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Abstract

Speech Bandwidth Extension (SBE) remains a challenging task in speech pro-
cessing. It involves the intricate process of estimating missing frequency com-
ponents in low-resolution signals to reconstruct high-resolution transformations.
SBE is a technique used to enhance the quality of speech signals by expanding
the frequency range of the audio. This endeavor is fundamental for enhancing
speech quality, naturalness, and intelligibility, particularly in scenarios marred
by background noise and channel distortions. Low-resolution signals often lack
high-frequency components due to limited sampling rates and band-limiting, as
dictated by the Nyquist-Shannon Sampling Theorem. The inherent loss of high-
frequency details stems from aliasing, quantization errors, and insufficient granu-
larity in sampling, which poses significant challenges in restoring full-band speech.
Addressing these issues is critical to advancing SBE techniques. Traditional
methodologies heavily relied on statistical algorithms and learning techniques
such as Multi-Layer Perceptrons (MLP). However, the paradigm shift brought
about by Deep Learning has revolutionized this domain, opening avenues for
more efficient and effective solutions. This thesis delves into deep learning-based
approaches for addressing the complexities of BWE and speech restoration, par-
ticularly emphasizing noisy environments. This research explores three distinct
augmentations of a frequency-domain deep learning network, each tailored to
tackle specific challenges encountered in bandwidth extension and speech en-
hancement. The first approach introduces a joint bandwidth expansion and
speech enhancement paradigm utilizing Deep Neural Networks (DNNs). This
approach is meticulously designed to simultaneously expand the bandwidth of
speech signals, reduce noise interference, and maintain the quality and intelligibil-
ity of the speech. Leveraging the inherent capabilities of DNNs, this methodology
accurately estimates missing speech components. It characterizes noise profiles
within degraded signals, synthesizing high-fidelity full-band speech from limited
bandwidth inputs. The experimentation demonstrates the superior performance
of this DNN-based approach, surpassing conventional methods and presenting
promising avenues for real-world applications. Stepping beyond conventional
methodologies, the second approach introduces an end-to-end frequency-domain
framework, aptly named the Robust extension-plus-enhancement of speech utiliz-
ing Dual-former Network (RDNet). RDNet represents a paradigm shift in BWE,
aiming to recover full-band speech from noisy low-band signals directly. By intri-

cately integrating speech enhancement and ideal bandwidth extension modules

ii



0.0— Abstract

within a unified framework, RDNet demonstrates remarkable performance across
diverse noisy environments. Leveraging short-time Fourier transform (STFT) fea-
tures for enhancement, RDNet achieves significant improvements in critical met-
rics such as Short-Time Objective Intelligibility (STOI), Perceptual Evaluation
of Speech Quality (PESQ), and log-spectral distortion (LSD), underscoring its
efficacy and potential for practical deployment. Finally, this study’s investigation
culminates in introducing the conformer-motivated super-denoised network (CS-
DNet), a novel approach tailored to mitigate the mismatch problem inherent in
domain-specific encoders/decoders. By embedding a conv Unet with T-F trans-
formation layers, CSDNet reduces dependency on training data and outperforms
recent baseline methods across various objective metrics. Moreover, CSDNet ex-
hibits favorable subjective performance in comparative studies, reaffirming its
suitability for real-time applications. Through these meticulously crafted ap-
proaches, this thesis aims to advance the frontier of deep learning-based speech
bandwidth extension and speech restoration. By addressing the core challenges
of high-frequency component loss in low-resolution signals and proposing inno-
vative solutions, this work offers insights and methodologies, proposes practical
solutions for tackling real-life problems, and contributes to the wider conversa-

tion in the fields of speech processing and audio engineering.

Keywords: Speech Bandwidth Extension, Speech Enhancement, Speech
Restoration, Deep learning network, Speech intelligibility and quality, Speech
communication, Deep Neural Network, Unet, Conformer, Transformer, Robust

bandwidth extension.
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Chapter 1
Introduction

The chapter will highlight the significance of human speech in communication,
emphasizing its complex interplay of linguistic content and emotional nuances. It
discusses challenges posed by gender-based differences in voice frequencies and the
limitations of traditional telephony systems in preserving speech quality due to
bandwidth constraints. The focus shifts to bandwidth extension methods aimed
at enhancing high-frequency content perception in speech signals, with a particu-
lar emphasis on speech restoration techniques. The concept of speech restoration,
also known as speech enhancement, is introduced as a critical component in im-
proving speech quality by reducing distortions and noise. Bandwidth extension
methods, including perceptive and imperceptive strategies, are discussed, along
with their applications in speech restoration efforts. The introduction under-
scores the potential of speech restoration through artificial bandwidth extension
in various communication scenarios, from telephone communication to historical

recordings, to enrich the overall communication experience.

1.1 Research Background

Human speech stands as a cornerstone of communication, weaving linguistic con-
tent with emotional nuances conveyed through tone and cadence. It manifests in
voiced pulses carrying periodic information and unvoiced noise, each laden with
significance. Within this intricate tapestry of communication, pitch emerges as a
pivotal element, serving as a statistical measure of temporal variations that adds
depth to conversational speech. Notably, gender differences are reflected in the
fundamental frequencies of male and female voices, with male voices typically
exhibiting mean and standard deviation values on a logarithmic frequency scale
approximately half that of females. This disparity poses challenges in scenarios

where speech transmission occurs through systems with limited bandwidth, such
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as traditional telephony systems. These systems, constrained by financial consid-
erations, prioritize clear communication at the expense of reduced speech qual-
ity. As society continues to pursue optimal sound quality, the quest for efficiency
persists. Bandwidth extension emerges as a solution, wherein speech signals un-
dergo segmentation, processing, and recombination to mitigate the limitations of
restricted bandwidth transmission systems. However, achieving seamless integra-
tion of processed segments to maintain perceptual coherence poses a significant
challenge. Several methods of bandwidth extension have been introduced, classi-
fied based on factors such as the spectral band’s frequency range and the location
of signal bandwidth extension. This study focuses on extending bandwidth to
perceive high-frequency content in reproduced conversational speech signals. For
instance, in contemporary audio storage and transmission formats like MPEG1
layer-3 (MP3), perceptual coding techniques at high compression ratios introduce
distortions that affect high-frequency components, leading to diminished sound
quality. Speech restoration, also known as speech enhancement, emerges as a
critical component in this context. It aims to improve the quality of speech sig-
nals degraded during transmission or recording. By employing advanced signal
processing techniques, speech restoration algorithms enhance speech clarity, re-
duce noise, and reconstruct missing or distorted components, thereby enhancing
overall intelligibility and naturalness. Bandwidth extension methods, whether
perceptive or imperceptive[2], play a vital role in speech restoration efforts. Per-
ceptive strategies aim to reproduce high-quality full-band signals by extrapolat-
ing missing information, and leveraging correlations between lower and higher
frequency bands. On the other hand, imperceptive strategies employ artificial
bandwidth extension (BWE) techniques to analyze and augment restricted-range
speech signals, producing approximated wideband speech signals for playback.
The implementation of BWE in speech transmission involves filtering the full-
band microphone signal before digital conversion and transmission across the
telephone network. At the receiving end, the narrowband signal undergoes anal-
ysis and augmentation, culminating in the generation of an approximated wide-
band speech signal for playback. This technique, pioneered by Croll[3], has shown
promise in enhancing audio fidelity in broadcast programs and historical speech
recordings. Speech restoration through BWE holds immense potential in various
applications, from improving telephone communication to enhancing historical
recordings. By leveraging advancements in signal processing and utilizing sup-
plementary wideband recordings when available, speech restoration algorithms
can effectively enhance speech clarity and fidelity, enriching the overall commu-

nication experience.
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1.2 Problem Statement

In challenging acoustic environments where multiple speakers or background
noises coexist, humans can selectively focus their attention on a particular speaker’s
words while ignoring distractions. This ability forms the basis of speech restora-
tion, also known as speech enhancement, algorithms, which aim to mimic this se-
lective attention process by masking out background noise and enhancing impor-
tant speech content. Speech restoration algorithms find wide application as pre-
processing modules in various real-world scenarios, including automatic speech
recognition (ASR), speaker identification, and the design of hearing aids[4][5].
Over several decades, researchers have proposed various statistical approaches to
simulate human selective attention, such as subspace algorithms[6], minimum-
mean-square-error (MMSE)-based spectral amplitude estimators[7], and soft-
decision noise suppression filters[8] [7][9]. These algorithms strive to estimate op-
timal multiplicative masks through statistical inference to attenuate background
noises. The emergence of deep neural networks (DNNs) has led to learning-
based models for speech restoration, such as feed-forward networks[10], recurrent
and prolonged short-term memory (LSTM) networks[5], and others. However,
frequency-domain approaches have shown limitations, including suboptimal fea-
ture extraction using short-time Fourier transform (STFT) and challenges in
phase reconstruction, leading to compromised speech quality[5]. While post-
processing methods have been proposed to address phase estimation issues, their
effectiveness remains limited[5]. Recent advancements have introduced end-to-
end frameworks that operate directly on noisy waveforms in the time domain,
bypassing the need for explicit short-time Fourier transform (STFT) operations.
These time-domain approaches, such as fully convolutional networks (FCNs)[11],
Wave-U-Net architectures[12], and Conv-Tasnet[13], offer promising solutions by
optimizing encoder-decoder structures and eliminating phase estimation chal-
lenges. Despite these advancements, learning-based speech bandwidth extension
(SBE) frameworks need help in real-life scenarios due to mismatches between
training and testing data distributions. Factors contributing to this mismatch
include unseen speakers, accents, noises, channel distortions, and sensitive time-
domain encoder/decoder operations[14]. This thesis will discuss a few techniques
that can be used to address the prior problems that arise from the following three

factors-

e to combine speech bandwidth extension and speech enhancement in joint
training neural networks to mitigate mismatches caused by channel distor-

tions.
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« to adapt speech enhancement models trained on source domain data to tar-
get domain data, effectively reducing mismatches caused by unseen noises

in the test data for speech restoration.

e to combine directly frequency-domain and time-domain networks to achieve
balanced results, although the performance of such methods still needs to

improve.

The proposed thesis aims to build upon the insights and limitations identified
in prior studies to develop novel approaches for addressing speech bandwidth ex-
tension and restoration challenges. These approaches will consider unseen noises,
channel distortions, and sensitive time-domain encoder/decoder operations to

advance state-of-the-art speech enhancement algorithms.

1.3 Aims and Objectives

The focus of this thesis is to investigate and advance the state-of-the-art speech
bandwidth extension (SBE) and speech restoration (SR) techniques, specifically
leveraging generative diffusion models for enhancing speech quality in various

real-world scenarios. The major objectives of this work are-

« To delve into speech bandwidth extension (SBE) and speech restoration
(SR) to improve speech quality. This technique aims to increase the wave-
form resolution of speech signals, particularly in scenarios where high-
frequency components are lacking or degraded, thereby improving the in-

telligibility and quality of speech in real-world applications.

« To investigate the effectiveness of discriminative models in speech restora-
tion tasks. It will compare their performance against generative diffusion
models using the deep learning architecture, ensuring a fair and compre-

hensive evaluation of the models.

o To assess the performance of different discriminative models across differ-
ent types of speech corruptions, including background noise, interfering

speakers, room acoustics, and channel degradation.

This thesis aims to advance speech processing techniques by achieving the
aforementioned goals and introducing new perspectives and methods to speech

restoration and bandwidth extension.
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1.4 Significance and Scope of study

Speech Bandwidth Extension (SBE) is a pioneering force driving advancements
in audio technology, offering a gateway to transcend traditional audio bound-
aries and ushering in a realm of more prosperous and more immersive audi-
tory experiences. Its paramount relevance lies in its capacity to enhance audio
quality and expand the frequency range of audio signals, thereby enabling new
avenues for artistic expression. The scope of this study is comprehensive, address-
ing the overarching challenge of reconstructing high-frequency signals within the
domain of Speech Bandwidth Extension (SBE). It encompasses algorithmic de-
velopment, audio quality enhancement, real-time processing capabilities, noise
reduction strategies, accessibility considerations, interdisciplinary collaboration,
and future-proofing of SBE solutions. This thorough approach aims to delve
into the nuances of high-frequency signal reconstruction, instilling confidence in
the efficacy of our research. A focal point of future exploration within Speech
Bandwidth Extension (SBE) is mitigating spectrum discontinuity issues inherent
in high-frequency signal reconstruction. This endeavor necessitates the develop-
ment of sophisticated algorithms coupled with the integration of machine learn-
ing methodologies, contextual analysis frameworks, perceptual quality evaluation
metrics, cross-modal applications, and enhancements in accessibility. The over-
arching objectives of this endeavor encompass the elevation of audio quality stan-
dards and the facilitation of interoperability within rapidly evolving technologi-
cal landscapes. Furthermore, within the realm of Speech Bandwidth Extension
(SBE), there lies a substantial opportunity for advancements in high-frequency
signal reconstruction techniques. This entails an in-depth investigation into adap-
tive techniques capable of dynamically adjusting the extended bandwidth by
available resources and network conditions. By optimizing the reconstruction
of high-frequency signals across diverse settings, such adaptive techniques hold
the potential to ensure effective and high-quality audio transmission. Moreover,
the study explores real-time adaptation techniques to facilitate on-the-fly high-
frequency signal reconstruction. These real-time adaptation techniques are in-
tegral components in the seamless integration of Speech Bandwidth Extension
(SBE) solutions by enabling optimal audio quality and efficient bandwidth uti-

lization in dynamic communication scenarios.
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1.5 Organization of Thesis

This thesis is structured into six chapters, each addressing distinct aspects of
speech bandwidth extension and enhancement:

Section 1 serves as an introduction, outlining the motivation behind the re-
search, delineating its contributions, and providing a succinct overview of the
thesis.

Section 2 delves into the foundational concepts of speech bandwidth exten-
sion, elucidating the intricacies involved. It proceeds to review contemporary
techniques in the field, shedding light on the prevalent challenge of mismatched
probability distributions between training and test data.

Section 3 introduces a novel paradigm for joint bandwidth expansion and
speech enhancement, leveraging Deep Neural Networks (DNNs). This chapter
meticulously details the methodology, encompassing the augmentation of speech
bandwidth, noise mitigation, and preservation of speech quality and intelligibility.
Additionally, it elucidates the experimental setup and evaluation framework.

In Section 4, the focus shifts towards an end-to-end frequency-domain frame-
work termed the Robust extension-plus-enhancement of speech utilizing Dual-
former Network (RDNet). This chapter critically assesses the limitations of prior
approaches and proposes a comprehensive solution for directly recovering full-
band speech from noisy low-band signals. It proceeds to elaborate on the exper-
imental setup and provides in-depth analysis of the experimental results.

