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Abstract

In recent times, Al based emotion recognition also known as affective-computing
which is a burgeoning branch of artificial intelligence to some extent also helping
the computers to become more intelligent by scrutinizing the non-verbal signals
or sentiments of humans. An essential component of human-computer interaction
is emotion recognition, which has attracted a lot of interest recently because of
its potential uses in a variety of industries, including psychology, business, neuro-
marketing strategy, education, and entertainment. In this research, we propose a
combination of Convolutional Neural Networks (CNNs) and XGBoost algorithms on
Electroencephalogram (EEG) spectrogram images to propose an intriguing fusion-
based model for identify four different classsed emotion, namely happy, sad, fear, and
neutral. It has been researched that EEG signals hold important information about
emotional states, and spectrogram images offer a good way to visualize this informa-
tion. Before feeding the spectrogram images into the CNN-XGBoost model, Before
transforming the EEG data to RGB pictures, we first use a Short-Time Fourier
Transform (STFT). The XGBoost method is utilized for multiclass classification,
while the CNN retrieves pertinent features from the spectrogram images. On our
benchmark dataset called SEED-IV dataset which is publically accessible dataset
for EEG-based emotion identification, our proposed approach was validated and it
exhibited top-of-the-line precision and F1l-score results. To do this, we extracted
features from the signals using a range of feature extraction approaches, includ-
ing the Short Time Fourier Transformation, Discrete Cosine Transformation, Power
Spectral Density, Differential Entropy factors, and certain statistical traits. In order
to demonstrate that the model we suggest is better in terms of accuracy and com-
puting efficiency, we also conducted comparisons with a number of other well-known
models. The performance analysis demonstrates that the suggested CNN-XGBoost
fusion approach, which is based on spectrogram images, excels over conventional
feature-based CNN, LSTM, and various pretrained models, including the VGG16
and VGG19 methods. Our stated CNN-XGBoost fusion-based framework using
EEG spectrogram images delivers a promising method for precise and effective mul-
ticlass emotion identification, which has significant ramifications for facilitating the
development of future systems for human-computer interaction.

Keywords: Emotion, EEG, Spectrogram, CNN, XGBoost, Al, Affective-computing,
Human Computer Interaction.
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Chapter 1

Introduction

Emotion recognition plays a significant role in human communication and inter-
actions with both individuals and technology. While humans possess the ability
to infer emotions through various cues, such as facial expressions, body language,
and verbal communication, machines lack this innate understanding [1]. However,
as technology continues to become an integral part of our daily lives, the field of
emotion recognition, particularly through brain signals, has gained substantial at-
tention. The goal of this field of study, known as Brain-Computer Interfacing (BCI),
is to harness brain activities to communicate with and operate devices without using
conventional neuromuscular channels.

o &
=

Stimuli EEG CNN Emotion

Figure 1.1: Emotion Classification From EEG

Over time, BCI systems have undergone continuous improvement, leveraging ad-
vanced techniques like feature extraction, band extraction, scaling, and classifica-
tion models. The integration of wearable devices into everyday activities has further
enhanced the feasibility of BCI systems. Electroencephalogram (EEG) signals have
been widely used for emotion identification. However, challenges persist in inducing
emotional states and extracting optimal traits for accurate classification [2]. Addi-
tionally, the reliance on expensive medical-grade equipment [2] limits the practicality
of employing EEG signals for daily emotion analysis.

Although neuro network-based methods using visual and auditory inputs have been
investigated, they often have accuracy issues since human emotions are inconsis-
tently expressed via speech and facial expressions. Moreover, these techniques prove
inadequate for individuals who have difficulty articulating their feelings or engaging
in full interaction, particularly those with physical disabilities [3]. In this study,
our objective was to enhance the detection rate of emotion recognition using a cus-
tom Convolutional Neural Network (CNN) model. We employed the SEED-IV [4]
dataset, which contains a vast collection of EEG signals, and through our proposed



methodology, we achieved substantial improvements over the original detection re-
sults.

Our approach involved the development of a custom CNN model tailored for emo-
tion recognition. We trained the model utilising sophisticated methods, including
extraction of features, band extraction, expansion, as well as classification models,
by using the SEED-IV dataset [4]. Through extensive experimentation and refine-
ment, we successfully improved the detection rate, yielding highly accurate results.
The contributions of our research are significant in the field of emotion recognition.
By utilizing the SEED-IV dataset and employing a custom CNN model, we have
achieved remarkable enhancements in the detection rate, surpassing the results of
previous methodologies. These advancements have the potential to impact various
applications, including human-computer interaction, healthcare, and assistive tech-
nologies.

In the following sections, we will delve into the related works in emotion recogni-
tion, discuss our proposed methodology in detail, present the results and analysis
of our experiments, and conclude with an overview of the contributions and future
prospects of our research.

1.1 Problem Statement

In numerous disciplines, including psychology, business, neuromarketing strategy,
education, and entertainment, emotion recognition is fundamental. But it’s still
difficult to effectively discern and categorize emotions from non-verbal cues and hu-
man expressions. Traditional methods frequently rely on feature-based techniques,
which might not fully capture the complexity of emotions. Additionally, although
research on utilizing EEG spectrogram images for multiclass emotion classification
has been limited, the use of Electroencephalogram (EEG) signals for emotion de-
tection has received attention.To address these issues, an improved fusion-based
model is required to evaluate EEG spectrogram images, combining the advantages
of Convolutional Neural Networks (CNNs) with XGBoost algorithms. The model
can extract pertinent characteristics from the spectrogram images by incorporating
CNNs, while XGBoost techniques enable multiclass classification. This fusion-based
method presents a promising way to enhance the precision and efficacy of emotion
classification. Furthermore, there is a research void in the thorough investigation
and assessment of different feature extraction methods on EEG spectrogram images.
Methods such as STFT, DCT, PSD, DE factors, plus statistical factors have the po-
tential to enhance classification performance by removing essential information from
the signals. For emotion recognition methods to advance in the context of human-
computer interaction, several restrictions must be addressed. The outcomes of this
study will aid in the creation of systems for multiclass emotion recognition that are
more precise and effective. In turn, this will result in enhanced user experiences
and interoperability between humans and machines across a range of industries,
including business, education, entertainment, and neuroscience-based marketing.



1.2 Research Contributions

The purpose of this study is to develop a novel fusion-based approach for multi-
class emotion classification using convolutional neural networks (CNNs) and XG-
Boost algorithms. The main goal is to accurately detect four different emotion
classes—happy, sad, fear, and neutral—by using electroencephalogram (EEG) spec-
trogram analysis. Due to its numerous uses in psychology, business, neuromarketing
strategy, education, and entertainment, emotion recognition has attracted a lot of
interest as an essential part of human-computer interaction. This research intends
to improve the intelligence of computers by analyzing non-verbal cues and human
emotions and utilizing the potential of Al-based emotional computing.In order to
fulfill the objective of the study, it will first investigate how well spectrogram images
can represent emotional states and how EEG signals can be used to encode these
emotions. The benchmark dataset SEED-IV, a freely available dataset for EEG-
based emotion recognition, will be used to verify the proposed method. Precision,
F1l-score, accuracy, and computational efficiency will be used to assess the CNN-
XGBoost fusion-based model’s performance. In order to prove the superiority of the
suggested strategy, a comparison will also be made with other well-known models,
such as feature-based CNN, LSTM, VGG16, and VGG19. This study intends to
contribute to the development of accurate and powerful multiclass emotion recog-
nition techniques utilizing EEG spectrogram pictures by addressing these research
objectives. The preliminary results of this study have important ramifications for
developing human-computer interaction systems in the future. The key contribution
of this research are as follows-

o The following is a possible formulation of the study’s goal: to provide a fusion-
based strategy based on CNNs and XGBoost algorithms for precise multi-
class emotion categorization utilizing EEG spectrogram analysis. Through
the study of nonverbal signs and human emotions, the research intends to
improve computer intelligence and advance the field of human-computer in-
teraction systems by recognizing enhanced emotion recognition algorithms.
With reference to precision, Fl-score, accuracy, and computing efficiency, the
suggested method will be tested using the SEED-IV dataset. To show how
superior the proposed technique is, comparison analysis with other well-known
models will be done. For future developments in this field, the preliminary
findings of this study have significant ramifications.

e In the study, four emotions—happy, sad, fear, and neutral—are precisely iden-
tified using EEG spectrogram analysis. By using Al-based emotional com-
puting to analyze nonverbal clues and human emotions, the research aims
to improve computer intelligence. The SEED-IV dataset will be used in the
study’s verification process, and its performance will be evaluated based on the
proposed model’s precision, F1-score, accuracy, and computing efficiency. The
superiority of the suggested approach will be shown by a comparison with var-
ious models (including feature-based CNN, LSTM, VGG16, and VGG19). In
order to improve human-computer interaction systems, the project intends to
build precise and effective multiclass emotion identification tools. The study’s
preliminary findings have a big impact on how this field will develop in the



future.

