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Résumé

Les applications telles que la vérification du locuteur sont devenues essentielles pour véri-
fier 'identité de 'utilisateur & partir de ses caractéristiques vocales pour des assistants
personnels ou des services bancaires en ligne. Cependant, la vérification du locuteur avec
une prise de son distante est constamment affectée par les bruits environnants qui peuvent
considérablement déformer le signal vocal. De plus, les signaux vocaux sont réfléchis par
divers objets dans la zone environnante, ce qui crée de la réverbération et dégrade encore
plus la qualité du signal. Cette thése explore les techniques de rehaussement de la parole
a multicanal basées sur I'apprentissage profond pour améliorer les performances des sys-
téemes de vérification de locuteur dans des conditions réelles. Le rehaussement de la parole
multicanal vise & améliorer la qualité de la parole captée par plusieurs microphones. Elle
est devenue cruciale pour de nombreux terminaux, qui sont flexibles et pratiques pour les
applications vocales.

Trois approches novatrices sont proposées pour améliorer la robustesse au bruit du
systéme de vérification de locuteur. Tout d’abord, nous intégrons une architecture de
réseau neuronal profond avec des techniques de traitement du signal pour le rehausse-
ment de la parole en tant que prétraitement d’un systéme de vérification de locuteur basé
sur les x-vecteurs. Nous examinons 'importance d’effectuer aussi un prétraitement pen-
dant la phase d’enrélement du locuteur, ce qui a été largement négligé dans la littérature.
L’évaluation expérimentale montre que le prétraitement les performances de vérification
de locuteur si les fichiers d’enrélement sont traités de maniére similaire & ceux de test,
et si le test et I'enregistrement se font dans des plages de signal a bruit similaires. Nous
proposons ensuite de mettre en ceuvre des modéles de diffusion probabilistes basés sur
des scores pour le rehaussement de parole multicanal en tant que front-end d’'un sys-
téme ECAPA-TDNN de vérification de locuteur. Nous mettons particuliérement I'accent
sur les techniques de rehaussement de parole multicanal. Nous utilisons des approches
de diffusion probabilistes pour calculer soit des masques temps-fréquence, soit des filtres
multicanaux. Comme ’entrainement séparé du module de rehaussement de la parole in-
troduit souvent des artefacts et des distorsions, cela entraine une inadéquation pour la
vérification du locuteur. Nous proposons une optimisation conjointe pour pallier & ce
probléme. Nous avons étendu les approches mentionnées ci-dessus en optimisant conjoin-
tement les modéles de rehaussement de la parole et de vérification de locuteur avec ou sans
prise en compte d'un critére de distillation de connaissances. Ce critére de distillation
de connaissances minimise la distance entre les plongements de locuteur obtenus a partir
du systéme proposé et ceux obtenus a partir de signaux de parole propres (non bruités),
améliorant ainsi les performances du systéme de vérification de locuteur dans différentes
conditions de bruit.

Mots-clés: rehaussement de parole multicanal, vérification de locuteur avec prise de son
distante, apprentissage profond
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Abstract

Smart applications like speaker verification have become essential in verifying the user’s
identity for availing of personal assistants or online banking services based on the user’s
voice characteristics. However, far-field or distant speaker verification is constantly af-
fected by surrounding noises which can severely distort the speech signal. Moreover,
speech signals propagating in long-range get reflected by various objects in the surround-
ing area, which creates reverberation and further degrades the signal quality. This PhD
thesis explores deep learning-based multichannel speech enhancement techniques to im-
prove the performance of speaker verification systems in real conditions. Multichannel
speech enhancement aims to enhance distorted speech using multiple microphones. It
has become crucial to many smart devices, which are flexible and convenient for speech
applications.

Three novel approaches are proposed to improve the robustness of speaker verification
systems in noisy and reverberated conditions. Firstly, we integrate a deep neural network
architecture with signal-processing techniques for speech enhancement as a pre-processing
to an x-vector-based speaker verification system. We examine the importance of also us-
ing such pre-processing during the enrollment phase, which has been largely overlooked in
the literature. Experimental evaluation shows that pre-processing improves speaker ver-
ification performance if the enrollment files are processed similarly to the test data and
if the test and enrollment occur within similar signal-to-noise ranges. We then propose
to implement novel score-based diffusion probabilistic models for multichannel speech
enhancement as a front-end to an ECAPA-TDNN speaker verification system. Particu-
lar emphasis is put on multi-channel speech enhancement techniques. We compute the
time-frequency masks and multichannel filters using diffusion probabilistic models. As in-
dividual training of the speech enhancement module often introduces certain artefacts and
distortions, leading to mismatch problems. We propose joint optimization of both modules
as it helps in retaining the information. We expanded the aforementioned approaches by
jointly optimizing speech enhancement and speaker verification with and without knowl-
edge distillation loss. The knowledge distillation loss minimizes the distance between the
speaker embeddings obtained from the proposed system and those obtained clean speech
signals, further improving the performance of the speaker verification system on different
noise conditions.

Keywords: multi-channel speech enhancement, far-field speaker verification, deep learn-
ing
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1.1 Motivation

Speech is one of the most effective and widely used means of communication between
humans. Speech not only conveys messages like instructions but also carries information
at different levels, such as instructions, speaker identities, gender of the speaker, age of the
speaker, and express emotions. Over the years, with the evolution of computers, electronic
media, etc., technological advancement has changed human communication. Although
unrealistic at one time, technology has enabled machines or robots today to converse
with their creators by endowing them with the power of instructing them to carry out
various tasks. The usefulness of speech has led to extensive technological research and the
development of various speech-based applications. The rapid rise of portable or hands-free
devices, such as smartphones, tablets, smart televisions, etc., has expanded the market
for speech communication interfaces. Speech technologies have advanced to personalized
digital assistants in almost all mobile devices, and the development of smart speakers like
voice bots or virtual assistants has paved a new way for human-machine interaction. This
human-computer interface requires speech-based tools like speech recognition or text-to-
speech synthesis. With the increasing demand for such speech technologies, one important
aspect is security. For example, robust speaker verification and anti-spoofing technologies
are used to authenticate the user’s identity.

As we live in a noisy world, our voice communication is constantly affected by sur-
rounding noises which severely distorts the speech signal. This is one of the key challenges
for speech technologies. For instance, while talking to our colleagues online or via cell
phone, the heating, ventilation and air conditioning systems can degrade the audio qual-
ity. Also, while working from home, we observed that voices from other parts of the
house might get in the middle of the conversation, interfering with the speech from other
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speakers, distant music signals, etc. Moreover, even in a silent room, the propagation
of the speech signal gets affected by the environment’s acoustic properties that create
reverberation. Such phenomena degrade speech quality and intelligibility, which further
degrades the performance of speech-based applications like speaker verification. Although
humans are good at differentiating communication interference, machines are not smart
yet.

To facilitate the adverse effects of acoustic noise and room reverberation, speech tech-
nologies require strong speech processing algorithms for improving speech quality and
intelligibility in real noisy-reverberant environments. Speech enhancement can be used
as a pre-processing to speech-based applications. The goal of speech enhancement is to
improve the perceptual quality of speech by estimating clean speech signals impacted by
adverse effects of noise and room reverberation. Therefore, speech enhancement is essen-
tial for many real-world speech-based technologies for enhancing distorted speech signals.
Although for many years, research in different methods and algorithms has been going on
for speech enhancement for speaker verification, it remains a challenging task in far-field
scenarios. Moreover, few studies focus on multichannel speech enhancement for far-field
speaker verification.

1.2 Thesis objective

During periods of inactivity, using an autonomous mobile robot to monitor human pres-
ence in industrial premises is a cost-effective solution. The robot moves around the
premises and analyzes the activity there. The robot is responsible for verifying the iden-
tity when a person is detected. In case of difficulty, the robot then contacts a human
operator. One of the major objectives of this project is to take into account as realisti-
cally as possible the real conditions of use of the robot. Speaker verification in the context
of a mobile security robot faces several challenges related to the remote verification of a
person’s identity in real conditions, which can reduce performance drastically, such as:

i Ambient noise: when the robot operates in a noisy environment, such as in the
presence of background sounds or environmental noise, such as traffic sounds or
other sources of interference, speaker verification accuracy can be compromised.
This is because the noise can interfere with the quality of the audio signal, making
it difficult for the system to extract and identify the unique characteristics of a
person’s voice.

ii Reverberation: the persistence of sound waves within the robot’s environment after
the original sound source has stopped emitting sound. This can create an acous-
tic effect that can impact the quality and intelligibility of the sound captured or
produced by the robot’s microphones and speakers. Reverberation can be par-
ticularly problematic in environments with hard, reflective surfaces, as the sound
waves bounce around and create a complex pattern of echoes that can interfere with
speaker verification performance.

iii Impact of short utterances in speaker verification. Short utterances can present
a challenge for robot-based speaker verification systems. Since short utterances
contain fewer speech sounds and less vocal variation, they may not provide enough
distinct vocal features for accurate verification of speakers.
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iv. A mismatch between enrollment and test can occur when significant differences exist
between the characteristics of the speech used during enrollment and the speech
being tested. This can lead to errors in speaker verification, as the system may not
recognize the speaker’s voice due to differences in speech quality, accent, or other
vocal characteristics.

Despite efforts to remove acoustic challenges, speaker verification performance de-
grades in far-field scenarios. This is mainly due to far-field audio signals being captured
from a distance, which can decrease signal quality due to factors such as attenuation and
directional effects. This can result in a degraded audio signal that can affect speaker
verification accuracy. Additionally, the quality of the microphones used to capture far-
field audio can also impact speaker verification performance. Low-quality microphones
may introduce additional noise or distortion into the audio signal, which can reduce the
accuracy of the system.

This thesis aims to propose and develop multichannel speech enhancement techniques
as a front-end to remove ambient noise and reverberation for far-field speaker verification.
The proposed solutions are based on signal processing and the exploitation of deep neural
networks. Speech enhancement techniques are required for smart applications like speaker
verification to improve the distorted quality of the signal by suppressing the background
noise and room reverberation. Modern smart devices are equipped with microphone arrays
exploiting the information acquired by the embedded multichannel in the devices. On the
other hand, devices equipped with speech-based applications must ensure processing with
computational efficiency. While deep neural networks are black boxes that require a lot
of data and parameters and sometimes lack generalization, conventional signal processing
techniques are constrained by the assumptions made about the signal statistics, which
are often inaccurate and unrealistic. The algorithms proposed in the framework of this
thesis are designed to integrate statistical signal processing and deep neural network
techniques. As a result, we can take advantage of multichannel signal processing to
design effective speech enhancement techniques that are high-performing and distortion-
free. This can improve robustness while enabling the processing of speech signals in
difficult non-stationary noisy situations.

1.3 Thesis contribution

We focus on developing various speech enhancement techniques as a pre-processing to
a far-field speaker verification system. This thesis work mainly investigates three major
frameworks for developing a robust noise-aware system: a benchmark of multichannel
speech enhancement for far-field speaker verification, a score-based generative approach
for multi-channel speech enhancement for far-field speaker verification, and the joint op-
timization of speech enhancement and speaker verification in a single framework. The
main contributions of the thesis work are as follows:

1. We propose integrating filtering based on deep neural networks (DNN) or combin-
ing DNN and signal processing approaches. The DNN-based approach implements
a neural beamforming technique for speech enhancement. The second approach
integrates the neural beamforming technique with a signal processing-based clas-
sical multi-channel Wiener filter and a dereverberation technique. We integrated
FaSNet, a deep neural network-based beamforming approach. We combine FaSNet
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with Rank-1 multichannel Wiener filter and a weighted prediction error. We inte-
grate this approach as a pre-processing pipeline to conduct various experiments for
speaker verification in adverse acoustic conditions where noise and room reverbera-
tion distorts the target speech signal.

2. In addition to the aforementioned contributions, we conduct several studies con-
cerning the impact of speech enhancement and speaker verification approaches in
acoustic scenarios using various SNRs, the importance of enrollment processing, ro-
bustness to low SNR scenarios and generalization to unseen real recorded data. Ad-
ditionally, we investigated the influence of quality (source-to-distortion and source-
to-interference ratio) of the enhanced signals, which could help fine-tune the front
end of a speaker verification system. We also study the impact of short utterance
lengths on speaker verification performance.

3. We propose implementing a novel deep generative model for multichannel speech
enhancement as a front-end for the speaker verification system in a far-field noisy-
reverberant scenario. Our approach consists of score-based diffusion probabilistic
models implemented for computing the masks or the multichannel filter. The score-
based decoder learns to generate clean speech by gradually transforming the noisy
multichannel signal using the Mel spectrogram or STFT. We quantify the relative
importance of these main development techniques using speech enhancement and
speaker verification objective metrics. We show that the final solution outperforms
the popular state-of-the-art pre-processing techniques in all considered distortions.

4. To further improve the noise robustness of speaker verification, we propose a joint
optimization approach. The individual training of the speech enhancement and the
speaker verification system often leads to a mismatched problem. This problem
is caused mainly by the speech enhancement module distorting some useful fea-
tures, negatively impacting the back-end speaker verification model. However, joint
training can retain the necessary features the speaker verification model requires,
improving its performance. We jointly train speech enhancement and speaker ver-
ification in a single framework. The proposed joint optimization is a two-stage
approach. We individually train the speech enhancement and speaker verification
modules in the first stage. In the second stage, we jointly optimize both modules
with and without the similarity-preserving knowledge distillation loss to better filter
out the noise.

1.4 List of publications

The work carried out during this thesis led to the following publications:
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Matrouf, How to Leverage DNN-based speech enhancement for multi-channel speaker
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tificial Intelligence (ASPAI’), 2022, Corfu, Greece.

e Sandipana Dowerah, Romain Serizel, Denis Jouvet, M.Mohammadamini, Driss
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Workshop (SLT), 2022, Doha, Qatar.
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Robustness and Noise Compensation in ResNet and TDNN-based Speaker Recog-
nition Systems, In Furopean Signal Processing Conference (EUSIPCO), 2022, Bel-
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1.5 Organization of the thesis

This thesis comprises a total of seven chapters, including this introductory chapter. The
theoretical foundations of this Thesis and a review of the state-of-the-art are described in
Chapter 2. The dataset and evaluation metrics are described in Chapter 3. Chapters 4, 5,
and 6 are devoted to describing our contributions to multichannel speech enhancement as
pre-processing to far-field speaker verification. Each chapter develops one of the previously
enumerated objectives of this Thesis. Finally, Chapter 7 concludes. More specifically:

e Chapter 2 gives a detailed review of the state-of-the-art speech enhancement and
speaker verification techniques used in the scope of this thesis work. We introduced
the analysis and processing of the noisy reverberated speech signal. Then, the single-
channel speech enhancement is reviewed on the problem of noise estimation. Next,
multichannel speech enhancement approaches based on beamforming algorithms and
multichannel filtering and dereverberation techniques are explained. To conclude,
we give an overview of the use of deep neural networks for speech enhancement,
specifically generative models.
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e Chapter 3 describes the evaluation metrics and the datasets used in this thesis. We
describe the objective quality metrics to evaluate the proposed speech enhancement
and speaker verification contributions. We overview different datasets widely used
for speech enhancement and speaker verification. Afterwards, we describe the speech
enhancement and speaker verification datasets used in the experimentation of this
thesis work. This includes the simulated dataset we developed in the framework
of this thesis work, which is designed to simulate realistic room environments with
additive noise and reverberation from clean and dry speech segments. Designing
such a dataset is necessary as speech enhancement approaches require ground-truth
knowledge about the target speech and, to some extent, the degradation. And this
information is not available in the speaker verification corpus for far-field speaker
verification.

e Chapter 4 explains the pre-processing pipeline for speaker verification in adverse
acoustic conditions where noise and room reverberation distorts the target speech
signal. The chapter describes the benchmark speech enhancement as a multichan-
nel pre-processing approach for a far-field speaker verification system. We consider
either filter based on deep neural network (DNN) or combining DNN and signal
processing approach. This chapter explains the pre-processing pipeline we devel-
oped using three techniques: neural beamforming, multi-channel Wiener filter and
dereverberation. We first make a general description of our approach, followed
by an explanation of the neural beamforming architecture. Then, we describe the
multichannel Wiener filter framework and, finally, the dereverberation algorithm
we implemented to alleviate the reverberation. We study the impact of both ap-
proaches in different noisy and reverberated acoustic scenarios using various SNRs
for a multi-channel input signal. We also study the impact of data mismatch, ro-
bustness in low SNR scenarios, and generalization to unseen real recorded data.
Additionally, we investigate the influence of quality (in terms of source-to-distortion
and source-to-interference ratio) of the enhanced signals, which could be helpful in
fine-tuning the front-end of a speaker verification system.

e Chapter 5 describes the proposed diffusion probabilistic models-based methodologies
for multi-channel speech enhancement. We analyse the diffusion-based techniques
we developed to address acoustic interference and signal distortions as front-end
processing for far-field speaker verification. We implemented a score-based diffusion
probabilistic model to learn the time reversal using a stochastic differential equa-
tion for sample generation and gradually diffusing the data distribution towards a
particular noise distribution. We propose several pre-processing techniques using
diffusion probabilistic models for speaker verification. We provide a detailed ex-
planation of the diffusion process, followed by an explanation of each technique.
We present the experimental evaluation of our techniques on both synthetic and
real-recorded corpora. Additionally, we evaluate the diffusion-based techniques on
a newly released speaker verification dataset on two different enrollment conditions.
For the diffusion-based techniques also, we evaluate the quality of the enhanced
signals using the source-to-distortion and source-to-interference ratios.

e Chapter 6 describes the proposed joint optimization of speech enhancement and
speaker verification framework. We propose two approaches for joint optimization
that involve noise reduction techniques with and without knowledge distillation
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loss. First, we explain each joint-optimised approach and then the loss functions
we have used in this work. The first joint-optimized approach combines FaSNet,
a neural beamforming technique, with the speaker verification system. The second
approach utilizes diffusion-based multi-channel speech enhancement techniques in
combination with the speaker verification system. We propose to use similarity-
preserving knowledge distillation loss, type of knowledge distillation (KD) loss with
the FaSNet-based joint-optimized model and with GradSE, a diffusion-based speech
enhancement approach. The similarity-preserving knowledge distillation loss en-
courages the network to produce similar activation for enhanced signals. We use
this technique to minimize the distance between speaker embeddings obtained from
the proposed system and those of clean speech signals. We provide a detailed anal-
ysis of the experimental procedure as well as the performance of each approach.

Chapter 7 summarizes the thesis and provides future research directions regarding
multi-channel speech enhancement for far-field speaker verification.
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2.1 Introduction

" We thought it was wrong to ask a machine to emulate people. After all, if a machine has
to move, it does it with wheels—not by walking. Rather than exhaustively studying how
people listen to and understand speech, we wanted to find the natural way for the machine
to do it.” - Fred Jelinek (IBM’s speech recognition innovator).

The idea of designing a machine to mimic human communication and understanding has
fascinated engineers and researchers and has been a topic of discussion and experimen-
tation for centuries. Over time, computational and technological evolution has made
it possible to communicate with inanimate objects and complete tasks through them
rather than only being a fantasy. From Bell Laboratories AUDREY in 1952, which could
recognize spoken numbers and the first voice synthesizer Voice Operating Demonstra-
tor (VODER), to today’s smart virtual assistants, speech technologies have witnessed a
dramatically amazing transformation.

The goal of speech technologies is to convert recorded audio into a sequence of words.
This has paved the way for speech technologies to help people with disabilities, transcribe
interviews, learn a new language or access a file via voice commands. In the last few years,
speech technology has emerged as one of the preferred methods for remote authentication
due to the advances in telecommunications and networking and its ease of integration
into existing systems. Automatic speech recognition (ASR), keyword spotting (KWS),
language recognition (LRE), gender identification (GID), and emotions detection are just
a few examples of the many approaches that make up automatic speech processing, each of
which typically focuses on a single application. This thesis focuses on speaker verification
and the pre-processing approaches for mitigating the factors that degrade its performance
in a far-field setting.

Speaker verification is one of the ever-growing speech technology domains that has
recently gained popularity. But the evolution of speaker verification goes a long way
back. The history of speaker verification can be traced back to the early days of telephony
when it became necessary to authenticate users for secure communication. Lawrence R.
Rabiner and Biing-Hwang Juang, the researchers at Bell Laboratory, developed the first
speaker verification system and recognized that voice recognition could be used to verify
the identity of a speaker and prevent unauthorized access. They used pattern recognition
and statistical modelling techniques to create a unique voiceprint for each speaker, which
could be compared to a database of previously recorded voiceprints to verify the speaker’s
identity | .

In the 1970s and 1980s, speaker verification technology continued to evolve with the
introduction of new algorithms and techniques for voice analysis. One major break-
through during this period was the development of the hidden Markov model (HMM), a
mathematical tool that could be used to model speech patterns and recognize individual
speakers. HMM-based speaker verification systems were more robust and accurate than
earlier systems, and they became widely used in commercial applications.

During the 1990s and 2000s, speaker verification technology continued to improve, with
the introduction of new features such as mel-frequency cepstral coefficients (MFCCs) and
Gaussian mixture models (GMMs). These techniques enabled speaker verification systems
to handle more complex speech patterns and to adapt to individual speakers over time.

Today, speaker verification is used in a wide range of applications, from secure access
control systems to voice-based authentication for online banking and other financial trans-
actions. The technology continues to evolve, with ongoing research focused on improving

10
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accuracy, robustness, and usability, as well as addressing new challenges such as deep fake
audio and other forms of audio spoofing.

