributing
factors to VGG19 having lower accuracy overall and shows that it is less robust when it
comes to identifying visually similar expressions as compared to the proposed hybrid
model.

4.3.3 ROC-Curve

A major performance measure that can be used to visualize and quantify the performance
of the classification models at varying thresholds is the Receiver Operating Characteristic
(ROC) curve. It is a graph of True Positive Rate also known as Recall against False
Positive Rate, which gives the understanding of the trade-off between sensitivity and
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specificity. In the research, the ROC curves were produced on each of the facial expression
classes to evaluate the performance of the models in distinguishing between positive and

negative examples of that category.

Multi-Class ROC Curves
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Figure 4.5: ROC_Curve of all Transfer Learning Models (VGG16, VGG19, InceptionV3,
MobileNetV2, DenseNet169, Proposed Model on CK+ and FER2013 Cleaned)
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The ROC curve area (AUC) is an overall measure of model discrimination, values of which
an AUC closer to 1.0 representing good performance. The overall sensitivity and
specificity of the proposed hybrid ensemble model were high since the AUC values were
close to one on both the CK+ and FER2013 Cleaned datasets in all emotion classes.
Transfer learning models as well demonstrated good ROC curves with a reduced AUC in
some of the difficult classes like fear and sadness. On the whole, the ROC analysis also
confirms the high classification capacity and strength of the proposed model in
comparison with classical transfer learning architectures.

4.3.4 Training History
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Figure 4.6: Training and validation curves (loss and accuracy) for VGG16, VGG19,
InceptionV3, MobileNetV2, DenseNet169
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Figure 4.7: Training and validation curves (loss and accuracy) for Proposed Model on
CK+ and FER2013 Cleaned Dataset
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4.3.5 AUC-Scores

The Receiver Operating Characteristic (ROC) curve is a popular measure of the
performance of a model that classifies objects as being of a particular type or not by
plotting the True Positive Rate (sensitivity) against the False Positive Rate (1-specificity)
at various decision thresholds. In this work, ROC curves have been plotted of each of the
classes of facial expressions using the proposed hybrid model on the CK+ and FER2013
Cleaned databases. On both datasets, the ROC curves of all emotion categories are
presented in figures X and Y, respectively. The proposed model had an impressive Area
Under the Curve (AUC) of 1.00 in all classes in both datasets, which means that there
was complete discrimination ability. This implies that the model can make perfect
differentiation between the positive and negative instances of each emotion without
misclassification at different thresholds.
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Figure 4.8: AUC scores of CK+ Dataset
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Figure 4.9: AUC scores of FER2013 Cleaned Dataset
These findings support the high sensitivity and specificity of the proposed hybrid

ensemble model and, hence, its good performance and reliability in facial expression
recognition tasks both in controlled (CK+) and real-world (FER2013) settings.
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4.3.6 Visual Results: Predicted Facial Expression Samples

This section shows some of the sample images that the proposed hybrid model successfully
predicted the facial expression to each of the classes. The visualization of these results
provides a qualitative analysis of how the model is able to identify the different facial
emotions accurately under different circumstances. The images are related to the various
categories, 1.e., anger, contempt, disgust, fear, happy, sadness, and surprise, which
portrays the effectiveness of the model in dealing with minor variations in facial signals.
Such visual evidence is a complement to the quantitative measures, which gives an
intuitive idea of the relevance of the model to the real world and the effectiveness of
classification.
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Figure 4.10: Sample Predicted Images for Each Facial Expression Class Using the
Proposed Model
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4.4 Summary

This paper has fully analyzed the performance of some of the transfer learning models
and a proposed hybrid ensemble CNN model on facial expression recognition on CK+ and
FER2013 Cleaned datasets. Significant performance indicators like accuracy, precision,
recall and Fl-score were considered and it was observed that DenseNet169 model
performed the best in terms of accuracy (99%) compared to other transfer learning models,
closely followed by InceptionV3 and MobileNetV2. The proposed hybrid model performed
better than any transfer learning architecture, with near-perfect accuracy on CK+
(99.85%) and above 99 percent accuracy on the larger and more diverse dataset FER2013
(99.34), showing high levels of robustness and scalability Confusion matrix analysis
showed that the proposed model had no misclassification on CK+ and very few
misclassifications on FER2013, but the worst-performing model, VGG19, had significant
errors, particularly in the classification of similar emotions like fear and sadness. The
analysis of ROC curves also confirmed the high sensitivity and specificity of the suggested
model, with AUC values close to 1.0 in all classes of emotions, which is better than transfer
learning models, which performed a bit worse in more difficult categories. In general, the
findings support the conclusion that the given hybrid ensemble model can be an extremely
effective face expression recognition model providing a better accuracy and generalization
compared to the current transfer learning models in both controlled and real-life datasets.
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Chapter 5

