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Résumé

L’amélioration de la parole et la réduction du bant de larges applications dans le domaine
du traitement de la parole. lls sont souvent enmgdogn tant que prétraitement dans diverses
applications.

Le travail a faire dans ce projet est:

1. L’élimination de bruit trés non-stationnaire poas Isignaux de parole a canal unique
afin d'améliorer la qualité perceptible et l'ingibilité de la parole.

2. La séparation aveugle d'un nombre quelconque deceswocales multi-locuteurs
(sans connaissances sur les sources réelles) ddané seulement deux mélanges
anéchoiques et étant donné I'hypothese que nowdoappW-orthogonalité disjoint
approximative.

Deux points doivent souvent étre pris en comptesdes applications de la suppression de
bruit pour les signaux: I'élimination du bruit ireléable pour améliorer le rapport signal sur
bruit (SNR) et la préservation de la forme et l@sactéristiques du signal original.

Le bruit du monde réel est le plus souvent noriestagire et n'affecte pas le signal de parole
de maniere uniforme sur le spectre. Ce projet egpla groupe d'algorithmes a base de DFT
comme des techniques de prétraitement pour un itEpeude seul canal de parole qui sont
comme suit:

» Soustraction spectrale en utilisant plus de soctstraet le plancher spectral.

» Soustraction spectrale multi bande.

* Filtre de Wiener.

* Minimum de I'Estimation du Carré de la Moyenmrel'dmplitude spectrale a court
terme (MMSE-STSA) avec, et sans l'utilisation dedificateur SPU.

* Minimum de I'Estimation du Carré de la Moyenre ldimplitude Log-spectrale
(MMSE-LSA) avec, et sans l'utilisation de modifeat SPU.

* ['Estimation optimale modifié de I'amplitude Logesjrale.

Les algorithmes mis en ceuvre fournissent diversédegleve de flexibilité et de contrble sur
les niveaux d'élimination de bruit qui réduit leteéacts au niveau de la parole améliorée. Les
résultats de I'étude de comparaison sur la baswitgees subjectifs et objectifs ont montré
que la méthode de I'Estimation optimale modifiél'dmplitude Log-spectrale surpasse tous
les algorithmes & base de DFT pour 'amélioratiertadparole a canal unique.

La technique utilisée pour la séparation aveuglesdearces de parole est basée sur la
technique de démixage dégénére et d'estimation D& construit des estimations des

iv



Résumé

bY

parametres de mélange relatifs associés a chagquel sen prenant le rapport des
représentations temps fréquence des deux mélaBgéss sources de chaque mélange sont
W-disjoints orthogonales, ce qui signifie que sealsignal est actif dans le plan temps-
fréquence a un temps-fréquence donnée ou pasra digtout. Nous avons mis en ceuvre et
testé le comportement de la technique de DUET sarndélanges artificiels instantanées de
parole d'un nombre différent de sources, et ilypruétre séparés parfaitement selon les tests

d'évaluation des performances effectués (subjesttiédbjectifs).

Mots clés: L'élimination de bruit de parole, Canal uniqueruB non-stationnaire, Bruit
musical, Les Techniques a base de DFT, Séparatiengke de Sources, W-orthogonalité

disjoint, les tests Subjectifs et Objectifs.



Abstract

Speech enhancement and noise reduction have walieans in speech processing. They are
often employed as pre-processing stage in varippkcations.
The work to be done in this project is:

1. Denoising a single-channel speech signal in theseomee of a highly non-stationary
background noise in order to improve the perceptipliality and intelligibility of the
speech.

2. Blind Multi-speaker speech separation of an arbitraumber of speakers (without
knowledge about the actual speakers as speechespgigen just two anechoic mixtures
provided the assumption which we call Approximatedidjoint Orthogonality.

Two points are often required to be consideredgnat denoising applications: eliminating the

undesired noise to improve the signal to noiseorg8NR) and preserving the shape and
characteristics of the original signal.

Real world noise is mostly highly non-stationaryl @oes not affect the speech signal uniformly
over the spectrum. This project explores a set l6Tdbased algorithms as single-channel pre-
processing techniques which are as follows:

» Spectral Subtraction using over-subtraction andtsglefloor.

* Multi-Band Spectral Subtraction (MBSS).

* Wiener Filter.

* MMSE of Short-Time Spectral Amplitude (MMSE-STSAgtienator with, and without
using SPU modifier.

 MMSE Log-Spectral Amplitude Estimator with, and kit using SPU modifier.

* Optimally-Modified Log-Spectral Amplitude estimat@@M-LSA).

All the implemented algorithms provide considerabliéferent degrees of flexibility and control
on noise elimination levels that reduces artifaictsthe enhanced speech, resulting in the
improved quality, and intelligibility. The companis study results based on subjective and
objective tests showed that the Optimally Modifiedg-Spectral Amplitude Estimator (OM-
LSA) method outperforms all the implemented DFTdahsingle-channel speech enhancement
algorithms.

The technique used for the Blind Multi-speaker spegeparation is based on the Degenerate
Unmixing and Estimation Technique (DUET) which cioasts estimates of the relative mixing

Vi



Abstract

parameters associated with each signal by takiagdtio of time-frequency representations of
two mixtures. If the sources in each mixture aredidjeint orthogonal, that means only one
signal is active in the time-frequency plane atvemgtime-frequency or no signal at all. We have
implemented and tested the behavior of the DUETigie on artificial instantaneous speech
mixtures of different number of speakers, and tb@yld be separated perfectly according to the

performed evaluation tests (objective and subjegtiv

Key Words: Speech Denoising, Single Channel, non-stationaigenMusical noise, DFT-based

Techniques, Blind source separation, W-disjoinh@gbnality, Subjective and Objective Tests.
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INTRODUCTION

A major part of the interaction between humans 4giace via speech communication which is
continuously gaining popularity as technology eeslv The field of speech processing is
essentially an application of signal processingtégues to acoustic signals using the knowledge
offered by researchers in the field of hearing rsms. Pre-processing of speech signals is
considered as crucial step in the development\adrius robust and efficient applications such
as speech recognition systems that have to perfefiably in noisy environments. Recent
advances in computer technology and the simultamaduances in the digital signal processing
theory, phonetics, acoustics, and artificial ingelhce had a very profound effect on speech
research.

Development and widespread deployment of digitahmminication systems during the last
twenty years have brought increased attention értte of speech enhancement in speech
processing problems.

The degradation of the quality and intelligibilitf speech signals, due to the presence of
background noise severely affects the ability adegih related systems to perform well. Speech
enhancement algorithms are used to improve thenmeaince of communication systems when
their input or output signals are corrupted by eoiEhe main objective of speech enhancement or
noise reduction is to improve the perceptual aspetispeech, such as the speech quality and
intelligibility. However, the problem of cleaningisy speech still poses a challenge to the area
of signal processing. Noise reduction technique® Is@me problems and questions. One of these
problems is to reach a compromise between noisgctied, signal distortion, and the residual
musical noise. Complexity and ease of implemematibthe speech enhancement algorithms is
also of concern in applications especially thodated to portable devices such as mobile
communications and digital hearing aids.

The DFT-based speech enhancement methods havebeeart the most well-known techniques
for noise reduction. The spectral subtraction estias the power spectrum of clean speech by
explicitly subtracting the noise power spectrumnfrthe noisy speech power spectrum. Due to its
minimal complexity and relative ease in implementatit has enjoyed a great deal of attention
over the past years. This approach generally peslaaesidual noise commonly called musical
noise. In this project, we propose six DFT-basadls-channel speech enhancement algorithms
as speech signal pre-processing approaches thdtendiscussed in detail in chapter two.
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INTRODUCTION

Noise spectrum estimation is so important aspeat dffective single-channel speech
enhancement algorithms, especially when the badkgkooise is non-stationary, in this case the
spectrum will be varying rapidly over time. In gomoject, we use a noise estimation algorithm
with rapid adaptation for highly non-stationary gomments proposed in [1] during the
implementation of the six DFT-based single-chaispelech enhancement algorithms.

In order to make automatic speech recognition systeore effective in real world events it is
necessary to deal with difficult environments withultiple speech sources. One classical
example is when a number of people are talking k&maously in one place and the ASR task is

to recognize the speech content of one or morettapeakers among other interfering sources.

Blind Multi-speaker speech separation refers topituddlem of recovering two or more speaker’s
speech from a number of unknown mixtures. Whenntlnaber of speakers is greater than the
number of mixtures, the problem is degenerate whedraditional matrix inversion demixing

cannot be applied. In this project we investigae= applicability of a version of BSS algorithms
which is the degenerate unmixing estimations tepe(DUET) to Multi-speaker speech signals
separation relied on the assumption that the ssunege approximately W-disjoint orthogonal.

Motivated by the maximum likelihood mixing paranre¢stimators, we define a power weighted
two-dimensional histogram constructed from theorati the time-frequency representations of
the mixtures that is shown to have one peak foh sacrce with peak location corresponding to
the relative attenuation and delay mixing paranset®&he histogram is used to create time-

frequency masks that partition one of the mixtumés the original sources.
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Chapter 1 LITERATURE REVIEW

Improving the performance of speech communicati@iesns in noisy environments has been a
challenging task for researchers for more tharetderades till now. In real world situations, it is
very difficult to reliably predict the charactercst of the interfering noise signal or the exact
characteristics of the speech waveform. Henceffectte the speech enhancement methods are
sub-optimal and can only reduce the amount of nmisihe signal to some extent. There is a
trade-off between distortions in the processed dpemd the amount of noise reduced. The
effectiveness of the speech enhancement systerthesefore be measured based on how well it

performs in light of this trade-off.

1.1 Speech processing
The term speech processing basically refers tostientific discipline concerning the analysis
and processing of speech signals in order to aehtbe best benefit in various practical
scenarios. At present, the field of speech prongdsiundergoing a rapid growth in terms of both
performance and applications. This is stimulatedth® advances being made in the field of
microelectronics, computation and algorithm deshevertheless, speech processing still covers
an extremely broad area, which relates to thevioilg three engineering applications [2]:

* Speech Coding and transmission that is mainly aoieck with man-to man voice

Communications.
« Speech Synthesis which deals with machine-to-mamuanications.

* Speech Recognition relating to man-to machine conmcations.

1.2 Speech signal characteristics

The speech signal is a time varying signal whogeasi characteristics represent the different
speech sounds produced. There are three way$ealing events in speech. First is the silence
state in which no speech is produced. Seconc statthe unvoiced state in which the vocal
cords are not vibrating, thus the output speeaheform is aperiodic and random in nature.
The last state is the voiced state in which thealoords are vibrating periodically when air is
expelled from the lungs. This results in the outppech being quasi-periodic shows a speech
waveform with unvoiced and voiced state [2].

Speech is produced as a sequence of sounds. Tdeftgpund produced depends on shape of the
vocal tract. The vocal tract starts from the opgrofthe vocal cords to the end of the lips. Its
cross sectional area depends on the posdfothe tongue, lips, jaw and velum. Therefore

the tongue, lips, jaw and velum play an importart j the production of speech.

Page 4



Chapter 1 LITERATURE REVIEW

Physically, the sounds of speech can be describegrms of a pitch contour and formant
frequencies. Formants are resonant frequencieleoivocal tract which appear in the speech
spectrum as clear peaks [3]. As an example, thigena formant peaks can be seen in the

frequency domain plot of a short speech recordm§jgure 1.1.
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Figure 1.1: Spectrum plot of a 20ms recording of voiced spesbbwing three distinct formant
peaks [4].

Formants have been described by the famous resedftdtt and others as being the single most
important feature in speech communications [5]. €eaily many formants will be present in a
typical utterance, and the location of these waltywover time as the shape of the mouth changes.
Formants are counted from the lowest frequency uisyand usually only the first three (F1, F2
and F3) contribute significantly to the intellidiby of speech. Some fricative sounds like /ch/
can produce a lot of formants, but generally spealil contains most of the speech energy
while F2 and F3 between them contribute more tedpatelligibility [6].

The pitch contour (often called f0) is the paramelat describes the tone of the voice (the
perceived frequency), and is in effect the fundamderocal frequency. Again, pitch frequencies
contain energy but contribute little to intelligibf for English and other European languages [7]

1.3 Hearing and perception

Audible sounds are transmitted to the human eaosigih the vibration of the particles in the air.

Human ears consist of three parts, the outer leamiddle ear and the inner ear. The function of

Page 5



Chapter 1 LITERATURE REVIEW

the outer ear is to direct speech pressure vamgtioward the eardrum where the middle ear
converts the pressure variations into mechanicatiomo The mechanical motion is then
transmitted to the inner ear, which transforms eh@®tion into electrical potentials that passes
through the auditory nerve, cortex and then tobifaen. Figure 1.2 shows the schematic diagram
of the human ear [2].

OUTER
EAR

bAoAt

A

Figure 1.2 : The schematic diagram of the human ear [2]

1.4Sound Basics

1.4.1 Concept of sound

A person perceives sound as any vibration of tlidrem in the audible frequency range that
results from an incremental variation in air pressat the ear. A variation in pressure above and
below the atmospheric pressure is called soundspresand is measured in units of Pascal (Pa)
(8, 9].

