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ABSTRACT

Language, the core of human civilization, is all about communication. This research
explores the intricacies of Automatic Speech Recognition (ASR) systems, particularly
Speech-to-Language ldentification (SLID), in multilingual environments. It focuses on
data collection, feature extraction, and language classification, using techniques such
as Mel spectrograms, MFCC, and deep learning architectures like CNNs and RNNS.
Our dataset is from Kaggle and the rest of them are real-time. Deep learning models,
particularly CNNs and hybrid architectures like CRNN, show promising results in
language identification. An audio speech recognition model is developed using deep
learning techniques. Data is stored in Google Drive and accessed via Colab for model
training. The model was trained on Mel spectrograms of audio data using deep learning
techniques. Pre-trained models like VGG16, Efficientnet, GoogleNet, and DenseNet
offer viable alternatives for audio recognition tasks. We are going to propose them on
our pre-processed dataset. The performance of all models will be compared using
standard metrics like accuracy, precision, recall, and F1 score. This research offers an
in-depth analysis of SLID systems, showing their importance in communication across
languages and proposing technologies that may be able to increase their accuracy and

allow wider acceptance.
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CHAPTER 1
Introduction

1.1 Overview

The basis of human civilization, that language shapes our interactions and
achievements. Speech-to-Language Identification (SLID) is an essential component of
Automatic Speech Recognition (ASR) systems, particularly in multilingual
environments. While methods like deep learning models and Mel-Frequency Cepstral
Coefficients (MFCC) have improved language classification performance, issues with
ASR adaptation for different languages and dialects still exist. This points out how
important SLID is to ASR systems, which are essential for modern, globally
interconnected communication. Even with these improvements, it is still difficult to
identify languages accurately, which calls for more study and creativity. While pre-
trained Convolutional Neural Network (CNN) models and deep neural networks have
the potential to improve accuracy, further research is necessary to improve ASR
systems in multilingual contexts. It requires more research in ASR and SLID because
it is motivated by the need to address pronunciation variations and enable cost-effective
adoption across linguistic contexts. Beyond simple speech recognition, ASR
technology can be used for voice assistance, language learning, and improving
communication in various environments. Overall, the summary highlights the
continued importance of language in human civilization and the critical function that
SLID plays in ASR systems. It draws attention to the need for more developments in
deep learning and feature extraction methods to solve current problems and open the

door to more efficient multilingual communication in the digital age.

1.2 Background & Present State

Various algorithms and methodologies were explored to develop language
identification systems for audio data. These included CNN-based SLID models using
mel spectrograms, achieving 88% accuracy; a CRNN approach combining MFCC and
GTCC features for 92.81% accuracy; hybrid feature extraction using FFBPNN with

93% accuracy; ensemble methods with MFCC and delta features achieving 86%
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accuracy; rhythmic feature-based GMM with 70% accuracy; and LSTM RNNs for
improved language discrimination. Additionally, DNNs showed promise in language
detection, along with i-vector and x-vector techniques coupled with logistic regression
or PLDA for enhanced accuracy. Transfer learning with pre-trained CNNs was also
effective for sound classification, while ASC systems evolved towards hierarchical

approaches for improved precision.

1.3 Problem Statement

The problem statement revolves around the necessity and challenges of Spoken
Language ldentification (SLID) within Automatic Speech Recognition (ASR) systems,
particularly in multilingual environments. Despite advancements in techniques like
feature extraction and deep learning models, significant challenges persist, such as
adapting ASR for diverse languages and dialects. The problem further extends to the
lack of adoption of advanced language classification techniques in regions like India,
and Bangladesh, and among local languages due to pronunciation difficulties and
linguistic differences. Additionally, the inefficiency of traditional machine learning
models compared to deep learning models poses a challenge in achieving higher
accuracy in SLID. The study aims to address these challenges and improve the
adaptability and accuracy of ASR systems in multilingual environments through
innovative methodologies and advancements in deep learning and feature extraction

techniques.

1.4 Motivation and Objectives

The motivation behind this thesis is to delve into the realm of Audio Speech
Recognition (ASR) and Spoken Language ldentification (SLID) research, recognizing
their pivotal role as the cornerstone for language-related advancements. ASR not only
facilitates transcription and language conversion but also underpins the development of
voice-related technologies such as voice commands and assistance. Despite
advancements primarily in Western countries, there's a significant gap in adoption
across diverse linguistic landscapes like India and Asia. Bridging this gap entails
addressing challenges such as accent variations, pronunciation nuances, and

computational resource requirements. Deep learning models offer promise, yet
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accuracy remains challenging due to linguistic intricacies. Overcoming these hurdles is
key to automating language learning, enhancing communication, and facilitating
knowledge acquisition globally. This thesis seeks to contribute to refining ASR and
SLID systems, driving toward a future where language barriers dissolve,

communication transcends boundaries, and learning becomes accessible to all.
1.5 Scope & Limitations

Speech recognition datasets are scarce, especially in the multilingual space. Detecting
language out of audio speech requires substantial effort for different languages.
Creating a specialized dataset for each language is needed for extensive research.
Nevertheless, this is a highly demanding procedure and exceedingly challenging to
attain a high-quality dataset. Additionally, the data-gathering process will incur
substantial costs for each language. The majority of models likewise fail to achieve
high accuracy across all datasets, with most of the accuracy scores being rather low. To
start, | preprocess the supplied audio data. Created mel spectrograms for feature
extraction due to their optimal compatibility with CNN-based architectures. | converted
those Mel Spectrograms features into images. Ultimately, | identified the CNN-based

design that yielded superior accuracy compared to previous research.
1.6 Report Organization

This report is structured into some sections. The first section outlines the project, its

purpose, its scope, and the expected results.

In the second part, we have done some comparisons where we are pointing out the
shortcomings of the current edu-tech platforms and what the gaps are that we identified

and that we want to overcome through our project.

The third part is the most important, where we have discussed methodologies, and
requirements and done some ground and financial analysis to showcase how we can
manage the project and what our goal is to enable every learner to reach their maximum
potential by embracing technology and rethinking the conventional educational model.
In the fourth its described about implementation & the fifth part is all about results. The
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last two parts are all about impact on society, environment and sustainability and future

works.

1.7 Summary

The summary outlines the significance of language in human civilization, emphasizing
its role in communication and the necessity of Speech to Language Identification
(SLID) within Automatic Speech Recognition (ASR) systems. Challenges in
multilingual environments and the need for accurate language identification are
highlighted, alongside the potential of advanced techniques like deep learning models
for improving ASR accuracy. The motivation section underscores the importance of
ASR and SLID research, particularly in addressing pronunciation variations and
enabling cost-effective adoption in diverse linguistic contexts. The summary also points
out the potential applications of ASR technology in voice assistance, language learning,
and improving communication in various environments. Overall, the summary
underscores the importance of continued research in ASR and SLID for advancing

language-related technologies and facilitating effective communication.
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CHAPTER 2
LITERATURE REVIEW

2.1 Overview

Various algorithms and methodologies were explored to develop language
identification systems for audio data. These included CNN-based SLID models using
mel spectrograms, achieving 88% accuracy; a CRNN approach combining MFCC and
GTCC features for 92.81% accuracy; hybrid feature extraction using FFBPNN with
93% accuracy; ensemble methods with MFCC and delta features achieving 86%
accuracy; rhythmic feature-based GMM with 70% accuracy; and LSTM RNNs for
improved language discrimination. Additionally, DNNs showed promise in language
detection, along with i-vector and x-vector techniques coupled with logistic regression
or PLDA for enhanced accuracy. Transfer learning with pre-trained CNNs was also
effective for sound classification, while ASC systems evolved towards hierarchical

approaches for improved precision

2.2 Related Works

The author developed a machine-learning system to detect language from audio clips
by unknown speakers using a Convolutional Neural Network (CNN). They used the
Kaggle spoken language detection dataset and converted audio speech files into mel
spectrogram images. The CNN model achieved an accuracy of 88%][1], demonstrating
the effectiveness of image formats and the Bernoulli Naive Bayes approach.Adal A. A.
et al. developed a hybrid convolutional Recurrent Neural Network (CRNN)-based
architecture for spoken language identification (SLID) using deep learning
advancements. The system uses sequential feature vectors and combines Mel
Frequency Cepstral Coefficient (MFCC) and Gammatone Cepstral Coefficient (GTCC)
features for improved accuracy. [2] The study examines the effectiveness of a language
identification system using hybrid characteristics and artificial neural network (ANN)
learning techniques. It uses RASTA-PLP features and merges advanced MFCC features
with RASTA-PLP features. The study achieves classification accuracy of 93%,

emphasizing the need for suitable feature sets to improve LID system
©Daffodil International University, Bangladesh 5



performance.[3]The authors advance SLID by using MFCC and delta features in audio
data. They used ensemble methods and four ML algorithms. The model achieved an
accuracy rate of 86% across five languages. However, there's room for improvement
with minimal data preprocessing and using parameter and regularization techniques for
higher accuracy.[4]The study introduces a language identification system using
acoustic features of audio data to capture rhythmic features of vowels and consonants.
The authors used a Gaussian Mixture Model (GMM) with 70% accuracy, and
developed different language identification approaches, including SVM and i-vector,
to ensure the best use of the feature in classification. [5]This study explores the use of
deep learning in audio signal classification. It surveys five deep learning models: CNN,
RNN, and hybrid models. RNN is used for temporal pattern recognition, while CNN is
used for speaker identification and speech recognition. The hybrid model combines
CNN and RNN and CNN-SVM. Accuracy varies based on the dataset and model, with
CNN often providing better results. The study guides further research on deep learning.
[6]The paper discusses the importance of communication techniques and the human-
computer interface in voice recognition, analyzing technical advancements and
determining the best approach for building a Marathi language-based human-computer
interaction system, highlighting MFCC as the widely used technique.[7]The study
addresses the challenge of machine learning and Al-based speech recognition in
multilingual environments. It proposes a new algorithm combining binary-bat-
algorithm (BBA) with late-acceptance-hill-climbing (LAHC) to extract the best
features from audio data. The algorithm achieved a 92.35% accuracy, outperforming
meta-heuristic FS algorithms. Future research could explore different transfer and cost
functions, apply the algorithm to more languages, and address long-term speech signal
dependencies. [8]A. Draghici et al. conducted a study on Spoken Language
Identification (SLID) using deep neural network architectures. They found that both
CNN and CRNN can learn specific patterns from speech audio, with CNN achieving
86% accuracy on YouTube News and CRNN 83% [9]accuracy on EU Repo. The
authors introduce a novel method for automatic language identification (LID) using
long short-term memory (LSTM), an upgraded type of Recurrent Neural Network. The
LSTM RNNs outperform baseline i-vector and feed-forward Deep Neural Network
systems on the NIST Language Recognition Evaluation 2009 dataset, achieving higher
accuracy with fewer parameters. The study suggests further integration and dataset

