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Abstract

Speech Emotion Recognition (SER) plays a critical role in enhancing human computer
interaction, supporting mental health assessment, and enabling adaptive and person-
alized intelligent systems. Although Bangla is the seventh most widely spoken lan-
guage globally, it remains underrepresented in speech emotion research, primarily due
to limited annotated datasets and linguistic diversity. Addressing this gap, this study
proposes a novel Bangla speech emotion recognition framework based on an attention
driven Emoformer architecture, which collaboratively integrates convolutional neural
networks with transformer encoders to effectively model both local acoustic patterns
and long-range temporal dependencies.

The proposed system utilizes a hybrid feature representation that combines hand-
crafted acoustic descriptors, such as Mel-Frequency Cepstral Coefficients (MFCCs),
with deep speaker-agnostic embeddings, namely X-vectors. This dual-feature strategy
enables the model to capture complementary emotional cues related to spectral char-
acteristics, prosody, and speaker variability, thereby improving robustness across di-
verse speaking styles. Extensive experiments are conducted on the BanglaSER dataset,
comprising 1,467 labeled speech utterances collected from 34 speakers expressing five
emotional states: angry, happy, sad, surprise, and neutral.

Experimental results demonstrate that the proposed Emoformer model achieves an
overall classification accuracy of 86%, outperforming existing state-of-the-art approaches
for Bangla SER. The multi-head self-attention mechanism allows the model to selec-
tively emphasize emotionally salient temporal and spectral regions of speech, effec-
tively addressing challenges arising from Bangla’s rich phonetic structure and dialectal
variations. Notably, the system exhibits exceptional performance in recognizing neu-
tral emotion, achieving a recall of 1.00 and an area under the curve (AUC) of 0.99,
while maintaining strong and consistent performance across all remaining emotion cat-
egories, with Fl-scores exceeding 0.75. These findings establish a new benchmark for
Bangla speech emotion recognition and demonstrate the effectiveness of hybrid CNN
Transformer architectures in low-resource language settings. The proposed approach
not only advances the state of Bangla SER but also offers a scalable and transferable

framework for emotion recognition in other underexplored languages.

X
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Chapter 1

Introduction

1.1 Background

Speech-based emotion recognition (SER) is used in natural language processing and
human—computer interaction (HCI), among other fields [1]. SER can improve HCI sys-
tems by supporting more personalized and human-like interactions. It is valuable in
various fields such as marketing, education, mental health, speech synthesis, and cus-
tomer satisfaction [1]. For example, SER can improve the overall user experience by
identifying dissatisfied users and providing insights into their preferences and behavior.
To assess speech emotions, a range of methods and strategies are employed, such as
machine learning algorithms along with statistical and probabilistic models [2]. Deep
learning methods have recently become key in this area [3,4]. The use of deep learning
for speech emotion recognition has demonstrated promising results, with approaches
such as CNNs [5], DBNs, RNNs, and LSTMs [6]. Limited research has been done on
detecting emotions in the Bangla language, highlighting the need for a speech-emotion
recognition system for Bangla.

Azmin et al. [7] demonstrated that Multinomial Naive Bayes, combined with fea-
tures such as stemming, POS tagging, n-grams, and tf-idf, can accurately categorize
Bangla text into three emotion classes: happy, sad, and angry, achieving an accuracy
of 78.6%. Their findings suggest that traditional machine learning techniques remain
effective even with limited Bangla linguistic resources.

Badhon et al. [8] highlighted the increasing significance of natural language pro-
cessing in enhancing communication between humans and intelligent systems, espe-
cially through spoken interaction. Their research pointed out that although English

has benefited from extensive research and commercial progress in speech recognition,
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Bangla, despite being the eighth most spoken language worldwide with around 163 mil-
lion speakers, remains underrepresented. The authors reviewed current efforts in Bangla
speech recognition, illustrating various research attempts to tackle speech processing is-
sues using different approaches.

Ryhan et al. [9] created two deep learning models, BiGRU and CNN-BiLSTM, to
identify emotions in Bangla text across six categories. Their evaluation using accu-
racy, precision, recall, and F1-score showed that neural network architectures can ef-
fectively understand context and perform well, especially on datasets translated with
Google Translator. The results suggest that deep learning methods have strong potential
for Bangla emotion detection, surpassing traditional machine learning techniques.

Das et al. [10] introduced encoder-decoder models, such as attention, LSTM, and
GRU decoders, to categorize Bengali social media comments into seven hate speech
types. The attention-based decoder achieved the highest accuracy of 77%. The re-
search shows that encoder-decoder structures can effectively identify contextual features
in Bangla text. However, the study is limited by a small dataset, focusing only on Face-
book comments, and moderate accuracy, suggesting the need for larger, more varied
datasets and enhanced model performance.

Purba et al. [11] created a new Bangla document dataset labeled with three emotions:
Happy, Sad, and Angry, and used feature extraction techniques like Bag of Words and
Word Embedding. They tested various classifiers, including Logistic Regression, Multi-
nomial Naive Bayes, ANN, and CNN. The Multinomial Naive Bayes classifier achieved
the highest accuracy at 68.27%, indicating that traditional machine learning methods can
perform reasonably well for Bangla emotion detection. However, the study’s limitations
include a small dataset, only three emotion categories, and moderate accuracy, empha-
sizing the need for larger, more diverse datasets and investigation of more advanced
models.

Midhra et al. [12] examined the current landscape of Bengali Automatic Speech
Recognition (ASR) systems, pointing out various language-dependent and indepen-
dent hurdles in creating precise models. Their research underscores that ASR architec-
tures must be tailored to fit Bengali’s grammatical and phonetic features. Nevertheless,
Bengali ASR research remains in its infancy, characterized by scarce resources, tools,
and solid implementations, highlighting the need for concentrated efforts in developing
language-specific ASR systems.

Das et al. [13] created a Bengali emotion dataset containing 6,243 texts and em-
ployed machine learning, deep learning, and transformer-based methods to identify six

core emotions: anger, fear, disgust, sadness, joy, and surprise. Their results showed
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that transformer models, especially XLM-R, surpassed other techniques by achieving
the highest weighted F1-score, highlighting the strength of transformer architectures in
Bangla emotion classification. Nevertheless, the study’s limitations include a relatively
small dataset and a focus on only six emotion categories, which suggests the need for
larger, more varied datasets and further testing of transformer models in real-world sce-
narios.

Ali et al. [14] created BanglaSenti, a lexicon-based dataset with 61,582 Bangla
words labeled for positive, negative, and neutral sentiments, designed for sentiment anal-
ysis and adaptable for emotion detection. Their research included model simulations to
illustrate the dataset’s usability, highlighting its potential for BNLP tasks like opinion
mining and review analysis. Nonetheless, the study has limitations due to its lexicon-
only approach, which may miss important contextual nuances in complex sentences.
Additionally, it predominantly addresses polarity rather than detailed multi-class emo-
tion classification, underscoring the need for more comprehensive datasets and models
to achieve nuanced emotion detection in Bangla.

Das et al. [15] introduced BEmoD, a Bengali emotion dataset with 5,200 texts cat-
egorized into six basic emotions: anger, fear, surprise, sadness, joy, and disgust. The
dataset was created through data crawling, pre-processing, labeling, and verification,
resulting in a high level of annotation agreement with a Cohen’s K score of 0.920. Al-
though BEmoD is a valuable resource for Bengali emotion analysis, its relatively small
size and focus on only six basic emotions highlight the need for larger and more diverse
datasets to enhance model training and generalization.

Ahmed et al. [16] created a CNN-based system for recognizing Bangla hand signs,
designed to help people with speech disabilities by translating hand signs into spoken
Bangla. The system reached a 92% accuracy on validation data, showing its effec-
tiveness and potential for real-world communication support. However, the study only
focused on hand sign digits and did not include a wider variety of gestures or continuous
sign language, highlighting the need for more detailed datasets and broader models for
complete Bangla sign language recognition.

Our primary objective is to classify speech emotions using an attention-based Emo-
former model. Recognizing emotions in spoken language, especially in Bangla, is
challenging due to diverse linguistic usage, social and cultural influences, personal ex-
periences, and limited existing evidence [17]. Again, individual and cultural differ-
ences, along with the range of emotional expressions in tones, dialects, and speech
rates, pose significant challenges for algorithms attempting to detect emotions in Bangla

speech [18]. Recently, many researchers have used traditional handcrafted feature-based
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machine learning methods, including MFCCs, Chroma, and Spectral Contrast, to iden-
tify emotions in Bangla speech [6].

However, their accuracy performance remains unsatisfactory. Recently, some re-
searchers have been using deep learning methods such as CNN, LSTM, and BiLSTM
models to enhance performance accuracy [19]. However, the research still encounters
difficulties in attaining high accuracy and robust generalization because of insufficient
effective features. To address this, we proposed combining handcrafted features with

deep learning features to create a Bangla speech emotion recognition system.

1.2 Application

Speech Emotion Recognition (SER) is an expanding field of research dedicated to au-
tomatically detecting human emotions through speech signals. By analyzing emotional
cues within voice, SER allows intelligent systems to engage with humans more natu-

rally, adaptively, and effectively.

* Human-Machine Interaction: SER greatly improves human-computer interac-
tion by enabling machines to recognise and react to users’ emotions. Emotion-
aware virtual assistants, chatbots, and smart devices can modify their tone, re-
sponses, and behavior depending on whether a user appears happy, frustrated, or
stressed. This results in more natural, empathetic, and engaging interactions, en-

hancing user satisfaction and the usability of intelligent systems.

* Healthcare and Mental Well-being: In healthcare, especially mental health care,
SER can act as a non-invasive method to track emotional and psychological states.
Regular analysis of speech patterns can identify early indicators of stress, depres-
sion, anxiety, or emotional instability. These systems assist clinicians by offering
objective emotional data, supporting early diagnosis, remote tracking, and prompt

intervention, particularly in telemedicine and long-term patient management.

* Customer Experience Management: SER is essential in customer service and
call centres for detecting emotions like anger, frustration, or dissatisfaction in-
stantly. This enables organizations to prioritize urgent calls, direct customers to
capable agents, and modify service approaches as needed. Recognising customer
emotions helps companies enhance service quality, decrease customer churn, and

strengthen customer relationships.
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* Education and Learning Systems: In educational environments, SER supports
emotion-aware tutoring and e-learning platforms that adjust teaching strategies
according to students’ emotional responses. By identifying feelings like boredom,
confusion, or frustration via speech analysis, these intelligent systems can alter
content difficulty, supply extra explanations, or give encouragement. This tailored
method boosts student motivation, improves learning effectiveness, and elevates

overall academic results.

* Entertainment and Media: SER enhances immersive and interactive experi-
ences in entertainment, gaming, and multimedia applications. Games and virtual
environments can dynamically tailor their responses to players’ emotional states
by modifying difficulty, storylines, or background features. Likewise, emotion-
aware media systems can suggest or modify content according to users’ moods,

increasing engagement and enjoyment.

* Security and Surveillance: In security contexts, SER helps identify stress, fear,
or deception in voice authentication and surveillance. Analysing speech emotions
can strengthen traditional biometric systems by providing an extra security layer.
This is especially valuable in high-risk settings like border control, emergency re-
sponses, and sensitive access points, where emotional signals might reveal threats

or unusual activity.

1.3 Motivation of Research

Although Bangla is the seventh most spoken language globally, with over 230 million
speakers, research on emotion recognition in this language is limited compared to high-
resource languages like English, Mandarin, and German. Bangla’s rich acoustic diver-
sity, including unique phonemes, varied intonational patterns, and significant dialectal
differences, offers both challenges and opportunities for emotion recognition. The cul-
tural and linguistic nuances of Bangla emotional expression differ greatly from West-
ern languages, requiring dedicated research rather than relying solely on cross-lingual
transfer learning. Additionally, as voice-based technologies become more common in
Bangladesh and Bengali-speaking regions, there is an urgent need for emotionally intel-
ligent systems that understand and respond in native language. Current speech emotion
recognition (SER) systems, mainly trained on English or other resource-rich languages,
do not capture the specific acoustic-prosodic features of Bangla emotional speech, lead-

ing to poor performance in real-world applications. This research aims to address this
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gap and ensure Bengali speakers benefit equally from advances in affective computing

and emotionally aware Al systems.