The number of pressure variations per second ikddhe frequency of sound, which is
measured in cycles per second, called Hertz (Hx)young person with normal hearing can
perceive sound in the frequency range of roughly 20,000 Hz, defined as the normal audible
frequency range. A sound that has only one frecguenknown as a pure tone [8, 9].

The speed of sound is the rate at which a soun@ wespagates through a given medium, and is
dependent on the elasticity and density of thatiomedFor all practical purposes, the speed of

sound in air is dependent only on the absolute ésatpre, which directly affects its density. The

equation for the speed of sound in aic is 20.05VT (m/s) where T is the absolute temperature
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of air in degrees Kelvin. At room temperature atahdard atmospheric pressure, the speed of
sound in air is 343 m/s [8, 9].

1.4.2 The Sound levels and Decibel

Generally, Sound levels are described logarithriyida¢cause it compresses the large range of
typical sound pressures into a smaller and moretiped scale, which incidentally also more
closely parallels the human ear’s ability to judige relative loudness of sounds according to the
ratio of their pressure. The important thing to eember about the decibel is that it represents a
relative measurement or ratio. ‘Sound power lewald ‘sound pressure level are typically
expressed in terms of decibels, as an indicatian tthey are not absolute values, but rather,
measurements relative to a reference quantity.

The quantity most often used to measure the “strérgf a sound wave is the sound pressure

level (SPL) measured with respect to a standaereate pressure op,.r = 5. 107> Pa [10].

The sound pressure level can be calculated usenfptlowing formula:

Ly = 20l0g1o(P/Prer) (dB) (1.1)

The reference pressure represents the normal tideshhearing for most individuals.

1.4.3 Discrete time representation of sound

When making a digital recording of a sound it impéed with a certain frequency. Each sample
stores information about the sound pressure leeasored at that specific time. These values are
taken at regular time periods, known as the sameériod, Ts.

For example, consider a continuous waveform givew (). In order to process this waveform
digitally we first must convert this into a disedtme vector. Each value in the vector represents
the instantaneous value of this waveform at integatiples of the sampling period. The values

of the sequence;(t) corresponding to the value at n times the samgargpd which is denoted
as y[n].

y[n] = y(nTy) (1.2)

To be able to reconstruct the sound correctly, rthmber of samples per second, called the

sampling frequencyf{ = 1/T ), must be at least twice the highest frequencthefsound. This

relation was discovered by Nyquist [11].
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1.5 Noise Characteristics

Noise can be defined as an unwanted signal tharfemes with the communication or
measurement of another signal. A noise itself $sggaal that conveys information regarding the
source of the noise. For example, the noise frararangine conveys information regarding the
state of the engine. The sources of noisemargy, and vary from audio frequency acoustic
noise emanating from moving, vibrating or lidohg sources such as revolving machines,
moving vehicles, computer fans, keyboard clieksd, rain,...etc [12].

Noise and distortion are the main limiting factoarscommunication and measurement systems.
Therefore the modeling and removal of the effeétaaise and distortion have been at the

core of the theory and practice of commumicet and signal processing.

The nature of the noise is an important factor éciding on a speech enhancement method.
Therefore, a good model of noise is important fier performance of speech enhancement system
and vice-versa it is important to analyze how vaedipeech enhancement algorithm/model works
with different types of noise.

Noise can be different based on various statistispéctral or spatial properties. From [13]

different noises can be summarized as in Table 1.1.

Property Types

Structure Continuous/ Impulsive/ Periodic

Type of Interaction Additive/ Multiplicative/ Conltive

Temporal behavior Stationary/ Non-stationary
Frequency range Broadband/ Narrowband
Signal dependency Correlated/ Uncorrelated

Statistical properties Dependent/ Independent
Spatial properties Coherent/ Incoherent

Table 1.1:Classification of noise based on various properties

Based on the nature and properties of the noiseasunoise can be classified in the following

ways [14]:
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1. Background noise: additive noise, which is usualhcorrelated with the signal and
present in various environment scenarios like $rairestaurants, streets, machines,
climatic conditions, factory environment...etc.

2. Interfering speakers (speech like noise): additieése composed of single or multiple
“competing” speakers. This noise has charactesistid frequency range very similar to
the speech signal of interest.

Impulse noise: slamming of doors, noise preseatchived gramophone recordings.

4. Non-additive noise: noise due to non-linearitiesnotrophones, speakers and channel
distortion (speech on transmission lines).

5. Non-additive noise due to speaker stress: e.g. bodhbffect i.e. the effect induced in
presence of noise, wherein the speaker has a teydenncrease his vocal effort [15].
This results in speech having different spectrapprties as compared to clean speech.

6. Noise correlated with the signal: reverberations echoes.

7. Convolutive noise: corresponds to convolution mdidomain. For instance, changes in
speech signal due to changes in room acousticsamrges in microphones etc. These are
usually harder to deal with, as compared to adalitivise.

8. Multiplicative noise: signal distortion due to fadiin cellular channels.

In general, it is more difficult to deal with notaonary noise, where there is no priori
knowledge available about the characteristics okeoSince non-stationary noise is time
varying, the conventional method of estimating timse from initial intervals assuming no
speech signal is not suitable for estimation [I8pise types, which are similar in temporal,
frequency or spatial characteristics to speechalsdifficult to remove or attenuate. Multitalker
babble, for instance, retains some characterigticspeech and poses a particularly difficult

problem for an algorithm intended to isolate spesghal from the background noise.

1.6 Classification of speech enhancement techniques

In many speech related systems, the desired sigmait available directly; rather it is mostly
contaminated with some interference sources. Thoes#kground noise signals degrade the
quality and the intelligibility of the original speh resulting in a severe drop in the performance

of the applications. The degradation of the spesgial due to the background noise is a severe
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problem in speech related systems and thereforailldhbe eliminated through speech
enhancement algorithms.

Speech enhancement systems can be classifiedumiaen of ways [13, 16] based on the criteria
used or application of the enhancement system.T8ble 1.2).

Domain Possible Strategies
Number of input channels One/ Two / Multiple
Domain of processing Time / Frequency
Type of algorithm Non-adaptive/ Adaptive
Additional constraints Speech production / Perospti
Table 1.2: Speech enhancement processing strat¢bids

The speech signal can be acquired from single dtipteuchannel sensors. Additive noise can
make speech enhancement particularly difficult. dtationarity of the noise process can further
complicate the enhancement effort. One microphopeti(single channel) could make speech
enhancement difficult, as speech and noise areprasthe same channel. Separation of the two
signals would require relatively good knowledgetted speech and noise models or require that
the interfering signal be present exclusively idifferent frequency band than that of the speech
signal. The noise source is assumed to be statlgtindependent and additive. This assumption
is based on the fact that most environmental risisgically additive in nature.
1.7 Applications of speech enhancement
In the current information technology, there arenynareas that speech enhancement is used in
order to improve the performance of the system;[17]
= Robust Automatic Speech Recognition (RASR): theussmmy of automation speech
recognition degrades in the presence of back growmse or other interfering sources.
Noise reduction of speech signals has therefotiearimportance as pre-process as such
type of systems, including human-computer inteoamsti robotics, and audio driven
systems, etc.
» Telecommunications: Background noise is a commoblpm which degrades the quality
of the communication for the human listener. Speechancement may be applied to

such systems in order to remove the unwanted nemgces. Another problem in
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telecommunication is the channel noise. By enhantire speech signal before it goes
into the channel, it is also possible to reducesfifiect of the channel noise.

Digital Hearing Aids: the digital hearing aid usesfien complain of difficulty in
understanding speech in the presence of backgroomide. Therefore, speech
enhancement is an important process to improve chpgeerception in a noisy
environment for the human listener.

Figure 1.3 shows an illustration of the usage aesp enhancement. It can be observed that

enhancement may also be applied directly to thencépeech signal in order to reduce the effect
of the channel noise in the communication systenp [1

Background A T Speaker
Noise ) N (Desired Speech)

|
Speech

\ Enhancement )

([ Speech ]

L Encoder
Channel ) __f!!\
Noise ) '\l-/'

Channel ]

Speech
Decoder

Speech Enhancement

v ' .

Human Human Speech
Listener Listener System

Figure 1.3: The application areas of speech enhancement [17].
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Chapter 2 DFT-Based Techniques for Single Channel Speech Enhancement

This chapter describes short time DFT-based simgi@nnel techniques for additive noise
removal.

These methods are based on the analysis-modifjrasist approach. They use fixed analysis
window length (usually 20-32ms) and frame by frdmeed processing.

They are based on the fact that human speecbtegtion is not sensitive to spectral phase
but the clean spectral amplitude must be gnigpextracted from the noisy speech to have
acceptable quality of speech at output and detitey are called short time spectral
amplitude (STSA) based methods. Figure 2.1 shinesbasic overview of a single-channel

speech enhancement system.

, SPEECH :
ENHANCEMENT ——»» '
ALGORITHM

Noisy Speech Enhanced Speech

A 4

Figure 2.1: Basic overview of single channel speech enhancesystem.

STSA based approaches assume that noise is adatiilencorrelated to the speech signal.

Most real world noise such afreet noise, train station noise, restaurant nbileble noise...etc
are non-stationary in nature. Therefore compleisencancellation is more complex as it is not
possible to completely track such noises. Howeusing these assumptions, it is possible to
achieve significant reduction in the backgroundsadevels using simple techniques.

2.1 Additive noise model

Most of the speech enhancement techniques use dt#iva noise model to model the
background noise. In the additive noise model thisynspeech is assumed to be the sum of the
clean speech and the noise as defined in the foigpaquation:

y(t) = x(t) + d(t) (2.1)
Where y(t) is the noisy speech signal, x(t) is¢lean speech signal, and d(t) is the background
noise signal.

Let y[n] = x[n] + d[n] be the sampled observed yapeech signal consisting of the clean signal
x[n] and the noise signal d[n] wheregh <N — 1, and N is the frame length. The additivesgoi

model can be represented as shown in Figure 2.2.
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Noise d[n]

Clean speech > J Speech Enhancement £[n]

X[n] y[n] \ Estimated speech

Additive noise model

Figure 2.2: Additive noise model in single-channel speech anbment [18].
In the DFT frequency domain, the additive relattam be expressed as follows:
Y, = X;, + Dy (2.2)
WhereX,, Y,, D, denotes thé&th spectral component of the original clean signal,xfhe noisy
observation y[n], and the noise d[n] respectivelythe analysis frame interval [0, N — 1].
2.2 The general structure of the DFT-based speechlencement
The overall structure of the DFT-basspeech enhancement techniques is shown in FigBre 2.
The analog speech signal is sampled at the frequesicand quantized to 16 bits. The digitized
speech is then partitioned into overlapping franTdsee commonly used amount of overlap is
50% or 75%. An appropriate window is then applieceach frame. The windowed frame then
passes through the DFT transform stage. The outpuplex coefficients are then separated into
magnitude and phase. The phase is kept unaltecethanmagnitude is processed using one of
the STSA speech enhancement techniques. Afterngettie estimated spectral magnitude
component of the clean signal, then it is combingith the phase, and the inverse transform
operation is carried out. Finally, the overlap aadd (OLA) technique [19] is applied to
reconstruct the output speech signal (the enhaspeetch signal) [20].
2.3 Time to Frequency Domain Conversion
The statistical properties of a speech signal charwgr time, specifically, from one phoneme to
the next. Within phonemes, which average about 80irmduration [21], the statistics of the
signal are relatively constant. For this reasoa,piocessing of speech signals is typically done in
short time sections called frames. The size of &am typically from 20 to 32 ms. In these short-
time segments, speech can be considered statif2&jry
The frames of time domain data are windowed (ffects of the window employed are discussed
in the next section 2.4) and then converted touegy domain using the Discrete Fourier
Transform (DFT).
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Noisy Speech

Appropriate
Windowing

Magnitude

A 4
STSA speecl!
Enhance Phase

&
<

A 4
Inverse DF

A 4
Overlap anc
Add

Enhanced Speech
Figure 2.3: Block diagram of the DFT-based speech enhanceriéht |

For a finite-duration, discrete-time signgln) of length N samples, the discrete Fourier

transform (DFT) is defined d¢ uniformly spaced spectral samples (see figuredwvén by :

N-1 27-’_-
Y, = Z y [n]exp(—j =2 kn) k=012..N—1 (2.3)
n=0 N
y(0) — ] DET IS ()
y(1) ———» — Y,
y(2) ———» N-1 2T —— Y,
Y= ymexp(=j 3 kn)

y(N —2) ——» —> Yy
y(N = 1) ———» ————» Yy

Figure 2.4: lllustration of the DFT as a parallel-input, pékbutput processor [12].
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The inverse discrete Fourier transform (IDFT) igegi by

N-1
1 2
y(n) = NZ Yi exp(j - kn) n=012..N-1 (2.4)
k=0

The direct calculation of the Fourier transformuiegs N (N — 1) multiplications and a similar
number of additions. Algorithms that reduce the patational complexity of the discrete Fourier

transform are known as fast Fourier transforms jFR&thods. FFT methods utilize the periodic
and symmetric properties efp (—j %”) to avoid redundant calculations [12].