2.2 Problem formulation and notation

We consider an acoustic scene where the sounds emitted by different sources are affected by
noise and reverberation. Let y(¢, f) be the pressure variation measured by K microphone
at time-frequency ¢, f. The signal propagates in the room by reverberating on the different
walls before reaching the microphone.

Considering the mixture of clean speech and noise as recorded by K microphones. The
short-time Fourier transform (STFT) domain of the mixture is K x 1 vector y:

y(t, f) =s(t, f) +n(t, f) (2.1)

with
S = hs(ta f)a(ta f) (2'2)
n = hy(¢, )b, f) (2.3)

where y; ¢ is the noisy speech. s = [s;...sk]| is the K x 1 spatial image of clean speech
and n = [n; ...nk] contain the image of noise signal recorded at K. h(t, f) is the room
impulse response. Both noise and speech are assumed to be emitted by point sources.
hs(t, f) and hy(¢, f) are the room impulse response (RIR) from the speech and noise
sources to the microphone array.

Multi-channel speech enhancement is based on the use of filters called beamformers.
The filtered signal results from a convolution between the filter w and the temporal signal
y, which can be more simply calculated under the narrowband approximation |

|, by a scalar product in the complex domain;

yrie = w'ly (2.4)
k
= Z WYk (2.5)
k=1

where the exponent H denotes the Hermitian transpose (the transpose of the complex
conjugate), and the exponent * denotes the complex conjugate of a scalar. Since the
variables w and y are complex, the filter w modifies the amplitude and phase of each
channel in y before summing them. Different types of beamformers are described in
section 2.5.2.

2.3 Features

Feature extraction from the speech signal is the technique of extracting task-specific in-
formation from the speech waveform, also known as parameterisation. The fundamental
goal of the feature extraction procedure is to turn the clean representation of speech sig-
nal into feature vectors that may effectively describe the signal’s properties. Depending
on the task being pursued, several parameter types are chosen. In the case of speaker
verification, the feature extraction part must provide parameters resistant to noise and
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Figure 2.1: An example of speech waveform and associated spectrogram (magnitude of
the STFT).

transmission effects. Figure 2.3 gives an overview of the graphical representation of the
features for speaker verification.
We give a brief explanation of a few features in the following sections.

2.3.1 Time-frequency representation

Every sound is a vibration. Microphones digitally capture those vibrations, producing a
waveform. Waveforms exhibit different structures at different time scales.

With the discrete Fourier transform (DFT), the discrete time signal is transformed into
the frequency domain. Computations are usually carried on using the fast Fourier trans-
form (FFT) algorithm [Oppenheim and Schafer, 2009]. The waveform is projected onto a
basis of complex exponentials with linearly spaced frequencies. As DFT is invertible, all
the information in the waveform is contained in its complex spectrum. Time-frequency
representations were introduced to analyze the frequency content of the waveform over
time. Contrary to time or frequency representations, time-frequency representations are
sparsely distributed. As a result, mixtures of sounds tend to overlap less in the time-
frequency domain, which makes separation easier. Figure 2.1 shows the STFT represen-
tation of a clean speech signal.

The short-time Fourier transform (STFT) is a widely known transformation commonly
used for speech-processing tasks. The STF'T of a clean signal can be defined as follows;

X(t, f) = Z z(m + tls)w(m)e_n”% (2.6)

where my is the window function, N, is the frame length in samples, [, is the frameshift

m=0
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Figure 2.2: A graphical representation of Mel-scaled filter banks.

in samples, ¢t and f are time and frequency indices which are multiplied by the window
function. The DFT is then applied to each frame. An example of a clean speech discrete-
time domain signal and its STFT representation is shown in Figure 2.1.

Time-frequency representation has been used for computing time-frequency masks as
well. A time-frequency mask is a signal-processing tool to manipulate and enhance audio
signals. In the masking-based methods, the objective is to generate a time-frequency mask
which contains a weight for each time-frequency unit. Time-frequency masks are used to
extract the target speech from noisy or reverberant signals in speech enhancement. The
mask is estimated to correspond to the ratio of the target signal’s magnitude spectrogram
and the noisy or reverberant signal’s magnitude spectrogram. The resulting mask is
applied to the noisy or reverberant signal, effectively suppressing the noise or reverberation
and amplifying the target speech.

They are often used as a pre-processing step before feature extraction and speaker
verification. Researchers have proposed various algorithms for computing time-frequency
masks, including Wiener filtering, spectral subtraction, and non-negative matrix factor-
ization. Recently, deep learning-based approaches have gained popularity, where the time-
frequency masks are estimated using convolutional neural networks or recurrent neural
networks. These models have shown promising results in various noisy and reverberant
environments.

Although spectrograms may occasionally be used directly as input features |

, |, the Mel spectrogram is usually preferred.

2.3.2 Mel filter banks

A Mel filter bank is a set of overlapping band-pass filters that are designed to mimic the
non-linear frequency resolution of the human auditory system. Mel Filter Banks are used
to provide a better resolution at low frequencies and less resolution at high frequencies. It
captures the energy at each critical frequency band and gives approximates the spectrum
shape. Mel filter banks are computed from FFT, then stacked together to form the Mel
Spectrogram of the speech | , |.

More specifically, to compute the Mel filter bank, a speech signal is applied to a pre-
emphasis filter; this filter sectionalized speech signal into (overlapping) frames then a
window function is applied to each frame. The pre-emphasis filter is useful to balance
the frequency spectrum as high frequencies usually have smaller magnitudes compared
to lower frequencies. After that, each frame is subjected to a Fourier transform, specifi-
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Figure 2.3: Example of MFCC features for a clean speech signal.

cally STFT preserving the magnitude spectrogram, which calculates the power spectrum.
Hence, we get an approximation of the frequency spectrum of the speech signal by cascad-
ing adjacent frames. The final step in computing Mel filter banks is applying triangular
filters on a Mel scale to extract frequency bands. Figure 2.2 is a graphical example of a
Mel-scaled filter bank.

2.3.3 Mel-frequency cepstral coefficients

Mel-Frequency Cepstral Coefficients (MFCCs) were first introduced for speech recognition
[Davis and Mermelstein, 1980]. The amplitude of the spectrum is initially acquired using
the absolute value of the Fourier Transform. To better replicate the frequency resolution
of the human ear by being more discriminative at lower frequencies and less discriminative
at higher frequencies, the Mel-filters are then used to separate the spectrum into frequency
bands [Stevens et al.. 1937].

MFCCs are calculated by first applying a Mel filter bank to an audio signal to break
it down into frequency bands. The energy of each band is computed as the weighted
sum of squared values of the magnitude spectrum. A logarithm of the energies is then
taken to compensate for the dynamic range of the values and to emulate the human
perception of sound loudness. The resulting coefficients are transformed using the Discrete
Cosine Transform (DCT) to obtain the cepstral coefficients, which represent the frequency
content of the signal in a compact form. The inverse DCT is used to obtain a low-
pass Fourier series representation of the frequency-warped log spectrum, where the fine
structure corresponding to source information is filtered out. Finally, the dimensionality
of the vector is reduced by the DCT to obtain the final vector of MFCC coefficients.
Figure 2.3 is an example of MFCC coefficients for a clean speech signal. MFCCs have
served as the acoustic feature of choice across speech applications.

2.3.4 Feature normalization

Speech signals and their features contain unique qualities that change depending on the
recording environment (noise, reverberation, type of microphone). Convolutional noise
shifts the mean values of MFCC coefficients, while additive noise reduces variance. To
address this inter-session variability of characteristics, a straightforward mean and vari-
ance normalization has been proposed by Boll. 1979, and Openshaw and Masan, 1994,
The entire utterance is normalized under the assumption that the undesired variability is
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constant throughout the entire utterance. For the £ frame in utterance d, the normalized
ith coefficient is computed in the following way;

A Cd,i(k) — Hd,i
Cdi(k) = % (2-7)

)

where 114, is the mean of the it" coefficient, and 04, its standard deviation both estimated
on utterance d.

To begin, we explain the basic notion of speaker verification, factors affecting speaker
verification performance, and the various approaches adopted over the years to deal with
degrading performance, especially in far-field or distant scenarios, while deploying in the
real world.

2.4 Speaker verification

This section gives an overview of speaker verification over the years. As the main focus
of this thesis is to develop multi-channel speech enhancement for speaker verification, we
used the popular state-of-the-art speaker verification approaches for our experimentation
without proposing any new approach. Therefore, we will look into the widely used ap-
proaches over time and gives a theoretical explanation of the three systems we have used
in this thesis work.

Speaker verification is the process of verifying the authenticity of a person based on
his/her voice characteristics. Each person’s voice contains distinctive characteristics that
computers try to take into account to automatically identify speakers’ identity |

| automatically. According to , speaker verification is
beneficial and has several uses. Speaker verification is typically used for security purposes,
such as to verify that a speaker is indeed the person they claim to be when accessing a
secure system. It can also be used in other applications, such as speech-based human-
computer interaction and biometrics. For instance, speaker verification systems in the
security field offer a step toward identity authorisation, increasing the security of an
online payment system or a personal electronic device. Additionally, many downstream
activities in speech technology can benefit from the speaker-related representation (also
known as speaker embeddings) learned via a speaker verification system. For instance, a
speaker-dependent automated speech recognition (ASR) system can exploit the speaker
embeddings computed by a speaker verification system | .

Theoretically, speaker verification has two distinctive steps: enrollment and verifica-
tion. The enrollment phase in speaker verification is the process of collecting and storing
a reference sample of a person’s speech. During this phase, a speaker is asked to record
a set of utterances which are then used to create a unique representation of the speaker’s
voice that can be used as a reference for future authentication attempts. This represen-
tation, known as the speaker model, is used to identify the speaker in future verification
tasks. The enrollment phase aims to obtain a high-quality representation of the speaker’s
unique vocal characteristics, such as their speaking style, pronunciation, intonation, and
rhythm. In a nutshell, enrollment is registering a speaker’s voice biometrics and creating
a speaker model.

Once the enrollment phase is complete, the verification phase begins. Verification uses
the speaker model to determine whether a test speech signal matches the model associated
with the claimed identity. During this step, a speaker is asked to pronounce some phrases
or sentences used during enrollment. The system compares the new speech sample to the
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Figure 2.4: A generic speaker verification system consists of the following stages: Feature
extraction extracts a set of speaker-discriminative features from the speech signal. Model
training involves modelling the speaker-discriminative features to create a speaker model,
represented as a set of speaker embeddings that capture the unique characteristics of
the speaker’s voice. Score computation computes a similarity score between the speaker
embeddings obtained from the test speech signal and the speaker model. The score
indicates the degree of similarity between the test speech signal and the enrolled speaker
model. In the final stage, the system decides whether the test speech signal belongs to
the enrolled speaker based on the computed similarity score. A threshold is typically used
to determine whether the score is above or below a certain level, indicating a match or
non-match.

reference samples stored during enrollment to determine whether the speaker is authentic.
To do that, the system computes a similarity score, which indicates how closely the new
speech sample matches the reference samples.

If the similarity score is above a predefined threshold, the system declares the speaker
to be the same person who enrolled, and the verification is considered successful. If
the similarity score is below the threshold, the verification is considered to have failed,
and the speaker may be asked to repeat the process or provide additional authentication
information. In short, if the score is sufficiently high, the claim is accepted, and if the
score is low, the claim is rejected | , .

In simple words, speaker verification is a two-class problem that aims to determine if
the speaker in the test utterance is the same as the speaker in the enrollment utterance. In
modern speaker verification systems, acoustic features are extracted from each utterance
and processed using VAD to remove any silence or non-speech segments. Then, these
features are fed into a speaker embedding extraction module, which generates a fixed-
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length vector representation of the speaker’s unique characteristics, called an embedding.
The enrollment and test embeddings are compared to determine whether they belong to
the same speaker. This comparison can be made using various techniques such as cosine
similarity, Euclidean distance, etc.

Speaker verification can further be distinguished as text-dependent or text-independent
[ |. In text-dependent speaker verification, the lexical content of the
utterances is fixed or pre-defined, whereas in the case of text-independent speaker verifi-
cation, there are no such conditions, and the speakers are free to speak as they want |

|. Unlike text-independent speaker verification, text-dependent speaker
verification can rely on short utterances of a few seconds for authentication. A single
speaker can utter several sentences, leading to multiple models per speaker. This is feasi-
ble because the speech content is controlled and limited to a brief sentence, needing only
one utterance for the test. This allows the system to generate a more robust represen-
tation of the speaker’s voice, which can improve the accuracy of the speaker verification
process.

On the other hand, text-independent speaker verification systems typically require
longer speech samples, usually of at least several seconds, to generate a robust repre-
sentation of the speaker’s voice. The exact length of the speech samples required for
text-independent speaker verification can vary depending on the system and the specific
application, but in general, speech samples of at least 30 seconds or longer are considered
to be optimal for enrollment and test. We experimented with different utterance lengths
and analysed the impact on speaker verification; the results are presented in Chapter 4.
However, a reliable speaker model would be adaptable enough to verify the speaker using
any utterance at the test time since there is no constraint on the speech content.

To review the foundational work in literature, we describe a few widely used approaches
for speaker verification over the years.

Hidden Markov Models

Hidden Markov models (HMMs), a statistical approach, are eminent for identifying tem-
poral patterns. HMMs are specifically used for their ability to characterise the stationary
and temporal properties of a signal. HMMs have been widely used in speaker verification
systems | , , , , ,

|, particularly in its text-dependent variation where the order of observations is more
crucial, to describe phoneme transition probabilities | |.

In speaker verification, HMMs are used to model the acoustic features of a speaker’s
speech. Each speaker is modelled as a separate HMM, with the acoustic features of their
speech being used to estimate the parameters of the HMM. During verification, a test
speech signal is compared to the HMMs of multiple speakers, and the speaker whose
HMM results in the best match with the test signal is selected as the most likely speaker.

HMM assumes the speech signal as a parametric random process, and its parameters
can be estimated precisely | |. HMMs model both the speech
sounds and their temporal sequencing. HMMs model the speech feature vectors as a
set of processes. The two stochastic processes carried out by HMMs are an observable
process and a hidden Markov Chain (i.e., not observable directly, hence hidden process).
According to the Markov property, the probability of adhering to any transition depends
on the system’s current state and is unaffected by previous observations. When building
a model, a hidden Markov chain handles temporal fluctuations in the speech signal, while
the observable process handles spectral variations.
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HMDMs have been effective in speaker verification, as they can capture the dynamic
structure of speech signals and model the variability in the speech signals of different
speakers. However, there are limitations to using HMMs in speaker verification, including
the difficulty of accurately modelling the variability in speech signals and the limitations
of the HMM framework in terms of modelling non-linear relationships in speech signals.

Deep Neural Networks

The era of using artificial intelligence (AI) for speaker recognition or verification dates long
back after the idea of Al was proposed by numerous computer scientists in 1956s |

|. But, due to limited computer hardware capabilities and the immaturity of Al
algorithms, research on speaker recognition or verification did not produce promising
results.

The use of Deep Neural Networks (DNNs) for speaker verification started to gain pop-
ularity around the mid-2010s due to their significant capacity, ability to learn complex
patterns in the speech signal, strong feature extraction ability and flexible network archi-
tectures | , , ,

|. The primary research on DNNs for speaker verification
typically focused on replacing traditional GMMs with DNNs to extract speaker features.
One of the key advantages of DNNs was that they could handle large amounts of data
and model complex distributions, making them well-suited for speaker verification tasks.

A speaker verification system based on DNN extracts each speaker’s deep properties
and performs supervised learning in a neural network model when given labelled data.
The typical approach for speaker verification using DNNs is to train the network on a large
dataset of speech samples from multiple speakers. The network is trained to generate a
speaker embedding, or a feature representation, for each speech sample. The embedding
is then used to compare the similarity between speech samples from the same speaker and
to differentiate speech samples from different speakers. The DNN-based architectures
take in a sequence of acoustic feature frames, such as Mel-frequency cepstral coefficients
(MFCCs), and learn to extract a speaker-discriminative representation. The network’s
final output is a fixed-length vector that summarizes the acoustic information for the
entire speech sample.

Over time, many other papers have proposed different variations of DNNs for speaker
verification, such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks
(RNNs), and other variants of deep neural networks. DNNs have become a popular
approach for speaker verification, and many state-of-the-art speaker verification systems
now use DNNs to compute speaker embeddings.

2.4.1 Speaker representation

In speaker verification, dealing with different utterance lengths has always been a chal-
lenge. Finding a good representation of a recording independent of its length is one of the
critical features of speaker verification systems. This is because it is important to com-
pare the characteristics of the speech signal regardless of its duration. There are several
methods for representing a speaker’s voice for speaker verification. One of the earliest
solutions for speaker representation to deal with different utterance lengths in speaker
verification is to use a statistical model, such as Gaussian Mixture Models (GMMs) and
likelihood comparison. In this approach, a GMM is trained to model the distribution of
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Figure 2.5: Graphical representation of the workflow of the speaker embedding extraction.

speech features for each speaker, and likelihood scores are then calculated for test utter-
ances based on their fit to each speaker model. The use of GMMs and likelihood scores
could be computationally intensive, particularly for large numbers of speakers or long test
utterances.

In recent years, the development of fixed-length vector representations, or embeddings,
which is a low-dimensional vector representation of a speaker’s voice that is learned by a
neural network, has become useful in various speech-processing applications. By providing
a fixed-length representation of a recording, embeddings help to improve the accuracy and
scalability of applications like speaker verification.

A detailed overview of the history and architectures of the classical approaches based
on Gaussian Mixture Models and DNN-based approaches are given in the relevant sections
below.

GMDM-based approaches

Gaussian Mixture Model (GMM)-based approaches for speaker verification involve the
speaker GMM, which is trained from one or several utterances of the given speaker(i.e.,
speaker training set). And then using the GMM to compute a likelihood score for a test
utterance given a claimed speaker identity. This likelihood score is used to make a decision
on whether the claimed identity is correct or not. GMM-based approaches were widely
used in speaker verification and have been shown to be effective.

Gaussian mixture model-Universal background model

According to , one of the earliest speaker recognition systems
was built using the Gaussian mixture model (GMM). In GMM, the speaker is modelled
using a combination of Gaussian probability density functions computed using the feature
coefficients. GMM uses the expectation maximization (EM) algorithm |

|, which is a generative modelling approach to iteratively bring the initially random
values of the distributions closer to those of the observed data. When used for speaker
recognition, this method which is frequently used to model multivariate data—produces a
speaker-dependent GMM that can be assessed at various data points to see how well the
speaker-dependent GMM resembles the data from an unknown speaker. One of the most
basic iterations of the GMM-based technique involves creating a GMM for each known
speaker.
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Getting enough data in practice to train the GMM for each target speaker is challeng-
ing. suggested the Gaussian Mixture Model-Universal Background
Model (GMM-UBM) as a solution to this issue. The GMM-UBM is a statistical method
used in speaker verification that involves modelling the speaker-independent variability
in the speech signal using a UBM and the speaker-specific variability using a GMM. The
UBM is trained on a large speech corpus to model the background speech variability
common to all speakers. During the enrollment phase, a speaker-specific GMM is trained
for each speaker, using the UBM as a prior. This GMM is then used to represent the
speaker-specific variability in the speech signal.

During the verification phase, the system compares the test speech signal to the
speaker-specific GMM obtained during the enrollment phase. The system then calculates
a likelihood ratio, which indicates how well the test speech signal fits the speaker-specific
GMM relative to the UBM. If the likelihood ratio is above a predefined threshold, the
speaker is considered the same person who enrolled, and the verification is successful.
Traditional systems train the speaker GMM using the EM algorithm, and Maximum
likelihood EM is used for UBM. The target speaker’s GMM is then modified using the
maximum a posteriori (MAP) method | | by adjusting the parameters of
the trained UBM rather than directly training the GMM for each speaker.

GMM-UBM is widely used in speaker verification systems, as it provides a simple and
effective way to model the speaker-independent and speaker-specific variability in speech
signals. The method is effective for both text-independent and text-dependent speaker
verification. It can be combined with other speaker verification methods, such as Joint
Factor Analysis (JFA), to improve the system’s accuracy.

According to , the effectiveness of a recognition system can be
increased by creating and analyzing fixed-dimensional representations of each utterance.
This made it possible to use various classifiers from different machine learning studies, such
as the GMM supervector, which is created by concatenating the parameters of a GMM
model to create a fixed-dimensional vector from a variable-duration utterance |

, |

Furthermore, conventional GMM-UBM systems are highly sensitive to variations in
the utterances, whether from the channel or the speaker. This is because GMM-UBM
systems model each speaker and each channel as separate GMMs, which can be sensitive
to variations in the speech signals.

Supervectors

Supervectors are the first concept of representing variable-length utterances by a fixed-
length vector. They are formed by concatenating the mean vectors of a GMM that
has been trained on speaker-specific acoustic features, such as Mel frequency cepstral
coefficients (MFCCs). Each mean vector corresponds to a mixture component in the
GMM, and the resulting supervector has a dimensionality equal to the number of mixture
components times the dimensionality of the acoustic feature vectors. The supervector
representation provides a more robust and discriminative representation of the speaker’s
vocal characteristics.

According to , GMM supervectors can be successfully deployed
for speaker verification using support vector machines (SVM) | ],
with the positive examples being the supervectors produced from the training utterances
and the negative examples being a collection of fake utterances. However, the large
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dimensionality of supervectors is a major issue, as it leads to reduce the performance of
the back-end classification module | |-

Joint factor analysis

Joint Factor Analysis (JFA), first introduced by , is a projection of the
supervectors in a reduced dimensional space and in improving the robustness of speaker
recognition systems to variations in the speech signals | |. JFA is a statistical

method for speaker verification that combines factor analysis and speaker modelling. The
JFA technique has been widely studied and has been shown to be effective in speaker
verification tasks. In particular, JFA has been used to improve the performance of speaker
verification systems in noisy and challenging environments, such as background noise,
channel distortions, and other environmental factors.

