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Abstract -

Sentiment analysis, a key area within Natural Language Processing (NLP), has garnered
significant research attention across various languages. With the rise of Artificial
Intelligence (AI), the use of speech in multiple sectors is expanding, highlighting the
importance of Speech based Sentiment Analysis. Understanding emotions is crucial for
many applications, as they form a fundamental component of human communication.
Predicting human emotion from speech is a promising research topic with substantial
potential for advancements in Human-Computer Interaction (HCI).

Despite Bengali being the seventh most spoken language globally, research on Bengali
speech sentiment analysis remains limited. In this study, we conducted a comparative
analysis of sentiment analysis for the Bengali language using both machine learning and
deep learning models. Specifically, we evaluated Random Forest Classifier (RFC), Support
Vector Machine (SVM), and Multi-Layer Perceptron (MLP) algorithms alongside Long
Short-Term Memory (LSTM) and Convolutional Neural Network (CNN) models.

We utilized the SUBESCO and BanglaSER datasets to train our models. Our focus was on
recognizing five emotional states: joy, sadness, anger, surprise and neutral. Initially, we
employed Mel-Frequency Cepstral Coefficients (MFCC) feature extraction in Chapter 1,
and later incorporated Mel-Frequency Cepstral Coefficients (MFCC) and Chroma Shift
feature extraction methods in Chapter 2 to offer a comprehensive comparison between the
models.

Our experimental evaluations demonstrated the effectiveness of these algorithms in
accurately predicting emotions in Bengali speech samples. The results indicated that the
accuracy rates ranged mostly around 85% to 95%, with Multi-Layer Perceptron achieving
the highest. The Majority Voting model, which combined the results from all models to
enhance prediction accuracy, also performed effectively.

The insights gained from this study provide valuable inputs for future explorations and
improvements in the domain of Bengali speech sentiment analysis.



CHAPTER 1

INTRODUCTION



1. Introduction

This chapter introduces Machine Learning, covering its various types with examples,
delves into Deep Learning with an example, discusses Sentiment Analysis, outlines the
motivation for this project, explains Audio features, and reviews related work relevant to
this project.

1.1. Machine Learning

Machine learning [1] [2], a subfield of artificial intelligence, represents a transformative
approach to data analysis and pattern recognition, enabling systems to learn and improve
from experience without being explicitly programmed. This paradigm leverages
algorithms and statistical models to analyze and interpret complex datasets, facilitating
the development of predictive models and automated decision-making processes. As the
volume of data generated by digital activities continues to grow exponentially, machine
learning has become indispensable in a multitude of domains, from diagnosing healthcare
conditions and predicting financial trends to navigating autonomous vehicles, processing
natural language and many more. By continuously refining its capabilities through
iterative processes, machine learning stands at the forefront of technological advancement,
driving innovation and efficiency across various sectors.

1.1.1. Supervised Learning

In supervised learning [3] [4], algorithms learn from labeled training data, where each
input is paired with a corresponding output. The model's objective is to learn a mapping
from inputs to outputs and make accurate predictions for new, unseen data. Common
applications include classification tasks, such as spam detection and image recognition,
and regression tasks, such as predicting house prices or stock values. Popular algorithms
in this category include linear regression, logistic regression, support vector machines
(SVM), and neural networks.

Example -

a) Linear regression [5], serves as a fundamental framework for forecasting a continuous
output variable by leveraging one or more input features. Its premise lies in assuming a
linear correlation between the input variables and the resultant output. It is widely used
in applications like predicting house prices and economic forecasting.
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b) Logistic Regression [6], is used for binary classification tasks rather than regression. It

c)

models the probability of a binary outcome using a logistic function, producing outputs
between 0 and 1. The model is effective for problems such as email spam detection,
disease diagnosis, and credit scoring.

Support Vector Machines (SVM) [7], is a versatile model used for both classification
and regression tasks. For classification, it identifies the optimal hyperplane that
maximizes the margin between data points of different classes.

d) Decision Trees [8], are intuitive models that split the data into subsets based on the

values of input features, forming a tree-like structure. Each node signifies a decision
based on a feature, while each branch denotes an outcome. Decision trees are easy to
interpret and can handle both classification and regression tasks. They are used in
various fields, including finance, healthcare, and marketing.

Random forest [9], is an ensemble learning method that builds multiple decision trees
and merges their predictions to improve accuracy and robustness. Each tree in the forest
is trained on a different subset of the data, and the final prediction is made by averaging
the predictions of all trees (for regression) or by majority voting (for classification).

K-Nearest Neighbors (KNN) [10], is a simple, instance-based learning algorithm used
for classification and regression. It makes predictions by identifying the 'k' most similar
instances (neighbors) in the training data and using their values to predict the output for
new instances. Despite its simplicity, KNN is effective in many practical applications,
such as image recognition and recommendation systems, but it can be computationally
intensive for large datasets.

g) Neural Networks [11], are inspired by the human brain's structure and are capable of

modeling complex relationships in data. They consist of layers of interconnected nodes
(neurons) that process input data and learn features through backpropagation. Neural
networks are particularly powerful for tasks involving large datasets and intricate
patterns, such as image and speech recognition, natural language processing, and time
series forecasting.



1.1.2. Unsupervised Learning

Unsupervised learning [12] deals with unlabeled data, where the algorithm's goal is to
uncover hidden patterns or intrinsic structures within the data. This type of learning is
particularly useful for clustering, dimensionality reduction, and anomaly detection.
Clustering algorithms, like k-means and hierarchical clustering, group similar data points
together, while dimensionality reduction techniques, such as principal component analysis
(PCA) reduce the number of features in the dataset while preserving important
information. Unsupervised learning is widely used in market segmentation,
recommendation systems, and biological data analysis.