2.4 Windowing

The speech signal needed to be split up into gweirig frames of size N. Overlapping of the
frames is at 50% in this project. This is donewoid discontinuities between frames. Figure 2.5
shows how the signal gets split up into frames.[23]

As long as the length of frames is kept approp@atenentioned in the previous section. It should
be noted that theffective frequency resolution depends only on theanéraize.

It is desirable that the window function satisfy twwaracteristics in order to reduce the spectral
distortion caused by the windowing. One is a higigfiency resolution, principally, a narrow
and sharp main lobe. The other is a small speletaél from other spectral elements produced by
the convolution, in other words, a large attenuatbthe side lobe [24].

Since these two requirements are actually contaeach other, and because it is impossible to
satisfy both, several compromise window functioraéh been proposed. Among these, the
Hamming windowWy (n), defined as:

2nm c
) (25)

is usually used as the window function for speecfalysis. The Hamming window is

Wy(n) = 0.54 — 0.46 cos(

advantageous in that its resolution in the frequetamain is relatively high and its spectral leak
is small since the attenuation of the side lolraase than 43 dB [24].

On the other hand, a rectangular window which fadd as:

Wr(n) =1 for(0<n<N-1) (2.6)
which corresponds to the simple extraction of Mgle points of the speech wave, and it has
the largest frequency resolution, whereas the aditgon of its first side lobe is only 13 dB. Thus
the rectangular window is not suited to the analydia speech wave having a large dynamic

range of spectral components.
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Another window, called the Hanning window is givan

Wy(n) = 0.5 — 0.5 cos(z) (2.7)

is also employed. Although the advantage of wWirgdow is that its higher-order side lobes
are lower than those of the Hamming winddwe, tattenuation of the first side lobe is only
roughly 30 dB. The shapes of these windows and #ipectra for 10 periods dfKHz
sinusoidal waves extracted by using theseoevisdare shown in Figure 2.6.

The relationship between the sampling pefigs], number of samples for analy$¥s and

nominal frequency resolution of the calculatgoectrumAf[Hz] is expressed as

1
Af = — 2.8
f=7=x (2.8)
In this project the analysis window of choice ie tHamming window. Based on the argument

presented in Section 2.3, an appropriate windowgtleis chosen [24].

Signal Split into Frames

Overlapping
windows at 50%
— Hamming
i Window being
applied

Figure 2.5: Frames getting split up and Hamming window applith overlap [8]

Page 17



Chapter 2 DFT-Based Techniques for Single Channel Speech Enhancement
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Figure 2.6: Major window functions and the spectrum for thepg@iods of a 1kHz sinusoidal
wave extracted using each of the windows [7].

2.5 Noise Power Spectrum Estimation

Noise spectrum estimation is a challenging tasksiogle-channel speech enhancement, where
we have only the noisy speech available at thetinNon-stationary noise spectrum varies
rapidly over time, hence it needs to be estimatebugodated continuously.

In this project we use the algorithm proposed ihfgt estimating highly non-stationary noise
environments.

Let y(n) = x(n) + d(n), where y(n) is the noisy spk signal, x(n) is the clean signal and d(n) is
the additive noise. The smoothed power spectrunim@foisy speech signal can be estimated

using a first-order recursive formula as follows:

P =n.p(l =D+ A=Y, DI (2.9)

Where |Y,(D)|? is the estimate of the short-time power spectrdny(n), n is a smoothing
constant] is the frame index, andis the frequency bin index.

We know that in the case of speech-absent franeentise power spectrum is the same as the
power spectrum of the noisy speech. Hence, we palata the estimate of the noise power
spectrum by tracking the noise-only frames (spedaxdent). In order to realize that, we calculate

the ratio of the energy of the noisy speech powectsum in three different frequency bands
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(low: 0-1 KHz, middle: 1-3 KHz, high: 3 KHz and al®) to the energy of the corresponding

frequency band in the previous noise estimate.tlitee ratios are calculated as follows:

Yz Py M ()
Rlow(l) = LFkA:; (I; — 1)' RMiddle(l) = MFk LF"]‘\} (I; — 1);
k=1'"'k k=LF+1''k
S Pk
Ruign(D = =575 (2.10)
k=MF+1 Ne(1—-1)

WhereN, (1) is the estimate of the noise power spectrum atdiamndLF, MF, Fs correspond
to the frequency bins of 1 kHz, 3 kHz and the samgpirequency respectively. If the above three
ratios (Ryow (1), Ryiaaie (D), Ruign (1)) are all smaller than a threshaigthen it is concluded that it
Is a speech-absent frame and the noise estimapelaéted according to:

N (D) =L N (U= 1)+ (1 =2 |Ye(DI? (2.11)
Where X is a smoothing constant. If any or all of the abdhiree ratios are larger than the
thresholds, then another algorithm is going to be used fadating and estimating the noise
spectrum.

The proposed algorithm used for speech-presentesggns based on first finding the minimum
of the noisy speech spectrum, and using that mimrw determine signal presence probability
in sub-bands. The signal presence probability isdu determine a frequency-dependent
smoothing parameter which replaces the fixed smiogttonstank given in eq (2.11). The local
minimum of the noisy speech is computed by averpgme past spectral values with a look-
ahead factor as defined in [25]:

If P . (1—1) <Pc(l), then

1 —
P () = ¥-Peyy (1 = D) + 7 (D = BR(1 = 1) (2.12)

Elsepy. (1) = P(D)

Where P, (1) denotes the local minimum of the noisy speech pospectrum,p,andy are
constants determined experimentally.

The approach taken to determine signal presenceapildy in sub-bands is similar to that
proposed in [26].

Let S (1) = P (D)/Py, . (D) denotes the ratio between the energy of the repsgch to its local
minimum. This ratio is compared against a frequesieyendent threshold and if it is found to be

larger than that threshold, then the corresponfitetqguency is considered to contain speech.
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Using the above rati§, (1), the new frequency-dependent smoothing constanbeaestimated

as follows:
_ faqg if S (D) < &
() = {az otherwise (2.13)

Wherea,, a, are smoothing constants,ta;) anddy, is a frequency-dependent threshold given

by:
1.3 1<k<LF

S = {3 LF <k < MF (2.14)
5 MF<k<Fs/2

Finally, after computing the frequency-dependingosthing factoray (1), the noise spectrum
estimate is updated according to:

N = @ (D). N = ) + (1 = a, W)Y, (DI (2.15)

To summarize, if the ratios defined in Eq.(2.1®@)igate that the current frame is a speech-absent
frame, then Eqg. (2.11) is used to update the ngmeetrum. Otherwise, Eq.(2.15) is used to
update the noise spectrum [1].

2.6 Spectral Subtraction

Spectral subtraction is a method for restoratiothefpower spectrum or the magnitude spectrum
of a signal observed in additive noise, throughtrsion of an estimate of the noise spectrum
from the noisy signal spectrum [12]. Figure 2.7wfdhe simplified structure of basic spectral
subtraction systems.

The first detailed treatment of spectral subtractieas performed by Boll [27, 28]. After that,
papers [29, 16] expanded and generalized Boll'hoteto power subtraction, Wiener filtering.
Both spectral subtraction and Wiener filtering aithons are derived under Gaussian assumption

for each spectral component.

y[n] = x[n] + d[n] | Frequency Domai |X,+ D, .| Frequency Domai | X; .| Time domain

Conversiol Filter conversion
A
x(n)
v \ 4
Noise Energy D, . Gain
Estimator Calculation

Figure 2.7: Basic structure of spectral subtraction syster$ [3
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2.6.1 Power Spectral Subtraction and its generaligeform
The basic power spectral subtraction (PSS) priacipVolves the subtraction of the estimated

noise variance, from the power spectrum of the mesknoisy signal, to obtain an estimate of the

modulus of speech power spectrum (taking into actcadiat |)?k|2has to be positive).
Mathematically this is represented as:

~ 12 =~ 12

|£e|” = max (1%, 2 = |D[", 0) (2.16)
However, there are limitations to this subtractiaie. The basic problem has been tackled by
deriving several fundamentally and theoreticallstified noise suppression rules.
Since the power spectrum of two uncorrelated sgyisabhdditive. By generalizing the exponent
from 2 toa, Eg. (2.16) becomes

|| = max(]¥, 1% — |Di|*, 0) (2.17)
The speech phase is estimated directly from theyngignal phase. Thus a general form of the

estimated speech in frequency domain can be wiatsen

~ —_ 1 .
Xy = (max (|Yi|* — 0(|Dk|a, 0))a.exp (jOy),
(2.18)

Wherea > 1 is used to overestimate the noise to accounth®ariance in the noise estimate.

The inner terlekla—a|f)k|ais limitied to positive values, since it is possibfor the
overestimated noise to be greater than the cusignal [17].

2.6.2 Spectral Subtraction using over-subtraction rad spectral floor

For more residual musical noise reduction, a mediion of the spectral subtraction was

proposed by Berouti et al [31]. The technique cdoddexpressed as:

~ 12 =~ 12 =~ 12
|Xk| =max(|Yk|2—a.|Dk| ,ﬁ.le| ) (2.19)
Where:a is the over-subtraction factor, and it is giverterms of the frame noisy signal to noise

ratio as follows:

3
a = ay——-.SNR — 5dB < SNR < +20dB (2.20)

a, is the desired value of at 0 dB SNR.
a plays the role of a time-varying factor, which yices a degree of control over the noise

removal process between periods of noise update.
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The parametep is the spectral floor which prevents the speatmahponents of the enhanced
spectrum from being below the smallest vqm{ﬁk|2. In this case8 plays the role of controller
(the amount of remaining residual noise anel #mount of perceived musical noise).

2.6.3 Multi-Band Spectral Subtraction (MBSS)

The idea of MBSS method proposed by [32] startsnfithe fact that the colored noise has
different effects at the various frequencies of gpeech spectrum. The MBSS technique
performs spectral subtraction with different ovabtsaction factor in different non-overlapped

frequency bandg.he spectral subtractionle init" frequency band is given by:

|K|2 - 51-0(1-. |ﬁk,i|2’ lf |K|2 > 5l-ai. |Bk-i|2

1£,|” = forb <k<e 2.21)

B. |K|2 else
where the spectral floor parameter was sef te 0.002, andb; ande; are the beginning and
ending frequency bins of th& frequency band.

K is theit" frequency band of smoothed and averaged versitimeafioisy speech spectrum. A

weighted spectral average is taken over precedidgacceeding frames of speech as follows:

M
Yo = D Wi, (2:22)
l=—M

Where j is the frame index, ai< W, < 1. The averaging is done over M preceding and
succeeding frames of speech.

The number of frame¥ is limited to 2 to prevent smearing of the spegpéctral content. The
weights W; were empirically determined and setltg = [0.09,0.25,0.32,0.25,0.09] for —2 <

I < +2[32].

The band-specific over-subtraction factatis a function of the segmentdiINR; of the

i" frequency band, which is calculated as:

e 2
SNR;(dB) = Z’”’—lfkt (2.23)
Zk;bile,il
a; can be expressed in terms $WR; (defined previously) as follows:
4.75 SNR; < =5
a;={4——=SNR; —5<SNR; <20 (2.24)
1 SNR; > 20
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The additional over subtraction factéy called tweaking factor provides additional degrée o
control in each frequency band. The values of tactor are empirically determined and set
according to following equation (Usually 4-8 lingespaced frequency bands are used).

(1 fi <1KHz
Fs
Fs

1.5 fi >7—2KHZ

Wheref; is the upper frequency of the ti& band, and is the sampling frequency [32].
2.7 Wiener Filter
In terms of our speech enhancement problem thae&Widter proposed in [33] is given by:

s Sk
| % | —mIYkI (2.26)

Whereé, is defined as the a priaSiVR found by Decision Directed Method.

2.8 MMSE of Short-Time Spectral Amplitude

Ephraim and Malah [34] formulated an optimal spscmplitude estimator, which, specifically,
estimates the modulus (magnitude) of each compbexi€r coéficient of the speech signal in a
given analysis frame from the noisy speech in fitzethe.

In order to derive the MMSE STSA estimator, theriarpprobability distribution of the speech
and noise Fourier expansion ffde@ents should be assumed since these are unknoveality.
Ephraim and Malah [34] assumed that the Fourieaesgion cofficients of each process can be
modeled as statistically independent Gaussian rangwiables, real and imaginary parts of each
component is independent to each other, and the wie@ach cofficient is assumed to be zero
and the variance time-varying.

