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Abstract

Several speech enhancement methods have been developed in the past few decades,
each method having its advantages and drawbacks. Despite their effectiveness in
noise reduction, most conventional algorithms introduce noticeable distortion and
annoying musical noise artifact in the enhanced speech. The purpose of this work
is to develop a hybrid method of speech enhancement to attain an improved noise
reduction performance accompanied by a reduction of the musical noise in the
enhanced speech in two different stages.

Conventional spectral subtraction based algorithms assume that noise trans-
form coefficients are always additive with the signal, whereas it may also be sub-
tractive. Therefore, to deal with the first problem of noise reduction, a minimum
mean square error (MMSE) estimator is derived considering both the additive
and subtractive effect of noise in the discrete cosine transform (DCT) domain.
The performance of the new estimator is compared to a previously reported work,
that also considers these two cases in the DCT domain, and superior results in
terms of signal to noise ratio (SNR) and mean squared error (MSE) are obtained.
Since the approach provides two different gains for the two cases, they are termed
as dual gain filters.

Dealing with the problem of residual noise suppression, a new post-filtering
technique is proposed utilizing the empirical mode decomposition (EMD). An
optimum gain function in MMSE sense, is derived for short intrinsic mode func-
tion {IMF) segments. Finally, the proposed dual gain filters are used to enhance
various noisy speech utterances and the new post filtering algorithm is applied
for residual noise suppression. The performance of the proposed two stage hy-
brid technique is compared to well known speech enhancement algorithms and

superior results in both objective and subjective quality indices are obtained.

xv



Chapter 1

Ihtroduction

1.1 Speech enhancement

In audio recording, one can never avoid the menacing and ubiquitous sound known
as ‘noise’. Simply put, it is the sound that inadvertently gets entangled with
our desired ‘signal’, which can be speech, music or any other audio of interest.
Only in a sound-proof {low noise) recording studio, one may capture an audio
that can be considered ‘clean’ for all practical purposes. Regrettably, when we
require to capture a sound in real-life circumstances, a recording studio is far
from being readily available. While waiting for a bus in a busy afternoon, or
inside a cacophonic cafeteria, expecting to find a low noise environment before
making a phone call is rather visionary. Thus, we must accept the reality that
if we want to make recordings of speech, for the purpose of storage, recognition
or transmission through a mobile phone network, it would inescapably become
‘noisy’. Speech enhancement, is thus essential.

The term speech enhancement, might be rather confounding, if taken liter-
ally. Since ‘enhancement’ deals with improvement of quality, one might wonder
what exactly is understood by the quality of a speech!. In the speech enhance-

ment problem, two principal criteria are used to measure the goodness of speech

signals, namely, quality and intelligibility. While the quality of a speech signal

deals with its clarity, nature of distortion and amount of 'background noise, intel-
ligibility deals with the percentage of words that can be clearly understood. It

may sound unlikely, but a better quality of speech does not always guarantee a

1Obviously, we are not refereing to the improvement of the speaker’s accent, tone or language
usage '




higher intelligibility; these criteria are independent of each other. Most speech

enhancement systems improve the quality of the speech signal at the expense

of a reduction of intelligibility. Listeners can usually extract more information
from the noisy signal than from the enhanced signal if they listen to it care-
fully. However, listening to the noisy signal for a long time causes discomfort?,
which can be reduced by the enhancement algorithms improving only the qual-
ity of speech. The intelligibility of an enhanced speech are often assessed using
automatic speech recognition tests, since listening sessions with live subjects are
expensive and time consuming. Unfortunately, both quality and intelligibility are
difficult to quantify and express in a closed form that is amenable to mathemati-
cal optimization. Thus, the design of speech enhancement systems is often based
on mathematical measures that are somehow believed to be correlated with the
quality and /or intelligibility of the speech signal.

“If you enhance a noisy speech, it sounds even worse” - remarked one of my col-
leagues; quoting the line from a rather frustrated speech enhancement researcher.
Evidently, this appallingly discouraging statement repelled him away from this
area, sending him in pursuit of fruitful research works elséwhere. Actually, the
statement is an example of a common misinterpretation of the term ‘enhance-
ment’ as applied to speech. Putting it more scientifically, what the researcher
meant was, “Noise reduction and speech distortion are inversely proportional”
[1]. Evidently, the researcher was refereing to noise reduction (signal to nose
ratio improvement), while mentioning speech enhancement. But because of this
inverse relation, the more the noise is reduced the worse it sounds, increasing
distortion and musical noise, regardless of all the sincere efforts.

Thus, in this research work, an attempt was undertaken to find a way to deal
with both of these aspects of speech enhancement. It is well known that, despite
their effectiveness in noise reduction, the commonly used spectral subtraction and
Wiener filter based algorithms introduce distortion and annoying musical noise
artifact in the enhanced speech. In this work our focus is to attain an improved
noise reduction performance accompanied by a reduction of the musical in the
enhanced speech using a two different stages. In the first stage, the focus is

on noise reduction adapting a new MMSE estimator in DCT domain and in

#This is known as listener fatigue.
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the second stage the focus is on reduction of the musical noise in the enhanced
speech using a new non-stationary signal analysis tool known as the empirical

mode decomposition [2].

1.2 Objective of this research

The purpose of this work is to develop a speech enhancement scheme with an
improved noise reduction performance accompanied by a reduction of the musical
noise in the enhanced speech. Since, we propose to attain these goals in two

stages, the primary objective of this research is, therefore twofold.

1. Derivation of an optimum estimator for speech enhancement considering

the constructive and destructive effects of noise.

2. Develop an effective residual noise removal method to be applied in the

second stage.

The first objective is inspired by the fact that most traditional speech en-
hancement methods consider only the additive effect of noise, either inherently
or effectively, giving an attenuating gain. However, in reality the noise coeffi-
cient may be both additive or subtractive with the clean signal. In this work, we
consider both the constructive and destructive cases specifically and derive the
optimum estimators in these given events. Thus, the new estimator will provide
attenuation when the noise is constructive, but provide amplification when the
noise is destructive. It will also handle the special case of polarity reversal which
occurs when the noise coeflicient is stronger than the signal coefficient. These sit-
uations were first taken into account in [3], assuming a Gaussian speech and noise
statistical model. However, in their work, a linear MMSE estimator is assumed
in the DCT domain resulting in a set of Wiener gains in the two cases. This
inherently assumes that the joint distributions of noisy speech and clean speech
in the two cases are jointly Gaussian. In this work, we assume the more accurate
non-Gaussian joint probability distribution for noisy speech and clean speech in
the two events and obtain a new non-linear MMSE estimator termed as the dual
MMSE estimator (DMMSE). Qur derivation results in a set of parametric gain
curves that not only depend on the a priori information, but also utilize the

instantaneous observation of the noisy coefficients.

3

Qq._



Towards accomplishing the second objective of the work, we utilize the newly
developed empirical mode decomposition {EMD). Very few applications of EMD
applied to speech processing is found in the literature, which makes this an ex-
citing field to work on. Here we propose a new post filtering technique for sup-
pression of residual noise that remains in the enhanced speech utilizing the great
versatility of EMD. We observed that EMD can effectively separate the residual
noise of musical nature from the enhanced speech. This observation led us to

utilize this decomposition for suppression of residual noise.

1.3 Organization of this thesis

This thesis consists of six chapters. Chapter 1 discusses the basics of speech
enhancement, its importance in different applications and the main objective of
this work. In Chapter 2, a brief review of the existing stochastic model based
speech enhancement techniques is provided.

In Chapter 3, the dual MMSE estimator is derived. For the Gaussian statis-
tical model, it is shown that the joint probability distribution in the conditional
events, when the noise and speech coefficients are in constructive or destructive
interference, are not jointly Gaussian. Using the accurate non-Gaussian joint
probability density function, a new MMSE estimator is formed. Its properties
and comparative performance is also discussed in this chapter.

In Chapter 4, the EMD based post processing technique is presented. The
basics of the EMD algorithm and the properties of the IMFs are also discussed.
Assuming a Chi-square probability density function for the short time IMF en-
ergy an optimum gain function is derived for residual noise suppression. The
pérforma.nce of the proposed post filtering method is tested by its application
over traditional methods.

In Chapter 5, the performance of the hybrid speech enhancement method
is compared to that of several speech enhancement techniques. Finally, some

conclusions and suggestions for future works are provided in chapter 6.