Section 5 introduces the Conformer motivated Super Denoised network (CS-
DNet), a novel approach aimed at mitigating the mismatch problem inherent
in domain-specific encoders/decoders. Beginning with an exposition of the con-
straints of time-domain approaches, this chapter unveils the proposed methodol-
ogy and delves into the experimental setup and results analysis.

Section 6 draws the thesis to a close, summarizing its contributions and of-

fering insights into potential future directions for research in the field.



Chapter 2
Literature Review

This chapter provides a concise overview of speech production, transmission, and
representation, emphasizing their significance in understanding Speech Band-
width Extension (SBE) algorithms. It discusses various representations used in
speech signal analysis and processing, including spectral, temporal, statistical,
pitch-related, contextual, and hybrid representations. Additionally, the chapter
explores the challenges and methodologies of SBE algorithms, categorizing them
into time domain and frequency domain methods. It highlights the evolution
of SBE techniques, including Spectral band mirroring (SBM) and approaches
utilizing Machine Learning and Deep Learning. Overall, the chapter lays the
foundation for understanding the subsequent sections of the study by summariz-
ing key concepts and recent advancements in speech production, transmission,
representation, and SBE algorithms.

Section 2.1 provides insight into the production and transmission of speech.
Section 2.2 outlines the impact of Resolution Limitations on Speech Bandwidth
Extension and Restoration. Section 2.3 provides insight into the different Speech

bandwidth extension algorithms, while Section 2.4 outlines the research gap.

2.1 Production and Transmission of Speech

Understanding speech production and transmission is crucial for developing an ef-
fective Speech Bandwidth Extension(SBE) solution. Different sounds with unique
characteristics are involved in speech production, and they can be grouped based
on energy distribution across the frequency spectrum. Understanding these dif-
ferences is essential for evaluating SBE algorithms and optimizing training to
accurately predict speech sounds with high energy in the wide band (WB). The
characteristics of speech signals transmitted through telephone networks are ex-

amined in terms of speech transmission. The goal is to minimize data trans-
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Restoration

mission while maintaining high performance at low costs. Initially, speech was
transmitted at 8 kHz to meet the limitations of the NB (Narrowband) analog tele-
phone standard. The transition to transmitting speech at 16 kHz significantly
improved speech quality. However, the quality of decoded speech at the receiver’s
end is also influenced by encoding at low bitrates. An effective SBE algorithm

should perform well across different codecs used in NB speech transmission.

2.2 Impact of Resolution Limitations on Speech

Bandwidth Extension and Restoration

The effectiveness of speech bandwidth extension and restoration depends heav-
ily on the resolution of the input signal. Low-resolution signals inherently lack
high-frequency components, which are critical for achieving high-quality and in-
telligible speech reconstruction. These limitations arise from fundamental prin-
ciples of signal processing, including sampling constraints, aliasing, quantization,
and band-limiting filters. Understanding these factors is essential for addressing
the challenges in extending and restoring bandwidth, particularly in degraded or

noisy conditions.

2.2.1 Sampling Rate and the Nyquist-Shannon Theorem

The Nyquist-Shannon Sampling Theorem states that to accurately reconstruct
a signal, it must be sampled at a rate at least twice its highest frequency (fs >
2 fmaz). This is known as the Nyquist rate. When the sampling rate falls below
this threshold, the signal’s higher frequency components cannot be properly cap-
tured. In low-resolution signals, the sampling rate is often limited, which leads
to the omission of frequencies above the Nyquist frequency. Consequently, these
high-frequency components are effectively removed or misrepresented, degrading
the signal’s fidelity and detail.

2.2.2 Aliasing and Its Effects

Aliasing is a phenomenon that occurs when high-frequency components of a sig-
nal are sampled at an insufficient rate, causing them to ”fold” back into the lower
frequency range. This happens because the sampling process cannot distinguish
between the true frequency and its aliased counterpart. In low-resolution sig-
nals, where the sampling rate is low, aliasing becomes a significant issue. The

result is a distorted representation of the signal, as high-frequency details are
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either misrepresented as lower frequencies or lost entirely. Aliasing can severely
compromise the integrity of the signal, making it challenging to reconstruct the

original high-frequency content.

2.2.3 Quantization Resolution and High-Frequency Sensi-
tivity

Quantization refers to the process of mapping a signal’s amplitude to discrete

levels in digital systems. The resolution of this quantization is determined by the

number of bits used to represent each sample. In low-resolution signals, fewer bits

are available, which leads to larger rounding or truncation errors. High-frequency

components, which often have smaller amplitudes and subtler variations, are more

susceptible to these errors. As a result, the precision required to capture high-

frequency details is lost, further degrading the signal’s representation.

2.2.4 Band-Limiting Filters in Signal Acquisition

Before sampling, signals are typically passed through a low-pass filter to limit
their bandwidth. This process, known as band-limiting, ensures that no fre-
quencies above the Nyquist frequency are present in the signal, thus preventing
aliasing. However, in low-resolution systems with restricted sampling rates, the
cutoff frequency of the band-limiting filter is lowered further to accommodate the
limited resolution. This means that more high-frequency components are delib-
erately removed even before sampling occurs, leading to a signal that inherently

lacks high-frequency information.

2.2.5 Granularity and Information Loss

High-frequency components require fine-grained temporal detail to be accurately
represented. The granularity of a sampled signal is determined by how frequently
the signal is sampled over time. In low-resolution systems, the sampling interval is
too coarse to capture the rapid oscillations of high-frequency components. This
insufficient granularity leads to the loss of detailed information, resulting in a
signal that is smooth and oversimplified compared to the original. The inability
to capture fine temporal details is a fundamental limitation of low-resolution
signals.

In practical systems, low-resolution signals are often used in scenarios where
computational or storage resources are constrained, such as in low-power devices

or real-time systems. However, this trade-off comes at the expense of losing high-
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frequency components, which can affect the clarity and quality of the signal. A
useful analogy is capturing a rapidly oscillating sine wave with a coarse sampling
rate. With a low resolution, only a few points are recorded along the wave,
making it impossible to reconstruct its rapid oscillations. On the other hand, a

higher resolution captures more points, preserving the wave’s fine details.

2.3 Speech Bandwidth Extension Algorithms

Speech bandwidth extension (SBE) tackles the challenge of expanding the band-
width of signals that have been limited due to factors like imperfect transduc-
tion, compression algorithms, or noise interference[15]. Historical limitations in
telecommunication design, influenced by technological and economic factors, of-
ten led to the adoption of band-limited versions of wide-band signals, despite
advancements in microphone and digital signal processing technologies[16]. Early
telecommunication systems, constrained by modem capabilities and storage lim-
itations, prioritized restricting the bandwidth of speech signals while ensuring
clarity[17]. SBE methods aim to estimate missing frequency components, which
are classified into high-frequency or low-frequency categories based on the tar-
geted frequency range[18]. Additionally, methods are categorized as blind or
non-blind depending on whether prior information about the desired output is
available[19]. For example, early 20th-century non-ideal transducers lacked prior
information, while telecommunications systems could utilize filtered data to in-
form the estimation of missing spectral components. In modern digital signal pro-
cessing, BWE techniques extensively leverage information from time, frequency,
and joint time-frequency domains[20]. The advancement of Deep Learning has
significantly contributed to addressing blind high-frequency BWE challenges[5].
Experimental setups typically involve down-sampling wide-band signals using
anti-aliasing Low Pass Filters (LPF) followed by upsampling [16]. The resulting
narrow-band signals are then used as inputs for BWE algorithms, aiming to re-
construct wide-band signals with enriched frequency content. Two primary BWE
approaches are time domain and frequency domain methods [19]. Time domain
BWE entails upsampling a downsampled wide-band signal to estimate missing
high-frequency components. Conversely, frequency domain BWE involves esti-

mating missing frequency bins and phase information within the Discrete Fourier
Transform (DFT) domain[16].

10
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2.3.1 Spectral Bands Mirroring

Spectral Bands Mirroring (SBM) was developed based on the notion that the
spectral envelope of a signal contains the majority of its spectral information.
This method exploits the strong correlation between the lower and upper halves
of a signal’s Discrete Fourier Transform (DFT) magnitudes. By leveraging this
correlation, SBR aims to replicate high-resolution signals through the translation
of the lower half spectrum and normalization of the translated high-frequency
spectrum with the spectral envelope. The frequency analysis in SBM relies on
complex exponential-modulated quadrature mirror filter (QMF) banks. The SBM
algorithm typically follows these steps:

1. Extraction of the spectral envelope from the input signal.
2. Filtering the signal with a Low Pass Filter (LPF) before transmission.
3. Transmission of both the filtered signal and the spectral envelope.

4. Transposing or mirroring the spectrum to obtain high-frequency spectral

content.
5. Normalizing the spectrum with respect to the spectral envelope.

Initially designed for signal compression, SBM has been notably implemented in
MPEG-1 Audio Layer 3 Pro (MP3Pro), enabling significant compression ratios.
While SBM is a non-blind Bandwidth Extension algorithm, which falls beyond
the scope of this thesis, a simplified version using Short-Time Fourier Trans-
form (STFT) as a replacement for QMF filter banks is utilized for comparison
purposes[21].

2.3.2 Approaches Utilizing Machine Learning

Machine learning approaches for high-frequency speech Bandwidth Extension
(BWE) have evolved significantly since the pioneering work of Cheng et al. in
1994[22]. They observed that speech, characterized by phonemes or broad pho-
netic classes, exhibits distinctive patterns across the narrow-band or higher fre-
quency spectrum. To avoid the complexities of classifying frames into phoneme
classes, they assumed that each narrow-band sequence is produced by a sum of
M random sources. Gaussian noise autoregressive modeling was employed for
the sources, and the Expectation-Maximization algorithm was used for param-
eter estimation. Thereafter, in the same year, Yoshida and Abe[23]|proposed a

non-blind BWE algorithm based on codebooks, exploiting the high correlation

11
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between narrow-band and wide-band spectral envelopes. This approach involved
forming pairs of spectral envelopes to serve as queries and keys for the code-
book. Each narrow-band frame’s spectral envelope was compared to those in
the codebook, with the best match providing the index for the corresponding
wide-band envelope. Building on Yoshida and Abe’s work, Epps and Holmes
in 1999[24] categorized codebook-based BWE approaches into three categories:
codebook mapping, codebook mapping with interpolations, and codebook map-
ping with split codebooks. They introduced the concept of separating code-
books into voiced and unvoiced counterparts. Innovative transformations, such
as the Mel-frequency Cepstrum Coefficients (MFCC), have been proposed to
enhance spectral representation[25]. Niklas and Enbom|[26] replaced Linear Pre-
dicted power spectrum envelopes with MFCCs for BWE applications in 1999.
Optimization techniques were explored between 2000 and 2010, focusing on spec-
tral envelope estimation, codebooks, and vector quantization[27, 28, 29, 30, 31].
Iser and Schmidt[32] compared codebooks with Multilayer Perceptrons (MLPs)
trained on Linear Predictive Coding (LPC) parameters, highlighting the impor-
tance of selecting an appropriate loss function for BWE tasks. Kontio et al.in
2007[33] introduced a partially recurrent fully connected MLP for BWE, incorpo-
rating spectral density energy distribution features into their model. They were
the first to utilize reinforcement learning algorithms in BWE training. Li et al.
in 2015[34] proposed the first frequency-based neural network architecture for
BWE, utilizing Mel-transformed log-spectrograms as input. Liu and Bao[35] in-
troduced Echo State Networks (ESN) as an alternative to discretized state-space
models, demonstrating the effectiveness of continuous state-space modeling for
BWE. Bachav et al. in 2017[36] adopted the constant-Q transform in place of the
traditional Short-Time Fourier Transform (STFT), leveraging Gaussian Mixture

Models to estimate log-scaled constant-Q transform coefficients.

2.3.3 Approaches Utilizing Deep Learning

In 2016, Deep Neural Networks (DNNs) made significant advancements in speech
generation tasks, exemplified by WaveNet[41] and SampleRNN/[42], which focused
on raw audio modeling and frame-based solutions, respectively. These develop-
ments paralleled progress in computer vision, where super-resolution techniques
addressed similar challenges to bandwidth extension (BWE) in speech process-
ing. Dong et al.[43] proposed a two-layer CNN for end-to-end mapping between
narrow-band and super-resolution images. Expanding on this, Kuleshov et al.[37]

introduced the first end-to-end time-domain high-frequency BWE DNN;, utilizing

12
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an autoencoder with residual connections and a cubic-splined version of an aliased
narrow-band signal. They introduced the Subpixel layer for upsampling instead
of transposed convolution. Wang et al.[44] proposed using parallel WaveNets
to model conditional probabilities and log-mel spectrograms for low-resolution
audio.
Lim et al.[45] highlighted similarities between BWE and image super-resolution,

proposing a DNN architecture with two parallel AudioUNets trained in frequency
and time domains, integrating a spectral fusion layer. The spectral fusion layer

equation is given as [46]:

M=wo|F@)+(1l-w)om (2.1)

j = F~'(Mexp(j - angle(F'(2)))) (2.2)

where [ is the Fourier transform, 2 is the output of the time-domain section
of TFNet, m is the frequency-domain section of TFNet, ® denotes element-
wise multiplication, F~! is the inverse Fourier transform, and w is a trainable
parameter.

Building on these insights, Birnbaum et al.[38] advocated for using Recurrent
Neural Networks (RNNs) to capture long-term dependencies, introducing batch
normalization and Feature-Wise Linear Modulation (FiLM) for model stability
and flexibility. Wang and Wang [47] proposed a linear combination of frequency
and time loss components for enhanced performance using an Autoencoder CNN
(AECNN) architecture.

Subsequent developments focused on lightweight CNN-based architectures to
address computational resource constraints. Johnson and Parberry [48] proposed
a stacked time-domain dilated CNN, while Dong et al. [49] incorporated atten-
tion mechanisms and non-local convolutions. Bingiang et al. [50] introduced a
pyramid wavelet CNN (PWCNN) for DWT coefficient reconstruction, and Rako-
tonirima [39] proposed Attention FiLM (AFiLM) using Transformer blocks.

In 2020, Lagrange and Gontier [51] proposed a fully convolutional dilated
neural network architecture for BWE, utilizing two non-dilated and L-2 dilated
convolutional blocks. The architecture maintained consistent input, output, and
feature map dimensions across the network. It employed dilation only on the
frequency dimension, ensuring simplicity and interpretability, albeit with trade-
offs in time-frequency resolution.

Time-domain solutions for BWE have proven the most successful, implicitly

estimating both magnitude and phase. However, they require more trainable
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parameters compared to frequency domain solutions. While efficient, frequency
domain methods struggle with artifact reduction due to phase reconstruction
errors. Table 2.1 presents a summary of a few recent works of deep learning-based
speech bandwidth extension models concerning the domain, features, models,

Contributions, and their limitations.

