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Abstract

Speech enhancement (SE) aims to elevate the perceptual quality and intelligibil-
ity of speech signals by mitigating ambient noise and distortions. Recent speech
enhancement methods struggle with preserving fine temporal details in noisy en-
vironments, where low-resolution speech increases noise sensitivity. The difficulty
of conveying these details, crucial for understanding speech, is compounded by
the computational complexity of mapping-based approaches, which require learn-
ing the full range of clean spectrogram values. However, this work proposes a
masking-based strategy to address these challenges in monaural speech.Two dis-
tinct approaches are explored by employing the Ideal Ratio Mask (IRM) into
deep learning frameworks: a U-Net inspired architecture and a Time-Frequency
Transformer Network (TF-TransNet). The effectiveness of both approaches is
analyzed across different Signal-to-Noise Ratios (SNRs) using several objective
metrics: Short-Time Objective Intelligibility (STOI), Perceptual Evaluation of
Speech Quality (PESQ), Segmental Signal-to-Noise Ratio (SSNR) and Scale-
Invariant Signal-to-Distortion Ratio (SI-SDR). In the first approach, the U-Net
model comprises an encoder for feature extraction, a decoder for reconstructing
the clean speech signal, and skip connections that enable the direct transfer of
key information between the encoder and decoder. The U-Net approach demon-
strates significant improvements in speech intelligibility and quality under mod-
erate to high SNRs and familiar noise types, although its performance declines
in low SNR conditions and with unseen noise types. To address these limita-
tions, this work introduces the TF-TransNet, aiming to predict the IRM. This
network utilizes a Time-Frequency Attention (TFA) encoder to process the noisy
magnitude spectrogram, integrating the processed information with the decoder
through a Time-Frequency (T-F) Transformer layer. By employing Multi-Head
Self-Attention (MHSA) mechanisms and replacing the initial fully connected layer
with a Long Short-Term Memory Unit (LSTM) in the T-F transformer layer,
the model can dynamically prioritize informative features and their relationships
across both time and frequency domains, enhancing its ability to capture long-
range dependencies in sequential data. The proposed TF-TransNet outperforms
existing models, such as the Convolutional Recurrent Network (CRN) and Gated
Convolutional Recurrent Network (GCRN), demonstrating enhanced speech in-
telligibility and quality across both familiar and unfamiliar noise scenarios.

Keywords: Speech Enhancement, Masking, U-Net, Transformer, Speech In-
telligibility, Speech Quality.
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িবমূতর্

ǯƷচ এনহয্াůেমŲ (SE) এর লক্ষয্ হল বয্াকÍাউেũর শƁ এবং িবকৃিত àশিমত কের
বğৃতা সংেকেতর উপলিƂগত গ‍ুণমান এবং েবাধগময্তােক উŭত করা। সাƐিতক বğৃতা
বিধর্তকরণপŞিতগ‍ুǬল েকালাহলপূণর্ পিরেবেশ সূħঅƵায়ী িববরণসংরক্ষেণরসােথ লড়াই
কের, েযখােন কম-েরেজাǬলউশেনর বğৃতা শƁ সংেবদনশীলতা বাড়ায়। বğৃতা েবাঝার
জনয্অতয্ťগ‍ুর‍ুĄপূণর্ এই িববরণগ‍ুǬল েবাঝােনারঅসুিবধা ময্ািপং-িভǬত্তকপŞিতরকǮƊউেটশনাল
জিটলতা Ćারা জিটল হয়, যার জনয্ পিরƦার বণর্ালীÍাম মানগ‍ুǬলর সƊূণর্ পিরসর েশখার
àেয়াজন হয়। তেব এই গেবষণায় একিট মাǬƯং-িভǬত্তক েকৗশল àƳাব করা হেয়েছ, যা
েমােনারাল ǯƷেচরনেয়জঅবক্ষয় েমাকােবলাকের।আইিডয়াল েরিশওমাƯ (IRM)বয্বহার
কের দিুট িভŭ পŞিত গভীর িশক্ষা কাঠােমােত অনুসŬান করা হেয়েছ: একিট ইউ-েনট
অনুàািণতƵাপনাএবংএকিটটাইম-Ǭáেকােয়ǭůÖাůফরমার েনটওয়াকর্ (TF-TransNet)।
উভয়পŞিতরকাযর্কািরতা িবিভŭ িসগনয্াল-টɊ-নেয়জ েরিশও (SNR)এরমেধয্ িবিভŭউেśশয্গত
েমȊকবয্বহারকের িবেƥষণকরা হেয়েছ: শটর্-টাইমঅবেজকিটভইেŲǬলǬজিবǬলিট (STOI),
পারেসপচɊয়াল ইভালুেয়শনঅফ ǯƷচ েকায়াǬলিট (PESQ), েসগেমŲাল িসগনয্াল-টɊ-নেয়জ
েরিশও (SSNR)এবং েƯল-ইনভািরেয়Ų িসগনয্াল-টɊ-িডেƲারশন েরিশও (SI-SDR)। àথম
পŞিতেত,(U-Net) মেডল একিট কাঠােমা িনযুğ কের যা ইনপুট বğৃতা েথেক গ‍ুর‍ুĄপূণর্
ৈবিশƧয্গ‍ুǬল েবর করার জনয্ একিট এনেকাডার, িĤন ǯƷচ িসগনয্াল পুনগর্ঠেনর জনয্
একিট িডেকাডার এবং এনেকাডার এবং িডেকাডােরর মেধয্ àেয়াজনীয় তেথয্র সরাসির
Ƶানাťরেক সহজতর করেত ǬƯপ সংেযাগ অťভɊর্ğ কের। (U-Net) পŞিত মাঝাির েথেক
উķ����এবংপিরিচতশেƁরàকােররঅধীেন বğৃতা েবাধগময্তাএবংগ‍ুণমােনউেƝখেযাগয্
উŭিত েদখায়, যিদও এিটর কমর্ক্ষমতা কম (SNR)অবƵােত এবং অেদখা শেƁর àকােরর
সােথ ëাসপায়।এইসীমাবŞতাগ‍ুǬল েমাকােবলাকরারজনয্, এইকাজিটটাইম-Ǭáেকােয়ǭů
Öাůফরমার েনটওয়াকর্ (TF-TransNet) àবতর্ ন কের, যার লক্ষয্ আদশর্ অনুপাত মাƯ
(IRM)ভিবষয্Ćাণীকরা।এই েনটওয়াকর্ িটশেƁরময্াগিনিটউড েƷকেÖাÍামàǬËয়াকরেত
একিটটাইম-Ǭáেকােয়ǭůঅয্ােটনশন (TFA)এনেকাডার বয্বহারকের, àǬËয়া করা তথয্িট
টাইম-Ǭáেকােয়ǭů (T-F) Öাůফরমার Ƴেরর মাধয্েম িডেকাডােরর সােথ সংহত কের। এই
ইিŲেÍশনিটকাযর্করভােব ǯƷচ িসগনয্ােলরঅƵায়ীএবং বণর্ালী ৈবিশƧয্গ‍ুǬলরমেধয্জিটল
িনভর্ রতাকয্াপচারকেরএবং মেডলকের। মাǬƕ-েহড েসলফ-অয্ােটনশন (MHSA) েমকািনজম
বয্বহার কের এবং (T-F) Öাůফরমার Ƴের àাথিমক সƊূণর্ সংযুğ Ƴরিট লং েশাটর্-টামর্
েমেমাির ইউিনট (LSTM) Ćারা àিতƵাপন কের, মেডলিট সময় এবং Ǭáেকােয়ǭů উভয়
েডােমইেন তথয্পূণর্ ৈবিশƧয্ এবং তােদর সƊকর্ গ‍ুǬল গিতশীলভােব অÍািধকার েদওয়ার
সক্ষমতা অজর্ন কের,যা ধারাবািহক েডটার দীঘর্-পিরসেরর িনভর্ রতাগ‍ুǬল ধরেত সহায়তা
কের। àƳািবত (TF-TransNet) িবদয্মান মেডলগ‍ুǬলর তɊলনায় উŭত কাযর্কািরতা àদশর্ন
কের, েযমনকনেভাǬলউশনাল িরকােরŲ েনটওয়াকর্ (CRN)এবং েগেটডকনেভাǬলউশনাল
িরকােরŲ েনটওয়াকর্ (GCRN), পিরিচত এবং অেচনা শেƁর পিরǬƵিতর উভয় েক্ষেÛই
বğৃতার েবাধগময্তা এবং গ‍ুণমান বাড়ায়।

iii



Table of Contents

Acknowledgment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . i
Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii
িবমূতর্ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

1 Introduction 1
1.1 Research Background . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.4 Importance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.5 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.6 Thesis Layout . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 LITERATURE REVIEW 6
2.1 Monaural Speech Enhancement . . . . . . . . . . . . . . . . . . . 6
2.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2.1 Conventional Statistical Signal Processing Methods . . . . 9
2.2.2 Deep Learning Based Speech Enhancemnet Methods . . . 10
2.2.3 Learning Targets for Speech Enhancement Using Deep Learn-

ing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.3 Research Gap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3 SE-UNet 18
3.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
3.2 Proposed Methodology . . . . . . . . . . . . . . . . . . . . . . . . 18

3.2.1 Encoder-Decoder Architecture . . . . . . . . . . . . . . . . 19
3.2.2 Model Training and Optimization . . . . . . . . . . . . . . 22

3.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.3.1 Corpora Description . . . . . . . . . . . . . . . . . . . . . 23
3.3.2 Tools and Libraries Used . . . . . . . . . . . . . . . . . . . 23

3.4 Result Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.4.1 Objective Metric Evaluation . . . . . . . . . . . . . . . . . 24
3.4.2 Spectrogram Analysis . . . . . . . . . . . . . . . . . . . . . 25
3.4.3 Comparison with Mapping Strategies . . . . . . . . . . . . 26

3.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4 TF-TransNet 27
4.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.2 Proposed Methodology . . . . . . . . . . . . . . . . . . . . . . . . 27

4.2.1 Encoder Decoder Architecture . . . . . . . . . . . . . . . . 29
4.2.2 Time - Frequency Attention (TFA) . . . . . . . . . . . . . 30

iv



4.2.3 T-F Transformer Layer . . . . . . . . . . . . . . . . . . . . 32
4.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.3.1 Corpora Desccription . . . . . . . . . . . . . . . . . . . . . 35
4.3.2 Tools and Libraries Used . . . . . . . . . . . . . . . . . . . 36

4.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
4.4.1 Evaluating Performance through Objective Metrics . . . . 36
4.4.2 Ablation Study of the Proposed Framework . . . . . . . . 37
4.4.3 Comparison with Existing Networks . . . . . . . . . . . . . 38
4.4.4 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

5 Conclusion 45
5.1 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
5.2 Limitation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
5.3 Future Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.4 List of Publications . . . . . . . . . . . . . . . . . . . . . . . . . . 46

v



List of Figures

2.1 Monaural signal acquisition . . . . . . . . . . . . . . . . . . . . . 6

3.1 Framework of the proposed T-F masking technique-based speech
enhancement method . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.2 Architecture of the employed U-Net model for learning parameter
optimization in the speech enhancement task, with distinct colors
assigned to denote different operations in the encoder and decoder. 20

4.1 Block diagram illustrating the proposed TF-TransNet SE method,
with spectral masking as its ceore technique. . . . . . . . . . . . . 28

4.2 Time-Frequency Attention mechanism employed in the Encoder.
The input to the attention mechanism, InputTFA has dimensions
( T , F , C), where T represents number of frames, F represents
frequency bins, and C represents the number of channels. . . . . . 31