Example -

a) K-Means Clustering [13], is a popular clustering algorithm that partitions data into 'k'
clusters based on feature similarity. It iteratively assigns data points to clusters by
minimizing the sum of squared distances between points and the cluster centroids. K-
means 1s computationally efficient and is commonly used for market segmentation,
customer profiling, and image compression.

b) Hierarchical Clustering [14], builds a tree-like structure (dendrogram) to represent data
relationships. It can be either agglomerative (bottom-up approach) or divisive (top-
down approach). Agglomerative clustering starts with each data point as a single cluster
and merges them iteratively, while divisive clustering starts with all points in one
cluster and splits them iteratively. This method is useful for gene expression analysis,
social network analysis, and document clustering.

¢) Principal Component Analysis (PCA) [15], is a dimensionality reduction technique that
transforms data into a new coordinate system where the greatest variances are captured
in the first few principal components. PCA is widely used in image processing, finance,
and genomic data analysis.

1.2. Deep Learning

Deep learning [16] [17], a subset of machine learning, focuses on algorithms inspired by
the structure and function of the brain's neural networks. Characterized by its use of
multiple layers of artificial neurons, deep learning excels at automatically discovering
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intricate patterns and representations in large datasets. This advanced technique has
revolutionized various fields, including computer vision, natural language processing, and
speech recognition, by enabling significant breakthroughs in tasks such as image
classification, language translation, and voice assistants. Deep learning's ability to model
complex, non-linear relationships in data has made it an indispensable tool in modern
artificial intelligence, driving innovation and improving performance across a wide array
of applications.

Example -

a) Convolutional Neural Networks (CNNs) [18] [19], are designed primarily for
processing structured grid data like images. They consist of convolutional layers that
apply filters to input data, capturing spatial hierarchies and features such as edges,
textures, and shapes. CNNs have achieved remarkable success in image classification,
object detection, and medical image analysis.

b) Recurrent Neural Networks (RNNSs) [20] [21], are designed to handle sequential data
by maintaining a hidden state that captures information from previous time steps. This
makes them suitable for tasks involving temporal dependencies, such as time series
forecasting, speech recognition, and language modeling.

c) Generative Adversarial Networks (GANs) [22], consist of two neural networks: a
generator and a discriminator. The generator creates synthetic data samples, while the
discriminator evaluates their authenticity against real data. GANs have revolutionized
fields like image synthesis, style transfer, and data augmentation.

1.3. Sentiment Analysis

Sentiment analysis [23] [24] [25], also known as opinion mining, is a natural language
processing (NLP) technique that aims to determine the emotional tone behind a body of
text. By analyzing subjective information, sentiment analysis helps identify and categorize
opinions expressed in various forms of communication, such as reviews, social media
posts, and articles. This powerful tool is widely used in fields like marketing, customer
service, and social sciences to gauge public opinion, enhance user experience, and monitor
brand reputation.
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In addition to text-based analysis [26] [27], sentiment analysis has expanded into the realm
of speech, known as speech-based sentiment analysis. This approach leverages audio data
to assess emotions conveyed through vocal features such as tone, pitch, and rhythm.
Speech-based sentiment analysis is particularly valuable in real-time applications like
customer service call centers, where understanding the customer's emotional state can lead
to more empathetic and effective responses. By combining text and speech-based
sentiment analysis, researchers and practitioners can achieve a more comprehensive
understanding of human sentiment across different communication channels.

1.4. Motivation for Bengali Speech Sentiment Analysis

In recent decades, sentiment analysis has predominantly focused on textual data through
text mining techniques, leaving a substantial gap in the analysis of audio data. This gap is
particularly significant for under-resourced languages like Bengali. Sentiment analysis
involves identifying the sentiment polarity of a piece of text, categorizing it as positive,
negative, or neutral based on contextual cues.

Despite the rich emotional information embedded in audio data, research in audio speech
analysis has lagged behind textual analysis. This is noteworthy given that audio data can
capture a broader range of human emotions, providing unique insights into sentiment. For
languages like Bengali, which is spoken by approximately 300 million people worldwide,
the scarcity of resources has led to limited research in sentiment analysis. The field
remains largely unexplored in the context of Bengali audio data.

This project aims to address this gap by enhancing communication technologies and
developing applications that can accurately detect, interpret, and respond to human
emotions in Bengali. By focusing on audio data, this project seeks to deepen our
understanding of emotional expression in Bengali speech, ultimately improving sentiment
analysis capabilities for the Bengali-speaking population.
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1.5. Audio Features

Audio features [28] [29] are distinctive attributes or characteristics extracted from audio
signals, used to analyze and process sound in various applications, including speech
recognition, music classification, and sentiment analysis. These features capture essential
information about the audio signal, allowing for efficient and effective analysis.

There are several categories of audio features, each providing different insights into the
audio content:

e Time-Domain Features: These features are derived directly from the audio waveform
and include characteristics such as zero-crossing rate, which measures the rate at which
the signal changes sign, and energy, which represents the signal's power over time.

e Frequency-Domain Features: These features are obtained by transforming the audio
signal into the frequency domain using techniques like the Fast Fourier Transform
(FFT). Examples include spectral centroid, which indicates the "center of mass" of the
spectrum, and spectral bandwidth, which measures the range of frequencies present in
the signal.

o C(Cepstral Features: These are derived from the spectrum of the logarithm of the signal's
spectrum and include Mel-Frequency Cepstral Coefficients (MFCCs). MFCCs are
particularly effective in capturing perceptually relevant aspects of audio signals,
making them widely used in speech and audio processing.

e Rhythmic Features: These features capture the temporal patterns and rhythms in audio
signals, often used in music analysis. Examples include tempo and beat strength.

e Harmonic Features: These features describe the harmonic content of the audio signal,
including pitch and harmonic ratios, which are crucial for tasks like music genre
classification and speaker identification.