We used a fusion-based method that combined the XGBoost and CNN algo-
rithms to enhance multi-class emotion classification. To represent and encode
emotional states, EEG spectrogram analysis was used. The benchmark used
to gauge the effectiveness of the suggested strategy was the SEED-IV dataset.
The use of performance evaluation criteria include accuracy, precision, F1-
score, and computing efficiency. To further emphasize the superiority of the
fusion-based approach, a comparison was done with other well-known mod-
els. Overall, this study used a fusion-based methodology, benefited from EEG
spectrogram analysis, made use of a benchmark dataset, applied performance
assessment criteria, and carried out comparison analysis to support the devel-
opment of precise and effective multiclass emotion detection methods.

Based on EEG spectrogram analysis, the method used convolutional neural
networks (CNNs) and XGBoost algorithms to precisely detect four different
emotions (happy, sad, fear, and neutral). The created model made use of
Al-based emotional computing’s capability to examine nonverbal cues and
human emotions. The goal of the project was to enhance emotion recognition
to increase computer intelligence in human-computer interactions. Metrics for
precision, Fl-score, accuracy, and computing efficiency were used to assess the
model’s performance. To demonstrate its superiority, the created method was
also contrasted with other well-known models as feature-based CNN, LSTM,
VGG16, and VGG19. The goal of the study was to enhance precise and po-
tent multiclass emotion identification algorithms across a range of industries,
including business, neuromarketing, education, and entertainment.

This study contributes in a number of important ways. First, it introduces a
brand-new fusion-based method for precise multi-class emotion categorization
using EEG spectrogram analysis, which combines CNNs and XGBoost algo-
rithms. It has uses in business, neuromarketing, education, entertainment, and
psychology as it increases the efficiency of emotion perception. By assessing
non-verbal cues and human emotions, the study also illustrates the potential of
Al-based emotional computing, hence increasing human-computer interaction
systems. Thirdly, the research shows how well the generated model performed
overall by comparing it to other recognized models and demonstrating its supe-
riority. Overall, this research studies Al-based emotional computing, improves
human-computer interaction systems, and develops emotion identification al-
gorithms.



Chapter 2

Literature Review

The study of the brain and nervous system, as well as cognitive psychology, neurol-
ogy, and neurophysiology, are all combined in the field of neuromarketing. Physi-
ological response coming from external stimuli, and marketing, which investigates
beneficial exchanges, can be used to explain how marketing influences customer and
consumer behavior as well as purchasing and decision-making processes [5]. More-
over, neuromarketing uses different tools to detect customers’ emotions or behaviors
toward any product. From several studies it is pretty obvious that the use of mul-
tiple methods or tools, that is the multi-modal approach to recognise emotions is
more effective than the unimodal method. Why our study is trying to focus on a
multi-modal strategy in neuromarketing when there are numerous studies on this
topic is one question that pops up. Simple answer is, multimodal has been utilized
in a number of research, but there are several drawbacks that might be addressed
with a modified, effective and more accurate model. As a result, the following sec-
tion also gives a quick description of the improved multi-modal method’s success in
neuromarketing, especially when compared to earlier efforts.

2.1 Related Works

In this section, prior pertinent research will be critically reviewed in the fields of
emotion detection and neuromarketing. Moreover, this section analyzes various
methods employed to achieve the primary goal and provides a brief summary of
multi-modal techniques used in neuromarketing in previous studies.

2.1.1 Fact-findings of commonly utilized technique of Emo-
tion recognition

A brand-new technique for emotion recognition was put out by Zhao et al. [6] that
employs RF signals to detect users’ emotions, collects users’ heart rate information,
and creates an algorithm to recognize users’ emotions.On the basis of brain-computer
interface, Atkinson et al. [7] created an emotional trait recognition model based on
EEG data [8].Additionally, MsEmoTTS, a numerous scales framework for emotional
language synthesis that is inspired by the hierarchical structure of prosody, was
suggested in a research paper. MsEmoTTS enables modeling of emotion at various
levels and various approaches to emotional speech synthesis. Numerous experiments
demonstrate that MsEmoTTS effectively creates emotional speech by anticipating



the feeling from text entered or simply transferring the emotion from reference au-
dio, and they also demonstrate that MsEmoTTS is able to be customized to create

emotional speech as desired [9].

Here is a summarized table of some approaches and results for emotion recogni-

tion.

Table 2.1: Emotion recognition different approach and successes

Methods

Performances

Using CNN-RNN and C3D Hybrid Net-
works, video-based emotion recognition

[10].

Achieved accuracy of 59.02%, which is
the highest level and without adding
any more video clips with labels for
emotions in the training set [10].

HoloNet: Towards Accurate Wild

Emotion Recognition [11].

57.84% on average recognition rate was
attained [11]

Technique for Semi-Supervised Learn-
ing (SSL) [12].

is at least 5.0 percent more successful
than traditional SSL techniques (abso-
lute gain) and performs well in the high
or low levels feelings of arousal catego-
rization (UAR = 76.5%) [12].

Data-driven approach to investigate ev-
idence of patterns of different emotion
classes [13].

Achieved a UW accuracy of 65.60%,
which is 1.90% better than the base-
line [13].

EEG-based emotional models employ-
ing transfer learning methods without
annotated selected data [14].

Positive emotions are more frequently
recognized (85.01%) than other ways,
while neutral (25.76%) and negative

(10.24%) feelings are frequently mixed
up [14].

2.1.2 Studies conducted using a multimodal approach to
emotion recognition

A study was carried out on searching for a solution on mental health issues. It was
suggested that users utilize an emotion tracking software to better understand and
control how they feel. There is a virtual assistant in this program that, when end
user are feeling down, will converse with them and offer upbeat remarks and sugges-
tions for enhancing feelings based on previous interactions. Additionally, It displays
the end user’s sentiment indicators throughout each week in order that they may
see whether they felt altered during the week. The program may also determine a
user’s emotions from their social media posts and display the positive and negative
aspects of their online image. Ionic Framework and Python Flask were used to
construct the application [15]. EmoCo, an interactive visual analytical system, was
suggested as an alternative paradigm to examine emotion coherence in presentation
videos across several behavioral modalities. Users may examine emotions at three
distinct levels of detail using this system’s five interconnected views (i.e., at the
clip, phrase, and letter tiers) [15]. To facilitate visual study of movies, it combines



cutting-edge designs with tried-and-true visualization approaches. To make it easier
to explore multimodal emotions and their connections inside a movie, in this area
of research, specifically suggest an augmented Sankey the clustering-based exten-
sion approach for observing the time evolution, and an illustration for analyzing
sentiment harmony. In this study [16] they offer a multi modal framework like the
above diagram. Our system’s capacity to provide effective and insightful analysis is
demonstrated by two usage scenarios based on interviews with two domain experts
and TED Talk recordings [17]. A sensation recognition method constructed around
constantly monitoring ECG and PPG data was proven in a different study [18].
These indicators are more widely available, easier to monitor, and more pleasant
than other signals like blood pressure and EEG. The best collection of features in
the period and amplitude domains were identified and retrieved to give an initial
48-dimensions input of information for an CNN framework featuring four layers of
convolution and a speedy subject-dependent learning cooperation. The performance
is on par with or better than comparable efforts, even with only two indicators be-
ing monitored. The aforementioned emotion detection system may be further in-
corporated at a computer-on-chip solution for actual time peripheral learning and
categorization off-edge. [18].

2.1.3 Works on Neuromarketing and Emotion Al

There is a literature review on neuromarketing and Al, as well as the present ap-
plication of Al in marketing studies using various technologies. Additionally, they
have chosen to investigate the effectiveness of facial expression identification utiliz-
ing Al-based tools in extracting and analyzing consumers’ emotions in response to
marketing stimuli. They also mentioned the employment of vision tracking systems
in upcoming projects [19]. The feature selection strategies used for neuromarketing
priority detection approaches were described in a later piece of work. They evaluated
how EEG indices affected the preferred state and spoke about several computational
intelligence feature selection methods. Four methods—PCA, ReliefF, mRMR, and
RFE—were employed to choose EEG features. All classifiers’ performance was found
to be enhanced by feature selection for EEG signals [20]. Additional research has
described the exact methods employed in neuromarketing. Eye-tracking, EEG, and
fMRI are some of the most popular methods used in academic and market research,
respectively. Additionally, it is noted that neuromarketing is unlikely to ever com-
pletely replace conventional tactics, but that it does and will continue to play a
crucial complementary function to the current qualitative and quantitative method-
ologies [5]. After evaluating several studies we can draw the inference that there are
many studies regarding human emotion detection and neuromarketing. However,
no study has been done using a multi-modal tool that consists of four parameters
(such as,facial expression, speech data, EEG signal, and eye tracker), which has
also been verified with the aid of a likert scale or valence arousal model. There are
some observations of the application of multimodal approaches to recognize human
behavior. We believe that our multi-modal strategy will be able to address many of
the issues with neuromarketing that have been raised in earlier research.