Chapter 2

Stochastic model based speech
enhancement: A review

2.1 Introduction

In high levels of ambient noise, the recorded speech picked up by any speech
communication device becomes significantly impaired, reducing the quality and
intelligibility of the transmitted speech signal. The degradations are usually very
annoying, especially in mobile communications where hands free devices are often
used in noisy environments. Also, this degradation causes a significant reduction
of performance in speech recognition based systems that may be incorporated in
the speech communications devices. Thus, speech enhancement is a crucial opera-
tion that must be performed as a pre-processing for these applications. However,
there cannot be simply one “optimal” speech enhancement algorithm, mainly
because of the large diversity of acoustic environments and noise reduction ap-
plications and their occasional demand of conflicting performance requirements.
As a consequence, a variety of algorithms have been developed till today that
have proved to be useful in either a certain noise environment or in a certain
application.

Single channel speech enhancement techniques can be broadly classified into
two categories: the ones based on stochastic models of speech and noise, and
the others incorporating the perceptual aspects of speech signal and the auditory
system. FEach has its own limitations and advantages. The first category of
algorithms are based on the variations of optimum filters and comprises such
methods as spectral subtraction [4, 5], Weiner filtering [4, 6, 7], and various

minimum mean square error (MMSE) spectral amplitude estimation methods
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8, 9, 10]. These algorithms are a common and effective way for enhancing speech
degraded by acoustic additive noise given that only the noisy speech is available.
The general requirements in this class of methods include: 1) a well defined
suppression rule based on an optimality criteria [9, 6], which is usually a function
of speech and noise statistics, 2} a method of estimating the speech and noise
power spectral densities, 3) incorporation of the probability of speech presence to
further attenuate non-speech bands [11], 4} a method for reducing residual noise
by appropriately smoothing the estimated quantities {9, 12]. While, the first class
of enhancement schemes perform optimization based on purely mathematical
criteria, the second class of methods consider the auditory and perceptual criteria
for performing enhancement. This class of enhancement system includes the
perceptually-motivated processing such as critical-band filtering, lateral neural
inhibition, and/or temporal/frequency masking [13, 14, 15, 16].

Since in this work, we are dealing with a new MMSE estimator in the DCT
domain assuming a statistical model, only the relevant techniques will be reviewed
in this chapter, with an emphasis on the attenuating and amplifying behavior of
the resulting suppression rules. An elaborated review of statistical model based
speech enhancement can be found in [17], while a comprehensive overview of

speech enhancement techniques is available in [18, Chapter 8].

2.2 Short-time spectral subtraction

The spectral subtraction method, first proposed by Boll et. al. [4], is suitable
for enhancing speech signals degraded by uncorrelated additive noise. It is an
approach for estimating the power spectral density of the clean signal by sub-
tracting an estimate of the power spectral density of the noise process from an
estimate of the power spectral density of the degraded signal. The estimation is
performed on a frame - by- frame basis, where each frame consists of 20 — 40ms
of speech samples. |

Let x[n], d[n] and y[n] denote vectors containing the L most recent samples
of the clean signal, noise and noisy signal, respectively, in the ¢the analysis frame

of size L. If it is assumed that the noise is additive, then,

y[n] = x[n] + d[n]. (2.1)




In the spectral subtraction method, the short-time spectral magnitude of the

clean speech is estimated from (2.1) as,
(X (i, k) = Y& k) — E{|D(, b))’} (2.2)

where Y (4,k) and D(i, k) represents the discrete Fourier transforms (DFT) of
y[r] and d[n] and &k and ¢ indicates the frequency and frame index, respectively.
It is understood that a half wave rectification operation has to be performed
on the right hand side of (2.2) since power spectral density cannot be negative.
Since | D(4, k)|? is not directly available, it is approximated as E{|D(s, k)|*}, where
E{-} denotes the expectation operation. E{|D(%, k)|?} is obtained either from the
assumed known properties of d[n] or by actual measurement during an interval

when speech is absent. The spectral subtraction approach can be generalized by,
s , . 1
| X (& k)| = |[Y (i, k)|* —~ BE{|D(, k)["}]= (2.3)

where constants v and 3 represent extra degrees of freedom used to enhance the
algorithm’s performance. Typical values are @ = 2 and g = 1 [5]. The estimate
of clean speech segment X[n] is obtained by combining | X (%, k)| with the phase
of degraded signal ZY (i, k) and then performing the inverse Fourier transform?.

In other words,
%[n) = FU IR (G, k)] ), (2.4)

where F~! denote the inverse Fourier transformation. The concept of the spec-
tral subtraction method is based on the general idea that the additive noise has
increased the signal transform coeflicient, thus a subtraction is needed to be per-
formed. Thus the method is inherently assuming that the noise coefficient was in
a constructive interference with the signal. Accordingly, the method is generally
effective at reducing the apparent noise power followed by an improvement in
SNR. However, this noise reduction is achieved at the price of reduced speech
intelligibility. A moderate amount of noise reduction can be achieved without
significant intelligibility loss; however, a large amount of noise reduction can se-
riously degrade the intelligibility of the speech. Another disadvantage of the

spectral subtraction approach is that they produce very annoying musical tones

Tt should be noted that the spectral subtraction method can also be easily implemented
in the discrete cosine transform (DCT) domain. Only the polarity of the noisy DCT is to be
combined with the clean estimate rather than the complex phase in case of DFT coefficients.
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in the enhanced speech [19]. It is known that the musical noise occurs due to the
random appearance and disappearance of spurious harmonics in the enhanced
spectrum, since the method relies on subtracting an overall average noise spec-
trum. In reality the noise spectral variance is not a constant over the different

frames and its effect on the signal special component is not always additive.

2.3 Wiener filtering and its variants

The Wiener filter is an algorithm that minimizes the expected error between the
estimated speech and the actual speech signal assuming a multiplicative gain
in the frequency domain, or a convoluting filter in the sample dbmain. In the
frequency domain, it can be viewed as a an MMSE estimator that assumes a
linear relation between the noisy coeflicient and the estimated coefficient. If X
and Y denote the clean épeech and noisy speech transform coefficient in the
kth bin, the goal of the Wiener filter is to find an estimate of the clean speech
coefficient Xj, such that '

1. X and Y; are related by a multiplicative constant.
2. E{(Xx — X3)?} is minimum.

Usually, a multiplicative gain is assumed for the estimation, i.e. a linear
equation such as, X1, = WY, is assumed. If signal and noise samples are assumed
to be uncorrelated stationary random processes with power spectral densities

P,(k) and Py(k), respectively, the Wiener estimator for £(n) is found to be,

Xy = XOEST0) Pd(k)yk. (2.5)

This is known as the non-causal Wiener filter. However, speech cannot be as-
sumed to be stationary. Which implies that the noncausal Wiener filter cannot
be applied directly on all the speech samples. An approximation to noncausal
Wiener filtering can be found if the gain is applied frame by frame. It is given by

[19],
P.(i, k)
Po(i, k) + Py, k)

X(i k) = Y (i, k) (2.6)

where P.(i,k) and Py(i, k) are estimates for the short-term power spectrum for

speech and noise, respectively, in the i-th frame and frequency bin k. Estimates
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for the short-term speech power spectrum P, (4, k) are obtained recursively. Es-
timates for the short-term speech power spectrum P, (4, k) can also be obtained
assuming an all-pole model for speech and forming a maximum a posterior (MAP)
estimate of the all-pole model parameters [20]. Since the iterative Wiener filter-
ing approach was found to produce unnatural sounding speech and processing
artifacts, certain constraints can be applied across iterations and across temporal
frames to ensure the enhanced speech power spectrum has speech-like character-
istics and remains mathematically stable [21].

Unlike the spectral subtraction approach, the Wiener filter does not explic-
itly assume that the noise power is additive in each spectral component of the
noisy speech frame. However, since power spectral densities are positive quan-
tities, (2.6) produce a multiplicative gain that is always attenuating, inherently
assuming that the noise was additive in the spectral domain. This is due to the

fact that, for additive uncorrelated noise, the noisy signal power is always greater

‘than the clean speech power, demanding an attenuation for noise reduction.

2.3.1 Waiener filter in DCT domain

The wiener filter can be derived directly in the frequency domain. We shall
discuss the DCT domain which is more relevant to this thesis work. If Xy, Dy
and Y, denote the clean speech, noise and noisy speech DCT coeflicient in the

kth bin and ith frame, for additive noise we have,
Ye =Xy + Dy (2.7)
The goal of the Wiener filter is to minimize the cost function
Jw = B{(Xx — Xx)?}, (2.8)

in MMSE sense. However, before minimizing (2.8), the Wiener filter assumes a
multiplicative gain? for the estimated DCT coefficient Xk. If Gy is the filter

gain, an estimate of the clean speech spectral component is obtained as

Xi = GwYh. (2.9)

2This simplification, reduces mathematical complexity and the difficulties of calculating the
joint probability densities that are involved in the expectation operation in (2.8). In the next
section we shall discuss the MMSE estimation without this assumption.