2.4 Research Gap

Despite the growing body of research on speech bandwidth extension, some issues
such as handling noisy conditions, robustness to noisy variations, computational
complexity, etc. have not been addressed to date. Based on the literature re-
view on speech bandwidth extension (SBE) algorithms, several research gaps
and unanswered questions emerge, pointing towards potential areas for further
investigation. A significant research gap lies in the effective handling of noisy
conditions during SBE for speech restoration. Although many algorithms show
promising results under clean conditions, their performance often deteriorates in
the presence of noise. Addressing this gap requires exploring robust SBE algo-
rithms capable of accurately predicting high-frequency components even in noisy
environments. Furthermore, the impact of different types and levels of noise
on SBE performance remains unclear, raising questions about the robustness of
existing algorithms in various noise scenarios.

Another research gap pertains to the computational complexity of SBE al-
gorithms, especially in real-time applications. Many deep learning-based ap-
proaches exhibit high computational demands, limiting their practical deploy-
ment in resource-constrained environments such as mobile devices or embedded
systems. Investigating lightweight architectures and optimization techniques tai-
lored specifically for SBE could bridge this gap, enabling efficient and real-time
implementation of bandwidth extension solutions.

In addition, the literature review highlights the need for comprehensive eval-
uation metrics that accurately reflect the perceptual quality of extended speech.
Although traditional objective metrics such as SegSNR and LSD scores provide
valuable insight into signal fidelity, they may not fully capture the subjective
listening experience. Developing perceptually meaningful evaluation metrics tai-
lored to the characteristics of extended speech could provide a more holistic

assessment of the performance of SBE algorithms.
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Table 2.1: Brief literature summary on a few recent works of deep learning-based
speech bandwidth extension models concerning the domain, features, models,
Contributions, and their limitations.

Article Feature Approach Contribution Limitation

Li et al., .

2015(34] STFT Deep Neural Net- Recover hlgh Incorrect  phase
work(DNN) band spectra in recovery, spec-

clean conditions, trum disconti-
perform  better nuity, unable
in known phases, to recover high
shows improved band in noisy
SegSNR and LSD  conditions.
scores.

Kuleshov et Waveform Deep  Convolu- Directly model Unable to handle

al., 2017[37] .
tional Neural natural raw large and complex
Network(CNN) signal, better dataset, unable to
with residual scalability and perform in noisy
connection computational condition or dis-

resources. tortion.

S.

Birnbaum o

Waveform  Temporal Optimized Unable to capture

et al., . .

2019[38] F('eature—Wlse Ft?ature—Wlse long-'term depen-
Linear Modula- Linear Modu- dencies, unable to
tion(TFiLM) lation(FiLM) perform well in

for the wuse of robust conditions.
one-dimensional

convolutional

layers.

Nathanael

et al., Waveform  Attention-based Efficiently incor- Arise computa-

2021[39] Feature-Wise porate long-range tional complexity
Linear Modula- information, out- for more number
tion(AFiLM) performs [37, 38] of  parameters,

models on the not well suited in
multi-speaker noisy conditions.
task.

zll/llaI;((i)(;ISTZO] STFT AERO(Unet Recovery con- Complex val-

K using  complex- tributes in fre- wued spectrogram
valued spectro- quency axis only, introduce addi-
gram + time and can handle phase tional computa-

frequency domain
loss function)

information effi-
ciently, Directly
predict full fre-
quency range for
reconstruction.

tional complexity,

<128M pa-
rameter create
potential limita-
tion.
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Chapter 3

Joint Speech Bandwidth

Expansion and Restoration

This chapter! explores a joint approach, aiming to simultaneously expand band-
width and restore speech quality using Deep Neural Networks (DNNs). With
the primary objectives of recovering high-frequency spectra and reducing noise in
speech signals, the research proposes a DNN-based approach to reconstruct clean
full-band speech from noisy low-band signals. By addressing these challenges, the
study seeks to advance speech processing technologies, benefiting speech commu-
nication, recognition, and synthesis. Motivated by the limitations of traditional
methods, the research harnesses the potential of DNNs to innovate in the field of
speech processing.

Section 3.1 provides insight into the motivation behind the proposed frame-
work and reviews related studies. Section 3.2 outlines the proposed architec-
ture, while Section 3.3 details the experimental setup and performance evaluation
across various scenarios. Finally, Section 3.4 summarizes the chapter, highlight-

ing the key findings and contributions of the research.

3.1 Motivation

In the realm of speech processing, the joint expansion of bandwidth and restora-
tion of speech quality has garnered significant attention. The primary challenge
lies in simultaneously augmenting the bandwidth of speech signals while im-
proving their fidelity. Traditional methods have struggled to achieve this dual
objective effectively. However, with the advent of Deep Neural Networks (DNNs),

there’s a newfound promise in addressing this challenge. DNNs exhibit the ca-

!The works in this chapter have been published in [52]
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pacity to comprehend intricate relationships between input and output signals,
making them suitable candidates for tackling the complexities inherent in joint
bandwidth expansion and speech enhancement tasks. Recent advancements have
led to the development of algorithms that leverage DNNs for this purpose. These
algorithms aim to not only increase the bandwidth of speech signals but also to
diminish noise, all while preserving speech quality and intelligibility. By harness-
ing the capabilities of DNNs, researchers have proposed innovative approaches
to jointly expand bandwidth and restore enhanced speech. The motivation be-
hind this study stems from the recognition of the limitations of existing methods
and the potential offered by DNN-based approaches. By exploring the possibili-
ties afforded by DNNs, there’s an opportunity to revolutionize speech processing
techniques and overcome longstanding challenges in bandwidth expansion and

speech restoration. The aim of this thesis is twofold-

« Firstly, it aims to tackle the challenge of bandwidth expansion, endeavoring

to recover the high-frequency spectrum of speech signals.

e Secondly, it seeks to address the issue of noise reduction, aiming to recon-

struct clean speech from noisy speech signals.

To achieve these objectives, the study proposes a DNN-based approach designed
to reconstruct clean full-band speech spectra from their noisy low-band coun-
terparts. Through this research, we aspire to contribute to the advancement of
speech processing technologies, particularly in the domains of speech communi-

cation, speech recognition, and speech synthesis.

3.2 Proposed Architecture

The proposed system depicted in Figure 3.1 comprises two main stages: training
and testing. In the training stage, a full-band audio signal is initially filtered to
obtain a narrowband signal using a 20th-order Butterworth filter with a cutoff
frequency of 3000 Hz. Subsequently, short-time Fourier transform (STFT) is
applied to extract features from the audio signal. During training, the model
takes clean narrowband audio as input and aims to predict the corresponding
clean full-band audio signal. For extracting features, targeted wideband signal is
segmented into frames using STFT. Equation 3.1 illustrates the STFT process,
where each frame is represented as Y(m,n), with m denoting the frame index,
n representing the frequency index, indicating the window shift, N being the
window length, and h(k) representing the Hamming window function. From

the STFT, log-spectral power magnitude and phase information are extracted as
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Figure 3.1: Overall block diagram of proposed DNN-based joint speech band-
width expansion and speech restoration.

features. During testing, a noisy narrowband signal is inputted into the model to
recover the clean full-band signal. The input narrowband signal, x, is generated
by filtering and downsampling the wideband signal y. Features of the narrowband
signal, denoted as Xmag and X, represent the log-spectral magnitude and phase,

respectively.

F

Y(m,n) = y(m * A + k)h(k)e2mkn/N (3.1)

B
Il

3.2.1 Model Description

The DNN architecture, depicted in Figure 3.1, consists of one input layer, one
output layer, and three hidden layers, each containing 256 nodes. The input
to the DNN comprises the log spectrum of the narrowband signal, while the
output is the high-frequency log spectrum of the wideband signal. To ensure the
effectiveness of the DNN, the input and output dimensions are normalized across
all training samples to have zero mean and unit variance. This normalization
process is also applied during the bandwidth expansion stage, where the input
feature vectors are normalized, and the output undergoes reverse normalization.
The DNN operates with a window size of 256 and a window shift of 128 for the
narrowband signal. The mean squared logarithmic error (MSLE) is utilized as
the training loss function, with a base learning rate set to 107°. The ’Adam’
optimization method is employed with batches of 64 examples and a learning
rate of 0.001. Training halts when the MSLE value remains unchanged for five

consecutive epochs, indicating convergence to an optimal condition. The MSLE
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calculation, as described in Equation 3.2, quantifies the difference between the
log-transformed actual signal (y) and the predicted signal (§) across all input
signals (n). This error measure guides the training process toward minimizing

the discrepancy between the predicted and actual signals.

E; = (log(y; + 1) — log(§; + 1))* (3.2)

i=1
Here, n represents the number of input signals, y; denotes a data point of the

original signal, and g; is the data point value of the predicted signal.

3.2.2 Reconstruction of Signal

Signal reconstruction focuses on restoring the wideband signal from the predicted
high-frequency spectra while addressing the challenge of phase information. Var-
ious techniques have been developed to estimate the phase for high-frequency
components predicted by the model. The high-frequency spectra are derived
from the output of the DNN and compensate for energy losses caused by the use
of only half the points from the wideband signal to construct the narrowband
spectrum [53].

To reconstruct the phase information, three conditions are considered:

1. Oracle Phase:

LY =17 (3.3)

Here, ZY represents the clean full-band phase, which is directly used as the
reconstructed phase (£2).
2. Imaged Phase:
L7 = —flip(£L Xow) (3.4)

The phase is obtained by flipping and negating the noisy narrowband phase
(£ Xiow)-
3. Noisy Phase:
L X noisy = L7 (3.5)

The reconstructed phase (LZ ) is taken directly from the noisy full-band phase
(£ Xy

In the testing phase (illustrated in Figure 3.1), the input noisy narrowband
signal is processed using windowing via the short-time Fourier transform (STFT)
to estimate the high-band signal. After estimating the magnitude of the high-
frequency signal, waveform reconstruction is performed by combining the esti-

mated magnitude with the respective phase information under the mentioned
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conditions.

The reconstructed signal is computed as:

A A A

Z = Zag - €xp(j - £LZ) (3.6)

where Zmag is the estimated magnitude, and /7 is the reconstructed phase.
Finally, the inverse short-time Fourier transform (ISTFT) is applied to Z ,

followed by overlapping and adding with the same Hamming window to recon-

struct the signal accurately. This approach ensures proper phase and magnitude

integration for high-quality wideband signal reconstruction.

3.3 Experiments and Results

3.3.1 Dataset Description

This experiment has been conducted by using TIMIT Acoustic Phonetic Continu-
ous Speech Corpus[54], sponsored by DARPA-ISTO, is a comprehensive collection
of read speech designed for acquiring acoustic-phonetic knowledge and developing
and evaluating automatic speech recognition systems. It was developed collabo-
ratively by several institutions, including MIT, SRI, and TI, with speech recorded
at TI, transcribed at MIT, and managed by NIST. The corpus consists of 6300
sentences, with each of the 630 speakers delivering 10 sentences, representing 8
major dialect regions of the United States. The corpus includes a diverse range
of speech material, such as dialect sentences, phonetically-compact sentences,
and phonetically-diverse sentences. The corpus is subdivided into training and
testing data, with a core test set containing 24 speakers and a more extensive
complete test set comprising 168 speakers. The corpus also includes associated
files for each utterance, including speech waveform files, orthographic transcrip-
tions, word transcriptions, and phonetic transcriptions. Online documentation

provides detailed information on corpus design, collection, and transcription.

3.3.2 Experimental Setup

This study utilized 1000 samples sourced from various male and female speakers
from the TIMIT corpus for training, alongside 50 samples for testing. All speech
samples were formatted as 16-bit, 16kHz waveform files. Separate sets of speak-
ers were used for training and testing, with 20% of the training data reserved for
validation. All speech samples were standardized to a uniform sampling rate of

16kHz. By training on clean signals, the model effectively learns the fundamen-
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tal characteristics of speech, allowing it to generalize well and reconstruct high-
quality wideband signals, even in noisy conditions. During testing, this training
strategy enables the model to leverage these learned characteristics to enhance
speech from noisy inputs, as reflected in improved numerical values of evaluation
metrics such as SNR, PESQ, and STOI. To evaluate the model’s robustness, test-
ing was conducted using both clean and noisy signals. This approach allowed for
a comprehensive assessment of the model’s efficacy in reconstructing wideband
signals under realistic conditions where noise significantly impacts speech signals.
The experiments were performed on the TIMIT corpus, with audio sampled at
16kHz and 16-bit resolution. Short Time Fourier Transform (STFT) was applied
with a window size of 256 samples and a shift length of 128 samples for both
wideband and narrowband signals. For training, the Mean Squared Logarithmic
Error (MSLE) was used as the loss function, with a base learning rate set to 107°.
The Adam optimization algorithm was employed with batch sizes of 64 examples,
and training was terminated when the loss value remained constant for five con-
secutive epochs. Additionally, Minimum Mean Squared Error (MMSE) training
was conducted to further optimize the model. This phase also used a base learn-
ing rate of 107°, with the Adam optimizer dynamically adjusting the learning
rate based on the reduction in mean squared error. MMSE training adopted a
mini-batch strategy with a batch size of 32 utterances and halted once the mean
squared error reached a minimum threshold of 0.001. By leveraging clean sig-
nals for training, the model was designed to adaptively learn the fundamental
characteristics of speech, making it more capable of recovering signals from noise
during testing. This approach highlights the importance of model adaptability

for achieving robust signal reconstruction in both clean and noisy conditions.

3.3.3 Results

This study evaluated the performance using various objective measures, compar-
ing the enhanced speech signal with the clean reference from the TIMIT test
set. To simulate real-world scenarios, two types of noise, namely speech-shaped
noise and car noise, were added to the clean signal at different signal-to-noise
ratio (SNR) levels. Objective metrics such as perceptual evaluation of speech
quality (PESQ), short-time objective intelligibility (STOI), and spectrogram or-
thogonal polynomial measure (SOPM) were computed to assess the quality and

intelligibility of the enhanced speech signal.

« Perceptual Evaluation of Speech Quality (PESQ): PESQ is a widely

used objective metric for evaluating the quality of speech signals. It mea-
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sures the similarity between the original and degraded speech signals by
simulating human perception. PESQ scores range from -0.5 to 4.5, where
higher scores indicate better speech quality. A score close to 4.5 indicates

excellent quality, while a negative score suggests severe degradation[55].

« Spectrogram Orthogonal Polynomial Measure (SOPM): SOPM is
a metric used to assess the quality of enhanced speech signals. It quantifies
the similarity between the spectrograms of the original and enhanced sig-
nals, focusing on preserving spectral characteristics. SOPM scores typically
range from 0 to 1, where a score closer to 1 indicates better preservation

of spectral features. A score of 0 implies significant distortion or degrada-
tion[56].