2.1.4 Review on SEED-IV Dataset

Both internal physiological reactions and external acts are ways that emotions are
expressed. Several signal modalities provide various facets of emotions, and com-
plementing data from a variety of modalities may be combined—instead of using
unimodal techniques—to create a system for more accurate emotion recognition.
This paper introduces EmotionMeter, a multimodal tool for electroencephalogram
and vision analysis of motion are used to determine feelings among individuals.
Comfort and practicality have been taken into consideration when designing a six-
electrode location above the ears that can be installed in a portable headpiece. When
compared to a single modality ( 70.33% for EEG and 67.82% for eye movements ),
Modality fusion, which blends multimodal deep learning with EEG and eye move-
ments, has been shown to greatly improve the accuracy of emotion categorization
(85.11%) It has also looked at how eye movements and EEG work together to recog-
nize emotions, as well as how consistently the recommended method works over time.
The quantitative evaluation’s findings proved that the suggested EmotionMeter tool
works well [21], [4].

2.1.5 Fact-findings of different machine learning techniques
of feeling identification

Numerous papers are conducted study on the human feeling identification among
them this paper [22] on the subject of feeling identification from electroencephalo-
gram signals, with an emphasis on different ML methods such as, an artificial neural
network which is called deep learning and another method they used which is char-
acterized by recalling and root memorization called shallow learning methods. The
authors emphasize the value of EEG-based feeling identification in enhancing the
field of HCI systems and its uses in cognition, affect detection, and sensation de-
tection.The paper attempts to give a systematic assessment of the procedures and
techniques used in recent studies in order to address the growing interest in this
topic. Modern emotion identification systems reported in the literature are thor-
oughly examined by the writers. To help researchers create successful frameworks
for emotion recognition systems, they provide an overview of the common proce-
dures involved in emotion recognition, along with pertinent terminology, theories,
and analyses. An artificial neural network based and memorization and recall based
approach are the two basic categories used to group the systems [22]. The research
compares these systems based on the techniques and classifiers utilized, the quan-
tity of categorized emotions, accuracy levels, and the datasets used. The authors
also give details regarding freely accessible datasets, analysis software, and tools,
as well as a useful comparison table and performance graphs. The report finishes
by reviewing current research trends in emotion identification from EEG signals
and making suggestions for future research trajectories. The paper aims to support
the development of efficient emotion recognition systems for real-life applications
by compiling and analyzing existing studies and serving as a valuable resource for
researchers interested in using deep learning or shallow learning techniques for EEG-
based emotion recognition [22].



2.1.6 Affective state recognition using fusion model facts

Several research has been conducted on fusion based model for emotion recogni-
tion among them this study [23] deals with the problem of identifying emotional
states in people using neuro biological signals. The authors provide a method for
distinguishing between arousal (ease or excitement), valence (positive or negative
mood), and dominance (helpless or in charge) [23]. This technique combines a
convolutional neural network (CNN) with Extreme Gradient Boosting (XGBoost).
DREAMER, a benchmark dataset that contains EEG signals as well as judgments
of one’s own performance, was employed in the study. The suggested procedure is
employing Short-Time Fourier Transform (STFT) to turn EEG signals into spec-
trograms, which are then transformed into RGB pictures. The features are then ex-
tracted using a 2D CNN trained on these spectrogram images and fed into a dense
layer of the neural network. The collected CNN features are then sent into the
Extreme Gradient Boosting (XGBoost) classifier, which divides the signals into var-
ious emotion dimensions. The authors use SVM and XGBoost classifiers to analyse
the accomplishment of the proposed technique with feature fusion-based algorithms
in order to assess it. The signals are subjected to a number of feature extraction
techniques, including FFT, DCT, and statistical features. To categorize various
emotion levels, feature-level fusion is carried out, and the fused features are then
used in SVM and XGBoost classifiers. According to the results of the performance
analysis, the CNN-XGBoost fusion technique based on spectrogram images achieves
better results than the feature fusion-based SVM and XGBoost approaches [23].
The suggested approach detects human emotions with high levels of accuracy, scor-
ing 99.712% for arousal, 99.770% for valence, and 99.770% for dominance [23]. The
research concludes by presenting a unique technique of human feeling identification
from electroenchepalogram signals utilizing image spectrogram fusion using convo-
lutional neural networks and extreme gradient boosting. The results manifest ap-
preciable advancements over feature fusion-based methods employing a fusion based
approach Support Vector Machine and Extreme Gradient Boosting classifiers. This
recommended method appears to have a high likelihood of success in determining
human emotional states, outperforming other experiments done on the same dataset.
The authors propose that, in order to further improve performance, future studies
should examine particular deep neural networks and other psychological cues [23].



Chapter 3

Description of Dataset

3.1 Description of Dataset

Zheng and Lu created the SEED dataset [24]. In [25], the SEED-IV dataset was
originally suggested. From a variety of sources, 15 Chinese movie clips representing
the emotions of happiness, neutrality, and sadness were selected as the stimuli for
the research. The subjects were informed of the complete experiment’s methods
prior to the assessment. Participants were instructed to view that the 15 chosen
footage during the experiments as well as to express their emotions. Four different
emotions—happiness, sadness, neutrality, and fear—as well as eye movement signals
were tracked in the dataset [21]. In all, 15 participants (7 males and 8 women) took
part in the tests. Each subject had three sessions across a number of days, with every
session containing 24 trials [21]. The participant watched one of the movie snippets
for each trial. The participants were given 45 seconds to offer input following the
viewing of a movie clip, followed by 15 seconds of respite. For the comparison
research in this publication, We utilize the identical SEED dataset subset as in our
recent chapter[26], [27], [28]. Electroencephalogram and vision fluctuation signals
can be found in the SEED dataset [4]. Using a 62-channel electrode cap and an
ESI NeuroScan technology that sampled at a rate of 1000 Hz, the neuro biological
data were acquired[21]. Eye movement signals were collected using SMI eye tracking
glasses. The trial’s timetable is shown in the section below:

Y

Hint of start Film clip Self-assessment

5s ~2 min 45 s

Trial K-2 > Trial K-1 | Trial K »| Trial K+1 > Trial K+2

Figure 3.1: Protocol trial.
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Table 3.1: The electroencephalogram (EEG) data dimensionality for the SEED-IV

datasets.

] de LDs1
[0 psd_LDS1

o] de_movingAvel
11 psd_movingAve1

62x42x5 double
62x42x5 double

62x42x5 double
62x42x5 double

Figure 3.2: EEG feature folder structure.

Hallmark Volume
No. of entrant 15
Volume of Stimuli 72
Video footage Video, audio
length of the footage 120 s
Entrant age 20 - 24
Recorded wave EEG
Channels 62
Sampling rate 1000 Hz
Score of Valance and arousal
Variable scoring scale -5 to b
Total data (15 x24 x3) = 1080
Spectrogram images | (15 x24 x3 x5) = 5400
Train images 3780
Test images 1620
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Chapter 4

Methodology

4.1 Methodology Workflow

4.1.1 Spectrogram Feature Based Methodology

Data Collection: The data for EEG signals is collected for emotion recognition
purposes. Signal Processing: The collected EEG signals undergo signal process-
ing techniques to prepare them for further analysis. Generate Spectrogram Images:
Spectrogram images are generated from the preprocessed EEG signals. These spec-
trograms provide a visual representation of the signal’s frequency content over time.
Feature Extraction: Short-Time Fourier Transform (STFT) is applied to extract
features from the spectrogram images. This process helps capture relevant informa-
tion about the frequency components present in the signals. Convolutional Layers
and Pooling: The extracted features are passed through convolutional layers, specif-
ically Conv2D layers, to capture spatial information. Pooling layers are also used to
reduce the dimensionality of the feature maps. Dropout and Batch Normalization:
Dropout layers are introduced to prevent overfitting, while batch normalization helps
normalize the input to each layer, enhancing the model’s stability and performance.
Dense and Flatten Layers: Dense layers are added to provide non-linear transforma-
tions and enable high-level feature learning. The flatten layer is used to reshape the
output from the previous layers into a vector. Classification: The reshaped features
are fed into classification models, including the Swin Transformer and XGBoost
algorithms. These models perform the final classification of the spectrogram im-
ages into different emotion classes. Classification Results: The classification models
generate results indicating the predicted emotions for the given spectrogram images.

In summary, the spectrogram data section involves data collection, signal process-
ing, spectrogram image generation, feature extraction using STFT, convolutional
layers, pooling layers, dropout layers, batch normalization, dense and flatten layers,
classification using the Swin Transformer and XGBoost models, and obtaining the
classification results.

4.1.2 Signal Feature Based Methodology

Data Collection: EEG signals are collected as the input data for emotion recog-
nition. Signal Processing: The collected EEG signals undergo signal processing
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techniques to prepare them for further analysis.Band Pass Filter: The signals are
filtered using a band pass filter to isolate specific frequency bands such as Delta,
Theta, Alpha, Beta, and Gamma. Feature Extraction: Features are extracted from
the filtered signals. Techniques such as Fast Fourier Transform (FFT), Discrete
Cosine Transform (DCT), Differential Entropy (DE), and Power Spectral Density
(PSD) are applied to capture relevant information about the frequency and power
characteristics of the signals. Classification: The selected and reduced features are
fed into classification models, including VGG16, VGG19, custom CNN, and LSTM
networks. These models are responsible for classifying the input signals into differ-
ent emotion categories. Classification Results: The classification models generate
results indicating the predicted emotions for the given input signals.