In JFA, a set of acoustic features, such as Mel-frequency cepstral coefficients (MFCCs),
are extracted from speech signals and used to model the speaker-independent variability.
The speaker-dependent variability is then modelled by combining the speaker-independent
variability with a speaker-specific factor estimated based on the enrollment data.

During the verification phase, the system compares a test speech signal to the speaker-
specific factors obtained during the enrollment phase. The system then calculates a
similarity score, which indicates how closely the test speech signal matches the speaker-
specific factors. If the similarity score is above a predefined threshold, the speaker is
considered the same person who enrolled, and the verification is successful.

used JFA to extract speaker features for speaker recognition. In
their approach, JFA was used to combine the speaker and channel factors into a single
space called the total variability space, as the authors realized that channel factors could
contain speaker-dependent information. stated that a speaker and
session-dependent GMM supervector could be generated from the total variability space
and from the hidden variables. The hidden variables in the total variability space, known
as the total factors, were estimated by their posterior expectation and used as features
for the next stage classifiers. These later became known as identity vectors, or i-vectors,
in speaker recognition systems.

1-vectors

i-vectors introduced by is a widely used feature representation type
in speaker verification systems. An i-vector is a low-dimensional representation of a
speaker’s speech, which captures the speaker-specific information. The authors claim that
the complete variability space and the hidden variables can create a speaker and session-
dependent GMM supervector. Speaker or session variability is the variability exhibited
by a given speaker from one recording session to another. Although not observable,
the hidden variables, initially referred to as the total factors, can be estimated by their
posterior expectation and used as features for the following stage classifiers.

The main aim of the i-vector paradigm is to use factor analysis to compress multiple
sources of speech variability (such as speaker characteristics) into a fixed-length, low-
dimensional representation. i-vector transforms the high-dimensional supervectors into a
low-dimensional subspace by retaining the significant variability.

In speaker verification, i-vectors are derived from a UBM, which is trained on a large
amount of speech data from multiple speakers. The UBM is used to model the spectral
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patterns of speech, and the i-vectors are derived from the UBM by projecting the super-
vector of a speaker’s speech onto a low-dimensional subspace called the total variability
space. The i-vector representation is speaker-specific, meaning that each speaker will have
a unique i-vector.

A probabilistic linear discriminant analysis (PLDA) backend compensates for unde-
sired channel characteristics in most approaches, providing a mechanism for classifying
i-vector pairs to distinguish whether they belong to the same speaker or to different speak-
ers. Although i-vectors have shown significantly impressive performance over unadapted
models, they are quite disadvantageous in mismatched conditions as more enhancement
information might be needed for pre-processing | |.

The i-vectors and PLDA have dominated the text-independent speaker verification
in the past decade due to their superior performance, simplicity, and effectiveness. In
this framework, a GMM-UBM | | is used to collect sufficient statis-
tics. Then, a feature extractor such as factor analysis | | is used to
exact the low-dimensional identity vector as the compact representation of the utterance.
The verification scores for each pair of utterances are then generated using a separately
trained PLDA classifier. However, the performance of the system decreases for the short
utterances in the enrollment /test | , |.

In recent years, many researchers have proposed various modifications and improve-
ments to the basic JFA technique. For example, some researchers have proposed using
non-linear techniques, such as Deep Neural Networks (DNNs), to model the speaker and
channel factors. Other researchers have proposed using Bayesian techniques to estimate
the speaker and channel factors.

2.4.2 DNN-based approaches

DNN-based speaker verification systems have recently been developed, demonstrating
competitive performance compared to conventional i-vector/PLDA systems. The DNN-
based speaker verification systems typically use a neural network to extract a compact,
speaker-discriminative representation of the speech signal. The neural network is learned
to recognize (classify) the speakers of the training set. Once the training is done, when
the NN is applied to some utterance, the information from the last hidden layer (to
check whether it is the last hidden layer or the one before) is used as a fixed-length vector
representation (the speaker embedding). This speaker embedding is then used as a feature
representation to compare speech samples and decide whether they come from the same
speaker or from different speakers.
The speaker embedding are used to compute speaker similarity between utterances
[ |. For example, if two speech samples are from the same speaker, their
corresponding speaker embeddings should be close to each other in the feature space. On
the other hand, if two speech samples are from different speakers, their corresponding
speaker embeddings should be far apart in the feature space.
DNN architectures, including time-delay neural network (TDNN) | ,
|, CNN | 7 , I
and LSTM | , | are used to extract frame-level features
from utterances. The remaining part of the DNN corresponds to a pooling layer that
merges the frame-level features of the utterance, followed by several feed-forward layers.
The DNN-based systems are trained using a classification loss, such as softmax loss
| | or angular softmax loss | |. A few metric learning losses
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Figure 2.6: Graphical representation of the architecture of TDNN.

have also been exploited to train the entire speaker verification system in an end-to-end
fashion, including triplet loss [Zhang et al., 2018, Li et al.. 2017], generalized end-to-end
(GE2E) loss |Wan et al.. 2018], and cluster-range loss [Bian et al., 2019]. In addition, a
lot of research on robust low-level features [Abdalmalak and Gallardo-Antolin, 2018, Al-
Qaderi et al., 2021] and hybrid models [Shahin et al., 2021] has been done further for
improving the effectiveness of conventional and DNN-based speaker verification systems.

Time delay neural network

Let’s take a deeper look at the type of network that manages the context of input charac-
teristics before we discuss the x-vector architecture in detail. Time Delay Neural Network
(TDNN), first introduced by Waibel et al., 1989, is a multi-layer feed-forward deep neural
network. It was later improved for better training efficiency by Peddinti et al.. 2015, who
used it as part of an acoustic model.

The motivation for using TDNN was to replace Recurrent Neural Networks (RNN)
in the learning of long-term time dependencies. Because the learning mechanism is se-
quential, RNNs require more training time than feedforward networks. TDNN is used to
learn long-term time dependencies from long contexts, and it achieves a similar learning
speed to other feed-forward networks. Figure 2.6 illustrates the architecture of the TDNN
network.

In one layer of the TDNN, each input frame is a column vector representing a single
time step in the signal, representing the feature values. TDNNs learn to transform narrow
context only in the first layer. The network uses a smaller matrix of weights (the kernel or
filter), which slides over the signal and transforms it into an output using the convolution
operation.

Deeper layers process hidden activations from a broader temporal context, hence the
ability of the higher layers to learn broader temporal relationships. The layers have
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Figure 2.7: Graphical representation of x-vectors. The x-vector embeddings can be ex-
tracted after the statistical pooling network.

changing temporal resolution, which is higher with each deeper layer since each layer
operates with a different width of context.

The bottom layers of the network are updated during back-propagation by a gradi-
ent accumulated throughout all the time steps of the input temporal context since the
transformations in the TDNN architecture are connected across time steps. The TDNN
is defined by the context of each layer it uses to calculate its activation.

X-vectors

X-vectors [Snyder et al., 2018] were introduced for extracting fixed-length feature vec-
tors from recordings of any length. The backend of the speaker verification was trained
separately to compare pairs of embeddings. The topology of the neural network is de-
picted in Figure 2.7. The network consists of three main parts: the frame level consists
of layers operating on speech frames. The statistics pooling layer that aggregates over
the frame-level representations to obtain a segment-level representation. And additional
layers with the classifier. The additional layers operate at the segment level, and finally,
a soft-max output layer provides the means for training the whole network via multi-class
cross-entropy. Throughout the whole network, Rectified linear units are used as activation
functions.
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The original x-vector network has five frame-level TDNN layers. By assuming ¢ as the
current time step. At the input, frames are spliced together at {t —2,¢t—1,¢,t+1,¢+ 2}.
The next two layers splice the previous layer’s output together at times {t — 2,¢,¢ + 2}
and {t — 3,¢,t + 3}. The following two layers operate on the frame level but without
any added temporal context. The size of the layers varies from 512 — 5136 based on the
used splicing context. Overall, the frame-level part of the network prepares frame-level
representation from the time context of {t — 8} to {t 4+ 8}. The statistics pooling layer
receives the output of the final frame-level layer as an input, aggregates input segments
over time and computes their mean and standard deviation.

These segment-level statistics are concatenated and forwarded to two additional hidden
layers with a dimension of 512. The two layers are used to compute the embedding (x-
vector). The last layer consists of a softmax output. Segment-level embeddings can be
extracted from any layer of the network after the statistics pooling layer.

The x-vectors can exploit large amounts of training data which makes it useful to
augment or boost the data, termed data augmentation. Data augmentation increases the
quantity of the data. The training samples are enhanced with noise and reverb using
data augmentation, along with the original samples. Using the same front-end (feature
extraction) or back-end (vector comparison) for both i-vector and x-vector systems enable
system integration.

ECAPA-TDNN

The ECAPA-TDNN (Emphasized Channel Attention, Propagation and Aggregation) ar-
chitecture was presented by , which is a variant of x-vectors. The
authors made architectural enhancements to the TDNN architecture and statistics pool-
ing layer in the x-vector network. The temporal context of frame layers in the original
x-vector system is limited to 15 frames. As it is beneficial to use a wider temporal context,
Squeeze-and-Excitation blocks were introduced to represent channel inter-dependencies.
The first component of a Squeeze-and-Excitation block is the squeeze operation which
generates a descriptor for each channel. The squeeze operation consists of calculating
the mean vector of the frame-level features across the time domain. The descriptors in
the mean vector are then used in the excitation operation to calculate a weight for each
channel.

Figure 2.8 illustrates the architecture of the ECAPA-TDNN network. The temporal
attention mechanism has been extended to the channel dimension to enable the network
to focus more on speaker characteristics that do not activate on identical or similar time
instances. By scaling all the channels in accordance with the general characteristics of
the recording, the Squeeze-and-Excitation block increases the temporal context of the
frame layer. Moreover, as neural networks can learn hierarchical features by operating
each layer at a distinct level of complexity, additional skip connections were introduced to
propagate and aggregate the channels. Additionally, channel-dependent frame attention
was incorporated to improve the statistics pooling layer. As a result, the network can
concentrate on various subsets of frames while estimating each channel’s statistics.

2.4.3 Scoring speaker similarity

Scoring is a critical component of speaker verification, as it is used to evaluate the sim-
ilarity between the speech signal of a claimed speaker and the reference model of that
speaker.

25



Chapter 2. State-of-the-art

ﬂ Input

h 4
Convolution 1D + ReLLU + Batch
normalization

CxT

j-_ SE-Res2Block (k=3,d=12)
2 COxT

Ir SE-Res2Block (k =3, d=3) ,J

CxT

Y

SE-Res2Block (k=3,d=4)
Convolution 1D + ReLU (k=1,d=1) ]

Ix(CxT)

Y
| Attentive statistical pooling + Batch
normalization

Feedforward layer + Batch
normalization

h 4

L Softmax

Y

Output

Figure 2.8: Network topology of the ECAPA-TDNN. £ denotes for kernel size and d for
dilation spacing of the ConvlD layers or SE-Res2Blocks. C' and T correspond to the
channel and temporal dimensions of the intermediate feature maps, respectively.

Speaker verification generates a match score by comparing the pre-enrolled speaker
profile and incoming audio, indicating how similar the comparison results are, and utilising
a threshold to determine whether to accept or reject the input as a match. Understanding
the trade-off between false positive and false negative rates is crucial.

Two similarity measures are frequently used in speaker verification to determine whether
a test observation is from the target speaker. These metrics are used by almost all novel
DNN approaches, namely the cosine distance of vectors and probabilistic linear discrimi-
nant analysis (PLDA). This section explains the techniques we have used to compare two
embeddings.
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Cosine similarity score

One of the first use of cosine similarity for speaker verification was made by
. They used an SVM classifier for i-vectors, using cosine similarity distance for two
vectors as the kernel function for the SVM classifier.

In several verification tasks, cosine similarity scoring is used as it is a computationally
effective method for such tasks. The decision score for speaker verification is calculated
as the cosine of the angle between two embeddings, i.e., the enrollment ¢, and test em-
beddings ¢;. The angle represents the distance in the high-dimensional embedding space.
The closer the angle is to 0 degrees, the more similar the embeddings are to each other
and the higher the cosine similarity score. The cosine similarity score is computed as
follows;

< ¢e;¢t >

S ey Pt) —
(@2 00) = 115, Ml

(2.8)

The cosine scoring method is advantageous as the scoring lies in low computational
complexity. It should be noted that the scores produced in this manner are symmet-
ric and unaffected by any potential vector swapping between the test and enrollment.
Additionally, scoring is performed directly in the speaker embedding space.

Probabilistic linear discriminant analysis

Probabilistic linear discriminant analysis (PLDA) is a generative model, initially devel-
oped for face recognition | |, and is a probabilistic version of Linear
Discriminant Analysis (LDA) that can handle more complexity in data. PLDA assumes
that given data samples are generated from a distribution. PLDA has been widely used
for recognition, verification, generating similarity scores for clustering, and class-specific
feature extraction over time.

PLDA has become one of the popular techniques for comparing embeddings in verifi-
cation jobs. PLDA aims to model speaker and channel-dependent variations in a lower-
dimensional subspace. The i-vector/PLDA method is appealing and has advanced to
state-of-the-art due to the reduced number of parameters compared to other approaches
like joint factorization analysis. Moreover, PLDA can generate well-calibrated likelihood
ratios without needing score normalization when training and evaluation data are taken
from the same domain.

PLDA-based systems developed mainly for text-independent tasks, have been demon-
strated to benefit from lexical information during training | |. However,
they are inadequate for text-dependent tasks, especially when dealing with short utter-
ances, due to their inability to model the temporal structure of the utterances |

, |. PLDA can be used in new DNN approaches, where
i-vectors are replaced with their deep learning alternatives (x-vectors).

The comparison score generated by PLDA is the log of the ratio between the likelihood
that the embeddings were created by the same speaker and the likelihood that different
speakers created them. The embeddings are assumed to belong to the same speaker if
the comparison score is higher than the threshold; otherwise, we claim they belong to
different speakers.
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Figure 2.9: Graphical illustration of a noisy environment.

2.4.4 Factors affecting far-field SV

There are several factors that can affect the accuracy of speaker verification systems. It
is not possible to provide a perfect recording environment free of background noise, re-
verberation, and other acoustic and environmental disturbances. Additionally, recording
the speaker’s voice using high-quality microphones might not always be feasible. This
section overviews the signal degradation only in acoustic environments, among other fac-
tors. We can approximate an acoustic environment by two types of signal degradation:
noise and reverberation. Usually, in literature, the term "noise" represents all types of
signal degradation (including reverberation). In this work, we distinguish between noise
and reverberation.

Noise

Several types of noise can affect speaker verification systems, as shown in Figure A.1.
Background (or ambient) noise in real-world settings always distorts speech signals. This
distortion can take many forms, including additive noise [Ming et al., 2007]. It can come
from both external and internal sources. Here are some examples: environmental noise is
any unwanted sound that is present in the environment in which the speaker verification
system is being used. This can include sounds from traffic, construction, or other people
talking. Background noise which is present in the recording in addition to the speaker’s
voice includes noises from the recording equipment or from the surrounding environment.
Electrical interference can occur when the audio signal is contaminated by other electrical
signals, such as from power lines or other electronic devices. The recording equipment
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itself can also introduce noise into the audio signal. This can happen due to limitations
in the equipment or due to improper setup or calibration.

Although deep neural networks improved the performance of speaker verification sys-
tems, noise interference still affects them, making robustness a more important metric
and characteristic. looked into how various background noises
affected the speech signal. They suggested in their work that background noise may
obscure (or mask) the details of another sound, such as the speaker’s voice.

The additive noise, which is an elementary distortion model of a target signal with an
unwanted signal, can be modelled as below;

s(t) = x(t) + n(t) (2.9)

Babble noise is another type of additive noise that is characterized by multiple people
speaking simultaneously, producing a chaotic mixture of voices. It is often described as
a "babbling brook" of human voices. Babble noise is typically seen as one of the most
challenging types of noise to deal with, as it can significantly degrade the quality of speech
signals and make it difficult to distinguish individual voices. Babble noise can occur in a
variety of settings, such as crowded public spaces, classrooms, or other noisy environments
where many people are speaking at the same time.

divided the noise types into two categories: stationary and
non-stationary. The stable spectral and temporal properties of features, such as the noise
from an idle car, are termed stationary noise. Stationary noise can be problematic in
speech and audio processing, as some of the speaker’s words may be obscured by this
noise which can mask important speech information. The second sort of noise is non-
stationary noise, like a dog barking. This type of noise has two different components:
spectral fluctuation, in which the frequency components fluctuate rapidly over time, and
temporal envelope variation, in which the noise level changes with time.

, and studied the impact of different noise environ-
ments on the DNN model’s performance. experimented with various
noise types, including engine noise, restaurant noise, and pop song noise, which are artifi-
cially mixed with the clean signal at different signal-to-noise ratios (SNRs) ranging from
10 dB to 20 dB.

Reverberation

Reverberation is the persistence of sound in an enclosed or semi-enclosed space after the
sound has been produced. It results from sound waves reflecting off surfaces such as
walls, ceilings, and floors and then bouncing back and forth until they gradually lose
energy and fade away. Surfaces like walls, mirrors, and tables reflect, refract, and absorb
these waves. The amount of reverberation in a space depends on the size and shape of
the room, the materials and surfaces present, and the properties of the sound source. A
figurative illustration of reverberation is shown in Figure 2.10.

A microphone records direct and attenuated (reflected) waves at various times. The
room impulse response (RIR) is the transfer function between the sound source and the
microphone. It includes the effects of reflections, diffraction, and absorption of sound
waves within the room. The RIR is influenced by the room’s characteristics, the source
position, and the microphone position. The RIR is a finite impulse response filter used
with a large number of taps (in the thousands) to achieve high accuracy in simulating
complex room acoustics. The longer the FIR filter, the more reflections and details of the
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room acoustics are captured, providing a more precise representation of the RIR, which is
essential for creating convincing spatial audio effects, such as the perception of distance,
direction, and immersion. However, a longer FIR filter also requires more computational
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Figure 2.10: Graphical illustration of reverberation.
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Figure 2.12: A graphical representation of generic speech enhancement process.

resources and memory to process. Therefore, the choice of the length of the FIR filter
depends on a trade-off between the desired accuracy and the available computational
resources.

By convolving an audio signal with an RIR represented as an FIR filter, we can simu-
late the effect of sound propagation within a room. In this context, a room is characterized
by its reverberation time (RT60). The reverberation time of a room or space is defined
as the time required for the sound to decay. It is often difficult to measure the RT60
accurately as it is almost impossible to generate a consistent and stable sound level.

2.5 Speech enhancement

As discussed in section 2.4.4, speech signals are corrupted by various factors, such as
noise or reverberation, which degrades the speaker verification performance. Speech en-
hancement can be used as a pre-processing to improve speaker verification performance
in noisy reverberant conditions. According to , speech enhancement
is a natural choice for alleviating the noisy effects of the input speech signal as it aims to
improve the quality and intelligibility of the speech signal by reducing or removing the
unwanted noise and distortions that can affect its perception. A graphical illustration of
the generic process of speech enhancement is shown in Figure A.2.

Some studies on speech enhancement focus on the problem of speech corruption caused
by additive environmental noise commonly referred to as the noise reduction problem.
Even though this subject has been thoroughly studied over the past few decades, noise
reduction is still challenging for several reasons. Since the characteristics of the noise
change over time, it is challenging to develop algorithms that can effectively remove it
without damaging the desired signal. In some cases, it may be difficult to know be-
forehand the type and characteristics of the noise present in the input signal. This is
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particularly challenging in scenarios where multiple noise sources are present or the noise
is highly variable. In such cases, it is difficult to develop a noise reduction algorithm
that can effectively remove the noise without distorting the desired signal. The signal-to-
noise ratio (SNR) of the input signal can significantly impact the performance of noise
reduction algorithms. When the SNR is low, the desired signal is heavily corrupted by
noise, making it challenging to differentiate between the two. In such cases, the noise
reduction algorithm may remove not only the noise but also parts of the desired signal,
resulting in speech distortion and reduced intelligibility. This makes it considerably more
challenging to create speech-processing algorithms that work well in various environments
and conditions.

Speech enhancement can be mono- or multi-channel, depending on the number of
microphones. We give in the next section a brief analysis of the single-channel speech
enhancement in the following section. Since the main focus of this thesis is multi-channel
speech enhancement, Section 2.5.2 gives a detailed review of the different approaches
applied for multi-channel speech enhancement.

2.5.1 Single-channel speech enhancement

Single-channel speech enhancement is used to improve the quality and intelligibility of
speech signals that are recorded with a single microphone in the presence of noise and
reverberation. This is achieved by exploiting the statistical properties of the speech and
noise signals, such as their spectral characteristics, temporal correlation, and sparsity.
Single-channel speech enhancement techniques typically operate in a transformed domain,
such as the frequency domain, where the signal and noise components can be separated
and processed independently.

Recent approaches have considered speech enhancement as a supervised learning prob-
lem | , , |. The clean speech
signal or other target features are thus estimated using a machine learning algorithm
trained using a data-driven approach. The supervised speech enhancement approaches
have benefited from DNN’s rapid advancement, which has produced amazing achievements
in various technological fields, including speech and signal processing. DNNs have demon-
strated successful single-channel speech enhancement outperforming traditional statistical
methods (like spectral subtraction, Wiener filtering, non-negative matrix factorization and
Hidden Markov Models and establishing themselves as state-of-the-art algorithms. These
techniques have moved towards using powerful network architectures that consider all
areas of the processing pipeline, from important feature extraction to reconstructing the
time signal. DNNs are capable of modelling non-linear relationships between the input
and output signals and can automatically extract relevant features from the input signal
without relying on hand-crafted features like MFCCs. DNN-based approaches focus on
improving performance in increasingly difficult situations with low SNRs, non-stationary
noises or interfering sources, and real-time applications.