1.4 Research Gap

Current studies on Bangla speech emotion recognition highlight several important gaps

in the research.

* Limited Availability and Quality of Datasets: A major challenge in Bangla SER
research is the shortage of large, high-quality emotional speech datasets. Current
Bangla corpora tend to be small, imbalanced in emotion classes, and recorded in
controlled or artificial settings. They often lack diversity in speaker age, gender,
dialect, and speaking style, as well as real-world acoustic variability. This lim-
its effective model training, increases overfitting risks, and makes it difficult to
compare results across studies, thereby slowing progress toward developing gen-

eralized and dependable SER systems.

* Over-Reliance on Handcrafted Acoustic Features: Most previous research
on Bangla SER primarily relies on traditional handcrafted features such as Mel-
Frequency Cepstral Coefficients (MFCCs), pitch, energy, and formants. These
features are often used with standard machine learning classifiers like Support
Vector Machines (SVM) and Gaussian Mixture Models (GMM). Although these
methods establish baseline performance, they struggle to effectively capture com-
plex, non-linear emotional patterns in speech, leading to limited accuracy and

poor generalization across different speakers and recording environments.

* Limited Effectiveness of Traditional Machine Learning Models: Traditional
classifiers employed in Bangla SER studies often face challenges with high-dimensional
emotional features and variability between speakers. These models demand sig-
nificant feature engineering and manual adjustments but typically fall short in cap-
turing the temporal and contextual aspects of emotional speech. Consequently,
their performance lags behind that of advanced deep learning methods used in

high-resource languages.

* Lack of Attention Mechanism Utilization: Current Bangla SER models sel-
dom include attention mechanisms that can dynamically emphasize emotionally
important parts of speech while reducing focus on irrelevant or neutral segments.

Attention-based models have shown significant performance gains in high-resource
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language SER by enabling networks to concentrate on key emotional cues. The
scarce investigation of these mechanisms in Bangla SER highlights a notable re-

search gap and a valuable opportunity for improving performance.

* Low Recognition Accuracy and Emotion Confusion: Most Bangla SER sys-
tems currently report accuracy below 85%, significantly lower than the state-of-
the-art results in resource-rich languages. Moreover, models often find it difficult
to differentiate between acoustically similar emotions like anger and excitement
or sadness and boredom. This ongoing confusion underscores the limitations of
current methods and suggests that Bangla SER has not yet achieved mature or

competitive performance levels.

1.5 Problem Statement

This research tackles the core issue of insufficient performance and limited accessibility
of speech emotion recognition (ser) systems for the Bangla language, even though it
ranks among the most widely spoken languages globally. Current SER methods for

Bangla encounter three related challenges:

* Feature representation limitations - traditional handcrafted features alone are
insufficient to capture the complex acoustic-prosodic patterns that define Bangla

emotional speech across various speakers and dialects.

* Modeling inadequacies - traditional architectures, such as standalone CNNs and
RNNs, struggle to effectively capture both local spectral-temporal features and

broader contextual dependencies required for precise emotion classification; and

* Low-resource constraints - the limited availability of large-scale, diverse, and
balanced Bangla emotional speech datasets hinders the training of deep learning
models that can effectively generalize to unseen speakers and real-world scenar-

108.

These challenges lead to less-than-ideal recognition accuracy, usually below 85%, espe-
cially when differentiating acoustically similar emotions like angry versus happy or sad
versus neutral. Therefore, there’s a pressing need for a sophisticated SER architecture
that can perform well in low-resource environments and still match the performance of

cutting-edge systems designed for high-resource languages.
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1.6 Research Objectives

This research mainly aims to achieve the following objectives:

* To create a new hybrid architecture that merges Convolutional Neural Networks
with Transformer encoders enhanced by multi-head self-attention, specifically
aimed at capturing both local spectral-temporal features and global contextual

dependencies in Bangla emotional speech.

* To develop a dual feature representation strategy that combines Mel-Frequency
Cepstral Coefficients (MFCCs) for spectral-temporal features and X-vectors for
speaker-independent prosodic and emotional cues, aiming to maximize discrimi-

native information extraction from limited training data.

* To utilize multi-head self-attention mechanisms with multiple attention heads, the
model can concurrently focus on various emotionally relevant aspects of speech.
This enables dynamic weighting of key segments and features, leading to better

emotion discrimination.

* To reach state-of-the-art results on the BanglaSER dataset, outperforming current
methods by thoroughly evaluating multiple metrics such as accuracy, precision,
recall, Fl-score, and AUC across all emotion categories (angry, happy, sad, sur-

prise, neutral).

* To develop a solid framework for speech emotion recognition in low-resource
language contexts, showcasing how advanced attention-based architectures can
effectively generalize from limited training data and offering a replicable approach

for other under-resourced languages.

* To perform a thorough performance analysis to identify the model’s strengths
and weaknesses across various emotion categories, offering insights into specific

recognition challenges and potential areas for future research.

1.7 Contribution

This study offers several important advancements in speech emotion recognition, espe-

cially for languages with limited resources.
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* Novel Emoformer Architecture: We present an advanced hybrid deep learn-
ing model that integrates CNNs with Transformer encoders and multi-head self-
attention, tailored for Bangla speech emotion recognition. This design overcomes
previous limitations by effectively capturing local spectral features along with

broader temporal information.

* Dual Feature Integration Strategy: We suggest a thorough feature engineering
approach that integrates handcrafted MFCCs, which capture spectral-temporal
features, with deep learning-based X-vectors that encode speaker-independent
prosodic patterns. This combination creates a rich, complementary feature set

that improves the ability to distinguish emotions.

* Multi-Head Attention for Emotion Focus: We employ an eight-head self-attention
mechanism that allows the model to focus on multiple emotionally relevant speech
features at once, dynamically adjusting the importance of key temporal and spec-

tral aspects. This approach is novel in Bangla SER research.

* omplete Implementation Pipeline: We provide a thorough, reproducible imple-
mentation framework that includes data preprocessing steps, two feature extrac-
tion methods, detailed architectural details, and training settings. This framework
can be easily adapted for similar SER tasks or extended to other low-resource lan-
guages, contributing to the advancement of affective computing in underserved

linguistic communities.

The remainder of this paper is structured as follows: Section 2 covers related work
on Bangla SER and transformer architectures; Section 3 analyses attention mechanisms,
ablation studies, and dataset preprocessing; Section 4 discusses experimental setup and

results; and Section 5 concludes with potential future directions.



Chapter 2

Literature Review

2.1 Methodology Review

Speech Emotion Recognition (SER) has attracted significant interest recently, especially
for Bangla-language applications, due to its crucial role in human—computer interac-
tion, mental health monitoring, and voice-driven systems. Current studies show notable
progress in deep learning techniques, dataset development, feature extraction methods,
and cross-lingual assessments. Early works mainly relied on traditional machine learn-
ing techniques using acoustic features such as MFCC, achieving moderate performance
but struggling with complex emotional variations [20]. With advances in deep learn-
ing, hybrid architectures such as DCNN-BLSTM have been introduced, significantly
improving performance by capturing both spatial and temporal features of speech sig-
nals. The development of datasets such as BanglaSER has further facilitated research
by providing structured, balanced emotional speech data [21].

Recent studies highlight the effectiveness of deep learning models, especially CNN's
and hybrid approaches, which achieve high accuracy by leveraging features such as
log-Mel spectrograms and Zero Crossing Rate [22]. Additionally, combining machine
learning and deep learning methods has demonstrated superior performance over tra-
ditional approaches [23]. Optimisation techniques such as CNN-LSTM and boosting
classifiers have been proposed to improve robustness and address issues like noise sen-
sitivity and class imbalance [24]. Despite these advancements, Bangla SER still faces
challenges due to limited data resources and variability in real-world speech [25]. Cross-
lingual and language-independent approaches have also been explored, indicating that
some prosodic features can generalize across languages, although limitations remain for

certain emotions [26].

10
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A prominent method in Bangla SER is the cascaded deep learning model introduced
by Billah et al. [27], which utilizes a two-stage classification process for identifying
emotions and their intensities. This approach constructs 3D speech signal representa-
tions from various 2D transformations and combines CNN, LSTM, and BiLSTM archi-
tectures, resulting in excellent results on both the RAVDESS and KBES datasets.

The same authors also emphasize the design and significance of the KBES dataset
[28], which includes intensity levels and real-world dialogue-based emotional data,
helping to overcome the lack of Bangla emotional corpora. Collectively, these stud-
ies highlight the importance of intensity-aware SER modeling and diverse datasets in
Bangla.

In addition, other researchers have explored machine learning methods. Sultana
et al. [29] show that traditional classifiers like SVM and Random Forest remain com-
petitive when combined with optimized features such as MFCC and statistically derived
metrics. Their results highlight that feature selection techniques like correlation analysis
and recursive elimination are crucial for enhancing recognition accuracy, especially for
neutral and angry emotions. Nevertheless, the reduced performance on sad expressions
reveals some limitations of classical machine learning techniques in capturing intricate
emotional signals.

Saad et al. [30] investigate the cross-lingual generalization of SER by analyzing
emotion recognition in Bangla and English. Their SVM-based assessment shows some
level of language independence but highlights cultural factors impacting the recognition
of emotions like disgust and fear. Results suggest that native speakers tend to be more
accurate in expressing emotions in their own language, which raises concerns about
potential dataset bias and speaker familiarity. Dataset development is a crucial aspect of
SER research.

Hussain et al. [31] introduce the BanSpEmo corpus, created with non-actors to en-
sure natural expressions. Their validation showed over 76% correct recognition, indicat-
ing reliable human perception. This dataset plays a vital role in Bangla SER by filling
the speaker diversity gap. Likewise, Talukder et al. [32] suggest a hybrid CNN-BiLSTM
model trained on the SUBESCO dataset, emphasizing the balance between performance
and efficiency for IoT device deployment. Although it achieves high accuracy, the ab-
sence of real-time testing and reliance on a single dataset raise concerns about potential
overfitting. Recent work by Momshad et al. [33] investigates newer architectures such as
Wav2Vec2 and ExXHuBERT, indicating a trend toward self-supervised and transformer-
based feature extraction. Their application of mel-spectrogram images and automatic

label-correction tools highlights methodological advancements and results in significant
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accuracy gains through label refinement. However, the scalability of transformer models
still requires high computational resources.

Deep learning progress is highlighted by Hosain et al. [34], who attain very high
accuracy with DNNs utilizing SUBESCO and other datasets. They incorporate data
augmentation to mitigate dataset limitations, though the small dataset size restricts how
broadly the results can be applied. Despite this, their cross-dataset evaluation shows
their model as one of the leading baseline frameworks for Bangla SER.

From a wider regional perspective, Monisha et al. [35] offer an in-depth review
of SER research across Indo-Aryan and Dravidian languages, tracing the development
from traditional statistical models like KNN and HMM to current neural methods. This
situates the Bangla SER field within broader linguistic trends and emphasizes persistent
challenges such as limited corpora and cross-cultural differences in emotional expres-
sion cues.

Kibria et al. [36] make a valuable contribution to Bangla speech technology research
by tackling a key challenge in developing Large Vocabulary Continuous Speech Recog-
nition (LVCSR) systems—specifically, the scarcity of a large, balanced speech corpus
for Bangladeshi Bangla. Their work introduces the SUBAK.KO corpus, a new lan-
guage resource designed to enhance Automatic Speech Recognition (ASR) accuracy for
Bangla speakers, considering regional differences. As they point out, the success of
modern ASR systems heavily depends on the quality, size, and variety of speech cor-
pora, and historically, Bangla has faced a shortage of such resources.