In summary, the signal data section involves data collection, signal processing, band
pass filtering, feature extraction using techniques such as FFT, DCT, DE, and PSD,
feature selection, LDA for dimensionality reduction, classification using models like
VGG16, VGG19, custom CNN, and LSTM, and obtaining the classification results.
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Signal Feature Based Classification

| Data Collection

h 4

| Signal Processing

|
v v

Band Pass Filter | | Band Pass Filter

|
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» Delta Theta | | Alpha | | Beta |(Gamma Generate Spectrogram Images [«
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Feature Extraction
FFT < > DCT
v
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¥ ¥
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¥ v
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Figure 4.1: An overview of proposed CNN-XGBoost fusion approach.
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4.2 Data Pre-Processing

We have pre processed our data in various ways below the brief description is given.

4.2.1 Signal Pre-Processing

Signals from electroencephalograms frequently contain a great deal of disturbance.
Therefore, a high percentage of ocular distortions occur beneath 4 Hz, muscle con-
tractions take place across 30 HZ, and electrical noise from the line take place
between 50 and 60 Hz [2]. It is necessary to reduce or get rid of the noise for a
more accurate analysis. In order to focus on a particular location, we must also pay
attention to the frequency range that gives us the signals brought on by stimuli.
A frequency spectrum from 4 to 30 Hz contains the data related to the emotion
recognition test [2]. In order to distinguish the band of interest from the electrical

noise in the waves, we used band pass filtering to gather sample values in the range
of 1-50 Hz.

FP1 FPZ Fp2

AF3 AF4
F7 F8

F6
FS F3 ) pzra F4

@FCS FC3 EC1 FCz FC2 FC4 FC6

c5 C3 Cl €z C2C4 C6
CPS cp3 CP1 CPZ CP2 (p4 CP6

p3 P1 PZ P2 py
p7 P3 P6 pg

08

Figure 4.2: EEG electrode layout of 62 channels

4.2.2 Pre-process using the technique Band Pass Filter

This technique are used to permit signals within some specific span of frequencies at
the time rejecting those above or below the desired frequency. The band-pass filter
combines the functions of a low pass and a high pass filter to filter out undesired
frequencies. Such a filter’s primary objective is to reduce the transmission range
of the signal, enabling us to choose the information we want, whereas utilizing the
required band of frequencies simultaneously cutting down on noise from bands we
won’t be using. Band-pass filtering was applied throughout the research approach
in this study. Both the feature-based and the spectrogram-image-based fusion ap-
proaches employ this filtering method to remove noise in the 1-50 Hz range. This
makes it easier in shutting out annoying noises. The five additional bands of delta,
theta, alpha, beta, and gamma will now be used to separate the signals of interest.
Because these are the bands that are most frequently employed for EEG signal pro-
cessing, these bands were chosen. Band boundaries are relatively arbitrary to define.
Our instance uses the following frequency ranges: delta between 1 and 4 Hz, theta
between 4 and 8 Hz, alpha between 8 and 14 Hz, beta between 14 and 31 Hz, and
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gamma between 31 and 50 Hz. We also create spectrograms for the interval between
the two values specified. In this case, spectrograms were retrieved from the data
using STF'T and then converted to Colourful pictures. Moreover, in this research we
used two methods to make smooth the raw EEG data. The two smoothing meth-
ods are Linear Dynamic System (LDS) and Moving Average (movingAve). Filtering
away noise and artifacts unrelated to EEG characteristics is done using these two
separate methods.

Raw EEG Signal Data Raw EEG Signal Data

-100

200

-300

—400

~500

(a) Trial 1 (b) Trial 2

Raw EEG Signal Data

200

-400

-600

(c) Trial 3

Figure 4.3: Raw EEG signal plotting before noise cancellation

4.2.3 Linear Dynamic System (LDS)

Systems are considered to have linear dynamics if their evaluation functions are
linear. Dynamical systems don’t typically have closed-form approaches, even though
linearly dynamical systems can sometimes be exactly solved and include a variety
of mathematical properties. The qualitative behavior of large dynamical systems
may also be explained by linear systems by identifying the points of balance of the
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system and estimating it to be a linear system near each of those points. The Linear
Dynamic System (LDS) uses the equation shown below.

n

X(t) =) (I x Xo) e (4.1)

k=1

where, X is the initial vector, 7y is the right eigenvector of matrix A and [ is the
liner combination of the right and left eigenvectors.

4.2.4 Moving Average (movingAve)

The moving average is an estimation tool for forecasting trends over time. In order
to average a collection of data from a specific range, the procedure involves moving
the range. The simple moving average (SMA) is a form of moving average (MA)
used in prediction of time series. It is established by mathematically averaging data
gathered over a set period of timeframe. It advances the window over a certain
period of time. The Moving Average (movingAve) formula is as follows.

MA= (a1 +as+...+ay)/n (4.2)

where, A is the average in period n and n is the number of time periods

4.2.5 Data Labeling

One person in our dataset participated in the experiment 24 times in one session,
while the entire experiment was carried out over the course of three sessions [21]. In
24 trials the expatriates play four different emotional clips such as, happiness, sad-
ness, fear, and neutrality randomly. every emotional video clip was played 6 times
randomly and we label our dataset on this basis.The demonstration of the labeling is:

Label:

The labels of the three sessions for the same participants are as follows,

sessionl_label = [1,2,3,0,2,0,0,1,0,1,2,1,1,1,2,3,2,2,3,3,0,3,0,3];
session2_label = [2,1,3,0,0,2,0,2,3,3,2,3,2,0,1,1,2,1,0,3,0,1,3,1];
session3_label = [1,2,2,1,3,3,3,1,1,2,1,0,2,3,3,0,2,3,0,0,2,0,1,0];

The labels with the numbers 0, 1, 2, and 3 stand for the truth, neutrality, sadness,
fear, and happiness, respectively [21], [4].

4.2.6 One Hot Encoding

One-hot encoding converts categorical information into a format that machine learn-
ing algorithms may accept as input. This critical pre-processing stage is required
for many machine learning initiatives. The goal of one-hot encoding is to convert
material from a categorical form to a numerical representation. Following the ordi-
nal encoding of the category variables, each integer value is represented as a binary

17



vector with all other values of the vector being zero except from the integers’ po-
sition, which is labeled with a 1. In other words, this is a method for turning a
category feature with string labeling into K nominal attributes so that the value
of the remaining (K-1) features is 0 and the outcome of one of the K (one-of-K)
characteristics is 1. It is often referred to as "dummy encoding” since the features
generated as a result of these methodologies are dummy features that do not repre-
sent any real-world characteristics. They were instead created to employ fictitious
numerical qualities to encode the different category feature values. Take a look at a
dataset that contains information on several vegetable kinds. Each vegetable type
would have its own column in one-hot encoding, with a value of 1 denoting that the
rows contain information about that product and a value of 0 denoting that they
do not.

One-hot encoding might be accomplished using the Pandas module for Python.
Using the "get dummies” function provided by the Pandas package, data may be
one-hot encoded. Additional approaches are available, such as one-hot encoding
using the OneHotEncoder class from the sklearn.preprocessing package. Data that
has been one-hot encoded is also known as dummy data. Dummy data makes ma-
chine learning models easier to employ since it does not need special processing of
categorical variables.

The categorical characteristics must be translated or turned into numerical features
using the one-hot encoding method in order for machine learning libraries to use
the values to train a model. Although many machine learning frameworks already
accomplish this internally (as fake features), it is still advisable to explicitly translate
this category data into numerical features.

4.2.7 Converting dataset from .mat format to .csv format

In our work we generate the spectrogram from the data for our convenience. We
transform the dataset into Comma-separated values (CSV) file format. For that
we used Python’s scientific computation library SciPy, Pandas as a dataframe and
NumPy. First of all, we load our .mat file and convert that into the .csv format with
the help of Pandas dataframe.

4.3 Feature Extraction

In this section, what kind of feature extracted from the data will be critically describe
with the methods. It provides a brief summary of the feature extracted from the
data.

4.3.1 Fast Fourier Transformation (FFT)

One of the most beneficial techniques for processing diverse signals is the fast Fourier
transform [29],[30],[31], [32],[33]. We used the fast fourier transform method to
compute a set of discrete fourier transforms. The FFT roots are evaluated according
to their ability to function in the frequency domain, whether in the temporal or
spatial dimensions. The FFT may also be used to get the O(NlogN) answer, where
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N represents the vector’s magnitude. A signal in the N time domain is split into N
individual signals in a single step. In the second step, we estimate the periodicity
band of the N in the time-domain signals. The N spectral was finally synthesized to
produce a single- frequency constant to expedite the convolutional neural network’s
learning process. The FFT equations are shown in the following

N-1

H(p) =) r(t)WE' (4.3)

t

r(t) = H(p)Wy™ (4.4)

p=0

where, H, represents the Fourier co efficients of r(t).