2.8.1The Gaussian based MMSE-STSA Estimator

Since the spectral components are assumed to tistisédly independent, the MMSE amplitude
estimatord,, can be derived frori, only, Fig 2.8. That is,

Ay = E{AL\ Yy}

o 2
= "
fo fonP(Yk\ak, ap)P(ay, ap)daiday

(2.27)

Under the assumed Gaussian mo#8é€Y, \a,, a;) andP(ay, a;) are given by [27]
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1 )
PUid\ar, i) = 5= exp {_ OLAE a"ejaklz} (2.28)
2
P(a, ay) = #k(k)exp {— Aatk)} (2.29)

Whered , (k) = E{|X,|?}, andA, (k) = E{|D,|?}}, are variances of the" spectral component
of the speech and noise, respectively. Substitling(2.28) and Eq. (2.29) into Eq. (2.27) gives
the desired gain function for the MMSE-STSA estionaf34]:

Gunse 0 = 1.9 Y exp (= 22). [+ w0t (2) + vt ()] (2.30)

WhereTl(-) is the Gamma function (with(1.5) = "/2) andl,(.) andI,(.) are the zeroth and

first order modified Bessel functions, respectivelgfined as:

2n
I,(z) = %fo cos(fBn) exp(zcos B) df (2.31)
In EQ. (2.30),v, is defined as:
Vg = S(:_T_ 1)’k (2.32)

Whereé, andy, are defined by:

N0

$k = 1,00 (2.33)

& and y, are interpreted as the a priori and a posterigghad-to-noise ratios (SNR),

respectively. R, denotes the spectral magnitude of the noisy signal

Essentially, a priori SNR is the Signal-to-NoisetiReof the k" spectral component of the
“clean” speech signal, x[n], while a posteriori SNR the k" spectral component of the
corrupted signal, y[n]. Computation @f, is straightforward—ratio of the variance of the syoi

speech signal to the estimated noise variance. kenweomputation of a priori SNR is more

involved, especially since the knowledge of “cleaighal is seldom available in real systems.
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START
¥

v

READ Y, (1)

k=0,.,N—-1
v
|1

A 4

Noise Estimator

v v
A Priori SNR &, A posteriori SNR y

A

A 4

A 4

The desired Gain Gypysg—stsa [

Gspy (k) TN
\4
A,
v
END

Figure 2.8 Algorithm for Spectral Amplitude estimatiat), using MMSE-STSA.

In this project “Decision-Directed” estimation hasen exploited to compute a priori SNR which
Is addressed next.

2.8.2 Decision-Directed Estimation Approach

In the proposed estimator, the a priori SRis unknown and we have to estimate it in order to
implement the estimator. The reasfn is unknown is because the clean signal is urablail
The “decision-directed” approach [34] was usedstineates,, .

From Eq. (2.1) and the Fourier expansion defingjoih is seen that the expected value of the
variance of noisy data can be expressed as:

E{ R’} = E{ A\*} + 2E{A,JE{D,} + E{ D} (2.35)
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Since, the clean speech is assumed uncorrelatedise, the cross-term is set to zero. This

simplifies the analysis and results in the instaetais SNR:

§(n) = E{y,(n) — 1} (2.36)

And also, based on the definition of the a priddiRsS,

E{A; (W)}

$e(n) = —Ad(k, )

(2.37)

where &,(n), Ay, A 4(k,n),and y ,(n) denote the a priori SNR, the speech magnitudenadise
variance, and the a posteriori SNR, respectivdlyh@k!" corresponding spectral component in
thent™ analysis frame.

Combining Eq. (2.36) and Eq. (2.37) we have:

Az (n) 1
$e(m) = E {m + E[Vk(n) - 1]} (2.38)
The proposed estimatég of &, is deduced [30] from Eq. (2.38), and is given by:
—2
fk(n)—am+(1—a)P{yk(n)—1}, 0<ax<l, (2.39)

WhereA ,(n — 1) is the amplitude estimator of th&" signal spectral component in tie —
1)t analysis frame and is a weighting constant that is deduced from erpantal data. The
operatorP{ .} is defined by:

POd=fo={y 127

, otherwise (2.40)

Where this positive operator is used to ensurgtisitiveness of the proposed estimaigm) in
case 1 (n) — 1) is negative.

The above estimator fd, (n) is a "decision-directed" type estimator, si§gén) is updated on
the basis of a previous amplitude estimate.

The initial conditions need to be determined dpM) = @ + (1 — a)P{y,(0) — 1} is found
appropriate based on simulations since it minimizgal transition éfects in the enhanced
speech [34].
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2.8.3Amplitude Estimator under Speech Presence Uncertainty (SPU)

Signal absence in noisy observations {y[nk @ < N} is frequent, as speech signals generally
contain large portions of silence, [34]. Nevertlsslat does not mean that speech is never present
In noisy sections.

The idea of utilizing the uncertainty of sigmaksence in the noisy spectral components for
improving speech enhancement results was firgpgsed by McAulay and Malpass [29, 34].
The MMSE estimator which accounts for uncertaintyspeech presence in noisy observation
was first developed by Middleton and Esposito, [38] and it is based on the model of
statistically independent random appearance obsigmoisy spectral components.

The derivation of the “likelihood ratio computaticend “a priori probability of speech absence”

blocks are addressed below.

We consider a two-state model for speech everds,isheither speech is present at a particular
frequency bin (hypothesi$ ) or that is not (hypothesi$X ). This is expressed mathematically

using the following binary hypothesis model [36]:

= Null HypothesisH¥ : speech absent: Y, = D,.
= Alternate Hypothesis{ X : speech present: Y, = X, + Dy.

In view of these hypotheses, Eq. (2.27), can berigeen more explicitly as:
A = E{ A\ Yo, HEIPLH\Y, } + E{ A\ Vi, HEIP{HE\Y, 3, (2.41)

WhereP{ H¥\Y, }, for (i =0,1), is the probability that the speech in stilg, for the
k" spectral component, given tHatis measured.
Obviously, E{ A, \Y,, HE } is zero as it represents the average valug, given Y, when speech

is absentK % ). Hence, Eq. (2.41), can be reduced to:
A = E{ A\ Yi, HIP{LHR\Y, 3. (2.42)

We may remark tha{ 4,\ Y, H } replacesE{ A, \ Y}, identically, in Eq. (2.27) with an added
assertion of the alternate hypothesis. Thereffé]¥\Y, } defines the multiplicative modifier on

the optimal estimator under the signal presencetingsis.

Bayes' rule [36] can be used to compB{eH*\Y,, }:
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k _ P{Y,\H% }P{H’ } AV q)
PN = SN PHET + PONHIPES] - 1+ A g0 oo (49
Where
P{Y, \H" P{H*} 1-
AYy, q) = pg Pi%tli’g Ui = Pngi = qqu' (2.44)

A(Yy, qi) is the generalized likelihood ratio whitg denotes the priori probability of speech
absence in thet" spectral component.
In order to derive the new amplitude estimator veechto calculata(Yy, q,). By using the

Gaussian statistical model assumed for the spex@mponents we obtain:

kY _ 1 _ Y2
P{Y I} = ——exp (- 1) (2.45)

kvt S (S
PAYARY} = o0 &P C o) (2.46)

Using equations (2.45) and (2.46) we get:

i
1-q, P GFe v

AWy, @i, &%) = d 2.47
Yo qir i) U 1+¢&, ( )

Whereé’,, is the conditional a prio§NR:

& = E{A\HT} (2.48)
, 1

$e= T (2:49)

2.9 Speech Enhancement using a MMSE Log-Spectral Afitude Estimator

Based on [37] Malah and Ephraim proposed a newt dimoe spectral amplitude (STSA)
estimator for speech signals which minimizes thamsxjuared error of the log spectra.

This section will briefly discuss the derivation thie minimum mean squared error log spectral
amplitude (MMSE- LSA).

In order to derive MMSE- LSA, Malah and Ephraimdisiee same formulation of the estimation
problem and the same statistical model as in [3dpdeling speech and noise spectral
components as statistically independent Gaussraiora variables).

We are looking for the estimatdy,, which minimizes the following distortion measugT:
E{(logA, — logA,)?} (2.50)

Hence, by giving the noisy signal {y(n)<0n< N -1}, the estimatoA, can be expressed as:
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A, = exp{E[In4d;\y(n), 0 <n <N —1]} (2.51)
And it is independent on the selected basis foldgein (2.50). Under the assumed statistical
model, the mean value o, given {y(n), 0< n< N -1} equals to the mean value df, given

only Yy, the estimator in (2.51) can be expressed as:

A, = exp{E[InA;\Yy, 0 < k<N —1]} (2.52)

In order to evaluate (2.52) for the Gaussian madelmed previously, it is conveniently done by
using the moment generating function &f4, givenY,. Let Z, = InA,. Hence the moment

generating function ob,\y, (1) can be expressed as:

Dzr, 1) = E{exp (uZi)\Yi} = E{A}\Y}. (2.53)
Therefore E{InA,\Y,} is found from®, \y, () by:

BURAN) = 72 @200, 0| 1 = 0. (254

With the same definitions for a priori and a past@éiSNR (discussed during the MMSE- STSA
derivation), it is not a difficult task to obtaihe desired MMSE- LSA gain function (for more
details refer to [37]):

fk 1 Ooe_t
Gumse-1sa(&k Vi) = T+4, Edet ) (2.55)
Vi

k

Wherevy, = f—yk as shown previously during MMSE- STSA estimatandgion.

Ep+1

The MMSE-LSA estimator may be also modified using multiplicative gairGsp, (k) defined
previously for the MMSE-STSA estimator.

2.10 Speech Enhancement using the Optimally-ModifieLog-Spectral Amplitude estimator
(OM-LSA)

The purpose of this section is to study the Optiiyrsllodified Log-Spectral Amplitude estimator
(OM-LSA) proposed by I. Cohn [38]. As the name wslg, it estimated, by minimizing

mean-squared error of the log-spectra for speagtals under signal presence uncertainty where
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the spectral gain function is obtained as a wetjlgfeometric mean of the hypothetical gains
associated with signal presence and absence.
In this algorithm, Cohen [38] proposed two impottastimators:

1) An estimator for the a priori signal-to-noise ratio
2) An efficient estimator for the a priori speech absencéaghiity (SAP) which is based
on the time-frequency distribution of the a prisNR.

2.10.1 The Optimal Gain Modification
Let HEand H¥ designate respectively hypothetical speech absemzk presence in the
kt" frequency bin, and assuming a complex Gaussianldison of the STFT cd#cients for
both speech and noise [34]:

= Null HypothesisH¥ : speech absent: Y, = Dj.

= Alternate Hypothesis{ : speech present: Y, = X, + Dy.

The LSA estimator for the clean speech spectrallitudp (Assuming statistically independent

spectral components [37]), which minimizes the msguared error of the log spectra, is given

by:

Ay = exp{E[InA;\Yy, 0 < k< N =11} £ G, _yoa- Vil (2.56)
Based on the speech presence uncertainty [38]
E{lnAi\Y,} = E{InA;\Y,, H% }.pit E{InA;\Yi, H }. (1 — p1) (2.57)

Where:p, = P(H%\Y;), 0 < k< N — 1.

When speech is absent, the spectral gain is camstiréo be larger than a threshdlg;,,, which

is determined by subjective criteria for the nais¢uralness [38]. Hence,

exp{E[InAx\Y, H§ 1} = Gpin. 1| (2.58)
When speech is present, we use Ephraim and MalélidSE-LSA estimator [37]:
exp{E[InA\Ye, HY 1} = Gy, Vi (2.59)

Where,G  ,,, is defined (as defined previously in eq (2.55) by:
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, _ Sk [Leet
GHI(E k,]/k) = 1+€,k{2 ka " dt}, (2.60)
where E’k:apriori SNR, y:aposteriori SNR,and v, = ; frlyk.
k

By substituting (2.58), and (2.59) into (2.56), T@etimally Modified LSA estimator gain is
given by:

’ p -
Gi oprorsa =G (& Vi)} - Gmin' P%,  where0 < k< N —1 (2.61)

2.10.2A Priori SNR Estimation
According to the decision-directed approach, preddsy Ephraim and Malah [34], it provides a
useful estimation method for the non-conditiongkiari SNR ¢, which was given previously by

—2
eq (2.39): & (D) = a;;‘(k('ll__ll)) + (1 —a)max{y,() — 1,0}, where 0 < a <1, andl is the

frame number.

Therefore the estimate for the a priori SNR shdddyiven by$’, = 1_1—qu,(. According to this
expression, there is an interaction between thienatdd g, and the a priori SNR which may
deteriorate the performance of the speech enhamtesystem [39], [40], [41].

Hence, Cohen in [38] proposed a new estimatore&tPriori SNR which is given as follows:
&M =aGuI-1D%*+ 1 - a)max{y, 1) —1,0} (2.62)

To explain more this equation, ff¥ is true then the spectral gain should degeneratgtoand
the a priori SNR¢’, estimate should coincide wigh. In opposite, ifHE is true, then the
spectral gain should decreaseGg;,, or equivalently the a priori SNR estimate shobélas
small as possible[38].