4.3 Architecture of the TF-Transformer layer showcased in Fig. 4.1,
consisting of a Time-Transformer and a Frequency-Transformer.Both
maintain identical architectures. . . . . . . . . . . . . . . . . . . . 33

4.4 Multihead attention mechanism that is employed in the bottleneck
layer of the proposed architecture. . . . . . . . . . . . . . . . . . . 34

4.5 Spectrogram visualizations of (a) noisy and (b) clean speech sam-
ples, alongside the enhanced signal processed by existing SOTA
models: (c) CRN, (d) GCRN, (e) Xiang et al. [50] , and proposed
(f) TF-TransNet. . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.6 Spectrograms showing the difference between clean and enhanced,
as well as noisy and enhanced speech signals at an SNR of 2.5 dB. 42

4.7 Unwrapped phase spectra of noisy, clean, and enhanced speech
signals at an SNR of 2.5 dB, highlighting the TF-TransNet model’s
reliance on the noisy phase for reconstruction and the minimal
phase discrepancies between clean and enhanced signals. . . . . . 43

4.8 Spectrograms of the Noisy, Enhanced and Clean Speech Signals in
a Practical Settings. . . . . . . . . . . . . . . . . . . . . . . . . . 44

vi



List of Tables

3.1 Layer-wise output dimensions . . . . . . . . . . . . . . . . . . . . 21
3.2 Optimum hyperparameters value used . . . . . . . . . . . . . . . 22
3.3 Evaluation Under Seen and Unseen Conditions for Different Noise

Types and SNR Values in the Suggested Approach . . . . . . . . 23
3.4 Performance of the Proposed Method in Terms of Speech Intelli-

gibility and Quality . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.5 Comparison of Speech Enhancement Models Based on STOI, PESQ,

SSNR Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.1 Seen and Unseen Conditions for Various Noise Types and SNR
Values of the Proposed Work . . . . . . . . . . . . . . . . . . . . 36

4.2 Performance Comparison of Noisy and Proposed Methods Across
Various Noise Types and SNR Levels . . . . . . . . . . . . . . . . 37

4.3 Ablation Study of the Proposed Network in Terms of Objective
Intelligibility and Quality . . . . . . . . . . . . . . . . . . . . . . . 38

4.4 Performance Comparison with Existing Models in Terms of Objec-
tive Intelligibility, Quality, and Distortion Scores for Three SNR
Groups . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.5 Comparison with other SOTA models to Assess Objective Intelli-
gibility, Quality, and Distortion Scores . . . . . . . . . . . . . . . 39

vii



Chapter 1: Introduction

1.1 Research Background
Speech enhancement is a field dedicated to refining and improving speech signals
that have been compromised by noise, distortions, or other types of interference.
The primary objective is to make these speech signals clearer and easier to under-
stand for listeners or systems that rely on them. For instance, in environments
with background noise—like a busy street, a crowded room, or even wind—the
speech signal might become difficult to hear clearly. Speech enhancement tech-
niques work to filter out this noise or correct distortions, so the spoken words
become more distinct and intelligible.

This process is vital in many modern applications. For example:
1. Voice Assistants (e.g., Siri, Alexa): These systems need to accurately

understand user commands, even in noisy environments. Speech enhancement
helps improve the accuracy of voice recognition by ensuring the speech signal is
as clear as possible.

2. Automatic Speech Recognition (ASR): This technology, used in things like
transcription services or voice-controlled devices, relies on clean speech signals to
function correctly. Enhancing the speech helps reduce errors in transcription or
command recognition.

3. Hearing Aids: People with hearing impairments benefit from speech en-
hancement technologies in their hearing aids. These devices often have to amplify
speech while minimizing background noise, making conversations easier to follow.

4. Mobile Communication: During phone calls, especially in noisy environ-
ments, speech enhancement improves call quality by reducing the background
noise and enhancing the speaker’s voice, ensuring both parties can communicate
more effectively.

Real-time processing is a critical aspect of speech enhancement. It means that
the enhancement occurs almost instantaneously as the speech is being received.
This is essential for applications like live voice communication, where any delay
can disrupt the conversation. The ability to process and enhance speech signals
in real-time showcases the adaptability and importance of speech enhancement
techniques across various industries and everyday scenarios.[1].
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1.2 Problem Statement
Speech enhancement is sought after in many applications to improve either the
perceived quality or the intelligibility of speech. Ideally, the goal is to en-
hance both aspects simultaneously. However, many acoustic enhancement ap-
proaches designed for background noise reduction prioritize quality improvement,
frequently at the expense of adding distortions to the voice signal that may im-
pair intelligibility. The challenge, and the primary objective of this thesis, is to
eliminate or suppress background noise without distorting perceptions, with the
primary aim of improving intelligibility and quality. Traditional approaches to
this issue often presume a lack of correlation between speech and noise while con-
sidering noise patterns to be consistent. However, these methods frequently fall
short when faced with dynamic and unpredictable real-world noise environments.
In response to these limitations, recent research community has embraced deep
neural networks (DNNs) as a promising alternative. The research investigates
the application of attention-driven a transformer network to tackle this issue.

Also existing mapping techniques directly predict the clean speech signal from
the noisy input, but they often struggle with generalization, particularly in com-
plex or highly variable noise conditions. This can lead to artifacts and distortions
in the enhanced speech, reducing its quality and intelligibility. In contrast, spec-
tral masking has emerged as a more effective approach in many scenarios that
selectively attenuates the noise components in the time-frequency domain while
preserving the speech components. This approach is generally more robust, as
it focuses on enhancing the speech signal by suppressing only the noise, rather
than reconstructing the entire speech signal.

To address this problem„this research aims to develop an attention-based
spectral masking model using a time-frequency transformer to achieve supe-
rior noise suppression and speech enhancement compared to traditional mapping
methods, especially in challenging monaural scenarios.

1.3 Motivation
In the realm of speech enhancement, two primary strategies have emerged: spec-
tral mapping and spectral masking. Spectral mapping involves directly estimat-
ing the clean spectral magnitude from the noisy input, whereas spectral mask-
ing focuses on estimating a mask that selectively enhances or suppresses certain
components of the speech signal. While spectral mapping has been a common
approach, recent findings suggest that spectral masking offers a more efficient
and effective solution.
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By estimating a spectral mask, the model can concentrate on enhancing par-
ticular speech signal regions, leading to better noise suppression and preservation
of speech quality. This is notably advantageous in complex noisy settings, where
the distinction between speech and noise is subtle. In contrast, spectral mapping
may struggle with these scenarios, as it requires the model to reconstruct the
entire clean spectrum from noisy input, which can be more challenging and less
precise. The superior performance of spectral masking over spectral mapping in
enhancing speech signals motivates this research.

Over the past few years, the emergence of deep learning techniques has con-
siderably advanced the field, with T-F masking standing out as an especially
promising approach. T-F masking strategies involve estimating masks that can
selectively enhance or suppress certain components of the speech signal in the
time-frequency domain[2]. However, conventional T-F masking methods may still
face limitations, especially in complex noise environments, where distinguishing
between speech and noise components can be difficult.

1.4 Importance
The market for speech and audio processing applications is experiencing rapid
growth, with smart speakers being a prime example. Valued at $11.9 billion in
2019, the smart speaker market is projected to surpass $35.5 billion by 2025,
emphasizing the increasing demand for advanced speech processing technologies.

One of the key areas within this field is speech enhancement, which plays
a crucial role in improving the clarity and quality of voice communication. As
voice-activated devices, virtual assistants, and smart home systems become more
integrated into daily life, ensuring accurate and reliable speech recognition is
essential. Background noise, reverberations, and other distortions can signifi-
cantly degrade the quality of audio input, affecting both user experience and the
performance of voice-based systems.

Speech enhancement addresses these challenges by filtering out noise and
improving the intelligibility of speech in real-world environments. This not only
leads to better voice interactions but also enhances accessibility for users with
hearing impairments, improves communication in noisy settings, and boosts the
overall efficiency of voice-driven technologies. As the market continues to grow,
the importance of developing high-performance speech enhancement algorithms
becomes even more critical for ensuring seamless and effective communication
across various applications.

Additionally, traditional speech enhancement methods, which rely on sta-
tistical models, often fail in real-world environments because of irrational pre-
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sumptions, such as voice and noise being stationary or unrelated. On the other
hand, DNN-based techniques have advanced significantly by approaching speech
enhancement as a supervised learning problem.. These methods can handle com-
plex, non-stationary noise without relying on prior assumptions, making them
far more effective in real-world scenarios. In light of these benefits, this study
suggests a T-F masking-based noise suppression method using a TF-TransNet to
further improve performance in challenging acoustic conditions.

1.5 Contributions
The main contributions of this work are outlined as follows:

• This work introduces a masking-based strategy for speech enhancement
using the IRM to mitigate noise degradation in monaural speech. This
approach diverges from traditional mapping-based techniques by targeting
the specific impact of noise on the speech spectrum.

• The thesis initially presents a U-Net-inspired design that effectively lever-
ages skip connections between the encoder and decoder to facilitate infor-
mation transfer, resulting in notable improvements in speech intelligibility
and quality under moderate-to-high SNRs with familiar noise conditions.

• A distinct framework, TF-TransNet is proposed, equipped with a TFA en-
coder and a Time-Frequency Transformer layer. This model dynamically
captures complex dependencies between temporal and spectral features,
addressing the limitations of the U-Net model under challenging noise con-
ditions.

• The effectiveness of both models is evaluated across various SNR levels
using objective metrics such as STOI, PESQ, SSNR and SISDR.

1.6 Thesis Layout
The structure of the remaining thesis is as follows. Chapter 2 provides an ex-
tensive analysis of the literature, outlining important terms and providing an
overview of the current research in the subject of SE task. Chapter 3 focuses
on masking-based speech enhancement with U-Net framework, describing the
proposed model architecture and its implementation for improving speech qual-
ity. Chapter 4 explores speech enhancement using Time-Frequency Transformer
Network, outlining the methodology and performance analysis of the proposed
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approach. Finally, Chapter 5 discusses the conclusions drawn from the findings
and offers suggestions for future research directions
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Chapter 2: LITERATURE REVIEW

This chapter will introduce and explain several important terms that are crucial
for understanding the discussions in the upcoming sections. These key terminolo-
gies will lay the foundation for subsequent content. Following the explanation of
these terms, a comprehensive review of the existing literature on speech enhance-
ment will be presented.

2.1 Monaural Speech Enhancement
Audio signals typically come in two common formats: mono (one channel) and
stereo (two channels). Monaural speech enhancement relies on audio captured
from one microphone, making the task more challenging due to the absence of spa-
tial information. These methods must differentiate speech from noise using only
the data from a single source, which is particularly difficult in noisy or complex
environments. In contrast, stereo methods utilize multiple microphones, cap-
turing spatial information and employing techniques like beamforming to better
separate speech from noise, offering improved accuracy but requiring more com-
plex setups.

Figure 2.1: Monaural signal acquisition

When assessing the performance of SE systems, it is essential to use both sub-
jective and objective measures. These measurements offer thorough information
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about the improved speech’s quality and comprehensibility. Subjective evalua-
tions involve human listeners who rate their perceptions of speech quality. Key
subjective measures include:

• Mean Opinion Score (MOS): A higher score on a scale of 1 to 5 denotes
a higher perceived quality of the improved speech, according to this metric.

• Signal Distortion (SIG): Also rated on a scale of 1 to 5, SIG reflects
the clarity of the enhanced signal, with higher values suggesting reduced
distortion.