4.3.2 Mobility

This variable either indicates the median frequency or the spectrum’s fractional
natural dispersion. Its formula is the value of the square root for the dispersion of
the y(t) signal’s first derivative divided by y(t). This is the action’s notation:

var(y (1))
var(y(D)) (45)

4.3.3 Complexity

The frequency shift is reflected by the parameter. Te compares how closely the
signal resembles a pure sinusoidal wave, with a value of 1 if the signal is more
similar. Below is a marker for activity.

mobility(y (t))
mobility(y(t))

(4.6)

4.3.4 Statistical Features

Statistical is the branch of mathematics that deals with the processing of data for
scientific or practical purposes. We focus on the mathematical outputs of our work
with information-based data with statistical features. By studying statistics, we
may have a better understanding of the methods that can be used in conjunction
with this data to provide more reliable and well-structured results in the field of data
science. Statistical methods have been used in several research of emotion analysis
[34], [35], [3].

4.3.5 Power Spectral Density (PSD)

The average periodogram is evaluated using the Welch technique, a modified seg-
mentation system, which is utilized in articles. A time series is subjected to the
Welch technique. Its main goal is to lessen the fluctuation in spectral density read-
ings.PSD identifies the substantial frequency range differences and may be very
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helpful for future study. The Welch approach of the PSD is commonly defined using
the next power spectrum equations:

_ ;,Mz p—
M

(4.7)

Pwelch(f) - %Z P(f) (48)

Here, the definition of the density equation comes first. Welch Power Spectrum
then suggests that the average time is reported for each interval. To determine the
PSD of the signal, we used the Welch technique. Each band’s mean power has been
determined from that.
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Figure 4.4: EEG signals data after applying PSD
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4.3.6 Differential Entropy (DE)

After downsampled the EEG data at 200 Hz sampling rate we extract differential
entropy (DE) features within each segment at 5 frequency bands: 1) delta: 1-4 Hz;
2) theta: 4-8 Hz; 3) alpha: 8-14 Hz; 4) beta: 14-31 Hz; and gamma: 31-50 Hz [21].
The calculation of DE of a random variable x is [36], [37], [3§]

DE = — /OO P(x)In(P(z))dx (4.9)
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Figure 4.5: EEG signals data after applying DE
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4.3.7 Discrete Cosine Transformation (DCT)

With this technique, each cosine value is represented by a set number of points over
a range of frequencies; it is used in research [39], [40],[41], [42]. The Discrete Cosine
Transformation (DCT) is often used to the coefficients of a recurring, proportionately
stretched pattern in the Fourier Sequence. DCT is the most popular TDAC in the
field of signal processing.. The signal’s imaginary part is zero in both the temporal
and spectrum spaces. Instead of being asymmetrical as in the mind’s eye, the real
part of the spectrum is more like a circle. The following equation may be used to
convert between standard frequencies and mel frequencies.

«— T 1
X, = nZ:; TpCOS [N(n + i)P} (4.10)

Where, N is the list of real numbers and X, is the set of N data values.

4.4 Spectrogram Feature Extraction

Following data pre-processing, we employed a variety of feature extraction tech-
niques for our CNN-XGBoost fusion-based strategy, which we will cover below, as
well as our feature-based approach.

4.4.1 Short-Time Fourier Transform (STFT)

Although the time series is transformed using a Short-Time Fourier Transform
(STFT) into a time-frequency diagram, a Convolutional Neural Network (CNN)
is usually utilized to analyze pictures. It classifies pictures with fully linked layers
after utilising multilevel pooling and convolution to extract relevant information
from input photos. Using the filtered signal, which has a frequency range of 1 to 50
Hz, we computed the STFT and converted it into RGB pictures. In addition, we take
the sampling frequency rate of EEG signal of 1000 Hz and the window size of 150
per segment. Below figures displays some of the produced photos. Time series EEG
signals are often transformed using the wavelets techniques and FT, both of which
we have included into our method. However, to maintain the accuracy of the source
information, electroencephalogram transformation have to be done at the domain
of period and frequency. Consequently, STFT is the best approach to preserving all
possible anesthetic characteristics of the EEG data. The signal’s spectrograms were
retrieved using STFT, and the following equation is provided:

79 = eI W (n)e™ ™ x x(n)] (4.11)

where, e77%" is the signal modulating the output of a complicated bandpass filter.
Using the aforementioned formula, we determined the STFT of the filtered signals..
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Figure 4.6: Spectrogram images generated from EEG signals

4.5 Signal Feature Based Classification Models

To achieve the highest accuracy we have implemented variety of machine learning
algorithms. In this section, it will provides the brief summary of the algorithms.

4.5.1 VGG16

Convolutional Neural Network (CNN) model VGG16, also known as the Visual
Geometry Group model, paved the way for several significant developments when
it comes to visual computing. Karen Simonyan and Andrew Zisserman [43] first
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proposed the model in the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) in 2013. A pooling layer that reduces the image’s height and breadth
is followed by some of the 16 convolutional layers that make up VGG16.
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Figure 4.7: Basic Structure of VGG16

An adaptation of the VGG16 model architecture was used to create one of our
emotion detection models.We have established the picture dimensions 224 x224x3
in detail using the parameters derived from the already trained ImageNet network.
In addition, a new Dense layer with softmax activation has been added in alternative
of the original architecture’s final Dense layer.

4.5.2 VGG19

VGG-19 has become the name of a convolutional neural network with 19 layers. A
previously trained version of a network that was successfully learned upon over one
million images is included in the ImageNet database [44]. A number of animals, a
keyboard, a mouse, and a pencil are just a few of the 1000 distinct categories of
products that the previously trained system can classify images into. As a result,
the network now includes vast feature representations for a range of images. It will
accept photos with a 224 by 224 resolution.

An adaptation of the VGG19 model architecture was used to create one of our emo-
tion detection models. We are using the weights of the pre-trained ImageNet model.
Provides input of fixed size of 224 x224x3 RGB image. The only pretreatment done
was to determine the average RGB value for every single pixel across the entire ex-
perimental collection. Used kernels of (3x3) size, This allowed them to completely
hide the idea of the photo. Max pooling was carried out with stride 2x2 by 2 pixel
frame. Following this, a rectified linear unit (ReLu) was employed to introduce
nonlinearity into the model, improving categorization sensitivity and the speed of
computation. This model performed quite superior to prior models that used tanh
or sigmoid functions. Lastly, softmax activation has been added in alternative of
the original architecture’s final Dense layer.
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Figure 4.8: Basic Structure of VGG19

4.5.3 Neural Networks

Deep learning (DL), a branch of machine learning (ML), is built on neural net-
works, and its methods are modeled after the structures of the human brain. Neural
networks essentially function by learning from data, identifying patterns, and then
forecasting the results of a fresh collection of data.
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Figure 4.9: Basic Structure of Neural Network

The basic components of a neural network are a layer of input, a layer of output,
and a number of layers which are hidden. After that input layer gets the inputs and
the layer of output predicts the outcome, the hidden layers do the necessary compu-
tations to produce the output. Each layer contains neurons, it’s called the network’s
main processing units. A weight, which is a numerical number, is assigned to each
of the channels that link these neurons from one layer to another. After multiplying
the data inputs by the respective weights, the total is provided as a parameter of
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input into the layer that is hidden. Every single one of those neurons is now once
more coupled to the bias, a numerical value in that layer. Now, this sum is subjected
to the activation function, a threshold function. The activation function determines
the activation state of a particular neuron. The information is transmitted by the
neurons in this manner all the way to the output layer. Forward propagation is
the term for this transmission technique. The projected value in the output layer is
ultimately chosen as the neuron with the highest value. There will unavoidably be
errors, though, because they are only possibilities. Here is where the training phase
comes into play. The errors and the actual outputs are compared, and the results
are then communicated back to the network. In light of this, the weights and bias
are adjusted.

4.5.4 Customized Convolutional Neural Network (CNN)

A computerized network of neurons that has been specifically trained to recognize
or detect patterns is called a convolutional neural network, or CNN for short. CNNs
are very valuable tools for doing image analysis as a consequence of this pattern
discovery. The feature that distinguishes CNNs from other varieties of neural net-
works is the usage of convolutional layers, which are hidden layers in CNNs’ terms.
Convolutional neural networks (CNNs) are composed mostly of convolutional lay-
ers, while they may also typically incorporate extra layers that aren’t related to the
convolutional process. A convolutional layer is one that accepts input, alters it in
some way, and then delivers the altered data to the layer below it. The phrases
input channels and output channels are used to describe, respectively, the inputs
and outputs of convolutional layers.
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Figure 4.10: Basic Structure of Convolutional Neural Network

The change that occurs when dealing with a convolutional layer is known as a
convolution operation. In any case, deep learning professionals refer to it in this
manner. Cross-correlations, as they are known in mathematics, are carried out by
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convolutional layers. Convolution is a sort of operation that this is. To identify
patterns in photos, one method is to employ convolutional neural networks. Every
convolutional layer’s necessary amount of filtration must be provided. The patterns
are correctly found using these filters.