2.10.3A Priori Speech Absence Probability (SAP) Estimation

In [38] , Cohen proposed a new estimator for theesh absence probabilify. The estimator
utiizes a  soft-decision  approach in order to findthree  parameters

(Pklml(l),Pkglobal(l),meme(l)) based on the time-frequency distribution of thenestied a

priori SNR,E’\k(Z). These parameters exploit the strong correlatibrspeech presence in
neighboring frequency bins of consecutive framéj.[3

Let &', (1) be a recursive average of theriori SNR:
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&= pg -+ -BEUA-1) (2.63)
Wherep is a time constant.
Local and global averaging windows are appliedhie frequency domain to obtain local and

global averages of treepriori SNR:

£,0= ) MM, O (264)

i=—wj
Where the subscript designates either “local” or “global”, arg is a normalized window of
size d;+1.
We define two parameters,,, (I) and Pkglobal(l), which represent the relation between the
above averages and the likelihood of speech inkthérequency bin of thé®" frame[38]. The

local and global parameters are given by the fahgvexpression:

(0’ if glkl(l) = E,‘min
1, if &, D=¢
Pr. (D = , , A max 2.65
kl( ) n (¢ k’l(l)/ ¢ min) otherwise | )
In (”;’max /E,min ) ’
Where ¢’ . and ¢’ are empirical constants.

max

For more noise attenuation in noise-only framethiral parameter namea, .. (1) is defined.

This parameter is based on the speech energyghiyaing frames. If we averagg, (1) in the

frequency domain we obtain:

§ rrame(D) = mean {f " (l)} (2.66)

1Sk57+1
Figure 2.9 shows the block diagram fBf,.,.,. (I) computation.

Wherel (1) is given by:

(0; lf fyframe(l) = épeak(l)'fl‘min
l 1; lf E!frame(l) 2 f,peak(l)' flmax 2 6
I £ , , ' .67
O 0 (¢, 0/ €, 078 ) (267)
, otherwise
In (E’max /E,min )
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flframe’ E

p max
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L

Figure 2.9 The Block diagram forPs,.,m. (1) computation.

And it represents a soft transition from “speechb”“hoise”, ¢’ is a confined peak value

peak

of &' e @ANAE §', . are empirical constants that determine the defalietransition

P min’
[38].
Hence, the proposed estimate for the a priori gytibafor speech absence is obtained by:
q\k (l) = 1 - Pklocal (l)' Pkglobal (l)' Pframe(l) (2'67)

G (D) is larger if either previous frames, or recent hbwing frequency bins, do not contain
speech. In order to reduce the possibility of sheBstortion we restric§, (1) to be smaller than

a thresholdy,,., (<D).
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Chapter 3 Blind Multi-speaker speech signal separation using DUET
Algorithm

Blind Source Separation is a newly formed fieldf@idamental research with wide areas of
applications. This later is motivated by practipedblems that involve several source signals and
several microphones. Each microphone receives earimixture of the source signals. The
problem of the blind source separation consisten,tiof recovering a set of the original
unobserved speech signals from a set of a givemure [42]. Typically the observations are
obtained at the output of a set of sensors (mi@opk), where each sensor receives different
mixtures of source signals. The adjective “blindighasizes two facts [43]:

1) The source signals are not observed.

2) No information is available about the mixing system
The mixture is often a convolutive mixture. However this project, our main concern is the
blind separation of an instantaneous linear mixtlilgere exist ambiguities. To cite ref. [42]:
"This problem of blind source separation has tweenrent ambiguities. First, it is not possible to
know the original labeling of the sources; heneyy, permutation of the estimated sources is also
a satisfactory solution. The second ambiguity iat tih is inherently impossible to uniquely
identify the source signals. This is because tloh@xge of a fixed scalar factor between a source
signal and the corresponding column of the mixtaetrix does not affect the observations".
When the number of mixtures is less than the nunolbesources, the blind source separation
problem is undetermined [44]. However, the propetydisjoint orthogonality allows us to
overcome this problem. The ratio of the Short tiferier Transform (STFT) coefficients of
signals received at two sensors can factor outdleeof the power spectrum of emitting sources,
under an assumption called Disjoint Orthogonaliiyus, it can reveal parameters specific to the
mixing scenario and serve as a basis for channehason techniques. In this project we
investigate the applicability of the Blind sourogparation method (with unknown number of
sources) based on the use STFT ratios of two semsats only, called the Degenerate Unmixing
and Estimation Technique (DUET) [45](see figure)3.1

Estimate 1
Estimate 2

-

Estimate 3

Stereo Viixture
Left Channel
: d

Right Channel

Figure 3.1: Blind source separation using DUET algorithm [46]
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3.1 Introduction to Degenerate Unmixing EstimationTechnique (DUET)

DUET [45] is a Blind source separation techniqupatde of separating a number of sources
from 2 Mixtures. The principle behind DUET can esnarized in this sentence:

“It is possible to blindly separate an arbitrarymher of sources given just two anechoic mixtures
provided the time—frequency representations ofsiigrces do not overlap too much, which is
true for speech’[47].

3.2 Sources assumptions

3.2.1 Anechoic Mixing

Let's consider the mixtures of N speakers’ speéghads,s}.[tj,j =1,..,N being detected at a

pair of sensors (microphones) where only the dipath is present. The two anechoic mixtures

can thus be given as,
N

5 (© =) 5, (3
=1
x,(t) = Z a;s;(t— &), (3.2)

Where N is the number of speakers, is the arrival delay between the sensors, ands a

relative attenuation factor corresponding to th&oraf the attenuations of the paths between
speakers and sensors [48].

3.2.2 W-Disjoint Orthogonality (WDO)

In mathematics, disjoint means if two or more setsdisjoint they have no element in common,
or say their intersection is the empty set.

The two functionss;(t) and s, (t) are called/V-disjoint orthogonal if, for a given windowing
functionW(t), the supports of the windowed Fourier transforrmj @) and s, (t) aredisjoint.

The windowed Fourier transform cf.(¢) is defined,

[= =

f(rw) = FW[ s}-] (t,w) = w..'"%_?r Wi(t—r1) s}-(t]e_i”t dt (3.3)
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The WDO assumption can be expressed shortly aadgles,
5(nw) 5 (rw) =0, Vi,w, Vjzk (3.4)

This assumption is the mathematical idealizatiothef condition that it is likely that every T-F
point in the mixture with significant energy is doated by the contribution of one source. Note

that, if W(t) =1, .ﬁj(r, w ) becomes the Fourier transform 531’(::) which we will denoteﬁj(mj.

In this case, W-disjoint orthogonality can be esgel as,

5i(w) 3 (w) =0, ¥j # k,Va, (3.5)
which we calldisjoint orthogonality [49].

Since the W-disjoint orthogonality assumption ig egactly satisfied for many categories of
signals, the concept of approximate W-disjoint ogibnality introduced in [37] provides a
practical version for the basic assumption. Appraate W-disjoint orthogonality assumes that at
each point of the time-frequency representatioa afixture, the power of, at most, one source
signal will be dominant.

3.2.3 Local Stationarity and Microphones separatio47]

The Fourier transform pair is:

s;/(t—8) & e7% 5 (w). (3.7)

The local stationarity assumption can be officigliyen as,

FY| s}-[.—é'j] (1, w) = e EFW] s}-[.j] (r,w), V68l <A (3.8)
where A is the maximum time difference possible in the imgxmodel (the sensors separation
divided by the speed of signal propagation).

Of course, the multiplicative facta™*“¢ only uniquely specifie$ if |0d| <t as otherwise we
have an ambiguity due to phase-wrap. So we require,

|mn§'}-| < 1T, Ve, V], (3.9)

to avoid phase ambiguity [48]. This is guaranteéenvthe separation of the sensors is less than

“Cfmm ,wherew,, is the maximum frequency present in the speectteswand c is the speed of

sound.

3.3 DUET demixing model and parameter$47]
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The assumptions of anechoic mixing and local statity allow the mixing equations (3.1) and
(3.2) in the T-F domain to be written as,

5 (1 w)

[}"?l[r, wj] [ 1 1 .
= s . (3.10)

%, (T, w) - —iwdy .
SylT w)

With the further assumption of W-disjoint orthogbtya at most one source is active at

every(t, w), and the mixing process can be expressed as,

% (1 w) 1
[ ]= | §(zw), forsomej (3.11)
2@  [aee

7
Wherejis the index of the speech source active(rab). The main DUET observation

which is the ratio of the time-frequency represgotes of the mixtures does not depend on the
speech source components but only on the mixingnpaters associated with the active speech
source components.

The mixing parameters associated with each T-Ftjpain be computed as,

d(t,w) =%, (tw)/ % (1)l (3.12)

§(r.w) = (—1) ( E; 3) (3.13)

Under the assumption that if the two sensare sufficiently close then the delay

estimation can be ignored, the local attdéonatestimatori(z,w)and the local delay
estimatord (t,w) can only take on the values of the actual mixingpeters.

We can demix via binary masking by determining itigicator function of each source. So the

indicator functions are found via,

M, (1, ) = {1 (&(T, w),6(t, m]) = (a;d;) (3.14)

0 otherwise
And then we demix using the masks. The union of(t:ﬁ(e:, mj,é‘”(r,mj) pairs taken over the
entire time-frequency plan, w) is the set of mixing parameters [rx}-, 5}-),j =1

3.4 Construction of the 2D weighted histogram
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Histogram is the key structure used for localizaticand separation. By using
(&(r, wj,é‘”(r,wj) pairs to indicate the indices into the histogratlasters of weight will emerge

centered on the actual mixing parameter p@igsé”}-) [48]. Figure 3.2 shows the two-dimensional

weighted histogram.

-1

delay amplitude

Figure 3.2: duet two-dimensional cross power weighted histograf symmetric
attenuation f; —%j and delay estimate pairs from two mixtures of fagirces. each

peak corresponds to one source and the peak Ipsatieveal the source mixing
parameters [50].

We can formally define that the weighted histogragparates and clusters the parameter
estimates of each source. The number of peaksspmmeing to the number of sources, and the
peak locations reveal the associated source’s aitegtfixing parameters.

There are several different automatic peak ideatiibn methods including
weightedk — means, model-based peak removal, and peak tracking [Bhte the peaks have
been identified, our purpose is to determine threetfrequency masks which will separate each
source from the mixtures.

3.5 Maximum-likelihood estimators[47]

The assumptions made previously will not beisat in real-time (real signals with noise)
cases, we need a mechanism for clusterirg réfative attenuation-delay estimates. Thus,

we consider the “maximum likelihood (ML) estimasdrfor the a; attenuation factor and the

&; delay factor in the following mixing model:
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iy (1, w) iy (1, w)
| ] @15

1
]= o 3}-[I,m]+[
%51, w) a;e Ty A, (T, w)

Where #i, and #i, are noise terms which represent the assumptiacumacies. One thing we

need to point out is: rather than estimatingwe estimatec; = a, —— which we call the

7

“symmetric attenuation”. That is, the attenuatierreéflected symmetrically about a centre point

(@ = 0) because it has the property that the two microphi@ensor) signals can be swapped
[36]. We can define the local symmetric attenuagetimate,

&(1,0) = | £,(1,0)/ £, (5, )| = | £, (1.0)/ £,(z,0)| (3.16)
Motivated by the form of the ML estimators [45]pair of estimators appear:

“rj::r,m}E n; | El [T’ Cr_:l] EE [Tr Cr_?] 7. wq&(T, Cr_?] drdw

. = 3.17
“ o en 12:(5 @) %,(7, ) 7.0 drdw (317)
And
) _I']::W}Eﬂ__ | £, (1, @) %, (1, @) |P.w? 6(t,w)drdw
.= - 3.18
1 ) | # (T, ) % (T, ) |P. w9 dredew ( )
(Tieaden; 1 2

Wheren; = {(r.w): | 5;,(r.w)| » | 5, (. @)|.¥ k = j}. The equations are parameterized by p

and g.

p = 1,and g = 0 : motivated by the ML symmetric attenuation estion§45]

3.6 Separation of the sourcepl7]

The estimators suggest the construction oftwa-dimensional weighted histogram to

determine the clusters and the estimated miperameters pairga;, ;). Thus, the mixing

parameters can be extracted by locating the peatksihistogram.

Let's have the histogram peak cent{,%a’xg, 5';) j=1..N, we convert the symmetric attenuation

back to the attenuation via:
.
& + N} &’ +4
G =——>— (3.19)

assign a peak to each time—frequency point via
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|E~.ka—[r§fkw #y(re)— _-_'g:,:nmjr
J(T, @) = argmn R (3.20)
k E
and then assign each time—frequency point to angigarameter estimate via
i 1 ifjze)=j
(7, 0): {ﬂ el (3.21)
We demix via masking and ML combining [47],
£, LT r.i'--s!_[Ef-l"':"I £, (T
5 (nw) = (s, wj.(*‘-* S 3') (3.22)

3.7 Summary of DUET Algorithm [47]
The Degenerate Unmixing Estimate Technique algorithn be summarized as follows:
1) Constructing time-frequency representation®, (t, w) and #,(1,«w)from anechoic
mixturesx, (t) and x,(t).
2) Calculating the mixing parameters

(&(T, w), 8(T, w]) = (

£yl £, (o)

£, (r)

(-2)2(22)).