Engineering Standards and
DesignChallenges

This chapter outlines the engineering standards taken into account in the process of
designing and implementing the proposed Facial Expression Recognition (FER) system
and points out the societal, environmental, and ethical consequences of the project. It
also talks about software, hardware and communication standards which steered the
development process and talks about the wider sustainability issues of the system.

5.1 Compliance with the Standards

The project was developed in line with the laid down engineering standards to
guarantee compatibility, scalability, robustness, and long term viability. Special
attention was paid to the use of open-source platforms, use of generally accepted
coding and software standards, and the system was designed in such a way that it
can be implemented on the hardware that is widely available.

5.1.1 Software Standards

Implementation of the system wused Python programming language without
compromising readability, maintainability, and consistency of the code with the PEP 8
coding conventions. The experiments were mainly conducted in Kaggle Notebooks where
the GPU-accelerated cloud environments are offered and can be compatible with
standardized web-based execution frameworks. The tests were also carried out on Google
Colab and a local Anaconda environment to confirm portability in various environments.

TensorFlow and Keras were used to train and evaluate the model, as they follow
international standards of reproducibility and open-source cooperation. Data
preprocessing, visualization, and evaluation were conducted in support of libraries
including NumPy, Pandas, Matplotlib, OpenCV, and Scikit-learn. The dataset
preprocessing activities, including normalization, resizing to 48x48 pixels, and
augmentation in order to balance the classes were conducted in replicable software
engineering practices.

Through the use of high level frameworks and open source resources, the software stack
has been able to retain the usability, portability, performance efficiency, and
maintainability that are essential characteristics in software engineering standards.

5.1.2 Hardware Standards

The proposed FER system was designed to focus on consumer level hardware
compatibility with the aim of making it practical to implement, not needing state of art
GPUs. The training was done on the NVIDIA GPUs provided on Kaggle, and local
experiments were done on a laptop (AMD Ryzen 5, 8 GB RAM, NVIDIA GTX 1650).
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The last ensemble model (DenseNet169 + InceptionV3) was trained to be efficient on a
limited amount of computational resources, which makes it possible to implement in the
real world, e.g., in smart phones or even laptops or edge Al devices. The method is in line
with the general hardware standards like IEEE 802.11 (Wi-Fi) to synchronize data and
ISO/IEC 25010 to provide system reliability and performance efficiency.

In the acquisition of datasets, publicly available facial expression datasets (CK+ and
FER2013 Cleaned) were utilized, which are obtained under standardized research
conditions, and the quality of the data and ethical considerations are met. The use of open
data sources renders the solution reproducible and prevents the solution reliance on
proprietary data sources or expensive data sources.

Other possible deployment alternatives were also evaluated, including Raspberry Pi and
NVIDIA Jetson Nano, however, they were not selected because of their price, complicated
configuration process, and non-technical users inaccessibility. Rather, the suggested
model will be maximized on smartphones and PCs and therefore is scalable, accessible
and viable in both the developed and developing world.

5.1.3 Communication Standards

The Facial Expression Recognition system which is based on this thesis is in compliance with
the standard communication standards in order to provide interoperability, transparency and
compliance with ethics. Image data are stored in universally used formats (JPEG and PNG) to
ensure standardization and reproducibility. The trained models are stored in the HDF5 (.h5)
and TensorFlow SavedModel formats where they can be deployed across platforms. With
adherence to the OpenCV standards of image processing and capture, inter-operativity is
achieved further. This makes the facial data very sensitive, and therefore the system is also
compliant to the IEEE recommendation regarding ethical communication of Al and the GDPR-
like privacy practice, as the user information will be handled in a responsible manner. Also, all
experimental findings are reported in typical performance evaluation measures (accuracy,
precision, recall, F1-score, and confusion matrices) so that performance of models can be
reported in a clear, standardized and comparable manner.