Substituting Eq. (2.9) into Eq. (2.8)
Jw = E{(GwY: — Xz)*}. (2.10)
Substituting Eq. (2.7) into Eq. (2.10)
Jw = B{Gw(Xc+ Di) - Xil’}
= (G% —2Gw + DE{X}} 4+ 2Gw (Gw — 1) E{ XDy}
+G%, E{D?} (2.11)
Using the fact that X, and D, are real, zero-mean and uncorrelated random

variables (i.e., E{X;Dy} = 0, E{X,} = 0 and E{Dy} = 0), the above cost

function takes the form
Jw = (G —2Gw + 1)E{X}} + Gy E{D}} (2.12)

Differentiating Jy with respect to Gw gives

dJw

- (2Gw — 2)E{X2} + 2Gw E{D?}

= 2Gw — )E{X}} + 2GwE{D}} (2.13)
Equating 8Jw /0Gw to zero yields
AGw — VE{X2} +2GwE{D}} =0 (2.14)

This leads to the optimum Wiener gain,
__ B{X3
- E{X{}+ E{D}}

Gw (2.15)

Note the similarity of the gain function with (2.6). The Wiener gain can be

expressed in a much compact form as,

&k

Gw = T+& (2.16)
where ‘ 2}
E{X
€ = E{DE}. (2.17)

is interpreted as the a priori SNR after McAullay and Malpass [7]. The value of &,
is calculated by using the decision directed method given in [9]. Equation (2.16)
obviously gives a gain value that is always less than unity. Thus, as mentioned
above, the conventional Wiener filter inherently assumes that the noise was in a

constructive interference with the signal in the DCT domain.
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2.3.2 The dual gain Wiener filter

The constructive and destructive interference of signal and noise DCT coefficients
was first analyzed and incorporated in speech enhancement in [3]. The authors
derived a set of multiplicative in the DCT domain assuming a two state model for
the constructive and destructive interference of noise with the clean signal. A sign
estimation algorithm was proposed to identify the constructive and déstructive
interference and the appropriate gain function was chosen to deal with the two
events. Since this approach deals with the two cases separately and provides two
different gains, it is termed as a dual gain filter. It will be apparent shortly that
the multiplicative gains proposed in 3] are only Wiener gains for the conditional
events. Thus, we denote these gains as the dual gain Wiener filter (DGW) in this
thesis.

The development of the gains is directly related to the conventional Wiener
derivation in the previous section. As for the Wiener filter derivation, the Gaus-
sian distribution is assumed for the speech and noise DCT coefficients. However,
in this case the Wiener filters are derived in two conditional events, that are

mutually exclusive. The events are defined as,

Hy: signal and noise are constructive: XiDj > 0,

H_: signal and noise are destructive: XDy < 0.

If it is known that given one of these events have occurred, a pair of conditional
MSE are obtained leading to two different multiplicative gains [3] in the two

events. Denoting them as the dual gain Wiener, we have®

‘Ek+%\/§_k
&+ 1428
&2V
Gy = T (2.19)

The gains Gy, and Gw_ are to be used for constructive and destructive in-

Cwa+ (2.18)

terference, respectively. Thus, the dual gain Wiener (DGW) estimator is given

by

(P = [pGwe + (1 - po)Gw-] X Yi. (2.20)

3The derivation of these gains are given in the Appendix on section A.l
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Fig. 2.1: Plots of the the dual gain Wiener (DGW) filters Gw . and Gw_ proposed
by [3] as given in (2.18) and (2.19). The gains are plotted against the variation
of the a priori SNR values. The conventional Wiener gain Gy is also shown in
the same plot.

where,

1 If event I, is detected
Pk = { * (2.21)

0 If event H_ is detected

Both the gains Gy, and Gy _ show interesting properties that are intuitively
meaningful. Being the attenuating gain, Gw; is always less than unity, which is
easily understood from (2.18). This is very desirable since in the event H,, Dy
always serves to increase Xi. The gain Gw., is more attenuating compared to
the Wiener filter (Gy) when & > 0 dB and vise versa. At & = 0 dB both gains
equal to 3.

It is claimed in [3] that the gain Gw_ is always greater than unity, serving to
amplify the noisy coefficient Yj, when noise is destructive. However, if we plot
the gain curves with respect to the a priori SNR, we can clearly see that the gain
Gw_ is not always greater than unity as it should be. As a matter of fact, it even
gives negative values at certain ranges. This befuddling and seemingly counter-
intuitive phenomenon not discussed in [3], can only be explained if the polarity
reversal case occurring in the destructive interference is taken into account.

The gain curve of Gy _ can actually be divided into three separate regions as
shown in Fig 2.1 (b). In region I, where the a priori SNR is very low, the gain is
negative, that serves to encounter the polarity reversal caused by the noise when

|Dy| > | Xi|. As & increases, the gain enters region 11, giving an attenuation. This
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is due to the uncertainty between a poia.rity reversal and magnitude reduction
that might have occurred for the given Yy. In this region, even if a polarity reversal
occurs, the attenuation will reduce the error between the clean estimate at least to
some extent. As & increases, the gain increases and finally gives amplification in
region 111, when the estimator assumes that | Xj! > |D| resulting in a magnitude
reduction in Y.

Thus, the authors of [3], only mentioned the region I1I of the gain curve which
gives amplification, not mentioning the other regions. Moreover, the same gains
were also applied in discrete Fourier transform (DFT) domain, which will provide
meaningless results if the gain becomes negative. However, the main limitation
of the dual gain Wiener filter is that it does not give the optimal solution in
the assumed statistical model. It assumes a linear MMSE estimator in the DCT
domain, which is the optimal MMSE only when the processes involved are jointly
Gaussian. Chapter 3 of this thesis deals with the accurate modeling of these two

events which are actually non-Gaussian.

2.4 Minimum mean square error (MMSE) esti-
mators

The MMSE estimator is very similar to the Wiener filter, except that it does not
assume a linear relation between the clean and noisy signal transform coefficients
in the frequency domain. For this reason, the Wiener filter is known as a lin-
ear MMSE estimator. If X, and Y, denote the clean speech and noisy speech
transform coefficient in the kth bin, the goal of the MMSE estimator is to find
an estimate of the clean speech coeflicient X, such that the mean square error
{(MSE) given by, .
| e = B{(X; — Xp)?} (2.22)

is minimized. It is clear that, Y; is the observed parameter and thus X & must
be a function of Y;. Now, unlike the Wiener estimator, no assumption will be
made about the relation between X and Y;. Thus, (2.22) must be evaluated and
minimized by solving the expected value. Since the expectation operator is on a

function of X} and Yj, from (2.22),
€= [/(Xk — X)*p(Xk, Yi)dXrdYs (2.23)
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where, p(Xy, Y:) is the joint probability density function of Xy and Yj. The limit
of integration will depend on the type of transform coefficient used*. From (2.24)
the distinction between the Wiener estimator and an MMSE estimator is very

clear. Now, from (2.24) using the theory of conditional probability, we may write
€ = /p(Yk)f(Xk — X))’ p( Xy | Yi)d X, d Yy
Now, we have
B{(X = X%} = [ (X - XPp(Xl¥i)dX. (2.24)
Thus, substituting (2.24) in (2.24), we have,
e = / p(Yi) E{( Xy — Xx)?|Yi}dYs (2.25)

The density p(Y%) is nonnegative. Thus, to minimize the mean-squared error, it
is sufficient to minimize the conditional expectation, E{(Xyx — X;)?|Y:} for each
value of Y;. It is well known from probability theory that, for a random variable
'3:, E{(z — ¢)?} is minimum when ¢ is the mean of the random variable z, i.e.
¢ = E{z}. Thus, to minimize the conditional expectation E{(Xx— Xp)?|Ye}, Xk
must be equal to the conditional mean. Which means, the MMSE estimator will

be given by,

~ MMSE
X = B{Xu|Vi} (2.26)

= [ [ X(vax, (2.27)

“Thus, to find the MMSE estimator for the speech enhancement problem, this
equation has to be solved. It is clear that the solution will involve the conditional
probability density functions, and consequently the joint density functions of X
and Y.