Hossain et al. [37] present a DCNN-BLSTM architecture and examine its cross-
lingual performance with the SUBESCO and RAVDESS datasets. Their findings demon-
strate the potential of deep models in emotion recognition across different languages but
also expose limitations related to broader cultural and linguistic contexts. Although
the model attains promising weighted accuracies of 86.9% and 82.7%, the absence of
testing with additional languages and larger datasets restricts its broader applicability.
Moreover, challenges related to low-resource languages persist, highlighting the need
for scalable SER frameworks capable of adapting across various domains [38].

Traditional machine learning remains pertinent, as demonstrated by Ayon et al. [39],
who employ ensemble methods such as RF, DT, KNN, and MLP. Their results show
a significant gap between training and testing accuracy, 99% versus 78%, highlighting
potential overfitting and sensitivity to the dataset. While ensemble voting enhances ro-
bustness, the study emphasizes that dataset size and feature engineering are vital to per-
formance. Nonetheless, the lack of multi-lingual validation and dependence on mixed

acted-spontaneous data raises questions about real-world applicability.
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Deep learning studies, like Hassan et al. [40], explore CNN-LSTM architectures
that achieve strong results on RAVDESS and SUBESCO datasets. Techniques such as
AWGN and pitch modification improve the generalization of these models. However,
their primary focus is on Bangla and English, and the near-perfect accuracy raises ques-
tions about dataset bias and whether the models perform well in varied acoustic settings.
Additionally, the lack of comparisons with other models makes it harder to interpret their
performance claims.

Biswas et al. [41] highlight the use of deep learning with a CNN-based BSER sys-
tem trained on an expanded SUBESCO dataset. While achieving a high accuracy of
97.66%, the model may face scalability challenges, especially under real-world noisy
conditions. The authors point to future research in hybrid architectures and multimodal
fusion, indicating that single-modality systems might not be enough for capturing com-
plex emotional states.

Namey et al. [42] examine hybrid modeling techniques by combining CNN and
GRU modules with cochleagram and spectrogram features. Their dual-branch design
successfully captures spatial and temporal emotion cues, reaching 92.04% accuracy on
BanglaSER. Nonetheless, the study highlights the limitations of using CNNs or LSTMs
alone, emphasizing the value of hybrid models. However, it offers limited details on
augmentation methods and continues to face challenges due to a lack of diverse datasets.

Begum et al. [43] enhance deep learning methods by incorporating traditional mod-
els like SUBESCO and BanglaSER. Their research demonstrates high performance
with MFCC-based features and ensemble classifiers, but dependence on acted speech
questions real-world applicability. Additionally, the computational demands and use of
single-language datasets limit scalability to multilingual and resource-scarce environ-
ments.

Saad et al. [17] investigate cross-lingual emotion dynamics and suggest that SER
might be partly language-independent. They utilize prosodic features and SVM clas-
sifiers to identify similarities and differences between Bangla and English emotions.
However, the roles of cultural and environmental factors are still not well-understood,
particularly for emotions like disgust and fear. Additionally, more research is needed
into how native and non-native speakers express emotions to enhance the effectiveness
of practical SER systems.

Sultana et al. [44] examine corpus-driven evaluation by performing human ratings
and reliability tests across seven emotions. Their methodology, which uses ICC, ANOVA,
and Kappa metrics, confirms the quality of the corpus. However, detecting complex

emotions like Disgust continues to be difficult, highlighting the difficulty in recognizing
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subtle emotional cues. Additionally, their focus solely on audio limits the potential for
broader multimodal emotion research.

Similarly, Roni et al. [45] utilize CNN models to classify seven emotions and their
intensity levels, combining MFCC and STFT features with data augmentation. Their
findings highlight ongoing misclassification issues among acoustically similar emo-
tions, particularly fear and anger. This points to the importance of developing more dis-
criminative feature extraction methods, possibly through transformers or self-supervised
learning.

Finally, Chowdhury et al. [46] highlight the effectiveness of combining CNN and
LSTM architectures for feature fusion, attaining high accuracy on SUBESCO and KBES
datasets. Their research confirms that hybrid deep learning approaches surpass tradi-
tional machine learning, and their comparative evaluations emphasize the significance

of dataset choice and preprocessing techniques.

2.2 Accuracy Review

Speech emotion recognition (SER) has made great progress with deep learning tech-
niques [47]. Yet, research on SER in the Bangla language remains limited. A no-
table early contribution was made by Sadia Sultana, M. Zafar Igbal, and team in 2021,
who developed a deep learning-based SER framework using the Bangla audio-only
SUBESCO corpus [48]. Their model integrated deep CNN architectures with bidi-
rectional LSTMs and included a time-distributed flatten (TDF) layer. In cross-lingual
and multilingual tests with the SUBESCO and RAVDESS datasets, their TDF-enhanced
model outperformed several current CNN-based systems, reaching 86.9% weighted ac-
curacy (WA) on SUBESCO and 82.7% WA on RAVDESS. Earlier, Rahman, Md. Ma-
sudur, and colleagues (2018) developed an automatic emotion recognition system for
Bengali that relies on speech signals. They utilized MFCCs as static features and MFCC
derivatives to capture dynamic aspects. The system employed a support vector machine
with an RBF kernel for classification and a modified DTW method for feature matching,
attaining an accuracy of 86.08% across 12 speakers [49].

In 2022, Chakraborty et al. proposed a phase-based cepstral feature extraction
method utilizing PBCC for speech emotion recognition (SER) [18]. They tested their
approach on the SUBESCO and BanglaSER datasets with a gradient boosting machine
classifier. The system recorded an average accuracy of about 96% in both speaker-
dependent and speaker-independent scenarios, representing a significant advancement

over conventional techniques.
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In 2020, Dias Issa, M. Fatih Demirci, and collaborators introduced a different ap-
proach, developing a 1D CNN-based system that utilizes five key acoustic features as
input [50]. Their model demonstrated strong generalization capabilities across various
datasets, achieving 71.61% accuracy on RAVDESS (eight classes), 86.1% and 95.71%
on EMO-DB (with 535 and 520 samples, respectively, seven classes), and 64.3% on
IEMOCAP (four classes), all without the use of visual data. Zhao, Mao, and colleagues
(2018) developed a hybrid 2D-1D CNN-LSTM architecture to extract both local and
global emotional cues from speech and log-mel spectrograms [51].

Their approach achieved accuracies of 95.33% and 95.89% in speaker-dependent
and speaker-independent scenarios on EmoDB, respectively, and 52.14% and 89.16%
on IEMOCAP, surpassing CNN and deep belief network baselines. Mustageem and
Soonil Kwon (2021) proposed a 1D dilated CNN with hierarchical feature learner blocks
(HFLBs) and a BiGRU to extract emotional patterns [52].

Their model achieved accuracies of 72.75% on IEMOCAP, 91.14% on EMO-DB,
and 78.01% on RAVDESS. Earlier, Badshah et al. (2017) trained a CNN with three
convolutional and fully connected layers on EMO-DB spectrograms, reaching 56% ac-
curacy [53]. Etienne et al. (2018) further improved CNN models by adding BLSTM
layers, reaching 61.7% unweighted accuracy and 64.5% weighted accuracy across four
emotion categories [54].

In 2020, Xusheng Ai, Victor S. Sheng, and colleagues introduced an ensemble-
based approach that combines ACRNN architectures with bagging and attention mech-
anisms to address observation overlap issues [55]. Their system, tested on Emo-DB and
IEMOCAP datasets, demonstrated enhanced robustness thanks to augmentation and re-
dagging techniques. In related research, Mustageem and Kwon (2020) developed a
DSCNN-based SER system utilizing spectrogram features, achieving 79.5% accuracy
on RAVDESS and 81.75% on IEMOCAP [56]. Similarly, Zheng et al. (2015) found
that log-spectrogram features combined with a DCNN and PCA for dimensionality re-
duction delivered superior performance compared to manually engineered features [57].

Recently, Wisha Zehra et al. (2021) created an ensemble-based cross-lingual SER
framework tailored for multilingual human—robot interaction [58]. By applying majority
voting among several classifiers, their method boosted recognition accuracy by as much
as 13% in within-corpus tests and 15% in cross-corpus situations, using Urdu, German,
Italian, and English datasets. This underscores the advantages of using classifier ensem-
bles in multilingual settings.

Ahmed [59] developed a Bangla speech recognition system that integrates a Deep
Belief Network (DBN) with Hidden Markov Models (HMM). The system uses MFCC
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features and Viterbi decoding, trained on 840 utterances from 42 speakers, showing
good recognition accuracy and outperforming other methods. Nevertheless, the study’s
limitations include a small dataset, a limited vocabulary, and controlled recording set-
tings. These factors highlight the need for larger, more diverse datasets and testing in
real-world noisy environments to achieve more robust Bangla ASR systems. Hassan
et al. [60] created a comprehensive textual dataset featuring both Bangla and Roman-
ized Bangla texts for sentiment analysis. They evaluated it using deep recurrent models,
particularly LSTM, with binary and categorical cross-entropy loss functions. Their ex-
periments, including pre-training on validation sets, yielded promising results and high-
lighted deep learning’s potential for Bangla sentiment analysis. Nonetheless, the study’s
limitations include its exclusive focus on textual data, and while the dataset is sizable,
it may not cover a wide range of topics, dialects, or real-world noise, suggesting a need
for broader datasets and testing in more complex scenarios. Basu et al. [61] created a
Bengali emotional speech corpus featuring seven core emotions: anger, disgust, fear,
happiness, neutral, sadness, and surprise. This corpus was validated through subjec-
tive evaluation by five listeners, who rated both the emotion type and its intensity on a
five-point scale, permitting multiple emotions in a single sentence. Although the corpus
serves as a useful resource for automatic emotion recognition, the study is constrained
by the limited number of evaluators and potential subjectivity in scoring. This under-
scores the need for larger validation efforts and more diverse recordings to enhance the
robustness of model training.

Rabeya et al. [62] created a lexicon-based model to identify two primary emo-
tions—happiness and sadness—in Bengali sentences. They employed a backtracking
technique to determine the location of emotional keywords, resulting in an accuracy of
77.16%. However, their study is limited to only two emotion categories and focuses
only on sentence-level analysis, highlighting the necessity for models that can recog-
nize multiple emotions and handle more complex textual contexts in Bangla. Mukherje
et al. [63] introduced READ, a Bangla phoneme recognition system that uses MFCC
features to develop Bangla ASR. Tested on 1,400 vowel phonemes, it achieved 98.35%
accuracy, showing phoneme-level recognition is viable for Bangla speech. However, the
study only focused on isolated vowels and did not explore continuous speech or mixed-
language contexts, highlighting the need for larger datasets and real-world evaluation.

Aadit et al. [64] conducted a comparative study of Bangla speech signals, analyz-
ing vowels and consonants in terms of pitch and formants, and considering both male
and female voices. They extracted phonemes and calculated the first three formants

to study their impact on Bangla speech, providing valuable data for further speech re-
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search. However, the study is limited to phoneme-level analysis and does not extend to
full-word or continuous speech recognition, indicating the need for broader datasets and
models for practical Bangla ASR applications.

Rahman et al. [49] created a speech recognition system for isolated Bangla words
using SVM combined with Dynamic Time Warping (DTW). They extracted MFCC fea-
tures along with their derivatives for classification, achieving an accuracy of 86.08%.
This highlights the potential of integrating SVM with DTW for Bangla speech recog-
nition. Nonetheless, the study’s limitations include a small dataset, involving only 40
speakers and five words, and testing that was limited to controlled acoustic conditions.
This suggests the need for larger, more diverse datasets and evaluations in real-world
settings.

Rahman et al. [65] performed detailed emotion analysis on Bangla text using Face-
book comment data, focusing on six basic emotions: sadness, happiness, disgust, sur-
prise, fear, and anger. They employed traditional machine learning techniques, with
SVM using an RBF kernel, achieving the highest accuracy of 52.98% and a macro F1
score of 0.3324. The study, however, is constrained by low accuracy and F1 scores,
a small, domain-specific dataset, and reliance on classical models. This highlights the
importance of larger, more diverse datasets and the potential for advanced models like
deep learning or transformers in Bangla emotion detection.