4.5.5 Long Short-Term Memory (LSTM)

The LSTM (long short-term memory) network is a typical RNN (recurrent neu-
ral network) type for learning consecutive data prediction tasks. Similar to other
neural networks, LSTMs have a number of layers that assist learning and pattern
recognition to enhance performance. The fundamental purpose of an LSTM may
be understood as maintaining the data you require and rejecting the data that you
require but will not be helpful for making future predictions. ANetworks based on
LSTM come in a variety of forms, however they may typically be categorized into
three categories. LSTM forward pass, LSTM reverse pass, Bi-LSTM. In contrast to
bidirectional LSTM, which processes information on both sides to maintain it, the
forward pass and backward pass LSTM are unidirectional, processing information
in only one direction, either on the front side or on the rear. Each of the LSTM
types previously mentioned functions in accordance with a fundamental framework.
A basic LSTM model architecture may be broken down into numerous pieces.
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Figure 4.11: Basic Structure of Long Short-Term Memory

One of LSTMs’” most notable characteristics is its capacity to remember and recog-
nize incoming information and to reject that which is not required by the system
to acquire facts and generate projections. This gate results in this LSTM attribute.
It assists in deciding whether information can pass across the layers of the network.
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Data through the previous layer as well as data from the presentation tier are the
two different sorts of data entry that are anticipated through a system of network.

4.6 Spectrogram Feature Based Classification Mod-
els

4.6.1 Swin Transformer

One variety of Vision Transformer is the Swin Transformer. Hierarchical feature
maps are produced by integrating image patches in deeper levels. Since attention
to oneself estimations being limited to each local window, it has linear computing
complexity for input image size. Thus, it may act as a general-purpose foundation
for applications like dense recognition and picture categorization. As a result of
computing self-attention globally, earlier vision Transformers construct mappings of
features at one poor quality with a polynomial computationally demanding initial
picture dimension.
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Figure 4.12: Basic Structure of Swin Transformer

Patches are still employed, similar to the ViT paradigm. Unlike ViT, where all
patches are the same size (16x16px), Swin uses a variety of patch sizes in its first
Transformer layer. The model merges these layers into bigger ones in the deeper
levels. The image is broken up into patches that are each 4 pixels by 4 pixels.
Each patch has a three-channel, vibrant image. Consequently, a patch has a 48-
dimensionality total feature. Therefore, 4x4x3 equals 48. Then, it is sequentially
transferred into the C-dimensional space, which is the one you choose. The output
is then merged by the merging layer. Concatenating the vectors of numerous 2x2
neighbouring patch groups. The focusing window alters every time in respect to the
layer preceding it. For instance, these parts are relocated in the subsequent layer
(as in strided convolutional) if the initial layer’s attention was solely on the area
surrounding these areas. Patches that previously displayed in distinct frames and
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remained unwilling to interact are capable of doing that on the second layer. These
created patches are combined in the layer of merging. This phase is repeated based
on how many levels are chosen.

4.6.2 Extreme Gradient Boosting (XGBoost)

A machine learning approach called Extreme Gradient Boosting (XGBoost) com-
bines the predictions of multiple weaker models in order to properly predict an
objective variable. This serves as a standard, quick, high-performance data extrac-
tion method. The Extreme Gradient Boosting model computes ten times faster
than the Random Forest model. The mixture tree approach was used to create the
XGBoost model, which requires adding a new tree at every stage to go along with
those that previously constructed. The accuracy often increases as more trees are
created. After applying custom CNN to our suggested model, we applied XGBoost.
From the trained layer of CNN, various characteristics were retrieved. Then, we
classified all of the dimensions of emotion using Extreme Gradient Boosting on the
basis of the returned features. Extreme Gradient Boosting employs the following
formulae.

Flm) % F(R) + £ (B)om — ) + 3 (K)om — b)? (112
£0 2 3 [an ) + rifulm) + 3 fEm)] + Q) +C (@413

where C' represents as Constant, r; and s; are represents as,

re= 950 . / (20,27 (4.14)

s =05V / (25, 571 (4.15)

The exact goal at step b changes once all of the constants have been eliminated.,

n

Z [Tift(mi) + %Siff(mi)] +Q(f) (4.16)
where,
) =P+ 2D 72 (117)

4.6.3 A Customized Deep Convolutional Neural Network
for Training

A particular kind of deep neural network called a convolutional neural network
(CNN) is used in deep learning to interpret visual images. The CNN-XGBoost fu-
sion method that we propose uses a general, two-dimensional Convolutional Neural
Network model. Before employing this CNN architecture, Through restricting the
wavelength band holding significant signaling, we were able to produce spectrum
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pictures, which is between 1 and 50 Hz. Next, we compute STF'T of the electroen-
cephalogram data, transmute them to pictures of spectrograms, and then retrieve
attributes using a 2D convolutional NN. Then training the algorithm with 2D convo-
lutional layers using the resulting spectrogram pictures. A dense layer is then used
to retrieve the learnt features from the learning layer. The Convolutional Neural
Network (CNN) described below which we suggest to train the proposed model.

4.6.4 Conv2D Layer

The most essential properties, such as edges which extend continuously and in a
diagonal fashion are often extracted from initial layer. The following layer receives
this knowledge and is in charge of identifying more intricate properties like edges
and mixed borders. In addition, we explore the network further, it can detect
increasingly complex items, including objects, faces, and other things. The layer
used for classification generates a number of assurance scores (those between the
which vary from 0 to 1) on the final convolution layer that indicate the probability
that the picture corresponds to an identifiable category. We identified the classes in
our proposed technique using three Conv2D layers.

4.6.5 Pooling Layer

Reducing the size of the space occupied by the convolved features is the responsibility
of the pooling layer. By making the data smaller, the amount of processing power
required is reduced. The two categories of pooling are average pooling and maximum
pooling. Max pooling was employed because it produces better results than average
pooling. It calculated highest possible score of a picture elemnet from a portion
of the picture that the kernel covered using another layer called max pooling. It
removes all spurious events, reduces dimensionality, and de-noises the signal. The
following formula may be used to express any pooling function in general.

q§l+1) = Pool(qgl), ...q§l), ..qY), qieRj(.l) (4.18)
where, R;l) is the layer I's jth pooled area, and Pool() is a pooling function over
that region.

4.6.6 Dropout Layer

In order to reduce overfitting, we added two dropout layers. When the reduction
rate and dropout rate decline, the accuracy will continue to get better. Some of the
maximum pooling’s results are arbitrarily chosen and totally disregarded. They are
not carried over to the next tier.

4.6.7 Flatten Layer

A flatten operation must always be carried out following a sequence of 2D convo-
lutions. Data is flattened into a one-dimensional array so that it may be processed
further. We flatten the output of the layers of convolution to produce a single long
feature vector. It additionally has a connection to the general classification structure
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4.6.8 Dense Layer

Dense offers the neural network a layer that is fully connected. Every the neurons
with outputs from the layer above are sent to each neuron in the preceding layer,
the layer above receiving a single outcome from every single neuron. With this CNN
architecture, the approach we propose uses a variety of kernels in order to obtain
key characteristics from the convolution layer. producing various feature maps. The
CNN model has a completely linked layer at its conclusion. Then the last output
of the fully linked layer creates the expected class labels for emotions. To extract
this many features, we added a dense layer of 250 units after the training layer in
accordance with our suggested methodology.

4.7 Hyper-Parameters and Auxiliary Functions

The model hyper-parameter and auxiliary functions are as follows

4.7.1 Kernel Size

The word ”step size” refers to the extent of the filter’s sliding, whereas "kernel
size” refers to the size of the filter’s orbit around the feature map. Maintaining
a kernel size of 3x3 or 5x5 is standard in this situation. Without information of
the surrounding pixels, the feature recovery would be local and fine-grained. The
convolution layers’ kernel size was set at 3.

4.7.2 Filter Size

Small matrices known as filters include weights or other characteristics that are
learnt during training. Edges, textures, and forms are just a few examples of the
patterns or elements in the picture that these filters are intended to find. The size of
each filter is often smaller than the input picture. The filter size in the convolution
layers was set to 64 and 32.