However, single-channel speech enhancement methods are signal-adaptive frequency
filters as they operate on the noisy speech signal to estimate a filter that is specific to
the spectral properties of the signal. They adjust the filter coefficients based on the local
characteristics of the noisy speech signal, such as the noise level and spectral properties.
Single-channel speech enhancement approaches typically struggle to minimize background
noise without introducing noticeable artifacts (such as musical noise | |) or
speech distortion because the speech and noise signals typically occupy overlapping fre-
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Spectral subtraction

The spectral subtraction technique | | is probably one of the earliest methods
used for speech enhancement. The basic idea behind this technique is to estimate the
noise power spectral density (PSD) from the noisy speech signal and then subtract the
estimated noise PSD from the noisy speech PSD to obtain an estimate of the clean speech
PSD. The clean speech signal can then be obtained by inverse Fourier transform of the
clean speech PSD.

The spectral subtraction technique consists of (i) Windowing: The noisy speech signal
is divided into overlapping frames of a fixed length, and a window function is applied to
each frame to reduce spectral leakage. (ii) Estimating the noise PSD: The PSD of the
noise is estimated from the noisy speech signal using a method such as averaging the
PSDs of silent frames or a voice activity detection (VAD) algorithm. (iii) Subtraction:
The estimated noise PSD is subtracted from the PSD of the noisy speech signal to obtain
an estimate of the PSD of the clean speech signal. The amount of subtraction can be
controlled using a scaling factor, which is typically determined empirically. (iv) Recon-
struction: The estimated clean speech PSD is inverse Fourier transformed to obtain the
corresponding clean speech signal.

While the Spectral Subtraction technique can be effective at reducing noise in speech
signals, it has some limitations. One limitation is that it assumes the noise is stationary
and does not change over time. This can be problematic if the noise is non-stationary, as
the estimated noise PSD may not accurately represent the true noise PSD. Additionally,
the technique can introduce distortion and artefacts in the reconstructed speech signal.

Wiener filter

The Wiener filter is a widely used digital signal processing technique for noise reduction
and signal enhancement. Wiener filter | | is a statistically optimal
criterion with well-defined statistical assumptions that has become one of the broadly
used solutions to system identification issues and has significant applicability across a
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wide domain | : : .

The Wiener filter is a linear filter that is used to estimate a desired signal from a
noisy or degraded signal. The filter works by minimizing the mean squared error between
the estimated signal and the desired signal. The Wiener filter is designed based on the
statistical properties of the desired signal and the noise in the input signal. The basic idea
behind the Wiener filter is to estimate the power spectral density (PSD) of the desired
signal and the noise in the input signal. The filter then applies a frequency-dependent
gain to the input signal, which is determined based on the ratio of the PSD of the desired
signal to the total PSD of the input signal (i.e., the sum of the PSDs of the desired signal
and the noise).

The Wiener filter can be implemented in both the time domain and the frequency
domain. In the time domain, the filter is typically implemented using a finite impulse
response (FIR) filter. In the frequency domain, the filter is implemented using the Fourier
transform of the input signal and the filter coefficients, which are calculated based on the
estimated PSDs.

The gain function of the Wiener filter in the STF'T domain can be computed by solving
the following minimization problem:;

Gwr(t, f) = arg?(ni;%EﬂX(t, f) =G HY NP} (2.10)
G(t,f
Thus, the Wiener filter minimizes the mean square error between the clean and es-
timated speech spectra. Considering that the noise and clean speech STFT coefficients
are uncorrelated zero-mean random variables, and their second-order variance is o,%(t, f)
and 0,%(t, f), Wiener filter gain can be obtained as;

§(t, f)

Gwrl(t, f) )+ 1 (2.11)
where £(t, f) = 0,2(t, f)o,2(t, f) is the priori SNR. As can be seen, the gain function is
close to zero for bins with a low SNR, i.e., noise-dominant bins, suppressing the frequen-
cies, while the gain function is close to one for bins with high SNR, i.e., speech-dominant
bins.

Apart from the conventional Wiener filter, there are other Wiener-like functions have
been proposed, such as square-root or parametric Wiener filter | |, the codebook-
driven filter | |, and the application of the psychoacoustic character-
istics of the human auditory system | , |.

Ideal time-frequency masks

Time-frequency mask estimation is a commonly used technique in speech enhancement
to separate speech from background noise. The goal of the technique is to estimate a
time-frequency mask that can be applied to the noisy speech signal to attenuate the
background noise while preserving the speech signal.

The time-frequency mask is typically computed using a two-step process. The first step
involves computing a spectrogram of the noisy speech signal using a short-time Fourier
transform (STFT). The second step involves estimating a time-frequency mask that can
be applied to the noisy signal to separate speech from background noise. One common
approach is to use a binary mask, where values of 1 indicate that the corresponding
time-frequency bin should be preserved (i.e., the speech signal is present), and values
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Table 2.1: Figurative representation of the three ideal ratio masks. The subscripts r and
1 represent the real and imaginary parts, respectively.

of 0 indicate that the corresponding time-frequency bin should be attenuated (i.e., the
background noise is present).

Ideal ratio masks (IRM) and complex ratio masks (cIRM) are other types of time-
frequency masks. These masks are used in evaluations to get some comparison corre-
sponding to using a perfect mask or as target values in training processes. They differ
in their approach to estimating the mask and the information they use to compute it.
The IRM is a real-valued mask representing the ratio of the clean speech power to the
noisy speech power in each time-frequency bin. Unlike the ideal binary mask (IBM), the
IRM does not assume that the noise is additive or stationary and can adapt to changes
in the noise characteristics. However, the IRM assumes that the speech and noise are
statistically independent, which may not always be true.

The cIRM is a complex-valued mask that represents the ratio of the complex Fourier
coefficients of the clean speech signal to the complex Fourier coefficients of the noisy speech
signal in each time-frequency bin. The cIRM can capture phase information, which is
important for preserving the quality of the speech signal. However, computing the cIRM
requires estimating the phase of the clean speech signal, which can be challenging in
practice. Table 2.1 presents the mathematical expression for IBM, IRM and cIRM. The
choice of time-frequency mask depends on the specific characteristics of the speech and
noise signals and on the desired trade-off between noise reduction and speech distortion.

The time-frequency mask can be estimated using various methods, including Wiener
filtering, subspace methods, and deep learning-based approaches. For example, a deep
neural network can be trained to predict the time-frequency mask from the noisy and
desired clean speech signals. The estimated mask can then be applied to the noisy speech
signal to obtain the enhanced speech signal.

2.5.2 Multi-channel speech enhancement

Multi-channel speech enhancement is a signal processing technique to obtain a clean
signal from noisy mixtures recorded with multiple microphones. The development of
multi-channel speech enhancement techniques was made possible by the advent of devices
having arrays of two or more microphones. When the speech signal and the background
noise are located in different positions in the room, the desired signal can be spatially
separated from the noise since the speech signal, and background noise is located in
different positions in the room | |. The multi-channel approach enables
us to take advantage of the spatial information in the signals, such as the location of
the target speaker, the acoustic channel’s characteristics, or the statistical characteristics

35



Chapter 2. State-of-the-art

of the noise field across the microphones. Using multiple microphones, the multi-channel
approach can capture the sound from different spatial positions and estimate the direction
of arrival of the desired speech signal and the interfering noise sources. If the target speaker
and the interfering sources are spatially separated, then the multi-channel approach can
effectively separate the two signals and attenuate the noise while preserving the quality
of the speech signal. However, if the target speaker and the interfering sources are closely
located, such as in a reverberant room, then the multi-channel approach may not be as
effective in separating the two signals and may result in some alteration of the speech
signal.

Today’s smart devices using speech-based applications are equipped with multiple
microphones for exploiting spatial features and increasing speech intelligibility. With
the availability of multiple microphones, speech-based applications hope to provide good
intelligibility and advance the technology of mobile devices even in a noisy-reverberant en-
vironment. In the following sections, we explain some multi-channel speech enhancement
techniques.

Beamforming

Beamforming is often used in conjunction with a microphone array and other signal pro-
cessing techniques, such as spatial and temporal filtering, to perform spatial filtering. To
distinguish the desired components from the background noise, reverberation, and inter-
fering signals, beamforming relies on spatial and spectral information. The beamformer
aims to extract the signal originating from the region of interest and attenuate signals
from different locations.

The noisy speech signal at each microphone can be represented as;

wi(t, ) = si(t, f) +ni(t, f), (2.12)

where k =1, ..., K is the microphone index and k represents the number of microphones.
Let us also assume that the clean speech signal at each microphone is different due to the
room acoustics and the microphone responses.

There are two main categories of beamformers: data-independent and data-dependent,
which are described in the following sections.

Data-independent beamformers

The filter coefficients are pre-determined to extract the desired signal regardless of the
statistical characteristics of the source signals in a data-independent beamformer design.
The objective is to achieve spatial focus on the desired source that originated from the
region of interest and to suppress undesirable signals like interference or background
noise. The key benefits of Data-independent beamformers include the ability to prevent
signal distortion without the need for controlling algorithms, and their comparatively
low numerical complexity and simplicity of implementation | |. However,
because they are not well adaptable to changing acoustic surroundings, fixed beamformers
have a limited ability to suppress noise.

Delay-and-sum | | is one of the examples of data-independent
beamformers, which we briefly explain in the following section.
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Figure 2.14: Graphical illustration of the structure of delay-and-sum beamformer.

Delay-and-Sum Beamformer

The delay-and-sum beamformer combines the signals from multiple microphones to max-
imize the desired signal while minimizing noise and interference from other directions.
The technique works by applying a set of delays and weights to the signals from each mi-
crophone before summing them together. As they add up together coherently, the desired
signal components are reinforced, and the noise is eliminated as they are added together
destructively.

Figure 2.14 illustrates the structure of the delay-and-sum beamformer, where the signal
arriving at the microphone is the combination of both the desired signal and the noise
signal. Delay-and-sum can be expressed as follows;

xi(t) = si(t) + m(t) (2.13)

The delayed signal can be expressed as follows;

zy(t) = si(t = 1)) +m(t — 1)) (2.14)

where T; is the delay to the [y, signal. The aligned signals are added together to form the
beamed output §(kT"). The output signal is expressed as follows;

R 1 ) 1 )
3(kT) = NZ{ilxl(kT) + NZ{ilnl(kT) (2.15)

Data-dependent beamformers

The statistical characteristics of the incoming signals constitute the basis for the design
of a data-dependent beamformer, also known as an adaptive beamformer. In contrast
to data-independent beamformers, an adaptive beamformer uses spatial filtering. Com-
pared to data-independent beamformers, this usually results in greater noise suppression
performance. Additionally, such a design is regularly updated to track current statistics
regarding the statistics of the room propagation conditions. The linearly constrained
minimum variance (LCMV) beamformer | | is one of the well-known examples
of an adaptive beamformer. The LCMV beamformers’ core principle is to apply a linear
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constraint on the weight vector to control the beamformer output and keep the intended
signals’ gain and phase constant. This aids in maintaining the target signal and reducing
the contribution of interference and noise signals | ]. The
generalized sidelobes canceller (GSC) | |, a different unconstrained
design problem of the LCMV beamformer, is another example of an adaptive beamformer.

Since adaptive beamforming techniques can adjust to shifting acoustic environments,
they typically outperform data-independent beamforming techniques at removing noise.
They exhibit speech distortion and cancellation as a result of modelling flaws and due to
their extreme sensitivity.

In the following sections, we describe some of the data-dependent beamformers we
have used in this thesis work.

Minimum variance distortionless response beamformer

The Minimum Variance Distortionless Response (MVDR) beamformer | | is
a data-dependent beamforming technique designed to reduce noise at the output of the
beamformer while imposing a distortionless constraint on the target speech signal. MVDR
is also known as Capon filter | | and is perhaps the most popularly used
super-directive beamformer. The main goal of the MVDR beamformer is to minimize the
variance of the recorded signal. The MVDR filter can be obtained by solving the following

optimization problem;
wiVPE = argminElwfu, ;| (2.16)

wf
subject to

wih; =1, (2.17)

where {Elwfu, > = wiR, sw;} is the power spectrum density of the output noise
signal and R, ¢ = Eut,fut7f is the spatial correlation matrix of the noise signals. If we
assume that the target speech and noise signals are uncorrelated, we can express the
power spectrum density of the output noise as;

E |wiu > =w{R, jw; — w/R, w; (2.18)
= W?RyJWf — W?hfgb)(th? (219)
= WfRy,fo — ¢X (2.20)

where ¢x is the power spectral density of the target speech and R, ; = F{|y,/|*} and
R, = E{|o.¢|*} are the spatial correlation matrices of the microphone signals and the
source. The distortionless constraint means that the second term does not depend on
wy. Consequently, the optimization problem of equation (2.14) can be reformulated as
follows;

W%VDR = argr}szw?Ry,fo, (2.21)
subject to
wih; =1, (2.22)

By solving this optimization problem, we get the following expression for the MVDR
filters;
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To be noted, to compute the filters, we first need to estimate the steering vector hy and
the spatial correlation matrix of the microphone signals.

MVDR involves the estimation of the noise covariance matrix. As MVDR is an adap-
tive beamformer, it can adapt to a noisy environment for maximum noise reduction. This
is accomplished by re-calculating the filter coefficients using the cross-spectral density
matrix of noise.

Generalized eigenvalue beamformers

The Generalized eigenvalue (GEV) beamformer operates by finding the optimal set of
weights to apply to each of the sensors in the array in order to maximize the output
signal-to-noise ratio.

The GEV beamformer is based on the idea that the signal received by an array of
sensors can be modelled as a linear combination of the desired signal and the noise. By
finding the optimal set of weights for each sensor in the array, the GEV beamformer can
effectively filter out unwanted noise and interference while amplifying the desired signal.

The GEV beamformer first constructs a covariance matrix from the data received by
the array of sensors. This covariance matrix represents the statistical correlation between
each pair of sensors in the array. The GEV beamformer then performs a generalized
eigenvalue decomposition on the covariance matrix, which produces a set of eigenvectors
and eigenvalues. The eigenvectors represent the optimal set of weights to apply to each of
the sensors, while the eigenvalues represent the strength of the corresponding signal. Once
the eigenvectors have been determined, the GEV beamformer applies these weights to the
signals received by each sensor in the array. The resulting output signal has a higher
signal-to-noise ratio than the original input signal, which makes it easier to identify and
analyze the desired signal.

Along with the GEV beamformer, a Blind Analytic Normalization (BAN) postfilter
| | is used. The GEV-BAN obtains better performance
than the MVDR beamformer. Beamforming combined with post-filtering is a popular
method for multi-channel speech enhancement.

Multi-channel Wiener filter

The multi-channel Wiener filter (MWF') can be considered a type of beamformer since it
realizes the multi-channel filtering of microphone signals to reduce noise. The MWF is the
solution to a Minimum Mean Square Error (MMSE) problem that allows for noise reduc-
tion. MWF estimates the speech component of a reference signal at the microphone(s).

The MWF incorporates the spatial properties of the signals into the filter design. The
spatial properties of the signals can be characterized by the inter-channel correlation and
the direction of arrival of the target signal. These spatial properties are used to estimate
the spatial covariance matrix, which is then incorporated into the filter design to improve
the enhancement performance.

The MWF can be generated as a multi-channel MMSE linear filter like its single-
channel counterpart. The filter that minimizes this cost function is the MWF |

, |, which is the optimal solution in the mean squared
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sense, i.e. it minimizes the MSE between the desired signal s; and the estimated signal.
The MWF solution is defined by;

wywr = argminE{|s; — WHy|2} (2.24)

where [E is expectation operator and H is Hermitian transpose.
Solving equation 2.24 yields;

WrywE = Ry_lRySel (225)
where Ry is the correlation matrix of the input signal, R, is the cross-correlation matrix
between the input signal and its speech component, and with e; = [1,0,...0] the vector

which selects the (first) reference channel. If the noise and the speech are uncorrelated
and of zero mean, we have R, = R, and R, = Rg + R,,. The equation 2.25 is equivalent
to;

WywE — (Rs —+ Rn)*leel (226)

By factoring equation 2.24, it can be shown that the MWF is equivalent to an MVDR

followed by a single-channel filter if the noise follows the Gaussian distribution |
) ]'

The MWF has the advantage of not relying on the knowledge of the angles of arrival.
A priori knowledge of the position of microphones and sources is not required. It requires
the knowledge of noise only period, which can be obtained with VAD. Equation 2.24 can
be declined in different variants, allowing for adjustment of certain criteria or making a
more robust filter implementation.

Rank-1 multichannel Wiener filter
When only a speech source is present, in the absence of reverberation, it can be assumed
that the speech signal, as measured by the microphones, depends on vector only:

8 = Sgred, (2.27)

where s, is the non-reverberant speech signal. Thus the spatial correlation matrix of
speech can be calculated as;

R, = E{ss"} (2.28)
= E{s,dd"s%, } (2.29)
= o 2dd". (2.30)

*

where 02 = E{s,,..s%,. is the speech power spectral density.
By re-enacting equations 2.26 and (2.27) using the Woodbury identity |
|, we finds the following rank 1 Wiener filter | : |
expression;

W — R,fleel
1+ tr(Ry'R,)

where tr denotes the trace operator. Note that since R, 1R, is of rank-1, the trace of
this matrix is equal to its only eigenvalue.

(2.31)
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The advantage of this formulation, strictly equivalent to the formulation in 2.26 The
matrix R, is of rank 1. In practice, we force the rank of R, by taking R, = aa'’ with
the eigenvector of R, corresponding to its eigenvalue. We are thus assured that R is well
determined | |.

Speech distortion-weighted multi-channel Wiener filter

If noise and speech are uncorrelated, the cost function in 2.24 can be decomposed into
two terms;

Jw) = E{|s1 — wils|?} + puE{w"n|*}. (2.32)

The parameter 1 € RT makes it possible to weight the noise reduction (expressed in
the term E|w''n|?) by speech distortion (expressed in the term E{|s; —w'’s|?}). Choosing
a high p amounts to gives more importance to reducing noise, even if it distorts the speech
signal. On the other hand, taking a weak p ensures minimal speech distortion, even if
it means filtering less noise. Thus, in the extreme case y = 0, for which no distortion is
applied to the speech signal, it gives the same solution as the MVDR.

The vector w that minimizes 2.32 is the distortion-weighted multichannel Wiener
filter (speech distortion weighted multichannel Wiener filter (SDW-MWF)) |

|, can be expressed as follows;

WSDW—-MWF — (RS + ,uRn)_leel (233)

The MWF and the SDW-MWF are equivalent for = 1. Moreover, | |
demonstrate the SDW-MWF can be decomposed into an MVDR by applying a gain. In
the same way, as for the MWF, we can assume rank 1 speech correlation matrix, which
gives the following rank 1 SDW-MWF' expression;

Rn_leel
u~+tr{R, 'Ry}

(2.34)

Wi SDW—-MWFEF =

2.6 DNN-based speech enhancement

The speech enhancement approaches discussed above are mainly based on statistical signal
processing. These methods were developed based on assumptions about the correlations,
stationarity, and other statistics of the clean speech signal and the environmental noise.
Based on these assumptions, a mathematical formulation for the estimate of the clean
speech signal can be developed, producing closed-form estimators that are either ideal or
approximations that are suboptimal and provide good enough results. Although imple-
menting these techniques into practical applications, their effectiveness depends heavily on
the accuracy of the assumptions and the estimation of the underlying parameters. When
the assumed characteristics of the speech and noise signal are maintained, traditional

speech enhancement approaches, such as spectral subtraction | |, Wiener fil-
ter | |, short-time spectral amplitude estimators |
|, and maximum-likelihood spectral amplitude | | algo-

rithms have demonstrated good noise suppression performance. However, traditional
approaches often introduce distortions into the enhanced speech signal in low SNR condi-
tions, the presence of non-stationary noises, reverberant acoustic environments, etc. This
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is mainly because effectively estimating these conditions’ speech and noise properties is
difficult.

Recently, DNN-based approaches have been widely used for speech enhancement.
DNN-based approaches can more effectively characterize nonlinear mapping between noisy
and clean signals than conventional approaches. This is mainly because they often com-
prise several layers of non-linear transformations between the observable data and the
target to be estimated. In multi-channel scenarios, DNNs are applied to compute the
time-frequency masks separating speech and noise from a mixture signal and are then
used to estimate the speech and noise covariance matrices for beamforming |

|. The state-of-the-art speech enhancement systems use DNN-based algo-
rithms, and a large amount of training data is recorded under various noisy and rever-
berated conditions to achieve noise robustness. proposed a
conventional method for removing a room impulse, in which the RIR filter is estimated
using DNN. Speech separation has also been accomplished using DNNs | |.
A DNN-based autoencoder for speech enhancement was proposed by with
optimization | .

This section gives a brief overview of DNN architectures for speech enhancement. We
focus mainly on commonly used (i) Recurrent neural networks, (ii) Convolutional neural
networks, and (iii) Generative models.