• Background Noise Intrusiveness (BAK): This measure assesses how
intrusive background noise is, using the same 1 to 5 scale, where a higher
score denotes less perceptible noise.

In contrast to subjective measures, objective metrics provide quantifiable eval-
uations without human input. Important objective measures include:

• STOI: STOI is an objective metric that closely correlates speech intelli-
gibility with human auditory perception. It begins by dividing both the
clean (reference) and degraded (processed) signals into overlapping short-
time frames. These frames are transformed into one-third octave bands
using a filter bank to mimic the human auditory system’s frequency selec-
tivity [3]. Subsequently, temporal envelopes are extracted from these bands
using a low-pass filter. The metric computes the correlation coefficient be-
tween the corresponding clean and processed temporal envelopes for each
band over a fixed-length frame. The final STOI score is the average of these
correlation coefficients, normalized between 0 and 1. Higher scores indicate
better alignment and higher intelligibility.

• PESQ: The PESQ metric assesses speech quality by comparing a reference
signal to a degraded signal, addressing distortions such as time delays and
spectral mismatches. Initially, PESQ applies a perceptual model to the
signals, transforming them into perceptually weighted loudness spectra [4].
The model compensates for linear distortions, such as amplitude scaling
and time alignment. Following this alignment, PESQ calculates the error by
comparing the loudness spectra across frames. The distortion is weighted to
account for human auditory masking effects. The final PESQ score, which
ranges from -0.5 to 4.5, is derived from a combination of frame-based error
metrics, with higher scores indicating better perceived quality.
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• SSNR: The SSNR is another objective metric that can be utilized to eval-
uate speech enhancement tasks in either the time or frequency domain.
It calculates the average ratio of short segments between the original and
enhanced signals to derive the metric score[5]. The signal is segmented
into fixed-length frames, typically 20–30 ms. For each segment, the SNR is
computed as:

SNR(i) = 10 log10

( ∑
n Clean(n)2∑

n(Clean(n)− Enhanced(n))2

)
(2.1)

where Clean(n) and Enhanced(n) are the samples of the clean and enhanced
signals, respectively, in frame i. Frames with extremely low energy may be
excluded to avoid instability in the metric. The SSNR score is the average
SNR across all valid frames. Higher SSNR values indicate greater noise
suppression while preserving signal content.

• SI-SDR: The SI-SDR is an objective metric that quantifies the distor-
tion between a reference signal and an estimated signal, focusing on the
alignment of their content while being invariant to scaling differences. The
optimal scaling factor α is computed as:

α =

∑
t reference[t] · estimation[t]∑

t reference[t]2 (2.2)

Using α, the target signal is generated as:

etarget = α · reference (2.3)

The SI-SDR score is then calculated as:

SI-SDR = 10 log10

(
∥etarget∥2

∥eres∥2

)
(2.4)

where eres = estimation−etarget is the residual noise. Higher SI-SDR values
indicate less distortion, signifying a closer match between the estimated
and reference signals.

This work primarily focuses on single-channel speech en-hancement, recogniz-
ing its challenges but also its broad applicability.The chapter reviews progress
in this area from two perspectives: traditional statistical signal processing meth-
ods, which rely on mathematical models to enhance speech, and cutting-edge
deep learning approaches, which leverage neural networks and large datasets to
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achieve state-of-the-art performance. The integration of these meth- ods repre-
sents the evolution of the field, with deep learning showing particular promise in
overcoming the limitations of traditional approaches by learning more complex
patterns in speech and noise.

2.2 Related Works

2.2.1 Conventional Statistical Signal Processing Methods

Traditional speech enhancement techniques have long been grounded in statistical
signal processing. These methods rely on mathematical models to estimate and
suppress noise from speech signals. Commonly used approaches include spectral
subtraction [6], subspace methods[7] and Wiener filtering,[8] which were widely
used due to their simplicity and well-established theoretical foundations.Spectral
subtraction, for instance, assumes that noise can be modeled and subtracted from
the noisy signal However, it often encounterd difficulties with non-stationary
noise and introduced artifacts such as ”musical noise [6].Another approach ,sub-
space methods leveraged the idea that speech signals lie in a low-dimensional
subspace, allowing for effective separation from noise through projections [7]. Al-
though theoretically robust, subspace methods was computationally intensive and
required accurate modeling of the subspaces, which might not always be feasible
in practical applications . Furthermore, they often assumed a static noise model,
limiting their effectiveness in dynamic environments. To address the limitations
of spectral subtraction, Wiener filtering was emerged. This method offers a more
refined approach by employing a gain function that acts as a linear filter on the
noisy speech spectrum. In order to improve its efficacy in generating cleaner au-
dio output, this gain function is constructed by reducing the mean square error
(MSE) between the estimated and clear speech spectra.

Another statistical speech enhancement methods is the Bayesian estimators
that focus on minimizing the expected squared error between the estimated and
actual clean signal. The above mentioned traditional speech enhancement meth-
ods are built upon assumptions that often do not align with real-world conditions.
A common presumption is that speech and noise are uncorrelated, alongside the
assumption that noise is stationary or at least more stationary than the speech
signal. These assumptions can lead to significant inaccuracies in estimating the
underlying model statistics, which is particularly problematic when dealing with
highly non-stationary noises or unpredictable real-world environments. As a re-
sult, these methods frequently struggle to effectively suppress noise in challenging
acoustic scenarios. In contrast, data-driven methods such as non-negative matrix
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factorization (NMF) [9] avoid these simplifications but rely on other assumptions,
such as sparse spectral representation, which can restrict their effectiveness.

2.2.2 Deep Learning Based Speech Enhancemnet Meth-
ods

There has been a noticeable move toward deep learning-based methods for speech
improvement in order to overcome these constraints.Unlike traditional methods,
deep learning models can learn complex patterns and dependencies directly from
data, allowing them to adapt to varying noise characteristics and dynamic en-
vironments. These models leverage large datasets to develop robust representa-
tions of speech and noise, enabling more accurate separation and enhancement.
Furthermore, deep learning techniques can incorporate contextual information,
improving their ability to handle unexpected conditions that traditional methods
might misinterpret. The shift to sophisticated deep learning techniques is a major
advancement in addressing the drawbacks of traditional SE approaches, offering
enhanced performance and reliability in diverse real-world applications.

Early approaches employed simpler models for speech enhancemnet task such
as Multilayer Perceptrons (MLPs)[10, 11], Gaussian mixture models (GMMs)[12],
and support vector machines (SVMs) [13]. Over time, focus shifted towards more
advanced models like deep neural networks (DNNs) [14] [15] [16], which include
at least one hidden layer, often implemented as multilayer perceptrons (MLPs).
Karjol et al. [17] developed a speech enhancement method that utilizes multiple
deep neural networks (DNNs). In their system, four DNNs, each three layers deep,
collaborate to produce enhanced speech outputs, with a gating network assigning
weights to combine these outputs. The approach achieved an average PESQ score
of 2.65 for familiar noise and 2.19 for unfamiliar noise across a SNR range of -
5 to 10 dB, evaluated on the TIMIT corpus. In study [18], a DNN masking
technique reached a PESQ score of 2.705, demonstrating improved performance.
Gao et al. [19]proposed a progressive learning framework for DNN-based SE to
improve performance in low SNR conditions. Unlike conventional DNN methods
that directly map noisy speech to clean speech, their approach decomposes the
DNN into multiple stages, each designed to handle a specific SNR level. The
model was trained using both single-SNR and multi-SNR configurations on the
WSJ corpus and evaluated on a variety of noise types, including babble, factory,
and destroyer engine noises. At SNRs of -5 and 5 dB, the suggested approach
produced an average PESQ score of 1.93 for single-SNR training and 1.82 for
multi-SNR training.

A denoising autoencoder (DAE) introduced by[20] , is a neural network ar-
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chitecture used for feature learning and noise reduction in data, making it par-
ticularly valuable for speech enhancement tasks. It is an extension of the basic
autoencoder architecture, which encodes the input into a lower-dimensional space
and subsequently decodes it back to its original form, with the aim of learning
a compressed representation of the data.The key distinction of a DAE lies in its
ability to handle noisy input data. During training, the input is intentionally
corrupted by adding noise, and the model is trained to reconstruct the clean
version of the input from the corrupted one. The fundamental operations of an
autoencoder, including denoising autoencoders, are defined by the encoding and
decoding processes. In the encoding stage, the input x, which can be a noisy
speech signal in the context of a denoising autoencoder, is mapped to a hidden
representation h through a function:

h = fθ(x) = σ(Wex + be), (2.5)

Here, We and be represent the encoder’s weight matrix and bias vector, respec-
tively, while σ denotes an activation function, such as ReLU or sigmoid. The
hidden representation h is then transformed back into an approximation of the
input x̂ during the decoding stage using the function:

x̂ = gθ′(h) = σ′(Wdh + bd), (2.6)

where Wd and bd are the decoder’s weight matrix and bias vector, and σ′ is the
activation function in the decoding process. The output x̂ aims to reconstruct
the clean version of the input x. To train the autoencoder, a loss function, such
as MSE, is used to minimize the difference between the clean input and the
reconstructed output, expressed as:

L(x, x̂) = ∥x − x̂∥2. (2.7)

This training objective allows the denoising autoencoder to learn how to map
noisy input data to clean outputs, thus effectively reducing noise in the processed
signal.

The shift from DNN-based methods to Recurrent Neural Networks (RNNs),
especially LSTM models, in the field of speech enhancement has been primarily
driven by the limitations of traditional fully connected (FC) networks. While
DNNs often consist of a large number of parameters, making them computation-
ally intensive to train and deploy [21], they also struggle to effectively model the
temporal characteristics inherent in speech signals. RNNs, on the other hand,
offer a distinct advantage in this area due to their ability to model temporal
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dependencies and maintain dynamic context over time, which is crucial for han-
dling time-varying audio signals and noise environments [21], [22] . As a result,
RNNs have become more suitable for tasks that involve varying-length speech
data, providing a more efficient and context-aware approach to speech enhance-
ment. Maas et al. [21] explored the use of RNNs for denoising input features
such as MFCCs and found that RNNs outperformed DNNs in this context. Their
study showed that RNNs were more effective in enhancing speech signals con-
taminated with noise, achieving better results across a range of SNR levels. This
highlights the RNN’s ability to handle temporal dependencies in speech data,
making it more suitable for improving speech quality under varying noise condi-
tions compared to traditional DNN approaches. Another study highlighted the
effectiveness of RNNs relative to DNN architectures in speech separation tasks
[23]. LSTM networks were introduced to address the vanishing and exploding
gradient issues commonly faced by RNNs in sequence learning, addressed by Ji-
tong et al [24] for speech separation. Additionally, a modified version of LSTM,
known as bidirectional LSTM (BLSTM), was investigated in the task of auto-
matic speech recognition task[25]. This architecture processes information from
both past and future states, enabling it to leverage the full contextual information
of the input signal for better output sequence calculations.

While RNNs are adept at modeling temporal sequences, they struggle with
effectively extracting local spatial features from spectrograms, which are time-
frequency representations of speech conveying phonetic and acoustic informa-
tion. RNNs did not inherently possess mechanisms to capture these local pat-
terns within the spectrogram, making them less effective in scenarios where these
patterns are significant. Convolutional Neural Networks (CNNs) became more
relevant in speech processing as researchers sought models that could better ex-
tract spatial features from spectrograms [26], [27]. By applying convolutional
layers, CNNs are able to capture localized patterns, such as energy concentra-
tions across frequency bands or short-term temporal changes, which are critical
for identifying phonetic elements and noise characteristics.