By extracting and analyzing these features, researchers and engineers can develop
algorithms and systems that effectively interpret and manipulate audio data, enabling
advancements in various audio-related technologies.
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1.6. Related Work on Speech Sentiment Analysis

The field of emotion recognition from speech has seen a significant evolution, employing
various methods ranging from traditional prosodic analysis to advanced machine learning
(ML) and deep learning (DL) techniques. This survey organizes the related work into three
main categories: studies without machine learning, those utilizing machine learning, and
those incorporating deep learning.

Research on sentiment and emotion analysis from speech has historically relied on prosodic
and acoustic features without the use of advanced machine learning techniques. For
instance, Luengo et al. [30] utilized prosodic parameters to automatically identify emotions
in Basque speech using Gaussian Mixture Models (GMM) and Support Vector Machines
(SVM). They achieved up to 98.4% accuracy with spectral features and GMM,
demonstrating the utility of prosodic information in emotion detection.

1.6.1. Machine Learning Based Approach

Machine learning approaches have significantly advanced the field by leveraging powerful
algorithms to classify emotions based on extracted speech features such as Mel-Frequency
Cepstral Coefficients (MFCC).

Devnath et al. [31] focused on recognizing emotions such as happiness, sadness, anger, and
neutrality using a k-Nearest Neighbor (k-NN) classifier. Their self-built dataset showed an
average accuracy of 87.50%, with individual emotion accuracies ranging between 75% and
85%.

Prashengit Dhar and Sunanda Guha [32] proposed a system for predicting emotions from
Bengali speech using MFCC and Linear Predictive Coding (LPC) features. They applied
various machine learning algorithms and found that Logistic Regression performed best in
recognizing emotions like anger, happiness, and neutrality from the self-collected ABEG
dataset and the popular RAVDESS dataset.

Islam et al. [33] explored the use of Random Forest, XGBoost, CatBoost, and Gradient
Boosting for emotion classification in Bengali speech. Using MFCC features, CatBoost
achieved the highest accuracy of 82.85%, highlighting the effectiveness of these machine
learning models in emotion recognition tasks.

Sultana and Rahman [34] conducted an analysis and optimization of acoustic features for
recognizing emotions in Bangla speech. They utilized SVM, Random Forest, and XGBoost
algorithms, achieving competitive accuracy with optimized features through Grid Search

14



and five-fold cross-validation, suggesting that machine learning models can perform
comparably to deep learning models with lower computational complexity.

1.6.2. Deep Learning Based Approach

Deep learning models have further pushed the boundaries of speech emotion recognition
by capturing complex patterns in audio data through sophisticated architectures like
Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks.

Hasan and Islam [35] used Recurrent Neural Networks (RNN) for emotion recognition in
Bengali speech. They employed MFCC and Modulation Spectral (MS) features, achieving
51.33% accuracy with a novel Bengali speech dataset when using RNN modulation-based
categorization.

Hasan et al. [36] presented a hybrid approach using Bi-LSTM for Bengali speech emotion
recognition, integrating MFCC, Chroma, and Mel-Spectrogram features. Their model
showed an overall accuracy of 83.33%, outperforming SVM and Multi-Layer Perceptron
(MLP) classifiers in detecting seven different emotion classes.

Sultana et al. [37] proposed a deep learning approach combining Deep Convolutional
Neural Networks (DCNN) and Bidirectional LSTM (BLSTM) with a time-distributed
flatten (TDF) layer for speech emotion recognition. Their model achieved state-of-the-art
performance with weighted accuracies of 86.9% on the SUBESCO dataset and 82.7% on
the RAVDESS dataset. This study demonstrated the effectiveness of combining CNN and
LSTM architectures for capturing both temporal and sequential emotional cues in speech.

Shruti et al. [38] conducted a comparative study on Bengali speech sentiment analysis
using machine learning models (including KNN and AdaBoost) and deep learning models
(CNN, LSTM, Bi-LSTM). Their study revealed that the KNN model achieved 90%
accuracy on the SUBESCO and BanglaSER datasets, while AdaBoost and Bi-LSTM
models performed best with 45% accuracy on a custom test dataset. They also utilized the
SHAP model for interpretability of the machine learning model outcomes.

These studies collectively advance the field of Bengali speech sentiment and emotion
analysis, demonstrating the progression from traditional prosodic feature analysis to
sophisticated machine learning and deep learning models, each contributing uniquely to
improve accuracy and understand in this domain.
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CHAPTER 2

STUDY OF BENGALI SPEECH SENTIMENT
ANALYSIS USING MEL-FREQUENCY CEPSTRAL
COEFFICIENTS FEATURE
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This chapter provides an overview of the datasets used, fundamental concepts,
methodologies used in this project, and results using mfcc feature extraction, which is one
of the most commonly used features to work with audio data.

2.1. Dataset Overview

A dataset is a structured collection of data, often organized in tables, which is used for
analysis and model training in various fields such as machine learning, statistics, and data
science. The quality and relevance of the dataset are crucial, as they directly impact the
performance and accuracy of analytical models and algorithms. By providing a
representative sample of real-world data, a well-curated dataset enables researchers and
practitioners to develop, validate, and refine predictive models, ensuring they generalize
effectively to new, unseen data.