2.6.1 Recurrent neural networks

Recurrent neural networks (RNNs) are among the best choices for time sequence data
as they can learn from sequential input data. Recurrent nets do not require explicit
contextual information feeding because past inputs are used to make predictions. Hidden
layers in an RNN compute activations utilizing inputs from a lower layer and its output
value at a prior step in the sequence. Hence, the network outputs depend on the current
data and data from the previous time instants. Similar to how a standard RNN uses past
context, a reverse directional RNN uses future context. The two are combined to create
a bidirectional RNN. Long-short-term memory (LSTM) |

| and gated recurrent unit (GRU) | | are popular choices of units to
design a recurrent layer.

used RNN to estimate the time-frequency masks targeted toward

reliable speech recognition applications. The approach involves directly minimizing the
cost function for acoustic speech recognition while also training the RNN to estimate the
speech and noise masks independently. Self-attention with a dual-path RNN for time-
domain speech enhancement was also studied | |.

2.6.2 Convolutional neural networks

Convolutional neural networks (CNN) are popularly used in image and video process-
ing, but they can also be applied to various speech processing tasks | |-
They have been evaluated for time-domain speech signals for enhancement |

|. The authors have employed convolutional layers to model the raw waveform. More
specifically, they have employed a convolutional network model to enable each output
sample to depend locally on the neighbouring input regions. A connection between these
convolutional layers and finite impulse response filters in this context can be established
using the convolutional layer to take advantage of short temporal correlations.
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Figure 2.15: Illustration of adversarial training for speech enhancement. D refers to the
discriminator, and G refers to the generator.

The convolutional layer can also operate in the time-frequency domain |
| exploiting the temporal and frequency correlations of neighbouring bins. CNN was
implemented for time-domain speech enhancement by where they proposed
an alternative convolutional network architecture, namely a Redundant Convolutional
Encoder-Decoder network to extract redundant representations of a noisy spectrum at
the encoder and map it back to a clean spectrum at the decoder. Speech enhance-
ment is further improved by using dilated convolutions | ,
, |. Wavenet | | can predict target fields
(a sequence of samples that represent a particular feature of the input signal, such as
the fundamental frequency or the spectral envelope) instead of single samples, which
reduces the time complexity and significantly improves the performance of the model.
The convolutional nature of the model makes Wavenet flexible in the time dimension,
resulting in supporting denoising variable-length audio. Dense connections |
|, self-attention | , |, and dual-path
RNN | , | are some of the additional networks
applied to improve the speech enhancement performance using CNN.

2.6.3 Generative models

Generative models have achieved promising performance in almost all data modalities
by generating outputs that best resemble the source data. They can automatically learn
the inherent natural features of a dataset irrespective of whether they are categories
or dimensions, or something else. Generative adversarial network (GAN) |

| simultaneously train two DNN models: a discriminator that calculates the
likelihood that a sample came from the training data rather from the generator and a
generator that captures the distribution of the training data. Figure 2.15 illustrates the
adversarial training of GAN.
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Generative models have also been used widely for speech enhancement by following
a different paradigm where they learn the distribution of clean speech a priori. As a
result, they aim to learn speech’s fundamental characteristics, such as its spectral and
temporal structure. With noisy or reverberant input signals considered outside the learned
distribution, this prior knowledge can be used to generate clean speech. This concept is
the foundation of several methods that use deep generative models to improve speech
enhancement performance | , , ,

, |

Speech enhancement GAN (SEGAN) | | is an end-to-end speech
enhancement approach. Speech signals are operated on the raw waveform rather than the
spectral or higher-level domains. The noisy speech signal and the latent representation
are the input in the SEGAN structure, and the generator’s predicted output is the clean
speech. Thus, the speech enhancement is carried out via the generator.
proposed a probabilistic generative model called VAE-NMF, where they unified the prob-
abilistic generative model of noisy speech spectra by combining a variational autoencoder-
based generative model of speech spectra with a non-negative matrix factorization-based
generative model of noise spectra for speech enhancement. proposed
a generative approach to speech enhancement using a stochastic temporal convolutional
network as a speaker-independent speech model to estimate the variance of clean speech,
and estimation of the noise variance is based on a non-negative matrix factorization. A
neural speech enhancement method with a statistical feedback mechanism based on a de-
noising variational autoencoder has been proposed for speech enhancement |

|. They train a denoising variational autoencoder consisting of two networks: the

denoising encoder to estimate the latent vectors of clean speech from a noisy mixture
and the generative decoder to generate a speech spectrogram from the latent variable. In
the test time, they used the encoder output as a prior distribution of clean speech and
updated the speech latent vectors to fit the input mixture signal, while a non-negative
matrix factorization-based noise model estimated the noise signal.

Diffusion probabilistic models

Diffusion probabilistic models (DPM) | : |, a class
of generative models are inspired by the non-equilibrium thermodynamics diffusion process
and learn data-to-noise mapping in discrete steps. In thermodynamics, "diffusion" refers
to the flow of molecular particles from high-density to low-density areas. DPMs learn to
reverse the diffusion process to create desired data samples from the noise after defining
a Markov chain of diffusion steps to gradually introduce random noise to data. Figure
2.16 shows the denoising diffusion process. Diffusion models are learned with a fixed
procedure, and the latent variable has the same dimension as the original data. In the
context of speech processing, DPMs were the first to introduce the modelling of complex
data distributions using stochastic calculus | .

Diffusion models work by corrupting the training data by adding Gaussian noise it-
eratively, then learning to recover the data by undoing this noise-adding process. After
training, diffusion models can generate data by applying the learned denoising technique
to randomly sampled noise. Diffusion probabilistic models (DPM) have shown impres-
sive performance in image generation | | and Text-to-speech systems |

|]. Recently, DiffuSE | | and CDiffuSE |
] were proposed to recover clean speech signals from noisy signals based on
Markov chains to provide a framework for diffusion probabilistic models. The Markov
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Figure 2.16: Graphical illustration of the process of Denoising Diffusion Probabilistic
Model. The red arrow depicts the forward diffusion process, and the dark purple arrow
depicts the reverse diffusion process.

chains are fixed during the model architectural design, resulting in the slower sampling of
latent variables, thus leading to slower inference speed. The reason why Markov chains
can lead to slower sampling is that they impose a fixed dependence structure between
the latent variables. This means the transitions between states are predetermined and
do not change during the model training or inference process compared to scoring-based
DPM. As a result, the model may require more iterations to converge to the posterior
distribution of the latent variables, which can slow down the inference speed. DiffuSE
and CDiffuSE use fixed Markov chains for training diffusion models under the framework
of DPM. In contrast, scoring-based diffusion probabilistic models do not rely on fixed
Markov chains to model the dependencies between the latent variables. Instead, they use
a score-based approach to update the posterior distribution of the latent variables, which
can lead to faster convergence and faster inference speed.

Score-based generative models are a new direction in generative modelling that re-
lies on learning score functions, which are gradients of log probability density functions.
The models generate samples using Langevin-type sampling and have several advantages
over other model families, such as GAN-level sample quality, flexible architectures, exact
log-likelihood computation, and inverse problem-solving without re-training |

|. In a score-based DPM, the model learns to estimate the score function, which is
the gradient of the log-likelihood with respect to the input data. This score function can
be used to generate samples by solving an SDE, which involves simulating the dynamics
of a stochastic process that gradually diffuses the data distribution towards a target noise
distribution.
stated that Markov chains represent approximated stochastic process
trajectories that satisfy certain stochastic differential equations (SDE). In a score-based
DPM, the model learns to estimate the score function, which is the gradient of the log-
likelihood with respect to the input data. This score function can be used to generate
samples by solving an SDE, which involves simulating the dynamics of a stochastic process
that gradually diffuses the data distribution towards a target noise distribution.
The SDE for the diffusion process can be explained with the equation 2.35, where the
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coefficient of diffusion, a and drift b is defined over W; as a standard Brownian motion,
t € [0,T], where T' is some finite terminal time horizon. The stochastic calculus provides
a stochastic process that allows terminal distribution to converge to standard normal
distribution N(0, I). Therefore, for a given forward diffusion process, DPM models are
optimized to reverse in-time trajectories of the forward diffusion process with reverse
diffusions.

dXt = b(Xt, t)dt + G(Xt, t)th (235)

It is to be noted that the “time” T mentioned in this context is a conceptual idea related
to the progression of the process and is not related to the time axis of an audio signal or
its STFT.

In such a scenario, the generation process involves sampling random noise from N (0, I).
Then, a simple first-order Euler-Maruyama scheme | | is used
to solve SDE for describing the dynamics of the reverse diffusions. If forward and re-
verse diffusion processes have close trajectories, the distribution of resulting samples will
be very close to that of the data. The recent scoring function-based DPM model uses
SDE instead of Markov chains. Scoring function-based DPMs allows forward diffusions
to transform to any data distribution of A (p, ), and not necessarily A (0, I'), where p is
mean, and " is the diagonal covariance matrix.

AX, = 23 (= X)Bd, + /Bl (2.36)
dX, = (%Z_l(ﬂ - Xi) — Vlngt(Xt)> Brdt + \/Eth (2.37)

For n-dimensional stochastic process X;, SDE is defined by Equation 2.36 for trans-
forming any data to Gaussian noise over finite time horizon T and noise schedule f; as
a forward diffusion process. Thereafter, SDE for reverse diffusion is defined by Equation
2.37 for reverse time dynamics of stochastic process of diffusion obtained from

. In Equation 2.37 dW, is reverse-time Brownian motion, and p; is the probability
density function of the random variable X;, where ¢ € [0, 7] to solve SDE backwards in
time. In the score-based model, | | SDE Equation 2.37 can be assumed
to be an ordinary differential Equation, and thus Equation 2.37 can be rewritten as stated
in Equation 2.38, where Viogp,(X;) represent an estimate of the gradient of the log den-
sity of noisy data as score function of distribution P(X). The P(X) = P(X;|Xo), is the
probability distribution conditioned on the initial distribution of P(Xj).

J
dX; = (52 1(,“ - Xi) — Vlogpt(Xt)> Byt (2.38)

J
% = (3570 X0 — X)) B (2:39)
EFisheT—divergence = Ep(x)[HVZngt (Xt) - 39<Xt7 2 t) ||§] (240)

According to forward Kolmogorov equations, Equation 2.36 and Equation 2.38 present
the evolution of probability density functions of an identical stochastic process. Therefore,
score based DPM model learns to approximate neural network sg(Xy, i, t) such that sy
is the approximate estimate of Viogp;(X;), which reduces Equation 2.38 to Equation
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2.39. During the training of the DPM model, Fisher divergence is used to minimize
the loss criterion between the model output and noisy data distribution defined as in
Equation 2.40. The Fisher divergence measures the similarity between the ground-truth
data score and the score-based model by comparing their squared distance. However, it’s
impossible to directly compute the divergence because it requires access to the unknown
data score. Score matching address this challenge by minimizing the Fisher divergence
without knowledge of the ground-truth data score. Score-matching objectives can directly
be estimated on a dataset and optimised it using stochastic gradient descent, similar
to how likelihood-based models are trained (with known normalizing constants). By
minimizing the score-matching objective, we can train the score-based model without
relying on adversarial optimization. A more detailed description of the derivation of the
DPM model used in the scope of this thesis work is available in |

Y Y ]

2.7 Speech enhancement for SV

While noise robustness is a general and hard problem for many speech-processing tasks,
there are relatively few studies that focus on using speech enhancement for speaker verifi-
cation tasks. One of the primary reasons is that instead of having multiple pre-processing
steps to remove noise, it’s simpler and more effective to train speaker verification sys-
tems using a large and diverse dataset that includes various noise types. When trained
on such a dataset, speaker verification systems naturally become more robust to noisy
environments. This approach is particularly useful for large neural networks with many
parameters. Additionally, speech enhancement’s primary goal is to reduce noise and im-
prove speech quality rather than ensuring optimal performance in downstream tasks like
speaker verification.

For these reasons, only a few studies have explored speech enhancement for speaker
verification | , ,

, |. The i-vector approach using a Denoising

Autoencoder (DAE) to enhance the quality of noisy speech signals has also been employed
[ |. The DAE is designed
to minimize the L2 loss between the output of the model and the clean speech. During
training, both noisy-clean and clean-clean pairs are needed to prevent the DAE from
deteriorating the quality of the clean signal. These studies have reported improvements in
noisy and mismatched conditions but only marginal gains in clean and matched conditions.
This is because the objective of the DAE is to generate outputs that are similar to the
inputs. | | utilizes conditional generative adversarial networks
for speech enhancement, with the aim of preventing degradation caused by artefacts
and distortions. In this method, the speaker verification system is trained individually
using enhanced clean speech. In | |, a DNN network is trained
for estimating IRM to attenuate background noise and subsequently enhance speech and
is given as input to the i-vector-based system. Attention mechanisms have also been
used with speech enhancement for speaker verification | |. This is because
a neural attention mechanism can allocate different weights to different input features.
This can hence highlight the relevant information and reduce the interference caused by
irrelevant information. | | proposed a loss function for speech enhancement
on the basis of speaker verification feedback. They integrated the speech enhancement
and speaker verification module into a single framework.
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The joint optimization of speech enhancement and speaker verification is another con-
tribution that shows the usefulness of speech enhancement. Among them, some jointly
optimized or integrated weighted prediction error (WPE) and some variants of beamform-
ing using speaker embedding model for reducing the equal error rate |
: : || | incorporated speech separa-
tion into an end-to-end speaker verification system, using deep learning for both modules.
The approach involves combining a deep ResCNN-based speaker verification module with
a CRN-based speech separation module to form a larger, more complex neural network,
which is jointly optimized during training.

2.8 Conclusion

This chapter first gave an overview of the speaker verification system and the speech
enhancement approaches. DNNs produce state-of-the-art speaker verification and speech
enhancement performance compared to conventional systems. We also gave an overview
of some of the conventional approaches in both domains. In the first part, we discussed
the conventional speaker verification systems and the evolution of DNN. We particularly
discussed two DNN-based speaker verification systems that we have used in the frame-
work of this thesis work, namely x-vectors and ECAPA-TDNN. DNNs have significantly
improved the performance of speaker verification systems, but they are still affected by
noise interference in distant scenarios. We discussed the feature extraction process and
its importance for the speaker verification system. We analyzed various factors that de-
graded the speaker verification system and pointed out that speech enhancement can be
used to remove noisy interference. As the main aim of this thesis work is to develop speech
enhancement algorithms for improving the performance of speaker verification in noisy-
reverberant far-field scenarios, we analyzed various approaches that have been proposed
over the years.
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Datasets and evaluation metrics
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3.1 Introduction

Generating or collecting data and building the machine learning models are crucial steps in
the project while evaluation metrics are equally significant in measuring the effectiveness of
the machine learning models. Datasets and evaluation metrics are important for detecting
and preventing biases in machine learning models. The bias may arise due to skewed
data distribution, inadequate representation of certain classes, or other factors. Using
appropriate evaluation metrics and diverse datasets can help detect and mitigate such
biases, ensuring that the machine learning models are fair and unbiased. In this chapter,
we give a detailed explanation of the datasets and the evaluation metrics used in this
thesis work.

3.2 Datasets

Technological advancement and the growing dependability of technology have prompted
the need for "good" quality data. British mathematician and data scientist Clive Humby
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rightly said that "data is the new oil". But it is time-consuming and expensive to collect
or record quality data. Besides, machines or computers are still dumb, and if the data we
feed the machines with are of bad or low quality, we cannot expect the machines to give
us "quality" output. As author Greg M Perry quoted, "Machines do not have intelligence.
A computer blindly follows your instructions, step by step. If you do not give detailed
instructions, the computer can do nothing". It is important to have the right kind of data
to make machine learning algorithms work, as the system will do what it is supposed to
do by learning from the data. Moreover, deep learning or machine learning algorithms are
data-hungry, which means they require a large amount of data. In a nutshell, the success
of a system depends on the "data" we feed it with. Thus, data preparation is a crucial
aspect of developing a deep-learning-based system.

We have used different datasets to train and evaluate speech enhancement and speaker
verification models. This is mainly because speech enhancement datasets are designed to
improve the quality of speech signals by removing noise and distortions, making the
speech more intelligible and easier to understand. These datasets typically include speech
recordings with different types and levels of noise and interference. On the other hand,
speaker verification datasets are used to verify the identity of a person from its speech sig-
nal. These datasets contain speech recordings from multiple speakers, with some speakers
providing multiple recordings to allow for speaker verification tasks.

We give an overview of some publicly available datasets used widely for speaker ver-
ification which we have used in our experimentation, followed by an explanation of the
data generation process we have applied for speech enhancement.

3.2.1 Speaker verification datasets and challenges

Speaker verification datasets typically include speech recordings from many speakers, with
each speaker providing multiple recordings under different conditions, such as different
environments, speech styles, and channel characteristics. The dataset should be diverse
and balanced to ensure the model is not biased towards any particular speaker or group
of speakers. The audio recordings in the dataset can be either text-dependent, where
the speaker utters a particular phrase or a set of phrases, or text-independent, where the
speaker speaks freely without any particular constraints. Our speaker verification system
is text-independent.

When designing a speaker verification system, it’s crucial to consider the target appli-
cation and adjust the training and testing data accordingly. The data utilized in devel-
oping the speaker verification system can typically be split into three parts: training (on
which the system is trained), development (to monitor performance and allow the poten-
tial adjustment of parameters), and evaluation/test set (final evaluation). The evaluation
set can usually be divided into several benchmarks, focusing in detail on selected aspects
of the evaluation (such as cross-language trials and noisy environment trials).

NIST SRE

The NIST Speaker Recognition Evaluation (SRE) is a series of evaluations conducted
by the National Institute of Standards and Technology (NIST) since 1996 to assess the
performance of speaker recognition systems | |. The NIST SRE dataset
is a widely used benchmark for evaluating speaker verification systems. The dataset is
designed to reflect real-world scenarios for speaker verification.
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The dataset consists of speech recordings from several NIST SRE evaluations con-
ducted since the beginning of the evaluation series. It includes speech samples from over
4,000 speakers recorded in English and Mandarin Chinese. The recordings were made
in various environments, such as telephone and microphone channels, and under different
recording conditions, such as clean and noisy environments.

The NIST SRE dataset is divided into two main subsets: core and extended. The core
subset contains speech recordings from a large number of speakers, while the extended
subset contains additional recordings of the same speakers in various conditions. Both
subsets include enrollment and evaluation data. The evaluation data is further divided
into two sets: the development set and the evaluation set. The development set is used
for tuning the system parameters and selecting the best model, while the evaluation
set measures the system’s performance on unseen data. The evaluation set contains
several different trials, such as same-speaker and different-speaker trials, to evaluate the
performance of the speaker verification system in various scenarios.

The NIST SRE challenge has been organised every two years since its beginning in
1996 to evaluate text-dependent speaker verification systems. The challenge included new
tasks and evaluation metrics every subsequent time. The challenges have attracted partic-
ipation from research groups and companies from around the world and have contributed
to significant advances in speaker recognition technology. In addition to the regular eval-
uations, NIST has conducted special challenges, such as the Deep Learning for Speaker
Recognition Challenge in 2018, which focused on using DNN for speaker recognition.

SITW

The Speakers in the Wild (SITW) database | | is a large-scale, open-
source dataset for evaluating speaker recognition systems. It was developed by the Na-
tional Institute of Standards and Technology (NIST) and released in 2016. The SITW
dataset has become a benchmark for evaluating speaker recognition systems in uncon-
strained environments. It has been used in several speaker recognition evaluations, in-
cluding the NIST Speaker Recognition Evaluation (SRE) 2016 and the VoxSRC Speaker
Recognition Challenge. The dataset has also been used in research on deep neural net-
works for speaker recognition and for developing unsupervised speaker recognition tech-
niques.

The SITW dataset contains speech samples from a diverse set of speakers recorded in
real-world environments, such as telephone calls, YouTube videos, and radio broadcasts.
The dataset includes more than 2,000 hours of speech from over 6,000 speakers, covering 12
languages and dialects. These audio recordings do not contain any artificially added noise,
reverberation or other artefacts. It is commonly used for evaluating speaker verification
systems in unconstrained scenarios.

The SITW dataset also includes metadata for each speech sample, including speaker
demographic information, speech activity annotations, and channel information. The
metadata can be used to evaluate the performance of speaker recognition systems on
different speaker and channel conditions. The sitw-core-core benchmark comprises audio
files, each of them containing a continuous speech segment from a single speaker. The
enrollment and test segments contain between 6 and 180 seconds of speech each. SITW
also introduced other evaluation benchmarks for participants that are motivated to focus
on speaker diarization. In sitw-assist-core/multi, the Person of Interest (POI) segment is
partially in the enrollment part of the trial, and participants can use it to find the other
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POI segments in the enrolment audio. In sitw-assist/core-multi, the information about
multiple speakers in test audio is known.

FFSVC

The Far-Field Speaker Verification Challenge (FFSVC) dataset | | is a
publicly available benchmark dataset for far-field speaker verification research. It was
released in 2020 by Amazon as part of the Interspeech 2020 Computational Paralinguistics
Challenge.

The FFSVC dataset consists of recordings from over 6,000 speakers collected in various
environments such as home, office, car, and public spaces. The recordings were captured
using far-field microphones commonly found in smart speakers, phones, and other devices.
The dataset includes both clean and noisy recordings, with various types of noise, such
as music, traffic, and background conversations.

The FFSVC dataset is designed to be challenging, with high variability in speaker
characteristics, recording conditions, and noise levels. The dataset is split into training,
development, and evaluation sets. The training set contains about 3,500 speakers, while
the development and evaluation set each contains about 1,200 speakers.

In the following sections, we present the datasets we have used for training and evaluation
of the speaker verification models.