If the joint density function of X, and Y is jointly Gaussian, that is, Xj
and Y} is assumed to be normally distributed, the MMSE solution and Wiener
solution give the same results®[23]. Thus, depending on the assumed distribution

of X and Y}, the complexity of the MMSE estimation problem will vary.

4For absolute value of DFT coefficients, a limit of 0 to oo and for DCT coefficients 0 to oo

would be used.
5This is shown in the MMSE estimator for DCT in the Appendix A.2.

14



2.4.1 MMSE estimator in the DFT domain

Assuming the Gaussian Model, Empraim and Malah {9] derived a minimum mean-
square error (MMSE) short-time spectral amplitude estimator under the assump-
tion that the Fourier expansion coefficients of the original signal and the noise
may be modeled as statistically independent, zero-mean, Gaussian random vari-
‘ables. Thus the observed spectral component in the bin k, Yy £ Ry exp(jds),
is equal to the sum of the spectral components of the signal, X, = A exp(ja),
and the noise, Dy. That is,

Y =X+ Dy (2.28)

Assuming this model, the MMSE estimator for the short time amplitude of the

clean speech is shown to be [9]°,

Ac=rjen (-2) [0+ wo (2) <un (2] R @)

where ['(.) is the Gamma function, and ®(a, b; ) is the confluent hypergeometric

series defined in [22] and

A fk

UV = 1+€k (230)
s Alk)
2 B

"t s (232

Thus the gain function is given by,

Gmmse(€r, ve) = T(1.5) exp (—-I;—k) [(1 +uve) 0y (%) +u. (%)] (2.33)

This gain function will be termed as the Emphraim-Malah suppression rule
(EMSR) in this thesis. It is a parametric gain function, since it depends not
only on the a priori SNR, &, but also the a posteriori SNR, .. A plot of this

gain function is shown in Fig. 2.2.

2.4.2 MMSE estimator in the DCT domain

Assuming the DCT coefficients of the clean signal and noisy signal Xy and Dy,

respectively, are Gaussian distributed random variables, the MMSE estimator X

9The proof of this suppression rule is given in Appendix A 4.
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Fig. 2.2: The parametric gain curves of the Empraim-Malah suppression rule
(EMSR).

simply gives the Wiener solution. That is,

~ MMSE &x
X =
k 1+ & Ve

As stated before, this is expected since DCT coefficients are real and correspond-

(2.34)

ingly, the noise and speech coefficients are jointly Gaussian [23]. This issue is also

discussed in [24] and the proof is given in Appendix A.2.

2.4.3 Conclusion

A brief summary of statistical model based speech enhancement methods are
discussed in this chapter. Emphasis was given on the dual gain Wiener filter,
which is the only known method that considers the constructive and destructive
effects of signal and noise transform coefficients separately. However, it also has
some limitations. The classical MMSE estimators are also discussed. In the next

chapter we shall proceed towards the proposed dual MMSE estimator.
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Chapter 3

The proposed dual MMSE
estimator

Nearly all orthodox speech enhancement algorithms use an attenuating filter in
' the transform domain for noise suppression, which inherently assumes that the
noise transform coefficient is additive. But in reality, when both signal and noise
exist in the same transform coefficient, the observed noisy coefficient magnitude
may not always be greater than the clean signal even though the noise was orig-
inally additive.

In case of discrete Fourier transformation (DFT), the addition of complex sig-
nal and noise coefficients may or may not provide a resultant magnitude greater
than the clean signal coefficient magnitude, depending on the relative phase angle
between the signal and noise coefficients. Similarly, in the DCT domain, depend-
ing on the sign of the signal and noise coefficient, they can be either constructive
or destructive. Since only the spectral amplitudes are estimated in conventional
DFT based methods [9], [19], (keeping the phase angle of the noisy coefficient
intact), the suppression rule should give attenuation and amplification when the
noise is constructive and destructive, respectively. However, in the DCT domain,
the clean signal coefficient may increase or decrease in magnitude and even can
reverse in polarity by the noise. Since in this domain, the clean signal coeffi-
cients are directly estimated from the noisy observations [3], [24] (rather than
only an amplitude estimation), it is clear that only an attenuation filter cannot
be optimum for handling these cases. A reduction and increase in magnitude of
the noisy coefficients should be followed by an amplifying and attenuating gain,

respectively. When a noisy coeficient is reversed in polarity, the gdin should be
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negative to correct both its sign and magnitude. This obviously contradicts the
traditional view of a non-negative suppression rule [10] that primarily deals with
spectral amplitude estimation alone.

The constructive and destructive interference of signal and noise transform
coefficients was first analyzed and incorporated in speech enhancement in [3]. The
authors derived a set of multiplicative and subtractive filters in the DCT domain
assuming a two state model for the constructive and destructive interference of
noise with the clean signal. A sign estimation algorithm was proposed to identify
the constructive and destructive interference and the appropriate gain function
was chosen to deal with the two events. This method is discussed in detain in
Section 2.3.2, which is termed as the dual gain Wiener filter.

In this work, a set of MMSE estimators for the DCT domain speech enhance-
ment, in the conditional events of a constructive and destructive interference of
noise is proposed. The major difference of the proposed technique with that of
[3] is no linear MMSE estimator is assumed for the formulation. ' We show that
the joint density function of the clean signal and noisy signal DCT coefficient in
the two-state model is non-Gaussian and the MMSE estimator results in a para-
metric gain function similar to the ones reported in [9]. Performance comparison
of the dual gain Wiener filter and the proposed MMSE estimator in terms of
SNR and MSE improvement is presented to demonstrate the superiority of our
approach. The contribution of this work is therefore an accurate modeling of the
constructive and destructive events in the speech enhancement problem assuming

the appropriate non-Gaussian distributions.

3.1 The dual MMSE estimator

Assuming the Gaussian statistical model for the clean and noisy signal DCT
coefficients, we denote z, and y; as instances of the random processes X and ¥}.
Thus, using (A.32), their joint probability density function will be [26],

-t rp (ye —z0)?
Pxy(Te,Ye) = o4O, exp {_2;2 - 207 ) . (3.1)

1t is well known that a linear MMSE estimator gives the Wiener solution [25].
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where o2 and o3 are the signal and noise variances in the kth DCT coefficient,

respectively. Now, if X, is the MMSE estimator of X%, we have
X = B{X\|Y:}. (3.2)

Using (3.1), X reduces to the conventional Wiener estimator X}V, given in (A.44)
'[24]. This result is expected since pxy (T, ¥x) is jointly Gaussian and in this case
the optimum MMSE estimator is linear [23]. However, if we assume that a polarity
estimator is available to detect the events H, and H_, we may derive two MMSE
estimators E{Xg|Ys, H+} and E{X|Y%, H.} in the conditional events. Recall
that, the events H, and H_ are defined as,

H,: signal and noise are constructive: XDy > 0,

H_: signal and noise are destructive: XD, < 0.
Thus, a generalized dual MMSE (DMMSE) estimator can be formulated as
XAkDMMSE = pk_El{){‘;cly'k1 H+} + (1 "—pk)E{XkIYka H—}? (33)

where py is defined in (2.21). The dual gain Wiener actually assumes that
E{X Yy, H,} and E{Xy|Y:, H_} can be found by multiplying the noisy coef-
ficient by a gain function. This is equivalent to assuming a linear MMSE estima-
tor. Thus, assuming E{Xy|Ys, Hi} = Gw Y and E{X;|Yy, H-} = Gw_Y} in
(3.3) would lead to the DGW as given in (2.20). Obviously, this is suboptimal
in the assumed model because the joint density of the processes involved are not
Gaussian, as will be appa.fent shortly. Thus, we attempt to derive the expressions
of E{Xy|Y:, H,} and E{X;]Y;, H_}, assuming the appropriate joint probability
distribution.

First, we note that, Y} is constructed from the two mutually exclusive events

H, and H_. Thus, we may write

E{Xk|yk,H+} = f $kp($k|Yk,H+)d$k

 plrk, Yi, Hy)
= Ip————————"dx 3.4
/;oo ; p(YkJH+) ; ( )
E{Xk|yk,H_} = f -Tkp(xk'Yk,Hw)dﬂ:k
*  plok, Yi, H)
_ 3.
./_ooxk p(Ye, H_) dz (3:5)
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Pxe, ve)

Fig. 3.1: (a) Valid regions of X} and Y} for the events H, and H_, (b) The joint
density function pxy(zx,yx), (c) The joint density function p(zx,yx, H4) and (d)
The joint density function p(zx, yx, H-).