For this project, we have used two datasets to train and test our models. These two datasets
are:

2.1.1. SUBESCO

SUST Bangla Emotional speech corpus (SUBESCO) [39] is a public audio-only emotional
speech dataset for Bengali language which consists of 7000 audio speech labeling 7 classes
of emotions namely: Happy, Sad, Disgust, Fear, Angry, Neutral, and Surprise. The gender-
balanced collection included trained native speakers, and each recording of 10 sentences
simulated the seven emotions consisting of an accuracy rate of 71%- 80%. The average file
length of each audio file is 4s and all the audio files are available in .wav format.

Figure 1 shows the waveplot of emotions in SUBESCO dataset.

Emotion Count
Happy 1000
Sad 1000
Disgust 1000
Fear 1000
Angry 1000
Neutral 1000
Surprise 1000

Table 1: Number of records of each emotion
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Filename in this dataset is 6 fields separated by underscore ().

Filename Convention is:
Gender (M/F)_Speaker number (01 - 10) Speaker name Sentences (S 1 -S 10) State of
emotion_Repetition (1 - 5).

Waveplot for audio with HAPPY emotion Waveplot for audio with ANGRY emotion Waveplot for audio with SURPRISE emotion

(a) (b) (c)

Waveplot for audio with SAD emotion Waveplot for audio with NEUTRAL emotion

Fig 1: Waveplot of different emotions in SUBESCO dataset
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2.1.2. BanglaSER

BanglaSER [40] consists of 1467 Bangla speech-audio recordings made by an equal
number of male and female speakers including 5 different emotions namely Happy, Sad,
Angry, Surprise, Neutral. All the audio files are available in .wav format.

Figure 2 shows the waveplot of emotions in BanglaSER dataset.

Emotion Count
Happy 306
Sad 306
Angry 306
Surprise 306
Neutral 243

Table 2: Number of records of each emotion

Filename in this dataset is 7 fields separated by underscore ().

Filename Convention 1s: Mode (03) Statement type (01) Emotion (01 - 05) Intensity (01
- 02) Statements (01 - 03) Repetition (01 - 03) Actor (01 - 34).

Waveplot for audio with angry emotion Waveplot for audio with happy emotion Waveplot for audio with neutral emotion

(a) (b) ()

Waveplot for audio with sad emotion Waveplot for audio with surprise emotion

(d) ()

Fig 2: Waveplot of different emotions in BanglaSER dataset
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2.2. Methodology

In this section, we have covered the MFCC feature and its working principle, the data
augmentation and preprocessing techniques used in the project, as well as the machine
learning and deep learning models employed.

2.2.1. Feature Description

Mel-Frequency Cepstral Coefticients (MFCC) [41] [42], is a feature extraction technique
widely used in speech and audio processing applications. Introduced in the early 1980s by
Davis and Mermelstein, MFCCs have become a fundamental tool for tasks such as speech
recognition, speaker identification, and sentiment analysis. The technique aims to capture
the important features of audio signals that are most relevant to human perception, making
it particularly effective for analyzing speech.

The history of MFCCs dates back to efforts in the 1970s and 1980s to improve the
accuracy of speech recognition systems. Researchers recognized that traditional spectral
analysis methods, which focused on the linear frequency scale, were not well-aligned with
how humans perceive sound. Human auditory perception is better represented by a non-
linear scale, known as the Mel scale, which approximates the human ear's response more
accurately. This insight led to the development of MFCCs, which incorporate the Mel
scale to provide a more perceptually relevant representation of audio signals.

MFCCs are computed by first converting an audio signal into frames and applying the
Fast Fourier Transform (FFT) to each frame to obtain the power spectrum. The spectrum
is then mapped onto the Mel scale, and the logarithm of the Mel spectrum is taken. Finally,
the Discrete Cosine Transform (DCT) is applied to the log Mel spectrum to produce the
cepstral coefficients, which form the MFCCs. This process effectively compresses and
highlights the most significant features of the audio signal, facilitating more accurate and
efficient analysis. Figure 3 picturizes this extraction process.
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Input Audio

Signal — | Framing | — | FFT |—| Power Spectrum _l

MFCC DCT Log Spectrum — Mel Scale
Features Mapping

Fig 3: MFCC Feature Extraction

MFCC:s are favored for their ability to represent the short-term power spectrum of a sound
in a compact form, capturing essential features while discarding redundancies and
irrelevant information. This makes them particularly useful in speech-related applications,
where they help in distinguishing different phonetic elements and speaker’s characteristics
effectively. As a result, MFCCs have become a fundamental tool in modern speech and
audio processing technologies.

librosa.feature.mfcc was used to compute the pandas data frame of our dataset consisting
of 40 features (n_mfcc = 40).

2.2.2. Data Augmentation

Normally, datasets contain audio recorded in controlled environments, where many
parameters are meticulously managed. However, real-life data often contains noise and
various imperfections. To improve the generalization capability of our models and make
the data more representative of real-world conditions, we employed data augmentation
techniques to create syntactic data.

For augmentation, we used the librosa library to add noise and stretch to the raw audio in
our dataset. First, we injected random noise into the audio to simulate a noisy environment.
Next, we applied a stretch factor of 0.8, which slowed down the audio, increasing its
duration. These augmented audio samples were then vertically stacked with the original
audio data using numpy's ‘vstack’ function to enhance the dataset diversity and robustness.
This approach helped our models better handle variability and improve performance on
real-world noisy data.
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2.2.3. Data Preprocessing

Preprocessing data is essential for preparing datasets for machine learning models,
ensuring they perform optimally. For this project, we utilized standard techniques to
preprocess our data.

The initial preprocessing involved standardizing the feature values using the
StandardScaler [43] from scikit-learn, which scales the data to have zero mean and unit
variance. This step was applied to both the training and test sets. If the training data was
available, it was transformed accordingly; otherwise, only the test data was scaled.

For ML models, this initial preprocessing step was sufficient. However, for DL models,
additional preprocessing was required.