« Short-Time Objective Intelligibility (STOI): STOI measures the in-
telligibility of speech signals by analyzing their temporal characteristics.
It evaluates how well speech can be understood in noisy environments by
comparing the similarity of short-time segments between the original and
degraded signals. STOI scores range from 0 to 1, with 1 indicating perfect
intelligibility and 0 representing complete unintelligibility. Scores closer to

1 suggest better speech intelligibility in noisy conditions[57].

3.3.3.1 Ohbjective scores in Clean scenario

Table 3.1 displays the outcomes of an ablation study conducted on reconstructed
signals from the TIMIT corpus under clean conditions. This study contrasts
the original signal with three distinct reconstructed signals featuring different
phases (Oracle, Imaged, and Noisy). The results shed light on the quality and
intelligibility of the reconstructed speech signals across various phases. Notably,
the signal reconstructed using the oracle phase exhibits the highest PESQ score
of 3.04, indicating commendable speech quality. Following closely are the noisy
phase at 2.98 and the imaged phase at 2.96. In terms of STOI, the oracle phase
achieves the highest intelligibility score of 0.82, trailed by the noisy phase at 0.78
and the imaged phase at 0.76. Additionally, SOPM scores demonstrate that the
oracle phase effectively preserves spectral characteristics, scoring 0.86, while the
imaged phase follows at 0.79 and the noisy phase at 0.76. Overall, although all
phases exhibit relatively good performance across the objective measures, the
oracle phase consistently outperforms others in terms of both speech quality and

spectral preservation.
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Table 3.1: Effects of different phases in Clean Scenario.

Reconstructed Signal

Objective Measures Noisy Low Signal Oracle phase Tmaged phase Noisy phase

PESQ 1.62 3.04 2.96 2.98
STOI 0.77 0.82 0.76 0.78
SOPM 0.75 0.86 0.79 0.76

Table 3.2: Performance Evaluation of Full Band Noise (SSN)

10 dB 5 dB
Objective Measures Unprocessed Enhanced Unprocessed Enhanced
h Oracle Imaged Inverse Imaged Noisy T Oracle Imaged  Noisy
PESQ 2.3 2.6 2.32 2.32 1.97 2.31 1.97 1.97
STOI 0.86 0.9 0.86 0.87 0.77 0.84 0.79 0.78
SOPM 0.92 0.96 0.93 0.92 0.85 0.9 0.86 0.86

3.3.3.2 Objective scores in Noisy scenario

Table 3.2 and Table 3.3 present the results of an evaluation of audio signal pro-
cessing techniques in two different noisy environments: full-band noise (SSN)
and low-band noise (Car). Each table contains three objective measures: PESQ),
STOI, and SOPM. The results are provided for both the noisy signal and the en-
hanced signal under different conditions: using the oracle phase, imaged phase,
inverse phase, and noisy phase. Comparing the performance of the noisy sig-
nal with the enhanced signal, it is evident that the enhanced signal generally
outperforms the noisy signal across all objective measures. In Table 3.2, the
full-band noisy environment (SSN), the enhanced signal shows improvement in
PESQ, STOI, and SOPM values by 30%, 4%, and 4% respectively, compared to
the noisy signal at 10 dB, and by 34%, 7%, and 5% respectively at 5 dB. Simi-
larly, in Table 3.3, in the low-band noisy environment (Car), the enhanced signal
demonstrates improved performance metrics compared to the noisy signal, par-
ticularly at lower SNR levels. Overall, these tables highlight the effectiveness of
the proposed system in enhancing speech signals in noisy environments, with the
enhanced signal exhibiting higher quality, intelligibility, and spectral preservation

compared to the original noisy signal.

Table 3.3: Performance Evaluation of Low Band Noise (Car)

10 dB 5dB
Objective Measures Unprocessed Enhanced Unprocessed Enhanced
- Oracle Imaged Inverse Imaged Noisy 7777 Oracle Imaged Inverse Imaged Noisy
PESQ 2.32 2.6 2.32 2.32 1.97 2.3 1.97 1.97
STOI 0.86 0.9 0.88 0.88 0.76 0.82 0.78 0.77
SOPM 0.91 0.95 0.93 0.923 0.85 0.9 0.86 0.86
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Figure 3.2: Spectrogram of one test utterance with SNR 10 dB, (a) Noisy low
band signal spectrogram, (b) Predicted full band signal spectrogram, (c) Original
full band signal spectrogram. .

3.3.3.3 Spectrogram analysis

Figure 4.5 provides a visual representation of a male utterance extracted from the
TIMIT test set. It is evident that when directly predicting the high-frequency
spectrum, certain high-frequency bands are obscured or washed out. However,
the proposed approach is capable of reconstructing the full-band spectrogram

without any discontinuity.

3.4 Summary

In this chapter, a novel deep neural network (DNN) based approach is presented
for simultaneous bandwidth expansion and speech restoration. The primary ob-
jective is to enhance the quality of speech signals while increasing their bandwidth
and reducing noise interference. The network incorporates three distinct phases,
leveraging magnitude spectra to recover high-band components. Its design allows

for the concurrent estimation of missing speech components and noise profiles
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within degraded speech signals. Results indicate that the DNN-based approach
excels in noisy environments, surpassing conventional methods. Through a com-
parative and evaluation of audio signal processing, the efficacy of the enhanced
signal is demonstrated compared to the original noisy low-band signal. Notably,
the reconstructed signal with the "oracle” phase exhibits superior performance,
achieving a PESQ score of 3.04 and SOPM score of 0.86. While the "imaged” and
"noisy” phases also yield comparable results, the oracle phase stands out. The
improvement is more pronounced in full-band noisy environments, where the en-
hanced signal enhances PESQ, STOI, and SOPM values by 0.04, 0.03, and 0.01
respectively at 10 dB compared to 5 dB. Similarly, in low-band noisy environ-
ments, enhancements of 0.05, 0.02, and 0.03 are observed at 10 dB compared to 5
dB. These findings underscore the potential of the proposed method to effectively
enhance speech signal quality in noisy settings.

Overall, while the reconstructed signal quality remains robust in clean scenar-
ios, there is room for improvement in noisy conditions. Particularly, the perfor-
mance of the oracle phase indicates promising prospects for further refinement.
Further investigation into the effects of different signal-to-noise ratios (SNRs)
across various noisy conditions is warranted to validate the method’s robustness

comprehensively.

25



Chapter 4

RDNet: Robust
extension-plus-enhancement of

speech utilizing Dual-former
Network

This chapter addresses the challenge of mitigating mismatch issues resulting from
channel effects in noisy environments. In Section 4.1, the chapter discusses the
motivation behind the study and reviews related research. Section 4.2 presents
a novel approach that integrates a bandwidth extension module with a speech
enhancement module to address scenarios where high-frequency information is
lost due to channel effects in noisy conditions. The experimental setup and
results are detailed in Section 4.3, while Section 4.4 provides a summary of the

chapter’s findings.

4.1 Motivation

In real-world scenarios, speech signals often suffer from distortion caused by back-
ground noise and the loss of high-frequency information due to transmission chan-
nels. As wider bandwidths in speech signals lead to better perceptual quality and
intelligibility, recovering missing frequency information becomes crucial for tasks
like speech enhancement, especially when facing the mismatch problem due to
channel effects.

Bandwidth extension techniques are commonly employed to recover high-
frequency information from narrowband signals, benefiting applications such as

hearing aids design [9, 58] , speech recognition [34, 59, 60], and speaker verifi-

26



4.1- Motivation

Frequency [kHz]

a

. 0.5 1.0 1.5 2‘ .I
noisy narrowband signals

Figure 4.1: The process involves two key steps: First, the noisy narrowband
signal undergoes enhancement to eliminate noise (Step 1). Second, the improved
narrowband signal is extended in bandwidth to produce the clean fullband sig-
nal(Step 2) [1].

cation [61, 62]. However, existing bandwidth extension methods, including deep
neural networks (DNN) [34, 63], fully convolutional networks [37, 64], generative
adversarial networks (GAN) [65], and WaveNet [66], primarily operate under
ideal conditions with clean narrowband signals as inputs, termed as ideal band-
width extension. However, in real-world scenarios where signals are distorted and
partially missing due to channel effects, the conventional bandwidth extension ap-
proach alone cannot address this condition effectively. A common approach to
recover high band spectra involves performing speech enhancement on the noisy
narrowband signal first (Step 1) and then conducting ideal bandwidth extension
(Step 2) shown in Figure 4.1. For instance, P. J. Moreno et. al, has employed
iterative Vector Taylor Series (VTS) approximation algorithms [67] for feature
enhancement, followed by Gaussian mixture models or maximum a posteriori
models to reconstruct wideband signals [68, 69]. Recently, there has been a trend
towards using a single neural network for combining speech enhancement and
bandwidth extension (UEE) using deep learning techniques. This method has
become well-liked because it is both efficient and effective. The UEE approach
typically involves a two-stage training scheme where speech enhancement and
bandwidth extension modules are trained separately and then fine-tuned jointly
with a single mean square error (MSE) loss between the clean wideband ground-
truth and the enhanced-plus-extended output [70].

This chapter proposes an end-to-end frequency-domain framework realized
through integrating speech enhancement and ideal bandwidth extension modules
within a Robust extension-plus enhancement of speech utilizing Dual-former Net-
work(RDNet). Our method aims to recover full-band speech from noisy low-band
signals directly. Specifically, the noisy narrowband signal is initially encoded into

short-time Fourier transform (STFT) features. The speech enhancement module
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Figure 4.2: An illustration of the proposed network architecture(RDNet). The
processing chain depicted in (a) illustrates the comprehensive prediction core,
utilizing the Short-Time Fourier Transform (STFT) signal transformation, high-
resolution spectrogram prediction, and the Inverse STF'T process. Meanwhile, the
modular components illustrated in (b) represent individual cores, each equipped
with learned feature transformations based on 2D-Conv encoder-decoder layers,
and a dual-former layer as bottleneck.

then utilizes these STFT features to estimate spectrograms and obtain enhanced
full-band features for subsequent bandwidth extension. Finally, speech decoders
are trained to reconstruct the enhanced full-band and enhanced-plus-extended

features into frequency-domain signals using inverse STFT (iSTFT).

4.2 Proposed Architecture

This section introduces a frequency-domain bandwidth extension module with

enhancement capabilities, as depicted in Figure 4.2. We begin by exploring a
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network designed for both enhancement and extension in the frequency domain.
This network comprises a 2-D convolutional encoder and a 2-D de-convolutional
decoder, as depicted in Figure 4.2(b). Such a convolutional encoder-decoder
structure is commonly utilized in enhancement and separation tasks [71]. The
enhancement and extension processes are carried out sequentially using two deep
learning networks: the encoder-decoder serves as the backbone, while the dual-

former acts as the bottleneck.

4.2.1 Model Description

The system operates by first applying the Short-Time Fourier Transform (STFT)
to the clean audio signal, generating a spectrogram that encapsulates its spectral
content. Simultaneously, a noisy version of the signal is created through down-
sampling and noise introduction, and its spectrogram is sent to the model along-
side the clean spectrogram. Following model processing, waveform reconstruction
merges spectral information from both signals, preserving phase data through the
Inverse Short-Time Fourier Transform (ISTFT) to yield a reconstructed signal.
The resulting output is an enhanced version of the original, enriched by the
model’s restoration process, enhancing signal quality and fidelity.

The model architecture features four encoder layers utilizing convolutional
operations for precise feature extraction, while a pivotal bottleneck layer(Dual-
former) comprising a transformer and conformer reshapes encoder outputs to pre-
pare for subsequent processing. Decoding involves up-sampling, skip connections,
convolutional transpose, and normalization techniques to faithfully reconstruct
the input shape. Skip connections facilitate seamless information flow between
encoder and decoder layers, mitigating potential information loss. The encoder-
decoder architecture, favored for tasks like speech enhancement and bandwidth
extension, excels in capturing and reconstructing intricate temporal and spectral
patterns within audio signals. Through its sequence-to-sequence modeling ap-
proach, the encoder adeptly extracts pertinent features from the input, while the
decoder utilizes these representations to faithfully reconstruct the desired out-
put. This hierarchical representation learning enables the model to effectively
abstract both short-term dynamics and long-term contextual information, ensur-
ing robustness and accuracy across diverse input conditions, making it a popular
choice for such applications, often outperforming shallower network architectures
like DNNs, CNNs, or RNNs. Its inherent flexibility allows it to accommodate
varying input lengths, multi-channel audio, and additional contextual cues, mak-

ing it a versatile and potent solution for enhancing speech quality and extending
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bandwidth in real-world applications.

Al

Figure 4.3: Architecture of Dual-former block consisting of a transformer, a
conformer, frequency transformation and instant layer normalization layers.

4.2.2 Dual-former

In Figure 4.3 a dual-former architecture is shown, which is a critical component
for the proposed approach. The functionality and structure of this architecture

along with the relevant equations has been broke down below.

1. Transformer block: The output from the last encoder layer is reshaped
into a suitable format for processing and then fed into a transformer layer
shown in Figure 77, which consists of multi-head attention mechanisms
with four heads and feed-forward neural networks [39]. This layer captures
complex dependencies within the input sequence. The output of the trans-
former layer undergoes additional processing, including normalization and
concatenation with the original input. Finally, the concatenated output
is reshaped and passed through a normalized layer to produce the final
transformer path output. The equations for the transformer encoder can

be summarized as follows:

¢ Multi-Head Self-Attention:

Attention(Q, K, V') = softmax (Q—KT) Vv (4.1)
vy,

Here: ) (Query): Represents the current element’s "query” about
other elements in the sequence. It is a transformation of the input
sequence. K (Key): Acts as the "key” for each position, used by
the query (@) to determine relevance. It is also a transformation
of the input sequence. V' (Value): Represents the actual content or
data corresponding to each position in the sequence. It is another
transformation of the input sequence. dj: Refers to the dimensionality
of the keys (and queries). It is used to scale the dot product QKT,

ensuring numerical stability during computation.
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Figure 4.4: An illustration of (a) transformer and (b) conformer layer used in
Dual-former block.

This mechanism computes the relevance of each sequence position
to the current position using the dot product QK7”. The attention
weights are normalized using the softmax function, which assigns a
probability distribution across the sequence. These weights are then
used to compute a weighted sum of the values (V') to generate the

attention output.

¢ Feed-Forward Networks:

Here: x: The input to the feed-forward layer, typically the output from the
attention mechanism. Wi, Ws: Learnable weight matrices. W transforms
the input into a higher-dimensional space, while W5 projects it back into
the original or desired dimensionality. b, by: Bias terms added during each
linear transformation to increase the model’s flexibility. ReLU: A non-
linear activation function, introducing non-linearity to enhance the model’s

representational capacity.

The transformer captures long-range dependencies and relationships be-
tween elements in the sequence through self-attention. The feed-forward

network further refines the output by applying non-linear transformations
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and dimensionality changes. Together, these components enable the model

to learn and represent complex dependencies efficiently.