3) Constructing a 2D smoothed weighted histogram fokvaights associated with time-

#y (e

frequency plane.
4) Locating peaks and finding peak centers which dater the mixing parameter estimates.
5) Constructing the time-frequency binary masks fahgaeak centre as given in Eq(3.21).
6) Applying each mask to the appropriately alignedtories as given in Eq(3.22).
7) Finally, we convert each estimated source timetfeagy representation back into the
time domain.
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Chapter 4 Implementation and Performance Evaluation

This chapter describes the implementation detaits gerformance evaluation of the proposed
pre-processing algorithms to understand their fonatity and behavior. Evaluation of speech
enhancement algorithms is not simple. While obyectjuality assessment methods can indicate
an improvement or degradation in speech qualitedham mathematical measures, the human
listener does not believe in a simple mathematabr criterion. Therefore, subjective
measurements of intelligibility and quality arecatequired.
It is necessary to conduct off-line simulationheck the validity and feasibility of an algorithm
before it can be implemented on a real-time sysfém. simulations were carried out on an Acer
Aspire 5735Z PC.
4.1 Implementation and performance evaluation of DF-basedsingle channelAlgorithms
This Section 4.1 describes the implementation amdopmance evaluation of six DFT-based
single channel speech enhancement algorithms (arplan chapter two) which are as follows:

1. Spectral Subtraction using over-subtraction andtsglefloor.

2. Multi-Band Spectral Subtraction (MBSS).

3. Wiener Filter @ priori SNR ¢, is calculated using the Decision-Directed method).

4. MMSE of Short-Time Spectral Amplitude (MMSE-STSAgtienator with, and without

using SPU multiplicative modifier.
5. MMSE Log-Spectral Amplitude (MMSE-LSA) estimator thyi and without using SPU
multiplicative modifier.

6. Optimally-Modified Log-Spectral Amplitude estimatl@®M-LSA)
The IEEE standard database NOIZEUS (noisy corpe®) is used to test algorithms. The
database contains clean speech sample files asasvedlal world noisy speech files at different
SNRs and noise conditions like street, car, reatdgutrain, station, babble...etc.
The performance comparisons of various implemealgarithms are carried out which are based
on visual examinations of signals in the time domand the spectrograms (clean, noisy, and
enhanced speech signals), and also the objectt/swdnective tests.
4.1.1 Implementation Details
The factors contributing in the efficient implematmon of some of the functional blocks are
discussed below.

* Frame size: 20 ms was chosen as the optimum fremaéos our implementations.
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e Window Type and Overlap: the most commonly used kHarg window [16][12][53].
After a few informal listening tests and comparspgectrograms, the Hamming window
was chosen. The amount of overlap between consecirtimes is also associated with
the frame-size, and is required to prevent disooities at frame boundaries. For this
study we chose the overlap to be 50%, which is a¢s@lly the percentage overlap found
commonly in the literature.

* The enhanced signal is obtained by taking the I1BFihe enhanced spectrum using the
phase of the original noisy spectrum.

» The standard overlap-and-add method is used tanaiiea enhanced signal.

For the Spectral Subtraction using over-subtractaomd spectral floor, the spectral floor

4.75 SNR < =5
parameter is set t¢ = 0.002, anda = {4 — ;—OSNR —5<SNR <20
1 SNR > 20

For the Multi-Band Spectral Subtraction (MBSS) iempkentation, the spectral floor parameter is

also set t® = 0.002, and all other parameters are taken as givenapteh two.

For the Wiener filter, MMSE-STSA, and MMSE-LSA atghms implementations, the priori
SNR & is calculated using the Decision-Directed estimation approach
with @ = 0.98 in Eq. (2.38).

For Speech Presence Uncertainty (SPU) multiplieatrodifier implementation in Eq. (2.42), the
apriori probability of speech absengg is set tag, = 0.3 in Egs. (2.46), and (2.48).

For the OM-LSA estimator implementation, the value 0.92 in Eq.(2.61), and the values of

parameters used for the estimation ofalpeiori SAP are given as follows:

B =07 = —10dB

§ in § ax = —5dB Elpmin = 0dB ";,pmax = 10dB
Wiocal = 1 Wgiobat = 15 Gmax = 0.95 h,: Hanning windows

For the implementation of noise estimation algonitdiscussed in section 2.5, the following
parameters are used:

n = 0.7 in Eq.(2.9), the threshold o,is to o = 1.3, A=0.8inEq.(2.11),

y = 0.998,and B = 0.8 in Eq. (2.12), a, =0.8,and a, = 1in Eq.(2.13).
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4.1.2 Thenoisy database

To test the implemented algorithms, sentences pteddan table 4.1 from the noisy database
(NOIZEUS) that contains 30 IEEE sentences [52] dpoed by three male and three female
speakers) corrupted by eight different real-wondisas at different SNRs are used.

The noise was taken from the AURORA database §4] includes suburban train noise, babble

noise, car noise, restaurant noise, street namsktrain-station noise.

The sentences were originally sampled at 25 kHzdanehsampled to 8 kHz.

Filename | Speaker | Gender Sentence text
sp0l.wav CH M The birch canoe slid on the smotdhks.
sp02.wav CH M He knew the skill of the great yoaugyess.
sp03.wav CH M Her purse was full of useless trash.
sp04.wav CH M Read verse out loud for pleasure.
sp05.wav CH M Wipe the grease off his dirty face.
sp06.wav DE M Men strive but seldom get rich.
spO7.wav DE M We find joy in the simplest things.
sp08.wav DE M Hedge apples may stain your hanesmr
sp09.wav DE M Hurdle the pit with the aid of adgpole.
spl0.wav DE M The sky that morning was clear amghb blue.
spll.wav JE F He wrote down a long list of items.
spl2.wav JE F The drip of the rain made a pleasamnid.
spl3.wav JE F Smoke poured out of every crack.
spl4.wav JE F Hats are worn to tea and not toedinn
spl5.wav JE F The clothes dried on a thin woodek.r
spl6.wav Kl F The stray cat gave birth to kittens.
spl7.wav Kl F The lazy cow lay in the cool grass.
spl8.wav Kl F The friendly gang left the drug store
spl9.wav Kl F We talked of the sideshow in theustc
sp20.wav Kl F The set of china hit the floor witlerash.
sp2l.wav Sl M Clams are small, round, soft antytas
sp22.wav Sl M The line where the edges join waartle
sp23.wav Sl M Stop whistling and watch the boysahar
sp24.wav Sl M A cruise in warm waters in a sleeghyas fun.
sp25.wav Sl M A good book informs of what we outghknow.
sp26.wav TI F She has a smart way of wearing ekth
sp27.wav TI F Bring your best compass to the tbiags.
sp28.wav TI F The club rented the rink for théfihight.
sp29.wav TI F The flint sputtered and lit a pioech.
sp30.wav Tl F Let's all join as we sing the ldstras.

Table 4.1List of sentences used in NOIZEUS
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4.1.3 Visual Examinations for the implemented algathms
Applying the implemented algorithms to the noisyeegh signal sentence in “spl0.wav”
corrupted with train noise at 0 dB SNR, and casaait 5 dB SNR Yyields to the results presented

along with the original noisy signal in followinggtires:

From Figure 4.1 to Figure 4.10 show the signalthentime domain of the original sentence in
“spl0.wav” along with the same corrupted with sjpesicaped train noise at 0 dB SNR, and the
enhanced speech obtained by the implemented dgwit

From Figure 4.11 to Figure 4.20 show the spectrograf the original sentence in “sp10.wav”
along with the same corrupted with speech-shapedcaise at 5 dB SNR, and the enhanced

speech obtained from implemented algorithms.

The clean speech signal in the time domain
T T T

Nomvalized andituce
|
h ° h

Figure 4.1: The clean speech signal in the time domain.

The noisy speech signal (sentence in “spl0.wavupbed with train noise at O dB SNR)
T T

Nomvdized andituce

Figure 4.2: The noisy speech signal (sentence in “sp10.waxupted with train noise at O dB
SNR).
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Enhanced speech signal using (Wiener Filter "Degif)irected estimated a Priori SNR")

HH ‘

Figure 4.3: Enhanced speech signal (Wiener Filter “DecisioreEied estimated a priori SNR").

Enhanced speech signal using (Spectral Subtraagsiolng over-subtraction and spectral floor)Algorithm

Figure 4.4: Enhanced speech signal (Spectral Subtraction wsiegsubtraction and spectra
floor) Algorithm.

Enhanced speech signal using (Multi-Band Specuhltraction "MBSS") Algorithm

i 4 e
R U

Y

Figure 4.5: Enhanced speech signal (Multi-Band Spectral Satiwra “MBSS”) Algorithm.
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Enhanced speech signal using (MMSE of Short-Timec8pal Amplitude "without SPU Modifier") Algorithm
T

ok _ e
1) — o —
e H eeeeeee eeeeeeeeeee

Figure 4.6: Enhanced speech signal (MMSE-STSA “without usiRt3nodifier”) Algorithm.

Enhanced speech signal using (MMSE of Short-Timec8pl Amplitude "with SPU Modifier") Algorithm
T

RPrE———-

Figure 4.7: Enhanced speech signal (MMSE-STSA “using SPU netjfAlgorithm.

Enhanced speech signal using (MMSE Log-Spectralltumgle "without SPU Modifier'”) Algorithm

T

Nomrelized anrglituce
|

Figure 4.8: Enhanced speech signal (MMSE-LSA “without usindgJSfodifier”) Algorithm.
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Enhanced speech signal using (MMSE Log-Spectrallmg® "with SPU Modifier”) Algorithm

Figure 4.9: Enhanced speech signal (MMSE-LSA “using SPU medifiAlgorithm.

Enhanced speech signal using (Optimally-ModifiedHSpectral Amplitude estimator) Algorithm

Figure 4.10: Enhanced speech signal (OM-LSA) Algorithm.

From visual examinations of figures presented alvexean notice that:

* A significant amount of noise has been reduced fitbm noisy speech signal after
applying each of the DFT-based speech enhancengemitiams.

» The enhanced speech panels using Weiner filterct&beSubtraction (using over-
subtraction and spectral floor) method, and MBS$how show more distortions in the
shape of the signals when compared to the origieah speech signal.

 The enhanced speech panels using MMSE-STSA, MMS&-(Mdthout using SPU
modifier) algorithms show small distortions in tieape of the signals when compared to
the original clean speech signal.

* The enhanced speech panels using MMSE-STSA, MMSk-I(Gsing the SPU
modifier), and the OM-LSA algorithms show that thigtained processed signal shapes

are more nearer to the original clean speech signal
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The clean speech 51gnal in "sp.10" of the sentence “The sky that rnornmg was clear and bright blue.”

_40

-0
e =
& _RO e
& Z
% -100 ED
R 120 =

_140
Figure 4.11: The spectrogram of the clean speech signal in1®P.
The noisy speech signal sentence in spl O.wav” corrupted with car noise at 5 dB SNR
4000 Ol B AR T e 5 i
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Figure 4.12: The spectrogram of the noisy signal in “SP.10rgpted with car noise at 5 dB SNR.

.0-5,

Enhanced speech usmg "Weiner Filter, Decision-Directed a prlorl SNR"
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Figure 4.13: The spectrogram of the enhanced speech using @NEilter, Decision-Directed a priori
SNR”.

Enhanced speech usmg "Spectral Subtraction using over-subtraction and spectral floor" Algorithm

' ‘.‘fi’,ﬁuﬂ
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%
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Frequency, Hz
Magnitude, dB

-120
-140

Figure 4.14: The spectrogram of the enhanced speech using 8#raction and spectral floor”
algorithm.
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Enhanced speech using "MMulti-Band Spectral Subtraction (hABSS)” Algorithhm
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Figure 4.15: The spectrogram of the enhanced speech using *Blaitd Spectral Subtraction (MBSS)
Algorithm.

Enhanced speech using "MHMMSE of Short-Time Spectral Amphtude (Wlthout SPLUT Modlﬁer)" Algorithm
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Figure 4.16: The spectrogram of the enhanced speech using “MBIBEA (without using SPU
modifier)” Algorithm.

Enhanced speech using "MBMSE of Short-Tiune Spectral Amplitude (with SPUT MModifier)" Algorithm
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Figure 4.17:The spectrogram of the enhanced speech using “MBIBEA (using SPU modifier)”
Algorithm.

Friharniced s ithoul SPTT Modi Ger)” Algorithm

ech usitng "NRSE T.og-Specital Armplilude ¢
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Figure 4.18: The spectrogram of the enhanced speech using “MMSE (without using SPU modifier)’
Algorithm.
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Enhanced speech usmg "MMSE Log—Spectral Arnphtude (with SPU Modifier)" Algorithm
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Figure 4.19: The spectrogram of the enhanced speech using “MMSE (using SPU moaodifier)”
Algorithm.

Enhanced speech usmg ”Opt]rnally—Modlﬁed Log Spectral Amphtude" Algorithim
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Figure 4.120:The spectrogram of the enhanced speech using “SK:lAlgorithm.