In the additional preprocessing stage, the data dimensions were expanded to meet the input
shape requirements of DL models. Specifically, the data was reshaped to add an extra
dimension.

Furthermore, the target labels were converted to one-hot encoded format using the
OneHotEncoder [44] from scikit-learn, transforming categorical labels into a binary
matrix representation. This encoding process ensures that each label is represented as a
vector with a single high (1) and the rest low (0). This step is essential for classification
tasks in deep learning models, enabling them to output probabilities for each class.

Through these preprocessing steps, the data was effectively prepared for training and
evaluation across various machine learning and deep learning models, ensuring
consistency and compatibility with the specific requirements of each model type.

2.2.4. Machine Learning Models

In this project, we have used Random Forest Classifier (RFC), Support Vector Machine
(SVM), Multi-Layer Perceptron (MLP) models.
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Random Forest Classifier

The Random Forest Classifier (RFC) is an ensemble learning method that combines
multiple decision trees to improve classification accuracy and robustness. This technique
leverages the power of multiple decision trees by aggregating their predictions to arrive at
a final decision.

Leo Breiman, a prominent statistician, developed the Random Forest algorithm in 2001, as
an extension of his earlier work on decision trees and bagging (bootstrap aggregating). His
goal was to reduce the variance and overfitting commonly associated with single decision
trees. By creating an ensemble of trees, each trained on different subsets of the data,
Random Forests were able to achieve significant improvements in predictive performance.

The working principle of RFC is as follows-

a) Bootstrap Sampling: The process begins with creating multiple subsets of the training
data using bootstrap sampling, where each subset 1s generated by randomly sampling

with replacement. This means some samples may appear multiple times in a subset,
while others may not appear at all.

b) Training Multiple Trees: For each bootstrap sample, a decision tree is trained. Unlike
standard decision trees, Random Forests introduce an additional layer of randomness
by selecting a random subset of features at each split point in the tree. This ensures that
the trees are diverse and uncorrelated.

c) Tree Growth: Each decision tree is grown to its full extent without pruning, meaning
each tree becomes a deep learner that captures complex patterns in the data. The
randomness in feature selection helps prevent the trees from becoming too similar,
which enhances the ensemble's overall performance.

d) Aggregation of Predictions: Once all the trees are trained, the Random Forest classifier
makes predictions by aggregating the outputs of the individual trees. For classification
tasks, this typically involves a majority voting scheme where each tree votes for a class

label, and the label with the most votes becomes the final prediction.

The Random Forest algorithm's strength lies in its ability to handle a large number of
features, manage missing data, and avoid overfitting, making it particularly effective for a
wide range of classification tasks. The Random Forest classifier has become a cornerstone
of modern machine learning due to its simplicity and ability to build robust, accurate
models that generalize well to new data. Figure 5 gives an illustration of the RFC model
used in this project.
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Support Vector Machine

Support Vector Machine (SVM) is a powerful and versatile supervised learning algorithm
used for classification and regression tasks. SVMs were first introduced by Vladimir
Vapnik and his colleagues at AT&T Bell Labs in the early 1990s. The key idea behind SVM
is to find the optimal hyperplane that best separates the data points of different classes in a
high-dimensional space.

The working principle of SVM is as follows -
a) Linear Separation: For linearly separable data, SVM identifies the hyperplane that

maximizes the margin between the closest points (support vectors) of the classes. The
broader the margin, the stronger the classifier's generalization capability.

b) Kernel Trick: For non-linearly separable data, SVM uses the kernel trick to map the
input features into a higher-dimensional space where a linear separation is possible.
Common kernels include the polynomial kernel, radial basis function (RBF), and
sigmoid kernel.

c) Optimization: SVM solves a convex optimization problem to find the hyperplane that
minimizes the classification error while maximizing the margin.

SVMs are recognized for their resilience in high-dimensional spaces and efficiency in
scenarios where the dimensionality surpasses the sample size. Their ability to handle both
linear and non-linear classification problems and their effectiveness in finding complex
decision boundaries and their robustness to overfitting has made them a popular choice in
various fields such as bioinformatics, text classification, image recognition and more.

Multi-Layer Perceptron

The Multilayer Perceptron (MLP) is a type of artificial neural network that forms the
foundation of many modern deep learning architectures. Its development traces back to the
mid-20th century, with significant advancements in the 1980s following the introduction
of backpropagation by Rumelhart, Hinton, and Williams.

An MLP is composed of three primary types of layers (Figure 4):

a) Input Layer: Receives the input features.

b) Hidden Layers: One or more layers where each neuron applies a weighted sum of inputs
followed by a non-linear activation function, enabling the network to learn complex
patterns.

c) Output Layer: Produces the final prediction.
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The working principle of MLP is as follows -

a) Forward Pass: Data is passed through the network layer by layer, with each neuron
computing a weighted sum of its inputs and applying an activation function (e.g., ReL.U,

sigmoid).

b) Backpropagation: During training, the network adjusts the weights using
backpropagation, which calculates the gradient of the loss function with respect to each
weight and updates them to minimize the prediction error.

MLPs are the foundation of more advanced neural networks and have been pivotal in the
development of deep learning, providing robust solutions for a wide range of applications
including image and speech recognition, and natural language processing. Figure 6
provides a depiction of the MLP model utilized in this project.

o

Fig 4: MLP Classifier

2.2.5. Deep Learning Models

In this project, we have used Long Short-Term Memory (LSTM), Convolutional Neural
Networks (CNNs) models.

Long Short-Term Memory

Long Short-Term Memory (LSTM) [45] networks are a type of recurrent neural network
(RNN) designed to overcome the limitations of traditional RNNs, especially in handling
long-term dependencies. Introduced by Hochreiter and Schmidhuber in 1997, LSTMs have
become crucial in the fields of sequence prediction and time-series analysis.