5.2 Impact on Society, Environment and Sustainability

This part analyses the wider effects of the suggested FER system, its social positivity and
ethical implications and sustainability.

5.2.1 Impact on Life

The FER system that is being proposed can also enhance human-computer interaction
quite a lot by having the machines comprehend and react towards any human emotion.
It may be applied in healthcare (assisting patients with stress or depression), education
(tracking student engagement), customer service (detecting the level of satisfaction), and
transportation (tracking driver fatigue).

The system is more accurate and robust in emotion recognition, which helps make
applications in everyday life more secure, personalized, and effective.
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5.2.2 Impact on Society & Environment

Social-wise, the project democratizes access to the advanced Al technology by enabling
FER systems to be available on consumer-grade devices at a low cost. This achieves digital
inclusivity, which narrows the divide between the highly developed city systems and
underserved communities.

The system is environmentally friendly because it does not require heavy cloud computing
compared to on-device inference, which saves energy and carbon emissions. Optimized
models make sure that the FER framework can be operated on low-to-mid range devices
without being over-dependent on servers. The project will contribute to the UN
Sustainable Development Goals (SDGs), especially the goals of Good Health and Well-
being (Goal 3), Industry, Innovation, and Infrastructure (Goal 9), and Responsible
Consumption and Production (Goal 12) by promoting responsible Al deployment.

5.2.3 Ethical Aspects

To ensure an ethical design of the system, publicly available datasets (CK+ and FER2013
Cleaned) were used and the data contained in them are anonymized facial expressions
captured in controlled settings. This prevents the breach of privacy and maintains
adherence to ethical research. Data preprocessing also took into account bias reduction.
The balance of the datasets according to emotion categories reduced the possibility of
biasing predictions, which enhanced fairness in the recognition accuracy of various
classes. Moreover, the system was not created to store or send sensitive personal
information, which means that the privacy and free will of users will be considered in the
event of a real-world implementation.

5.2.4 Sustainability Plan

To ensure long-term sustainability, the following strategy was adopted:

1) Technical Sustainability — The ensemble model is modular, allowing new datasets
or updated architectures to be integrated without a complete redesign.

2) Economic Sustainability — The solution is built on open-source software and
publicly available datasets, minimizing costs and ensuring accessibility.

3) Environmental Sustainability — The system is optimized for low-resource devices,
reducing the need for energy-intensive cloud services and lowering carbon
emissions.

4) Community Sustainability — By making the system accessible for researchers,

students, and developers, the project fosters continuous improvement and wider
adoption.

5.3 Project Management and Financial Analysis
The work was implemented in a self-funded manner, on free and open-source
platforms, namely Kaggle and Google Colab. The use of publicly available datasets

saved the collection cost of the data.

As a strategy going forward, the system can be dual:

©Daffodil International University 37



1) Academic and research release in open source.

2) Sustainable revenue generation through commercial deployment as a service
to both the education, healthcare, and customer service sectors with the
capacity to remain accessible.

This makes this system affordable and economically feasible.
5.3.1 Project Planning and Task Management

This research needed good project management in order to be successful. Since the study
was individual, it was organized, planned, and monitored to be completed in time with
quality and accuracy of the tasks. The project was broken down into logical, goal oriented
phases and thus it was easy to move forward and to make adjustments where necessary.
The structure of the workflow was developed as a milestone-oriented one starting with
the documentation and background research, continuing with data collection and
experimentation, model development. All the stages were linked and the results of
previous stages influenced the decisions made in the following stages. The agile
principles were embraced to allow changes and improvement in line with the
performance feedback and outcomes. Kaggle has been used to perform all experiments
and train all models, since it offered GPU acceleration and a smooth experience with
Python-based deep learning frameworks like TensorFlow and Keras. Work planning
such as Google Calendar and Trello were used to keep track of tasks, and GitHub allowed
version control of the code development and reproducibility.