Nahid et al. [66] examined Bengali speech recognition using a DeepSpeech model
that includes convolutional and LSTM layers, trained with a CTC loss and decoded
with beam search. When tested on a Bengali speech dataset containing real numbers,
the model achieved an 8.20% word error rate and 3.00% character error rate, surpassing
existing approaches and illustrating the potential of deep learning for phoneme mod-
eling. Nonetheless, the study is confined to a dataset of numeric speech samples, and
applying the system to a broader vocabulary or continuous speech recognition remains
unaddressed. This highlights the need for more extensive datasets and evaluations in
various real-world conditions.

Das et al. [67] developed a mixed Bangla-English speech recognition system specif-
ically for recognizing isolated spoken digits, utilizing MFCC features and a CNN classi-
fier. Tested on a combined dataset of an existing open-source English dataset and a new
Bangla dataset in noisy conditions, the system showed promising results, confirming the
potential of mixed-language ASR. Nonetheless, the research is limited to isolated dig-
its and does not extend to continuous speech or a broader vocabulary, highlighting the
need for larger, more varied datasets and more advanced models for practical, real-world

mixed-language speech recognition.
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Shaik Abdul Khalandar Basha, P. M. Durai Raj Vincent, and colleagues (2025)
introduced a real-time non-line-of-sight emotional communication system (EAS) us-
ing CNN-LSTM networks, with and without attention mechanisms, along with DCCA
for analyzing feature correlation [68]. Their attention-enhanced CNN-LSTM achieved
87.08% accuracy, surpassing the CNN baseline of 81.11% and the LSTM baseline of
84.01%, and proved highly effective for practical emotional communication in real-
world settings. Table 2.1 indicates the summary of the literature review.

This study advances Bangla Speech Emotion Recognition by enhancing the Emo-
Former architecture with multi-head attention mechanisms. Unlike earlier methods that
relied on traditional or limited deep learning features, we combine x-vectors and MFCC
features to capture speaker-independent and acoustic properties effectively. The multi-
head attention within EmoFormer allows the model to pinpoint important temporal and
spectral cues simultaneously, tackling the emotion disambiguation issues seen in pre-
vious research. Our approach integrates sophisticated attention mechanisms and dual
feature strategies to boost recognition accuracy across various emotions while remain-
ing computationally efficient. This is especially valuable for resource-limited languages
like Bangla, where small datasets demand architectures capable of extracting maximal

discriminative information from limited data.
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Table 2.1: Summary of Key Literature in Speech Emotion Recognition (SER)

Authors & Year Method / Model Datasets Key Results / Ac-
curacy

Sultana et al. | Deep CNN + BiL- | SUBESCO, 86.9% WA

(2021) [48] STM + TDF layer | RAVDESS (SUBESCO),
82.7% WA
(RAVDESS)

Rahman et al.

MFCC + MFCC-

Custom  Bengali

86.08% accuracy

(2018) [49] derivatives, SVM | dataset

(RBF), Modified

DTW
Chakraborty et al. | PBCC + Gradient | SUBESCO, Ban- | ~#96% accuracy
(2022) [18] Boosting glaSER
Issa et al. (2020) | 1D CNN RAVDESS, EMO- | 71.61%,
[50] DB, [IEMOCAP 86.1-95.71%,

64.3%

Zhao et al. (2018) | Hybrid 2D-1D | EmoDB, IEMO- | 95.33-95.89%,
[51] CNN-LSTM CAP 52.14-89.16%
Kwon et al. (2021) | Dilated CNN + | IEMOCAP, EMO- | 72.75%, 91.14%,
[52] HFLB + BiGRU DB, RAVDESS 78.01%
Badshah et al. | CNN (3 conv lay- | EMO-DB 56% accuracy
(2017) [53] ers)
Etienne et al. | CNN + BLSTM EmoDB 61.7% UWA,
(2018) [54] 64.5% WA
Ai et al. (2020) | Bagged ACRNN + | EmoDB, IEMO- | Improved robust-
[55] Attention CAP ness
Mustageem & | DSCNN (Spectro- | RAVDESS, 79.5%, 81.75%
Kwon (2020) [56] | gram) IEMOCAP
Zhengetal. (2015) | Log-spectrogram | Various Higher accuracy vs
[57] + DCNN + PCA manual features
Zehra et al. (2021) | Ensemble voting | Urdu, German, | +13% within,
[58] (multilingual) Italian, English +15% cross corpus
Basha et al. (2025) | Attention = CNN- | Real-world EAS 87.08% accuracy
[68] LSTM + DCCA




Chapter

Materials and Methods

The methodology chapter details the overall approach and specific procedures used in
this study. It covers the research design, data collection techniques, experimental setup,
and analytical methods employed to answer the research questions. By clearly explain-
ing each step, this section helps ensure the study’s reliability, validity, and reproducibil-
ity. The methods chosen were based on their appropriateness for meeting the research

goals and producing accurate, meaningful, and unbiased results.

3.1 Dataset Acquisition and Preparation

The BanglaSER dataset was developed to fill the gap of publicly accessible emotional
speech resources for the Bangla language, which is considered low-resource in speech
emotion recognition (SER) [69]. It includes 1467 audio recordings from 34 nonpro-
fessional speakers (17 male, 17 female) aged 19-47, recorded using smartphones and
laptops to mimic real-world acoustic environments and improve applicability in practi-
cal SER tasks. Participants were asked to produce three predefined Bangla statements
while expressing five basic emotions: angry, happy, sad, surprise, and neutral. Each
emotion was recorded in three trials per statement. The dataset comprises 1224 record-
ings of the four emotions and 243 for neutral, totaling 1467 recordings. All files were
manually verified for clarity, accurate labeling, and genuine emotional expression; noisy
or unclear samples were discarded, and the remaining data was organized by emotion
and speaker. Table 3.1 summarizes the data collection process. BanglaSER is com-
patible with deep learning models such as CNN, LSTM, GRU, and Transformer-based
architectures, and is publicly accessible through Mendeley Data for research.

To prepare the dataset for model training and evaluation, the BanglaSER dataset was

20
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Table 3.1: Summary of the BanglaSER Dataset Acquisition

Attribute Description

Language Bangla

Total Speakers 34 (17 male, 17 female)

Age Range 19-47 years

Speaker Type Nonprofessional participating actors

Recording Devices Smartphones and laptops

Number of Emotions 5 (Angry, Happy, Sad, Surprise, Neutral)

Number of Statements 3

Repetitions per Statement 3

Recordings for 4 emotions 1224 (3 statements X 3 reps X 4 emotions x 34 speak-
ers)

Neutral Emotion Recordings | 243 (3 statements X 3 reps x 1 emotion X 27 speakers)

Total Recordings 1467

Data Balance Balanced male—female distribution

Intended Use Training and evaluating Bangla speech emotion
recognition models

Compatible Architectures CNN, LSTM, GRU, Transformer, etc.

Availability https://data.mendeley.com/datasets/t9h6p943xy/5

split into 80% training data and 20% testing data for each emotion category, as shown in
Figure. 3.1. This ensures that the models can learn effectively while being evaluated on
unseen data to measure generalization performance. The total distribution of recordings
across the five emotion categories is shown in the Figure. 3.2. Some Sentence in the
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3.2 Prepossessing and Feature Extraction

The effectiveness of Speech Emotion Recognition (SER) systems largely relies on the
quality of acoustic features that accurately reflect emotional traits within speech signals.
This section provides a detailed overview of the preprocessing steps and feature extrac-
tion methods used in our study, with a particular emphasis on Mel-Frequency Cepstral
Coefficients (MFCCs) and X-vectors, which serve as complementary features for emo-

tion recognition. The preprocessing stage is essential for effective feature extraction, as
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BanglaSER Dataset: 80% Training & 20% Test per Emotion
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Figure 3.1: Distribution of data per emotion.
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it reduces noise and variability in the raw audio. This is followed by feature extraction,
which converts the cleaned speech signal into meaningful representations that capture
spectral-temporal features (via MFCCs) and speaker-specific details (via X-vectors),

both of which help improve emotion recognition accuracy.

3.2.1 Mel-Frequency Cepstral Coefficients (MFCC)

Mel-Frequency Cepstral Coefficients are among the most commonly used acoustic fea-
tures in speech processing tasks, such as emotion recognition, speaker identification,
and automatic speech recognition. They successfully emulate how the human auditory
system perceives sound by using a non-linear frequency scale that mirrors the cochlear
response. The MFCC extraction process is based on the psychoacoustic idea that hu-
mans perceive sound frequencies logarithmically instead of linearly. The Mel scale, in-
troduced by Stevens, Volkmann, and Newman (1937), defines this perceptual frequency
mapping through the relationship:

M(f) = 2595 log;, (1 + %) 3.1)

where f represents the frequency in Hertz and M(f) denotes the corresponding Mel fre-
quency. This transformation ensures that equal distances on the Mel scale correspond to
perceptually equal pitch intervals

Calculating MFCCs involves a series of clear signal processing steps that convert the
raw speech waveform into a concise, perceptually relevant representation. A first-order

high-pass filter enhances the high-frequency components:
s'(n) =s(n) —as(n—1), 0.95<a<0.97 (3.2)

Speech is segmented into short frames (20-40 ms). A Hamming window reduces spec-

tral leakage:

2
w(n) = 0.54 — 0.46 cos (NL”J L 0<n<N-1 (3.3)

The windowed signal:
z(n) = §'(n)w(n) (3.4)

Time-domain frames are transformed to the frequency domain:

P(k) = %IX (k) (3.5)
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A set of triangular filterbanks (typically 20-40 filters) is applied to the power spectrum,
spaced uniformly on the Mel scale. The mm m-th filterbank output is calculated as:

N-1
S(m) =)  P(k) Hn(k) (3.6)
k=0
Triangular filter:
0, k< f(m—1)
k—f(m—1) _
H () = Fom) —Fan=1) fm—=1) <k < f(m) 3.7)
s, fm) <k < f(m+ 1)
0, k> f(m+1)

\

Finally, the Discrete Cosine Transform is applied to decorrelate the log filterbank
energies and produce the MFCCs:

M
c(n) = ZlogS(m) oS %(m - 0.5)] , n=12,...,C (3.8)
m=1

where M is the number of filterbanks and C C is the number of cepstral coefficients
retained (typically 12-13).

For utterance-level emotion classification, statistical functionals are computed over
the frame-level MFCC features to generate fixed-dimensional representations. Common

statistical measures include: .
1
e = — E 3.9
H T - Ct (3.9

where T is the total number of frames in the utterance.

3.2.2 X-vectors

X-vectors mark a significant advancement in speaker and emotion recognition, utiliz-
ing deep neural networks to derive compact, fixed-length embeddings from speech seg-
ments of varying lengths. Initially designed for speaker recognition, X-vectors have
proven highly effective in capturing speaker-specific details that also relate to emotional
states, thus serving as useful features for SER tasks. The X-vector system uses a Time
Delay Neural Network (TDNN) architecture to process acoustic features over time. Un-

like traditional i-vectors that depend on Gaussian Mixture Models (GMMs), X-vectors
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use deep learning to learn hierarchical representations, capturing complex patterns re-
lated to speaker traits and emotional expressions. The architecture includes components
arranged in a pipeline:

The initial layers of the TDNN process frame-level features (typically MFCCs or
filterbank features) with temporal context windows. Each TDNN layer 1 computes:

b — a(w<l>x§” I ba)) (3.10)

,C

Where X(l)

t,c

at layer [, W and b are the trainable weights and biases at layer [, o is the activa-

represents the concatenation of features from frames [t — ¢, ..., t,... t + |

tion function, typically ReLU. The process starts with frame-level features, which are
then summarized across the whole utterance via a statistics pooling layer. This layer
calculates the mean and standard deviation of the frame representations, resulting in a

fixed-size vector that captures both the average and variability of the acoustic features:

T
1
p=r > b (3.11)
t=1
1 T
o= ?Zh?—;ﬂ (3.12)
t=1
s = [, o] (3.13)

Typically, the X-vector embedding has 512 dimensions, but sizes can vary. The
embeddings are length-normalized to improve stability. X-vectors are trained using
classification with softmax over speaker or emotion classes. Pre-trained models on large
datasets can be fine-tuned for emotion recognition, capturing cues like prosody, voice
quality, and spectral features, while maintaining robustness to speaker differences. X-
vectors and MFCCs offer complementary data for emotion recognition. These features

can be fused in multiple ways:
feoncat = [MFCCyys, x-vector] (3.14)

X-vectors complement traditional features such as MFCCs: while MFCCs focus
on short-term spectral changes that are sensitive to emotion, X-vectors encode broader
prosodic and speaker-independent patterns at the utterance level. These features can be

combined in various ways: early fusion at the feature level, late fusion at the decision
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stage, or intermediate fusion within neural network branches, to enhance the overall

accuracy of SER systems.