The LSTM architecture includes:

a) Cell State: The cell state carries the long-term memory of the network.
b) Gates: LSTMs use three gates to control the flow of information:
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= Forget Gate: Decides what information to discard from the cell state.
* Input Gate: Determines what new information to add to the cell state.
= QOutput Gate: Controls the output based on the cell state and input.

The working of an LSTM involves:

a) Information Flow: At each time step, the gates manage the cell state by adding or

removing information, ensuring important information is retained over long sequences.

b) Gradient Flow: LSTMs mitigate the vanishing gradient problem, allowing them to
maintain gradients over long sequences and thus learn long-term dependencies

effectively.

This architecture enables LSTMs to effectively capture long-term dependencies, making
them highly effective for tasks involving sequential data, such as time series forecasting,
speech recognition, and natural language processing. Figure 7 picturizes the LSTM model
used in this study.

Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a class of deep neural networks commonly
applied to analyze visual imagery. The development of CNNs can be traced back to the
1980s, but they gained significant attention and advancement in the early 2010s,
particularly with the introduction of deep learning techniques.

The working of a CNN involves several key layers:
a) Convolutional Layers: These layers apply convolution operations to the input, using

filters (or kernels) that slide across the input data. This operation captures spatial
hierarchies and local patterns, such as edges or textures, within the data. The output of

these convolutions is a set of feature maps.

b) Activation Functions: Typically, non-linear activation functions like ReLU (Rectified

Linear Unit) are applied to introduce non-linearity into the model, allowing it to learn
more complex patterns.

c) Pooling Layers: Pooling layers down sample the feature maps by summarizing the

presence of features in sub-regions, reducing the spatial dimensions and computational
load while retaining essential information.
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d) Fully Connected Layers: After several convolutional and pooling layers, the high-level
reasoning in the network is performed via fully connected layers. These layers flatten

the output from the previous layers and connect every neuron in one layer to every
neuron in the next layer.

e) Output Layer: For classification tasks, the final layer typically uses a softmax activation
function to output probability distributions over the possible classes.

CNNs excel at capturing spatial dependencies and hierarchical patterns, making them
highly effective for image and video analysis. Their architecture enables them to learn and
generalize features across different parts of the input data, leading to remarkable successes
in various domains, including object detection, image segmentation, and even speech and
audio processing. Figure 8 provides a depiction of the CNN model utilized in this project.

Input Features |—{* Decision Tree 1| 4 |Decision Tree 2 Decision Tree . Predicted

.......... 200 Class

Fig 5: RFC
11, Hidden Layer 1 Hidden Layer 2 Hidden Layer 3 i
Input Layer Shape: 100 — Shape: 75 — Shape: 50 Output Layer
Hidden Layers
Fig 6: MLP
Dropout Dense Layer Dropout Dense Layer
{igpl“)t S(l";a;{’i) — LISJTP:I_L;S};“ 5 Units: 128 o3 Units: 64
Y ’ nues: ) Activation: ReL.u ) Activation: ReLu
Output Layer Dense Layer
Shape: 5 B Units: 5
Activation: Softmax
Fig 7: LSTM
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2.3. Experimental Result

2.3.1. Experimental Setup and Steps

For this project, we utilized Google Colab as the computational environment and employed
scikit-learn for implementing the machine learning models. The experimental process was
structured into three main steps:

Step 1: From the SUBESCO dataset, we selected five emotions: Happy, Sad, Angry,
Surprise, and Neutral, resulting in a total of 5,000 audio samples. The dataset was then
divided into an 80:20 ratio, with 80% of the data used for training, out of which 10% is
validation data for LSTM and CNN training, and 20% for testing. The training set was
utilized to train all the models and the best validation model was saved, while the test set
was employed to evaluate the accuracy of the trained models.

Step 2: The BanglaSER dataset was used to test the trained models without any prior
training on this dataset. This step aimed to assess the generalization capability of the
models on a completely new dataset.

Step 3: The BanglaSER dataset was split into a 60:40 ratio for training (out of which 10%
1s validation data for LSTM and CNN training) and testing. The training subset was used
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to retrain all the models thereby augmenting the models with additional data, and best
validation accuracy model was saved. The testing subset was then used to evaluate the
performance of the newly trained models.

In both steps 2 and 3, a majority voting ensemble model was implemented. This ensemble
approach aggregated the predictions from all individual models and determined the final
emotion prediction based on the majority vote. This method aimed to enhance the
robustness and accuracy of the emotion prediction system.

Table 4, 5, 6 presents the accuracy result of the above steps respectively.

Figures 9 and 10 display the training curves (accuracy and loss) for LSTM and CNN
respectively on SUBESCO dataset.

Figures 11 and 12 display the training curves (accuracy and loss) for LSTM and CNN
respectively on BanglaSER dataset.

Figures 13, 14 and 15 illustrate the confusion matrix of the models for the above steps
respectively.

Performance Metrics:

To measure the performances of the classification, we utilized two different metrics:
Accuracy and Confusion Matrix.

Accuracy: Accuracy is determined by the proportion of correctly predicted instances out of
the total instances.
Formula: Ac curacy = Number of Correct Predictions / Total Number of Predictions
Confusion Matrix: A confusion matrix is a table that describes the performance of a
p

classification model by showing the true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN).