The integration of LSTM layers with Convolutional Neural Networks (CNNs)
to form Convolutional Recurrent Networks (CRNs) represents a significant ad-
vancement in the processing of complex data types, particularly in speech and
video analysis [28]. In this framework, the CNN component serves as an encoder,
extracting spatial features from input data, such as spectrograms in speech pro-
cessing, where it identifies important local patterns and phonetic elements. Fol-
lowing the CNN encoder, LSTM layers are incorporated to effectively model the
temporal dependencies of the extracted features. LSTMs are designed to main-
tain a form of memory that captures long-range dependencies, which is crucial in
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tasks where the context of previous frames influences the interpretation of cur-
rent data. The combination of these two architectures enhances feature extraction
and improves temporal modeling, allowing CRNs to adapt to varying noise con-
ditions and providing a richer representation of the input data. This approach
is particularly beneficial in applications such as speech recognition, where accu-
rate understanding of both local acoustic features and long-term dependencies
significantly enhances performance.

The integration of attention mechanisms in speech enhancement has been
adopted in speech enhancement[29] , motivated from their demonstrated effective-
ness in various sequence-to-sequence learning tasks, such as machine translation,
speech recognition, and keyword spotting [30] [31] [32] [33]. These attention-
based models capitalize on the ability to dynamically prioritize certain aspects
of input data, which aligns well with human auditory perception. In natural
listening environments, humans can focus their attention on specific regions of
an audio stream, such as the target speech, while simultaneously processing sur-
rounding sounds, like background noise or interference, with less emphasis. This
selective focus allows listeners to adjust their attention over time based on the
relevance and importance of different audio components.

Transformer neural networks [34] have recently achieved state-of-the-art per-
formance across various NLP tasks. Unlike RNNs, Transformers can process
input sequences in parallel, enabling more efficient computation. Inspired from
the effectiveness of transformer in NLP task Wei et al.[35] introduced a novel
sequence learning model called SETransformer for the task of speech enhance-
ment. The SETransformer utilizes a multi-layer architecture that combines local
LSTMs, a transformer equipped with a multi-head attention mechanism, and
a 1D convolutional network. Another approach introduces an enhanced trans-
former that enables direct context-aware modeling of speech sequences, resulting
in improved speech separation performance [36]. To address the need for se-
quence order information without relying on positional encodings, it integrates
a recurrent neural network into the Transformer architecture. Additionally,this
enhanced transformer is embedded into a dual-path network, making the method
effective for modeling extremely long speech sequences.

The two primary categories of deep learning techniques for monaural speech
enhancement are: T-F domain methods and end-to-end time-domain techniques.
T-F domain methods rely on the STFT to convert audio signals into time and
frequency representations. This allows models to work on smaller, more manage-
able time-frequency components, and then reconstruct the enhanced audio using
the inverse STFT. These methods are advantageous in that they exploit well-
established signal processing techniques, but they may introduce artifacts during
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the transformation and reconstruction processes. End-to-end time-domain meth-
ods, on the other hand, operate directly on raw audio waveforms. These methods
bypass the need for intermediate transformations, enabling deep learning models
to learn how to directly separate and enhance audio sources from the time-domain
signal itself. This can result in a more natural sound quality and is particularly
effective for cases where STFT may struggle with the complexity of the signal.

2.2.3 Learning Targets for Speech Enhancement Using Deep
Learning

Within these approaches, deep learning models for speech enhancement typically
use one of two training objectives: masking-based or mapping-based targets.
Masking-based methods aim to estimate a mask that, when applied to the noisy
input,isolates the clean speech signal. Mapping-based methods, however, focus on
directly predicting the clean speech signal from the noisy input. Both strategies
have their advantages, with masking-based approaches often being more inter-
pretable and mapping-based approaches sometimes offering better performance
in complex scenarios.

2.2.3.1 Mapping Strategies

In mapping-based speech enhancement (SE), the goal is to train a deep learning
model to directly predict the clean speech signal, ŝ(t), from a given noisy input,
x(t). The noisy input signal is typically represented as

x(t) = s(t) + n(t),

where s(t) is the clean speech signal, and n(t) represents the noise. A deep
learning model fθ, parameterized by θ, is then used to estimate the clean speech
from the noisy input, resulting in the prediction

ŝ(t) = fθ(x(t)).

To train the model, a loss function L is defined, which quantifies the difference
between the predicted clean speech ŝ(t) and the ground truth clean speech s(t).
This is often done using mean squared error (MSE) or similar metrics, expressed
as

L(θ) =
1

T

T∑
t=1

∥s(t)− ŝ(t)∥2 ,
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where T is the total number of time steps. The training process aims to minimize
this loss function, enabling the model to learn a direct mapping from noisy speech
to clean speech.

2.2.3.2 Masking Strategies

The masking-based approach for SE involves creating masks that represent the
relationship between clean speech and noise in the time-frequency domain of a
noisy audio signal. These masks help to isolate the clean speech components from
the noise. Various masking-based targets have been developed, each aiming to
improve different aspects of SE performance:

1. Ideal Binary Mask (IBM): The IBM assigns a binary value to each
time-frequency unit in the spectrogram based on a local SNR threshold. It is
defined as:

IBM(t, f) =

1, if SNR(t, f) > τ

0, otherwise
(2.8)

where SNR(t, f) is the SNR at time t and frequency f , and τ is a threshold
value. IBM is known for improving speech intelligibility but results in sharp,
binary labeling.

2. Ideal Ratio Mask (IRM): To address the limitations of the IBM due
to its sharp binary labeling, the IRM[37] was introduced to provide a more re-
fined mask, using real-valued ratios that compare the power of the clean speech
|C(t, f)|2 to that of the noisy signal |N(t, f)|2:

IRM(t, f) =

√
|C(t, f)|2

|C(t, f)|2 + |N(t, f)|2
(2.9)

where |C(t, f)| and |N(t, f)| are the magnitudes of the clean speech and noise at
time t and frequency f .

3. Spectral Magnitude Mask (SMM): This mask focuses on enhancing
the spectral magnitude of the clean speech while suppressing noise. It estimates
the magnitude spectrum of clean speech:

SMM(t, f) =
|C(t, f)|
|N(t, f)|

(2.10)

This approach helps in isolating the desired speech signal from noise by empha-
sizing the spectral strength of clean speech.

4. Phase-Sensitive Mask (PSM): While earlier methods primarily focused
on magnitude, PSM incorporates phase information. It takes into account the
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phase difference between the clean speech and noisy signal, and is defined as:

PSM(t, f) =
|C(t, f)|
|N(t, f)|

cos(ϕs(t, f)− ϕx(t, f)) (2.11)

where ϕc(t, f) and ϕn(t, f) are the phases of clean and noisy signals, respectively.
Including phase information results in better enhancement performance, as it
provides more accurate reconstruction of the clean signal.

5. Complex Ideal Ratio Mask (cIRM):
The cIRM is a technique introduced by Williamson et al.[38] in 2016 that aims

to improve the separation of clean speech from noisy audio signals by leveraging
both the magnitude and phase information of the signals. The main equations
involved in the cIRM process can be summarized as follows:

In the Cartesian complex domain, the observed noisy signal Yt,f can be ex-
pressed in terms of its real and imaginary components. The equation describes
the relationship between the clean speech St,f and the noisy signal Yt,f as follows:

M =
YrSr + YiSi

Y 2
r + Y 2

i

+ i
YiSr − YrSi

Y 2
r + Y 2

i

(2.12)

Here, Yr and Yi represent the real and imaginary parts of the noisy signal, while
Sr and Si represent the real and imaginary parts of the clean speech. This
formulation allows the model to capture the interaction between the components
of both signals.

In evaluating spectrum masking methods, Wang et al.[39] discovered that
spectral mask estimation significantly outperforms direct mapping in terms of
improving voice quality and intelligibility. The IBM is one of the foundational
targets for masking-based training and has demonstrated significant effectiveness
in improving speech intelligibility for both individuals with normal hearing and
those with hearing impairments[40]. To address the limitations of the IBM and
its sharp binary labeling, the IRM[37] was introduced. The IRM is calculated
by comparing the power spectrogram of clean speech to that of the noisy input.
Another method for estimating signal magnitude is the SMM[41]. This technique
emphasizes the signal’s strength across various frequencies, aiding in the separa-
tion of the desired signal from background noise. Before the introduction of the
PSM[42], existing masking techniques focused only on estimating the magnitude
of signals. The PSM improves upon this by considering the relative phase dif-
ference between the clean and noisy signals. Experiments show that using phase
information with PSM significantly increases the SDR compared to methods that
enhance only the magnitude spectrum [43].

Williamson et al. [44] identified that analyzing the real and imaginary parts of
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the clean speech spectrogram, rather than just the phase spectrogram, provides
useful insights for supervised learning tasks. This insight led to the development
of the cIRM, which recovers clean speech from noisy mixtures in the complex
domain. However, cIRMs require complex-valued processing, making them com-
putationally intensive and challenging for some network architectures. To address
this issue, this study employs the IRM, which utilizes supervised learning while
operating in the real domain, thus avoiding the complexities of larger network
structures.

2.3 Research Gap
Recent advances in spectral masking techniques, as covered in the literature re-
view, show clear improvements in speech quality and intelligibility compared to
direct mapping methods. However, these techniques still face difficulties in per-
forming well and adapting to different noisy environments, especially when noise
levels are high (low SNR conditions). Leading methods like the Convolutional Re-
current Network (CRN), the Gated Convolutional Recurrent Network (GCRN),
and Xiang’s masking-based approach have been successful but face challenges in
managing complex time-frequency relationships and consistently achieving high
intelligibility across different SNR levels. This highlights a research gap that
needs to be addressed.

Additionally, recent developments in speech enhancement, particularly those
using complex Ideal Ratio Mask (cIRM), involve computationally intensive pro-
cessing and larger network architectures. This further emphasizes the need for
alternative approaches that can maintain performance while reducing complexity.

This study aims to tackle these limitations by using the Ideal Ratio Mask
(IRM) within two deep learning frameworks: a U-Net motivated architecture
and a time-frequency transformer-based network(TF-TransNet).
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Chapter 3: SE-UNet

In this chapter, a masking-based speech enhancement technique utilizing the U-
Net architecture is introduced. The design of the proposed model is detailed,
along with the training process and the necessary data preparation steps. Addi-
tionally, an analysis of the model’s output shows how well it works to improve
speech intelligibility across various noise conditions compared to traditional meth-
ods.

3.1 Motivation
Initially created for medical image processing, the U-Net architecture [45], has
gained popularity in SE due to its strong ability to reduce noise, making it suit-
able for applications like hearing aids and automatic speech recognition. Its
effectiveness lies in its U-shaped structure, which consists of three main parts:
an encoder, a decoder, and skip connections. The encoder compresses the in-
put speech by down-sampling, extracting important features, while the decoder
gradually restores the spatial dimensions through up-sampling, reconstructing
the clean speech signal. A significant feature of the U-Net architecture is the
skip connections, which directly transfer critical information from the encoder
to the decoder, preserving details that are essential for accurate speech enhance-
ment. This direct flow of information helps avoid the loss of important signal
characteristics during reconstruction. In addition, the bottleneck between the
encoder and decoder enables the model to capture high-level abstract features,
contributing to more effective noise suppression. This combination of the U-Net
structure provides a reliable way to improve speech quality and intelligibility in
noisy environments.