VoxCeleb

VoxCeleb is a widely used large-scale dataset for speaker identification and verification
tasks | |. However, since its release, VoxCeleb has been used for
various tasks besides speaker identification and verification, such as speech separation,
image synthesis, emotion recognition, and face recognition. The VoxCeleb dataset consists
of over 1 million utterances from 6,112 speakers, primarily drawn from celebrities in
public media. The dataset includes both audio recordings and metadata such as speaker
identities, gender, and nationality. Each identity is referred to as the person of interest
(POI). VoxCeleb was originally introduced in 2017 as VoxCelebl and was later expanded
in 2018 with VoxCeleb2, which includes more diverse speakers and languages.

The VoxCelebl dataset contains 1,251 POIs with more than 150,000 utterances and
350 hours of speech. The audio signal was extracted from the segmented videos after the
face tracking was used to separate the video segments for each of the POIs. In the speaker
verification scenario, 1,211 speakers with 148,642 utterances were selected for the training
set, and the remaining 40 speakers with 4,874 utterances were allocated into the test set.
The test set was organised into 37,720 pairs for speaker verification. The authors stated
that the utterances in the VoxCelebl contain various noises appropriate to evaluate the
noise robustness of models.

VoxCeleb2 | | contains over 1 million utterances from 5,994 speakers,
including individuals from different age ranges, ethnicities, and regions of the world.
The dataset is divided into three subsets: development set, evaluation set, and test set.
The development set and evaluation set each contain about 1,000 speakers with a total
of around 500,000 utterances, while the test set contains the remaining speakers and
utterances. In addition to the audio recordings, VoxCeleb2 also includes metadata such
as speaker IDs, gender, and nationality. The dataset covers a wide range of languages:
English, Spanish, German, French, Mandarin, and others.

52



3.2. Datasets

An additional step for automatic duplicate removal is added, which allows curating
the bigger version of VoxCelebl. We train the speaker verification models on Voxeceleb
datasets.

VOiCES

The Voices Obscured in Complex Environmental Settings (VOiCES) dataset |

| is a collection of speech data created by the Johns Hopkins University Hu-
man Language Technology Center of Excellence (HLTCOE) and was released in 2019.
VOICES is a publicly available dataset for promoting research in speech processing (au-
tomatic speech recognition, speaker verification, etc.), acoustic signal processing (source
separation, general enhancement, etc.), and audio classification (speech/non-speech clas-
sification, etc.). The data was recorded using distant microphones in acoustically chal-
lenging environments in real rooms. Twelve microphones were set around the room to
record the data. Around 120 hours of audio data were recorded using each microphone.

The VOICES dataset includes over 1,500 hours of speech from 2,000 speakers in vari-
ous acoustic environments, including noisy and reverberant rooms, vehicles, and outdoor
settings. The speakers in the dataset come from diverse backgrounds, ages, and genders
and speak in multiple languages, including English, Arabic, and Mandarin.

The speech data in VOIiCES is recorded using a variety of microphone arrays, including
single, stereo, and eight-channel arrays. The dataset also includes metadata such as
speaker identities, location, and acoustic properties of the environment. In addition, the
dataset includes artificially obscured speech data, in which speech is artificially mixed
with environmental noise or distorted to simulate challenging real-world conditions.

The VOICES dataset includes a challenge task, namely VOiCES from a distance chal-
lenge, in which participants are asked to transcribe speech in noisy and reverberant en-
vironments. The distance challenge aims to evaluate speech recognition systems’ ability
to accurately transcribe speech from far-field microphones, which are often used in real-
world applications such as smart speakers and voice assistants. Far-field microphones are
subject to a number of acoustic challenges, including environmental noise, reverberation,
and speaker variability. The challenge has two tasks: far-field automatic speech recogni-
tion and speaker recognition. The challenge is designed to encourage research on speech
recognition in challenging acoustic conditions and to help evaluate the performance of
new algorithms and models.

The distance challenge in VOiCES includes short, medium, and long distances. The
short-distance condition involves microphones placed 1 —2 meters from the speaker, while
the medium and long-distance conditions involve microphones placed 3 — 5 meters and
6 — 10 meters away from the speaker, respectively. In addition, the challenge includes
speech data from multiple acoustic environments, including noisy and reverberant rooms,
vehicles, and outdoor settings.

To evaluate the speaker verification models, we have used the VOICES dataset.

MultiSV

MultiSV corpus was released to foster multichannel text-independent speaker verification
research | |. They focus on tackling the lack of multi-channel training
data by utilizing data simulation on the clean speech of the VoxCeleb dataset |

]. The development and evaluation trials are modified from the VOiCES corpus
to provide multi-channel trials.
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The MultiSV is designed for text-independent speaker verification and provides a
training set of simulated 4 microphone arrays with approximately 77 hours containing
background noise and reverberation. MultiSV dataset can also be used for dereverbera-
tion, denoising and speech enhancement.

Training

Due to the high cost of collecting multi-channel audio data, the authors use simulated
training data. Simulated data is commonly used in the literature of multi-channel speaker
verification and in other speech processing fields where a clean reference is required. The
data is based on Voxceleb2 dev, which is often used for training embedding extractors. Ad-
ditionally, the evaluation data include speakers from various datasets such as LibriSpeech
in Libri-adhoc40.

The recordings obtained from the development section of the Voxceleb2 dataset are
available in different channels and have varying noise levels. However, since these record-
ings are intended to be used as a source of speech in simulated data, the signals are
preferred to be clean. To achieve this, a pre-selection process is conducted by estimating
the SNR and retaining recordings with SNRs above 20dB only.

The remaining recordings were then split into two parts: the training set and the
cross-validation set. The training set consists of speech from 1,000 speakers with an
equal distribution of male and female voices (500 each). For each speaker, a maximum
of 50 utterances were included, resulting in 72.26 hours of audio. On the other hand, the
cross-validation set includes 90 speakers (45 females and 45 males), each represented by
a maximum of 35 utterances, resulting in 4.68 hours. The average duration of utterances
in both parts is 6.2 seconds.

To simulate indoor conditions, a point source of speech and a point source of noise is
used. The noise sources were selected to mimic common indoor noise and were taken from
three sources: (i)Music (amounts to 66.3 hours) - from the Free Music Archive |

|, excluding recordings that are also present in the music section of the MUSAN
dataset | |, as these are used in the evaluation data. (ii) MUSAN noises
(amounts to 5.0 hours) - 80% of the "noise" section of the MUSAN dataset is included,
excluding music and babble. (iii) Freesound.org and self-recorded noises (amounts to 20.1
hours) - which includes sounds from real fans, HVAC, shop, crowd, library, office, and
dishes sounds.

To generate reverberant speech and noise, the Image Source Method is used to perform
RIR generation. A box-shaped room is simulated using 4-microphone Uniform Linear
Arrays with a length ranging from 10 cm to 2 m. The RT60 was randomly sampled from
a uniform range of [0.3,0.9] seconds. The generated RIRs were then convolved with the
speech and noise sources. Mixing SNRs were uniformly drawn from [3, 20] dB.

Development And FEvaluation

The development and evaluation trials of the MultiSV dataset are based on those defined
for the VOICES challenge, and the same utterances are used. The data for the challenge
was obtained by re-transmitting speech from LibriSpeech along with various types of
background noises, such as babble, television, music, or none (diffuse background) noises.
The audio was simultaneously recorded by multiple studio-quality and lapel microphones.
However, the VOIiCES challenge used single-channel enrollment and test segments, while
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the MultiSV dataset contains multi-channel test recordings. These recordings were ob-
tained by grouping four far-field VOiCES recordings with the same content to form ad-hoc
arrays or by simulating microphone arrays. To support various use cases, multiple con-
ditions were devised based on the properties of the enrollment segments, including CE
(clean enrollment), SRE (single-channel re-transmitted enrollment), MRE (multi-channel
re-transmitted enrollment), and MRE hard (similar to MRE but with the noise source
playing in the background).

MultiSV has created development and evaluation sets with various lists of verification
trials. The re-transmitted development set (dev retr) was obtained by selecting groups of
four trials from the original VOiCES development set. Each group of four trials shared
the same enrollment recording and the same test utterance but was recorded by four
different microphones. These groups were reduced to a single trial with multi-channel
test audio. The re-transmitted evaluation set (eval retr v1) was created similarly to the
original VOiCES evaluation set, but it included microphones that may have negative
SNRs and be confusing for single-channel enhancement models. Thus, a second version
(eval retr v2) was defined, which replaced the problematic microphones with those close to
non-problematic ones. We used the second version (eval retr v2) for our experimentation.

The simulated sets of multi-channel test segments used the same source speech as
the re-transmitted sets but with simulated 4-microphone arrays. Therefore, the resulting
development (dev simu) and evaluation (eval simu) definitions were the same as the re-
transmitted ones regarding speakers, utterances, and the number of trials, but they had
simulated microphone arrays. We have used the MultiSV dataset to train the speaker
verification.

3.2.2 Speech enhancement datasets

A large amount of training data is required to create a well-performing system. And
most DNN-based speech enhancement systems need clean speech references for training.
However, such data collection is highly expensive because it necessitates recordings under
well-controlled circumstances and requires maintaining the quantity and variety of acous-
tic conditions, speaker characteristics, and room geometry. Researchers have attempted
to train DNN-based speech enhancement systems without clean speech data to overcome
these issues | |. The training technique employed in [?] was first pro-
posed in Noise2Noise | | and requires pairs of noisy signals comprised
of the same speech data but distinct noise samples.

Speech enhancement datasets are required to be carefully designed to ensure they
are diverse, high-quality, and large enough to be effective. In the following sections, we
describe some widely used datasets for multi-channel speech enhancement.

DEMAND

The Diverse Environments Multichannel Acoustic Noise Database (DEMAND) |
| is a commonly used benchmark dataset for multi-channel speech enhancement.
It was created by the Audio and Acoustic Signal Processing Group at the University of
Edinburgh and contains various noise types and SNRs, making it a useful resource for
evaluating the performance of multichannel speech enhancement algorithms.
The DEMAND dataset contains recordings of speech and noise from various real-world
environments, such as offices, cafes, and streets. The recordings were made using multiple
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microphones, allowing multi-channel recordings to be created. The dataset contains 600
recordings, each consisting of four microphone channels and a mixture of speech and noise.

The DEMAND dataset consists of a diversity of noise types and environments included
in the dataset. This can help ensure that models trained on the dataset are robust to
various real-world scenarios.

However, like any dataset, the DEMAND dataset also has certain limitations. For
example, the dataset only contains a limited number of speakers, which may limit the
ability of models trained on the dataset to generalize to other speakers. Additionally, the
dataset only contains a limited number of recordings, which may limit the ability of models
trained on the dataset to generalize to other environments and noise types. Moreover, the
dataset only includes recordings with a limited set of noise types and levels, which may not
fully capture the diversity of noise conditions encountered in real-world scenarios. This
may limit the ability of models trained on the DEMAND dataset to generalize to other
noise types and levels. This is why we did not use this dataset in our experimentation.

CHiME-4

The CHIiME-4 dataset | | is a widely used benchmark dataset for
multi-channel speech enhancement research, which was developed as part of the CHIME
challenge | |. CHIME-4 revisits the CHIME-3 dataset and makes it

more challenging by reducing the number of microphones. The CHiME-4 dataset is based
on the Wall Street Journal corpus (WSJ), which is a widely used speech recognition
benchmark dataset. It consists of sentences spoken by talkers situated in challenging noisy
environments, such as cafes, restaurants, and street scenes. The dataset was recorded
using a 6-channel tablet-based microphone array.

CHiME-4 features three tracks depending on the number of microphones available for
testing: a 6-channel track, a 2-channel track, and a 1-channel track. The 6-channel track
is equivalent to the CHiME-3 setup | |, where all microphones are used.
The 2-channel track focuses on 2-channel scenarios. The microphone pairs are selected for
each utterance in such a way that microphone failures do not arise. The main challenge
in this track is to mitigate the performance degradation from 6 to 2 microphones. The
1-channel track uses a single channel. The microphone is selected for each utterance in
such a way that microphone failures do not arise. This track is similar to conventional
ASR tasks based on single-channel processing. Important techniques used in this context
could be single-channel enhancement, data simulation, and acoustic modelling.

The challenge provided two types of data: 'Real data’ - for which speech data is
recorded in real noisy environments (on a bus, cafe, pedestrian area, and street junction)
uttered by actual talkers. ’Simulated data’ - for which noisy utterances have been gener-
ated by artificially mixing clean speech data with noisy backgrounds. The ultimate goal is
to recognise the real data. The clean speech data are based on the original WSJ0 training
data. These are used to generate the simulated data of the training set.

While the CHiIME-4 dataset includes a range of noisy environments, the set of noise
types used is still limited. This can result in models that are not able to generalize well
to different noise types. As we needed a dataset with more noise types and to fit both
speech enhancement and speaker verification requirements, we did not use CHiME-4 in
our experimentation.
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TIMIT

The TIMIT database | | is a widely used corpus of read speech designed to
provide speech data for acoustic-phonetic studies and for the development and evaluation
of ASR systems. It contains recordings of 630 speakers. Also, the recordings include eight
dialects of American English. Each speaker in the dataset reads 10 phonetically-rich
sentences. The TIMIT corpus includes time-aligned orthographic, phonetic, and word
transcriptions. It also includes a 16-bit, 16kHz speech waveform file for each phrase said.
The TIMIT corpus transcriptions have been hand-verified. The dataset has also been
used for speech enhancement tasks.

However, the TIMIT dataset was primarily designed for speech recognition tasks and
did not include recordings with significant amounts of noise or reverberation, which are
common in real-world scenarios. This can limit the ability of models trained on TIMIT
to generalize to real-world conditions where the SNR ratio is low.

NOIZEUS

The NOIZEUS database | | is a noisy speech corpus designed to
facilitate the comparison of speech enhancement algorithms among research groups. It
includes 30 IEEE sentences | | spoken by six different speakers (three male

and three female), which have been corrupted by eight different types of real-world noise
at various signal-to-noise ratios (0dB, 5dB, 10dB, and 15dB). The noise signals are taken
from the AURORA database | | and include different types of
noises, such as train noise, babble, car, exhibition hall, restaurant, street, airport and
train station noise. The signals are sampled at 8 kHz and saved in wave format (16 bits

PCM).

3.3 Generating simulated dataset

We generated a synthetic dataset named RoboVoices, as collecting multi-channel data is
time-consuming and expensive. Designing such a dataset is necessary as training speech
enhancement approaches require ground-truth knowledge about the target speech and,
to some extent, the degradation. There is a lack of multi-channel training datasets for
speaker verification, and the publicly available datasets don’t provide any ground-truth
speech enhancement knowledge, which is an important aspect. This kind of information
is not available in the available corpora for far-field speaker verification. We need a
dataset that can fit both the speaker verification and speech enhancement requirements.
Therefore, we designed this comprehensive dataset mainly for carrying out the research
experimentation in the framework of this thesis for training the multi-channel speech
enhancement and the speaker verification models.

Before describing RoboVoices, we give an overview of the datasets used as raw-material
for generating the synthetic dataset.

3.3.1 Musan

The Musan dataset | | is a collection of audio recordings that are com-
monly used for research and development of speech and audio processing algorithms,
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particularly for speaker recognition and speaker verification systems. The dataset con-
sists of over 8,000 in audio files that are divided into three categories: speech, music, and
noise.

The speech category includes recordings of speakers from various languages reading
sentences, passages, and numbers. The music category includes recordings of various
genres of music, such as classical, pop, and jazz. The noise category includes recordings
of various types of environmental and artificial noise, such as street, office, and car noise.

The MUSAN dataset is commonly used as a background noise source for speaker
recognition and verification systems. The noise recordings are used to simulate real-world
environments where speech is often mixed with background noise. The speech recordings
are used to train and test speech recognition and speaker verification algorithms, while
the music recordings are used to test the algorithms’ ability to distinguish between speech
and music.

Musan consists of approximately 109 hours of audio data available in OpenSLR!. Au-
dio files are formatted into 16kHz WAV files. There are approximately 60.5 hours of
speech data, out of which 20 hours and 21 minutes of data are read speech collected from
Librivox?. The speech files are obtained from the Internet Archive and the Missouri Chan-
nel senate archives, which are entirely in English. The remaining 40 hours of recordings
are collected from US government hearings, committees and debates. The recorded data
for audio is a WAV file of an entire chapter of an audiobook per speaker.

For the noise category, data is recorded for around 6 hours (around 929 files). The
noise data includes different types of noises, such as dial tones, fax machine noises, and
more, as well as ambient sounds, such as car idling, thunder, wind, footsteps, paper
rustling, rain, animal noises, etc. Although intelligible speech recordings are omitted, few
recordings contain crowd noises with indistinct voices.

3.3.2 Freesound

Freesound® is a collaborative database of audio snippets, samples, recordings, and sound
effects that are available to the public for free use. The platform was created by the Music
Technology Group at the Universitat Pompeu Fabra in Barcelona, Spain, in 2005, and it
has grown into a large community of audio enthusiasts and professionals who contribute
to and use the platform.

The platform is designed to be a resource for anyone who needs audio content, such as
sound designers, musicians, game developers, filmmakers, and other creatives. It features
a search engine that allows users to find audio clips based on keywords, tags, and other
criteria. Users can also browse through curated collections of audio clips organized by
theme, genre, or other characteristics.

3.3.3 Generation process of RoboVoices

We generated RoboVoices, by simulating real room environments with clean speech, ad-
ditive noise and reverberation. We generated 13,600 RIR configurations and split the
dataset into train and evaluation. We designed a specific training set for multi-channel
speech enhancement and an evaluation set with various RIR scenarios to be used for both

Thttps://openslr.org/
Zhttps://librivox.org/
3https://freesound.org/
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Table 3.1: Overview of the RoboVoices dataset.

Training | Evaluation
No. of speech files 10000 1200
No. of noise files 3725 1000
No. of RIR rooms 10000 3600
No. of hours 25 2

speech enhancement and speaker verification. Table 3.1 gives a statistical overview of the
RoboVoices dataset.

Speech

We have used the dry speech (raw) data from a clean subset of Librispeech |

| corpus as we need a clean or dry speech corpus to generate the data. Lib-
rispeech is approximately 1000 hours of 16kHz read English speech data collected as part
of the Librivox project, prepared by Vassil Panayotov and Daniel Povey. We randomly
selected around 10000 files from the clean subset of Librispeech and truncated them to
10 seconds duration for the training set of speech enhancement, contributing to 25 hours
of speech data.

We use the Fabiole speech corpus | | to evaluate the speaker verification
system. Fabiole is a French speech corpus comprising around 3000 excerpts spoken by
130 native French speakers. The speech data of the corpus was collected from different
French radio and television shows. For creating each evaluation set, we have used 1200
speech files from Fabiole representing 2 hrs of evaluation material.

Noise

We prepared a noise dataset by collecting realistic noises from the Freesound platform?
and dividing them into two sets: RoboVoices noise train set for training and RoboVoices
noise eval set for evaluation. We have convolved the dry speech from Librispeech and
RoboVoices noise train set with simulated RIR for training. The training set consists
of 3725 clips of noises selected from different categories such as door, keyboard, office,
phone, background noise inside the room, printer, fan, door knock, air conditioning,
babble, environmental noise, etc. This diversity of noise categories in the training set can
help the system to learn to recognize and remove different types of noise effectively.

We have also created two evaluation sets: RoboVoices evall and RoboVoices eval2.
RoboVoices evall contains the dry speech from Fabiole and noise from the RoboVoices
noise eval set convolved with simulated RIR for evaluation. RoboVoices eval2 contains the
dry speech from Fabiole and noise from the MUSAN dataset collected from the OpenSLR
platform® convolved with RIR for evaluation, including noise categories such as dial tones,
raindrops, etc.

Having separate evaluation sets is important to evaluate the performance of the speech
enhancement and speaker verification system on unseen data and under different noise
conditions. This can help in understanding the limitations of the system and identifying
areas for improvement.

“https://freesound.org/
Shttps:/ /www.openslr.org/index.html
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Reverberation and room impulse response (RIR)

The reverberation effect takes place when the speaker or other sound sources are far from
the microphone.

To simulate room effects, we have generated an RIR corpus of 10000 rooms for training
and 3600 for evaluation with pyroomacoustics toolbox | |. For training,
the room length was chosen between [3 — 8] m, width was chosen between [3 — 5] m, and
the height was chosen between [2 — 3] m. The absorption coefficient was drawn randomly
such that the room’s RT60 was between [200 — 600] ms. The minimum distance between
a source and the wall is 1.5 m and 1 m between the wall and the microphones. The RIR
for the evaluation set was generated with the same room configuration as in the training
set, but the absorption coefficient was selected to obtain an RT60 of 400 ms.

A script has been created to generate RIR for desired RT60 and the angle between
the microphone and the source position. To simulate the reverberated clean speech and
noise, we convolved dry noise and dry speech. Moreover, for data generation, we have
re-sampled the noise signal to match the sampling rate of the clean speech. The SNR is
set differently in training and evaluation.

Composition of the training and evaluation set

We first convolved the speech and noise with RIR from the same room. The noise segment
of the desired duration is randomly selected from the noise samples of the RoboVoices
noise corpus for the training set. We then added the convolved clean speech and convolved
noise to obtain the mixture signal. For the training set, the SNR is drawn randomly with
a uniform distribution between 0 dB and 10 dB. We select SNR at 5 dB, 10 dB, and 20
dB for the evaluation set. In total, we generated 10000 mixtures for training and 3600
mixtures for evaluation using the Fabiole dataset.