Predicted Positive Predicted Negative
Actual Positive True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

Table 3: Confusion Matrix Structure

Training Curve:

Training curves are essential tools in evaluating and understanding the performance of
machine learning models during the training process. They typically include two main
plots:
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Training Loss Curve: This curve illustrates how the loss (error) of the model decreases over
the training epochs. The loss is a measure of how well the model's predictions match the
actual outcomes. A decreasing loss curve indicates that the model is learning and improving
its performance. Ideally, the curve should show a steady decline, converging towards a
lower value as training progresses, suggesting that the model is minimizing errors.

Training Accuracy Curve: This curve displays the accuracy of the model on the training
dataset over epochs. An increasing accuracy curve signifies that the model is correctly
learning to classify the training data. The curve should ideally rise and plateau as the model

reaches optimal performance.

Analyzing these curves helps in diagnosing issues such as overfitting, underfitting, and
learning rate problems.

2.3.2. Results

Method Accuracy
RFC 95.27%
SVM 93.93%
MLP 98.37%
LSTM 91.90%
CNN 96.60%

Table 4: SUBESCO dataset (80% training: 20% testing)

Method Accuracy
RFC 33.79%
SVM 34.60%
MLP 33.33%
LSTM 27.91%
CNN 33.69%
Majority Voting 34.69%

Table 5: BanglaSER dataset (without training)
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Method Accuracy
RFC 85.89%
SVM 79.18%
MLP 86.79%
LSTM 76.92%
CNN 77.03%
Majority Voting 87.13%

Table 6: BanglaSER dataset (60% training: 40% testing)
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As illustrated in Table 4, the Multi-Layer Perceptron (MLP) model provides the best
predictions on the SUBESCO dataset. The confusion matrix in Figure 13 reveals that the
emotions Happy and Surprise are most frequently misclassified.

However, Table 5 and Figure 14 indicate that our models perform poorly on the BanglaSER
dataset without prior training.

Upon retraining with additional data from the BanglaSER dataset, the accuracy nearly
doubles, as shown in Table 6. Although the improvement is not dramatic, the MLP model
still outperforms the other models. Additionally, the Majority Voting model, which
integrates the results of all models, also shows good performance. Nevertheless, the
confusion matrix in Figure 16 demonstrates that Happy and Surprise emotions are still
miscategorized due to their similar tonal qualities.

2.4. Discussion

In this chapter, we extracted 40 MFCC features and observed that all models achieved an
accuracy of approximately 95% on the SUBESCO dataset. However, when evaluated on
the BanglaSER dataset without prior training, the models exhibited significantly lower
accuracy. This indicates that the models were overfitted to the SUBESCO dataset, lacking
generalization capability for new data.

To address this issue, we retrained the models using 60% of the BanglaSER dataset’s audio
features, out of which 10% features were used for validation of the deep learning models.
This retraining resulted in a substantial improvement in performance, with accuracy on the
remaining 40% test data rising to around 80% or higher for all models as well as the
majority voting model.

This highlights the importance of diverse training data to enhance model robustness and
generalization. Future efforts should focus on combining multiple datasets during training
to create more comprehensive and adaptable models. Additionally, techniques like cross-
validation and data augmentation can further improve the model’s ability to generalize to
different datasets and real-world scenarios.
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CHAPTER 3

STUDY OF BENGALI SPEECH SENTIMENT
ANALYSIS USING MEL-FREQUENCY CEPSTRAL
COEFFICIENTS FEATURE AND CHROMA
SHIFT FEATURE
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This chapter provides an overview of the methodologies and results using mfcc and
chroma shift feature extraction. Dataset, data preprocessing and data augmentation have
been discussed in 2.1, 2.2.2 and 2.2.3 respectively.

3.1. Methodology

3.1.1. Feature Description
MFCC features detail has been discussed in 2.2.1.

Chroma shift [46], is a technique used in audio signal processing to analyze and manipulate
the pitch content of a musical signal. This method involves shifting the chroma features,
which represent the twelve different pitch classes of the equal-tempered scale in Western
music (C, C#Db, D, D#/Eb, E, F, F#/Gb, G, G#/Ab, A, A#/Bb, B), regardless of octave.
Chroma features are essential in music information retrieval tasks as they capture harmonic
and melodic characteristics of the audio signal.

The concept of chroma, derived from music theory, has been applied in various digital
signal processing applications since the early 2000s. Researchers have utilized chroma
features to enhance tasks such as chord recognition, key detection, and cover song
identification. By shifting the chroma features, one can transpose the perceived pitch of the
audio signal, enabling applications in music genre classification, pitch correction, and
audio synthesis.

Chroma shift leverages the robustness of chroma features to alterations in timbre and
dynamics, focusing solely on the pitch content. This makes it particularly useful in
scenarios where the harmonic structure of the audio is of primary interest. The technique
continues to evolve, contributing significantly to advancements in music technology and
audio analysis.

3.1.2. Machine Learning and Deep Learning Models

In this project, we utilized traditional machine learning methods including Random Forest
Classifier (RFC), Support Vector Machine (SVM), and Multi-Layer Perceptron (MLP),
alongside deep learning techniques such as Long Short-Term Memory (LSTM) and
Convolutional Neural Networks (CNNs), for emotion classification. These models are
already discussed in detail in 2.2.4 and 2.2.5 respectively.
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3.2. Experimental Result
3.2.1. Experimental Setup

The experimental setup and also the steps associated have been elaborated in 2.3.1.

Table 7, 8, 9 presents the accuracy result of the steps respectively.
Figures 16 and 17 display the training curves (accuracy and loss) for LSTM and CNN

respectively on SUBESCO dataset.
Figures 18 and 19 display the training curves (accuracy and loss) for LSTM and CNN

respectively on BanglaSER dataset.
Figures 20, 21 and 22 illustrate the confusion matrix of the models for the above steps

respectively.