3.2 Proposed Methodology
The Fig. 3.1 demonstrates the methodology of the proposed speech enhancement
approach leveraging T-F masking technique. The process begins by taking a noisy
input signal X(t), which is converted from the time domain to the time-frequency
domain using the STFT, resulting in its frequency representation X(f). The
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STFT also separates the signal into its magnitude |XSTFT| and phase ∠θXSTFT

components. Only the magnitude is used for further processing, while the phase
is retained for later reconstruction.

Figure 3.1: Framework of the proposed T-F masking technique-based speech
enhancement method

The proposed attention based U-Net model is employed to estimate a spectral
mask, designed to suppress the noise in the signal. Specifically, the IRM is used,
which is computed as:

IRM(t, f) =
Y 2(t, f)√

Y 2(t, f) +X2(t, f)

where Y 2(t, f) and X2(t, f) represent the energy of the clean signal and noise,
respectively, for each time-frequency unit. The U-Net predicts this mask from
the noisy magnitude |XSTFT|, and the estimated mask is applied to the noisy
signal, yielding the enhanced magnitude spectrum

ˆ|Y (f)| = ˆMask(f) · |XSTFT|

The enhanced magnitude spectrum is then combined with the noisy phase
information ∠θXSTFT to reconstruct the enhanced frequency-domain signal Ŷ (f).

Finally, the inverse STFT (ISTFT) is applied to transform the enhanced
frequency-domain signal back into the time domain, producing the enhanced
time-domain output signal ˆY (t). This process effectively reduces noise while
preserving speech quality, leveraging the time-frequency masking approach driven
by the U-Net model.

3.2.1 Encoder-Decoder Architecture

This U-Net model in Fig. 3.2 for speech enhancement uses a structured encoder-
decoder architecture with specific filter sizes to capture and reconstruct spectral
features from noisy input. The input to the network is X0 ∈ RH×W×C , where
H = 32 represents the time steps, capturing the temporal resolution of the data,
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Figure 3.2: Architecture of the employed U-Net model for learning parameter
optimization in the speech enhancement task, with distinct colors assigned to
denote different operations in the encoder and decoder.

while W = 129 denotes the frequency bins, which reflect the spectral resolution
of the input spectrogram and C = 1 indicates a single-channel input, typically a
mono spectrogram. The encoder progressively reduces spatial dimensions while
increasing filter depth from 64 to 512 (128, 256, and 512) filters with 3x3 kernels
across four blocks, each followed by 2x2 MaxPooling for downsampling to capture
essential features. , with a Dropout (0.5) layer in the final encoder block to
reduce overfitting. Each encoder stage performs two convolutions, represented
mathematically as:

Xl,1 = σ(Wl,1 ∗Xl−1 + bl,1), (3.1)

Xl,2 = σ(Wl,2 ∗Xl,1 + bl,2), (3.2)

where Wl,k and bl,k are the learnable weights and biases, and σ is the ReLU
activation function. These are followed by a max pooling operation:

Pl = MaxPooling2D(Xl,2, pool_size = (2, 2)), (3.3)

which reduces the spatial dimensions by half while retaining the most signif-
icant features.

At the bottleneck, two additional convolutional layers with 1024 filters and
3x3 kernels capture abstract representations of the speech features are applied:

B1 = σ(Wb,1 ∗ P4 + bb,1), (3.4)

B2 = σ(Wb,2 ∗B1 + bb,2), (3.5)
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followed by dropout regularization:

Bdrop = Dropout(B2, rate = 0.5), (3.6)

to reduce overfitting by randomly setting half of the features to zero.
The decoder, or expanding path, reconstructs the spatial resolution of the

input through upsampling and skip connections. Upsampling is denoted as:

Ul = UpSampling2D(Zl+1), (3.7)

and skip connections concatenate these upsampled features with those from
the corresponding encoder stage to restore spatial detail:

Ml = Concatenate([Ul, Xencoder,l]), (3.8)

ensuring the preservation of spatial details from the encoder.
In each decoder stage, two convolutional operations refine the reconstructed

features:

Zl,1 = σ(Wl,1 ∗Ml + bl,1), (3.9)

Zl,2 = σ(Wl,2 ∗ Zl,1 + bl,2), (3.10)

Finally, the output layer generates a single-channel output tensor Y through
a sigmoid activation function :

Y = σsigmoid(Wout ∗ Z1,2 + bout), (3.11)

Table 3.1: Layer-wise output dimensions

Layer Output Dimensions
Input 32× 129× 1

Encoder Block 1 16× 64× 64
Encoder Block 2 8× 32× 128
Encoder Block 3 4× 16× 256
Encoder Block 4 2× 8× 512

Bottleneck 1× 4× 1024
Decoder Block 4 2× 8× 512
Decoder Block 3 4× 16× 256
Decoder Block 2 8× 32× 128
Decoder Block 1 16× 64× 64

Output 32× 129× 1
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3.2.2 Model Training and Optimization

Table 3.2 provides a summary of the optimized hyperparameters used for model
training. The model employs the Adam optimizer with a learning rate of 0.001
and is compiled with mean squared error (MSE) as the loss function and evalua-
tion metric. To enhance training efficiency, a model checkpoint is implemented,
saving the best model based on validation loss. In addition, early stopping is used
to avoid overfitting; training is stopped if the validation loss does not improve
for 20 consecutive epochs. The model is trained over 50 epochs with a validation
split of 20%, ensuring effective learning and optimization.

Table 3.2: Optimum hyperparameters value used

Hyperparameters Optimum Value
Optimizer adam

Learning rate 1× 10−3

Batch size 64
Epochs 5

3.2.2.1 Loss Function

Speech enhancement is one of the regression tasks that frequently employ the
MSE loss function to measure the difference between expected and actual values.
In the context of this task, the MSE measures how closely the enhanced speech
signal generated by the model aligns with the target clean speech signal. The
MSE is calculated using the following equation:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (1)

where yi represents the actual target value, ŷi is the predicted value from the
model, and n is the total number of samples. By minimizing the MSE, the model
effectively reduces the error in predicting clean speech, thereby enhancing speech
intelligibility and quality in noisy environments.

3.3 Experimental Setup
In this section, we outline the experimental setting in this section, with particular
attention to the dataset and preprocessing procedures for the suggested speech
enhancement models.
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3.3.1 Corpora Description

This study evaluates the performance of the proposed SE model using the TIMIT
dataset [46], which includes 6,300 phonetically transcribed sentences spoken by
American English speakers. From this, a subset of 950 sentences spoken by 50
individuals was used for training. These sentences were artificially corrupted with
eight types of environmental noises from the AURORA dataset (e.g., airport,
babble, car, exhibition, restaurant ,train station,street and speech shaped noise),
applied at six different SNR levels: -10 dB, -5 dB, 0 dB, 5 dB and 10 dB. The
aim was to simulate real-world conditions where background noise affects speech
quality.

In the course of testing, the model is evaluated on both seen and unseen noise
scenarios across the specified SNRs. Table 3.3 outlines the conditions for both
seen and unseen noise types. The noise types and SNR values that are used to
train the model are referred to as the ”seen” condition. To assess the robustness
of the proposed approach, the model is further evaluated under unseen conditions,
specifically with two unfamiliar noises—airport and train noise—at SNRs of -7.5
dB and 7.5 dB, respectively.

Table 3.3: Evaluation Under Seen and Unseen Conditions for Different Noise
Types and SNR Values in the Suggested Approach

Condition Noise SNR (dB)
Seen SSN, Babble -10, -5, 0, 5

Unseen Airport, Train -7.5, 7.4

All the speech and noise data were resampled at a standard rate of 16 kHz to
ensure consistency across the dataset.

3.3.2 Tools and Libraries Used

Experiments are conducted on a GPU-facilitated platform using Google Colab-
oratory. The NumPy (1.18.5) and pandas (1.1.4) libraries are used for data
preparation and processing.. Audio feature extraction and manipulation are fa-
cilitated through the librosa library, while advanced signal processing tasks are
managed using scipy.signal. The models are implemented using Keras (2.4.0) and
TensorFlow (2.3.0), with various architectures such as CNNs and LSTMs utilized
for the speech enhancement task.

The dataset is divided into training, validation, and test sets, where the train-
ing set is used for model learning, and hyperparameter tuning is conducted based
on the validation set. The final evaluation of the trained models is performed
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using the test set, allowing for an objective assessment of their performance in
enhancing speech intelligibility and quality across various noise conditions.

3.4 Result Analysis
Using three objective metrics—STOI, PESQ, and SSNR—the results provides
an overview of the efficacy of the suggested speech enhancement technique across
various SNRs for both seen and unseen noise environments. Each metric compares
the values of unprocessed noisy and enhanced speech, measuring several facets of
speech quality and intelligibility.

Table 3.4: Performance of the Proposed Method in Terms of Speech Intelligi-
bility and Quality

SNR STOI PESQ SSNR
Seen Noise Unseen Noise Seen Noise Unseen Noise Seen Noise Unseen Noise

Noisy Enh. Noisy Enh. Noisy Enh. Noisy Enh. Noisy Enh. Noisy Enh.
-7.5 0.51 0.64 0.50 0.55 1.08 1.38 0.99 1.21 -7.92 -2.29 -7.74 -4.29
-5 0.57 0.69 0.56 0.61 1.19 1.57 1.10 1.38 -6.89 -1.03 -6.68 -3.26
0 0.69 0.80 0.68 0.73 1.41 1.89 1.31 1.72 -5.15 -1.05 -5.00 0.739
5 0.79 0.87 0.85 0.88 1.89 2.31 1.74 2.12 -2.05 1.56 -1.00 2.75

7.5 0.88 0.94 0.88 0.89 2.18 2.42 2.04 2.24 0.829 2.94 1.64 3.69
Mean 0.68 0.78 0.69 0.73 1.56 1.94 1.37 1.77 -4.12 0.90 -4.03 -1.32

3.4.1 Objective Metric Evaluation

From Table 3.4, it is evident that the STOI metric, which assesses intelligibility,
shows a significant improvement in scores from the noisy speech to the enhanced
speech across all SNR levels for both seen and unseen noise conditions. The mean
STOI scores increase from 0.68 (noisy) to 0.78 (enhanced) in seen noise conditions
and from 0.69 to 0.73 in unseen noise, indicating an overall enhancement in
intelligibility due to the proposed method, with slightly better results for seen
noise.

PESQ, a metric for perceived speech quality, also shows substantial improve-
ment across all SNRs, with the enhanced speech consistently outperforming the
noisy speech. The mean PESQ score improves from 1.56 to 1.94 for seen noise
and from 1.37 to 1.77 for unseen noise. This indicates a noticeable enhancement
in the perceived quality of the speech after applying the enhancement model,
with a similar trend of higher improvement for seen noise conditions.

SSNR, which evaluates noise reduction by measuring the difference in SNR
between noisy and enhanced speech, shows significant gains at higher SNRs (e.g.,
5 dB and 7.5 dB). The mean SSNR improves from -4.12 to 0.90 for seen noise
and from -4.03 to -1.32 for unseen noise. However, at lower SNRs (e.g., -7.5 dB),
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SSNR remains negative, indicating that while noise reduction is achieved, it may
not be sufficient in extremely noisy environments.

Overall, the proposed enhancement approach improves intelligibility and qual-
ity across various noise conditions, particularly in environments with moderate to
high SNRs and for seen noise types. However, its performance in very low SNRs
and unseen noise scenarios may be further refined for optimal effectiveness.

(a) (b)

(c)

Figure 3.3: T-F representation of the clean signal utterance is represented (a),
followed by the spectrogram of the noisy one (b) and the enhanced spectrogram
(c).