2. Conformer block: Drawing inspiration from the Convolution-augmented
Transformer proposed by Gulati et al. [72] for speech recognition, a mod-
ified version of the transformer encoder, incorporating additional convolu-
tional layers shown in Figure ??. This architecture enhances the model’s
capability to capture both local and global dependencies in the input se-
quence. The conformer block integrates multiple components, including
multi-head attention with four heads, feedforward neural networks (FFN),
and convolutional neural networks (CNN). Specifically, our conformer block
architecture comprises two feedforward modules surrounding the multi-
headed attention module and the convolution module. This structural
design, reminiscent of the Macaron-Net architecture [73], forms the core
framework. In contrast to the original Conformer proposed by Gulati et
al. [72], which employed two Macaron-net style feed-forward layers with
half-step residual connections, RDNet adapts and utilizes two vanilla-style
feed-forward layers with residual connections. This arrangement, with feed-
forward layers strategically positioned around the attention and convolu-
tion modules, yields significant enhancements, improving the block’s ability
to capture intricate sequential relationships. Inspired by the Macaron-Net
structure, our proposed modification introduces a novel approach to orga-
nizing feed-forward layers, thereby augmenting the overall effectiveness of
the Conformer block in modeling complex dependencies within sequential
data.

3. Instant layer normalization: a layer normalization technique, which
helps stabilize the training process and improve model performance. The

equations for instant normalization are as follows:

mean = mean ()
variance = mean ((z — mean )?)
_ 4.3
normalized _x = (v - mean ) (43)
v/ variance + €
output = normalized _x X gamma + beta

The dual-former block implements the architecture by combining the transformer
and conformer blocks. This architecture utilizes two parallel paths for feature

extraction, enabling the model to capture both spectral and temporal information
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effectively. Overall, the dual-former architecture provides a powerful framework
for processing sequential data, such as audio signals, by leveraging the strengths

of both transformer and convolutional operations.

4.3 Experiments and Results

4.3.1 Dataset Description

This research aims to assess the effectiveness of the proposed RDNet model

through experiments conducted on the following datasets:

o TIMIT database' [54]: The TIMIT database consists of 6,300 speech
utterances in American English, each accompanied by phonetic transcrip-
tions, with durations ranging from 3 to 5 seconds. To create training
dataset, a subset of 500 utterances from 50 different speakers from the
TIMIT database is selected. These sentences were then modified by filter-
ing out high-frequency components and introducing noise from four distinct
sources, resulting in the creation of the Noisy Lowpass dataset. This dataset
includes three Signal-to-Noise Ratios (SNRs): -5, 0, and 5 dB. Within the
training dataset, 150 randomly selected utterances to form a validation
test set is set aside. The environmental noise conditions encompass various
sources such as airports and speech-shaped noise (SSN). Notably, airport
is classified as low-band, while SSN belong to the high-band or mid-band
category. For model evaluation, a secondary subset comprising 50 samples
for testing is utilized. These utterances were mixed with two "seen” noise
types (Airport, SSN) across three different SNR levels: -5, 0, 5 dB. All

speech samples and noises were resampled at a rate of 16 kHz.

« DNS Challenge dataset:The DNS Challenge (INTER-SPEECH 2020)
dataset, as referenced in [74], is a comprehensive collection designed for
speech enhancement research. It encompasses a clean speech dataset com-
prising more than 500 hours of recordings from 2150 speakers. Addition-
ally, the noise dataset contains over 180 hours of audio clips spanning 150
distinct classes. To maximize the dataset’s utility, a dynamic mixing ap-
proach is employed during model training. Specifically, a training subset
is created by randomly selecting 100 utterances and combining them with
five randomly chosen noises from both free sound and audioset sound cat-

egories. During each training epoch, these clean speeches are mixed with

Idiscussed in section 3.3.1
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the selected noises, resulting in speech-noise mixtures with varying signal-
to-noise ratios (SNRs) ranging from -5 dB to 5 dB. Notably, the mixing
process is conducted dynamically, ensuring diverse combinations for robust
model training. For evaluation purposes, the DNS Challenge provides a
publicly available test dataset comprising synthetic clips categorized into
two groups: those without reverberations and those with reverberations.
Each category contains 150 noisy clips with SNR levels distributed be-
tween 0 dB and 20 dB. To assess model performance, a secondary subset
consisting of 10 samples is utilized for testing. These samples are mixed
with five random ”seen” noise types across different SNR levels, including
both seen (-5 dB, 0 dB, and 5 dB) and unseen (-2.5 dB, 2.5 dB, and 7.5
dB) levels. Furthermore, all speech samples and noises in the dataset are

resampled at a rate of 16 kHz to ensure consistency across the dataset.

4.3.2 Experimental setup

The experimental setup commences by initializing the Adam optimizer with a
learning rate set to 0.001. This optimizer configuration is then utilized to com-
pile the proposed model, where the Mean Absolute Error (MAE) is chosen as
the loss function. Custom Data Generator instances are employed to efficiently
generate batches of training data during model training. The training process
spans 30 epochs, with the number of steps per epoch determined by dividing the
length of the input dataset by the batch size. Following the training phase, model
evaluation is performed on the test data using the evaluate method. This involves
computing loss values and metrics on the provided test data, with the resulting
metrics presented for further analysis. For the testing and reconstruction phase,
a frame reconstruction function is defined to reshape the model predictions and
input test data to the appropriate dimensions. The model’s prediction method is
then applied to generate predictions on the test data. Subsequently, the resulting
magnitude predictions undergo reconstruction using the defined function. Addi-
tionally, reconstruction of the input and target phases is executed to facilitate
subsequent computations. Depending on the specified phase (e.g., 'oracle’), full
phase information is reconstructed accordingly. The predicted magnitude matrix
is multiplied by the exponential of the full phase information, followed by the
application of the inverse short-time Fourier transform (iSTFT) to reconstruct

the final time-domain signal.
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Table 4.1: Evaluation of objective scores in seen SNRs utilizing the TIMIT and
DNS challenge dataset.

Dataset Objective Measures 5 dB 0 dB - 5dB
: Noisy signal Enhanced signal Noisy signal Enhanced signal Noisy signal Enhanced signal
PESQ 1.25 2.09 1.39 2.62 1.62 3.08
TIMIT STOI 0.57 0.78 0.67 0.83 0.77 0.86
LSD 11.16 2.2 10.95 1.89 11.33 1.7
PESQ 1.69 2.23 2.01 2.74 2.42 3.13
DNS Challenge STOI 0.8 0.82 0.87 0.85 0.93 0.87
LSD 12.86 2.08 12.65 1.99 13.03 1.94

4.3.3 Results

To assess the effectiveness of the proposed network in improving speech quality
and intelligibility, we employ various objective metrics. For evaluating intelligi-
bility, we utilize the STOI metric 2 [57], which quantifies the clarity and compre-
hensibility of speech signals, with higher scores indicating better intelligibility.
To measure speech quality, we use the PESQ metric ® [55], which reflects the
perceived quality of speech signals, with higher scores indicating superior quality.
Additionally, we assess speech distortion using the LSD metric [75], which eval-
uates the similarity between target and enhanced signals in the spectral domain.
Smaller LSD values indicate reduced distortion or improved similarity between
signals. These metrics collectively offer a thorough evaluation of the proposed

network’s performance in enhancing speech quality and intelligibility.

4.3.3.1 Objective evaluation on RDNet in seen SNRs

The Table 4.1 provides a comparative analysis of objective measures for noisy
and enhanced signals at three different SNR levels (-5 dB, 0 dB, and 5 dB) across
two datasets: TIMIT and DNS Challenge in seen noises. In terms of PESQ , the
enhanced signals consistently outperform the noisy signals for both datasets at
all SNR levels. However, the improvement in PESQ scores varies between the
datasets, with DNS Challenge exhibiting higher gains compared to TIMIT. For
example, at -5 dB SNR, the PESQ score for DNS Challenge enhanced signals
is 2.23, representing an improvement of 0.54 over the noisy signal, whereas for
TIMIT, the improvement is 0.84 (from 1.25 to 2.09). Similarly, in terms of
STOI, the enhanced signals show improvement over the noisy signals for TIMIT
dataset across all SNR levels. DNS Challenge consistently demonstrates higher
STOI scores compared to TIMIT, but the improvement over noisy signals is not
noteworthy. Finally, LSD scores also exhibit improvement in the enhanced signals
for both datasets and across all SNR levels, with DNS Challenge showing slightly

2discussed in section 3.3.3
3discussed in section 3.3.3
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Table 4.2: Evaluation of objective scores in Unseen SNRs utilizing the TIMIT
and DNS challenge dataset.

Dataset Objective Measures 25 dB 25 dB - 7.5 dB
: Noisy signal Enhanced signal Noisy signal Enhanced signal Noisy signal Enhanced signal
PESQ 1.69 2.25 2.01 2.66 2.42 3.09
DNS Challenge STOI 0.8 0.8 0.87 0.85 0.93 0.86
LSD 12.86 3.11 12.65 2.77 13.03 2.42
PESQ 1.25 2.03 1.39 2.54 1.62 3.03
TIMIT STOI 0.57 0.7 0.67 0.78 0.77 0.82
LSD 11.16 2.16 10.95 1.92 11.33 1.8
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Figure 4.5: Spectrogram of one test utterance with SNR 5 dB, (a) Noisy low
band signal spectrogram, (b) Predicted full band signal spectrogram, (c¢) Clean
full band signal spectrogram with oracle phase.

better results than TIMIT. Overall, the enhanced signals from DNS Challenge
dataset tend to exhibit better objective measures compared to TIMIT, indicating

superior performance in terms of speech quality and intelligibility.

4.3.3.2 Objective evaluation on RDNet in Unseen SNRs

The Table 4.2 presents a comparative analysis of objective measures obtained
from two datasets, DNS Challenge and TIMIT, for different signal-to-noise ratio
(SNR) levels (-2.5 dB, 2.5 dB, and 7.5 dB). In terms of the PESQ metric, the

36



4.4— Summary

enhanced signals from the DNS Challenge dataset consistently outperform those
from the TIMIT dataset across all SNR levels, exhibiting notable improvements
ranging from 0.44 to 0.75. Specifically, at -2.5 dB SNR, the PESQ score for the
DNS Challenge dataset is 2.25 compared to 2.03 for TIMIT, representing a 35.2%
improvement. This trend continues across the other SNR levels, with percent-
age improvements of 37.8% and 36.4% at 2.5 dB and 7.5 dB SNR, respectively.
Similarly, for the STOI metric, the enhanced signals from the DNS Challenge
dataset consistently yield higher scores compared to TIMIT, with improvements
ranging from 0.03 to 0.09. Notably, at -2.5 dB SNR, the STOI score for the DNS
Challenge dataset is 0.8 compared to 0.7 for TIMIT. This trend persists across
other SNR levels, with percentage improvements of 5.2% and 4.9% at 2.5 dB and
7.5 dB SNR, respectively. Additionally, for the LSD metric, the enhanced signals
from the DNS Challenge dataset exhibit substantially lower distortion compared
to TIMIT, with improvements ranging from 1.19 to 1.64. The enhanced sig-
nals from the DNS Challenge dataset consistently demonstrate superior perfor-
mance across all evaluated objective measures compared to those from the TIMIT
dataset. The DNS Challenge dataset exhibits higher PESQ scores, indicating im-
proved perceived speech quality, higher STOI scores, suggesting enhanced speech
intelligibility, and lower LSD scores, reflecting reduced signal distortion. These
findings underscore the effectiveness of the DNS Challenge dataset in facilitating

the development of robust speech enhancement algorithms.

4.3.3.3 Spectrogram analysis

Figure 4.5 provides a visual representation of a single utterance extracted from
the DNS challenge test set. the proposed RDNet, as shown in Figure 4.5 produces
cleaner signal at low-frequency and richer high frequency content. Also it can
be observed that the enhanced-fullband representations no spectral discontinuity

provide wellpresented features for subsequent extension operation.

4.4 Summary

In this chapter, a novel end-to-end frequency-domain framework is designed to
simultaneously enhance and extend speech signals. This framework optimizes
both a mask-based speech enhancement module and an ideal bandwidth exten-
sion module using multi-task learning. The approach involves separating the
signals into magnitude and phase spectra. To assess its effectiveness and ro-
bustness, we conduct experiments using two distinct datasets. The experimental

results demonstrate significant improvements with our proposed method, achiev-
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ing a relative enhancement of 36.4% and 62% over the TIMIT dataset in terms
of perceptual evaluation of speech quality (PESQ) and log-spectral distortion
(LSD), respectively, when compared to the DNS challenge dataset. Additionally,
our method boasts a more compact design in terms of the number of parameters

employed.
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Chapter 5

CSDNet:Conformer Motivated

Super Denoised Network

This chapter provides a brief discussion CSDNet: Conformer motivated Super De-
noised Network, a deep learning network for joint noise reduction and bandwidth
expansion to restore speech signals. By integrating a Dilated Convolutional U-
Net model with recurrent and conformer layers, CSDNet effectively reduces noise
while expanding bandwidth. Experimental results show superior performance
compared to existing models, both objectively and subjectively, across various
noise conditions. CSDNet preserves speech intelligibility and quality while re-
ducing noise, making it a promising solution for real-world applications.

Section 5.1 provides insight into the motivation behind the proposed frame-
work and reviews related studies. Section 5.2 outlines the proposed architecture,
while Section 5.3 details the experimental setup and Section 5.4 shows perfor-
mance evaluation across various conditions. Finally, Section 5.5 summarizes the

chapter, highlighting the key findings and contributions of the research.

5.1 Motivation

Humans demonstrate an exceptional ability to selectively focus attention on spe-
cific speech signals amidst noisy acoustic environments, including scenarios with
competing speech, such as bubble noise. Speech bandwidth extension algorithms
aim to emulate this selective attention mechanism, filtering out background noise
to prioritize the important speech content. These algorithms serve as crucial pre-
processing modules in various real-world applications, including automatic speech
recognition (ASR), speaker identification, and hearing aids design[76, 77]. Over
the years, numerous statistical approaches have been proposed to mimic human

selective attention, such as soft-decision noise suppression filters[78], minimum-
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mean-square-error (MMSE)-based spectral amplitude estimators[7], wideband
coding algorithms[2]. These methods endeavor to estimate optimal multiplicative
masking through statistical inference to suppress noise effectively. The emergence
of deep neural networks (DNNs) has revolutionized speech bandwidth extension
by introducing learning-based models to predict clean full band speech from dis-
torted low band inputs, initially in the frequency domain. While frequency-
domain methods have been widely explored, they have limitations, including
suboptimal feature extraction using short-time Fourier transform (STFT) and
challenges in accurate phase reconstruction, leading to compromised speech qual-
ity[79, 80, 81, 82, 83]. To address these limitations, recent advancements have
shifted towards end-to-end time-domain approaches, operating directly on the
noisy waveform without explicit STF'T manipulation. These approaches, such as
mask-based noiserobust bandwidth extension framework with multi-task learn-
ing (MTL-MBE)[84], optimize the entire encoder-decoder structure and eliminate
the need for phase estimation. However, they may exhibit sensitivity to varying
testing environments due to their reliance on learned parameters from training
data[85, 86]. To mitigate these challenges, for taking the advantages of two do-
main, this section has attempted to combine frequency-domain and time-domain
networks to achieve balanced results. However, the performance of such meth-
ods remains suboptimal, inspiring the development of novel approaches. In this
chapter, a Conformer motivated super denoised network (CSDNet) is proposed to
enhance robustness in varying testing environments for extending the bandwidth

of the speech by removing noise. Primary aims of this study are-

o to design a specialized super-denoised network architecture explicitly tai-
lored for the joint tasks of noise reduction and bandwidth expansion from

low-resolution spectrograms containing low-frequency components.