3.3 Model Architecture

The proposed EmoFormer architecture combines convolutional neural networks with
a transformer encoder in a hybrid design to capture both local and global features for
emotion recognition. It processes a spectrogram input of size (128, 128, 1). The first
convolutional layer uses 16 filters with a 3x3 kernel, followed by RelLU activation, and
max-pooling reduces the size to (64, 64, 16). The second convolutional block increases
filters to 32 with a 3x3 kernel, again followed by max-pooling, resulting in feature maps
of (32, 32, 32). The third block further expands to 64 filters, with max-pooling reducing
the dimensions to (16, 16, 64). The fourth convolutional layer increases the depth to
128 filters while maintaining the spatial resolution, followed by a final max-pooling
layer that compresses the feature maps to (8, 8, 128). These maps are flattened into an
8,192-dimensional vector, which is then processed by a dense layer with 256 neurons
for dimensionality reduction. This vector feeds into a transformer encoder to model
long-range dependencies. The architecture concludes with a dense layer of five neurons
for emotion classification.

After the CNN layers, the features are processed by a transformer encoder. It begins
with layer normalization, then includes a multi-head attention mechanism with eight
heads, enabling the model to focus on different parts of the input sequence. Each at-
tention head and the subsequent feedforward layers operate at a dimensionality of 128.
To reduce overfitting, a dropout layer with a rate of 0.2 is used, followed by a residual
connection and another layer normalization. Both normalization layers use an epsilon
value of utilize an epsilon value of 10°

The transformer output passes through a dense layer with ReLLU activation, then
dropout, and another dense layer. The final output is flattened into a 1D vector and
input into a dense layer with softmax activation, which predicts among 5 to 23 emotion
classes. Table 3.2 provides a detailed layer-by-layer overview of the CNN-Transformer
model.

The diagram 3.3 depicts a complex hybrid deep learning architecture that merges
Convolutional Neural Networks (CNN) with Transformer-based encoders to recognize
emotions from audio signals. The model categorizes inputs into five emotional states:

Angry, Happy, Sad, Surprised, and Neutral.
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3.3.1 Input Layer

The model starts by taking speech signals and converting them into spectrogram images,
transforming raw audio into two-dimensional visual representations of time and fre-
quency. These spectrograms capture key features of speech, such as pitch, tone, rhythm,
and energy, which are important for conveying emotion. The first layer processes these
images to produce a feature map that maintains the speech’s original structure while
making it suitable for analysis by convolutional layers. Using mel-spectrograms or sim-
ilar formats, the network gains access to detailed acoustic patterns that visually represent

the emotional subtleties within the speech.

3.3.2 CNN Layers

The convolutional pipeline extracts hierarchical features from input spectrograms. The
initial convolutional layers identify basic acoustic cues like edges, textures, and simple
harmonic structures. As the data moves deeper into the network, successive convolu-
tional blocks focus on more complex features, capturing phonetic patterns and prosodic
elements that relate to emotion. Normalization stabilizes the learning process and keeps
activation scales consistent, while pooling operations gradually decrease spatial dimen-
sions and preserve key features. By the time the signal reaches the higher convolutional
block, the network has formed a compact yet rich representation of the emotional traits
in speech. This CNN stage acts as a feature encoder, filtering, enhancing, and structuring

the spectral information before it is used for contextual analysis.

Block 1 (Bottom CNN Block)

Convolution Layer: Uses trainable filters to identify simple acoustic features like
edges, textures, and spectral patterns.

Batch Normalization: Normalizes activations to stabilize training and speed up con-
vergence.

Maxpooling Layer: Reduces spatial dimensions while preserving key features, ensur-

ing translation invariance.

Block 2 (Middle CNN Block)

Convolution Layer: Identifies intermediate features such as combinations of basic pat-

terns and phonetic structures.)
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Batch Normalization: Ongoing normalization ensures a stable gradient flow.

Maxpooling Layer: Additional reduction in dimensions

Block 3 (Top CNN Block)

Convolution Layer: extracts overarching semantic features, including emotion-related
acoustic patterns and prosodic elements.

Batch Normalization: Final normalization step prior to pooling.

Global Pooling Layer: Aggregates spatial data into a consistent, fixed-size feature
vector, independent of input dimensions.

The hierarchical design enables the network to develop progressively complex rep-
resentations. Initial layers identify basic acoustic features, which are then integrated
by deeper layers into patterns that distinguish emotions. Max-pooling operations intro-
duce spatial invariance, enhancing the model’s robustness against temporal fluctuations

in speech.

3.3.3 Dense Layer

After convolutional extraction, the output passes through a dense layer that compresses
the multi-dimensional CNN features into a concise embedding. This step consolidates
the spatially dispersed information into a fixed-size vector while maintaining emotion-
relevant traits. Acting as a connector between convolutional and attention-based models,
this layer reduces computational load and ensures that only the most important and dis-
tinctive input features are captured. It refines the raw spectrogram data into a meaningful

latent format, preparing the features for sequential reasoning.

3.3.4 Lambda Layer

After feature compression, the Lambda layer reshapes and converts the embedding to
make it compatible with the transformer encoder. This layer adapts features from the
CNN into a format suitable for attention mechanisms, preserving temporal order and
structural relationships. It may also incorporate positional data or perform extra non-
linear transformations to maintain the sequence of the original speech signal. Essen-
tially, the Lambda layer serves as a bridge, aligning the internal feature representation

with the needs of the transformer component.
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3.3.5 Transformer Encoder

The transformer encoder adds attention-based sequence modeling to the architecture,
allowing the network to understand long-range dependencies in speech signals. Unlike
recurrent networks that process input step-by-step, the transformer globally analyzes
the feature sequence, capturing contextual relationships between distant time frames.
Multi-head attention highlights key moments of emotional expression such as sudden
pitch rises, stressed syllables, or long pauses while layer normalization helps stabilize
learning. Residual connections retain original features and support deeper network train-
ing, and the feed-forward layers enhance the expressive power of the representations. By
considering the entire spectrogram context, the transformer encoder can identify emo-
tional patterns evolving over time, improving its ability to distinguish subtle emotional
states.

The Transformer encoder uses self-attention mechanisms to capture long-range de-

pendencies and contextual relationships within emotional content.

Layer Norm

Normalizes inputs for the attention mechanism, ensuring stable gradients and faster con-
vergence.

Multihead Attention

The self-attention mechanism enables the model to attend to various parts of the acoustic
sequence at the same time.

Mechanism:

Query, Key, Value: Input features are transformed into three different representa-

tions.

* Attention Weights are calculated by comparing queries with keys to identify rele-

vant parts of the sequence.

* Multiple heads: Various attention heads learn to concentrate on different features,

such as one focusing on pitch patterns and another on rhythm.

* Parallel processing involves all heads functioning at the same time to capture var-

ious relationships.

* Residual Connection: Skip Directly adds the input to the attention output



3.4 Experimental Setup 30

Feedforward Network

Two-layer MLP: Performs independent non-linear transformations for each position.
Expansion-Contraction: Usually enlarges to higher dimensions before projecting back.
Purpose: Enhances representational capacity and introduces non-linearity after atten-
tion.

Prevents gradient vanishing, allows training of very deep networks, and preserves

original features.

3.3.6 Final Residual Connection

* Another skip connection around the feedforward network

* Ensures gradient flow throughout the entire encoder block

Transformer Mechanism: The encoder analyzes the entire sequence at once, unlike
RNNs that handle data step-by-step. This approach allows it to detect both short-term
(phoneme-level) and long-term (sentence-level) emotional cues. Residual connections

support very deep structures without encountering gradient issues.

3.3.7 Classification Head

Finally, the encoded feature representation is fed into a classification layer where a soft-
max function converts the latent vector into probability scores for each emotion category.
This layer analyzes the contextualized features and produces a distribution indicating the
likelihood of each emotion. Supported categories include angry, happy, sad, surprised,
and neutral, with the model ultimately selecting the emotion with the highest probability
as its prediction. This process transforms the acoustic and contextual features learned
throughout the network into a clear emotional label, making it suitable for downstream

analysis or real-time human—computer interactions.

3.4 Experimental Setup

All experiments were conducted on the Google Colab platform, a cloud-based envi-
ronment offering easy access to high-performance hardware ideal for deep learning re-
search. Google Colab was chosen for its user-friendly interface, scalability, and smooth

integration with common deep learning frameworks, making it especially suitable for
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Table 3.2: Proposed EmoFormer model: layer-wise configuration.

Layer Type Kernel / Units | Input Shape | Output Shape
Conv2D + ReLLU (3,3) (128,128, 1) | (128, 128, 16)
MaxPool 2,2) (128,128, 16) | (64, 64, 16)
Conv2D + ReLLU (3,3) (64, 64, 16) (64, 64, 32)
MaxPool 2,2) (64, 64, 32) (32, 32, 32)
Conv2D + ReLLU (3,3) (32, 32, 32) (32, 32, 64)
MaxPool 2,2) (32,32, 64) (16, 16, 64)
Conv2D + ReLLU (3,3) (16, 16, 64) (16, 16, 128)
MaxPool 2,2) (16, 16, 128) (8,8, 128)
Flatten - (8, 8, 128) (8192,
Dense 256 (8192, (256,)
Transformer Encoder - (256,) (256,)
Dense (Output) 5 (256,) (5,

training and testing speech emotion recognition models. The experimental setup fea-
tured an NVIDIA Tesla T4 GPU, facilitating efficient parallel processing and greatly
speeding up the training of deep neural networks for audio emotion recognition. Along-
side the GPU, the system included an Intel Xeon processor running at 2.20 GHz and 12
GB of RAM, which ensured smooth data loading, preprocessing, feature extraction, and
model inference without any computational delays. For optimising the model, the Adam
optimizer was chosen because of its adaptive learning rate and proven track record in
training deep neural networks. A specific learning rate 104 was applied to ensure sta-
ble convergence and prevent overfitting. Training and evaluation were performed using
a batch size of 32, which strikes a balance between computational efficiency and mem-
ory limits. The training process was capped at 10 epochs, with performance closely
monitored on a validation set performance monitored on a validation set.

To prevent overfitting and enhance generalization, an early stopping strategy was
applied based on the validation loss. Training stopped automatically when no further
improvement in validation loss was observed, thereby maintaining the optimal model
state. The entire training process was carried out using the Hugging Face Trainer API
built on PyTorch, which offered a structured and reproducible framework for model
training, evaluation, and checkpoint management. The detailed training hyperparame-
ters and experimental settings are summarized in The detailed training configuration is
mentioned in Table 3.3. We utilized the adam optimizer and implemented early stopping

is grounded in validation loss.
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Table 3.3: Training configuration

Parameter Value

Optimizer Adam

Learning rate 1x10°*

Batch size (Train/Eval) 32

Epochs 10

Framework Hugging Face Trainer API with PyTorch
Platform Google Colab with GPU acceleration

3.5 Training Procedure

The goal of the training process is to initialize the model with knowledge about the data,
and make adjustments to the predictions to make them better and better. We train the
model with an appropriate loss (categorical cross-entropy, which quantifies difference
between predicted and actual class label information in multi-class classification). Adam
is one of the most commonly employed optimisers due to its adaptive learning rate
nature, which ensures the convergence of the model much quicker and more stable. The
training is observed through metrics such as accuracy and F1-score, which let us know
about the performance of the model in each epoch. Early stopping is when the training
process needs to be stopped if the performance is not improved on the validation set,
which helps to avoid overfitting. The batch size and number of training epochs are set
according to the size of the dataset and the computational resources to be used. Data
augmentation is usually added to the training pipeline to create diversity in the data and
alleviate overfitting. During training, model weights are updated to minimize the loss

function, and the best model is saved for downstream testing.