3.4.2 Spectrogram Analysis

Figure 3.4.1 presents the spectrograms for clean, noisy, and enhanced signals. It
is clear from the figure that the spectral masking technique significantly enhances
the suppression of non-stationary noises in the noisy spectrogram. However, the
enhanced spectrogram exhibits several artifacts that impact its quality. Resid-
ual noise persists, especially in silent or low-energy regions, as seen in Fig. 3.4.1,
which compromises intelligibility. Additionally, harmonic smearing occurs, where
the distinct vertical stripes representing harmonic structures in the clean spec-
trogram become less defined, negatively affecting clarity. Some subtle spectral
details are also lost, reducing the naturalness of the enhanced speech.

25



3.4.3 Comparison with Mapping Strategies

Table 3.5: Comparison of Speech Enhancement Models Based on STOI, PESQ,
SSNR Metrics

Models STOI PESQ SSNR
Unprocessed 0.68 1.46 -4.08

CNN [47] 0.71 1.58 -0.22
Proposed SE-UNet (Mapping Strategies) 0.70 1.51 -2.38

Proposed SE-UNet (Masking Strategies) 0.76 1.86 -0.21

Table 3.5 presents a comparison of the proposed speech enhancement model
against a noisy mixture and an existing mapping based CNN architecture[47].
The noisy mixture achieves a STOI score of 0.68, while the existing CNN[47]
improves this to 0.71. The proposed mapping-based approach scores 0.70, and
the masking-based method outperforms all with a score of 0.76, indicating bet-
ter intelligibility. For PESQ, the noisy mixture scores 1.46, which the CNN [47]
improves to 1.58. The proposed models score 1.51 (mapping-based) and 1.86
(masking-based), reflecting enhanced speech quality.In SSNR, the noisy mixture
has a score of -4.08, while the CNN improves it to -0.22. The proposed mapping-
based model scores -2.38, and the masking-based model again excells with a scor
of -0.21. The masking-based model outperforms both the noisy mixture and the
existing CNN [47] across all evaluated metrics, highlighting its effectiveness in im-
proving speech quality and comprehensibility in challenging noisy environments.

3.5 Summary
This chapter assesses the proposed speech enhancement method’s ability to en-
hance voice quality and intelligibility under various noise levels. The findings
indicate that the model performs particularly well in environments with moder-
ate to high SNRs and for seen noise types. However, the results also suggest that
the model’s effectiveness diminishes in scenarios with very low SNRs and unseen
noise types. These limitations highlight the potential for further refinement of
the approach to optimize its performance in challenging acoustic environments.
Detailed analysis and recommendations for improvement will be discussed in
Chapter 4.
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Chapter 4: TF-TransNet

This chapter presents a new approach for enhancing speech signals, addressing
the challenges of previous SE-UNet posed by very low SNRs and unseen noise
types. To overcome the limitations, we employ a TF-TransNet in this study. The
model incorporates a TFA mechanism alongside a Time-Frequency Transformer,
organized within an encoder-decoder architecture to effectively reconstruct and
improve speech signals degraded by noise in the spectral domain.

4.1 Motivation
By leveraging a TFA mechanism, TF-TransNet aims to focus on the most relevant
components of the audio signal, thereby enhancing critical speech features while
minimizing the impact of noise. This study focuses on the encoder component
of the transformer architecture, particularly in the bottleneck layer. Research
indicates that dual-path attention-based architectures [48, 49] excel in speech
enhancement and separation tasks [50] due to their ability to model both tempo-
ral (time-based) and spectral (frequency-based) dependencies in speech signals.
The TF Transformer layer used in [51] is designed to effectively capture long-
range dependencies in speech signals over both time and frequency domains.
Building on the approach in [51], this study implements a TF Transformer as a
bottleneck layer, as illustrated in Figure 4.3. The architecture includes a Time-
Transformer layer, which focuses on temporal dependencies, and a Frequency-
Transformer layer, which captures frequency interactions within the data. The
encoder-decoder architecture allows for a comprehensive analysis of both the tem-
poral and spectral dimensions of the speech signal, facilitating the reconstruction
of a clearer, more intelligible output.

4.2 Proposed Methodology
The architecture of the proposed TF-TransNet is shown in Fig. 4.1, which is
designed to enhance speech signals from noisy audio using spectral masking as
a core technique. The process begins by applying the STFT to the noisy signal
X(t) to extract the short-time complex spectrum Xt,f ∈ CT×F , where T denotes
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Figure 4.1: Block diagram illustrating the proposed TF-TransNet SE method,
with spectral masking as its ceore technique.

the number of time frames and F represents the number of frequency bins. The
magnitude spectrum |Xm| ∈ RT×F and the wrapped phase spectrum ∠Xp ∈
RT×F are subsequently calculated, such that X = Xm · ejXp .

The architecture consists of multiple encoder blocks with TFA that focus
on significant time-frequency features, effectively enhancing relevant portions of
the signal while suppressing noise. The processed spectrogram information from
the encoder is directed to a bottleneck layer, where TF-transformer is utilized
to achieve improved noise suppression. Skip blocks are integrated to facilitate
information flow between layers, allowing for the combination of features from
earlier and deeper layers, thereby retaining essential details.

The decoder blocks reconstruct the enhanced output from the encoded fea-
tures, generating a mask applied to the magnitude spectrogram of the noisy
input.

Let |S(t, f)| represent the clean signal magnitude at time t and frequency f ,
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while |X(t, f)| denotes the noisy magnitude at the same time and frequency. The
IRM, denoted as M ∈ RT×F , at a specific time t and frequency f is computed as
follows:

IRM(t, f) =
S2(t, f)

S2(t, f) +X2(t, f)
(4.1)

The enhanced magnitude spectrum is derived through element-wise multi-
plication of the noisy signal magnitude spectrum and the predicted mask ˆIRM
(where M̂ ∈ RT×F ):

|Ŝ(t, f)| = ˆIRM(t, f) · |X(t, f)| (4.2)

Finally, the enhanced time-domain signal Ŝ(t) is reconstructed by computing
the iSTFT using the enhanced magnitude spectrum |Ŝ(t, f)| and the phase of the
noisy signal ∠X(t, f):

Ŝ(t) = iSTFT
{
|Ŝ(t, f)|ej∠X(t,f)

}
(4.3)

4.2.1 Encoder Decoder Architecture

The encoder comprises a series of convolutional blocks, each equipped with two
convolutional layers that use ReLU activation functions and dilation rates. By
capturing multi-scale temporal and spectral patterns, these dilation rates enable
the network to expand the receptive field without adding more parameters. After
each convolutional layer, a max-pooling operation is performed, reducing the
spatial dimensions of the feature maps while retaining key high-level features.
This enables the model to downsample the input while progressively focusing on
relevant audio features.

Block 1 has two convolutional layers with 32 filters each, using a (3, 3) kernel
size, ReLU activation, and a dilation rate of (1, 2), followed by a TFA mechanism
and max-pooling. Block 2 includes two layers with 64 filters and similar dilation,
downsampled through max-pooling. Block 3 has two layers with 128 filters and
max-pooling, while Block 4 uses 256 filters with similar configuration, and the
output is reshaped for the bottleneck layer.

The decoder architecture is designed to reconstruct the input resolution through
four sequential upsampling blocks, which reverse the operations of the encoder.
Each block consists of two transposed convolutional layers, which are respon-
sible for refining features and increasing spatial resolution. The layers utilize
decreasing numbers of filters as follows: 256 filters in the first block, 128 filters
in the second, 64 filters in the third, and 32 filters in the fourth. Upsampling
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is performed using 2D upsampling layers, and skip connections are implemented
by cropping and concatenating corresponding feature maps from the encoder to
retain high-resolution information. This strategy ensures that critical features
from the encoding phase are preserved during decoding. The final output is
produced by a transposed convolutional layer with a single filter, generates the
output mask, which is applied to the noisy spectrogram to produce the enhanced
signal.

4.2.2 Time - Frequency Attention (TFA)

The TFA mechanism embedded in the encoder is designed to process feature
maps by taking into account both their temporal and frequency characteristics.
The input to the TFA mechanism is a tensor X ∈ RT×F×C , where T represents
the number of time steps, F represents the number of frequency bins , and C

is the number of channels. This input tensor is then reshaped into two distinct
branches: a frequency branch (FB) and a temporal branch (TB), each processing
different aspects of the input data to extract relevant features, as illustrated in
Fig. 4.2. The input is transformed channel-wise in both branches using 1x1
convolution layers followed by ReLU activation. These transformations yield
query (Tq, Fq), key (Tk, Fk), and value (Tv, Fv) representations for the temporal
(T ) and frequency (F ) branches, respectively.

Frequency Branch (FB): The frequency branch operates on the reshaped
input Xf ∈ RT×F×C . Query (Fq), Key (Fk), and Value (Fv) are generated through
1× 1 convolutions:

Fq = Conv2D1×1(Xf ), Fk = Conv2D1×1(Xf ), Fv = Conv2D1×1(Xf ) (4.4)

The attention map Af is computed via a softmax function applied to the
matrix multiplication of the query and key:

Af = softmax(Fq · F T
k ) (4.5)

The attention output is then computed as a weighted sum of the values Fv

features, thereby highlighting important features based on their relevance at each
time-frequency position:

Fout = Af · Fv (4.6)

The resulting weighted features, Fout, are reshaped to match the original
feature map dimensions for subsequent stages.

Temporal Branch (TB):
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Figure 4.2: Time-Frequency Attention mechanism employed in the Encoder.
The input to the attention mechanism, InputTFA has dimensions ( T , F , C),
where T represents number of frames, F represents frequency bins, and C repre-
sents the number of channels.

The temporal branch works on the reshaped input Xt ∈ RF×T×C , where the
dimensions of time and frequency are swapped. Similar to the frequency branch,
the following operations are performed:

TB similarly transforms the input through three convolutional layers along
the temporal dimension to generate query (Tq), key (Tk), and value (Tv) repre-
sentations.

Tq = Conv2D1×1(Xt), Tk = Conv2D1×1(Xt), Tv = Conv2D1×1(Xt) (4.7)

These representations are further transformed using fully connected (Dense) lay-
ers, producing query and key vectors suitable for calculating attention. The Dense
layers, employing ReLU activation, project the reshaped representations (Tq, Tk)
and Tv to a lower-dimensional space, facilitating efficient attention computation.
As with the FB, the attention map At is computed by taking the dot product
between the query and key vectors, followed by a softmax function:

At = softmax(Tq · T T
k ) (4.8)
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The resulting attention weights are applied to the value vectors, producing a
temporal-focused output, Tout:

Tout = At · Tv (4.9)

Finally, the output is reshaped back to the original input shape:

tout_reshaped ∈ RT×F×C (4.10)

The outputs from both the frequency branch Fout and the temporal branch
Tout are then combined with the original input feature map using the parameters
α and β. These weights determine the contribution of each branch to the final
output and are initially set to 0.5, but can be adjusted during training to optimize
performance.