From the visual examinations of the spectrogranfggures presented above, we can remark
that:

» In all the enhanced speech spectrograms, the fasnaa® much clearer and visible
than in the noisy speech spectrogram, which indgc#tat there is a considerable
amount of noise has been reduced from the noisscbpe

« The enhanced speech spectrograms using Weiner, fifjgectral Subtraction
(using over-subtraction and spectral floor) methadd MBSS method contain
some random isolated dots which cause audiblaertdhown as musical noise.

e The enhanced speech spectrograms using MMSE-ST84, MMSE-LSA
algorithms show better results, and less amountsolated dots compared with
the spectrograms of Weiner filter, MBSS method, Spedctral Subtraction (using
over-subtraction and spectral floor) method.
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* Applying the multiplicative SPU modifier to the MNESSTSA, and MMSE-LSA
algorithms provides more noise reduction in spectms.
* The enhanced speech spectrogram using OM-LSA #igoris the nearest to the
to the original clean speech spectrogram.
4.1.4 Objective measures for implemented algorithmgerformance evaluation
Objective measures are based on a mathematicalacmop of the original and enhanced speech
signals.
Signal-to-Noise Ratio (SNR)
As the name suggests, SNR is the ratio of the bagrergy to the noise energy:

Yns?[n]
SNRqp = 10.10g10(5 22— ) (4.1)

Wheres(n) is the clean signal amt{n) is the processed signal. If the summation is peréal
over the whole signal length, the operation isechtilobal SNR.

SegmentalSignal-to-Noise Ratio SNRg,g):

The SNRseg in dB is the average SNR computed dwat frames of the speech signal. The
SNRseg over M frames of length N is computed as:

M-1 .
1 INtN-162[n
SNRgg = Mz 10logy, 5 neiv 5"
i=0

W1 (s ] = $[r])?| © (42)

In order to perform our objective tests, each allgor is evaluated using all the sentences from

NOIZEUS data base corrupted by 4 different SKRies (0, 5,10 and 15dB) in 6 colored

noise environments which are as follows:

« Train
« Car
« Street

+ Restaurant

+ Train station

« Babble
In addition to that, a synthesized white noise ddte clean speech sentences of NOIZEUS
database at SNR range 0-15dB is also used tdesidorithms.

The results (all the obtained SNR &8NRg,, values are averages of 30 measures the number of

sentences in the database and are given)maBshown in tables from 4.2 to 4.7.
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Train noise SNR=0 dB 5dB 10 dB 15dB
SNRg,, =-4.50 | SNRg,, =-1.67 | SNRg,, =1.50 | SNRg,, =4.50

Objective test SNR | SNRg., | SNR | SNRg., | SNR | SNRg., | SNR | SNRg,,

Weiner DD 6.05 -0.20 8.77 1.51 13.01 419 | 16.16| 8.00

SSusing using | 6.14 -0.14 8.07 151 12 426 | 17.44| 813

over-

subtraction

and spectral

floor

Mband 6.40 -0.10 8.56 2.32 12.07 512 | 17.44| 854

MMSE-STSA 6.48 0.50 8.32 2.40 12.18 576 | 15.10| 8.64

MMSE-LSA 6.23 0.55 8.44 2.44 12.22 577 | 15.03| 8.68

MMSE-STSA 6.10 1.20 8.00 311 11.81 580 | 15.32| 8.70

using SPU

modifier

MMSE-LSA 6.31 1.25 8.24 3.10 12.09 581 | 15.53| 8.73

using SPU

modofier

OM-LSA 6.40 1.50 8.76 3.20 13.66 6.00 |[17.20| 8.90

Table 4.2: Objective quality evaluation with traioise

Car noise SNR=0dB 5dB 10dB 15dB

SNRg,, = —4.95 SNR;, SNRse, = 1.05 | SNRg,, = 4.05
= -2.00

Objective test SNR | SNRg., | SNR |SNRg,, | SNR |SNRg,, | SNR | SNRg,,

Weiner DD 6.08 -0.3 10.17 2.32 13.83 519 | 17.37| 850

SS using over- | 4.75 -0.4 9.46 1.83 13.47 490 | 18.75| 9.00

subtraction

and spectral

floor

Mband 4.90 -0.2 9.40 2.33 13.00 520 |[17.30| 9.05

MMSE-STSA 5.16 0.50 9.53 2.80 13.46 530 |[16.51| 9.10

MMSE-LSA 5.34 0.55 9.38 2.80 13.23 533 |[16.54| 9.0

MMSE-STSA 4.67 0.80 9.21 3.24 13.28 541 | 16.15| 9.2

using SPU

modifier

MMSE-LSA 6.05 0.90 9.49 3.25 13.42 543 | 15.01| 9.15

using SPU

modofier

OM-LSA 6.10 1.30 10.48 3.50 14.43 555 | 18.38| 9.20

Table 4.3: Objective quality evaluation with cais®
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Street noise SNR=0 dB 5dB 10 dB 15dB
SNR;,, = —4.25 SNRg,, SNRg.; =1.75 | SNRg,, =4.70

= —-1.20

Objective test SNR | SNRg., | SNR | SNRg., | SNR | SNRg., | SNR | SNRg,,

Weiner DD 4.00 -0.15 7.74 1.85 11.81| 3.94 |16.10| 8.13

SSusing using | 4.12 -0.2 8.35 1.86 12.21 470 | 16.01| 8.94

over-

subtraction

and spectral

floor

Mband 4.50 0.05 7.83 2.00 11.80 490 | 16.01| 9.00

MMSE-STSA 5.02 0.40 7.96 2.30 12.17 5.00 | 15.02| 9.01

MMSE-LSA 5.05 0.44 7.67 2.49 12.00 5.12 | 15.01| 9.04

MMSE-STSA 5.10 0.70 7.83 2.90 12.18 5.30 | 15.06| 9.05

using SPU

modifier

MMSE-LSA 5.20 0.90 8.00 3.05 12.18 5.37 | 15.17| 9.10

using SPU

modofier

OM-LSA 5.57 1.26 8.72 3.40 13.00 550 | 16.24| 9.12

Table 4.4: Objective quality evaluation with Straetse
Restaurant SNR=0 dB 5dB 10 dB 15 dB
noise SNR4 SNRg,g4 SNRg., = 1.80 | SNRg,, = 4.80
=—-4.18 = —-1.15

Objective test SNR | SNRg., | SNR | SNRg., | SNR | SNRg., | SNR | SNRg,,

Weiner DD 4.00 -0.02 7.71 1.62 11.51 421 | 16.10| 8.49

SS using using | 4.02 -0.10 7.68 1.60 11.52 420 | 17.31| 8.0

over-

subtraction

and spectral

floor

Mband 4.45 0.04 7.70 1.80 12.00 439 | 17.42| 8.66

MMSE-STSA 5.05 0.10 8.28 1.90 11.90 480 | 15.48| 8.68

MMSE-LSA 5.60 0.40 8.22 1.95 12.05 5.02 | 15.30| 8.71

MMSE-STSA 6.00 0.52 8.20 2.40 12.05 5.02 | 15.44| 8.72

using SPU

modifier

MMSE-LSA 6.05 0.80 8.34 2.60 12.10 5.10 | 15.60| 8.90

using SPU

modofier

OM-LSA 6.12 1.22 8.56 3.12 12.40 530 |17.43| 9.30

Table 4.5: Objective quality evaluation with restaut noise
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Train station SNR=0 dB 5dB 10 dB 15dB

noise SNR,,=-4.7 dB | SNRg.,=-1.95dB| SNRg,= dB | SNRg,,=4.60dB

Objective test SNR | SNRg., | SNR | SNRg,, | SNR | SNRg,, | SNR | SNRg,,

Weiner DD 4.98 0.30 9.06 2.01 12.50 4.31 | 15.23| 8.60

SSusing using | 5.88 0.44 8.89 2.04 13.00 420 | 16.38| 8.94

over-

subtraction

and spectral

floor

Mband 5.80 0.50 8.73 2.11 12.89 450 | 16.50| 8.80

MMSE-STSA 5.86 0.61 8.92 2.42 13.02 4.65 | 15.58| 8.95

MMSE-LSA 5.80 0.66 8.77 2.70 13.05 480 | 15.70| 9.05

MMSE-STSA 6.05 0.80 8.56 2.95 13.00 491 | 15.77| 9.10

using SPU

modifier

MMSE-LSA 6.14 1.10 8.84 3.02 13.06 5.10 | 15.51| 9.22

using SPU

modofier

OM-LSA 6.20 1.66 9.84 3.50 13.5 5.70 | 16.54| 9.61

Table 4.6: Objective quality evaluation with tratation noise

Babble noise SNR=0 dB 5dB 10 dB 15 dB
SNRg., SNRg., SNRs., = 1.48 | SNRg,, =4.40
= —4.48 = —1.50

Objective test SNR | SNRgs., | SNR | SNRg., | SNR | SNRg., | SNR | SNRg,,

Weiner DD 4.00 -0.10 8.26 1.55 12.00 422 | 15.26| 8.40

SS using using | 4.69 -0.20 9.15 1.60 13.33 460 |17.15| 8.61

over-

subtraction

and spectral

floor

Mband 4.90 -0.05 8.90 2.00 13.20 480 |17.50| 8.70

MMSE-STSA 4.92 0.10 8.26 2.50 12.00 5.01 | 15.26| 8.95

MMSE-LSA 4.90 0.25 7.90 2.68 12.05 5.10 | 15.31| 9.05

MMSE-STSA 5.50 0.30 8.56 2.80 12.03 533 | 15.20, 9.11

using SPU

modifier

MMSE-LSA 5.40 0.60 8.44 3.01 12.07 541 | 15.02| 9.20

using SPU

modofier

OM-LSA 5.60 1.15 9.30 3.19 13.00 560 | 16.96, 9.55

Table 4.7: Objective quality evaluation with babbtese
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white noise SNR=0 dB 5dB 10 dB 15dB
SNRg., =-4.50 | SNRg,, =-1.3 SNRg, =2.03 | SNRg,, =4.2

Objective test SNR | SNRg., | SNR |SNRg,, | SNR |SNRg,, | SNR | SNRg,,

Weiner DD 6.65 1.02 10.32 3.00 14.00 5.34 |16.94| 8.00

SSusing using | 5.99 1.05 9.71 3.01 13.23 531 |18.32| 9.23

over-

subtraction

and spectral

floor

Mband 6.60 1.10 10.20 3.20 13.55 5.34 | 18.00| 9.25

MMSE-STSA 7.12 1.50 10.46 4.00 13.65 6.40 | 16.50, 8.61

MMSE-LSA 6.86 1.71 10.20 4.15 13.54 6.55 | 16.35| 8.72

MMSE-STSA 6.68 1.80 10.10 4.22 13.24 6.61 | 16.14, 8.88

using SPU

modifier

MMSE-LSA 7.01 1.88 10.34 4.30 13.47 6.89 | 16.22| 9.01

using SPU

modofier

OM-LSA 7.73 2.00 10.89 4.42 14.16 7.00 | 18.00, 9.80
Table 4.8: Objective quality evaluation with whiteise

According to the objective test results presented@bwe can observe the following:

4+ There are remarkable improvements in both globdlsegmental SNRs of noisy speech
signals after being processed by the implemented-lRdsed speech enhancement
algorithms and the noise reduction is more whénhthite.

+ The speech enhancement using Weiner filter, Spetitatraction (using over-subtraction
and spectral floor) method, and MBSS method pravides segmental SNR values when
compared to the other implemented algorithms introases.

4+ The speech enhancement using MMSE-STSA, and MMSE&-Borithms provides
more better segmental SNR values, and using the ®Bdifier gives a remarkable
improvement in segmental SNRs.

4+ The speech enhancement using Optimally Modified-§pgctral Amplitude estimator
(OM-LSA) provides the best results (global SNR, &sgmental SNR) in most cases.

4.1.5 Subjective tests for Algorithm performance eaduation
Subjective tests rely heavily on the opinion of raup of listeners to judge the quality or

intelligibility of processed speech. These tests @ten time consuming as they require proper
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training of listeners. In addition to this, a cargtlistening environment (e.g., playback volume),
identically tuned output device (e.g., headphorme¥ax speakers) are necessary. Nevertheless,
subjective test results present the most accuysters of performance, insofar as intelligibility
and speech quality are concerned, as they arendatst perceptually by the human auditory
system. These tests can be structured under tvas typevaluation procedures: speech quality
evaluation and also intelligibility testing. Quglitefers to the clarity, freedom of distortion and
ease for listening whereas Intelligibility refers the number of words that can be identified
correctly by a listener or to the likelihood of bgicorrectly understood.

4.1.5.1 Subjective test for speech quality evaluati

In this test, we asked 5 normal-hearing students sgeak, and understand English very well to
listen twice to the different samples of speechefach input SNR used in the previous objective
tests. In the first time, we presented to thensibeals in their noisy form, whereas in the second
time we presented to them the processed ones. tii¢r we asked our listeners to grade each
speech heard on a scale from 1 to 5, based on leagsgnt their listening experience was, the
highest grade corresponding to the most pleasamt Timen we averaged the respective grades

and results are given in table 4.9.