©Daffodil International University, Bangladesh 6



investigation for further development. [10]The authors use Deep Neural Networks for
language classification, comparing their model with traditional methods. They show
gains of up to 70%[11] in Cavg over baseline systems using a fully connected feed-
forward neural network with rectified linear activation functions. The study concludes
that DNNs are a powerful tool for improving automatic language detection, especially
when large amounts of training data are available. The authors used i-vectors and x-
vectors to capture audio data features, evaluating them using probabilistic linear
discriminant analysis (PLDA) and logistic regression. They used a dataset from
Indonesia, including Bahasa Sunda, Jawa, and Minang, and divided the data into
segments. The study found that logistic regression improved x-vector accuracy, while
i-vector performance was better when using the LR classifier. [12]The study uses
spoken language to classify audio data from European radio broadcasts using VPM and
LD discriminating systems. Training pairs are generated using annotated and
segmented audio samples. The authors propose using various supervised and
unsupervised classification methods simultaneously, achieving a commendable
discrimination rate for speech signals. [13]The study evaluates the performance of three
image-trained CNNs and two sound-trained CNNs in sound classification across
datasets like UrbanSound8K, ESC-10, and Air Compressor. Results show Sound CNNs
outperform Image CNNs, achieving high accuracy. Future work may involve fusion
techniques and addressing sound data challenges, demonstrating the effectiveness of
transfer learning in sound classification. [14]Acoustic Scene Classification (ASC) has
evolved from RASTA analysis to recurrent neural networks, k-nearest neighbor, and
hidden Markov models.[15] Early systems used the 'bag-of-frames’ method, while
modern systems prioritized hierarchical classification. This study examines the
progression of ASC research, from initial techniques to current hierarchical approaches,
focusing on high-level generic categories and correct classifications within broad

categories.

2.3 Comparison between existing works

| evaluated prior research about our objective. | have studied both different machine
learning algorithms as well as different deep learning algorithms to find out which one
gives better accuracy. This field of identifying language out of audio speech can be

correlated to NLP, but | am taking the deep learning approach for this. For this review,
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I have examined many research works that investigate the application of different
machine learning techniques in audio speech recognition systems. Some of the crucial
aspects for comparison encompass:

In feature extraction, Mel spectrograms are commonly employed for their ability to
visually depict frequency and temporal data and have demonstrated impressive
accuracy in convolutional neural network (CNN) models, obtaining an 88% accuracy
rate [1].MFCCs and Gammatone Cepstral Coefficients are highly effective in collecting
both spectral and phonetic information. When used with CRNNs, they achieve an
accuracy of 92.81%, as reported in [2]. The characteristics of RASTA-PLP include
utilizing MFCCs in conjunction with feed-forward backpropagation neural networks,
leading to enhanced performance and achieving an accuracy of 92% [3].Characteristics
of a hybrid: By combining Mel-frequency cepstral coefficients (MFCCs) with delta
features (DFCCs) and utilizing ensemble methods, such as random forests or bagging,
an accuracy of 86% was obtained for various languages [4]. Examining vowel and
consonant patterns using Gaussian Mixture Models resulted in a 70% accuracy rate in
terms of rhythmic aspects. There is potential for improvement by employing SVMs and
i-vectors, as suggested by [5].

In model preparation, For model training, different machine-learning approaches were
taken based on different feature extraction techniques. Different features yield different
accuracy based on the machine learning technique applied. For mel-spectrograms, CNN
and CRNN are mostly used to achieve higher accuracy. Deep learning can provide up
to 70% better accuracy than normal machine learning algorithms. For MFCC, DFCC,
and their combined features, CRNN is mostly used. Various pre-trained models like
VGGish, Google-net, and Shuffle Net can also produce high accuracy on both mel
spectrograms and MFCC. Different ensemble methods, like random forests and
bagging, are also shown to produce higher accuracy. SVM and GMM are also used in
many cases. The accuracy based on different models and feature extraction techniques
is stated below in the table based on previous studies:

©Daffodil International University, Bangladesh 8



Table 2.3.1 Comparison of previous studies along with results.

Year Authors Features Approach Best Accuracy
Algorithm
2021 | Gundeep Singh , | Mel spectrograms CNN CNN 88%
Sahil Sharma
Vijay Kumar
Manjit  Kaur
MohammedBaz
and Mehedi Masud
[1]
2022 | Adal A. Alashban | MFCC, CRNN CRNN 92.81%
*  Mustafa A. | GTCC,
Qamhan, Ali H. | and
Meftah and Yousef | Combination  of
A. Alotaibi [2] GTCC MFCC
2021 Pardeep Sangwan, | MFCC  features | Feed-forward | Feed-forward 92.6%
Deepti Deshwal , | with RASTA-PLP | Back Back
Naveen Dahiya features Propagation Propagation
[3] Neural Neural
Network Network
(FFBPNN) (FFBPNN)
2020 Dilip Singh | MFCC and DFCC | Ensemble Ensemble 86%
Sisodia,Saragadam method
Nikhil, G. Sai
Kiran, P. Sathvik
[4]
2020 Hwamin Kim 1| r-vector Gaussian Gaussian 70%
and Jeong-Sik Park Mixture Mixture
[5] Model Model
(GMM) (GMM)

©Daffodil International University, Bangladesh




2020 ANKIT DAS, | MFCC and LPC Support Support 92%
SAMARPAN Vector Vector
GUHA ,PAWAN machine machine
KUMAR SINGH (svm) (svm)
,ALI AHMADIAN
NORAZAK
SENU, AND
RAM SARKAR
(8l
2020 Alexandra Mel spectrograms | CNN, CNN 86%
Draghici,Jakob CRNN
AbelRer,Hanna
Lukashevich [9]
2020 P. Rangan, S. Teki, | log-Mel CNN-LSTM CNN-LSTM | 79.02%
and H. Misra [20]
2021 E. Salesky, B. M. | MFCC CNN CNN 53%
Abdullah, S. ResNet50
Mielke et al. RNN
[19]
2021 Andrei MFCC CNN LSTM CNN 74%
Shcherbakov,Liam
Whittle,Ritesh
Kumar,
Siddharth
Singh,Matthew
Coleman,Ekaterin
a Vylomova
[17]
2020 R. van der Merwe | Log-Mel CRNN CRNN 89%
[22] ResNet50
DenseNet121

©Daffodil International University, Bangladesh
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2.4 Open Issues

Despite significant advancements in Automatic Speech Recognition (ASR) and
Speech-to-Language Identification (SLID) systems, several open issues remain. One
major challenge is the integration of open-source technologies with proprietary
solutions to create robust, adaptable SLID systems. Leveraging open-source datasets,
such as those available on Kaggle, along with real-time data collection, presents
opportunities and challenges in ensuring data diversity and representativeness across
various languages and dialects. Additionally, the effective integration of newly gained
deep learning techniques with traditional methods like Mel-Frequency Cepstral
Coefficients (MFCC) is essential for improving the accuracy and adaptability of SLID
systems.ldentifying real-life complex engineering problems, such as ASR adaptation
for diverse linguistic contexts, requires a holistic approach. It involves understanding
pronunciation variations and developing cost-effective, scalable solutions. This
necessitates economic evaluation and cost estimation, particularly in terms of
computational resources required for training deep learning models like CNNs, RNNs,
and CRNNs on large datasets. The use of pre-trained models such as VGG16,
EfficientNet, GoogleNet, and DenseNet can reduce development costs but requires
careful evaluation to ensure they meet the specific needs of multilingual SLID
applications. Addressing these open issues is critical for enhancing SLID systems'
performance and facilitating their broader adoption in various real-world applications.

2.5 Summary

Researchers have explored various methodologies for SLID, audio signal classification,
and acoustic scene classification (ASC), achieving accuracy ranging from 86% to 93%.
They also studied feature extraction techniques, deep learning models, and transfer
learning methodologies. The studies contribute to advancements in these areas, offering
insights into feature extraction, deep learning model architectures, and transfer learning
methodologies. Further research is needed to improve model accuracy and address
challenges in multilingual environments and real-world applications. audio data
categorization and Automatic Speech Recognition (ASR) performance. The research
will analyze the advantages and disadvantages of machine learning and deep learning
approaches, providing valuable information for future model development.