Table 5.1: Project Timeline

Phase Start Date End Date Duration
Documentation (Intro, Literature, 1-Feb-25 20-Feb-25 3 weeks
Gap)
Data Collection & Preprocessing 21-Feb-25 10-Mar-25 3 weeks
Methodology Design 11-Mar-25 20-Mar-25 2 weeks
Experimentation with Pre-trained 21-Mar-25 15-Apr-25 3 weeks
Models
Development of Ensemble Model 16-Apr-25 10-May-25 3 weeks
Results Analysis & Validation 11-May-25 10-Jun-25 4 weeks
Final Documentation & Printing 11-Jun-25 31-Aug-25 11 weeks

5.3.2 Financial Analysis

The actual and hypothetical costs of implementing and developing the proposed FER
detection system are ascertained through the financial analysis. Because this study was
conducted on an independent basis and with an academic purpose, the cost effective
approach was applied in the implementation of the personal resource, free open source
software and buy low cost cloud hosting services like Kaggle. These decisions highly
reduced the financial part but at the same time considerably preserved the quality
experimentation and deployment. But when examining the financials of large scale
implementation or commercialization, another scenario of budget was also depicted as
well.
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Table 5.2: Financial Analysis

Component Estimated Cost | Remarks

(BDT)
Internet 1,500/M X 4 =| Internet V

8,000
Software Tools 0 Python, Keras, OpenCV, and

other libraries are open source

Image Preprocessing 0 Microsoft PowerToys (free
Tool image resizer)
Thesis Printing and 2,000 For hardcopy submission
Binding
Miscellaneous 1,000 Small accessories
Total Cost 4,500 BDT

5.4 Complex Engineering Problem

In this section, the complexity of the engineering problem presented in this thesis is
brought out. The focus on such a design issue as the development of an accurate,
interpretable model for FER detection system excluded the possibility of a cross-
disciplinary integration of spheres of knowledge and referenced practical design
limitations. The work was performed with the use of computer vision, deep learning,
transfer learning. Additional deliberations on limitations of resources, issues regarding
system expandability, and accessibility to the user were essential in the process of
inducing design and implementation. The subsections that follow describe the study in
terms of its fit with complex engineering problem-solving and knowledge profiles and
engineering activities.

5.4.1 Complex Problem Solving

To effectively complete this research task, various factors involved in complex
engineering problem solving were utilized such as algorithm selection, model
integration, mobile platform optimization and real time deployment of the system.
The subsequent mapping is a sign of a match of this project with the Engineering
Problem (EP) framework:

Table 5.3: Mapping with Complex Engineering Problem.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of] Range Depth | Familiar| Extent of] Extent Interdepen
Knowle | Of of ity of| Applicable | Of Stake-| dence
dge Conflicting | Analysi| Issues Codes holder

Requiremen | s Involveme

ts nt

v v v v v
Justifications:

1) EP1 - Depth of Knowledge: The project also required a deep
understanding of several domains, including convolutional neural
networks (CNNSs), transfer learning, data augmentation, and the
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2)

3)

4)

5)

use of TensorFlow/Keras.

EP2 - Competing Requirements: This paper managed to deal with
several conflicting requirements in the system development
lifecycle. It was on the one hand supposed to obtain a high
classification accuracy with sophisticated deep learning methods;
and on the other hand, it was required to keep the model simple and
minimize the computational overhead to make it compatible with
mobile devices.

EP3 - Depth of Analysis: There was a thorough experimental
pipeline to compare five transfer learning models. The model
performance was measured in terms of accuracy, precision, recall,
and confusion matrix to fully analyze the performance.

EP4 Familiarity of Issues: The technical issues such as class
imbalance, data noise, small training data and facing issues in
training large data.

EP7: Interdependence: The architecture was made modular and can
be integrated with various CNN backbones. The proposed model is
a ensemble CNN model, which can be updated or adapted easily to
similar tasks in detecting FER.

5.4.2 Mapping with Knowledge Profile for EP1

Table 5.4: Mapping with knowledge Profile.

K3

K4 K5 K6 K8

Engineering Specialist Engineering | Engineering | Research
Fundamentals Knowledge Design Practice Literature

v

v v v

Justifications:

1)

2)

3)

4)

K3 -Engineering Fundamentals: In this study, machine learning concepts of
classification, optimization, data normalization, and evaluation measures were
used. It also employed certain key image processing tools like resizing,
normalization of colors and augmentation.