3.4 Evaluation

Performance evaluation of machine learning models is an integral part of the model de-
velopment process, and so is the development of new algorithms, which requires relevant
metrics. Using different evaluation metrics helps understand and assess a model’s efficacy
and performance, strength and weakness. Typically, there are two approaches for evalu-
ating the performance of a speech enhancement model, namely, objective and subjective.
Objective evaluation measures the quality of the output signal to the ground-truth isolated
sources using a set of calculations to determine the quality of the separation. Subjective
evaluation entails assigning ratings for the output of the source separation system by
humans. Subjective evaluations are time-consuming and expensive. To comprehend and
analyze the performance of each model and algorithm used in this thesis work, we used
objective measures to evaluate the speech enhancement and speaker verification models.
We evaluated the speech enhancement performance using the metrics to estimate the
distortion on the target signal and uncorrelated interference. We evaluated the speaker
verification performance using the commonly used equal error rate (EER) metric.

3.4.1 Speech enhancement metrics

Measuring the performance of a speech enhancement approach is a challenging problem.
Moreover, speech enhancement mainly focuses on two goals:
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e to make the speech easily understandable by distinguishing sounds from the back-
ground noise.

e to make the speech more intelligible and perceivable by alleviating the distracting
interference of noise.

Signal-to-distortion Ratio (SDR) and signal-to-interference Ratio (SIR) |
| has been used widely to measure the performance of speech enhancement and are
particularly well suited for studying the characteristics of various speech enhancement
algorithms. They decompose the estimated signal into a target source (clean speech),
interfering with distortions, artefacts, and noise.
An estimate of a source §; is assumed actually to be composed of four separate com-
ponents:

Si = Starget + Einterf + €noise T Cartif

where Si4yger 1s the ground-truth, e, ¢ is the error term for interference, €,,4i5 is the error
term for noise, and e, is the error term for the artifacts.

Signal-to-interference ratio (SIR)

SIR estimates the residual interference or noise from other sources while performing sep-
aration. SIR can be defined as:

L ||Sta7"get||2

||6inte7’f||2

Signal-to-artefacts ratio (SAR)

SAR estimates the 'musical noise,” i.e. isolated sounds in frequency and time. SAR can
be defined as:

||Sta7‘get + einterf + enoise| |2

SAR = 1Ol0g10

(3.2)

ll€arsis]|?

As SAR didn’t bring much information in our experimentation, we have not reported
the results with SAR.

Signal-to-distortion ratio (SDR)

SDR was proposed for evaluating the audio blind source separation in the BSS eval
toolkit | |. The toolkit suggested different versions for the metric that
might factor out certain effects, such as different signal gains or time-invariant filtering,
which are insignificant in evaluating distortion. SDR is usually considered an overall
measure of how good an estimated source sounds compared to the original sound. SDR
can be defined as below:

||Sta7‘ et||2
SDR := 101 g 3.3
o910 ‘ |€interf + €noise + eartif‘ |2 ( )
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3.4.2 Speaker verification metric

The efficiency of a speaker verification system is reflected in the demonstration of their
accuracy and effectiveness in the final decision-making stage. The process of recognizing
a speaker involves comparing the extracted features of their speech signal to the stored
features of the enrolled speaker. Based on the distance or similarity values between the
two sets of features, a decision is made as to whether the two utterances belong to the same
speaker. The determination of speaker identity relies on the calculation of a similarity
score between the two specified feature sets. If the calculated score is higher than the
pre-defined threshold, then the two utterances are assumed to be from the same speaker.
If the similarity score is below the threshold, it is rejected as coming from a non-enrolled
speaker. According to , the key variable in speaker verification is the value
of the threshold. However, setting the threshold too high increases false rejections, while
setting it too low increases false acceptances.

If a mistake is made during speaker verification evaluation, it will either result in
a false accept or a false reject. The false accept error essentially grants access to an
imposter, whereas a false reject error prevents a genuine speaker from being heard when
the speaker verification system authenticates speakers. The false accept rate is calculated
as the number of false alarm mistakes from a given number of imposter attempts, while
the false reject rate is calculated as the number of false reject errors from a given number
of legitimate efforts. Therefore, evaluating the system using an equal error rate (EER) is a
better evaluation method than other methods | |, like using classification
accuracy.

Equal error rate (EER)

Equal error rate (EER) is a common performance metric used in speaker verification and
other biometric identification systems. The EER is the point at which the rates of false
acceptance and false rejection are equal. In other words, it’s the threshold where the
probability of falsely accepting a different speaker as the same as the target speaker is
equal to the probability of falsely rejecting the target speaker as a different speaker.

The EER provides an indication of the overall performance of the system in terms
of its ability to verify the identity of speakers correctly. A lower EER indicates better
performance because it means that the system is able to balance the false acceptance
and false rejection rates more effectively. The EER is typically reported as a percentage
value and is commonly used to compare the performance of different speaker verification
systems.

3.4.3 Evaluation protocol

During the evaluation, we generated enhanced speech signals with different acoustic con-
ditions, such as noisy (mixture of noise and reverberated clean speech), dry clean speech
(non-reverberated clean speech), and reverb-target (reverberated clean speech).

We evaluate the speech enhancement models in terms of SDR and the SIR on the
input mixture (to obtain a reference point) and the signals estimated with the differ-
ent enhancement approaches. We evaluated the speech enhancement systems on the
RoboVoices dataset.

We evaluate the speaker verification in terms of EER on the clean and dry speech
(as a reference point), the input mixture, and the signals estimated with different speech
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enhancement metrics. We evaluated speaker verification on RoboVoices, MultiSV and
VOICES datasets.

3.5 Conclusion

This chapter enlisted publicly available datasets for speaker verification and speech en-
hancement. First, we give an overview of some of the widely used datasets for speaker
verification. Then we describe the datasets used in this thesis work for the training and
evaluation of the speaker verification systems.

Publicly available multi-channel speech enhancement datasets are limited in terms of
the range of acoustic conditions they cover for the training and evaluation of speech en-
hancement algorithms. For example, they may not include sufficient amounts of noisy or
reverberant speech. Moreover, most of the datasets lack ground-truth knowledge about
the target clean speech, which is required during the training. Also, we needed a dataset
that could be used for both multi-channel speech enhancement and far-field speaker ver-
ification. Therefore, to address this issue, We designed a synthetic dataset which we
introduced in this chapter.

We also briefly describe the evaluation protocol followed while evaluating the models.
We considered several acoustic scenarios to assess the performance of all the models
used in this thesis work. For comparison purposes, we also considered dry clean speech
(non-reverberated speech), noisy (mixture of noise and reverberated clean speech), and
reverb-Target (reverberated clean speech).

This chapter describes several evaluation metrics for speech enhancement and speaker
verification models. Speech signals are subject to being affected by additive noise, rever-
beration, and other distortions. The evaluation metrics in speech enhancement assessed
speech quality in terms of reducing the noisy distortions and reverberation from the speech
signal. As speaker verification aims to authenticate the identity of a speaker, the output
of the speaker verification system is a similarity score, and a pre-defined threshold de-
termines whether the result is positive or negative. EER in the context of the speaker
verification system, helps assess whether two utterances are from the same speaker. In
this case, rather than using classification accuracy, an EER is a better way to evaluate
the system.
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4.1 Introduction

The use of microphone arrays in devices we use every day enables the application of
multi-channel speech enhancement techniques, which makes it feasible to use these mobile
devices in environments with multiple sources of interference. This allows for using speech-
based applications in everyday scenarios where we are frequently surrounded by different
kinds of noises, such as environmental noise like car honking, noises coming from the
air conditioner or fan, and overlapping speech. Moreover, even if we are speaking in a
completely silent room, every time we speak, our speech gets reflected by the wall of the
room or the objects present in the room. This creates reverberation. Both these kinds of
phenomena distort the quality and intelligibility of the speech signal, making it difficult
for applications like speaker verification to perform well, especially in a distant or far-field
scenario.

The speech signals in far-field speaker verification face various challenges that degrade
their quality, making it more difficult to recognize the speaker’s voice accurately. When
speech signals travel over long distances, they experience attenuation due to absorption,
scattering, and diffraction effects. This attenuation is called long-range fading and can
lead to a decrease in the SNR of the speech signal. As a result, the speech signal may
become weaker and more difficult to recognize. In real-world scenarios, there are often
various environmental noises, such as traffic, construction, and other sources of ambient
noise. These noises can mask the speech signal and make it more difficult to recognize the
speaker’s voice. Moreover, in some scenarios, the acoustic environment can be complex
and challenging for speaker verification systems to operate effectively. For example, in a
crowded room, there may be multiple speakers and sources of background noise, making
it difficult to distinguish the target speaker’s voice from other sounds. The placement of
microphones in a room can also impact the performance of speaker verification systems.
If microphones are too far away from the speaker, the speech signal may be weakened
by long-range fading, and background noise may become more dominant. On the other
hand, if microphones are too close to the speaker, the speech signal may be distorted by
proximity effects, such as popping and breathing sounds.

As we have explained in section 2.5, speech enhancement can improve the quality of
degraded speech signals. Multi-channel approaches aim to obtain a clean signal from
a noisy mixture recorded with multiple microphones. These approaches effectively take
advantage of spatial information for better performance in challenging scenarios. The
state-of-the-art multi-channel speech enhancement systems mostly rely on DNN to es-
timate either a multi-channel filter or the estimated speech directly |

, , |. Depending on the design of the DNN, the
multi-channel filter may be linear or non-linear. In the case of a linear filter, the DNN
applies a set of fixed coefficients to the input microphone signals. These coefficients can be
pre-determined through various signal processing techniques or learned during training.
The output of the filter is a linear combination of the input signals, which can be used
to enhance the speech signal or reduce noise. In the non-linear case, the DNN is trained
to learn a mapping from the microphone signals to the speech signal, taking into account
the effects of noise and reverberation. This mapping is learned using a large dataset of
speech and noise signals, where the speech signal is the target output, and the noise signal
is the input. The DNN learns to extract the speech signal by modelling the statistical
properties of the input signals and their relationship to the target output.

In this chapter, we describe the proposed multi-channel speech enhancement pre-

66



4.2. Neural pre-processing approach

processing to speaker verification in adverse acoustic conditions where noise and room
reverberation distorts the target speech signal. We present this work as a benchmark
of multi-channel speech enhancement approaches for far-field speaker verification. We
consider either filtering based on DNN or combining DNN and signal processing ap-
proaches. The DNN-based approach we use implements FaSNet, a state-of-the-art neural
beamforming technique for speech enhancement. We use FaSNet to compute the time-
frequency (T-F) masks that inherently consider phase information. The second approach
integrates FaSNet with Rank-1 multi-channel Wiener filter (MWF) and weighted predic-
tion error (WPE), a de-reverberation algorithm. This chapter also presents the impact of
the FaSNet-based approach and FaSNet Rank-1 MWF WPE approach in different noisy
and reverberated acoustic scenarios under various signal-to-noise (SNR).

4.2 Neural pre-processing approach

In this section, we explain the speech enhancement pipeline we developed. We use FaSNet,
a neural beamforming technique, to separate noise and speech. We use this first speech
and noise estimations to compute the speech and noise covariance matrices that are, in
turn, used to compute the Rank-1 MWF | ]. We
used the Speech Distortion Weighted (SDW) variant of the Rank 1 MWF to estimate
the filter | |. The output of the Rank-1 SDW-MWF is further
processed with WPE | | to attenuate the reverberation. The
entire processing pipeline is represented in Figure 4.1.

4.2.1 FaSNet

We applied FaSNet | |, a filter-and-sum time-domain neural beamforming
network incorporating a two-staged architecture. The first stage computes a beamforming
filter for a randomly chosen reference channel, while the second stage uses the output filter
from the first stage to estimate the beamforming filters for the remaining channels. The
input for both stages includes the target channel to be beamformed and the normalized
cross-correlation (NCC) output between channels as an inter-channel feature. The NCC is
a measure of similarity between two signals, which in this case, are the signals recorded by
the reference microphone and the other microphones in the array. The NCC is calculated
at the frame level, which means that it is calculated for each frame of the input signal.
By using the NCC as an inter-channel feature, FaSNet is able to incorporate information
about the correlations between the different channels in the array. This helps the model
estimate the beamforming filters more accurately, which in turn improves the quality of
the enhanced signals. Both stages use the temporal convolutional networks (TCN) |
|), enabling the low latency processing of the FaSNet model.

The training objective of the FaSNet model is to use a loss criterion at the signal level
based on the actual task to be solved. Specifically, the SI-SDR and SI-SNR loss functions
are used together. The SI-SDR (source-to-distortion ratio) loss measures the similarity
between the estimated source and the ground truth source, while the SI-SNR (source-to-
noise ratio) loss measures the quality of the estimated source signal by comparing it to a
reference noise signal.

67



Chapter 4. Multi-channel speech enhancement for far-field speaker verification

multi-channel noisy /

reverberated speech M 23 M n

masks for speech and noise

R, R,

speech and noise correlation matrices

s
v ;
—_— esnhanced signal
WPE
oo d(3)
enhanced dereverh signal
— " ——
{ SV ;} » SV decision
) " ’

Figure 4.1: Graphical representation of the proposed pre-processing pipeline used in our
experiments. We give a multi-channel noisy reverberated speech v as input. We used the
output of FaSNet to estimate the masks for speech and noise M, M,,. These estimations
are used to compute the covariance matrices for speech and noise Ry, R, that are, in
turn, used to compute the Rank-1 MWEF. We apply WPE on the enhanced signal 5 to
reduce reverberation. The enhanced dereverb signal d(s) is given as input to the speaker
verification.

4.2.2 Rank-1 multichannel Wiener filter

Over the years, linear filters, such as multi-channel Wiener filter |

|, Generalized Eigenvalue (GEV) | |, have been
applied to reduce speech distortions caused by environmental or acoustic noise. In this
thesis, we rely on noise reduction techniques based on MWF.

To provide an explicit tradeoff between the interference reduction and the signal dis-
tortion, we use the speech distortion weighted multichannel Wiener filter (SDW-MWF)
described in section 2.5.2.

Under the assumption that there is only one source of speech, the correlation matrix
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of speech R can be assumed to be a rank-1 matrix. Forcing this matrix to its Rank-1
approximation leads to the so-called Rank-1 version of the MWF filter.

The computation of MWEF requires the estimation of the speech and noise correlation
matrices. Until recently, this was done using a voice activity detection that is now widely
replaced by T-F masks estimated with DNN | |. Most DNNs that are
only used to estimate masks that take only single-channel input, but using multi-channel
signals when available, have been shown to improve overall performance |

, |. In this work, we use FaSNet to estimate the masks.

|s(£, )]

|s(t, )| + mazx(|s| + |n], £)
n(t, )]

|s(t, £)| + max([s| + |n], £)

M(t, f) = (4.1)

M, (t, f) = (4.2)
where, ¢ is 1 x 10716,

The predicted speech mask with DNN (M;(¢, f)) is applied to the mixture to obtain
an estimation of the speech signal §:

S(t, f) = M,(t, f)y(t, f) (4.3)
The noise estimates n can be estimated similarly with the noise mask predicted by the
DNN (M,(t, f)). These speech and noise estimates are used to compute the spatial

correlation matrices Ry and R,, needed to derive the MWF' using equation 2.34. The
correlation matrices are obtained as follows:

~
—

1 . . H
RS = T S(t> f)S(t, f) (44)

t
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o

4.2.3 Weighted Prediction Error

Dereverberation aims to reduce the reverberant components in the acquired speech signal
while preserving the direct signal component | |. Derever-
beration using multiple microphones has received more interest, as the spatial filtering
capability of the beamforming process can separate the reverberation part from the direct
part.

Weighted prediction error (WPE) is one of the well-known dereverberation algorithms
for mitigating performance degradation in speech-based applications. WPE is based on
a time-varying power spectrum model, assuming that the desired source signal follows
the pre-defined specific source priors such as Gaussian distribution |

|. WPE estimates the optimal filtering in the maximum likelihood sense using the
observed reverberated speech signal. It is predicated on the idea that the desired sig-
nal follows a complex zero-mean Gaussian distribution with an unidentified time-varying
variance.

We employed WPE | | as front-end processing combined
with our multichannel speech enhancement. WPE aims to reduce the impacts of late
reverberation by employing robust blind de-convolution with linear prediction. WPE can
be used to alleviate speech recognition degradation performance, mostly in the case of a
far-field scenario. The de-reverberated signal is obtained by subtracting the filtered signal
from the observed signal denoted by:
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&(t) = x(t) — Sh_ w(k)z(t — k) (4.5)

where x; is the reverberated signal at time ¢ and 2 is the dereverberated signal using the
WPE algorithm. (k) denotes the k™ tap of the N-taps. WPE filter is w = [wy, ..., wy]|T.

4.3 Loss function

This section describes the loss functions used in our experimentation. We used scale-
invariant signal-to-distortion ratio (SI-SDR) and cross-entropy loss in our experimenta-
tion.

4.3.1 SI-SDR loss

The SI-SDR loss | , | is the particular case of SDR
(refer to section 3.4.1), allowing only scale invariance. Although, MSE loss is widely used
between the predicted and target speech signals. However, the best speech quality may not
always be achieved by minimizing the MSE. The scale-invariant signal-to-distortion ratio
(SI-SDR) loss function has been shown to achieve better denoising performance |

|. SI-SDR was introduced to evaluate the effectiveness of speech-processing
algorithms. Unlike SDR, SI-SDR is scale-invariant to the processed signal, but finite-
impulse response filters do not deform it. The SI-SDR can be expressed as follows;

|| o s]?)
I-SDR =101 _— 4.
SI-SDR 00g10(||o<s—§||2) (4.6)
where
o= argming|| o< s — 5||* = s75||s||? (4.7)

The scaling of the reference signal s ensures that the SI-SDR is invariant to the scale
of 5. It can be seen from the equation 4.3.1 that SI-SDR is the SNR between the weighted
clean speech signal and the residual noise.

The sample correlation between s and § is equivalent to maximizing the Lg;_spr and
measures the difference between the estimated signal and the ground-truth signal. SI-SDR
loss function can be defined as follows;

Lsr_spr = —SI-SDR (4.8)

4.3.2 Cross-entropy loss

We used cross-entropy loss, which is traditionally used to train the speaker verification
module. Cross-entropy computes the average difference between two probability distri-
butions, the enhanced or predicted sample and the ground-truth sample. It’s used to
calculate a score that represents the typical discrepancy between predicted and actual
data. It is better to have a lower score to improve the model’s accuracy. The cross-
entropy score ranges from 0 to 1, with 0 being the ideal number.

In our work, we used the cross-entropy loss function provided by the PyTorch library,
which can be expressed as follows;
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exp(n, yn)
> Cep(zy, c)

c=1

Wz,y) = L={l1,...In}", 1, = —w,,log 1 (4.9)

where, z is the input, y is the target, w is the weight, C' is the number of classes, and N
spans the mini-batch dimension.

4.4 Experimental set-up

This section explains the experimentations of multi-channel speech enhancement and
speaker verification systems. We also explain the baseline systems for multi-channel
speech enhancement used in the experimentation.

4.4.1 Multi-channel speech enhancement

The speech and noise signals are sampled at 16 kHz in our experiments.
We provide multichannel speech signal as input to FaSNet with 4 ms window size
and context size of 16 ms. We trained the FaSnet model with SDR loss and SI-SNR

(scale-invariant source-to-noise ratio) loss | . We use the FaSNet
implementation from the Asteroid Toolbox | |. We replaced the TCN
blocks with a dual-path RNN (DPRNN) | | in contrast to the original

FaSNet architecture, where TCN is used to predict the beamformed filters. We employed
the DPRNN with an encoder dimension of 50, a chunk size of 50, and a hop window
of dimension 35 to implement the FaSNet-based neural beamforming. In the recurrency
of DPRNN blocks with 4 layers, we use a hidden dimension of 128. We use the Adam
optimizer to train the network for 200 epochs with a batch size of 4, a learning rate of
0.001 and a weight decay of le — 5.

We use the source-separated output of speech and noise from the FaSNet model to
compute the target masks. The STFT is computed with a window length of 512 samples,
a hop size of 256, and a Hann window. An SDW-MWF is estimated for each speech
clip. We used WPE with the following parameters: 10 filter taps, a delay of 3 frames, 5
iterations of the WPE algorithm and alpha 0.9999. All metrics are presented with 95 %
confidence interval (C.I) using bootstrap algorithm | .

We have used p as a tradeoff factor between interference and distortion. In our experi-
mentation, yu is varied from 0.1 —0.9 with Rank-1 MWF filter with IRM as shown in Table
4.1. After experimenting with various u parameters in the Rank-1 filter computation, we
observed that the p value of 0.1 is the optimal hyperparameter for improving generalized
performance across all the SNR conditions. We conducted a grid search strategy to find
the optimal p value, where experimentation suggested that the lower the p value, the
better speaker verification performance. We set the u parameter of the SDW-MWF to
0.1 to limit the amount of distortion the filter introduces.

4.4.2 Baseline systems

In this section, we describe the baseline speech enhancement and speaker verification
systems we have used in our experimentation.
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Table 4.1: Experimental performance evaluation of ;1 parameters. The average confidence
interval is 0.2.

1 Rank-1 MWF
SAR SDR SIR

0.9 | 11.20 10.85 23.97
0.8 | 11.23 10.92 24.39
0.7 | 11.25 10.95 24.67
0.6 | 11.26 10.98 24.89
0.5 | 11.27 10.99 25.06
0.4 | 11.27 11.00 25.21
0.3 | 11.28 11.01 25.34
0.2 | 11.29 11.02 25.56
0.1 | 11.30 11.05 25.65

Speech enhancement

examined several time-frequency masking-based beamforming meth-
ods for text-independent multi-channel speaker recognition in adverse acoustic condi-
tions. The study evaluates different masking-based beamformers, including parameter-
ized MWF, GEV beamformer, and MVDR beamformers. They also proposed to use
Rank-1 approximation to estimate the speech covariance matrices, which are then used to
estimate steering vectors in the MVDR beamformer. The GEV-BAN and Rank-1 approx-
imated MVDR achieved superior performance than Rank-1 approximated parameterized
MWF | |. Therefore, we chose the best-performing GEV beamformer
and Rank-1 approximated MVDR beamformer for our baseline system. Also, the network
of both systems is closer to our proposed network. We didn’t make any changes to the
model architecture for comparative analysis.