©Daffodil International University, Bangladesh 11



CHAPTER 3
METHODOLOGY

3.1 Overview

The process of training a deep learning model to identify spoken languages from audio
data involves several steps. The first step is data gathering, which involves collecting
audio data from files. The data is then pre-processed, converting the files from FLAC
to WAV format using tools like ffmpeg and PyChi. Feature extraction is performed,
creating Mel spectrograms and saving them as PNG images. The data is then converted
into a torch format for use in a deep learning model. The model is trained using various
hyperparameters, such as VGG16, GoogleNet, EfficientNet and DenseNet. The model
is evaluated on its accuracy in classifying spoken languages, but challenges such as pre-
processing can negatively affect its accuracy. The summary effectively summarizes the
key steps of the methodology while maintaining essential information about spoken
language identification using deep learning. To effectively conduct audio speech
classification research, researchers need a diverse dataset with multiple languages,
speakers, accents, and recording environments. Data preprocessing and feature
extraction are crucial, and a powerful CPU and GPU are needed for data handling and

model training.

3.2 Proposed Methodology/System Design

Upon gathering the data, | converted all the audio files from the flac format to the wav
format. | employed the pydub library in conjunction with ffmpeg to accomplish this
task. Following that, the process of extracting features takes place. | transformed all the
audio files into Mel spectrograms and stored them as images in the png format.
Subsequently, | performed picture preprocessing to enhance accuracy. It is essential to
ensure that preprocessing improves accuracy since it can sometimes have a detrimental
effect on the model. Additionally, the dataset is translated into a torch in a parallel
manner. Subsequently, the converted dataset was incorporated into the model for the

purpose of training. | experimented with several hyperparameters in order to get
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improved accuracy. For model, | have used VGG16, GoogleNet, Densenet
EfficientNet.

Data
Collection

v
Audio
Dataset

v »| Mel-Spectrogram

Feature
Extraction
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VGG16 - B DenseNet
| Training )
‘ Model .
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Figure 3.2.1: Proposed Methodology
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3.3 Requirement Analysis (Hardware/ Software Requirement)

Dataset Acquisition: Collect an appropriate dataset of audio recordings covering
multiple languages, diverse speakers, accents, and recording environments. Ensure the
dataset is sufficiently large and varied to train and evaluate the classification model
effectively.

Data Preprocessing and Feature Extraction:

e Utilize FFMPEG for audio file manipulation and conversion if necessary.

e Implement preprocessing techniques to clean and normalize audio data.
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e Extract features such as Mel Frequency Cepstral Coefficients (MFCC),

Delta features, or other relevant acoustic features.
Hardware Requirements:

e Powerful CPU: To handle the computational tasks involved in data
preprocessing, feature extraction, and model training.

e Powerful GPU: Accelerate deep learning model training processes,
particularly if utilizing frameworks like PyTorch.

e Adequate RAM: A minimum of 8 GB RAM is required to handle large

datasets and computational tasks efficiently.
Software Requirements:

e FFMPEG: For audio file manipulation, conversion, and processing.
e Python: A programming language for implementing the classification model

and related tasks.
Essential Libraries and Frameworks:

e NumPy: For numerical computing and array operations.

e Matplotlib: For data visualization and plotting.

e Seaborn: For statistical data visualization, if required.

e Scikit-Learn: For implementing machine learning algorithms and evaluation
metrics.

e Pandas-data analysis and manipulation library

e ImageNet-ImageNet is a large-scale dataset of labeled images designed for
training and benchmarking computer vision algorithms.

e OpenCV-OpenCV is an open-source computer vision and image processing

library used for tasks such as object detection, image enhancement.

By fulfilling these implementation requirements, the research on audio speech
classification can proceed effectively, ensuring proper data handling, preprocessing,

feature extraction, model implementation, and evaluation.
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3.4 Project Management and Financial Analysis

Project management for the machine learning project involved setting clear goals and
objectives, chosen after studying various topics and algorithms with my supervisor. We
utilized software like Google Calendar, Gmail, and Zoom for organization and
communication. Regular discussions with my supervisor addressed potential risks and
challenges, allocating tasks and time effectively. After achieving our objectives, we
proceeded to work on the research paper. Financial planning included securing
investments and grants, allocating resources, and recognizing supplementary needs like
specialized datasets. Throughout the project, we maintained a focus on data privacy,
bias mitigation, and intellectual property rights

Project Objectives: Using audio data to use a model for language classification is more

accurate, faster, and uses less hardware resources.

e developing a model to classify audio data.
e comparison between different deep learning architectures to find out the
best one.

e challenges and limitations of language classification from audio data.
Project Timeline:

e Phase 1: Planning and Research (2-4 weeks)

e Phase 2: Data collection and conversation through Mel-spectrogram (3-5
weeks)

e Phase 3: Data labeling, and preprocessing (8-10 weeks)

e Phase 4: Model training and applying algorithm (10-12 weeks)

e Phase 5: Model test and output analysis (4-6 weeks)

e Phase 6: Front-End Development (5-6 weeks)

e Phase 7: Back-End Development (6-8 weeks)

e Phase 8: Testing (4-6 weeks)

e Phase 9: Deployment (2-4 weeks)

e Phase 10: Post-Launch and Marketing (Ongoing)
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Resource Planning: Effectively allocating human, financial, and technological
resources to ensure the timely completion of project tasks is essential. Assigning roles

and responsibilities to team members based on their expertise and availability is key.

Risk Management: Identifying potential risks and uncertainties that may impact
project success and developing mitigation strategies to address them is important.
Regularly monitoring and evaluating project risks throughout the project lifecycle is

necessary.

Communication Plan: Establishing clear communication channels and protocols to
facilitate collaboration and information exchange among project stakeholders is vital.
Holding regular meetings, progress reviews, and status updates to keep stakeholders

informed is recommended.

Quality Assurance: Implementing quality assurance processes and standards to ensure
that project deliverables meet or exceed predefined quality criteria is imperative.
Conducting regular quality checks and audits to identify and rectify any deviations from

standards is essential.

Financial Analysis: Financial analysis is a key component to complete the theses paper
The first factors to consider when investing are the cost of producing films, the technical
infrastructure, and the development of Al-driven features. Operational expenses,
including hosting and maintenance, are carefully estimated. Possible cooperative
partnerships, course sales, and subscription fees are a few examples of revenue streams.
The most effective way to distribute resources and reduce risks is to do a thorough cost-

benefit analysis.

A general table showing the approximate costs of the various spoken language
identification project components is provided below. We have to choose based on our

requirements.
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Table 3.4.1. Estimated Cost Of The Project

SL No. Expense Description Amount(BDT)
01 Domain and Hosting 4,500-6,000
02 Data set collection(raw) 25,000-30,000
03 GPU (minimum 1650 SUPER 4 GB Ram) 21,000-25,000
04 RAM 16 GB (3200 BUS) x 2 8,000-10,000
05 CPU AMD Ryzen 5 5600 13,000-15,000
06 Documentation and Report Writing 2000-2500
07 Transportation Cost 5000-6000
08 Yearly Maintenance Cost 60,000-70,000
09 Miscellaneous (e.g., licenses, tools) 3,000-4,000
10 Contingency (10% of total) 14,150-16,850

Total 1,41,500-1,68,500
3.5 Summary

The methodology for training a deep learning model for spoken language identification
starts with data gathering, involving the acquisition of diverse audio recordings.
Preprocessing follows, utilizing FFMPEG for file manipulation and extracting features
like MFCC. Hardware requirements include a powerful CPU and GPU, while software
necessities involve FFMPEG and Python. Libraries like PYdub, OpenCV, ImageNet
and Scikit-learn aid in manipulation and model building. The proposed methodology
involves converting audio to WAV, extracting Mel spectrograms, and preprocessing
images. Data are transformed into torch format for model training, experimenting with
various hyperparameters and employing models like VGG16. Data collection
prioritizes quality, sourced from platforms like Kaggle, and organized into folders by
language. This comprehensive approach ensures a robust pipeline from data acquisition

to model evaluation, enhancing the efficacy of spoken language identification systems.
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CHAPTER 4
IMPLEMENTATION

4.1 Overview

In data preparation, where audio files in FLAC format are converted to WAV format

using the pydub library and ffmpeg. This conversion is necessary because the WAV

format is more widely supported and less data-heavy. After converting the audio files,

feature extraction is performed, transforming the audio into mel spectrograms, which

are then saved as PNG images. This step allows the audio data to be processed by

convolutional neural networks (CNNSs).

During the data preprocessing phase, efforts were made to create a high-quality
dataset. The audio data collected needed to be clear and varied in pitch and
speed to account for differences in how people speak. The initial conversion
from FLAC to WAV facilitated easier handling and reduced data size.

Feature extraction techniques included mel spectrograms, mel-scaled filter
banks, and Mel-Frequency Cepstral Coefficients (MFCCs). Mel spectrograms
were chosen for this project as they effectively capture the audio characteristics
in a visual format suitable for CNNs.

The waveform representation, which visualizes sound wave movement, was
discussed as having key attributes: wavelength, amplitude, frequency, and
velocity. Mel spectrograms use a frequency-domain filter bank to process audio
inputs over time, producing a visual representation that highlights frequency
components. MFCCs provide a short-term power spectrum of sound through a
logarithmic power spectrum and a linear cosine transform. Mel-scale filter
banks analyze frequency characteristics in a way that mimics human hearing
sensitivity.