» to evaluate the effectiveness of the proposed model across a range of noise
conditions and signal-to-noise ratios (SNRs). This evaluation will provide
insights into the robustness and generalizability of the model, thereby as-

sessing its suitability for real-world applications in varied environments.

e to conduct a formal subjective study involving human listeners to assess
the perceptual quality and intelligibility of the enhanced speech signals.
By analyzing the results of this subjective study, we aim to gain a deeper
understanding of how the proposed model impacts the subjective user ex-

perience and its potential implications for practical deployment.
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5.2 Proposed Architecture

In this section, the Conformer Motivated Super Denoised network (CSDNet) is
presented, tailored to address the challenge posed by low-band degraded speech
signals. The CSDNet is specifically designed to restore lost frequency bands
in recovered speech signals, with a focus on handling audio signals character-
ized by diminished low-frequency components. By incorporating both magnitude
and phase information, the architecture aims to effectively reconstruct missing
high-frequency bands in speech signals. The utilization of Dilated Convolutional
Parallel Recurrent Neural Network components is pivotal in achieving optimal
performance in reconstructing degraded signals. The overarching objective of
the CSDNet is to enhance the quality of speech signals, thereby contributing to
improved intelligibility.

The overall architecture of the CSDNet (depicted in Figure 5.1) introduces a
novel neural network structure called Conformer Motivated Super Denoised net-
work (CSDNet) for speech bandwidth extension and restoration. This network
simultaneously processes degraded low-frequency components in input speech by
adopting a U-Net-style Convolutional Neural Network (CNN) as an encoder-
decoder structure. The encoder is designed to receive upsampled low-frequency
input spectrograms in both the frequency and time domains, incorporating a T-
F transformation layer to mitigate distortions for achieving sub-optimal perfor-
mance. The input undergoes analysis through convolutional blocks, generating
a latent embedding. The encoder and decoder comprise four convolution and
deconvolution blocks, leveraging the expansive receptive fields of strided convo-
lution layers to enhance contextual analysis and improve network representation
capability. Additionally, a Parallel Recurrent Neural Network (PRNN) and an
attention-based conformer layer are integrated between the encoder and decoder
to further reinforce sequential modeling. These enhancements address the limi-
tations of sequential modeling within the encoder’s convolutional layers. U-Net
skip connections are employed to maintain information flow between the encoder
and decoder blocks during network propagation. The final output, an enhanced
full-band spectrogram, is obtained by downsampling the decoder output. This
comprehensive architecture integrates advanced features, including dilated con-
volutions, parallel recurrent modeling, attention mechanisms, and U-Net skip

connections, resulting in a robust and efficient network design.

41



5.2— Proposed Architecture

CLEAN Spectrogram

Speech

STFT

High-Resolution
- Spectrogram Prediction
i (CSDNet)

Waveform
Reconstruction

Reconstructed
Speech, Z

..............

Noisy Set,
N STFT

NOISY[ ow Spectrogram
(a)

Encoder Blocks

Decoder Blocks

Bottleneck block

Spect"ogram

PRNN i | Conformer

T-F transformation

N()lSY Low

(b)

Figure 5.1: An illustration of the proposed network architecture(CSDNet). The
processing chain depicted in (a) illustrates the comprehensive prediction core,
utilizing the Short-Time Fourier Transform (STFT) signal transformation, high-
resolution spectrogram prediction, and the Inverse STF'T process. Meanwhile, the
modular components illustrated in (b) represent individual cores, each equipped
with learned feature transformations based on 2D-Conv encoder-decoder layers, a
Time-Frequency (T-F) transformation layer, a Parallel Recurrent Neural Network
(PRNN), and a Conformer module.

5.2.1 Encoder-Decoder

In each encoder-decoder block of the network, real-valued convolution layers are
utilized to ensure sequential enhancement of both magnitude and phase, facilitat-
ing the decoder’s utilization of all spectral and temporal features learned by the
encoder. This architecture employs complex convolution to enhance the quality
of reconstructed speech signals, distinguishing it from networks using real-valued
layers. The following description delves into the algorithmic formulation and
practical implementation.

Within the proposed network, the real-valued encoder layer comprises an

input layer of dimensions (32, 129), signifying the input divided into 129 frames
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with the Short-Time Fourier Transform (STFT) computed for each frame to
provide improved frequency resolution. Each magnitude matrix, into which the
spectrogram is partitioned, has a size of 32 for enhanced granularity analysis. The
convolutional layers consist of 32 filters and operate by sliding a kernel matrix
over the input matrix, performing point-wise multiplication. These layers employ
the Rectified Linear Unit (ReLU) activation function and adopt ’same’ padding
to maintain input dimensions. A dilation rate of (1, 2) is introduced to influence
the effective receptive field of the filters, with a subsequent application of max
pooling with a size of (2, 2) to further reduce spatial dimensions.

The decoder segment begins with an upsampling layer applied to the output of
the preceding layer, effectively doubling its spatial dimensions. This is followed
by a cropping layer to determine the crop shape necessary for concatenation,
establishing a skip connection to minimize the semantic gap between the features
from the encoder and decoder blocks. Two transposed convolutional layers, each
with 64 filters, ReLU activation, 'same’ padding, and a dilation rate of (2, 2), are
subsequently implemented.

Mathematically, the decoder input is represented as:

Input(z, j) = concatenation (Upsampling(Dl),

(5.1)
Cr0pping(Ez)>

where ¢ and j denote the spatial dimensions, and D; and E; denote the decoder
and encoder layer respectively. The kernel equation for both encoder and decoder
convolutional layers is given as Kernel(m,n) = Kernel(a,b), where a, b, m, and
n range from 1 to 3. The resulting output equation for convolution is expressed

as:

3 3
Output(z,y) = ReLU (Z Z Input(z —a+1,y —b+1)
a=1 b=1 (5.2)

x Kernel(a, b))

5.2.2 T-F Transformation Layer

Inspired by the TFT-Net Framework for speech enhancement [87], this section
introduces a T-F transformer layer(shown in Figure 5.2) designed to enhance
temporal and frequency representations of spectrogram data. The layer begins
with a 1x1 Conv2D operation followed by reshaping along the time and frequency
axes, facilitating channel-wise information exchange. Subsequently, Conv1D op-

erations are applied independently along these reshaped axes, enabling cross-axis
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interactions to capture local dependencies across spectral and temporal dimen-
sions. The transformed tensors undergo element-wise multiplication with the
input spectrogram along both axes, and the resulting outputs are concatenated.
A Bidirectional LSTM layer along the time axis captures global dependencies,
producing outputs that are reshaped and concatenated with the initial Conv2D
layer output. Finally, another 1x1 Conv2D operation yields the ultimate trans-
formed output.

Mathematically, the operation on the input spectrogram Input(, j, k) involves
a 1x1 Conv2D operation with 32 filters Kernel(m,n,1). The resulting tensor is
reshaped along the time and frequency axes, and Conv1D operations are indepen-
dently applied along these reshaped axes. The output tensors Outputeg,ip (i, 7, k)
are reshaped back to the original shape and multiplied element-wise with the in-
put spectrogram. Concatenation of the outputs Outpute,,... (%, j, k) precedes pro-
cessing by a Bidirectional LSTM layer along the time axis, resulting in Output; gy (2, 7, k).
This output is reshaped and concatenated with the initial Conv2D layer output
to produce the final output Output(z,y, z). The equations describing these op-
erations underscore the interplay between time and frequency components, en-

capsulating the functionality of the T-F transformer layer.

TxFxC

\ 4
Conv2D

FxTC ¥ TxFC

v v
ConvlD ConvlD

BiLSTM <€———

T-F Transformation layer

Figure 5.2: Architecture of T-F Transformation Layer.
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Figure 5.3: Architecture of Parallel RNN(PRNN) visualizing the data dividing
into segments, analyzing those segments, and finally reassembling them.
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5.2.3 Parallel Recurrent Neural Network (PRNN)

Drawing inspiration from the Dual-Path RNN structure [88] for speech separa-
tion, this study integrates the Parallel Recurrent Neural Network (PRNN) archi-
tecture, comprising three key components: segmenting the data, analyzing these
segments, and reassembling them. Initially, the input is segmented with overlap,
forming a 3D tensor. This tensor is then fed into stacked PRNN blocks, which
employ both local and global modeling alternately. The output of the last layer is
converted back to a sequential format using the overlap-concatenation technique.
Figure 5.3 illustrates the functioning of the model.

The PRNN architecture, situated as a bottleneck layer between the encoder
and decoder, is designed to leverage both sequential and parallel processing for
efficient feature extraction and learning. Initially, the input tensor undergoes re-
shaping into a 3D tensor. Subsequently, an LSTM layer with 256 units processes
sequential information along the temporal axis, capturing long-range dependen-
cies locally. Following the LSTM layer, a frequency transformation layer employs
a bias-free Dense layer with a specified activation function and layer normaliza-
tion to stabilize training. The resulting output is concatenated with the original
input tensor, and a subsequent 1D convolutional layer reshapes this concatenated
tensor, introducing nonlinear transformations. The architecture also integrates a
Bidirectional LSTM layer to capture bidirectional temporal dependencies glob-
ally. Another frequency transformation layer, similar to the previous one, follows
the Bidirectional LSTM layer. The resulting tensor is normalized, concatenated
with the previously reshaped tensor, and passed through a final 1D convolutional
layer. This meticulous architecture combines the advantages of parallel and se-
quential processing, enhancing the network’s capability for feature extraction and

learning.
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5.2.4 Conformer Block

Within the bottleneck layer of the network architecture, an attention-based con-
former block is integrated, playing a pivotal role in both the encoder and decoder.
This component is meticulously crafted to capture intricate sequential depen-
dencies following the PRNN block. Drawing inspiration from the Convolution-
augmented Transformer proposed by Gulati et al. [72] for speech recognition, the
conformer block combines multi-head attention with 4 heads, feedforward neu-
ral networks (FFN), and convolutional neural networks (CNN). Specifically, the
conformer block in this study consists of two feedforward modules enveloping the
Multi-Headed Attention module and the Convolution module. This architectural
configuration, reminiscent of the Macaron-Net [73], serves as the fundamental
framework. Unlike the original Conformer proposed by Gulati et al. [72], where
two Macaron-net style feed-forward layers with half-step residual connections
were utilized, our adaptation in the CSDNet model employs two vanilla-style feed-
forward layers with residual connections. This setup, with feed-forward layers
strategically positioned around the attention and convolution modules, leads to
significant improvements, enhancing the block’s capability to model complex se-
quential relationships. The proposed modification, inspired by the Macaron-Net
structure, presents a novel approach to organizing feed-forward layers, thereby
contributing to the overall effectiveness of the Conformer block in capturing in-

tricate dependencies within sequential data.

5.2.5 Skip Connection

This subsection explores the U-Net architecture, emphasizing the crucial role
of skip connections and the incorporation of crop and concatenation operations
between the encoder and decoder. Recent research underscores the importance
of facilitating feature exchange between these components. It is observed that
the initial encoder layer captures low-level local spectral and temporal features,
progressively extracting higher-level features with subsequent layers. Conversely,
the final decoder layer receives processed features from its precursor and low-level
features from the first encoder layer via a skip connection, potentially encoun-
tering feature mismatch issues. To mitigate this, the proposed method involves
cropping the previous encoder layer and integrating it within the skip connection,
thereby adapting encoder features for improved compatibility with the decoder.
These skip connections act as direct channels for high-resolution feature transfer,
addressing spatial information loss during downsampling and effectively alleviat-

ing the bottleneck problem. This design not only preserves fine-grained spatial
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details but also enhances the model’s ability to capture both global and local
features. By aligning spatial dimensions and merging features, this approach en-
hances feature reuse and facilitates gradient flow during backpropagation. This
contributes to enhanced model convergence and training stability, making U-
Net architectures particularly suitable for tasks such as image segmentation and

speech dereverberation.

5.3 Experimental Setup

5.3.1 Speech Corpus

This research aims to assess the effectiveness of the proposed CSDNet model
through experiments conducted on the TIMIT database! [54]. The TIMIT database
consists of 6,300 speech utterances in American English, each accompanied by
phonetic transcriptions, with durations ranging from 3 to 5 seconds. To create
our training dataset, we selected a subset of 500 utterances from 50 different
speakers from the TIMIT database. These sentences were then modified by fil-
tering out high-frequency components and introducing noise from four distinct
sources, resulting in the creation of the Noisy Lowpass dataset. This dataset
includes three Signal-to-Noise Ratios (SNRs): -5, 0, and 5 dB. Within the train-
ing dataset, we set aside 150 randomly selected utterances to form a validation
test set. The environmental noise conditions encompass various sources such as
airports, babble, cars, and speech-shaped noise (SSN). Notably, airport and car
noises are classified as low-band, while babble and SSN belong to the high-band
or mid-band category. For model evaluation, we utilized a secondary subset com-
prising 50 samples for testing. These utterances were mixed with three "unseen”
noise types (Restaurant, Train, and Exhibition) and four ”seen” noise types (Air-
port, Babble, Car, SSN) across six different SNR levels: -5, -2.5, 0, 2.5, 5, and
7.5 dB. It’s noteworthy that three of the six SNR levels are consistent with those
in the training set. The term "seen” noise refers to noise types encountered dur-
ing model training, while "unseen” noise denotes types unfamiliar to the trained
model. Overall, the training set consists of 45,000 noisy-clean pairs, while the
test set comprises 1,000 pairs. All speech samples and noises were resampled at
a rate of 16 kHz.