OutTFA = inputs + α · Fout + β · Tout (4.11)

4.2.3 T-F Transformer Layer

The output from the encoder’s downsampling layers is represented as feature
maps, mathematically denoted by Xenc ∈ RB×T×F×C . The Time-Transformer
and Frequency-Transformer modules enhance the input features by leveraging
temporal and frequency relationships using a combination of MHSA [33] to cap-
ture relationships across different parts of the speech, along with a LSTM-based
recurrent network to learn local information within each time step or frequency
component . T

Time-Transformer

For the Time-Transformer layer, this input tensor is reshaped into X ′ ∈ R(B×F )×T×C

to focus on temporal relationships between different time steps. The reshaped
tensor is processed through MHSA, which computes the attention output as:

Atime = Dropout(MHSA(X ′, X ′)). (4.12)

A residual connection is applied, followed by layer normalization:

Ytime = LayerNorm(X ′ + Atime). (4.13)

Subsequently, an LSTM layer is applied to capture local temporal patterns,
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Figure 4.3: Architecture of the TF-Transformer layer showcased in Fig. 4.1,
consisting of a Time-Transformer and a Frequency-Transformer.Both maintain
identical architectures.

yielding:
Ltime = Dropout(LSTM(Ytime)). (4.14)

Another residual connection and layer normalization result in:

Ztime = LayerNorm(Ytime + Ltime). (4.15)

Finally, the tensor is reshaped back to:

Ztime ∈ RB×T×F×C . (4.16)

Frequency-Transformer

In the Frequency-Transformer, the input tensor is reshaped to X ′ ∈ R(B×T )×F×C

to capture frequency relationships. MHSA is applied to compute:

Afreq = Dropout(MHSA(X ′, X ′)). (4.17)

33



Figure 4.4: Multihead attention mechanism that is employed in the bottleneck
layer of the proposed architecture.

A residual connection and layer normalization produce:

Yfreq = LayerNorm(X ′ + Afreq). (4.18)

A LSTM layer is then employed to extract frequency dependencies:

Lfreq = Dropout(LSTM(Yfreq)). (4.19)

Finally, another residual connection and normalization yield:

Zfreq = LayerNorm(Yfreq + Lfreq), (4.20)

and the tensor is reshaped back to:

Zfreq ∈ RB×T×F×C . (4.21)

These modules effectively refine the feature representations, with the Time-
Transformer focusing on temporal dependencies and the Frequency-Transformer
emphasizing frequency relationships.

4.2.3.1 Multi Head Self Attention

Scaled dot-product attention is a self-attention mechanism that calculates the
importance of each position in an input sequence relative to a specific ”query”
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position. This importance score is used to weight the corresponding ”value”
from the sequence. The final output is obtained by summing the weighted val-
ues. Multi-head attention, depicted in Figure 4.4, leverages multiple instances
of scaled dot-product attention in parallel, allowing the model to capture diverse
aspects of the relationships within the sequence. The MHSA component with
M heads allows the model to simultaneously focus on global information from
different representation subspaces at various positions. The MHSA is formulated
as:

MHSA(Q,K, V ) = Concat(head1, . . . , headM)WO (4.22)

where each head is defined as:

headi = Attention(QWQ
i , KWK

i , V W V
i ) (4.23)

and the attention mechanism is computed as:

Attention Scores(Q,K, V ) = softmax
(
QKT

√
dk

)
V (4.24)

Here, Q, K, and V are the query, key, and value matrices, WQ
i , WK

i , W V
i , and

WO are learned weight matrices, and dk is the dimensionality of the key vectors.
For the proposed network, number of heads ,M=2.

4.3 Experimental Setup
In this section, we describe the experimental setup, focusing on the dataset and
preprocessing steps for the proposed speech enhancement models.

4.3.1 Corpora Desccription

The dataset used for evaluation is the same TIMIT dataset [46] as outlined in
Chapter 3. However, the conditions for the network have been modified to in-
corporate both seen and unseen noise conditions. A detailed summary of these
conditions is presented in table 4.1. A total of 14,000 samples are generated by
augmenting 500 original samples with 7 different noise types and 5 distinct SNR
levels,with 80% used for training and 20% for validation. The unseen condition
consists of 50 samples, each subjected to the noise types Restaurant and Train,
with 5 distinct SNR levels (-7.5 dB, -2.5 dB, 2.5 dB, 7.5 dB, 15 dB), resulting in
a total of 500 samples for testing.
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Table 4.1: Seen and Unseen Conditions for Various Noise Types and SNR Values
of the Proposed Work

Condition Noise SNR (dB)

Seen Airport, Babble, Car,
Exhibition, Station,
Street, SSN

-10, -5, 0, 5, 10

Unseen Restaurant, Train -7.5, -2.5, 2.5, 7.5, 15

4.3.2 Tools and Libraries Used

Experiments are conducted on a GPU-facilitated platform using Google Colabo-
ratory. Data processing and preparation are performed with the pandas (1.1.4)
and NumPy (1.18.5) libraries. Audio feature extraction and manipulation are
facilitated through the librosa library, while advanced signal processing tasks are
managed using scipy.signal. The models are implemented using Keras (2.4.0) and
TensorFlow (2.3.0), with various architectures such as CNNs and LSTMs utilized
for the speech enhancement task.

The dataset is divided into training, validation, and test sets, where the train-
ing set is used for model learning, and hyperparameter tuning is conducted based
on the validation set. The final evaluation of the trained models is performed
using the test set, allowing for an objective assessment of their performance in
enhancing speech intelligibility and quality across various noise conditions.

4.4 Results
This section examines the performance of the proposed TF-TransNet architec-
ture on enhancing speech. The assessment includes a comprehensive analysis of
results obtained from various objective metrics, particularly emphasizing speech
intelligibility and quality. We conduct a comparative evaluation of scores under
different conditions, taking into account both known and novel noise types, as
well as varying Signal-to-Noise Ratios (SNRs)

4.4.1 Evaluating Performance through Objective Metrics

The results summarized in the table 4.2 provides a detailed comparison of the
enhanced signal from the proposed SE method and a noisy signal across various
SNR levels and different types of noise, specifically babble, car, and speech-shaped
noise.
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Table 4.2: Performance Comparison of Noisy and Proposed Methods Across
Various Noise Types and SNR Levels

SNR Method STOI PESQ SISDR
Babble Car SSN Babble Car SSN Babble Car SSN

-5 dB Noisy 0.52 0.55 0.59 1.17 1.09 1.22 -5.06 -5.05 -4.87
Proposed 0.71 0.72 0.74 1.56 1.56 1.64 2.37 2.55 2.62

0 dB Noisy 0.65 0.66 0.69 1.43 1.37 1.56 0.04 -0.03 -0.03
Proposed 0.80 0.81 0.81 1.97 1.98 2.00 6.84 6.85 6.10

5 dB Noisy 0.79 0.79 0.79 1.80 1.73 1.92 4.98 5.08 5.01
Proposed 0.88 0.88 0.87 2.35 2.39 2.37 10.42 11.05 10.47

The proposed method consistently outperforms the noisy signal, particularly
in terms of speech intelligibility, STOI scores. For example, at -5 dB SNR, the
STOI score increases from 0.52 for the noisy method to 0.71 for the proposed
method, reflecting a significant improvement in speech clarity and understand-
ability. Similar trends are observed at 0 dB and 5 dB SNR, indicating enhanced
clarity and understandability of speech. In terms of speech quality, the PESQ
scores also exhibit notable enhancements, rising from 1.17 (noisy) to 1.56 (pro-
posed) at -5 dB SNR, with similarly improved scores at higher SNR levels.

Additionally, the SISDR scores indicate a substantial reduction in distortion,
moving from -5.06 for the noisy method to 2.37 for the proposed method at -5
dB SNR, with consistent improvements at 0 dB and 5 dB. Overall, these results
confirm that the proposed speech enhancement method significantly improves
speech intelligibility, quality, and signal-to-distortion ratio across different noise
types and SNR levels, underscoring its effectiveness in enhancing speech clarity
in challenging auditory environments.

4.4.2 Ablation Study of the Proposed Framework

Table 4.3 shows the results of an ablation study that investigates the effects of
different components in the proposed TF-TransNet speech enhancement model.
Adding the TFA mechanism along with the encoder and decoder leads to slight
improvements compared to unprocessed speech. When a temporal transformer
(T-Trans.) is included, performance improves even more, while a frequency trans-
former (F-Trans.) provides similar results. Combining TFA with the temporal
transformer and decoder results in notable enhancements, and a similar com-
bination with the frequency transformer also works well. When both temporal
and frequency transformers are used with the encoder and decoder, there are sig-
nificant performance gains. The complete TF-TransNet model, which includes
TFA, the encoder, both transformers, and the decoder, achieves the best perfor-
mance (STOI: 0.86, PESQ: 2.40). The TFA mechanism helps focus on important
time-frequency features, while the combination of both transformers captures
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Table 4.3: Ablation Study of the Proposed Network in Terms of Objective
Intelligibility and Quality

Method STOI PESQ
Unprocessed 0.67 1.44
TFA+Encoder+Decoder 0.69 1.76
Encoder+T-Trans.+Decoder 0.73 1.85
Encoder+F-Trans.+Decoder 0.71 1.88
TFA+Encoder+T-
Trans.+Decoder

0.79 1.91

TFA+Encoder+F-
Trans.+Decoder

0.76 1.91

Encoder+T-F
Trans.+Decoder

0.82 2.13

TF-TransNet
(TFA+Encoder+TF Trans.
+Decoder)

0.86 2.4

connections across time and frequency, greatly improving speech intelligibility
and quality.

4.4.3 Comparison with Existing Networks

As a comparative analysis of the proposed network’s performance , this study
compares the proposed network in table 4.4 with three established SOTA ap-
proaches: CRN[28],GCRN [52] and a making-inpainting approach in Xiang et al.
[53]. The CRN algorithm integrates CNN and RNN to leverage the strengths of
both CNNs for local feature extraction and RNNs for sequential modeling, poten-
tially leading to improved performance. GCRN combines CNNs and RNNs with
gating mechanisms which allows the network to selectively process and retain
relevant information over extended time periods. This selective learning capabil-
ity makes GCRN particularly adept at handling sequential data characterized by
long-term dependencies and recurring temporal patterns. The fusion of these two
network types empowers GCRN to effectively process complex sequences and ex-
tract valuable insights from them. Xiang et al. [53] employs a two-stage method
for the speech enhancement task. The first stage involves calculating a binary
mask, which is subsequently applied to the noisy spectrogram. In the second
stage, the enhanced spectrogram is estimated based on the masked spectrogram
using CNN architecture.

For the Seen condition, TF-TransNet achieves the highest scores across all
metrics. In STOI, it scores 0.92 in high SNR, 0.85 in medium, and 0.77 in low
SNR. This results in an average score of 0.85 , compared to an average of 0.71
for the noisy signal. Similarly, for PESQ, TF-TransNet attains a high score of
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Table 4.4: Performance Comparison with Existing Models in Terms of Objective
Intelligibility, Quality, and Distortion Scores for Three SNR Groups

Condition Method STOI PESQ SISDR
SNR Range SNR Range SNR Range

High Med. Low Avg. High Med. Low Avg. High Med. Low Avg.

Seen Noisy 0.85 0.71 0.59 0.71 1.99 1.53 1.21 1.57 7.50 1.26 -3.74 1.67
CRN 0.87 0.77 0.65 0.76 2.15 1.69 1.56 1.80 6.00 3.30 0.16 3.15

GCRN 0.89 0.79 0.67 0.79 2.20 1.78 1.59 1.86 7.85 4.29 1.58 4.57
Xiang et al.[53] 0.90 0.81 0.69 0.80 2.32 1.90 1.63 1.95 6.57 5.83 2.80 5.07
TF-TransNet 0.92 0.85 0.77 0.85 2.87 2.58 2.00 2.48 13.55 8.36 5.26 9.06

Unseen Noisy 0.84 0.73 0.61 0.73 1.54 1.43 1.12 1.36 7.49 1.19 -3.82 1.62
CRN 0.86 0.74 0.61 0.74 1.56 1.48 1.25 1.43 5.76 2.20 -2.19 1.92

GCRN 0.85 0.77 0.65 0.76 1.64 1.67 1.29 1.53 5.76 3.28 0.26 3.10
Xiang et al.[53] 0.86 0.74 0.61 0.74 1.73 1.89 1.34 1.65 7.80 4.32 1.98 4.70
TF-TransNet 0.90 0.81 0.72 0.81 2.63 2.35 1.78 2.25 13.16 7.79 3.50 8.15

2.87 in high SNR, 2.58 in medium, and 2.00 in low SNR, with an average of 2.48,
surpassing the performance of all other methods. In SISDR, TF-TransNet shows
remarkable improvement with scores of 13.55, 8.36, and 5.26 for high, medium,
and low SNR, respectively, resulting in an average score of 9.06.