For model training, a supervised learning approach was employed, leveraging
various CNN architectures. The models wused included VGG16,
EfficientNet,GoogleNet, and GoogleNet. These models were compared to
evaluate their performance and accuracy in processing the transformed audio

data.
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Overall, this project demonstrates a comprehensive workflow from data preparation
and feature extraction to model selection and training, aiming to achieve high accuracy

in audio classification tasks using advanced deep learning techniques.

4.2 Train Model/ Prototype Design
Data Collection Procedure

| have extensively looked for datasets on the internet to find out the best set of datasets.
Creating a machine learning system for the automatic speech detection dataset plays a
crucial role, especially in the quality of the data. The higher the quality of data, the more
accurate the model can perform. So, Optimizing the balance and reliability of the
dataset is a must for the enhancement of the efficacy of machine learning algorithms,
resulting in impeccable machine training. | gave paramount importance to data
collection so that | could construct a dataset with more careful consideration for better
equilibrium and dependability. I have collected my dataset from famous data science
resources and tools platform Kaggle. The dataset name is spoken language
identification. Then, the dataset is plotted into two different folders, Bangla and
English, for my dataset. | have taken 1030 data out of the original folder to create my
own dataset.

Table 4.2.1: Glimpse at the Dataset

Audio files Labels

6| de f 5d2e7f30d60F2d1d86fd05F3bbe120c2 fragment! | ENglish

o| de f 5d2e7f30dA92d1d26Fd05FIbbel 20c2 fragment2 English

6| de_f 5d2e7F30d60f2d1d2EFd0SFIbbe120c2 fragment3 | ENQlish

6| de f 5d2e7F30d60f2d1d86fd05F3bbe120c2 fragment | ENQlisSh
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©| es_f_1d27cbd589eeff17973ffd0b7a77a70a.fragmenti Bang la

0| esf 1d27c6d590eeff17973Fd0bTaTTaT0a fragment2 | Bangla

O] es_f_1d27cbd38%eeff17973ffd0bTa77a70a.fragment3 Bang la

[6] es_f 1d27c6d589eeff17973Ffd0bTaT7a70a fragmentd Bang la

Here, in English and Bangla, two different class files are saved into two different
folders. Then, the data is converted into Mel spectrograms and saved in Google Drive.
From then on, the drive-specific folder will work as a further dataset for my research

and code in Colab. There is 180 data in the dataset, which is used for testing purposes.

Mel Spectrogram
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-80 dB

Figure 4.2.1: Mel Spectrogram of the Audio Speech

Data Preprocessing

Here, at first, | tried to create a dataset that is good. | have searched through various
websites to collect the best data to create a better model. The dataset's audio should be
clear. Besides that, the same audio data should be in different pitches and different
speeds because different people have different talking speeds and pitches. The audio
was in the FLAC format. Then, | converted it into WAV format because FLAC format

is not supported by most audio players and many Python libraries. Besides that, it is
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quite heavy and takes up more data. After converting the audio data into WAV format

then, | started working on the feature extraction.

from IPython.display import Audio
Audio(audio_path)

» 0:02/0:10 D)

Figure 4.2.2 Audio File

FFMPEG
FLAC Format | | WAV Format

audio.flac audo.wav

Figure 4.2.3: Audio converting from FLAC to WAV
Feature Extraction

There are a lot of feature extraction techniques out there. Among them, Mel
spectrogram, Mel scaled filter bank, and MFCC are some of the most popular ones.
After the extraction of the features, | converted them into image format using Matplotlib
so that we could easily fit the image into different CNN-based deep learning algorithms
to get better accuracy. For this paper, | have used the Mel spectrogram. Audio can be
represented in many different forms.

Waveform: A waveform is a visual depiction of a sound wave's movement across a
medium over some time. Every waveform has four essential attributes: Wavelength,

amplitude, frequency, and velocity.

Waveform of audio file

Amplitude

Figure 4.2.4: Visual Representation of the Audio
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Mel-Spectrogram: A frequency-domain filter bank is used by the Mel Spectrogram
function to handle audio inputs that have been divided into time frames. The second
and third output arguments from the Mel Spectrogram function can be used to retrieve
the center frequencies of the filters and the time instants corresponding to the analysis

windows.
Mel Spectrogram
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4096 -20dB
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512 SN ‘w\.--\ v"u L,*\ .
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ul"\;.wm i e s

-80 dB

Time
Figure 4.2.5: Mel spectrogram of the dataset.

MFCC: A technique used in sound processing to represent a sound's short-term power
spectrum is the Mel-frequency cestrum (MFC). It entails mapping a logarithmic power
spectrum onto a nonlinear Mel scale of frequency by means of a linear cosine transform.
coefficients of mel-frequency cepstral (MFCCs). A collection of coefficients known as

Mel-frequency cepstral coefficients (MFCCs) make up an MFC representation.

-~

E
—

MFCC Coefficients

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
Time (s)

Figure 4.2.6: Mel Frequency Cepstral Coefficient (MFCC)
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Statistical Analysis

Our dataset contains 2060 data among them 850 are classified as English and 850 as
Bangla. & 360 in the test dataset, there are 180 data for validation.

Dataset Distribution (Bar Chart)

Number of Images
] 3
o o

g

~
[=]
o

100

&

Categories

Figure 4.2.7: Number of Data (Bar Chart)

Dataset Distribution (Pie Chart)

english

Figure 4.2.8: Dataset Distribution (Pie Chart)
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Model Trained & Validation

The model was trained on Mel spectrograms of audio data using deep learning
techniques and convolutional neural networks (CNNSs). Fine-tuned versions of VGG16,

EfficientNet, GoogleNet, and DenseNet were used, with EfficientNet achieving the

highest accuracy.

Table 4.2.2: Training Accuracy & loss CNN Models

Model Training Accuracy Training Loss
VGG16 100% 0.0012%
EffficientNet 100% 2.5%
DenseNet 100% 4.5%
GoogleNet 100% 2.2%
~ ‘ . — A
Vi O o S SRy Vi W
T A AT ' . ==
WA A A~ Ad N A e s
s P
ﬁ/ VA / | [—

Figure 4.2.9: Training and validation accuracy and loss
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For VGG16

Model Accuracy: The training accuracy remains at 1.00 (or 100%) throughout the
epochs, indicating that the model perfectly fits the training data. The validation
accuracy fluctuates around 0.90 (or 90%) and does not improve over epochs, suggesting
that the model is overfitting the training data and not generalizing well to the validation
data.

Model Loss: The training loss remains close to 0, reflecting the high training accuracy.
The validation loss fluctuates and appears relatively high compared to the training loss,
further indicating overfitting.

VGG16 it shows clear signs of overfitting, where the model performs exceptionally
well on training data but poorly on validation data.

For EiifcientNet

Model Accuracy: The training accuracy starts near 0.85, quickly reaches close to 1.00,
and then slightly fluctuates but generally stays high. The validation accuracy also starts
around 0.90, fluctuates significantly, and drops sharply around epoch 40, suggesting
issues such as overfitting or instability in training.

Model Loss: The training loss decreases rapidly initially and remains low but increases
sharply around epoch 40, which might indicate a sudden overfitting or convergence
issue. The validation loss decreases initially, then fluctuates, and finally spikes around
epoch 40, mirroring the sharp drop in validation accuracy.

EfficientNet appears to overfit after some epochs and might suffer from training
instability around epoch 40, indicated by the sharp increase in loss and decrease in
accuracy.

For DenseNet

Model Accuracy: The training accuracy reaches 1.0 very quickly and stays constant,
indicating that the model is perfectly fitting the training data. The validation accuracy
starts low but rapidly increases to around 0.95 and fluctuates slightly over the epochs,

indicating that the model generalizes relatively well but still shows some instability.

Model Loss: The training loss quickly drops to near 0 and remains there, reflecting the
high training accuracy. The validation loss starts high, drops sharply, and then
fluctuates at a low value, which corresponds to the fluctuations seen in the validation

accuracy.
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DenseNet Shows a good fit with high validation accuracy but slight instability,
indicated by fluctuations in validation accuracy and loss. This might be improved with

techniques like learning rate scheduling or more regularization.
For GoogleNet

Model Accuracy: The training accuracy remains at 1.0 throughout the epochs,
indicating perfect fit to the training data. The validation accuracy is constant and very

high, suggesting that the model generalizes exceptionally well without overfitting.

Model Loss: The training loss is consistently at O, reflecting the high training accuracy.
The validation loss is low and constant, which is consistent with the high and stable

validation accuracy.

EfficientNet Appears to have perfect performance on both training and validation sets,
suggesting either a highly suitable model for the given data or potential data leakage,

where validation data might be leaking into the training process.

4.3 System Testing/ Model Evaluation

We can rarely create a model that can perform with 100% accuracy. But accuracy over
90% is considered to be a good one. Especially in my field of study, 90% accuracy is
quite rare. In this study, | have used different strategies to get a good score using the
dataset. By experimenting with different hyper-parameters and fine-tuning the model
precisely for my dataset.
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Figure 4.3.1: Test Result
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Confusion Matrix

[A confusion matrix is a classification table used to evaluate a model's performance by
comparing actual and predicted classifications.] It shows the counts of true positives,

true negatives, false positives, and false negatives, helping identify areas of

misclassification and providing metrics like accuracy, precision, recall, and F1 score.