4.7.3 Padding

Padding is the number of dots that are included on a picture before the CNN
kernel processes it, is advantageous for convolutional neural networks (CNNs). For
instance, if a CNN’s padding has been configured to 0, any extra pixels will be given
the value 0. We didn’t change the padding for our model kept it the same

4.7.4 Optimizer

Optimizers can be helpful when trying to get a model to run reasonably efficiently.
They have traditionally been applied to improve the model’s efficiency while lowering
the inaccuracy caused by loss functions. These enable adjusting the weights and
learning rate of a neural network to reduce losses and improve effectiveness. A
model can benefit from a variety of optimizers to improve performance. Adaptive
Moment Estimation (Adam), Root Mean Square Propagation (RMS-Prop), Mini-
Batch Gradient Descent, Gradient Descent, Stochastic Gradient Descent, etcetera.
are some optimizers that can help a model to increase its performance.
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Adaptive Moment Estimation (Adam)

Adam, or adaptive moment estimation, is a well-known, straightforward stochastic
gradient descent optimizer. In the disciplines of computer vision and natural lan-
guage processing, it is also well-liked. More specifically, adam is an algorithm that
enables the computation of adaptive learning rates for each parameter. Compared
to RMS-Prop and AdaDelta, adam will be easier to apply in our scenario because
it is more computationally efficient, needs less memory, is well-suited to problems
with large amounts of data and parameters, and can produce good results quickly.
Additionally, the starting decay rates provided in and affect the optimizer’s learning
rate. As a result, in our experiment, we utilized Adam to improve the pre-trained
VGG16 and VGG19 with a learning rate of and the suggested CNN-XGBoost model
with a minimum learning rate of 0.00001.

4.7.5 Activation Functions

An example of a sort of function that helps the neural network understand complex
patterns in input and determine its output is activation functions. These functions
help determine which parameter values should be passed on to the following tier of
levels and are usually located near the conclusion of a layer. These functions also
increase a model’s output, accuracy, and computational effectiveness. We have used
LeakyReLU in the pre-trained model such as VGG16 and VGG19 and in our pro-
posed CNN-XGBoost model we used ReLLU as an activation function. The equation
of ReLU function is

ReLU(z;) = max(0, z;) (4.19)

Leaky Rectified Linear Unit (LeakyReLU)

A piecewise linear function called the ReLLU, or rectified linear activation function,
outputs the input directly if it is positive and zeros otherwise. ReLLU and LeakyReL.U
may be distinguished and explained using the straightforward graph shown below

fo)=0 y

Figure 4.13: ReLLU and LeakyReLU activation functions

The Leaky Rectified Linear Unit, or LeakyReLU, is totally derived from ReLU, with
the exception that it has a very small slope for negative values as opposed to a flat

slope. Because they expedite training and solve the dead ReLLU problem that may
arise if we utilized ReLU instead of LeakyReLU.

32



4.7.6 Softmax

Softmax activation outperforms sigmoid activation when it comes to multi-class
classification. For multi-class problems with categorization, the sigmoid function
shouldn’t be utilized since the odds are uncertain and do not account for the prob-
abilities of the other classes.

4.7.7 Summary of Hyperparameter

Table 4.1: Summary of Hyperparameter

Hyperparameter value
Learning Rate 0.00001
Batch Size 32
Number of Epochs 100
Optimizer Adam
Data Augmentation | padding=same
Loss Function CrossEntropyLoss

4.7.8 Loss Functions

The difference between the predicted result and the result produced by any particular
model is effectively quantified by loss functions, from which gradients may be formed
to change the weights for the following layer. There are many distinct loss functions,
such as mean squared error loss, mean absolute error loss, binary cross-entropy
loss, hinge loss, squared hinge loss, multi-class cross-entropy loss, categorical cross-
entropy loss, sparse categorical cross-entropy loss etc., each having a particular
functional purpose. In our research work as we are doing multiclass classification so
we used categorical cross-entropy loss and sparse categorical cross-entropy loss.

Categorical Cross Entropy

Categorical cross-entropy is a well-known loss function in issues of multi-class classi-
fication. Additionally, one-hot encoding of the labels makes categorical cross-entropy
most effective. Our use of one-hot encoding to represent our string labels numerically
was briefly covered in the Data Pre-processing section. As a result, we employed
categorical cross-entropy as a loss function in the VGG16 and VGG19 pre-trained
emotion detection models

Lce - - Z EZOQ(SZ) (420)

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

Sparse Categorical Cross Entropy

Sparse categorical cross-entropy is a well-known loss function in issues of multi-
class classification. Truth flags in sparse categorical cross-entropy generally numeric
stored, such as, {1}, {2}, {3}, {4} for 4-class problem. Both the categorical and
sparse cross-entropy equations are same the major difference is in sparse categorical
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cross-entropy the truth table is integer encoded and in categorical cross-entropy the
truth table is one-hot encoded. We used this sparse categorical cross-entropy in our
proposed CNN-XGBoost model.
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Chapter 5

Results and Discussion

5.1 Performance Metrics

The evaluation of the trained model’s effectiveness has been discussed in this chapter.
Accuracy, F1 score, precision, and recall are some of the main standards we’ve
defined for measuring the performance of our trained models. With the use of a
confusion matrix, we were able to see the classification results.

5.1.1 Confusion Matrix

The prediction result is summarized in the confusion matrix together with the count
values of the right and wrong guesses. The weakness of depending entirely on classi-
fication accuracy is overcome by the breakdown. The four metrics in the confusion
matrix are True Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN).

Positive Negative

Expected
1 2 3 4
TP FP - 7 Expected

Positive

Predicted
~
|

Predicted

DD

Negative

Figure 5.1: Metric of Confusion Matrix example

5.1.2 Recall

Recall, a metric for comprehensiveness, is a way to quantify a classifier’s accuracy.
False negatives are less common when memory is strong, but they are more frequent
when recall is poor. Since accuracy decreases as the size of the data point increases,
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increasing recall might occasionally result in less precision.

Tp

—_— 5.1
T 1 b (5.1)

recall =

5.1.3 Precision

Precision is measured by the proportion of properly recognized samples to all samples
that were correctly or incorrectly classed as positive. The model’s precision is a
metric for how effectively it can determine whether a sample is positive or negative.
Less accuracy leads to more of these inaccurate readings, whereas more precision
implies fewer false positives.

Tp

precision = To i F» (5.2)

5.1.4 F1 Score

The F1 Score measures the best trade-off between a classification model’s accuracy
and its capacity to accurately identify instances of value.

recision X recall
F1Score =2 x P

(5.3)

precision + recall

5.1.5 Accuracy

Accuracy enables the accurate measurement of both good and negative events.

Tp+ TN
A = 100 5.4
ceuracy To T To t Fo T Fu X (5.4)
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5.2 Performance Evaluation of Spectrogram Fea-
ture Based Classification

5.2.1 Proposed CNN-XGBoost model performance
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Figure 5.2: Line graph of CNN-XGBoost model accuracy

Model loss
— Train
10 | Test
8 <
2 67
3
4 -
2 -
\‘—‘—n—__
0 -
T T T T T T T
0 5 10 15 20 25 30
Epoch

Figure 5.3: Line graph of CNN-XGBoost model loss

For our proposed CNN-XGBoost model we have initiated with 30 epochs. From
the initial epoch the training accuracy of the dataset is gradually increasing and
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it reaches 99.94% at the last epoch. On the other hand, for the test dataset the
accuracy is clicked the highest among all the experimented model about 79.43%.
Which is better than our other compared fusion model CNN+Swin Transformer. On
the other hand, for our proposed CNN-XGBoost model, the loss graph is gradually
decreasing.

fear

happy -

true label

heutral - 3 7

sad - 3 5

fear happy neutral sad
predicted label

Figure 5.4: Confusion matrix graph of CNN-XGBoost model

When it comes to categorizing data, the effectiveness of a classification approach is
displayed in the form of a confusion matrix, which demonstrates how effectively a
categorization system performs in actual use. The effectiveness of a classification
system is demonstrated and condensed in the confusion matrix.

Confusion matrix given above, observing that the Y-axis indicated the real labels,
and the X-axis indicated the predicted labels by proposed CNN-XGBoost model.
This model correctly predict 80 classes, 77 classes, 71 classes and 77 classes of fear,
happy, neutral and sad emotions respectively.

5.2.2 Custom CNN model performance

For our custom CNN model we have initiated with 50 epochs. From the initial epoch
the training accuracy of the dataset is gradually increasing and it reaches 79.94% at
the last epoch. On the other hand, for the test dataset the accuracy is clicked about
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Figure 5.6: Line graph of Custom CNN model loss

72.66%. Which is the second best in our compared models. On the other hand, for
our Custom CNN model, the loss graph is gradually decreasing.
When it comes to categorizing data, the effectiveness of a classification approach is
displayed in the form of a confusion matrix, which demonstrates how effectively a
categorization system performs in actual use. The effectiveness of a classification
system is demonstrated and condensed in the confusion matrix.

Confusion matrix given above, observing that the Y-axis indicated the real labels,
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Figure 5.7: Confusion matrix graph of Custom CNN model

and the X-axis indicated the predicted labels by our Custom CNN model. This
model correctly predict 67 classes, 78 classes, 69 classes and 65 classes of fear,
happy, neutral and sad emotions respectively.

5.2.3 CNN+Swin Transformer model performance

For our another fusion CNN+Swin Transformer model we have initiated with 50
epochs. From the initial epoch the training accuracy of the dataset is presenting a
scattered line and it reaches just only 41.94% at the last epoch. On the other hand,
for the test dataset the accuracy is clicked the second lowest among all the experi-
mented model about 40.00%.0n the other hand, For CNN+Swin Transformer model,
the loss graph is very scattered compared to our main proposed CNN-XGBoost
model.