Thus the quantities in (A.46) and (A.47) can be determined if we know the joint
density functions p(zi, yx, H+ ), p(xe, v, H_), p(Ye, Hy) and p(Yi, H_).

We note that, for the event H,, XDy > 0, which results in XY, > X2 using
(A.32). This condition simplifies to m;Yx > |Xi| where my = sgn(X). Here
sgn(-) is the signum function, given by,

+1 .for >0
sgn(r) =< -1 forr <0
0 forr=0
Similarly, the event H_ results in the condition m;Yy < |Xi|. These constraints

of X and Y}, are shown graphically in Fig. 3.1 (a).

Thus the joint density functions p{xy, ¥, H4+) and p(zx, ¥k, H-) can be given
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| pxv(zeus) Y > | X
Pk, yrs Hy) = { 0 otherwise

_f pxy(@e,ye) muYe <[ X
Pk, Upy H-) = { 0 otherwise

These joint densities are plotted in Fig. 3.1(c) and Fig. 3.1(d) respectively, along
with the joint density function pxy{zk, ¥} in Fig. 3.1(b). As we can clearly see,
these density functions in the conditional events H, and H_ are not jointly Gaus-
sian due to their piecewise structure. Therefore, the optimum MMSE estimator
in these conditional events will not be linear, as was assumed in [3].

To evaluate {A.46} and (A.47), we now need to find the probability densities
p(Yi, Hy) and p(Yy, H_). We have,

o]

PO i) = [ pav(a Vi Hy )

—Oo0
The above integration integration is solved separately for positive and negative

values of Y.

Y

[ pxvoaYidm vz o0

p(Ye, Hy) =4 "o

/ pxy (2, Yi)dzk ifY, <0

Y,
A "

=Sgﬂ(yk)/ Pxy(Zy, Yi)dzk. (3.6)

0

Substituting the value of pxy{zk, Yi) from (3.1) into (A.52) and solving yields,

e 2C32) [orf(£) + erf(£2)]

Y., H,) = sgn(Y; . 3.7
p( k +) 123 ( k) 2@\/@ ( )
where,
fi= Yioq
! V20,02 + o2
£y = Y0,
2 V2040 + 02
Similarly, p(Yy, H_) is obtained as,
Y2
_2(a§+vgi f
p(Ye, H ) = sgn(Y,;c)e lorfe(f1) + erfc(fg)]. (3.8)

2v2my\/o3 + o2
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Fig. 3.2: {(a) The probability density function p(Yx, H;) and (b) the probability
density function p(Yx, H_) when o4 =0, = 1.

The probability distributions p(Y%, H4) and p(Yk, H_) are shown in Fig. 3.2
for fhe case of o, = o4 = 1. The shape of these density functions are quite
interesting and intuitively meaningful as well. When the signal and noise are
constructive, they are less likely to be near zero, which is the reason why the
density in Fig. 3.2(a) has a notch shape at Y3 = 0. Again, when signal and noise
are destructive, Y; has a higher probability to be near zero as seen in Fig. 3.2(b).
The sum of these two density functions obviously gives a Gaussian PDF.

Returning to (3.3), we now require the expressiohs E{Xy|Ys, Hy} and E{X,|Ys, H_}
to determine the dual MMSE estimator. Approaching in a way similar to the pre-
vious derivation we obtain,

E{Xi|Ye, H} = / p(e|Yi, Hy)dzy

o

| ouplan, Vi, Ha)day

p(YYk) H—I—)
Yi

Tkpxy (Tr, Ye)dze

p(Yk) H—I-)

= sgn(¥y) ="
Solving the integration yields,
E{Xx|Ye, 1} = GwYe + 2(Yi), (3.9)

where,
2

Gw = =

2 2!
o+ 0z
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_ 2 [exp(=fD) —exp(=f7)] _ ouos
‘I’(Yk)—\/;[ ot 1) T otf(f3) ot (3.10)

Noting that ®(Y%), containing f; and f», is an odd function, it can be expressed

as
D(Yr) = sgn(Yi)B(|Ykl),

enabling us to express (A.59) as a gain expression multiplied by the noisy DCT

component, Yz, i.e.,

'v d(Y;
B{Xi|Vs, H,} = (GW + g’:)) Ys

- (aw+205)

Y|
= Gumser X Y (3.11)

where G mmse+ denotes the MMSE gain function for the event H,. Expressing
- Gw and ®(Y}) using a priori and a posteriori SNR, the formulation of G mMse+

is given by,

VeEk |
. e 251:(1+Ek) — g 1+
MMSE+ =
1 \/ 1 V
g + +€k k erf 1+E }) + erf( 2(1+£ ))

(3.12)

2
where, v = %ﬁ’ is termed as the a posterior SNR after McAullay and Malpass

[7}. Following a very similar method, the gain for the destructive case, G MmsE—

can be expressed as,
_ _kSk
i \/—7 2Ek 1+5k — e 2001+&)
MMSE- — e
1 1
gk + + gk k eI‘fC 2’5 (1_}_5 )) + erfc( 2(1:';;))

Thus, the proposed dual MMSE estimator is given by

XPMMSE — (5, Gumses + (1~ pi)Guuse—] X Yr. (3.14)

In the following sections, the properties of the proposed MMSE gains Gumse+

and Gumsg- are discussed.
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Fig. 3.3: Parametric gain curves describing (a) MMSE gain function in the con-
structive case, G mmse+ (solid lines), (b) the gain function due to Emphraim-
Malah (EMSR) (dash starred line), (c) the gain Gy 4 from the dual gain Wiener
(dashed lines) as in {2.18) and (d) the Wiener gain function.

3.2 Properties of the gain G mMse+

The gain curves in Fig. 3.3 show the variation of gain Gmmse+ with the a priom
SNR, &, and a posteriori SNR, <. For comparison, we plot the well known
gain function due to Ephraim and Malah [9] termed as EMSR (Emphraim-Malah
Suppression Rule); the gain G4 in (2.18) proposed in (3], and the conventional
Wiener gain function Gw given in (A.45). The latter two gain functions only
depend on £, whereas the former ones on both & and +;. DBoth these gains
converge to the Wiener gain as the a posteriori SNR is increased provided that

the a priori SNR is at a constant value. This is apparent from (3.12), since if
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Fig. 3.4: Parametric gain curves plotted against &, describing (a) MMSE gain
function in the constructive case, G mmse+ (solid lines), (b) the gain Gy, from
the dual gain Wiener (dashed lines) as in (2.18), and (c) the Wiener gain function
(dotted lines).

one applies the limit yx — oo, the second term vanishes as

: €k
lim G =
LG MMSE+ £+ 1

However, for lower values of 7, the two gains show spectacular divergence. When
the a posteriori SNR tends to —oc dB, EMSR gain tends to oc dB, whereas
G mmse+ tends to —6.02 dB, that is 1. This can also be seen by taking the limits
in (3.12).

1

lim G mMse+ = =
¥ —0 2

Since the gain G yuvsgs only deals with the constructive interference, it is
always attenuating, i.e. below 0 dB as expected. However, the EMSR eventually
goes beyond the 0 dB line for all the gain curves, when «;, is very low, which means
that EMSR inherently assumes the destructive interference and gives an ampli-
fying gain for the weak noisy spectral components?. Since EMSR is a spectral

amplitude estimator, it can never give negative gain values, i.e.,

It may be noted that EMSR is a spectral amplitude estimator for a complex Fourier ex-
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Fig. 3.5: Parametric gain curves describing (a) MMSE gain function in the de-
structive case, G ymsg— (solid lines), (b) the gain Gw_ from the dual gain Wiener
as in (2.19); and (c) the Wiener gain function (dotted lines).

As the Wiener gain and the dual gain Wiener filters only depend on the a
priori SNR, we plot the gains G mmsg+, Gw+ and Gy with the variation of &
in Fig. 3.4 that exhibits the respective influence of 4, and & [{12]. These curves
also demonstrate the convergence of the gain G mmsg+ to the Wiener gain and a

constant 1 when vy, — 0o and v, — 0, respectively.