Confusion Matrix
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Figure 4.3.2: Confusion Matrix
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False Positive Rate

The false positive rate (FPR) is the proportion of negative instances that are incorrectly
classified as positive by the model. It is calculated as the number of false positives
divided by the total number of actual negatives, indicating the likelihood of a negative
instance being misclassified.
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Figure 4.3.3: False Positive Rate
4.4 Summary

This project converts FLAC audio files to WAV format using pydub and ffmpeg for
better support and smaller data size. Feature extraction converts audio into Mel
spectrograms, saved as PNG images, for convolutional neural network processing. Data
preprocessing focuses on creating a high-quality dataset with clear audio. A supervised
learning approach is used for model training, comparing various CNN architectures. An
audio speech recognition model is developed using deep learning techniques, fine-
tuning EfficientNet for classification tasks. The model is compared with fine-tuned
versions of GoogleNet and ResNet50, with EfficientNet achieving the highest accuracy.

Data is stored in Google Drive and accessed via Colab for model training.
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CHAPTER 5
RESULT AND ANALYSIS

5.1 Overview

This project focuses on the conversion of audio files from FLAC to WAV format using
Python libraries Pydub and FFmpeg to improve compatibility and reduce file size. The
converted audio files are stored on Google Drive and Google Colab for model training.
A supervised learning approach trains the model, with labeled audio samples as training
data. Mel spectrograms are used as input features for deep learning models, providing
a robust representation of audio signals for convolutional neural networks (CNNSs).
Various CNN architectures are explored, with EfficientNet achieving the highest
accuracy of 96%.The speech recognition model is developed using deep learning
techniques, with a focus on CNNs. The training process involves feeding the Mel
spectrograms of the audio data into the CNNSs, leading to fine-tuning the models. The
thesis also comprehensively analyzes Speaker Language Identification (SLID) systems,
emphasizing their critical role in facilitating multilingual communication. The thesis
suggests that the widespread use and enhanced accuracy of SLID systems can be
achieved through the adoption of new technologies, particularly advancements in deep
learning and CNN architectures. This project demonstrates a robust approach to audio
speech recognition using deep learning techniques, highlighting the effectiveness of
CNN architectures, particularly EfficientNet, in achieving high accuracy in speech

recognition tasks.
5.2 Experimental/ Simulation Result

The project converts FLAC audio files to WAV format using pydub and ffmpeg, using
a supervised learning approach for model training. An audio speech recognition model
is developed using deep learning techniques. Data is stored in Google Drive and
accessed via Colab. Fine-tuned versions

EfficientNet, GoogleNet, DenseNet and VGG16 are used. The thesis analyzes SLID

systems, emphasizing their importance in multilingual communication, and suggests
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new technologies for improved accuracy. of EfficientNet, GoogleNet, DenseNet, and
VGG16 are used.

VGG16

To get better accuracy with this model, | have upgraded the hyperparameter. | have
fine-tuned the model for my dataset. VGG16 is a specific type of convolutional neural
network (CNN) architecture that has been specifically created for the purpose of picture
categorization. The model is affiliated with the Visual Geometry Group (VGG) at the
University of Oxford and was first presented in the research article titled "Very Deep

Convolutional Networks for Large-Scale Image Recognition™.

Model Accuracy: Model accuracy is the proportion of correctly predicted instances
among the total instances evaluated. It reflects the model's overall effectiveness in

making accurate predictions.

Table 5.2.1: Accuracy after VGG16

VGG16 English Bangla Overall
Precision 0.944 0.855 0.899
Recall 0.839 0.950 0.894
F1-score 0.888 0.900 0.894
Support 180 180 360
Accuracy - - 0.894
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] - 195 2s/step - loss: 0.2612 - accuracy: 0.8944

] - 855 2s/step - loss: 0.0013 - accuracy: 1.0000
Test Accuracy: 9.894444465637287

Test Loss: 0.26117414236068726

Train Accuracy: 1.8

Train Loss: 0.0012618940098760589

Accuracy: 89.444 %
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Figure 5.2.1: Accuracy after VGG16

The table shows the model's accuracy and loss for both the training and test datasets,
with the test accuracy at 89.44% and the test loss at 0.2612. The bottom part displays a
detailed classification report with precision, recall, and F1-score for English and Bangla
classes. The overall accuracy is 89.4%, with the English class having higher precision
(0.944) and the Bangla class having higher recall (0.950).

Confusion Matrix: A confusion matrix for a VGG16 model typically includes four

key metrics when dealing with a binary classification task:

TN FN

FP TP
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Confusion Matrix
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Figure 5.2.2: Confusion Matrix after VGG16

Figure 5.2.2: The confusion matrix visualizes the performance of a classification model,
specifically showing the counts of true positive, false positive, true negative, and false

negative predictions for the English and Bangla classes.

The matrix indicates that out of 180 English samples, 151 were correctly classified as
English and 29 were misclassified as Bangla. For the Bangla samples, out of 180, 171
were correctly classified as Bangla and 9 were misclassified as English. This aligns

with the earlier metrics showing high precision and recall for both classes.
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False Positive Rate: The False Positive Rate (FPR) for a VGG16 model is calculated

as:

False Positives (FP)
FPR = SR
False Positives (FP)+True Negatives (TN)

It measures the proportion of actual negatives incorrectly identified as positives by the
model.
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Figure 5.2.3: False Positive Rate after VGG16

Figure 5.2.3 The ROC curve illustrates the VGG16 model's classification performance,
with a high area under the curve (AUC) close to 1.0, indicating excellent discrimination
between classes. The curve's proximity to the top-left corner shows that the model has
a high true positive rate and a low false positive rate across various thresholds. The
model's performance significantly surpasses that of a random classifier, represented by
the diagonal line. Overall, the results confirm the model's strong ability to correctly
classify English and Bangla samples.
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EfficientNet:

A series of convolutional neural networks (CNNSs) called EfficientNet is intended to
provide cutting-edge accuracy using fewer parameters and less processing power. It
scales network depth, width, and resolution uniformly using the compound scaling
technique. EfficientNet models are commonly used for image classification, object
detection, and transfer learning tasks.

Model Accuracy: Model accuracy is the proportion of correctly predicted instances
among the total instances evaluated. It reflects the model's overall effectiveness in

making accurate predictions.

Table 5.2.2: Accuracy after EfficientNet

EfficientNet English Bangla Overall
Precision 1.000 0.928 0.964
Recall 0.922 1.000 0.961
Fl1-score 0.960 0.963 0.961
Support 180 180 360
Accuracy - - 0.961
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Figure 5.2.4: Accuracy after EfficientNet

Figure 5.2.4 This image displays performance metrics for a machine learning model
classifying English and Bangla text. It shows high accuracy and F1-scores for both
languages, with precision and recall above 0.92. The graph illustrates the model's
accuracy over training epochs, with training accuracy quickly reaching near 100%

while validation accuracy improves overall despite some fluctuations.

Training and Validation Accuracy: Model loss is a measure of how well the model's
predictions match the true values. It quantifies the difference between the predicted

outputs and the actual targets, guiding the optimization process to improve model

performance.
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Figure 5.2.5: Model Loss after EfficientNet

Figure 5.2.5: This graph shows the training and validation loss for a machine learning
model over 50 epochs. The blue line represents the training loss, which remains
consistently low throughout the training process. The pink line shows the validation
loss, which fluctuates more and has a notable spike around epoch 40. After this spike,
the validation loss decreases and stabilizes, but remains slightly higher than the training
loss. This pattern suggests the model may be overfitting to the training data, as indicated

by the gap between training and validation loss in the later epochs.

Confusion Matrix: A confusion matrix for an EfficientNet model, used for binary

classification, typically looks like this:

TN FN

FP TP

where TN is True Negatives, FP is False Positives, FN is False Negatives, and TP is

True Positives.
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Confusion Matrix
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Figure 5.2.6: Confusion Matrix after EfficientNet

Figure 5.2.6: This image shows a confusion matrix for a binary classification problem,
likely after using an EfficientNet model. The matrix has two classes: "English" and
"Bengali”. The model correctly classified 166 English samples and 180 Bengali
samples. However, it misclassified 14 English samples as Bengali, while perfectly
classifying all Bengali samples (0 misclassifications as English). This suggests the
model performs well overall but has a slight tendency to misclassify some English

samples as Bengali.
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False Positive Rate: The False Positive Rate (FPR) for a VGG16 model is calculated
as:

False Positives (FP)
FFRE —-n-nii+—————— e 2
False Positives (FP)+True Negatives (TN)

It measures the proportion of actual negatives incorrectly identified as positives by the

model.
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Figure 5.2.7: False Positive Rate after EfficientNet

Figure 5.2.7 shows two Receiver Operating Characteristic (ROC) curves, which are used to
evaluate the performance of a classification model. The blue dashed line represents the ROC
curve for class 0, while the orange line represents the ROC curve for class 1. Both curves have
an area under the curve (AUC) of 1.00, indicating perfect classification performance for both
classes. The graph suggests that the EfficientNet model being evaluated has achieved optimal
performance in distinguishing between the two classes, with no trade-off between true

positive rate and false positive rate.
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Recall curve: The Recall curve for an EfficientNet model plots Recall (True Positive
Rate) against different threshold values. It helps evaluate the model's ability to identify

all relevant instances for varying decision thresholds.

Precision-Recall Curves
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Figure 5.2.8: True Positive / Recall Curve after EfficientNet

Figure 5.2.8 shows precision-recall curves for two classes (class 0 and class 1) after
using EfficientNet, a type of neural network architecture. Both curves are nearly
perfect, maintaining a precision of 1.0 across almost the entire range of recall values.
This indicates exceptional performance of the model, as it's able to identify instances
of both classes with high accuracy and completeness. The area under the curve (AP)
for both classes is 1.00, which is the best possible score, suggesting the model has
achieved optimal performance in classifying these two categories. The curves only
show a slight dip in precision at very high recall values, which is common even for top-

performing models.