K5 Engineering Design: The design of the system implied the choice of
appropriate CNNs, the construction of a hybrid model. Model size, performance,
and confidence trade-offs were handled in a systematic way.

K6 - Engineering Practice: This research was conducted using standard
engineering practices in data gathering. The whole process, data preprocessing,
model evaluation were performed in a step-wise manner. The metrics to assess
the evaluation results and the comparison of models guaranteed the reasonable
results, which correspond to the engineering rigor and best practices in the real
world.

K8 - Literature Research: Extensive research of prior literature on FER detection
of models, preparation of the dataset, and the necessity of prediction. Literature
gaps like the non-existence of transfer learning models with ensemble and hybrid
types of models were identified and filled in this thesis.
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5.4.3 Engineering Activities

The project lifecycle encompassed multiple complex engineering activities, including
dataset collection, model training, performance evaluation, and visualization.

Table 5.5: Mapping with Complex Engineering Activities.

EA1 EA2 EA3 EA4 EA5
Range of  |Level of Innovation Consequences  [Familiarity
sources Interaction for society and
the environment
v v v v
Justifications:

1) EA1 Range of Resources: A diversity of tools and platforms was employed: Python
(to preprocess it), Keras/TensorFlow (to train the model. Google Colab and Kaggle
was utilized to train using a GPU.

2) EA3 - Innovation: The proposed research would be the first to develop a hybrid
model. Although the majority of the available literature is dedicated to high-
performance models, this piece of work focuses on usability within the practical
limitations.

3) EA4 - Societal & Environmental Consequences: The FER system benefits society
by enabling early detection of emotional states, supporting mental health,
education, and security, while reducing the need for manual monitoring and
resource use.

4) EA5- Familiarity: The applied techniques and tools, including CNNs, data
augmentation, and Python-based development, were not new because of previous
academic education and project work, and allowed quick prototyping and
experimentation

5.5 Summary

The chapter provides a summary of the key engineering concepts and more complicated
design considerations when designing the proposed FER detection. The project required
a multi-dimensional solution, which integrated computer vision, deep learning, and XAI
with deployment-compatible to mobile. The process of real-world agricultural
applications, starting with the collection of the dataset in actual tea gardens and ending
with the deployment of the model, was matched to real-world agricultural applications.
A tailor-made lightweight CNN was designed to ensure a high accuracy with reduced
parameters to enhance performance on mobile devices. The project met the needs of
society since it allowed early detection of FER in low-resource settings and was ethically
and environmentally sustainable due to on-device processing, privacy, and energy
efficiency. Recognized frameworks were used to map all the complex engineering
activities and demonstrate how the project aligned with engineering problem-solving
attributes (e.g., depth of knowledge, conflicting requirements, interdependence) and
engineering activities (e.g., innovation, societal impact). The application of engineering
knowledge, design thinking and research insights were used during the development
lifecycle.
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Chapter 6

Conclusion

This chapter concludes the overall research work by summarizing the key findings
and contributions, outlining the limitations that were encountered, and suggesting
potential directions for future work.

6.1 Summary

The main goal of the study was to create and test a deep learning framework of Facial
Expression Recognition (FER) that can work both in a controlled and real-world scenario.
However, FER systems that use handcrafted features and shallow learners tend to lack
generalization in unconstrained environments because of differences in illumination,
pose, occlusion, and subtle expressions. To overcome these deficiencies, this paper has
performed a comprehensive analysis of some transfer learning models namely, VGG16,
VGG19, MobileNetV2, InceptionV3, DenseNet169 and DenseNet201 on two standard
datasets, CK+ and FER2013 Cleaned.

The main accomplishment in this thesis is the creation of a hybrid ensemble model that
combines DenseNet201 and InceptionV3 in the feature level. Both backbones were used
to extract deep feature representations and concatenated together before being fed into a
self-designed multi-layer perceptron classifier that allows the model to learn both local
and global discriminatory features. The suggested ensemble attained the state of the art
accuracy which was 99.85 percent on CK+ and 99.34 percent on FER2013 Cleaned. These
findings were much better than all individual transfer models, and they proved that the
ensemble approach was effective in enhancing the robustness, reducing misclassification,
and achieving scalability across datasets.