The authors implemented BLSTM for the IRM estimation. The input feature is 129-
dimensional log magnitude features, extracted using a frame length of 32 and a hop size
of 8 ms. Global mean-variance normalization is performed on the features. The BLSTM
network consists of 4 hidden layers, each with 300 units in each direction and an output
layer with 129 sigmoidal units. The cost function is the MSE to estimate the T-F masks.

Speaker verification

The speaker verification used in this set of experiments is the standard Kaldi x-vector

network introduced by . For the x-vector extractor, the training data
is augmented with different sections from the Musan corpus (music, babble, noise, rever-
beration) | |. Then, we extracted MFCC features for the augmented

data. The MFCC features are normalized by cepstral mean-variance normalization, and
the silent frames are removed by VAD. The network is trained with 1 million augmented
with all clean files from VoxCelebl | | and VoxCeleb2 |

|-

For test and enrollment files, the Fabiole corpus is used | |. In Fabiole,
there are 6882 files from 130 speakers, out of which 3441 files are used for enrolment, and
the remaining files are used for the test.

The PLDA (Probabilistic Linear Discriminant Analysis) classifier used for scoring is
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trained on 200k x-vectors extracted from Voxceleb. Before training the PLDA, the x-
vectors are centred, and their dimensionality is reduced to 128 with linear discriminant
analysis.

We experimented with the speaker verification system for the match SNR and multi-
SNR conditions. In speaker verification, the match SNR condition refers to a scenario
where the SNR of the test data and the enrollment data are the same. This is done to
ensure that any differences in performance between the two sets are not due to differences
in the SNR. To achieve the match SNR condition, we select the same SNR value for both
the enrollment and test data. This can be done by adding noise to the enrollment data
to match the SNR level of the test data or by using denoising techniques to remove noise
from the test data to match the SNR level of the enrollment data.

The advantage of using the match SNR condition is that it provides a more fair
and accurate evaluation of the speaker verification system. If the SNR level of the test
data is significantly different from the enrollment data, the performance of the system
may be affected due to the differences in noise and signal characteristics. By ensuring
that the SNR conditions of the enrollment and test data are the same, the match SNR
condition helps to eliminate this potential bias and provides a more reliable evaluation
of the system’s performance. For the match SNR condition, we changed the enrollment
data so that the test and enrollment set conditions are the same.

In speaker verification, the multi-SNR condition refers to a scenario where the SNR of
the test data and the enrollment data varies across multiple levels. This is done to evaluate
the performance of the speaker verification system under different SNR conditions. To
achieve the multi-SNR condition, one approach is to randomly select SNR values for
the enrollment data from a set of pre-defined SNR levels. During testing, the system is
evaluated on test data at different SNR levels, which may or may not overlap with the
SNR levels used for enrollment. This allows for a more comprehensive evaluation of the
system’s performance across a range of SNR conditions.

The advantage of using the multi-SNR condition is that it provides a more realistic
evaluation of the system’s performance. In real-world scenarios, the SNR of the speech
signal can vary widely depending on the environment, microphone, and other factors.
Evaluating the system under different SNR conditions helps to ensure that it is robust
and effective in a variety of settings.

However, it is important to note that the use of different SNR levels during test and
enrollment may also introduce additional variability and complexity to the evaluation
process. Careful consideration must be given to the selection of SNR levels and the
methods used to generate and manipulate the data to ensure a fair and accurate evaluation
of the system’s performance.

For the multi-SNR condition, the SNR for each enrollment file is drawn randomly in
[5,10,20] dB. We re-trained the PLDA scoring system for each condition using the Kaldi
tool | 1°.

We also experimented with match pre-processing conditions, for which we applied
the same pre-processing on the enrollment and the test data. In speaker verification, the
match pre-processing condition refers to a scenario where the same pre-processing steps are
applied to both the enrollment and test data. This is done to eliminate potential sources
of variability in the data that could impact the performance of the speaker verification
system.

The advantage of using the match pre-processing condition is that it provides a more

Shttps://github.com /kaldi-asr /kaldi
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Table 4.2: Results on the RoboVoices evall and RoboVoices eval2 datasets using different
pre-processing methods. RoboVoices evall consists of the dry clean speech from Fabiole
and noise from Freesound. RoboVoices eval2 consists of the dry clean speech from Fabiole
and noises from MUSAN. The average confidence interval is 0.1.

Noise type RoboVoices evall | RoboVoices eval2
Pre-processing/SNR SDR SIR EER | SDR SIR EER
Dry clean speech — — 14.9 — — 14.9
Reverb. speech — — 20.6 — — 20.6
Unprocessed (Noisy) 26 151 282 | 24 148 257
BLSTM Rank-1 54  20.7 26.8 51  20.7 23.1
BLSTM GEV-BAN 54 206 27.1 43 202 238
BLSTM MVDR Rank-1 58 20.1 270 49  20.5 23.7
FaSNet 53 205 38.7 4.7 183 32.6

FaSNet GEV-BAN 58 219 26.8 56 212 222
FaSNet Rank-1 MWF 6.1 21.0 249 59 215 219
FaSNet Rank-1 MWF WPE | 7.0 21.0 23.3 | 6.1 21.5 20.5

fair and accurate evaluation of the system’s performance. If different pre-processing steps
are used for the enrollment and test data, the performance of the system may be affected
due to differences in the pre-processed data. The match pre-processing condition helps
to eliminate this potential bias and provides a more reliable evaluation of the system’s
performance.

4.4.3 Evaluation set-up

As we explained in Chapter 3, speech enhancement results were evaluated in terms of
the source-to-distortion (SDR) ratio for estimating distortion on the target signal and the
source-to-interference (SIR) ratio for estimating the relative importance of the estimated
target speech compared to uncorrelated interference | |”. The speaker
verification system is evaluated using the EER.

We consider different conditions corresponding to different steps in the acoustic prop-
agation process: Dry clean speech, Reverb-speech (reverberated speech) and Unprocessed
(Noisy) (a mixture of reverberated noise and speech). We compute EER on dry clean
speech and Reverb-speech (as a reference point), the Unprocessed (Noisy) and the signals
estimated with different speech enhancement algorithms.

4.5 Results

This section reports the experimental results of the proposed approaches. To validate
the proposed approaches, we compared them to the baseline BLSTM-based approaches
| |. The best results are highlighted in bold.

"SDR and SIR are computed with the mir eval toolbox https://github.com /craffel /mir eval
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Figure 4.2: From top to bottom: spectrogram of original clean signal, the spectrogram of
the reverberated clean signal, the spectrogram of the noisy (mixture) signal, the spectro-
gram of the enhanced signal with FaSNet Rank-1 MWF WPE at5 dB SNR.
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Table 4.3: % EER on match pre-processing conditions on the RoboVoices evall dataset.
We processed enrollment and test data by computing the SNR for 5 dB, 10 dB and 20
dB test data and averaged their EER. The average confidence interval is 0.1. Reverb. in
the table refers to reverberated speech.

] Test conditions \ Enrollment conditions
Dry Reverb | Unprocessed] MVDR FaSNet
speech | speech (Noisy) Rank-1 Rank-1
MWF
WPE
Dry speech 14.9 15.4 16.7 16.1 15.7
Reverb. speech 20.6 19.8 20.5 20.4 20.1
Unprocessed (Noisy) 28.2 24.9 23.8 24.9 24,3
MVDR Rank-1 27.0 24.2 23.4 21.3 22.5
FaSNet Rank-1 MWF WPE 23.3 22.8 21.5 22.4 19.2

4.5.1 Comparison to baseline approaches

Table 4.2 presents the results of different state-of-the-art pre-processing approaches on
the RoboVoices evall and RoboVoices eval2 datasets. We described both the sets in
Chapter 4 section 3.3.3. We examine different masking-based beamforming approaches
as pre-processing to far-field speaker verification under noisy and reverberated scenarios.
The FaSNet based-approaches represent different pre-processing approaches we proposed
in the framework of this work.

The performance is evaluated in terms of EER, SIR, and SDR, and the enrollment
is always done using dry speech. The results show that noise and reverberation have a
significant negative impact on speaker verification performance. The table also indicates
that SDR is closely related to EER but not to SIR.

The table highlights that Rank-1-based beamforming techniques outperform FaSNet
in terms of EER. This difference in performance could be due to the introduction of
artefacts by FaSNet, as indicated by lower SDR values. Despite this, the integration of
FaSNet, Rank-1 MWF, and WPE brings substantial improvement over all other tech-
niques, indicating the benefits of using multiple pre-processing methods in combination.

The table also suggests that the RoboVoices evall dataset, which contains non-stationary
noises, has a higher EER compared to the RoboVoices eval2 dataset. Nonetheless, FaS-
Net Rank-1 MWF WPE outperforms all baseline approaches based on BLSTM on both
datasets. Overall, the results presented in Table A.1 demonstrate the effectiveness of
using a combination of pre-processing techniques for far-field speaker verification under
noisy and reverberated scenarios.

4.5.2 Impact of enrollment

We provide a set of results considering the impact of pre-processing on speaker verification
depending on the speech enhancement approach, enrollment conditions, and its impor-
tance in improving speaker verification performance. Datasets and evaluation metrics
used for experimentation are explained in chapter 3.

For the match pre-processing condition, we first computed an SNR for 5 dB test data,
10 dB test data and 20 dB test data, and then we averaged their EER. For enrollment,
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Table 4.4: % EER on match SNR and multi-SNR conditions on the RoboVoices evall
dataset. The average confidence interval is 0.1.

’ Test conditions | Enrollment conditions ‘
SNR (dB) Match SNR Multi-SNR
5 10 20
5 186 184 185 18.7
10 144 14.3 13.7 14.4
20 11.8 114 11.1 11.3

we created enrollment for each possible SNR.

Table 4.3 presents the EER averaged over SNR conditions for different pre-processing
conditions of the speaker verification system, depending on pre-processing applied during
the enrollment condition. Performance is reported on the RoboVoices evall dataset. For
each enrollment condition, the EER values are shown for each test condition, namely dry,
reverberated, noisy, and speech enhancement with BLSTM MVDR Rank-1 and FaSNet
Rank-1 MWF WPE.

The results show that the choice of enrollment condition has a significant impact on the
performance of the speaker verification system. Specifically, the EER values are generally
lower when the enrollment condition matches the test condition. For example, for the
dry test conditions, the lowest EER is obtained for the dry enrollment at 14.9%, while for
noisy test conditions, the lowest EER is obtained at 23.8%. Performing the enrollment
and test with matched acoustic conditions alleviates the effect of noise and reverberation.
The results also show that FaSNet Rank-1 MWF WPE performs better than BLSTM
MVDR Rank-1 in terms of EER in matched pre-processing conditions.

Pre-processing consistently improves speaker verification performance, but the effec-
tiveness is more evident when the enrollment is done in matched pre-processing conditions
(diagonal). We did not report the results with FaSNet as it still degrades the speaker ver-
ification performance due to the artefacts introduced by FaSNet. FaSNet Rank-1 MWF
WPE obtained the best EER performance for a noisy and reverberated input.

Overall, the table demonstrates the importance of using matched pre-processing con-
ditions in speaker verification, as well as the impact of different pre-processing techniques
on system performance.

4.5.3 Impact of SNR

Table 4.4 presents the experimental results for speaker verification on the RoboVoices
evall dataset. The speaker verification system is evaluated under two different conditions:
match SNR and multi-SNR conditions. In the match SNR condition, both the enrollment
and test data are pre-processed using the same SNR value (corresponding to only the
diagonal values in the table). In the multi-SNR condition, the enrollment data is randomly
chosen from the range of [5-20] dB SNR, while the test data is fixed at either 5 dB, 10
dB, or 20 dB SNR.

The rows of the table correspond to the SNR values used for testing, and the columns
correspond to the SNR values used for enrollment. For example, the first row shows the
results for testing with an SNR of 5 dB and enrollment with SNRs of 5,10, and 20 dB.

We observe that the SNR during enrollment has a minor impact. The impact is larger
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Table 4.5: % EER on RoboVoices evall dataset using different pre-processing approaches.

| Pre-proces./SNR | 5 10 20
Unprocessed (Noisy) 344 28.0 222
BLSTM GEV-BAN 325 26.8 219

BLSTM Rank-1 MWF 32.2 26.5 21.6
BLSTM MVDR Rank-1 32.3 26,6 221
FaSNet 45.7 39.0 31.5

FaSNet GEV-BAN 32.0 26.3 22.0
FaSNet Rank-1 MWF 299 24.0 20.8
FaSNet Rank-1 MWF WPE | 27.1 23.2 19.7

when the speaker verification operates on signals with a high SNR (above 10 dB); in
this case, performing enrollment at low SNR (5 dB) decreases the speaker verification
performance significantly. The results also suggest that doing enrollment with 20 dB
SNR data always leads to good results, whatever the SNR level of the test data is. This
indicates that it is better to train with clean data.

The multi-SNR condition enrollment results in only a slightly degraded performance
compared to the match SNR condition. This indicates that the speaker verification system
can operate without prior knowledge of the SNR conditions.

Overall, the experimental results suggest that the proposed speaker verification system
is effective and robust to different SNR conditions. This could be because the SNR effect
is compensated by the FaSNet Rank-1 MWF WPE pre-processing applied during both
enrollment and the test.

4.5.4 Impact of pre-processing

Table 4.5 shows the performance of different pre-processing approaches for various SNR
conditions. Performance is presented on the RoboVoices evall dataset. The first row of
the table shows the EER for the "Noisy" condition, i.e., when no pre-processing is applied
to the dataset. The following rows show the EER for different pre-processing approaches,
such as BLSTM GEV-BAN, BLSTM Rank-1 MWF, BLSTM MVDR Rank-1, FaSNet,
FaSNet GEV-BAN, FaSNet Rank-1 MWEF, and FaSNet Rank-1 MWF WPE. For each
SNR, the best results are displayed in bold (the approach providing the best results is
mentioned in the next paragraph).

For each SNR condition, we observe an absolute reduction of EER for all the pre-
processing approaches compared to an unprocessed input signal. This was expected for
low SNR conditions but may be less obvious for high SNR conditions. The results show
that FaSNet Rank-1 MWF WPE performs the best for all SNR values and outperforms
other pre-processing approaches in terms of EER. With 7% EER absolute reduction at 5
dB, FaSNet Rank-1 MWF WPE shows the most robustness to low SNR conditions. Thus,
supporting the argument that Rank-1 MWF is robust to low SNR scenarios.

4.5.5 Impact of utterance lengths

We experimented on the problem of short utterances as shown in Table 4.6. The problem
of short utterances is well-known by the speaker recognition community. Short utterances
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Table 4.6: % EER on different utterance lengths and SNR on RoboVoices evall dataset.
Performance is averaged over SNR conditions for utterance lengths. The average confi-
dence interval is 0.1.

| Testing environment | EER \ EER \

Utterance length Below 4 secs | Above 4 secs
Dry clean speech 18.8 5.6
Reverberated clean speech 21.1 7.5
Unprocessed (Noisy) 27.8 9.5
BLSTM Rank-1 27.4 9.2
BLSTM MVDR Rank-1 27.5 9.4
FaSNet 28.1 10.3
FaSNet Rank-1 WPE 27.5 9.0

are used to evaluate trials, which severely degrades the performance of the speaker verifi-
cation system. However, the literature does not provide any standard definition of a short
utterance. But, audios with shorter utterances containing less than 10 seconds of speech
reported a severe degradation in quality by the speaker verification system |

) ].

Table 4.6 shows the results of our experiments on utterance lengths below 4 seconds
and above 4 seconds on the RoboVoices evall dataset. The SNR conditions are averaged
to compute the EER for both utterance lengths. The baseline BLSTM-based and FaSNet-
based models are trained using the same data for the proposed approaches. It is evident
from the table that utterances below 4 seconds severely affected the speaker verification
system. The EER for utterances below 4 seconds without pre-processing is almost 28%.
Moreover, the baseline techniques don’t seem to improve the performance either. In fact,
FaSNet degrades the error rate compared to other pre-processing approaches mainly due
to the artefacts FaSNet introduced during training. FaSNet Rank-1 MWF WPE manages
to improve the performance by a margin. Nevertheless, it is observed from the results
that short utterance lengths indeed degrade the signal quality of the speaker verification
system.

4.5.6 Validation on a recorded unseen dataset

Table 4.7 presents the performance with various distractor noise conditions on the VOiCES
evaluation dataset. Among 11 microphone positions in the Eval set, we selected 3 rep-
resentative positions: closest to the speaker (microphone 2), mid-distance (microphone
9), and farthest (microphone 4). We selected the microphone closest to the speaker as a
reference microphone for the FaSNet approach.

As expected, the condition with no noise distractor (clean in Table 4.7) resulted in
the best performance for all the approaches. FaSNet Rank-1 MWF WPE still improves,
probably because of reverberation. FaSNet is better than BLSTM Rank-1 for babble noise
but not for TV and or Music noises. With an EER of 9.2% without any pre-processing,
Babble seems to be the most challenging condition due to overlapping interference with
the target speech. However, using FaSNet Rank-1 MWF WPE, the EER on Babble re-
duces to 6.3%. FaSNet Rank-1 MWF WPE achieves the best performance in all the noise
conditions demonstrating the efficacy of our approach even though the model was trained
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Table 4.7: % EER on different noise conditions of the VOiCES Eval dataset. The confi-
dence interval is 0.2.

SV pre-processing Noise conditions
Clean Babble TV Music

Noisy 4.4 9.2 79 84
BLSTM Rank-1 4.4 8.1 7.1 7.3
BLSTM MVDR Rank-1 4.3 7.3 6.5 6.9
FaSNet 4.4 7.8 74 79
FaSNet Rank-1 MWF 4.5 7.1 6.8 7.1
FaSNet Rank-1 MWF WPE | 4.0 6.3 6.0 6.4

on synthetic data generated for generic, possibly mismatched, and spatial scenarios. No-
tably, our approach generalizes to unseen noise, such as Babble. Designing a training set
with matched conditions could help improve the performance of the VOiCES dataset.

4.6 Conclusion

Speech signals are contaminated with different kinds of distortions. These distortions can
come from different sources, such as environmental noise and also due to the acoustic
properties of the environment, as in the case of reverberation. They can severely de-
grade the speaker verification performance. In this chapter, we presented a benchmark
of multi-channel speech enhancement for far-field speaker verification in noisy and re-
verberant environments. We experimented with DNN and a combination of DNN with
signal processing methods as a front-end to the state-of-the-art x-vector-based speaker
verification system. We proposed a multi-channel pre-processing pipeline by combining
a time-domain neural beamformer (FaSNet), multi-channel Wiener filter (MWF), and
weighted prediction error (WPE).

We analyzed the impact of the aforementioned approaches in realistic scenarios involv-
ing additive noise and reverberation on speaker verification performance. The integrated
DNN and signal processing approach shows more robustness to low SNR scenarios. Ex-
periments on synthetic and VOiCES datasets show that combining DNN with signal pro-
cessing improves speaker verification performance. Primary efforts have been focused on
the front-end multi-channel processing and the acoustic conditions during the enrollment
phase.

We experimented by (i) implementing DNN-based FaSNet and observed that FaS-
Net is good at improving the performance of speech enhancement compared to baseline
approaches. However, due to the artefacts introduced by FaSNet, as observed with low
SDR values, FaSNet degrades the speaker verification performance. Secondly, combining
the FaSNet with the Rank-1 MWF and WPE improved the performance across the noisy
datasets. This suggests that usage of Rank-1 MWF with FaSNet and WPE assists in
overcoming artefacts introduced by the FaSNet system.

We compared the integrated approach FaSNet Rank-1 MWF WPE to the existing
state-of-the-art pre-processing approaches. We observed that the proposed approach
brings substantial improvements in terms of EER over the baseline pre-processing ap-
proaches. WPE aids in dereverberation and consistently improves speaker verification
performance. We evaluated the speech enhancement performance using the SDR and
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SIR metrics to estimate the distortions on the target signal and the interference ratio
compared to uncorrelated interferences. We experimented with different noise types to
evaluate our system’s robustness.

We examined the importance of pre-processing the enrollment data. The mismatch
between enrollment and test conditions often deteriorates the performance of speaker
verification. Real-world applications frequently control the enrollment condition as it is
easier to control the enrollment conditions than the test conditions. On the other hand, the
test condition is often considerably more uncontrollable and unpredictable. It varies from
one test to another and can be significantly very different from the enrollment condition.
We studied the impact of applying a matched processing on both the enrollment and test
data. We also investigated to which extent the acoustic conditions during the enrollment
phase should match the conditions during the test phase.

There is no proper description in the literature about the length of utterance for ob-
taining the best performance for a speaker verification system. However, often utterances
shorter than 10 seconds leads to severe degradation. Therefore, we carried out the exper-
iments on utterance lengths which are less than 4 seconds and vice-versa. We observed
that all the systems achieved a higher equal error rate on the shorter utterance lengths,
which proved that the longer the utterance length, the better the speaker verification
performance.

The proposed FaSNet Rank-1 MWF WPE approach also leads to the best performance
across the noise conditions on the VOICES dataset even though the model was trained
on synthetic data, showing genera