©Daffodil International University, Bangladesh 39



DenseNet:

A sort of convolutional neural network (CNN) architecture known as DenseNet
(Densely Connected Convolutional Networks) has a feed-forward connection between
each layer and every other layer. It promotes feature reuse and strengthens feature
propagation through dense connections between layers. DenseNet models are effective
for image classification tasks, leveraging dense connectivity to improve gradient flow
and parameter efficiency.

Model Accuracy: Model accuracy is the proportion of correctly predicted instances
among the total instances evaluated. It reflects the model's overall effectiveness in

making accurate predictions.

Table 5.2.3: Accuracy after DenseNet

DenseNet English Bangla Overall
Precision 1.000 0.938 0.969
Recall 0.933 1.000 0.967
F1-score 0.966 0.968 0.967
Support 180 180 360
Accuracy - - 0.9667

tep - loss: @.1871 - accuracy:

s
step - loss: 4.4949e-88 - accur

Test Accuracy: ©.9666666388511658
Test Loss: 8.18789133565425873
Train Accuracy: 1.8
Train Los
12/12 [—

precision

english .68e
bangla 8.938

accuracy
macro avg
weighted avg

Figure 5.2.9: Accuracy after DenseNet
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Training and Validation Accuracy: Model loss is a measure of how well the model's
predictions match the true values. It quantifies the difference between the predicted

outputs and the actual targets, guiding the optimization process to improve model

performance.
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Figure 5.2.10: Model Loss after DenseNet

Figure 5.2.10: shows the training and validation loss for a DenseNet model over 50
epochs. The validation loss (pink line) starts very high, around 10, but quickly drops
and stabilizes after about 10 epochs. The training loss (blue line) starts and remains low
throughout the training process. Both losses converge and remain stable for most of the
training, with a small spike in validation loss around epoch 40. Overall, the model
seems to learn effectively, with the validation loss closely tracking the training loss

after the initial epochs, suggesting good generalization without significant overfitting.
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Confusion Matrix: A confusion matrix for an EfficientNet model, used for binary

classification, typically looks like this:

TN FN

FP| TP

where TN is True Negative, FP is False Positive, FN is False Negative, and TP is True
Positive.

Confusion Matrix
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Figure 5.2.11: Confusion Matrix after DenseNet

Figure 5.2.11: shows a confusion matrix after applying a DenseNet model. The matrix
has two classes, "English” and "Bangla”, with 168 correct predictions for English and
180 correct predictions for Bangla. There are 12 instances where English was
misclassified as Bangla, but no cases where Bangla was misclassified as English,
indicating high accuracy for Bangla detection and good overall performance of the
model.
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GoogleNet:

GoogleNet, also known as Inception v1, is a deep convolutional neural network
designed by Google researchers for image classification tasks. It introduced the
Inception module, which allows for more efficient computation by using multiple
convolutional filters of different sizes in parallel. This architecture achieved state-of-
the-art performance on the ImageNet Large-Scale Visual Recognition Challenge
(ILSVRC) in 2014, significantly improving accuracy and efficiency compared to

previous models.

Model Accuracy: Model accuracy is the proportion of correctly predicted instances
among the total instances evaluated. It reflects the model's overall effectiveness in
making accurate predictions. It shows the results of a machine learning model's training
and evaluation. The top section displays training progress, including loss and accuracy
metrics for both training and test sets. The middle portion appears to be a visualization
of the model's predictions or outputs over time. At the bottom, there's a classification
report showing precision, recall, F1-score, and support for two classes: "English” and

"Bangla”. The model seems to perform well, with high accuracy and F1 scores for both

classes.
Table 5.2.4: Accuracy after GoogleNet
GoogleNet English Bangla Overall
Precision 1.000 0.947 0.974
Recall 0.944 1.000 0.972
F1-score 0.971 0.973 0.972
Support 180 180 360
Accuracy - - 0.972
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Figure 5.2.12: Accuracy after GoogleNet

Training and Validation Accuracy: Model loss is a measure of how well the model's
predictions match the true values. It quantifies the difference between the predicted
outputs and the actual targets, guiding the optimization process to improve model

performance.

Model Accuracy
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Figure 5.2.13: Model Loss after GoogleNet

Figure 5.2.13: shows the training and validation loss over epochs for a model, likely
after applying GoogleNet. The training loss (blue line) remains consistently very low
and close to zero across all epochs, indicating the model fits the training data extremely
well. In contrast, the validation loss (pink line) is significantly higher and relatively
stable around 0.3, with a slight upward trend towards the end. This large gap between
training and validation loss suggests the model is overfitting to the training data and not

generalizing well to new, unseen data.

Confusion Matrix: A confusion matrix for an EfficientNet model, used for binary

classification, typically looks like this:

TN FN

FP TP

where TN is True Negatives, FP is False Positives, FN is False Negatives, and TP is

True Positives.
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Confusion Matrix
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Figure 5.2.14: Confusion Matrix after GoogleNet

Figure 5.2.14: shows a confusion matrix, which is used to evaluate the performance of
a classification model. The matrix has two classes: "English” and "Bangla”. For the
"English” class, 170 instances were correctly classified (true positives) and 10 were
misclassified as "Bangla" (false negatives). For the "Bangla" class, 180 instances were
correctly classified (true positives) and 0 were misclassified as "English" (false
negatives). This suggests that the model, likely GoogleNet as mentioned in the caption,
performs very well in classifying both English and Bangla text, with perfect recall for

Bangla and only a small number of misclassifications for English.
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False Positive Rate: The False Positive Rate (FPR) for a VGG16 model is calculated

as:

False Positives (FP)
FPR= —(3)
False Positives (FP)+True Negatives (TN)

It measures the proportion of actual negatives that are incorrectly identified as positives

by the model.
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Figure 5.2.15: False Positive Rate after GoogleNet

Figure 5.2.15: shows two Receiver Operating Characteristic (ROC) curves, which are
used to evaluate the performance of classification models. The blue curve represents a
near-perfect classifier with an area under the curve (AUC) of 1.00, while the orange
curve shows a slightly less perfect classifier with an AUC of 0.99. Both curves
demonstrate excellent performance, as they quickly reach a high true positive rate with
very low false positive rates. The graph suggests that the classifiers, likely implemented
after using GoogleNet, are highly effective at distinguishing between classes with

minimal errors.
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Recall curve: The Recall curve for an EfficientNet model plots Recall (True Positive
Rate) against different threshold values. It helps evaluate the model's ability to identify

all relevant instances for varying decision thresholds.

Precision-Recall Curves
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Figure 5.2.16: True Positive / Recall Curve after GoogleNet

Figure 5.2.16: shows precision-recall curves for two classes after applying GoogleNet.
The curves are nearly identical and very close to ideal performance, with both
maintaining high precision (close to 1.0) across almost the entire range of recall values.
Class 0 achieves a perfect average precision (AP) of 1.00, while Class 1 is nearly perfect
with an AP of 0.99. The curves only drop sharply in precision at very high recall values,
indicating excellent classifier performance. This suggests that GoogleNet is able to
distinguish between the two classes with high accuracy and confidence across most
detection thresholds.

5.3 Performance/ Comparative Analysis

This section offers a comparative analysis of five CNN architectures: EfficientNet,
VGG16, DenseNet, and GoogleNet, focusing on their performance in pneumonia
detection. It starts with an in-depth look at each model's classification strengths and
weaknesses, followed by a comprehensive review of overall metrics. Key performance
indicators such as accuracy, precision, recall, and F1 score are evaluated to provide a

holistic view of the models' effectiveness.
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Table 5.3.1: Precision, Recall, F1-Score, and Support (n) result of Transfer Learning
CNN networks

Model Language Precision Recall F1-score Support
VGG16 English 0.944 0.839 0.888 180
Bangla 0.855 0.950 0.900 180
EfficientNet English 1.000 0.922 0.960 180
Bangla 0.928 1.000 0.963 180
DenseNet English 1.000 0.933 0.966 180
Bangla 0.938 1.000 0.968 180
GoogleNet English 1.000 0.944 0.971 180
Bangla 0.947 1.000 0.973 180

Figure 5.3.1: The image shows classifier performance metrics for English and Bangla
datasets across four experiments. Initially, the classifier's performance is moderate,
with lower scores in the first experiment. In subsequent experiments, performance
improves significantly, with Bangla achieving perfect precision, recall, and F1-scores,
and English showing near-perfect metrics. Overall accuracy rises from 0.899 to 0.974,

indicating enhanced classifier performance.
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Training and Validation Accuracy and Loss:

rModel Accuracy

S o —  Trmiry
-““' - VX’-“.\"’ \-“ﬂ‘-’-’\/‘v-\..\. - \"t" rMation

20 =0 aD =0

Epoch
Model Loss

/R - f-+ Trasn

Volsaation

O O 3
o.30 0 8
= N [ e ———
o225 \J/ = - F — .\...od/ 4 ™
- - S — N e .\ -

o 10 20 30 a0 so
Epoch

Model Accuracy

oo [/-\"\/‘M" R

Aopy "
ACCUACY

—-— Train
—-— Validation

o 10 20 30 a0 50

—-— Train
1.%0 —-—— Validation

05

o 10 20 30 a0 50

Figure 5.3.1: Training and validation accuracy and loss over the epochs VGG16 &

EfficientNet Transfer Learning

The VGG16 model exhibits high training accuracy, with a 100% fit to the training data.
However, the validation accuracy fluctuates around 0.90, indicating overfitting and
poor generalization. The model's training loss remains close to 0, indicating high
accuracy. The validation loss appears high compared to the training loss, indicating
overfitting.