Idiscussed in section 3.3.1
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5.3.2 Experimental Framework

The experimental setup initiates with the instantiation of the Adam optimizer,
configured with a learning rate set to 0.001. The proposed model is compiled
utilizing this optimizer, with the Mean Absolute Error (MAE) designated as the
chosen loss function. To efficiently generate batches of training data during model
training, custom instances of the Data Generator class are employed. Training
extends over 50 epochs, with the number of steps per epoch determined by divid-
ing the length of the input dataset by the batch size. Subsequent to the training
phase, model evaluation on the test data is conducted using the evaluate method.
This entails computing loss values and metrics on the provided test data, with
the resulting metrics displayed for further analysis. For the testing and recon-
struction phase, a frame reconstruction function is defined to reshape the model
predictions and input test data to the appropriate dimensions. The model’s pre-
diction method is then applied to generate predictions on the test data. The
resulting magnitude predictions undergo reconstruction using the defined func-
tion. Additionally, reconstruction of the input and target phases is performed to
facilitate subsequent computations. Depending on the specified phase (e.g., 'or-
acle’, 'imaged_inverse’, 'imaged noisy’, ’Griffin_ Lim’), full phase information
is reconstructed accordingly. The predicted magnitude matrix is multiplied by
the exponential of the full phase information, followed by application of the in-
verse short-time Fourier transform (iSTFT) to reconstruct the final time-domain

signal.

5.3.3 Evaluation Metrics

To gauge the efficacy of the proposed network concerning speech quality and intel-
ligibility, we utilize a range of objective metrics. For intelligibility assessment, we
compute the short-time objective intelligibility (STOI)? [57] and Spectrogram Or-
thogonal Polynomial Measure (SOPM)? [56]. These metrics quantify the clarity
and comprehensibility of the speech signal, with higher values indicating improved
intelligibility. To evaluate speech quality, we employ the Perceptual Evaluation
of Speech Quality (PESQ)* [55] and mean opinion score (MOS). PESQ scores,
typically ranging from -0.5 to 4.5, reflect the perceived quality of the speech sig-
nal, with higher values signifying superior quality. MOS values, computed based
on CSIG, CBAK, and COVL scores, range from 1 to 5, representing different

aspects of speech quality. Additionally, we assess speech distortion using the

2discussed in section 3.3.3
3discussed in section 3.3.3
4discussed in section 3.3.3
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Log Spectral Distance (LSD), where smaller values indicate reduced distortion

or improved similarity between signals.

« Log Spectral Distance (LSD): LSD is a metric used to evaluate the
distortion between two signals in the spectral domain. It measures the
similarity between the magnitude spectra of the target and enhanced signals
on a logarithmic scale. A smaller LSD value indicates a higher similarity or
reduced distortion between the signals. The range of LSD typically varies,

but smaller values are preferred, indicating better performance [75].

« CSIG (Conversational Speech Intelligibility Grade): CSIG is a com-
ponent of the mean opinion score (MOS) used to evaluate speech quality.
It assesses the overall intelligibility of the speech signal in conversational
scenarios. CSIG values range from 1 to 5, with higher values indicating
better speech intelligibility [89].

« CBAK (Conversational Background Noise Attenuation):CBAK is
another component of MOS used to evaluate speech quality. It measures the
ability of a system to attenuate background noise while preserving speech
quality. CBAK values also range from 1 to 5, with higher values indicating

better background noise attenuation [89].

« COVL (Conversational Overall Listening Quality): COVL is a com-
ponent of MOS that provides an overall assessment of the listening expe-
rience, considering both speech quality and background noise attenuation.
Similar to CSIG and CBAK, COVL values range from 1 to 5, with higher

values indicating better overall listening quality [89].

These objective metrics provide a comprehensive evaluation of the proposed
network’s performance, offering insights into its ability to enhance both speech

quality and intelligibility.

5.3.4 Baseline Networks

Here four reference baselines are implemented, each serving a specific purpose
related to audio super resolution or bandwidth extension. One of these baselines,
referred to as DNN [52], is tailored for ideal bandwidth extension under noisy
conditions. The remaining three baselines—CNN Unet [37], TFiLM [38], and
AFIiLM [39]are designed specifically for audio super-resolution aka bandwidth

extension scenarios.
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DNN [52]: A 3-layer network that predicts missing high-frequency components
from low-frequency signals using a spectral mapping function inspired by [34].
This model operates effectively in both noisy and clean conditions.

CNN [37]: A fully convolutional encoder-decoder framework that maps nar-
rowband signals to wideband in the time domain. To enhance the time dimensions
during upscaling, subpixel shuffling layers are incorporated in the up-sampling
blocks. The inclusion of skip connections accelerates the training process.

TFiLM [38]: Utilizes a temporal-FiLM (Feature-Wise Modulation) approach
to capture Long-Range Sequence Dependencies. This architectural component,
inspired by adaptive batch normalization and its extensions, employs a recurrent
neural network to modify the activations of a convolutional model. This results
in an expanded receptive field for convolutional sequence models with minimal
computational overhead.

AFiLM [39]: Employs a Self-Attention based temporal-FiLLM, combining con-
volution and self-attention. This model uses a self-attention mechanism instead
of recurrent neural networks to modulate the activations of the convolutional
model. Furthermore, it allows for increased parallelization, resulting in signifi-

cantly faster training compared to traditional approaches.

5.4 Results

5.4.1 Assessment Category

Speech bandwidth extension (SBE) serves to enhance speech signals’ quality and
comprehensibility, particularly in scenarios where limited bandwidth may hinder
transmitting full-frequency speech. Within SBE assessment, two main aspects
are considered: speech intelligibility and speech quality. Speech intelligibility as-
sessment focuses on how well a listener can understand the transmitted speech,
evaluating clarity and accuracy. It employs objective metrics to gauge a listener’s
ability to comprehend spoken content accurately, crucial for effective communica-
tion in telecommunications, broadcasting, and speech recognition systems. Con-
versely, speech quality assessment aims to evaluate the overall perceived quality of
the speech signal, considering subjective factors like naturalness and listener satis-
faction. This assessment relies on subjective listening tests where human listeners
provide ratings based on their perception of speech quality. Metrics like Mean
Opinion Score (MOS) are commonly used. Speech quality assessment is pertinent
in applications like telecommunications, audio streaming, and any context where

user experience with the speech signal is vital. In essence, speech intelligibil-
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Table 5.1: Results of the metrics for assessing intelligibility and quality of speech
are presented in this table, including the training condition. Note that all results
are evaluated under the noisy TIMIT testset. Scores were calculated for STOI(0
~ 1), SOPM(0 ~ 1), PESQ(-0.5 ~ 4.5), CSIG, CBAK, COVL are respectively
(1 ~5).

STOI SOPM PESQ
Airport Babble Car SSN | Airport Babble Car SSN | Airport Babble Car SSN
Noisy 0.53 0.49 049 0.57| 0.53 0.53  0.53 0.53 1.3 1.26 121 1.25

SNR (dB) | Method

E Proposed | 0.76 075 0.75 0.79 0.87 0.88 0.88 0.89 2.07 2.02 203 225
0 Noisy 0.66 0.63 0.63 0.67 0.7 0.7 0.69 0.7 1.35 134 132 1.39
Proposed | 0.83 082 0.82 0.84 0.9 0.9 0.91 091 2.62 2.53 258 2.73

Noisy 0.79 0.76  0.76 0.77 0.83 0.82 083 0.83 1.56 1.54 1.5 1.62
Proposed | 0.86 085 0.85 0.87 0.91 091 091 0.92 3.04 297 297 3.19

CSIG CBAK COVL
SNR (dB) | Method Airport Babble Car SSN | Airport Babble Car SSN | Airport Babble Car SSN
5 Noisy 1 1 1 1 1.81 1.79 1.82 1.89 1 1 1 1
Proposed 3.13 2.95 3.060 3.23 2.92 2.87 291 3.05 2.73 2.61 2.6 2.85
0 Noisy 1 1 1 1 1.97 1.93 1.98 2.01 1 1 1 1
Proposed 3.48 3.37  3.53 3.57 3.14 3.14 3.7 3.17 3.08 3 3.12 3.14
Noisy 1 1 1 1 2.19 2.16 2.2 229 1 1 1 1

Proposed | 3.92 3.82  3.87 431 341 3.33 34 3.5 3.53 3.4 3.49 3.8

ity assessment focuses on understanding speech content accurately, while speech
quality assessment considers the overall subjective experience, including natural-
ness and pleasantness. Evaluating the proposed SBE technique involves assessing
its performance in handling both noisy and degraded speech, demonstrating sat-
isfactory results in various conditions. Objective measurements assessing speech
intelligibility and quality are analyzed and compared with established networks
like DNN, CNN, TFiLM, and AFiLM across different noise conditions and signal-

to-noise ratios (SNRs) in both familiar and unfamiliar scenarios.

5.4.2 Comparative Objective Evaluation of Speech Intel-
ligibility and Quality Metrics

Table 5.1 provides a detailed comparison of objective scores, assessing the perfor-
mance of the proposed CSDNet method against the baseline Noisy method across
varying Signal-to-Noise Ratios (SNRs) and noise types. The evaluation includes
essential metrics such as Speech Transmission Index (STOI), Speech Quality Ob-
jective Performance Measure (SOPM), Perceptual Evaluation of Speech Qual-
ity (PESQ), as well as additional quality metrics (CSIG, CBAK, and COVL).
Scores are presented for both unprocessed noisy signals and signals enhanced by
the CSDNet method, covering four distinct noise types—Airport, Babble, Car,
and SSN—across an SNR range from -5 dB to 5 dB. Each score represents the
average intelligibility or quality derived from 50 utterances. The results demon-
strate the consistent superiority of the CSDNet method over the Noisy method

across all metrics and noise conditions, indicating its effectiveness in improving
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Table 5.2: Quantitative evaluation of proposed Speech Bandwidth Extension
algorithm (CSDNet) for six SNR groups in both seen and unseen noises.

[ sTOI SOPM PESQ LSD
SNRs (dB) | ™ geen Noises Unseen Noises Seen Noises Unseen Noises Seen Noises Unseen Noises Seen Noises Unseen Noises
NoisyLow Euh. Full | Noisy Low Euh. Full | NoisyLow Enh. Full | NoisyLow Enh. Full | NoisyLow Enh. Full | NoisyLow Enh. Full | NoisyLow Enh. Full | NoisyLow Enh. Full

5 0.52 0.76 0.54 0.69 0.53 0.88 051 0.59 125 2.09 121 183 | 1076 243 | 1083 333
-2.5 0.58 0.79 0.56 0.70 0.61 0.89 0.59 0.66 1.28 2.28 1.21 1.85 10.70 2.19 10.70 2.95

0 0.64 0.82 0.66 0.72 0.70 0.90 0.69 0.78 1.35 2.61 1.32 1911 10.81 1.94 10.88 2.76

2.5 0.71 0.83 0.66 0.76 0.77 0.91 0.76 0.81 1.44 277 1.32 2.08 10.70 1.74 11.01 2.4

5 0.77 0.86 0.72 0.8 0.83 0.91 0.83 0.88 1.55 3.13 1.50 2.72 11.24 1.66 11.52 2.03

75 0381 0.86 0.78 0.1 0.87 0.91 0.87 0.88 169 3.19 165 3.03 115 148 | 167 165
Mean | 067 082 0.65 075 | o072 091 | omiz o077 | 143 268 137 224 | 1095 190 | 1110 252

both speech intelligibility and quality. Particularly noteworthy is the CSDNet
method’s remarkable performance in enhancing speech intelligibility, especially
evident in car noise scenarios compared to babble and SSN noise. Notably, the
CSDNet method achieves a substantial improvement of +65% in speech quality

assessment for SSN noise conditions.

5.4.3 Evaluation of CSDNet Performance Across Various
Noise Conditions and SNRs

Table 5.2 presents the quantitative evaluation of the CSDNet algorithm’s perfor-
mance across different noise conditions and signal-to-noise ratios (SNRs), both
in seen and unseen scenarios. The objective is to assess the algorithm’s ability
to enhance speech intelligibility and quality under varying conditions. Objective
metrics including STOI, SOPM, PESQ, and LSD are computed for different SNR
groups ranging from -5 dB to 7.5 dB for seen and unseen noise types. The results
demonstrate that the CSDNet consistently outperforms noisy low-band speech,
showing significant improvements in speech intelligibility and quality across all
noise types and SNRs. Notably, the algorithm exhibits higher relative enhance-
ments in seen noise conditions compared to unseen ones. It achieves competitive
speech quality scores even in unfamiliar noise environments while maintaining
high levels of speech intelligibility. The objective scores for enhanced full-band
speech consistently exceed those for noisy low-band speech, with greater improve-
ments observed in STOI and SOPM metrics as SNRs increase. Overall, there is
a notable reduction in log spectral distance for both seen and unseen noise con-

ditions.

5.4.4 Impact of Phase on Reconstructed Speech

Figure 5.4 depicts the influence of different phases (Oracle, Imaged noisy, Im-
aged_ Inverse, and Griffin Lim) on objective measurements, offering a comprehen-
sive assessment of the CSDNet method compared to the baseline Noisy method.

The bars, color-coded in orange, yellow, and green, correspond to SNRs of -

52



5.4— Results

STOI SOPM
1 1 -
0.8 ‘ 08 + ‘ ‘ ‘
) F I I | | I H I I ] H
04 I ‘ ! 04 I { ‘
Noisy Oracle Imaged_noisy Imaged_Inverse  Griffin Lim Noisy Oracle Imaged_noisy Imaged_Inverse  Griffin Lim
SNR(dB) SNR{dB)
m-5wm0ms |-500m5
(a) (b)
PESQ MOS
38 42
34 38
3 34 |
26 B 3 ‘ ]
\ | | 26
22 2 | | |
18 | | | \ | |
' | | | - |
14 I 14 | ‘
‘Tl N [ . on [ . [ -
Noisy Oracle Imaged_noisy Imaged_lnverse  Griffin Lim Noisy Oracle Imaged_noisy  Imaged_lnverse  Griffin Lim
SNR(dB) SNR(dB)
m-5m0m5 B-500m5
() (d)

Figure 5.4: Objective measurements on various phase of input test sets of
proposed models. Oracle, Imaged noisy, Imaged inverse and Griffin Lim, re-
spectively are four different phases for the reconstruction of test sets. Orange,
Yellow, and Green bars represent the SNRs of -5 dB, 0dB and 5 dB, respectively.

5 dB, 0 dB, and 5 dB, respectively. This analysis examines how variations in
phase affect reconstructed speech, providing insights into the performance of the
proposed models across diverse conditions. Objective metrics, including STOI,
SOPM, PESQ, and additional quality metrics (CSIG, CBAK, COVL), are eval-
uated across three noise types—SSN, Airport, Babble, and Car—across an SNR
range from -5 dB to 5 dB. Regarding speech intelligibility metrics (STOI and
SOPM), the CSDNet consistently outperforms the Noisy method across all SNRs
and noise types. Notably, there is a significant improvement in STOI and SOPM
at an SNR of -5 dB, indicating enhanced speech intelligibility for Babble and Car
noises. The Oracle phase serves as a benchmark for optimal performance. For
speech quality metrics (PESQ, CSIG, CBAK, COVL), the CSDNet demonstrates
superior performance across SNRs and noise types. Particularly, there is a no-
table increase in PESQ scores for all noise types at an SNR of 0 dB, highlighting

the method’s effectiveness in enhancing overall speech quality. The comprehen-
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sive evaluation consistently emphasizes the advantage of the CSDNet over the
Noisy method in both speech intelligibility and quality metrics, showcasing its
robustness in challenging acoustic environments. These results underscore the
potential of the CSDNet as a valuable enhancement for speech signals, especially
in diverse noise conditions and SNRs.