3.2.2. Results

Method Accuracy
RFC 94.17%
SVM 93.07%
MLP 97.50%
LSTM 90.07%
CNN 96.20%

Table 7: SUBESCO dataset (80% training: 20% testing)

Method Accuracy
RFC 35.21%
SVM 35.61%
MLP 34.60%
LSTM 29.07%
CNN 31.68%
Majority Voting 35.48%

Table 8: BanglaSER dataset (without training)
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Method Accuracy
RFC 84.14%
SVM 78.50%
MLP 84.14%
LSTM 75.06%
CNN 81.32%
Majority Voting 85.72%

Table 9: BanglaSER dataset (60% training: 40% testing)
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Fig 21: Confusion Matrix of models (BanglaSER dataset without training)
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Fig 22: Confusion Matrix of models (BanglaSER dataset with training)
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As demonstrated in Table 7, the Multi-Layer Perceptron (MLP) model achieves the highest
prediction accuracy on the SUBESCO dataset. The confusion matrix in Figure 20 indicates
that Happy and Surprise emotions are most commonly misclassified.

In contrast, Table 8 and Figure 21 show that our models perform poorly on the BanglaSER
dataset without prior training.

After retraining with additional data from the BanglaSER dataset, the accuracy nearly
doubles, as illustrated in Table 9. Despite the moderate improvement, the MLP model still
surpasses the other models in performance. Furthermore, the Majority Voting model, which
combines the results from all models, also performs well. However, the confusion matrix in
Figure 22 reveals that Happy and Surprise emotions continue to be misclassified due to their
similar tonal characteristics.

3.3. Discussion

In this chapter, we extracted 40 MFCC features along with 12 additional chroma shift
features, which capture tonal differences in scale. We observed that all models achieved an
accuracy of approximately 95% on the SUBESCO dataset. However, when evaluated on the
BanglaSER dataset without prior training, the models exhibited significantly lower
accuracy. This suggests that the models were overfitted to the SUBESCO dataset, lacking
the ability to generalize to new data.

To address this issue, we retrained the models using 60% of the BanglaSER dataset’s audio
features, out of which 10% features were used for validation of the deep learning models.
This retraining led to a substantial improvement in performance, with accuracy on the
remaining 40% test data increasing to around 80% or higher for all models as well as the
majority voting model.

These findings underscore the importance of diverse training data to enhance model
robustness and generalization. Future efforts should focus on integrating multiple datasets
during training to develop more comprehensive and adaptable models. Additionally,
techniques such as cross-validation and data augmentation can further improve the models'
ability to generalize to different datasets and real-world scenarios. Employing these
strategies will help mitigate overfitting and ensure more reliable performance across varied
data environments.
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CHAPTER 4
CONCLUSION AND FUTURE WORK
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Conclusion

Sentiment analysis based on Bengali speech signals has emerged as a significant topic in
human-computer interaction research, driven by its growing application in various fields.
In this study, we presented a comparative analysis of sentiment analysis for the Bengali
language using both machine learning and deep learning models. We utilized MFCC
feature extraction in Chapter 1, and later incorporated MFCC and Chroma Shift feature
extraction methods in Chapter 2 to offer a comprehensive comparison between the models.

This project focused on analyzing various machine learning and deep learning approaches
for emotion classification in Bengali speech. Through experimental evaluations, we
demonstrated the effectiveness of Random Forest, SVM, MLP, LSTM, and CNN
algorithms in accurately predicting emotions in Bengali speech samples. The datasets,
SUBESCO and BanglaSER, proved to be valuable assets for this task, providing a robust
foundation for our analysis.

Our results indicated that the achieved accuracy rates ranged mostly between 85% to 95%,
with MLP exhibiting the highest accuracy both with and without additional training. The
Majority Voting model also performed well, effectively combining the results from all
models to enhance prediction accuracy. This project addresses the scarcity of studies on
emotion classification in Bengali, providing valuable insights into the potential for
capturing emotions in Bengali speech.

Overall, this emotion prediction framework can assist in understanding individuals'
emotional states, enhancing various applications in human-computer interaction and
beyond. The insights gained from this study pave way for future explorations and
improvements in the domain of Bengali speech sentiment analysis.

Future Work

In this project, our exploration was confined to the SUBESCO and BanglaSER datasets.
However, expanding our dataset to include more real-world data sources will be a pivotal
step towards augmenting the accuracy and robustness of our models for deployment in
real-life scenarios. By integrating diverse datasets, we aim to capture a broader spectrum
of variability present in real-world audio recordings, thus enriching the training process
and enhancing the generalization capabilities of our models.
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While the project predominantly focused on feature extraction techniques such as MFCC
and Chroma Shift, the domain of audio signal processing offers many more feature
extraction methods, including Mel-spectrogram, root mean square, zero crossing rate, and
Fourier transform. An investigation into and incorporation of these additional feature
extraction techniques will be instrumental in further refining our models.

In addition to our exploration of traditional machine learning and deep learning models
such as RFC, SVM, MLP, LSTM, and CNN, we intend to extend our comparative analysis
to include more advanced architectures such as Bi-LSTM and transformer-based models.
By evaluating a diverse array of model architectures, we aim to gain deeper insights into
their respective strengths and weaknesses, thereby informing our selection of the most
suitable model for our specific application domain.

Building upon the foundational findings and methodologies of this project, our future
endeavors will focus on the development of a real-time Bengali speech sentiment analysis
system. By leveraging the knowledge and insights gained from our research, we aim to
create a sophisticated system capable of accurately analyzing and interpreting sentiment
from spoken Bengali utterances in real-time. This system will find application in various
domains, including customer feedback analysis, market sentiment analysis, and sentiment-
aware content recommendation systems, thereby contributing to advancements in natural
language processing and human-computer interaction.
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