EfficientNet's training accuracy starts near 0.85, reaches close to 1.00, and then slightly
fluctuates. The validation accuracy also starts around 0.90, fluctuates significantly, and
drops sharply around epoch 40. The model's training loss decreases initially but

increases sharply around epoch 40, suggesting overfitting or convergence issues.
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DenseNet Model Accuracy
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Figure 5.3.2: Training and validation accuracy and loss over the epochs DenseNet &

GoogleNet Transfer Learning

DenseNet's training accuracy reaches 1.0 quickly and stays constant, indicating a good
fit with high validation accuracy but slight instability. The model's training loss drops
to near 0 and remains there, reflecting high accuracy.

GoogleNet's model accuracy remains at 1.0 throughout the epochs, indicating perfect
fit to the training data. The model's training loss is consistently at 0, reflecting high
accuracy. The model's performance on both training and validation sets suggests either

a highly suitable model for the given data or potential data leakage.
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Confusion Matrix after Transfer Learning (TL) Based on the number of images:
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Figure 5.3.3: CM after Transfer Learning VGG16, EfficientNet,DenseNet &
GoogleNet

With a large number of true positives and true negatives, the model appears to be
operating well overall. A small number of false positives and false negatives still occur,
nevertheless, remember that this is only a small sample of data and that the model's
performance can change based on the dataset used for training. Furthermore, the
confusion matrix provides us with only a portion of the story. More details regarding

the model's performance may be obtained by examining other metrics including F1
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score, recall, and precision. All things considered, the confusion matrix is a useful tool

for seeing how well a classification model is performing.
Comparison between Models:

Table 5.3.2: Comparison Between Models

Model Bangla Accuracy English Accuracy Time per Step
VGG16 0.839 0.950 19s 25ms
EfficientNet 0.922 1.000 6s 473ms
DenseNet 0.933 1.000 4s 339ms
GoogleNet 0.944 1.000 2s 154ms

12/12 [ ] - 195 2s/step

VGG16 - Bangla Accuracy: 8.839, English Accuracy: 6.958

12/12 ] - 65 473ms/step
EfficientNet - Bangla Accuracy: @.922, English Accuracy: 1.008
12/12 [ ] - 45 339ms/step

DenseNet - Bangla Accuracy: 8.933, English Accuracy: 1.008
12/12 [ ] - 25 154ms/step
GoogleNet - Bangla Accuracy: 8.944, English Accuracy: 1.068

Figure 5.3.4: Comparison Transfer Learning Models

From Figure 5.3.4, The comparison of four image classification models—VGG16,
EfficientNet, DenseNet, and GoogleNet—reveals distinct differences in accuracy and
efficiency. For Bangla text, GoogleNet is the most accurate, achieving an accuracy of
94.4%, followed closely by DenseNet at 93.3%, EfficientNet at 92.2%, and VGG16 at
83.9%. In terms of accuracy for English text, EfficientNet, DenseNet, and GoogleNet
all achieve a perfect 100%, whereas VGG16 reaches 95%.

When considering efficiency, DenseNet is the fastest, with a prediction time of 154

milliseconds per step, followed by EfficientNet at 339 milliseconds per step, GoogleNet
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at 473 milliseconds per step, and VGG16, which is significantly slower, taking 2

seconds per step.

Overall, GoogleNet and DenseNet stand out for their performance in accuracy and
efficiency, respectively, with EfficientNet also being highly accurate but slightly less

efficient. VGG16, despite being slower and less accurate for Bangla text, performs

reasonably well for English text.

TABLE 5.3.3: Accuracy for Classification of Individual CNN Networks

Architecture Model Accuracy
VGG16 89%
EfficientNet 96%
DenseNet 96%
GoogleNet 97%

Overall Performance Accuracy Comparison:

Overall Accuracy Comparison
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Figure 5.3.5: Overall Performance Accuracy Comparison Transfer Learning Models

©Daffodil International University, Bangladesh 54



Figure 5.3.5, The graph compares the overall accuracy of four image classification
models—VGG16, EfficientNet, DenseNet, and GoogleNet—across training and
validation epochs. VGG16 shows a consistent but lower overall accuracy compared to
the other models. Its training accuracy steadily improves and plateaus around 0.9, while
its validation accuracy remains relatively stable just below 0.9, indicating some
overfitting or difficulty in generalizing.EfficientNet demonstrates high performance
with its training accuracy reaching near-perfect levels (around 0.98 to 1.0). Its
validation accuracy also remains high, fluctuating between 0.9 and 1.0, suggesting good
generalization with minor variations throughout the epochs. DenseNet achieves very
high training accuracy, consistently hitting around 1.0. Its validation accuracy also
remains high but shows some fluctuations between 0.9 and 1.0, indicating strong
generalization capability with some instability in performance across different
validation epochs.GoogleNet maintains near-perfect training accuracy (around 1.0) and
its validation accuracy follows closely, ranging between 0.95 and 1.0. This indicates
excellent performance with minor variability in validation accuracy. In summary,
EfficientNet and GoogleNet exhibit the highest and most consistent accuracy for both
training and validation, with GoogleNet having slightly better stability in validation
performance. DenseNet also performs exceptionally well, though with some
fluctuations in validation accuracy. VGG16, while improving steadily in training, lags
behind in both training and validation accuracy compared to the other models.

Class-Specific Accuracy Comparison:

Class-Specific Accuracy Comparison
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Figure 5.3.6: Class-Specific Accuracy Comparison Transfer Learning Models
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Figure 5.3.6, The graph compares the class-specific accuracy of four image
classification models—VGG16, EfficientNet, DenseNet, and GoogleNet—across
Bangla and English text classes.For Bangla text, GoogleNet achieves the highest
accuracy, followed closely by DenseNet and EfficientNet, all of which perform well.
VGG16, however, has the lowest accuracy among the four models for Bangla text,
indicating it struggles more with this class.For English text, all four models (VGG16,
EfficientNet, DenseNet, and GoogleNet) achieve near-perfect accuracy, demonstrating
their strong performance and ability to generalize well on this class.

In summary, while VGG16 lags behind the others in accuracy for Bangla text, all
models perform exceptionally well for English text, with GoogleNet slightly leading

for Bangla text classification

5.4 Summary

The summary evaluates four image classification models—VGG16, EfficientNet,
DenseNet, and GoogleNet—across Bangla and English text classification tasks. In
terms of overall accuracy, GoogleNet emerges as the most accurate for Bangla text
(94.4%), followed closely by DenseNet (93.3%) and EfficientNet (92.2%), with
VGG16 lagging behind at 83.9%. For English text, EfficientNet, DenseNet, and
GoogleNet achieve perfect accuracy (100%), while VGG16 achieves 95%. Efficiency-
wise, DenseNet proves the fastest (154 milliseconds per step), followed by EfficientNet
(339 ms), GoogleNet (473 ms), and VGG16 (2 seconds per step). Across epochs,
VGG16 shows consistent but lower accuracy, while EfficientNet and GoogleNet
maintain high and stable performance. GoogleNet performs notably well for Bangla
text classification, with all models demonstrating strong performance for English text.
Overall, GoogleNet and EfficientNet excel in accuracy, DenseNet is noted for
efficiency, and VGG16, while less accurate for Bangla text, performs adequately for

English text tasks.
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CHAPTER 6
IMPACT ON SOCIETY, ENVIRONMENT AND

SUSTAINABILITY
6.1 Impact on Life

Spoken language identification (LID) models have significant impacts on daily life.
They facilitate smoother communication by enabling real-time translation services,
breaking down language barriers in multicultural environments. This can be
particularly beneficial in emergency services, healthcare, and customer support, where
accurate and quick understanding of multiple languages can save lives and improve
service quality. Additionally, LID models can enhance personal virtual assistants,

making them more versatile and user-friendly.
Spoken language identification (LID) models positively impact daily life by:

« Facilitating Communication: Enabling real-time translation services, aiding

in cross-cultural communication.

« Enhancing Accessibility: Helping non-native speakers access information and

services in their language.

o Improving Virtual Assistants: Making personal assistants more versatile and

user-friendly by recognizing multiple languages.
6.2 Impact on Society & Environment

Society: LID models can promote inclusivity and accessibility, ensuring non-native
speakers or those with limited language proficiency can access critical information and
services. This fosters a more connected and understanding global community.
Furthermore, they can support education by providing language learning tools and

resources.

e Inclusivity: Promoting inclusivity by ensuring people from different linguistic

backgrounds can access essential services.

« Education: Supporting language learning and educational tools.
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o Global Connectivity: Fostering a more connected and understanding global

community.

Environment: The environmental impact of LID models primarily relates to the energy
consumption of training and deploying machine learning models. Large-scale training
of deep learning models requires substantial computational resources, which can
contribute to carbon emissions. Efficient model design and leveraging renewable

energy sources for data centers can mitigate this impact.

e Energy Consumption: Training and deploying LID models require significant
computational resources, contributing to carbon emissions.
e Mitigation: Efficient model design and use of renewable energy for data centers

can help reduce the environmental footprint.
6.3 Ethical Aspects

Spoken Language Identification (SLID) models, used to discern the language from
audio recordings, bring forth significant ethical considerations. These encompass
privacy, data security, fairness, transparency, beneficence, oversight, legal compliance,
community engagement, accuracy, and cultural sensitivity. Each area is pivotal in

shaping the responsible development and deployment of SLID technologies.