The equations for signal reconstruction in different phases are as follows:
1. Oracle Phase:

Zi(n) = ISTFT (| Zy(n)| - exp(1.0f - LYi(n))) (5.3)

where ZY}(n) represents the phase angle of the Clean Full band spectrogram at
frequency bin k and frame n.

2. Imaged_ Noisy Phase:
Z(n) = ISTFET (| Zk(n)] - exp(1.05 - £ZXk(n))) (5.4)

where Z X} (n) represents the phase angle of the Noisy Low band spectrogram at
frequency bin k£ and frame n.

3. Imaged_ Inverse Phase:

Zi(n) =ISTFT (| Zk(n)| - exp(1.05 x np.concatenate((£Xg(n), —flip(£Xk(n))))))

where Z X} (n) is the phase angle of the Noisy Low band spectrogram at frequency
bin k£ and frame n, and —flip(£Xy(n)) is the phase angle of the negative flipped
Noisy Low band spectrogram at frequency bin £ and frame n, used as the high-
band phase in the reconstructed signal.

4. Griffin Lim Phase:

Zu(n) <ISTFT <‘Zk(n>| oty Xon(n = 1) - exp(L.0j - £Yi(n — 1)) ) 56)

St | Xom(n = 1)] - exp(1.05 - £Yy(n — 1))

where Zy(n) represents the complex value of the spectrogram of the reconstructed
signal at frequency bin k and frame n, |Zx(n)| denotes the magnitude of the
reconstructed spectrogram at frequency bin k and frame n, and M is the total

number of frequency bins.
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Table 5.3: Evaluation of Model Components through Ablation Study.

Model STOI SOPM MOS PESQ LSD
Unet 0.76 0.861  2.845  2.947 2.069
Unet+T-F layer 0.794  0.896  3.088 2.38  2.089

Unet+T-F layer+PRNN 0.8 0.902  3.22 2.53 1.92

Proposed CSDNet 0.87 0.903 3.73 3.19 1.68

5.4.5 Investigating the Component Effectiveness in Pro-
posed Model through Ablation Studies

Table 5.3 presents the results of an ablation study conducted to assess the impact
of individual components on the performance of the proposed CSDNet model.
Four variations of the model were created to isolate the effects of specific compo-
nents: 'Unet’— Utilizing only the typical Dilated Convolutional Unet architecture
without additional components., ‘Unet+T-F layer’—including the T-F transfor-
mation layer in the encoder block, ‘Unet+T-F layer+ PRNN’—including the par-
allel RNN block in the bottleneck layer, and ‘Proposed CSDNet’—including the
Unet and T-F layer in encoder and PRNN and conformer block in the bottleneck
layer. The proposed ‘CSDNet’ serves as the baseline for comparison. Results indi-
cate the following: "Unet’ performs slightly lower across most metrics compared to
the full model, emphasizing the significance of the excluded components. Adding
blocks with Unet shows improvements in STOI and SOPM, highlighting the pos-
itive impact of these components on speech intelligibility. Notably, the CSDNet
without PRNN in bottleneck exhibits a decrease in performance, emphasizing
the crucial role of the parallel RNN block in maintaining overall quality. The
comprehensive study provides valuable insights into the contributions of individ-
ual components to the effectiveness of the proposed CSDNet model in enhancing
overall performance. The proposed CSDNet demonstrates superior performance
across all metrics compared to the ablated models, highlighting the significance
of the T-F transformer, PRNN, and Conformer components in enhancing speech

intelligibility and quality.
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Figure 5.5: Qualitative results. Spectrogram of (a) clean full band speech,
(b) noisy low band speech, (¢) DNN output, (d) CNN output, (e) TFiLM-Unet
output, (f) AFiLM-Unet output and (g) CSDNet output (Proposed).
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Table 5.4: A Comparative result of all metrics among different existing models
is presented in this table. The upper arrow represents that higher is better, and
vice versa. Note that all results are evaluated under both clean and noisy TIMIT
test sets. The approaches are performed in both frequency domain and time
domain.

Models ‘ CLEAN Condition ‘ NOISY Condition
‘ STOI 1+ CSIGT CBAK Tt COVL{t PESQ?T LSD | ‘ STOI 1+ CSIG 1T CBAK 1 COVL?t PESQ1 LSD |
DNN [52] 0.87 2.45 3.08 2.19 3.08 1.22 0.84 2.27 3.06 2.17 1.62 2.72
CNN [37] 0.854 2.07 3.38 2.65 3.11 2.01 0.83 2.33 3.42 2.25 2.99 3.08
TFiLM-Unet [38] 0.93 2.27 3.25 2.17 2.23 2.72 0.78 2.45 3.23 2.09 1.79 2.8
AFiLM-Unet [39] 0.94 2.64 3.21 2.46 2.55 2.29 0.72 118 3.45 1.38 1.74 2.97
Proposed 0.92 3.76 3.2 3.47 4.09 1.08 0.86 3.52 3.13 2.96 3.01 1.79

5.4.6 Comparative Analysis

1. Comparative Assessment against Existing Networks: When jux-
taposed with established models like DNN, CNN, TFiLM, and AFiLM,
primarily engineered for clean speech enhancement and bandwidth exten-
sion, CSDNet model, as depicted in Table 5.4, showcases remarkable supe-
riority across various metrics such as PESQ, CSIG, CBAK, COVL, STOI,
and LSD. Notably, traditional Speech Bandwidth Extension (SBE) models
were traditionally trained solely with clean speech data, constraining their
adaptability to noisy conditions. Our model demonstrates exceptional per-
formance, particularly in metrics highly sensitive to noise like CSIG (3.52)
and COVL (2.96). In contrast to conventional BWE models (DNN, CNN,
TFiLM, AFiLM), CSDNet exhibits significant advancements, surpassing
them across multiple metrics. In comparison to state-of-the-art models such
as TFiLM and AFiLM, our proposed network showcases improved perfor-
mance in STOI, PESQ), and notably, a substantial reduction in LSD (-1.18).
Moreover, it’s worth noting that while achieving competitive speech quality
metrics, CSDNet emerges as a lightweight model. The proposed network
achieves approximately a 32% reduction (68.22M — 36.5M) and an impres-
sive 91% reduction (127.43M — 36.5M) in model parameters compared to
TFiLM and AFiLM, respectively. This underscores the efficiency and ef-
fectiveness of the model in delivering enhanced performance with reduced

computational complexity.

2. Spectrogram Comparison: To illustrate the disparities in the recovered
enhanced-plus-extended signal between baseline methods and our proposed
CSDNet, a specific speech sample from the test set is utilized, as illustrated
in Figure 5.5. The examination reveals that the CSDNet (Figure 5.5(g))
yields a cleaner signal at low frequencies and richer high-frequency con-

tent compared to DNN (Figure 5.5(c)). Spectrograms of the clean, noisy,

S7



5.4— Results

baseline-processed, and proposed network-processed signals are presented
to assess the extended enhanced output. The results demonstrate that
our proposed network effectively mitigates noise while preserving harmonic
speech structure in the spectrogram. While DNN and CNN-based methods
exhibit some capability to recover high-frequency components, the DNN-
based recovery tends to wash away the spectral structure, whereas the
CNN-based method struggles to learn it well, leading to noise introduction
in the final expanded speech. Comparing our proposed method with TFiLM
and AFiLM-based approaches, the harmonic structures in the expanded
speech are notably clearer in the high-frequency component, particularly
during specific time intervals. In TFiLM, the harmonics in the spectrum
of the reference method appear blurred, indicating distortion introduced
by the mere use of the mirror version phase in expansion. Conversely, our
expanded speech exhibits better-recovered structure, closely resembling the
original one. The high clarity of the harmonics in the spectrogram under-

scores the superiority of estimating the recovered spectrogram.

5.4.7 Comparative Subjective Evaluation of Speech Intel-
ligibility and Quality Metrics

The speech intelligibility and quality metrics were assessed under babble and car
noise conditions at -5 dB and 5 dB SNR for eight NH recipients. Error bars,
indicating +1 standard deviation, accompany the results. Under babble noise at
-5 dB SNR, the word recognition rate (WRR) scores saw notable enhancements
with AFiLM and CSDNet processing. Specifically, WRR scores improved from
16% to 21.36% with AFiLM and to 37.39% with CSDNet. Similarly, at 5 dB SNR,
mean WRR scores improved significantly from 22.90% to 42.83%. In the presence
of car noise, CSDNet exhibited improved performance over AFiLM across both
-5 dB and 5 dB SNR conditions. The improvement was by 4% and 10.5%,
respectively. Regarding speech quality, under babble noise at 5 dB SNR, quality
scores showed enhancements from 1.06% to 2.76% with AFiLM processing and
to 4.27% with CSDNet. At -5 dB SNR, mean quality scores improved from 3.7%
to 3.98%. In the presence of car noise, CSDNet again outperformed AFiLM,
showing improvements by 0.4% and 2.5% at -5 dB and 5 dB SNR, respectively.
Figure 5.6(a) illustrates the speech intelligibility metrics, depicting the significant
improvements achieved with DiConvPRNN processing under both babble and car
noise conditions. On the other hand, Figure 5.6(b) showcases the speech quality
metrics, highlighting the superior performance of CSDNet over AFiLM across
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Figure 5.6: Subjective Speech Enhancement Performance based on (a) Speech
Intelligibility, (b) Speech Quality

various SNR levels and noise types.

5.5 Summary

This chapter introduces a novel approach called the Conformer motivated Su-
per Denoised network (CSDNet) to mitigate the mismatch problem arising from
sensitive domain-specific encoders/decoders. The proposed method involves em-

bedding a conv Unet with T-F transformation layers in the encoder, PRNN, and
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Conformer block at the bottleneck to reduce dependency on training data. Exper-
imental results demonstrate that CSDNet surpasses recent baseline methods in
terms of various metrics such as PESQ, LSD, SOPM, MOS, and STOI. Addition-
ally, CSDNet exhibits favorable performance in subjective studies compared to

existing methods like AFiLM, indicating its suitability for real-time applications.
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Chapter 6
Conclusion

In this thesis, we addressed the challenge of improving speech quality and intel-
ligibility through speech bandwidth extension, focusing on the impact of unseen
noises, channel effects; and the sensitivity of time-domain encoders/decoders.
Three novel approaches were proposed to enhance the performance of state-of-
the-art speech bandwidth extension techniques.

In Chapter 3, we presented a novel deep neural network (DNN)-based ap-
proach for simultaneous bandwidth expansion and speech restoration. Our ap-
proach aimed to enhance speech signals’ quality while increasing their bandwidth
and reducing noise interference. Through a comparative evaluation of audio sig-
nal processing, we demonstrated the efficacy of the enhanced signal compared to
the original noisy low-band signal. Notably, the reconstructed signal with the
“oracle” phase exhibited superior performance, achieving a PESQ score of 3.04
and SOPM score of 0.86. These findings underscored the potential of our pro-
posed method to effectively enhance speech signal quality, particularly in noisy
environments.

Furthermore, in Chapter 4, we introduced an end-to-end frequency-domain
framework designed to simultaneously enhance and extend speech signals. This
framework optimized both a mask-based speech enhancement module and an
ideal bandwidth extension module using multi-task learning. Experimental re-
sults demonstrated significant improvements with our proposed method, achiev-
ing a relative enhancement of 36.4% and 62% over the TIMIT dataset in terms
of perceptual evaluation of speech quality (PESQ) and log-spectral distortion
(LSD), respectively, compared to the DNS challenge dataset. Additionally, our
method boasted a more compact design in terms of the number of parameters
employed.

Lastly, in Chapter 5, we presented the Conformer motivated Super Denoised

network (CSDNet) to address the mismatch problem arising from sensitive domain-
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specific encoders/decoders. Experimental results showed that CSDNet outper-
formed recent baseline methods across various metrics such as PESQ, LSD,
SOPM, MOS, and STOI. Moreover, CSDNet exhibited favorable performance
in subjective studies compared to existing methods like AFiLM, demonstrating
its suitability for real-time applications.

Overall, the findings of this thesis underscored the importance of addressing
the mismatch problem in speech enhancement and bandwidth extension tasks.
Our proposed approaches offer promising solutions to improve speech signal qual-
ity and robustness, paving the way for advancements in various real-world ap-
plications. Further research is warranted to explore additional refinements and
validate the effectiveness of these methods across diverse datasets and environ-

ments.

6.1 Future Scope

Speech bandwidth extension and restoration hold promise for enhancing real-
world applications in noisy environments. Our future research will expand upon

current efforts in the following areas:

o Addressing Mismatch Problems: While our thesis has demonstrated
significant improvements in speech enhancement through adversarial train-
ing, the focus has primarily been on mitigating the effects of unseen noise.
However, real-world scenarios present additional challenges, such as vari-
ations in accents and languages, which can contribute to training-testing
mismatches. To address this, we aim to enhance speech enhancement meth-
ods by incorporating adversarial training to learn more generalized acoustic

features capable of disentangling accent and language information.

« Bandwidth Extension Pre-processing: In simulating signals corrupted
by channel effects, conventional approaches employ a clean-cut low-pass
filter to remove high-frequency information, resulting in a clear divide be-
tween low and high-frequency signals. However, real-world scenarios need
such distinct boundaries, leading to mismatches between training and test-
ing. To overcome this, we propose improving speech enhancement methods
through multi-task training with different low-pass filters for pre-processing
training data. This approach aims to align training data with real-world

scenarios better, thus reducing the mismatch problem.

o Correct Phase Reconstruction: Additionally, we recognize the impor-

tance of accurate phase reconstruction in speech enhancement. Future re-
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search will focus on refining phase reconstruction techniques to ensure the
fidelity of enhanced speech signals, further enhancing overall speech quality

and intelligibility.

By pursuing these avenues of research, we aim to advance the state-of-the-
art in speech bandwidth extension and restoration, making significant strides
towards enabling robust and effective communication in challenging real-world

environments.
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6.2 List of Publications

The following publication is a direct consequence of the research carried out
during the elaboration of the thesis and gives an idea of the progression that has

been achieved.

1. T. Taher, N. Mamun, and M. A. Hossain, “A joint bandwidth expansion
and speech enhancement approach using deep neural network,” in 2023

International Conference on Electrical, Computer and Communication En-
gineering (ECCE), pp. 14, IEEE, 2023
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