Input SNR (dB)

_ 0.5 1.0 1.7 2.2
Noisy speech grade

Weiner DD 1.9 2.1 2.6 2.8
SS using using over-subtraction and spectral floo| 2.0 2.5 2.6 29
Mband 2.4 2.6 2.8 3.2
MMSE-STSA 25 2.7 3.0 3.1
MMSE-LSA 2.6 2.9 3.3 3.6
MMSE-STSA using SPU modifier 2.8 3.1 3.4 3.9
MMSE-LSA using SPU modofier 3.0 3.3 3.8 4.0
OM-LSA 3.4 3.8 4.3 4.5

Table 4.9: subjective test for speech quality eatadun
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According to this quality subjective test, we cay:s

* The quality of the noisy speech samples has beesidmrably improved after the

enhancement by the implemented algorithms.

» The speech enhancement using Weiner filter, Spe&@ubtraction (using over-
subtraction and spectral floor) method, and MBS $hotk obtained the smallest grades

for speech quality evaluation which confirm the @ying musical noise shown during

the spectrograms visual examinations (random isaldots).

» The speech enhancement using the OM-LSA algorifinmgdes the best speech quality.

4.1.5.2 Subjective test for speech intelligibilitgvaluation

In this test, we asked our listeners to give thecgggtage of intelligibility (according to the

number of words that can be identified correctlyablistener) in the same speech signals. The

results are shown below in table 4.10.

Input SNR (dB) 0 > 10 o
Noisy speech percentage 10% 0% e >8%
Weiner DD 53% 56% 66% 69%
SS using using over-subtraction and spectral floo, 53% 60% 67% 2%
Mband 56% 67% 70% 75%
MMSE-STSA 65% 71% 74% 82%
MMSE-LSA 67% 73% 75% 85%
MMSE-STSA using SPU modifier 68% 73% 76% 88%
MMSE-LSA using SPU modofier 71% 74% 7% 90%
OM-LSA 73% 75% 80% 92%

Table 4.10: subjective test for speech intelligipiévaluation

According to table 4.10 we can say:

* The implemented algorithms have considerably impdothe intelligibility of the noisy

speech signals.
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* Weiner filter, Spectral Subtraction (using over{sattion and spectral floor) method, and
MBSS method provide the smallest percentages efligibility in comparison to the
other implemented algorithms and that’s due taatineunt of distortions caused them.

» The optimally modified Log-Spectral Amplitude estitar (OM-LSA) algorithm shows
the highest percentages of intelligibility.

4.1.6 Comments

The implemented algorithms performance evaluateseld on visual examinations, objective and
subjective tests show that the optimally modifiesiSpectral Amplitude estimator (OM-LSA)
algorithm outperforms all the implemented algorithffow signal distortion and the best amount
of noise reduction). However, we would like to ntite following:

* The global SNR is a poor estimator of subjectivaliggq A high SNR value, is thus, not
necessarily indicative of good perceptual qualitthe speech.

* The segmental SNR objective test is more relatédegsubjective tests.

* Weiner filter, Spectral Subtraction (using over{sattion and spectral floor) method, and
MBSS method show acceptable amounts of non-statiomaise reduction but produce
some distortions in the shape of the enhanced bsegeals.

* MMSE-STSA, and MMSE-LSA algorithms provide more rgiationary noise reduction
and less distortions.

* Applying the SPU multiplicative modifier with MMSBTSA, and MMSE-LSA
algorithms increases the quality and the intelllgibof the enhanced speech signals.

4.2 Blind Multi-speaker speech signals separation

4.2.1 Implementation and performance evaluation othe DUET algorithm

The algorithm works by taking a two-channel waesfilvith one mixture per channel and also
using a Hamming window of 1024 samples length atidverlapping samples.

In order to investigate the applicability of the BU, we have recorded five different speakers
(male and female) in three languages Arabic, Ehglad French with sampling frequency
11025 Hz. After that we have formed artificial @staneous speech mixtures composed of
different number of speech signals (from two teefiwmixed signals). Two methods for DUET
algorithm performance evaluation have been useglfitht is based on listening tests and the
second on distortion measures proposed by [55].

4.2.1.1 Listening tests
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In this test, we asked 10 people to listen twicedifferent artificial instantaneous speech
mixtures. In the first time, we presented to thdgnals in their mixed form, whereas in the
second time we presented to them the processedaseghapeech signals. After that, we asked
our listeners to grade each signal heard on a d$oaie 1 to 5, based on how pleasant their
listening experience was, the highest grade cooretipg to the most pleasant one. Then we

averaged the respective grades. The results aratad in table 4.11.

Test Average grade Before separation After separation

Mixture of speech signals

Two speech signals mixture 2.0 4.7
Three speech signals mixture 0.5 4.6
Four speech signals mixture 0.0 4.3
Five speech signals mixture 0.0 4.0

Table 4.11: listening test results for DUET aldamit performance evaluation

According to this test, we can say that, the guaitd intelligibility of speech signals have been
considerably improved after the separation usingcD@lgorithm.

4.2.1.2 Objective tests for DUET algorithm performace evaluation

To further validate the performance of the DUETcalllpm a method based on distortion
measures proposed in [55], is used.

The principle of the performance measures descigtridecompose a given estimae) of a
sources;(t) as a sum:

$(t) = Starget(t) + emters () + eqreir () (4.2)
WhereS;q,ge: (t) is an allowed deformation of the target sousge), e;,c.r(t) is an allowed
deformation of the sources which accounts for titerferences of the unwanted sources, and
eqreir (t) is an “artifact” term that may correspond to aditaof the separation algorithm such as
musical noise, etc. or simply to deformations iretlby the separation algorithm that are not

allowed.

The distortion measures take into account: Sowrdgigtortion Ratio (SDR), Source to Artifacts
Ratio (SAR), and Source to Interference Ration [STRe measures can be expressed by the

following equations.
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2
SDR = 10l0gyo —Starsedl (4.3)

2
”einterf+eartif ”

2
SAR = 10log, o arecteimtersl (4.4)
” eartif”
- lIsearget II”
SIR = 10logs, . (4.5)
” einterf”

The distortion measures were calculated using éimeesartificial instantaneous speech signals
mixtures used in the listening test. The obtaire=iiits for every Blind speech signal separation
are shown in tables from 4.12 to 4.15.

The time-domain separated speech signals and tighted 2-D smoothed weighted histograms

obtained from the different speech signals mixtaresshown in figures from 4.21 to 4.28.

Two speech signals mixture

Separated speech sigr Speech signal 1 Speech signal 2  The average

Distortion Measures

SDR (dB) 9.77 9.42 9.60
SIR (dB) 22.15 41.92 32.04
SAR (dB) 10.06 9.42 9.74

Table 4.12: Distortion measures for the blind sapan of two speech signals mixture.

Figure 4.21: The two separated Figure 4.22: The two-D smoothed weighted
speech signals in time-domain. histogram obtained from the 2 mixtures of two
speech signals.
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Three speech signals mixture

Separated speech sign Speech Speech Speech The
Distortion Measures signal 1 signal 2 signal 3 | average
SDR (dB) 6.91 3.72 5.87 5.50
SIR (dB) 26.43 12.06 25.57 21.34
SAR (dB) 6.97 4.67 5.93 5.86

Table 4.13: Distortion measures for the blind sapan of three speech signals mixture

L4 d_J_

b

Figure 4.23: The three separated
speech signals in time-domain.

speech signals.

Figure 4.24: The two-D smoothed weighted
histogram obtained from the 2 mixtures of three

Four speech signals mixture
Separated speech sigrf Speech | Speech | Speech Speech The
Distortion Measures signal 1 | signal 2 | signal 3 signal 4 | average
SDR (dB) 5.83 1.91 1.65 5.56 3.74
SIR (dB) 22.14 10.60 12.22 22.08 16.76
SAR (dB) 5.56 2.83 2.30 5.69 4.10
Table 4.14: Distortion measures for the blind safan of four speech signals mixture.
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Figure 4.25: The four separated
speech signals in time-domain.

Figure 4.26: The two-D smoothed weighted

histogram obtained from the 2 mixtures of four

speech signals.

Five speech signals mixture

Separated speech signy speech | speech | speech | speech | speech The
Distortion Measures signal 1 | signal2 | signal 3 | signal 4 | signal 5 | average
SDR (dB) 3.24 1.0 1.0 1.50 4.01 2.15
SIR (dB) 15.80 8.10 8.72 11.65 20.22 16.76
SAR (dB) 3.61 1.0 1.0 2.23 4.15 2.40

Table 4.15: Distortion measures for the blind sapan of five speech signals mixture.

e =,

4
+*
3
|

b =0

(

Figure 4.27: The five separated
speech signals in time-domain.

Figure 4.28: The two-D smoothed weighted

histogram obtained from the 2 mixtures of five

speech signals.
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Comments

* The number of peaks in the two-D smoothed weighistbgrams represents the number
of speech signal sources to be separated.

* The separation using DUET algorithm provides a 8ginal to interference ratios (SIR)
and acceptable SDR, SAR ratios for all separateddpsignals even when the number of
signals is greater than 2 (the number of speecsosgior mixtures).

* The more we add a speech signal to the mixturesmitre SIR, SDR, and SAR values

decrease.

The performance evaluation based on objective nmes,sabservation of the waveforms, as well
as subjective listening tests clearly show that Degenerate Unmixing and Estimation
Technique (DUET) for the Blind speech signal sefpama(artificial instantaneous mixtures)

provides a good fidelity of recovering speech sigmath low distortions.
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The work in this project addressed both of the j@wis: single-channel speech enhancement at
the presence of highly non-stationary backgroungen@and the blind multi-speaker speech
separation of an arbitrary number of speakers gwsintwo anechoic mixtures, as pre-processing

stage for various speech applications.

A set of six DFT-based single-channel speech erment algorithms have been implemented
using highly non-stationary noise estimator, antheamplemented algorithm has been evaluated
using the NOIZEUS data base corrupted by femiht SNR values (0, 5,10 and 15dB) in 6
colored noise environments (train, car, streetfargant, train station, and babble) and a

synthesized white noise.

The performance evaluation results establish thpersarity of the Optimally-Modified Log-
Spectral Amplitude estimator (OM-LSA) algorithm o\al the implemented DFT-based single-
channel speech enhancement algorithms with regpeperceptible quality and intelligibility
improvements of the enhanced speech signals. Tdrefe®dM-LSA can be considered as good
pre-processing technique for single-channel spegaflications. MMSE-STSA, MMSE-LSA
(using SPU multiplicative modifier) algorithms pide acceptable levels of speech intelligibility
and quality in most cases and the second one behavdtle bit better than MMSE-STSA
especially in reducing the musical noise. Weindterfi Spectral Subtraction (using over-
subtraction and spectral floor) method, and MBS$ ot show more distortions in the shape of
the enhanced signals at low SNRs (0-5dB) rangeadst tases.

For the blind multi-speaker speech separation o&réitrary number of speakers the focus was
on applying the degenerate Unmixing and Estimafiechnique (DUET) that uses the two-
dimensional smoothed weighted histogram to estintia¢e mixing parameters and the time-
frequency masks to separate the speech sourcelsaVéemplemented and tested the behavior of
the DUET technique on artificial instantaneous shemixtures of different number of speakers
and the obtained results demonstrate the powedsloEDUET approach as an efficient tool of
the blind separation of different numbers of spesgtirces given just two anechoic mixtures

provided the assumption which we call Approximatedidjoint Orthogonality.
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In addition to all the obtained results we may Haat, the most suitable technique for speech
enhancement is the one which provides robustnessvimonmental noise contributing factors

and robustness to acoustical inputs.

In the future, we plan to study the real effectsh&f implemented pre-processing techniques on

the various speech communication applications.

The works on implementing the DFT-based technidoesingle-channel speech enhancement
and DUET algorithm for Blind Source Separation as-processing stages for various speech
applications should definitely continue considerihg good results we managed to achieve. Here
is a short list of items that we think could bejeabed to further studies:

* Investigating the speech enhancement using Laploased MMSE estimator of the
magnitude spectrum rather than MMSE estimator, iwlidased on a Gaussian model.
 The error between the processed signal and then dpaech signal can be strongly
minimized if the estimate of the noise spectrunm@e accurate. Hence, it is desirable to
estimate the noise signal at every available ingtaget a more accurate estimate of the

noise spectrum.

* Implementing the DUET algorithm to separate theesheconvolutive mixtures.

* Implementing the DUET algorithm to separate the@stteam mixtures.

* Investigating the combination of a DUET algorithwith an algorithm operating in the
time domain to check if the results can be improved

» Experimenting DUET algorithm with moving sourceschase the speakers are not
always at fixed locations.

e Someone requiring hearing aid equipped with BS&nelogy should be able to move
around. Hence experimenting the DUET algorithm witbving microphones will be a
good contribution.

» Single channel blind source separation is a chgillgntask. Hence working on this

provides a good contribution to speech signalgypoeessing techniques.
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