Privacy and consent are fundamental. Explicit informed consent must be obtained from
individuals whose voices are recorded and analyzed. This necessitates informing
participants comprehensively about data usage, storage, and sharing practices. Strong
data protection measures are imperative to safeguard voice recordings and associated
data against unauthorized access or breaches. Anonymization of voice data is crucial to
prevent individuals from being identified. Ensuring bias-free models is paramount.
SLID systems must be trained on diverse datasets to avoid biases against specific
languages or dialects, promoting inclusivity and non-discrimination. Transparency in
algorithmic operations is essential, disclosing training data sources and algorithms
used. Developers and users alike bear responsibility for the outcomes of SLID model
applications, ensuring they contribute positively without causing harm. Beneficence

underscores the need for SLID models to enhance communication services and
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accessibility while avoiding potential misuse such as surveillance. Ethical oversight
through review by ethics committees and ongoing monitoring is essential to uphold
ethical standards and mitigate emerging concerns. Adherence to legal and regulatory
frameworks, especially regarding data protection and privacy, is mandatory. Ethical
guidelines and industry best practices guide SLID model development and deployment.
Community engagement fosters stakeholder involvement, including linguistic
communities, to address concerns and solicit feedback effectively. Ensuring accuracy
and reliability involves rigorous model validation and testing to minimize errors and
misidentifications. Strategies for error handling are crucial to mitigate harm and correct
inaccuracies promptly. Cultural sensitivity demands respect for linguistic and cultural
diversity, ensuring SLID models do not perpetuate stereotypes or biases.
Acknowledging the significance of languages to their respective communities promotes

ethical deployment and acceptance.

Addressing these ethical considerations ensures SLID models are developed and
utilized in ways that uphold individual rights, fairness, and societal benefit. By
prioritizing privacy, data security, fairness, transparency, beneficence, oversight, legal
compliance, community engagement, accuracy, and cultural sensitivity, SLID
technologies can responsibly contribute to a more inclusive and respectful

technological landscape.
6.4 Sustainability Plan

The sustainability plan for Spoken Language Identification (SLID) models focuses on
their long-term utility, ethical use, and minimal environmental impact. Key components
include long-term data management, resource allocation, human resources, model
maintenance and updates, ethical considerations, environmental impact, transparency,
accountability, training and capacity building, performance monitoring, scalability,
legal and regulatory compliance, community and stakeholder engagement, cultural
sensitivity, research and development, and collaboration.

Data preservation and integrity are crucial for the long-term storage and usability of
voice data. Resource allocation includes funding, human resources, and regular updates
to incorporate new data, address biases, and improve accuracy and performance. Ethical

considerations include continuous ethical review, community engagement, energy
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efficiency, and sustainable practices in data centers. Transparency and accountability
are essential, with open access to the models and their underlying data, thorough
documentation, and training programs. Performance monitoring involves metrics and
evaluation, regular assessments, and ensuring models meet their intended goals.
Scalability and adaptability are essential, as are legal and. regulatory compliance, and

policy updates.

Community and stakeholder engagement is crucial, with inclusivity and feedback
mechanisms in place. Cultural sensitivity involves respecting diversity and avoiding
stereotypes related to specific languages or accents. Research and development are
encouraged to improve accuracy, efficiency, and applicability, and collaborations with
academic institutions and industry partners are fostered. By incorporating these
components into a sustainability plan, SLID models can be maintained and used
responsibly over the long term, providing valuable insights while respecting ethical and

environmental considerations
6.5 Summary

Spoken language identification models offer significant benefits by enhancing
communication, inclusivity, and accessibility across various sectors. While they
provide substantial advantages, addressing ethical and environmental concerns is
crucial. A sustainable approach, involving efficient algorithms, renewable energy, and
ethical standards, ensures long-term positive impacts on life, society, and the

environment.
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CHAPTER 7
CONCLUSION AND FUTURE WORK

7.1 Conclusions

This study aimed to recognize languages from audio data using advanced deep-learning
algorithms and models, particularly the VGG16 model. By focusing on language
identification (LID), spoken language identification (SLID), and automatic speech
recognition (ASR), the research explored cutting-edge methods such as the mel filter

bank to analyze audio speech characteristics and classify the language spoken.

The ability to identify languages from audio data is crucial for several reasons. It
advances multilingual speech processing, aiding in better communication technologies
and accessibility tools. It also plays a vital role in preserving cultural heritage by
recognizing and supporting diverse languages. Moreover, developing ethical and
inclusive technologies ensures that language identification systems respect privacy,
reduce bias, and promote transparency, thereby fostering trust and fairness in their

deployment.

The research was meticulously planned and documented, addressing various challenges
and proposing solutions. The use of the VGG16 model enabled high accuracy in
language identification. Ethical considerations were integral to the study, with a focus
on privacy, reducing prejudice, and maintaining transparency. By incorporating these
ethical aspects, the study not only aimed to achieve technical proficiency but also to
contribute to the broader goal of creating responsible and inclusive language

technologies.

In conclusion, this study underscores the significance of language and its identification,
offering substantial contributions to the field of multilingual speech processing. The
research demonstrates that with well-designed methodologies and a strong ethical
framework, it is possible to create advanced, accurate, and inclusive language
identification systems. This work paves the way for further advancements in speech

technology, ensuring they are both technically effective and ethically sound.
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7.2 Further Suggested Works

My work has certain advantages and disadvantages. | have only used one feature of the
audio-related data. There are many different feature extraction techniques. As CNN
works best with Mel spectrograms-related data, | used only mel spectrograms. | have
used two languages only further | want to add more languages in the dataset and
upgrade the model as required. I would like to use the MFCC features, DFCC, LPC,
and Rasta-PLP features in my further study. Also new models are coming along the
way and if deep learning based feature extraction model gets significant upgradation
then using those feature new models can be created to get better accuracy. | would like
to work with more native languages from multilingual environments. Creating hybrid
parameters using multiple audio features can also be a good option for getting better
accuracy. This aspect should also be tested, and further study should be made.

7.3 Limitations/ Conflict of Interests

| have faced several problems throughout this project. The main obstacle was the
selection of the dataset and the audio format it was in. My primary objective was to get
a well-balanced dataset to achieve superior accuracy and keep every stage of the data
preprocessing to classification as much as a human-understandable format and
low computation required. | needed a powerful machine to run the model for this
classification task, including data collection and finding the right machine-learning
algorithm for prediction. Local computer computing issues were addressed, and the
team is currently working on a cloud computing platform. They lack resources for
targeted algorithms like SIFT and are searching online for solutions. Model
optimization involves finding the most accurate and challenging model using machine
learning algorithms and applying comparative analysis. Interpreting the results and
understanding the factors influencing predictions was another challenge, which was
addressed using visualization techniques and methods to analyze the model's decision-

making process and identify areas for improvement.
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Appendix

Complex Engineering Problems (EP) and Complex Engineering Activities (EA)
Analysis

Title: Spoken Language Identification Using Convolutional Neural Network

Students ID: 201-15-14341; 201-15-14346

({0 CO Descriptions PO

CO1 |integrate recently gained and previously acquired knowledge to identify a real-{ PO1
life complex engineering problem for the Final Year Design Thesis

CO2 |Analyze different aspects of the goals in designing a solution for the Final Year|] PO?2
Design Thesis

CO3  [Explore diverse problem domains through a literature review, delineate the issues,| PO4
and establish the goals for the Final Year Design Thesis

CO4  |Perform economic evaluation and cost estimation and employ suitable Thesis| PO1
management procedures throughout the development life cycle of the Final Year,
Design Thesis

©Daffodil International University, Bangladesh 66



Addressing COs, Knowledge Profile(K), and Attainment of Complex
Engineering Problems (EP):

Justification

SN EP Definition |Attainment CcoO (with Knowledge Profile) References

Our  thesis  requires  data
collection. We collected data
from Kaggle then trained them
pccording to the machine learning|  Page no:
model and also we need research 19-27

knowledge for it which covers K4

and K8
1. EP1: Depth of CO1, CO2,
Knowledge
Yes and CO3  [our thesis needs to write codes
required for the model training process and

we need to have mathematics
knowledge to understand the|] Page no:
plgorithm that covers K6, K3, and 14-15
K2

Our thesis will make it easier for
locals and visitors alike to] Page no:
Fecognize linguistic differences 65-67
and we want to design a good
system for that. So that includes
K7 and K5
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EP2: Range of
Conflicting
Requirements

Yes

CO2

We must manage a huge dataset.
The Kaggle dataset contained
ppproximately seventy thousand
data points, which we must
manipulate to achieve the highest
pccuracy.

Page no:
19-24

EP3: Depth of
analysis required

Yes

COo2

It is difficult to come up with a
clear solution for our project
pecause of the size of the
collection and the amount and
diversity of the transformed data.
We thoroughly considered all
pvailable options before settling
pbn a particular method after
conducting a thorough
nvestigation.

Page no:
21-23

EPA4:
Familiarity of Issues

Yes

COo3

We need to investigate a number
pf areas that we were not too
familiar with in order to learn more
pbout our project. In particular, we
heed to learn about frequency,
\Wwave, image processing, and
converting a raw signal into a
picture.

Page no: 11

EP5: Extends of
application codes

Yes

COo3

There are various algorithms to
frain our dataset. These algorithms
can be tuned and we can also add
more  techniques  in  data
preprocessing to ensure maximum
result

Page no:
12-14
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EP6: Extends of
stakeholders

We have met and visited with a
physicist and researcher as part of

involved and pur project to acquire knowledge. | Page no:
flicti 16-17
COMTICHNG o Co3
requirements
There are multiple interdependent
components in our thesis. These
. nclude tasks like collecting data, .
EPT: pnalyzing it, creating front-end PagieBno.
Interdependence Yes CO3 ppplications, undertaking _
predictive analysis, and training
machine learning models.
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