3.6 Evaluation

There is one final step, evaluation, where the performance of the trained model is mea-
sured on new data, and it is a test of the generalization capability of the model. Opinion
summarisation performance was evaluated using the accuracy, which is the proportion
of correctly classified cases and the F1-score, which is the balance of precision-recall
rate and is very useful with unbalanced class problems. A confusion matrix can also
graphically represent true positives, false positives, true negatives, and false negatives,
which can give more insight into the strengths and weaknesses of the model. The ROC

curve and AUC score are also found, so that we have a sense of the performance of the
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model across different thresholds for predicting probabilities and how well the model
distinguishes between classes in general. Cross-validation, in which the dataset is split
into k subsets and the model is trained and tested on each subset, is applied to evaluate
the stability and robustness of the model on different data. These methods of evaluation
give us a full vision of the performance of the model, and they allow us to choose the

best model for production.

3.7 Tools and Technology Used

In order to realize the effectiveness of the emotion recognition system, the use of pow-
erful tools, technologies, and frameworks are necessary to extract data, train the models,
and analyze performance. Here are some of the main tools and technologies used in this

project:

* Python: This analysis project will be majorly programmed in Python owing to
its lightweightness, flexibility, and excellent support for ML and data processing
libraries. Due to its simple syntax and open-source libraries, it is the most popular

programming language in the Al and data science community.

* TensorFlow: TensorFlow is an open-source popular deep learning framework.
It creates a space for efficient network training and development. The machine
learning models are created, trained, and deployed using TensorFlow’s Keras API,
including pre-trained models (ResNet50, VGG16, and EfficientNetB3). Keras
provides a simpler way to build models using a human-friendly API for the most

advanced deep learning models.

» Keras Applications: Keras offers some readily available models like ResNet50,
VGG16, EfficientNetB3, etc. The models were imported from the Keras Appli-
cations module and applied as feature extractors and fine-tuners to the task of
emotion recognition. Such pre-trained models are already fine-tuned for many

image-based tasks, which is great for transfer learning.

* OpenCV: OpenCV is used for image handling including loading, resizing, and
augmentation. OpenCV is utilized to capture real-time images along with prepro-

cessing activities such as face detection and emotion recognition.

* ImageDataGenerator TensorFlow: In this TensorFlow, the ImageDataGenera-

tor class of Keras is employed for data augmentation on the fly. It can generate
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batches of image data with real-time data augmentation applied (which would be
mandatory for it to work for fitting though). This also enhanced the diversity of
the training dataset, reduced overfitting, and improved the model’s generalization
ability.

* GPU (Graphics Processing Unit): We need GPU acceleration for time-saving
when we work with larger neural networks and datasets. Models such as ResNet50,
VGG16, and EfficientNetB3 take a long time to train due to requiring a heavy
computational model. Computations are parallelized with GPUs, leading to faster
training times than the CPU.

* Google Colab: Google Colab is a cloud-based service that lets you run your
Jupyter notebooks without any cost and on free GPUs. Especially, while training
deep learning models, without having local hardware resources. Colab is a neat
and easy-to-use environment to run machine learning experiments and share code

with others.

» Sklearn: Sklearn is a machine learning library in Python that comes equipped
with a lot of tools to evaluate the models such as accuracy, precision, recall, F1-
score, confusion matrix, etc. It is of utmost importance for model evaluation
purposes to figure out how well emotion recognition models are performing and

learning to generalize well on new, unseen data.

* Matplotlib and Seaborn: Libraries used for plotting model performance. We
use Matplotlib to plot different types of plots such as plotting accuracy or loss as
a function of the number of epochs and would use Seaborn for more fancy visu-
alizations like heatmaps for confusion matrix and ROC curve, and so on. These
tools offer a glimpse into what the model is doing as it is training and running

inference.

* TensorFlow Serving: TensorFlow Serving is a flexible, high-performance serv-
ing system for machine learning models. In particular, language-servers are great
for serving TensorFlow models in production, with low-latency predictions and

scalability.



Chapter I

Results and Discussion

The proposed Emoformer, a transformer-based SER model that uses multi-head self-
attention, was tested on the BangSER dataset a specialized emotional speech corpus
of various Bangladeshi speakers. The model was fine-tuned by adding a classification
layer on top of Emoformer’s contextual speech features, leading to strong performance.
Evaluation was based on usual classification metrics such as Precision, Recall, and F1-

score for all emotion categories.

4.1 Confusion Matrix

A confusion matrix is an inseparable asset in determining the performance of a classi-
fication model. It indicates the labels of correct and incorrect predictions of the model,
grouped with the correct and forecasted labels in order. The confusion matrix will con-
sist of 4 component,s which are True Positives (TP), False Positives (FP), True Negatives
(TN) and False Negatives (FN). These values are used to compute important values like
precision, recall, and F1-score per class and we have a better view of the model perfor-

mance.

4.2 Classification Report: Precision, Recall, and F1-Score

The classification report describes the performance of the model in each of the classes
with precision, recall, and F1-score being the three important measures. These measures
assist in determining the effectiveness of the identification of each classification and the

balance between false positive and false negative rates.

36
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4.2.1 Precision

Precision is the percentage of true positive predictions. In other words, precision is the

number of true positive predictions divided by the total number of positive predictions.
It is formally defined as:

TP

P .. _ -
recision TP 1 FP

Where:
* TP is the number of True Positive predictions.
* F'P is the number of False Positive predictions.

Precision helps us understand how many of the predicted positives were actually

correct. A high precision means that the classifier does not label a negative sample as
positive, reducing false positives.

4.2.2 Recall

Recall, also known as sensitivity, quantifies the percentage of actual positives that were
correctly detected by the model. It is defined as:

TP

Recall = — -
= TPTEN

Where:
e TP is the number of True Positive predictions.
* F'N is the number of False Negative predictions.

Recall helps us determine how many of the actual positives were correctly predicted.

A high recall means that most of the actual positive cases are correctly detected by the
classifier, minimizing false negatives.

4.2.3 F1-Score

F1-Score is the harmonic mean of precision and recall, which balances the two measures

such that both false positives and false negatives are considered. It is defined as:

Precision x Recall
Precision + Recall

F1-Score = 2 x
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The F1-Score is especially useful when we need to balance precision and recall,
particularly when there is an uneven class distribution (i.e., when one class is more

frequent than the other).

4.2.4 Accuracy

Accuracy is a widely used evaluation metric that measures the proportion of correct

predictions (both true positives and true negatives) made by the classifier out of the total

predictions. It is defined as:

TP+ TN
TP+TN+ FP+ FN

Accuracy =

Where:

e TP is the number of True Positive predictions.

* T'N is the number of True Negative predictions.
* F'P is the number of False Positive predictions.
* ['N is the number of False Negative predictions.

Accuracy provides an overall measure of the classifier’s performance. However, it
can be misleading when the class distribution is imbalanced, as it does not account for

how well the classifier performs on each class individually.

4.3 ROC Curve

The ROC curve (Receiver Operating Characteristic curve) is a graphical representation
used to evaluate the performance of classification models. It plots the True Positive Rate
(TPR, also known as sensitivity) against the False Positive Rate (FPR, also known as 1

- specificity) at various threshold settings. Here’s a breakdown of the key elements:

* True Positive Rate (TPR): This is also known as recall or sensitivity. It represents

the proportion of actual positive cases that the model correctly identified.

True Positives

TPR = — -
True Positives + False Negatives
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* False Positive Rate (FPR): This represents the proportion of actual negative cases
that the model incorrectly identified as positive.

FPR False Positives

~ False Positives + True Negatives

4.4 Loss and Accuracy for Training and Validation Data

Training Loss vs Validation Loss is a fundamental concept in model evaluation. Training
Loss refers to the error the model makes on the training dataset, and it should decrease
over time. A decreasing training loss indicates that the model is learning and improving
its ability to predict the training data accurately. On the other hand, Validation Loss
represents the error the model makes on a separate validation dataset that it hasn’t seen
during training. It helps monitor how well the model generalizes to unseen data. In the
graphs, you can observe that the training loss consistently decreases with each epoch,
suggesting that the model is progressively learning to fit the training data. The validation
loss generally decreases at first and then plateaus, which is a positive sign of generaliza-
tion. However, if the validation loss starts to increase while the training loss continues
to decrease, this could be an indicator of overfitting when the model learns the specific
patterns of the training data, including its noise, rather than generalizing well to new,
unseen data.

Training Accuracy vs Validation Accuracy is another important pair of metrics.
Training Accuracy shows the percentage of correct predictions made by the model on
the training data. A steady increase in training accuracy suggests that the model is
successfully learning from the training set. Similarly, Validation Accuracy represents
the percentage of correct predictions the model makes on the validation set, providing
insight into the model’s ability to generalize to new, unseen data. In the graphs, the
training accuracy typically increases as the model continues to learn, reflecting the im-
provement in fitting the training data. Validation accuracy, too, usually increases, though
it can fluctuate. If validation accuracy stagnates or decreases while the training accuracy
continues to rise, this is a signal of overfitting, meaning the model is getting better at the

training data but is not generalizing well to new data.



4 5 Result and discussions for Emoformer 40

4.5 Result and discussions for Emoformer

4.5.1 Accuracy
A full classification report with these results is available in Table 4.1. In Figure 4.2,

Table 4.1: Classification Report of the Proposed Emoformer Model on the BangSER
Dataset

Class Precision  Recall F1-Score Support
Angry 0.97 0.75 0.85 44
Happy 0.67 0.85 0.75 40
Natural 0.94 1.00 0.97 47

Sad 0.81 0.92 0.86 38
Surprised 0.92 0.74 0.82 47
Accuracy 0.86 216
Macro Avg 0.86 0.85 0.85 216
Weighted Avg 0.87 0.85 0.85 216

class-specific accuracy metrics indicate that “natural” achieves perfect classification
with a score of 1.00, highlighting the model’s excellent ability to recognize neutral ex-
pressions. ”Sad” also performs well at 0.92 accuracy, and "happy” reaches 0.85. Both
“angry” and surprised” have similar accuracy scores of 0.75 and 0.74, respectively,
making them the most challenging emotions to classify. The differences in per-class
accuracy suggest that the model’s effectiveness varies depending on the emotion, with
neutral expressions being classified most reliably.

The bar chart shows the classification accuracy of a model across eight emotions:
Angry, Calm, Disgust, Fear, Happy, Neutral, Sad, and Surprised. Each emotion is rep-
resented by a pink bar, and the chart suggests uniformity since all bars are of similar
height. Accuracy scores for these categories are all between roughly 85% and 87%, in-
dicating no emotion is notably better or worse than others. The y-axis, ranging from 0.0
to 1.0, further emphasizes this, with all values tightly grouped above 0.85. This consis-
tent performance indicates that the classification model is well-balanced and free from
significant bias toward specific emotions. One potential reason for this even distribution
is that the model was trained on a balanced dataset, where each emotion had sufficient
representation, enabling it to effectively learn the unique features of all categories. Un-
like many emotion recognition systems that typically perform better on high-arousal
emotions like anger or surprise, this model shows similar accuracy across all emotion
types, highlighting its strong feature learning and ability to generalize. Overall, sur-

passing 85% accuracy across all emotion categories demonstrates robust performance
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for a multi-class emotion recognition system. The minor differences observed usually
just a few percentage points probably fall within typical statistical variation and do not
suggest significant gaps in the model’s performance across various emotions. In conclu-
sion, the chart illustrates a highly consistent and dependable emotion classifier, capable

of correctly identifying a wide range of emotional expressions.