Not only does this study confirm the promise of ensemble deep learning in FER, but it
also provides a practical framework that can be built upon to deploy emotion-aware
applications in the real world, including healthcare, human computer interaction and
intelligent tutoring systems.

6.2 Limitation

Despite achieving strong results, several limitations remain in this study:

1) Dataset Diversity: The used datasets though widely known might not be sufficient
to capture the spontaneous expressions of various cultures, age groups and the
environmental contexts.

2) Computational Cost: Ensemble model involves extracting features of two deep
CNN backbones, and it thus has an overhead in computation and memory
consumption than single-model methods.

3) Real-World Testing: The system was assessed on benchmark datasets but it was
not properly tested in-the-wild, real-time, but noisy, occluded, and motion-blurred
conditions.
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4)

6.3

Subtle Expressions: Low-intensity and blended expressions are more complex and
are hard to identify correctly and can be misclassified.

Future Work

Future research can focus on the following directions to improve the proposed system:

1)

2)

3)

4)

5)

Increasing Dataset Coverage: The coverage of the dataset should be expanded to
include more and varied data with spontaneous, cross-cultural and real-world
facial expressions to better generalize.

Lightweight Optimization: Techniques to optimize computational requirements
can include pruning, quantization, and knowledge distillation, and make it run on
mobile or edge devices.

Temporal Dynamics Modeling: This will be achieved by extending the system to
video based FER with the help of hybrid CNN-RNN or Transformer models, which
will aid in capturing the difference in expressions over time.

Explainable AI (XAI): Transparency and trust can be promoted, particularly in
high-stakes applications, such as healthcare and education, by integrating
interpretability techniques, such as Grad-CAM, SHAP, or LIME.

Application Integration: Interactive application implementation of the proposed
system in driver monitoring, patient emotion tracking, or virtual assistants should
also be sought in order to check how well the proposed system works in practice.
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surfaced because they have a higher likelihood of false positives.

Disclalmier

DOur Al writing assessment is des
writing that is likely AL generated as Al generated and Al paraphrased or lkely AL generated and AI paraphrased writing as only AL generated] so it should not be used as the sole basis for
adverse actions agairst a student. I takes further sonuting and buman judomens in conjunction with 2n arganization’s apolicaticn of its specific academic polcies o determine whether any
atademic misconduct has ooourred.

Frequently Asked Questions

How shauld Tinterpret Turmitin's AT writing percentage and false positives?

The parcentage shawn in the AL writing report is the amaunt of qualifying text within the submission that Turnitir's A1 writing

detection model determines was aither likely Al-generated text from a large-language model or likety Al-generated text that was '
likely revised wsing an Al paraphrase toal o word spinner.

Faloe positives (incarredtly Magging human-writlen [exl as Al-genesated) are a passibility in A1 models,

Al detection scares under 20%, which we do not Swrface in new repors, have a higher ikelihood of Talse pasitives, To reduce the
likelingad of misinterpretation, ne soore of highlights are attributed and are indicated with an asterisk in the report (*%).

The A1 writing percentage should not be the sole basis o determine whether misconduct has occurred. The reviewerfinstructor
should use the percentage as  MEans 1 SIAr a formative conversation with their student andfor use it o examine the submitted
assignment in accordance with their sehosl's policies.

What does ‘qualifying text’ mean?

Dur model anly processes qualifying text in the form af [ang-ferm writing, Leng-form writing means individual sentences cantained in paragraphs that make up a
longer piece of written work, such as an essay, a dissertation, or an article, etc. Qualifying text that has been determinad 1o be likely Al-generated will be
highlightad in cyan in the submission, and likely Al-generated and then likely Al-paraphrased will be highlighted purple.

Non-gualifying text, such as bullet paints, annotated bibliographies, etc., will net be processed and can oreale disparity betwaen the submission highlights and the
percentage shown.
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ned to help educatars identity text that mighe be prepared by a generative Al toal. Dur Al writing assessment may not dways be acourate 1t may misidereify
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