3.3 Properties of the gain G mumse—

The gain curves in Fig. 3.5 shows the variation of the gain G ymgg— With a prior:
SNR &, and a posteriori SNR, ;. Again, we compare the parametric gain curves
with the Wiener (A.45) and the gain Gw_ (2.19) proposed by [3]. We leave out

pansion coefficient. Thus the definition of the destructive interference is not the same as in
case of DCT. In the context of complex Fourier coefficients, the destructive interference merely
indicates that the absolute value of the noisy sighal coefficient has been decreased by the noise.
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the EMSR in this case because our gains take on negative values which cannot
be shown in log scale with the EM5SR. 7

The gain Guumse_, in contrast to the EMSR and Gumse+, converges to the
Wiener as the a posteriori SNR tends to —oc dB, ie., 0. This can be shown

mathematically from (3.13) as

: &k
im G _ =
) G MmsE &+ 1

As 1, increases, the convergence of the Gumse— depénds on &. If & > 0 dB,
G mmse— converges to 0 dB or unity gain. But if £, < 0 dB, the gain converges
to zero. For the case & = 0 dB, the gain is a constant at 3 or —6.02 dB.

These situations are better observed when the gains are plotted against the
variation of & as shown in Fig. 3.6. For the different values of -y, the gain G mmse-
provides a gain curve similar to the DGW gain Gw as shown in Fig. 2.1(b). All
of these gain curves show three regions similar to Gy _. Interestingly, when
tends to oo, the gain actually approaches a unit step function with unity lag, i.e.,

lim G mmsey = U(& — 1),

T
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Fig. 3.7: Theoretical performance comparison of the conventional Wiener, dual
gain Wiener and the proposed dual gains in the known polarity case.

where U{(.) denotes the unit step function. This is evident from the v = 30 dB
gain curve shown in Fig. 3.6. This means, for very high spectral components, this
MMSE estimator simply needs to decide if this high value was due to the signal or
noise only, since it is given that the destructive interference has occurred. Thus,
if & is greater than unity, the estimator decides that X & was stronger and gives
a unity gain and conversely if & is less than unity, it gives a zero gain assuming

that Dy was stronger.

3.4 Performance comparison and discussion

3.4.1 Experiment using generated Gaussian sequences

In this section, we compare the performance of the conventional Wiener estimator
(A.44), the dual gain Wiener estimator [3] as given in (2.20) and the proposed
dual MMSE estimator (3.14) with respect to MSE value and SNR improvement.
For this experiment, an ideal case is considered. Gaussian sequences of length

L = 40000 are generated for signal x[n] and noise d{n] and are mixed in different

28



SNRs to construct the noisy signal y[n]. The true polarities of the corresponding
DCT coefficients X and D, are assumed to lbe known, and the values of p; set
accordingly. The values of £, are calculated from the known input SNR level.
Using (A.44), {2.20) and (3.14) the clean estimates X}V, XPCW and X PMMSE
are calculated.

The improvement in MSE of the various estimators for different, input SNR val-
ues is shown in Fig. 3.7. It is clear from the figure that the proposed dual MMSE
estimator gives a better performance than those of the conventional Wiener and
the dual gain Wiener estimators for all input SNR values. With respect to the
DGW, the improvement is prominent for high and low values of the input SNRs.
Note that the MSE values are equal for all the estimators when the input SNR
is 0dB. This is expected since at 0dB SNR, all of the gains are equal to 0.5.
This is seen in Figs. 3.4, 3.3, 3.6, 3.5. This theoretical performance compar-
ison proves the effectiveness of the derived MMSE estimators for the assumed

statistical model.

3.4.2 Experiments on speech files

The proposed dual MMSE estimator presented in this section, is tested using 5
male and 5 female utterances taken from the TIMIT database. The utterances
‘are corrupted with white noise, taken from the ‘NOISEX’ database. The noise
level is adjusted so as to give SNR from -10dB to 35dB. The sampling frequency
is 8 KHz. A frame size of 32 ms (512 samples) is used for framing and the overlap-
add method with 75% overlap is used for signal decomposition. 1024 point DCT
is performed in each frame. The a priori SNR is calculated using the decision
directed approach [9] utilizing different averaging parameter values.

As discussed in [3], a polarity estimation method is required to apply the dual
gains in practical cases. However, in this work, the focus is on the optimal es-
timation of clean speech assuming an accurate modeling of the constructive and
destructive interference. Thus, instead of actually using a separate polarity esti-
mation algo'rithm, its operation is simulated assuming that the actual polarities
of the noise DCT coefficients are known. The value of p; are therefore computed

as
pr = U(XpDx)  Where, k =1,2..512, (3.15)
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Results for A, = 100% and o = 0.8
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Fig. 3.8: Performance comparison of conventional Wiener (dashed lines), dual
gain Wiener (DGW) (dotted lines) and the Proposed dual MMSE (DMMSE) es-
timator (solid lines) with respect to improvement in overall SNR, average segmen-
tal SNR, composite speech quality measure (COMP) and PESQ scores. Polarity
estimator accuracy was assumed to be 100% and the averaging parameter a was
set to 0.8.

This equation actually leads to (2.21). If an estimator could give the exact values
of pg, it would have had an accuracy of 100%. For simulating a polarity estimator
having an accuracy of 80% (79.98% to be exact), 205 values of p, are toggled
(performing the NOT operation) randomly to find p,. This generated value, py
instead of py, is used in (2.20) and (3.14) the DGW and DMMSE estimators.
The accuracy of the polarity estimator is denoted in the figures as A,,.

The results obtained from the conventional Wiener filter, the DGW and
DMMJSE estimator are presented for comparison. The averaged results of the
10 utterances are plotted in Figs. 3.8, 3.9 and 3.10. From these figures, it is clear
that the DMMSE method shows uniform improvement with respect to output
SNR, Average Segmental SNR, Composite speech quality measure (COMPY) and
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perceptual evaluation of speech quality {PESQ) scores for the complete range of
input SNRs as compared to the Wiener and DGW estimators, when the averag-
ing parameter « = 0.90. For other values of @, an improvement in all ranges of
input SNR is not always achieved. This indicates that even though the DMMSE
method is consistently superior in the ideal case where real GGaussian sequences
are used, in real case such as speech, the performance depends on the a prior:
SNR estimation.

It is to be noted that the gains are applied over a specific frequency bin
across each time frames. Thus, the correlation between the successive frame DCT
coefficients come into play. However, ideally this sample by sample correlation
should not exist. This is why in the ideal case the DMMSE is consistently better
than DGW. Since in reality, the successive frame DCT coefficients of the noisy
speech is not Gaussian, the errors in estimation can be expected. It may be
argued that why DGW would perform better than DMMSE in some cases given
that DMMSE assumes the more accurate model. In this regard, our opinion is
that, since DMMSE more rigorously considers the Gaussian model, it is more
likely to give errors due to non-Gaussian speech DCT samples than the DGW
estimator. DMMSE is more dependent on the Gaussian statistical model than the
DGW. However, the ideal performance curve clearly demonstrates that DMMSE
is superior to DGW if the data sequence really follows a Gaussian distribution.

Both the DMMSE and DGW estimators show remarkable improvement over
the Wiener estimator, which is actually demonstrates the effectiveness of the dual
gain approach. With the polarity estimator accuracy of 100%, we have the highest
improvement achievable theoretically. However, even for an accuracy of 80% the
estimator performance is consistently superior to that of the DGW estimator as

can be seen from Fig. 3.9.

3.5 Conclusion

A new MMSE estimator for DCT domain speech enhancement has been pre-
sented in this chapter. Unlike the traditional MMSE estimator approaches, we
have deliberately considered the constructive and destructive interference between
the signal and noise DCT coefficients. Similar to the previously proposed dual

gain Wiener estimator, a dual MMSE estimator is formulated with the major
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difference in the non-linear MMSE assumption. The proposed parametric gain
characteristics are analyzed in detail and compared with the well known tradi-
tional gain functions. The theoretical performance of the proposed method has
been evaluated using computer generated Gaussian sequences, showing a notable
MSE reductions. The effectiveness of the proposed estimator has also been tested
using speech files taken from the TIMIT database and significant performance im-
provement was achieved compared to the traditional estimators. In the following

chapter, the proposed post-filtering method is described.
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Results for A, = 100% and a = 0.9
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Fig. 3.9: Performance comparison of Wiener (——), DGW (- - --) and DMMSE
estimator (—) for a = 0.9. A, = 100% for Figs. (a)-(d) and A, = 80% for Figs.

(e)-(h) :
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Results for A, = 100% and « = 0.98
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Chapter 4

Post processing using the
empirical mode decomposition

Most of the conventional speech enhancement methods can improve the signal
to noise ratio (SNR) levels at the expense of introducing musical noise in the
enhanced speech. A key element in this trade-off is the smoothing parameter
«, used in the decision directed approach [9] for estimating the a priori SNR.
As an example, the approximate MAP estimator [10] is well known to have very
low residual noise, if o ~ 0.98. But the SNR improvement of the method is not
optimal for such a high value of &. A relatively lower value of it, or an adaptive
a [27), gives much better SNR improvement, but also generates very annoying
musical tones. ,

In this chapter, we show that the musical noise in the speech enhanced by
popular methods, can be sigﬁiﬁcantly suppressed using the newly developed em-
pirical mode decomposition (EMD) [2], pioneered by Huang et. al. This noise
suppression is accompanied by significant improvement of both subjective and
objective quality measures.