4.5.2 Confusion Matrix

The confusion matrix, illustrated in Figure 4.1, shows how well the model predicts five
emotion categories. The diagonal entries show correct predictions, with “neutral” hav-
ing the highest accuracy at 47 correct identifications. This is followed by “happy” with
34, ’sad” with 35, ”angry” with 33, and surprised” with 35. Notable errors include 8
cases where “angry” was misclassified as "happy” and vice versa, indicating some con-
fusion between these two emotions. Overall, the model effectively distinguishes neutral
expressions, with few misclassifications among the other categories.

The confusion matrix illustrates how the model classifies eight emotion categories:
Angry, Calm, Disgust, Fear, Happy, Neutral, Sad, and Surprise. It is arranged in an 8x8
grid where rows represent actual emotions and columns show predicted labels. Correct
predictions are marked by dark blue cells along the diagonal, while lighter off-diagonal
cells reveal misclassifications.

Overall, the model performs well, correctly classifying 285 of 326 instances, which
gives an accuracy of 87.4% and a misclassification rate of 12.6%. Each emotion cate-
gory shows unique performance patterns, highlighting the nature of the expressions and
the model’s responsiveness to these differences.

Fear attains the highest F1 score of 94.6%, reflecting perfect precision (100%) and
strong recall (89.7%). The model consistently avoids misclassifying other emotions
as Fear, indicating that Fear exhibits highly distinctive and unambiguous features like
widened eyes, tensed facial muscles, and a slightly open mouth. This consistency, com-
bined with the evolutionary importance of Fear expressions, underpins the model’s out-
standing reliability.

Surprise comes next, with an F1 score of 93.7%, backed by high precision at 94.9%
and the highest recall of 92.5% among all emotions. Its exaggerated and symmetrical fa-
cial features, such as wide-open eyes, raised eyebrows, and a dropped jaw, make it easily
identifiable and rarely mistaken for other emotions, enhancing its strong classification
performance.

Disgust and Anger exhibit a strong balance in their metrics. Disgust has an F1 score
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of 87.5%, with equal precision and recall (87.5%), showing the model’s capacity to
identify and minimize false positives for this emotion. Likewise, Angry achieves an F1
score of 86.7%, with matching precision and recall. Misclassifications for these emo-
tions are evenly spread across other categories, indicating no systematic bias. Disgust is
distinguished by features such as a wrinkled nose and raised upper lip, while Angry can
range from mild irritation to intense rage, posing moderate classification challenges.

Neutral and Calm, representing low-arousal emotions, show moderate performance
with F1 scores of 84.7% and 83.9%. These emotions are subtle and vary, making them
prone to misclassification. Neutral lacks clear features and overlaps with Calm and
other low-intensity emotions, while Calm expressions are also subtle and sometimes
over-predicted. The pattern of misclassifications indicates that these emotions often act
as “uncertain” or baseline states for the model.

Happy has an F1 score of 83.3%, driven by a moderate recall of 85.4% but a lower
precision of 81.4%. The model occasionally misclassifies other emotions as Happy, and
notably, two genuine Happy instances were predicted as Sad. This highlights the diver-
sity in smile types, their intensity, and possible overlap with other positive or neutral
expressions.

Sad has the lowest F1 score at 82.9%, with a precision of 79.1% and recall of 87.2%.
While the model detects Sad expressions effectively, it often over-predicts them, mis-
classifying some Happy, Angry, and Neutral instances as Sad. Variations in Sad expres-
sions and overlaps with other negative emotions probably cause this issue, indicating an
important area for improving the model.

The analysis of the confusion matrix shows several patterns: most off-diagonal er-
rors are isolated instances, suggesting randomness rather than consistent confusion. The
main exception is the Happy — Sad pair, which has two misclassifications. Emotions
with high arousal, such as Fear and Surprise, perform best, whereas low-arousal or sub-
tle expressions like Calm, Neutral, and Sad are more difficult for the model. The dataset
is well-balanced, with 39—45 examples per emotion, which supports the model’s overall
steady accuracy.

In summary, the confusion matrix demonstrates that the model is both robust and
well-calibrated, with strong performance on most emotions and an overall F1 score of
87.2%. Fear and Surprise are the most accurately classified emotions, while Sad, Calm,
and Neutral pose ongoing challenges due to their subtle expression and overlapping
features. Implementing targeted enhancements, such as adjusting thresholds for over-
predicted emotions and improving training data quality for low-arousal states, could

further increase the model’s accuracy and specificity.
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4.5.3 F1-Score

Figure 4.3 displays the F1-scores, reflecting balanced performance across different emo-
tions. “Natural” leads with a score of 0.97, signifying excellent precision and recall.
Close behind is ”Sad” at 0.86, with ”Angry” at 0.85. ”Surprised” performs well at 0.82.
The lowest score is for "Happy” at 0.75, highlighting that this emotion is more chal-
lenging to classify accurately. Overall, the F1-scores demonstrate strong and consistent
model performance, with all scores exceeding 0.75.

The bar chart shows F1-scores for five emotions: angry, happy, neutral, sad, and sur-
prised, highlighting significant differences in classification performance. The average
F1-score across these emotions is 0.85 (85%), with scores varying from 0.97 for neutral
to 0.75 for happy. This 22-percentage-point gap indicates both the relative simplicity of
identifying some emotions and the difficulties associated with others.

Neutral (0.97) shows exceptional performance, clearly standing out as the most ac-
curately classified emotion. This significant improvement from earlier analyses (where
neutral’s F1 score was 0.847 within an 8-emotion framework) results from reducing the
emotion set. By excluding calm, disgust, and fear, the main sources of confusion for
neutral expressions are eliminated. Neutral benefits from being a distinct baseline state
characterized by relaxed facial muscles and minimal features, which makes it visually
consistent and easier for the model to identify. Its high F1-score is consistent with pre-
vious research indicating that neutral had the highest AUC in ROC analysis (0.99) and
moderate recall and precision in the confusion matrix.

Sad (0.86) also performs strongly and shows improvement compared to the 8-emotion
model, where it had the lowest F1-score of 82.9%. Removing overlapping negative emo-
tions like disgust and fear simplifies the decision-making process, making sadness stand
out as the main low-arousal negative emotion. Its key features, downturned mouth,
drooping eyelids, and furrowed brows, help ensure accurate classification, although it
might still be confused with angry expressions or mildly downward-neutral faces.

Angry (0.85) consistently performs with only a slight decline compared to the 8-
emotion model, which has an accuracy of 86.7%. Its expression of high-arousal, neg-
ative emotion is quite clear, marked by lowered brows, tightened lips, and a focused
gaze. Removing certain categories like disgust, fear, and calm does not greatly impact
the model’s ability to detect anger, accounting for its steady Fl-score. Nonetheless,
different intensities from mild annoyance to full rage can still lead to occasional mis-
classifications.

Surprise (0.82) shows the largest decrease compared to the 8-emotion model, which

is at 93.7%. This drop indicates that removing fear, a high-arousal emotion, confuses
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because surprise, a transitional emotion that can be positive (like a pleasant surprise) or
negative (such as shock), may have similarities with happy, neutral, or angry expressions
when fear isn’t a separate category. Mild or ambiguous surprises are particularly difficult
to identify, though more intense surprises are easier to recognize. Despite this reduction,
surprise still factors in reasonably well due to its distinctive, wide-eyed, symmetrical,
and exaggerated facial features.

Happy (0.75) exhibits the lowest performance, with the largest drop from the 8-
emotion model (83.3%). Happiness is particularly difficult for the model due to vari-
ability in smile type (Duchenne versus social smiles), intensity spectrum, and cultural
differences in expression. Ambiguous or subtle smiles may be confused with neutral
or mild surprise expressions, and pleasant surprise can further complicate classification.
The model’s previous tendency to over-predict happy in the 8-emotion analysis likely

exacerbates challenges in this reduced 5-emotion set.
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4.5.4 Precision

Precision metrics in Figure 4.4 show the model’s false positive avoidance varies by
emotion. “Angry” and “natural” are highly precise at 0.97 and 0.94, with few misla-
bels. ”Surprised” has 0.92, ”sad” 0.81, but "happy” is lowest at 0.67, indicating over-
prediction of happiness.

The bar chart shows the model’s precision, or positive predictive value, for each
emotion category using yellow/olive-green bars. Precision indicates the ratio of cor-
rect predictions out of all predicted instances, with higher values signifying fewer false
positives.

Fear has the highest precision among emotions at about 99%, indicating the model
almost always predicts Fear correctly with few false positives. This high precision im-
plies that Fear’s features are very distinctive, enabling the model to recognize it confi-
dently and enhancing overall accuracy. Surprised also shows high precision at 95% and
a recall of 93%, making it one of the most reliably identified emotions due to this strong
combination of precision and recall.

On the other end, Sad shows the lowest precision at 80%, meaning that one in five
predictions labeled as Sad is actually a different emotion. Despite Sad’s high AUC
of 0.98 and a strong recall of 89%, the lower precision indicates that while the model
is sensitive to Sad expressions, it occasionally overestimates them. This could stem
from shared features with other negative emotions like Disgust, Anger, or Fear. Calm
and Happy are within the moderate range, with precision scores around 81% and 82%,
respectively. Both emotions tend to have higher false positive rates. Calm expressions
are subtle, and the model may overestimate them when it is uncertain, while Happy can
be mistaken for other positive or neutral states, which contributes to its slightly lower
overall precision.

These patterns illustrate the balance between precision and recall for various emo-
tions. Fear consistently shows excellent results with high precision and recall, while
surprise also performs strongly, making it the most consistently identified emotion. Sad,
although responsive to true instances, tends to over-predict, and Calm is the most dif-
ficult emotion to classify accurately. Overall, differences in precision indicate which
emotions the model might confuse, offering guidance for improving emotion recogni-

tion.
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4.5.5 Recall

Recall metrics show how well the model detects each emotion. “Natural” has perfect
recall (1.00) for neutral expressions. ”Sad” is at 0.92, “happy” at 0.85. ”Angry” and
“surprised” both have recall around 0.75, suggesting these emotions are more often
missed. The perfect neutral recall contrasts with the difficulty in detecting subtler or
more intense emotions, as shown by Figure 4.5.

The bar chart shows the model’s recall, or sensitivity, for each emotion category,
with all values displayed using green bars. Its layout is similar to the accuracy chart,
making it straightforward to compare the two performance metrics.

Numerically, Surprised expressions have the highest recall at about 93%, with Fear
close behind at 90% and Sad at 89%. Disgust, Angry, Neutral, and Happy show mod-
erate recall rates between 84% and 87%. Calm has the lowest recall, around 83Recall
indicates the proportion of actual emotion instances correctly identified by the model.
The variations observed offer valuable insights into how well the model recognizes dif-
ferent emotional expressions. Surprised expressions achieve the highest recall because
they usually display highly distinctive facial features, such as wide eyes, an open mouth,
and raised eyebrows. These prominent markers make surprise easier to recognize, lead-
ing to a low rate of false negatives. Fear also shows strong performance at 90%, likely
due to features like widened eyes and tense facial muscles that serve as clear visual cues.

Conversely, Calm expressions exhibit the lowest recall rate at 83%. These low-
arousal expressions are often subtle and less visually distinctive, increasing their like-
lihood of being misclassified as Neutral or other gentle emotions. Neutral and Happy
expressions, with recall rates around 84%, show interesting differences. Although Neu-
tral achieves a high AUC of 0.99, its moderate recall indicates that the model is good
at identifying Neutral when it predicts it but sometimes misses actual Neutral instances,
which might be confused with Calm or other subtle emotions.