In the Unseen condition, TF-TransNet continues to outperform the other
methods, with scores of 0.90 (high SNR), 0.81 (medium), and 0.72 (low) in STOI,
yielding an average of 0.81. The PESQ scores are 2.63, 2.35, and 1.78, with an
average of 2.25, indicating strong speech quality enhancement. For SISDR, TF-
TransNet also led with 13.16 (high), 7.79 (medium), and 3.50 (low), achieving an
average of 8.15.

Table 4.5: Comparison with other SOTA models to Assess Objective Intelligi-
bility, Quality, and Distortion Scores

Method STOI PESQ SISDR
Unprocessed 0.67 1.4 0.37
CRN 0.72 1.58 1.72
GCRN 0.78 1.83 3.59
Xiang et al.[53] 0.82 2.00 3.78
TF-TransNet 0.86 2.40 8.60

To validate the robustness of the proposed TF-TransNet model, the study
presents average objective scores obtained under various noise conditions, as
shown in table 4.5. The experiments include seven different signal-to-noise ratios
(SNRs) (-7.5, -5, -2.5, 0, 2.5, 5, and 10 dB) and eight types of noise, consisting
of five familiar and three unfamiliar noise types. The results demonstrate that
the TF-TransNet model significantly improves performance compared to both
unprocessed audio and other baseline models.

In terms of STOI, which measures speech intelligibility, TF-TransNet achieves
a substantial 28.36% improvement over unprocessed audio. It also outperforms
the baseline models, showing a 19.44% improvement over the CRN model, 10.26%
over the GCRN model, and 4.88% over the method proposed by Xiang et al.[53].
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This clearly demonstrates TF-TransNet’s superior ability to enhance speech in-
telligibility.

For PESQ, which evaluates the perceived quality of speech, TF-TransNet
shows a remarkable 71.43% improvement over unprocessed audio. It also displays
significant gains over other models, improving PESQ by 51.90% compared to
CRN, 31.15% over GCRN, and 20.00% over Xiang et al.’s [53] method. This
highlights the model’s effectiveness in improving speech quality.

In terms of SISDR, which measures distortion reduction, TF-TransNet achieves
an impressive 8.23 dB improvement over unprocessed audio. It also surpasses
the CRN model by 6.88 dB, the GCRN model by 5.01 dB, and Xiang et al.’s
method by 4.82 dB. These results collectively validate TF-TransNet’s superior
performance across different noise conditions, demonstrating its robustness in
enhancing speech intelligibility, quality, and reducing distortion.

To support the findings, Fig.4.5 compares spectrograms of noisy, clean, and
enhanced speech samples processed by three existing state-of-the-art models and
the proposed TF-TransNet model. The CRN (c) and GCRN (d) models show
some noise reduction, but they struggle to maintain the harmonic structures of
the speech. The model by Xiang et al. [53] (e) performs better, offering im-
proved noise reduction while preserving more of the speech’s harmonic features.
However, the proposed TF-TransNet model (f) outperforms all others, effectively
reducing noise while closely preserving the harmonic structures, making it nearly
indistinguishable from the clean speech sample. The colored boxes in the fig-
ure clearly illustrate that TF-TransNet excels in enhancing speech quality by
achieving a good balance between noise reduction and harmonic preservation.

Another analysis of the spectrograms reveals additional insights into the per-
formance of the models. The Fig. 4.6 provides a detailed comparison of clean,
noisy, and enhanced speech signals, along with the differences between these
signals at an SNR of 2.5 dB. The clean spectrogram displays the undistorted,
original speech signal, serving as the reference. The noisy spectrogram shows the
speech signal corrupted by noise at 2.5 dB SNR, where the noise is clearly visi-
ble as irregularities in the spectrogram. The enhanced spectrogram,rocessed by
TF-TransNet, shows a significant reduction in noise and a restoration of speech
features, closer to the clean signal. The difference between clean and enhanced
spectrogram highlights the improvements made by the enhancement process, par-
ticularly in regions where the harmonic structures have been successfully recov-
ered. The difference between noisy and enhanced spectrogram further quantifies
the reduction in noise, emphasizing that the TF-TransNet model excels in both
noise suppression and harmonic preservation. The figure demonstrates the effi-
cacy of the enhancement method in reducing noise and recovering speech clarity,
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(a) (b)

(c) (d)

(e) (f)

Figure 4.5: Spectrogram visualizations of (a) noisy and (b) clean speech sam-
ples, alongside the enhanced signal processed by existing SOTA models: (c) CRN,
(d) GCRN, (e) Xiang et al. [50] , and proposed (f) TF-TransNet.

with the differences clearly showing the areas of improvement.
Further analysis of the phase spectra provides additional insights into the TF-

TransNet model’s reconstruction process during speech enhancement. The Fig.
4.7 shows the phase spectra of noisy, clean, and enhanced speech signals, pro-
viding insights into the phase manipulation by the TF-TransNet model during
speech enhancement. The noisy phase (top-left) shows a high degree of ran-
domness due to noise, which disrupts the phase coherence. After processing,
the enhanced phase (top-right) remains largely similar to the noisy phase. The
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Figure 4.6: Spectrograms showing the difference between clean and enhanced,
as well as noisy and enhanced speech signals at an SNR of 2.5 dB.

clean phase (bottom-left) displays a more structured and regular pattern, typi-
cal of natural speech. These observations highlight that the TF-TransNet model
primarily uses the noisy phase in its reconstruction process, which results in rel-
atively small phase discrepancies between the enhanced and clean signals. This
approach underscores the model’s focus on preserving the original phase struc-
ture while improving the magnitude spectrum for noise suppression. The minimal
phase difference between the clean and enhanced signals further suggests that the
model achieves effective enhancement by focusing on magnitude-based features
while maintaining phase coherence, leading to improved speech quality with min-
imal distortion.
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Figure 4.7: Unwrapped phase spectra of noisy, clean, and enhanced speech
signals at an SNR of 2.5 dB, highlighting the TF-TransNet model’s reliance on
the noisy phase for reconstruction and the minimal phase discrepancies between
clean and enhanced signals.

4.4.4 Case Study

A case study is conducted in a practical setting for speech enhancement, where
the subject recorded the utterance , ”I am going to the store to buy some gro-
ceries,” in a street environment with heavy traffic noise. In Fig.4.8 the first
spectrogram illustrates the noisy speech signal, where background traffic noise
predominates, rendering the speech difficult to discern. The second spectrogram
represents clean, noise-free speech, characterized by distinct and intelligible fre-
quency patterns. The third spectrogram displays the enhanced speech signal
processed using the TF-TransNet model. While the model significantly reduces
noise, complete elimination of the traffic noise is not achieved. Consequently,
although significant level of noise suppression is evident, full separation of speech
from background noise remains unattainable in this scenario.
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Figure 4.8: Spectrograms of the Noisy, Enhanced and Clean Speech Signals in
a Practical Settings.

4.5 Summary
In conclusion, the TF-TransNet model integrates the TFA mechanism within the
encoder, enabling it to selectively focus on critical time-frequency features of the
speech signal, thereby enhancing clarity and intelligibility. Furthermore, the in-
corporation of the temporal-frequency (T-F) transformer in the bottleneck layer
facilitates efficient information transfer from the encoder to the decoder, allow-
ing the model to maintain contextual awareness and capture complex temporal
and spectral dependencies. This combination significantly improves the model’s
performance in suppressing noise and enhancing speech quality.
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Chapter 5: Conclusion

This chapter provides a concise summary of the key findings of this research and
highlights potential avenues for future work. Additionally, it includes a list of
publications associated with this thesis.

5.1 Discussion
In conclusion, this work presents a masking-based strategy for speech enhance-
ment that effectively addresses noise degradation in monaural speech. By em-
ploying the IRM within two distinct deep learning frameworks—U-Net and TF-
TransNet, we have demonstrated significant improvements in speech intelligibil-
ity and quality. The U-Net model excels in moderate to high SNRs and familiar
noise conditions, leveraging its encoder-decoder structure and skip connections
to enhance information transfer. However, its limitations in low SNR scenarios
and with unseen noise types highlight the need for further advancements. To
overcome these challenges, the TF-TransNet introduces a TFA encoder and a
T-F transformer layer, which enables the model to capture intricate temporal
and spectral dependencies in the speech signal. The integration of multi-head
self-attention and LSTM in T-F transformer layer further enhance the model’s
ability to prioritize key features and maintain contextual awareness, resulting
in superior performance compared to existing models like the CRN, GGCRN
and masking-inpainting method. Overall, the findings of this research highlight
the efficacy of the proposed approaches in improving speech enhancement across
various noise conditions compared to mapping strategies.

5.2 Limitation
A notable limitation of the proposed speech enhancement approach is its de-
pendence on the noisy phase for reconstructing the signal instead of improving
the phase information itself. While the method focuses on enhancing the mag-
nitude of the speech signal using techniques like the IRM, the phase remains
unchanged. This reliance on the noisy phase can lead to the preservation of un-
wanted artifacts and distortions from the original signal, negatively impacting the
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quality and clarity of the enhanced speech output. Since the phase is essential
for accurately reconstructing how the speech sounds, its inadequacy can make
the processed audio sound less clear and natural. improving phase estimation
techniques could greatly enhance the performance and usefulness of the speech
enhancement system.

5.3 Future Scope
Future research in speech enhancement can focus on two important areas: En-
hanced phase reconstruction and multichannel and binaural approaches. En-
hanced phase reconstruction seeks to improve the quality of enhanced speech
signals by developing methods to accurately estimate and reconstruct the noisy
phase. This would tackle current limitations associated with phase reliance and
minimize distortion, resulting in clearer and more intelligible speech. Further-
more, the incorporation of multichannel and binaural approaches can significantly
enhance performance in complex acoustic environments. Utilizing multiple mi-
crophones or implementing binaural processing techniques allows for the capture
of spatial information, which improves the model’s ability to separate speech from
background noise. Collectively, these advancements may greatly enhance the ef-
fectiveness and applicability of speech enhancement technologies in real-world
scenarios.

5.4 List of Publications
The following publication is a direct consequence of the research carried out dur-
ing the elaboration of the thesis and gives an idea of the progression that has
been achieved.

• Akter, K., Mamun, N., Hossain, M. A. (2023, February). A tf mask-
ing based monaural speech enhancement using u-net architecture. In 2023
International Conference on Electrical, Computer and Communication En-
gineering (ECCE) (pp. 1-5). IEEE.

• Namey, A. A., Akter, K., Hossain, M. A., & Dewan, M. A. A. (2024).
CochleaSpecNet: An attention based dual branch hybrid CNN-GRU net-
work for speech emotion recognition using cochleagram and spectrogram.
IEEE Access. (Accepted for publication).
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• Orin, A. J., Akter, K., Hossain, M. A., & Dewan, M. A. A. (2024). AD-
FCINet: A fusion of convolution-involution network for Alzheimer’s disease
staging with channel and spatial-specific features. IEEE Transactions on
Medical Imaging. (Submitted for publication).
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