While Flandrin ef. al. gave a general discussion on de-noising using EMD
[28], its application on speech enhancement is rather new. Among the few works,
in [29] the authors have noted that the EMD method can be used to separate sud-
den impulsive unwanted sounds from speech. However, no formulation of noise
power estimation, rigorous experiments and relevant quality index results were
presented. In [30], a more analytical approach has been considered. The au-
thors discussed the noise power densities in each intrinsic mode functions (IMF's)

produced by EMD, and the basic principles of de-noising in the EMD domain.
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In this chapter, we discuss the basics of EMD and its suitability in removing
musical noise. Next, an optimum gain function is derived which minimizes the
mean squared error (MSE) between the clean and estimated speech IMF variance
in short frames. The individual IMFs are assumed to be normally distributed
and thus the short-time variance is assumed to follow a Chi-square distribution.
The gain is further modified to incorporate the speech presence uncertainty. An
adaptive noise variance estimation method is also proposed utilizing the energy-

period relationship of an IMF as found in [31].

4.1 Basics of EMD

The EMD is an adaptive decomposition method that separates a given signal
. z(t), into a series of oscillating components, termed as intrinsic mode functions
(IMFs)[2]. The IMFs are special functions that has symmetric envelopes with
respect to the local mean. As the term implies, EMD is a heuristic transformation

having no a priori basis function.

4.1.1 Intrinsic mode functions

An intrinsic mode function is a special kind of function proposed by Huang ef. al.
[2]. A function must satisfy two properties to be qualified as an IMF. It must (1)
have the same numbers of zero crossings and extrema, and (2) has to be symmetric
with respect to the loéal mean. These conditions restrict an IMF to have complex
riding wave shapes and forces it to have a symmetric envelope. These properties

are very useful when working on the Hilbert Transform of IMFs[2].

4.1.2 The sifting algorithm

The EMD process involves an iterative sifting algorithm that extracts the IMFs
from the given signal. At first, the extrenias of the given signal is found and curves
are fitted through the maximas and the minimas. These curves are termed as the
upper and lower envelopes, respectively. The mean value of these two envelopes
is termed as the mean envelope. Since the objective of EMD is to make the mean
envelope a constant zero (for satisfying the second IMF property), the mean
envelope found in the first iteration is subtracted from the original signal. This

is the basic idea of the EMD sifting method. After the subtraction, the original
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signal will have lower fluctuations and more symmetry. However, rarely the IMF
is found after the first subtraction. Thus, the process is continued iteratively.
The new signal obtained after subtracting the first mean envelope is considered
as the original signal and is processed again. After a number of iterations an IMF
is obtained. The remaining IMFs can be obtained by repeating the process on the
residual signal. The process is difficult to describe but can be easily understood

from the algorithm steps given below.

Symbols
z(t) Original signal to be decomposed
€ A very small number used to set the stopping criteria

IMF,(t) The jth IMF
r;(t) The 7th residual signal
h;i(t) The jth approximation in the ith iteration

Uy(t) The upper envelope of A, ;
L;i{t) The lower envelope of h;;
#;4(t)  The mean envelope of hj;
T The total time duration.

Algorithm steps
Step-1 Fix ¢, 7 « 1 (jth IMF)
Step-II 7;_1(t) « =z(t) (residual)
Step-1I1 Extract the jth IMF:
(a) hji—1(t) « ri_1(f), ¢ — 1 (i number of sifts)

(b) Extract local maxima/minima of h;;_1(t)

(c) Compute the upper envelope and lower envelope functions U; ;1 ()
and L;,_(t) by interpolating respectively local maxima and min-

ima of h;;_1(t)
(d) Compute the mean of the envelope:

(Uji—1(t) + Lyi-1(t))
2

tii-1(t) —

(e) Update: hyi(t) — hjia(t) — pim1(t),d —i+1
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(f) Calculate stopping criterion:

hjaa( 2
Z| |2( i

_',‘,z 1

(g) Decision: Repeat Step (b)-(f) until SD(¢) < e and then put

Step-1V Update residual: r;(t) « rj_1(t)—IMF,(t)

Step-V Repeat Step 3 with j «— j + 1 until the number of extrema in
T‘j(t) S 2.

The sifting is repeated several times (¢) in order to get A to be a true IMF that
fulfills the requirements (1} and (2). The result of the sifting procedure is that -
z(t) will be decomposed into IMF;(t),7 = 1,...N and residual rx(%):

ZIMF ) + ()

To guarantee that the IMF components retain enough physical sense of both
amplitude and frequency modulations, a stopping criteria has to be maintained.
This is accomplished by limiting the size of the standard deviation SD computed

from the two consecutive sifting results. Usually, SD is set between 0.2 to 0.3 [2].

4.2 Separation of Musical Noise using EMD

It is known that the musical noise in the enhanced speech is composed of sinu-
soidal components with random frequencies that appear and disappear in each
short-time frame. The generation of musical noise is mainly due to strong fluc-
tuations of the noisy speech spectrum, especially in the noise dominated regions.
These regions generate randomly spaced spectral peaks after the application of
spectral attenuation [12]. We have observed that, if EMD is performed on such
an enhanéed speech and the IMFs are played back as sound files, the musical
noise is distinctively heard in the first few IMFs. Thus, we presume that this
noise can be efficiently separated using EMD.

To justify this intuition, an arbitrary speech file taken from the TIMIT database
is corrupted by white noise at 10dB SNR, and 512 point DCT is taken on each
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Fig. 4.1: {a) A sequence of musical noise. (b) The energy distribution of musi-
cal noise in different IMFs (ratio of the ith IMF variance to the overall signal
variance).

32ms frame. In each frame, the higher 256 DCT coefficients (257 to 512) are en-
hanced employing the traditional Wiener filter in DCT domain with the optimum
a priori SNR [27] and the lower 256 coefficients are replaced by the clean speech
DCT coefficients. This enhanced speech is subtracted from the clean speech, to
have only the high frequency residual noise. This is shown in Fig. 4.1(a). From
this figure, it can be observed that the musical noise is very much similar to
typical IMFs, having non-stationary oscillations [2|. We performed EMD on this
musical noise and the variance of each IMF was calculated. Fig. 4.1(b) shows the
ratio of the ith IMF variance A4, and the overall musical noise variance Aq plotted
against the IMF number. This depicts the fact that most of the musical noise
energy (88.94%) is concentrated in the first IMF. This justifies our assumption
that the musical noise can be well separated by EMD into IMI's. Hence, the
musical artifacts may be effectively filtered in the EMD domain by attenuating

the noise dominated regions.
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4.3 Proposed method

If y(n), z(n) and d(n) denote the noisy speech {output of the first stage), clean

speech and the residual noise, respectively, we may write,

y(n) = a(n) + d(n). (4.1)

Since EMD is a heuristic transformation, no direct relation between the signal

and noise IMFs is available. Also, because the process is nonlinear,

yi(n) # zi(n) + di(n)

inequality holds, where y;(n), z;(n), and d;(n) denote the ith IMF of the noisy
signal, clean signal and residual noise, respectively. This nonlinearity makes EMD
domain analysis very difficult. Unless an analytic expression of EMD is found,
deriving a suppression rule for processing time samples of the noisy IMFs one
by one is not feasible. We, therefore, propose to process IMFs in non overlap-
ping segments instead. Before developing the segment-wise filtering scheme, we

attempt to relate the variances of signal and noise IMFs in short time segments.