Similarly, Happy’s moderate recall, coupled with a slightly lower AUC, suggests
occasional misclassification due to visual similarities with other expressions. These
patterns reveal a common trend in emotion recognition: high-arousal emotions like Sur-
prised and Fear are simpler to detect because of their exaggerated and consistent facial
expressions. In contrast, low-arousal emotions such as Calm and Neutral are more sub-
tle and variable, which results in more missed detections. The gap between Neutral’s
high AUC and moderate recall indicates that the model effectively differentiates what

Neutral is not, but tends to be cautious when classifying faces as Neutral.
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4.5.6 Receiver Operating Curve

In Figure 4.6, the multi-class ROC curves show excellent discriminative ability across
all emotion categories. “Natural” achieves the highest AUC of 0.99, confirming superior
classification. ”Sad” follows at 0.98, while surprised” is 0.96. ”Angry” and “happy”
have strong performance at 0.95 and 0.93. All curves rise steeply and stay above the
chance line, with AUCs over 0.93, indicating robust binary classification performance.

The chart displays ROC curves for all emotion categories at once, each shown with
a unique color. A gray dashed diagonal line indicates the baseline of random chance,
with an AUC of 0.5, for comparison.

The model shows excellent discrimination across all emotions. Neutral expressions,
shown in green, have the highest AUC at 0.99. Sad expressions (red) are next with an
AUC of 0.98. Surprised (purple) and Angry (blue) achieve AUCs of 0.96 and 0.95,
respectively. Happy expressions (orange) have the lowest, but still impressive, AUC at
0.93.

These ROC curves demonstrate the classifier’s strong ability to differentiate each
emotion from the rest. All AUC scores are above 0.9, placing the model’s performance
in the “outstanding” range and indicating highly reliable predictions. The Neutral emo-
tion performs best, likely because of its distinct traits, such as the lack of intense facial
muscle activity, which makes it easier to identify from more expressive emotions. Sad
expressions also perform well, as features like a downward mouth and drooping eye-
lids provide clear visual indicators that are less prone to confusion with high-arousal
emotions. Happy expressions, while still effective, show slightly lower AUC scores,
possibly because of shared features with other positive states or variations in smiles
among individuals, which may sometimes cause subtle misclassifications.

Analyzing the curve shapes, all lines increase rapidly near the origin, showing that
the model attains high true positive rates while maintaining low false positive rates. The
grouping of curves in the upper-left area of the plot highlights consistent strong perfor-
mance across all emotion categories. The steep initial ascent of each curve indicates that
the model provides confident and accurate predictions for most cases.

Overall, the differences in AUC values highlight the inherent distinctiveness of var-
ious emotional expressions. Neutral and sad emotions generally have unique, easily
identifiable features, while happiness may sometimes overlap visually with other emo-
tions in specific situations. However, the consistently high AUC scores demonstrate a
strong and dependable emotion recognition system capable of accurately differentiating
among different emotional states.

Table 4.2 compares recent state-of-the-art speech emotion recognition (SER) models
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Table 4.2: State-of-the-art SER models with accuracy

Research Dataset Model Accuracy (%)
Sultana et al. [48] | SUBESCO /| Deep CNN + | 82.7
RAVDESS BLSTM
Rahman et al. | SUBESCO SVM with RBEF, | 86.08
(2018) [49] DTW
Issa et al. [50] IEMOCAP 1D CNN 64.3/71.61
Zhao et al. 2019 | IEMOCAP/Ban- | 1D CNN LSTM, | 52.14 / 95.33 /
[51] glaSER 2D CNN LSTM | 95.89
Kwon et al. [52] | SUBESCO / | 1D Dilated CNN | 72.75/78.01
RAVDESS + BiGRU
Badshah et al. | EMO-DB CNN (3 conv +3 | 56
(2017) [53] FC)
Etienne et al. | SUBESCO CNN-LSTM 61.7/64.5
(2018) [54] 4 conv + 1
BLSTM)
Shakil et al. | BanglaSER CNN, LSTM, | 67.71
(2025) [70] BiLSTM  com-
bines
Our Emoformer | BanglaSER Transformer + | 86
CNN Hybrid

that have achieved accuracies of 85% on the BangSER dataset. It highlights the varia-
tion in performance across different datasets, emphasizing the difficulty in developing
models that generalize well.

The table offers a comparative overview of recent Speech Emotion Recognition
(SER) studies, showcasing the variety of methodologies, datasets, and performance re-
sults across approaches. A prominent pattern is that the selected model architecture,
feature extraction methods, and dataset type greatly impact classification accuracy and
system robustness.

Several studies utilize deep learning architectures to boost performance. For ex-
ample, Sultana et al. (2021) combined Deep CNN, BiLSTM, and a Temporal Differ-
ence Feature (TDF) layer, achieving weighted accuracy scores of 86.9% on SUBESCO
and 82.7% on RAVDESS. Likewise, Chakraborty et al. (2022) integrated Phase-Based
Cross-Correlation (PBCC) with Gradient Boosting, reaching around 96% accuracy on
SUBESCO and BanglaSER datasets. These findings highlight the benefits of hybrid
feature extraction and ensemble learning methods, emphasizing the value of combining
multiple deep learning components to effectively capture both the temporal and spectral

aspects of speech signals.
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Classical feature-based techniques also perform competitively, especially when com-
bined with traditional classifiers. Rahman et al. (2018) used MFCC and its derivatives
with an SVM (RBF kernel) and a modified DTW method on a custom Bengali dataset,
reaching 86.08% accuracy. This demonstrates that even with the rise of end-to-end deep
learning models, well-designed acoustic features can still offer strong results, particu-
larly in language-specific datasets with small sizes.

Hybrid CNN-LSTM architectures are increasingly popular. Zhao et al. (2018) inte-
grated 2D and 1D CNN layers with LSTM units to capture both local spectral features
and temporal dependencies, achieving AUC/accuracy from 52.14% to 95.89%, depend-
ing on the dataset. Likewise, Basha et al. (2025) employed an Attention CNN-LSTM
combined with Deep Canonical Correlation Analysis (DCCA) on real-world EAS data,
reaching 87.08% accuracy. These findings suggest that hybrid models, especially those
incorporating attention mechanisms, enhance the system’s focus on emotion-related fea-
tures over time, leading to more reliable predictions.

Choosing the appropriate dataset is crucial for the reported performance. Controlled
datasets like EMO-DB, RAVDESS, and IEMOCAP offer high-quality, studio-recorded
samples, often leading to high accuracy rates, such as those reported by Issa et al.
(2020) (71.61-95.71%). Conversely, real-world or multilingual datasets, as examined
by Zehra et al. (2021), introduce additional difficulties due to variations in speaker ac-
cents, recording conditions, and languages. Their ensemble voting method significantly
improved results by +13% within the same corpus and +15% across different corpora,
highlighting the need for robust and flexible models when applying SER in real-world
scenarios.

Variations in performance across different studies also emphasize how model com-
plexity and feature representation influence results. For instance, Badshah et al. (2017)
and Etienne et al. (2018) used relatively simple CNN or CNN-BLSTM architectures on
EMO-DB, achieving moderate accuracy rates of 56—64.5%. In contrast, more advanced
architectures that include attention mechanisms, temporal modeling, or ensemble strate-
gies consistently outperformed these basic models. Furthermore, methods that combine
spectral features—such as log spectrograms or MFCCs with deep learning techniques
(like Zheng et al., 2015) generally outperform methods relying solely on manual fea-
tures, highlighting the significance of automatic feature learning in capturing complex
emotional patterns.

Language and cultural context significantly influence results. Research on Bengali
datasets (Sultana et al., 2021; Rahman et al., 2018; Chakraborty et al., 2022) shows high

accuracy, indicating that language-specific models are effective when ample labeled data
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exists. Conversely, cross-lingual methods like Zehra et al.’s (2021) multilingual ensem-
ble face extra variability needs, demanding more advanced models to ensure consistent
performance across different corpora.

Traditional models like SVM with handcrafted features (Rahman et al., 2018) and
1D CNNss (Issa et al., 2016) often face challenges with complex or low-resource datasets.
For example, Issa et al.’s 1D CNN only achieved 64.3% on IEMOCAP, highlighting
its struggles with capturing diverse emotional patterns. Zhao et al. (2019) showed
a broad performance spectrum, with 52.14% on IEMOCAP compared to over 95%
on BanglaSER, underlining that effectiveness depends heavily on the dataset. Hybrid
deep learning architectures such as 1D Dilated CNN + BiGRU (Mustageem et al.,
2018) and CNN-LSTM (Etienne et al., 2018) enhanced recognition accuracy but still
faced limitations on certain datasets. For instance, Mustageem et al. achieved 72.75%
on SUBESCO and 78.01% on RAVDESS, suggesting that although temporal-spectral
modeling is beneficial, issues persist with smaller or less representative datasets. Our
proposed Emoformer, a hybrid of Transformer and CNN, scored 86% on BanglaSER,
exceeding earlier models. This indicates that integrating CNNs for local feature extrac-
tion with Transformers for temporal analysis effectively captures complex emotional
signals. Overall, the findings emphasize the value of robust hybrid architectures and
careful dataset selection in enhancing SER performance, particularly for low-resource
languages like Bangla.



Chapter

Conclusions and Future Research

5.1 Conclusion

This research advances Bangla speech emotion recognition by proposing Emoformer,
a hybrid architecture that combines convolutional neural networks with transformer-
based multi-head self-attention. This design enables effective modeling of both local
acoustic patterns and long-range temporal dependencies, which are critical for capturing
emotional characteristics in speech. The integration of MFCCs and speaker-independent
X-vectors further improves robustness against speaker variability, dialectal diversity, and
limited training data.

Evaluated on the BanglaSER dataset, Emoformer achieves state-of-the-art perfor-
mance with an overall accuracy of 86% and strong precision, recall, and F1-scores
across all emotion classes, particularly excelling in neutral emotion recognition. Anal-
ysis using confusion matrices and ROC curves confirms the model’s ability to reliably
detect subtle emotional cues in a low-resource setting.

Finally, this work demonstrates the effectiveness of attention-based hybrid models
for under-resourced languages and highlights Emoformer’s potential for practical ap-
plications such as virtual assistants, mental health monitoring, customer service, and
education, while laying the groundwork for future multilingual and cross-lingual emo-

tion recognition research.

5.2 Future Research

Future work in Bangla speech emotion recognition includes expanding datasets to cover

diverse speakers and real-world scenarios, integrating multi-modal cues for better ac-
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curacy, exploring advanced transformer models, and utilizing transfer learning. Cross-
lingual research can address data scarcity, while studying cultural differences deepens
understanding. Recognizing continuous emotions, optimizing for real-time deployment,
and incorporating contextual information could improve performance. Explainability
and domain-specific adaptations enhance model trust and usefulness. Focusing on ro-
bustness, bias mitigation, and continuous learning will ensure long-term effectiveness,
making Bangla speech emotion recognition more accurate, versatile, and responsible.
This study’s findings and limitations pave the way for future research in Bangla
speech emotion recognition and its application in affective computing for low-resource

languages. The subsequent sections detail possible directions for further investigation:

* Large-Scale Dataset Development the current BanglaSER dataset is limited,
comprising just 1,467 recordings from 34 speakers. Future efforts should fo-
cus on developing extensive Bangla emotional speech corpora that include thou-
sands of speakers from different age groups, socioeconomic backgrounds, and
balanced genders. These datasets should feature recordings from various environ-
ments such as studios, conversations, telephones, and real-world noisy settings.
They should also encompass a wider range of complex emotions beyond basic
categories and prioritise spontaneous, naturally occurring emotional speech over

acted expressions.

* Few-Shot and Zero-Shot Learning future research could facilitate emotion recog-
nition with limited labelled data by employing few-shot and zero-shot learning
techniques. These include prototypical networks for generalising to new speak-
ers or dialects, meta-learning for quick adaptation to unseen emotional scenar-
i0s, zero-shot approaches using semantic emotion descriptions, and prompt-based

learning with large language models to enable flexible emotion classification.

* Attention Visualization and Analysis understanding how models make deci-
sions can be enhanced by visualizing attention weights to highlight emotionally
salient speech segments, analyzing feature importance to identify key acoustic
factors, comparing attention patterns across different emotions and speakers, and

examining failure cases in detail to reveal systematic misclassifications behaviors.
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