When it comes to categorizing data, the effectiveness of a classification approach is
displayed in the form of a confusion matrix, which demonstrates how effectively a
categorization system performs in actual use. The effectiveness of a classification
system is demonstrated and condensed in the confusion matrix.
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Figure 5.8: Line graph of CNN+Swin Transformer model accuracy
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Figure 5.9: Line graph of CNN+Swin Transformer model loss

5.3 Performance Evaluation of Signal Feature Based
Classification

5.3.1 VGG19 performance

For pre-trained VGG19 model we have initiated with 100 epochs. From the initial
epoch the training accuracy of the dataset is gradually increasing and it reaches
95.93% at the last epoch. On the other hand, for the test dataset the accuracy
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Figure 5.10: Confusion matrix graph of CNN+Swin Transformer model
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Figure 5.11: Line graph of VGG19 accuracy

is clicked about 63.66%. On the other hand, For VGG19, the loss graph is very
scattered compared to our main proposed CNN-XGBoost model.

When it comes to categorizing data, the effectiveness of a classification approach is
displayed in the form of a confusion matrix, which demonstrates how effectively a
categorization system performs in actual use. The effectiveness of a classification
system is demonstrated and condensed in the confusion matrix.

Confusion matrix given above, observing that the Y-axis indicated the real labels,
and the X-axis indicated the predicted labels by pre-trained VGG19 model. This
model correctly predict 127 classes, 60 classes, 160 classes and 111 classes of fear,
happy, neutral and sad emotions respectively.
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5.3.2

For pre-trained VGG16 model we have initiated with 100 epochs. From the initial
epoch the training accuracy of the dataset is gradually increasing and it reaches
94.93% at the last epoch. On the other hand, for the test dataset the accuracy
is clicked about 60.01%. On the other hand, For VGG16, the loss graph is very

VGG16 performance

Training and validation accuracy

—— Training acc
0.8 1 = Validation acc

0.7 1

0.6 1

accuracy
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0.4 1

0.3 1
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Figure 5.14: Line graph of VGG16 accuracy
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Figure 5.15: Line graph of VGG16 loss

scattered compared to our main proposed CNN-XGBoost model.

When it comes to categorizing data, the effectiveness of a classification approach is
displayed in the form of a confusion matrix, which demonstrates how effectively a
categorization system performs in actual use. The effectiveness of a classification
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Figure 5.16: Confusion matrix VGG16

system is demonstrated and condensed in the confusion matrix.

Confusion matrix given above, observing that the Y-axis indicated the real labels,
and the X-axis indicated the predicted labels by pre-trained VGG16 model. This
model correctly predict 127 classes, 60 classes, 160 classes and 111 classes of fear,
happy, neutral and sad emotions respectively.

5.3.3 LSTM performance

For LSTM model we have initiated with 100 epochs. From the initial epoch the
training accuracy of the dataset is gradually increasing and it reaches 97.93% at the
last epoch. On the other hand, for the test dataset the accuracy is clicked about
59.01%. This model we used for just experimental basis as how it works some works
to be needed to re-burnish this seems overfitted with the data.
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5.4 Classification Reports and Comparisons

The experiment includes testing six different variants of the model. We found that
our proposed CNN-XGBoost fusion approach can classify highest number of correct
emotions with the context of accuracy.

Table 5.1: Performance Comparison of Different Models

Model Accuracy | Precision | Recall | F1 Score
Custom CNN 72.66% 70% 1% 1%
VGG19 63.66% 59% 55% 59%
VGG16 60.01% 59% 55% 57%
CNN+Swin Transformer 40.0% 65% 53% 55%
LSTM 59.01% 65% 60% 63%
CNN-XGBoost [Proposed] | 79.43% 78% 78% 78%
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Figure 5.19: Normalize Confusion graph of CNN-XGBoost and Custom CNN model
comparison, it demonstrates how its enhancing capabilities for recognizing emotions
act.

47



Properly Classified Spectrogram Images
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Figure 5.20: Properly Classified Spectrogram Images
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Figure 5.21: Misclassified Spectrogram Images
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Performance Comparison with Related Work Methods

Table 5.2: Performance Comparison with Related Work Methods

Related Paper Dataset Procedure Validity
Zheng et al. [21] | SEED-IV [4] Statistical features, SVM 70%
Fan et al. [10] | AFEW 6.0 [45] | Statistical features, SDCNN-RNN 59.02%
Yao et al. [11] Emotiw [46] HoloNet 57.84%
Zhang et al. [12] | RECOLA [47] SSL 76.05%
Kim et al. [13] SAVEE [48] Data Driven 65.60%
Proposed method | SEED-IV [4] | Spectrogram features, CNN-XGBoost | 79.43%
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Figure 5.22: Clustered Column Performance Comparison graph of Related Work
Methods.

Our benchmark was 70.0% and by proposing a new fusion approach CNN-XGBoost

by using Spectrogram image analysis we have successfully break our benchmark and
gain 79.43% of accuracy.
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Chapter 6

Conclusion

As a conclusion to the study, we will explore the limitations of our work and potential
results. We will also talk about prospective directions for our study.

6.1 Final Remarks

In conclusion, the proposed fusion-based CNN-XGBoost model for multiclass emo-
tion classification using EEG spectrogram images outperforms the comparison mod-
els such as VGG16, VGG19, Swin Transformer etc. The accuracy of the VGG16
model’s test dataset varied between 57% and 60%, despite having been trained
for 100 epochs and reaching a training accuracy of 89.24% in the final epoch. In
comparison, our suggested model performed better. Compared to our primary CNN-
XGBoost model, the VGG16 loss graph showed substantial dispersion, indicating
less stable training. This shows that our fusion-based model offers learning that is
more robust and reliable.The confusion matrix graph of VGG16 additionally gives
insight into the potency of the classification strategy. It accurately predicted 111
cases of sadness, 60 cases of happiness, 127 cases of fear, and 160 cases of neu-
tral mood. However, as was already indicated, our suggested CNN-XGBoost fu-
sion model produced much better outcomes. These results reinforce the proposed
fusion-based model’s superiority to VGG16 and stress its accuracy and efficacy in
categorizing multiclass emotions. A more sophisticated and trustworthy system for
emotion recognition is made possible by using EEG spectrogram images in conjunc-
tion with the strength of CNNs and XGBoost algorithms.Overall, by showcasing the
improved functionality of the CNN-XGBoost fusion-based model, this research ad-
vances the field of emotion recognition. When compared to models like CNN+Swin
Transformer and VGG16, the model shows improved accuracy and robustness. The
results of the confusion matrix study provide additional support for the usefulness of
our suggested paradigm. It successfully categorizes a large number of examples for
each emotion category, demonstrating its accuracy in recognizing fear, happiness,
neutrality, and sadness. These findings lend credence to the idea that a fusion-
based method that makes use of EEG spectrogram pictures can identify emotions
with greater accuracy and dependability. As we worked on SEED-IV dataset [4]
the paper of the dataset Zheng et al. [21] had 70.0% accuracy with the statistical
features and with SVM classifier that was oir benchmark. In this research we tried
to work with another time domain frequency feature which is spectrogram image
analysis and by using a fusion approach of CNN-XGBoost we have successfully break
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our benchmark and achieve about 79.43% of accuracy.

6.2 Limitations

It is important to acknowledge the limitations of this study. One must prepare for
encountering a lot of procedural difficulties during the study process. The following
are some difficulties over the work.

6.2.1 Access

This serves as an essential example of the limitations imposed on the dissertation
study. Accessing resources that are crucial to our study, such as papers, people, or
other resources, has been difficult for us as we have been writing the dissertation.

6.2.2 Data Aggregation

Real EEG data could not be used because our university did not have an EEG head-
set; therefore, we had to rely on datasets that were made accessible to the public.
The generality of the outcomes may be impacted by this. Additionally, even though
different feature extraction strategies were investigated, it’s possible that other ap-
proaches were overlooked. Since only a small number of comparison models were
employed in the evaluation. As the high computational power also was the big bar-
rier for us as we worked with image analysis so it’s possible that other cutting-edge
models or ensemble methodologies would produce different outcomes. Despite these
drawbacks, this research lays the groundwork for subsequent investigations that
will overcome these issues and enhance the field of multiclass emotion classification
through the use of fusion-based methods and EEG spectrogram analysis.

6.2.3 Time restraint

The quantity of time available could be seen as a constraint in some situations,
although this will much depend on the kind of study being done. For us, completing
the study within the allotted time was essential. Despite this, we were still able to
properly finish the research and utilize the time we had.

6.3 Future Works

The development of future systems for human-computer interaction will be signif-
icantly impacted by the suggested model’s improved accuracy, stability, and clas-
sification efficacy. These systems can provide personalized services, enhance user
experiences, and enable more effective communication between humans and ma-
chines by precisely identifying and comprehending human emotions. In future, we
would extend this work using multimodal strategy to contribute into the sector of
neuromarketing.
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