4.3.1 Conservation of energy in EMD

As mentioned earlier, an analytic expression relating z;(n), d;(n) and y;(n) is not
available till date. However, an approximate relation between their short time

variance can be found experimentally, which is given by,
A3 k) = Ap(t, k) + Aa(i k) (4.2)

where, A, (i, k), A(i,k) and Aq(i, k) are the variances of the ith IMF of noisy
speech, clean speech, and residual noise in the kth short-time segment. This
approximate relation is used in our method which greatly simplifies the derivation
of the proposed suppression rule. Yet, we have numerically investigated this
conjecture. A speech utterance from the TIMIT database is corrupted by white
noise so as to give 0, 10 and 20dB SNR, and then enhanced by the Wiener filter

in the DCT domain using the variable averaging parameter proposed in [27]. For

each enhanced speech, clean speech and the residual noise, EMD is computed }

upto 4 IMFs to find z;(n), %i{n) and di(n). All the IMFs are segmented in ||

sizes from 64 to 1024 samples with an increment of 64 samples. In all of these
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Az(i, k) + Ag(d, k) (dB)
Fig. 4.2: Scatter plot of Ay(4,k) vs. A-(%, k) + Aq(d, k) in Log scale.

frames, A;(%, k), Aq(?, k) and A, (¢, k) are determined to generate the scatter plot
of Fig. 4.2. The clearly visible linear trend inspired us to use the approximation
of (4.2).

4.3.2 Statistical model of IMF local variance

The energy, z = S.~_, u?(n), of a normally distributed random variable u(n) ~

n=1
N(0,1) in a short segment of length N samples follows a Chi-square distribution
having N degrees of freedom [26]. The probability density function (PDF) of 2
is given by,

1 N1 _,
p(z;N)=W2—f‘-(-§-)-z2 16 /2. (43)

Thus, if an arbitrary IMF of a Gaussian sequence has an overall variance A and a
local variance A, in a short-time region of length N, the normalized IMF energy
NA/X will follow a Chi-square density function given by (4.3), as discussed in
[31]. Thus, the PDF of A is found to be,

N

N (NXA)? N
p(A) = 2(1"/2F(I-§)5\ exp (_K) : (4.4)

Assuming that y(n), z(n) and d(n) are Gaussian [32], their IMFs can also be
assumed to be Gaussian [31] and thus the PDF of (4.4) may be used for the IMF
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local variances A, (2, k), Az(¢, k) and Ag(4, k) defined in Section 4.3.1.

4.3.3 Optimum gain

To formulate a suppression rule in the energy domain, we aim to minimize the
cost function

Jo = B{(Aa(i, k) — Ae(i, k))}, (4.5)
where, A;(i,k) = Ga(4,k)A (4, k) is the estimate of clean IMF local variance.
The indices i and k denote the IMF and frame number, respectively. Using the
approximation in {4.2), the gain G(¢, k) minimizing Jg is given by

E{)2} + E{)\; s}

T E{R} + B+ 2B A} (4:6)

G

The indices ¢ and k are omitted for simplicity. Assuming that A, and Ay are
independent and they follow a Chi-square density function as given in (4.4), we

may substitute,

E{}} = (1+%) 22 (4.7)
E(} = (1+%) 32 (4.8)

and E{ A} = Ada

Thus, using these definitions, (4.6) gives the gain expression as

_'2k+ f}',k

T, i

Gri, k) = ——— T, (4.9)

Tl on o

where, _
- Az(7, k)
2 = SNRy, riori = ———. 4.10
Et'k P )\d(za k) ( )

We propose to segment the IMFs at the zero-crossing points containing integer
number of oscillation periods. Thus the frame size N is different for each frame.

The gain in (4.9) gives a variance estimate. Therefore, a square root operation
must be performed in order to apply it on short time segments. The final gain

expression is thus,

2 &k
b7/

=2 26 %
ik + 1 + 2/N,"k+1

G(i k)= (4.11)
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The @ priori SNR in {4.11) can be calculated using the classical decision directed

“approach [9] applied in time-domain:
ik = BEipo1 + (1 — B)max [0, yip — 1], (4.12)

where 3 is a smoothing parameter and,

A (3, &)
i r = SNR,, = 202
Yok = SNRoowt = 3 )

For the first frame, 6—1-,1 = max[0,¥; 1 — 1] is used.

4.3.4 Considering speech presence uncertainty

If the events H; and H, denote speech presence and absence, respectively, from

(4.4) we have,

— N
N (NA /A NA
H) = 2 _ 4.13
p(Ay|H1) 2N/2F(_1;v’_ . €xp 2, ) ) ( )
N (NA/Ag)* ™ N )
M| Ho) = LG ——=2 ). 4.14

Using Bayes rule, the a posterior: probability for speech presence is given by,

1
where, ‘

p(H1)p(Ay|[H3)
Assuming that the speech and noise states are equally likely, i.e., p(H1) = p(Ho) =
1, from (4.13), (4.14) and (4.15) we have,

A=(1+M exp (—%T- ({fl)) : (4.16)

Thus, the modified gain expression is given by
Gopt(1, k) = GprG(1, k). (4.17)

Incorporating Gy, the gain is now highly attenuatihg for low &) values. This

property is highly effective for musical noise reduction.
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4.3.5 Noise variance estimation

To determine the noise variance in different IMFs, EMD is applied in the speech
absence periods of the noisy speech. From these frames, the average noise variance
As; and mean period Ty; of the noise IMFs [31] are obtained. It is shown in [31]

that, for a Gaussian sequence, IMF energy per period is a constant, i.e.,
ATy =K, (4.18)

where K is a constant. Since EMD does not allow same time scale data to be
present at the same location in different IMFs [2], intuitively, noise embedded
in a region of a noisy IMF cannot have a drastically different local time scale.
Thus, we assume Ty(4, k) & T, (i, k), where T4(4, k) and T,,(i, k) denote the average
period of d;(n) and y;(n) in the kth frame, respectively. Thus the noise variance

may be estimated as

Ma(i k) = (4.19)

| T, (i, k)
In reality, the right hand side of (4.18) may give slightly different value for dif-
ferent IMFs. Thus, we calculate K as

M
1 o
K= > " AaiTus 2

M-14 hatas (4:20)

where M is the total number of IMFs. Since, (4.18) is not valid for the first IMF
[31}, the summation begins at ¢ = 2. Thus, Xa(1, k) is calculated from the speech

absence periods directly.

4.4 Simulation results

4.4.1 Experimental details

The effectiveness of the proposed post processing scheme is evaluated using 5
male and 5 female utterances taken from the TIMIT database. Two different
types of noise, e.g. ‘white’ and ‘babble’ were taken from the NOISEX database to
corrupt the speech signals. The sampling frequency was 16 kHz. The noisy signalé
were enhanced using the i) Wiener filter in DCT-domain using the adaptive «
[27], ii) approximate MAP [10] with a = 0.98, and iii) approximate MAP [10]
with the adaptive a [27], iv) the MMSE STSA estimator [9], v) the MMSE
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Log STSA estimator [8], and vi) the perceptual filtering proposed by Virag [16].
These methods are denoted by: i) Wn (), i) MAP (0.98), iii) MAP (a), iv)
EM STSA, iv) EM Log STSA and v) Virag, respectively. The proposed post
processor is applied after the Wn (o) and MAP (a). After processing, they are
denoted by P-Wn (&) and P-MAP (a), respectively.

The proposed post processor was applied in the following procedure. EMD
was applied on the enhanced speech to extract the IMFs and the lowest 4 IMFs
were taken. The zero-crossing points of these IMFs were identified, and segmen-
tation was done using two full oscillation cycles. No overlapping was used. For
each segment, the value of &; , was calculated from (4.12) using # = 0.95. The av-
erage noise variance 5\,1,1- and the noise variance in each frame A (i, k) were found
as described in Section 4.3.5. The non-speech regions were detected using the
method in [33]. Next, the gain Gopu(i, k) was calculated from (4.17) and applied
to the short frames. Simple summation of all the modified (and unmodified)
IMFs gives the further enhanced signal.

Comparison of the objective quality measures for a wide range of input SNRs
is shown in Figs. 4.3, 4.4, 4.4.1. In Fig. 4.3, we have compared the performance
of MAP(0.98), MAP(«), P-MAP(«) and EM STSA. The average segmental SNR
(AvgSegSNR) and composite speech quality measure (COMP) [34] were used
for objective performance comparison. In Figs. 4.4, 4.4.1 we have compared
the performance of MAP(0.98), MAP(«}, P-MAP(a), Wn(a), P-Wn(a), EM
Log STSA and EM STSA with respect to the quality indices: Overall SNR,
AvgSegSNR, PESQ and COMP. |

The COMP quality index is a linear combination of different objective quality
measures. The correlation coefficients for the linear combination are determined

from listening tests [34]. The index is given by,
COMP = 1.594 + 0.805PESQ - 0.512LLR — 0.007WSS.

This is known to be highly correlated with human listening.

For subjective quality evaluation, two listening tests were performed. The
first one was conducted using the comparison category rating (CCR) method
[35]. A total number of 10 listeners were presented with the enhanced speech
files in pairs and asked to compare their quality in the CCR scale {35]. The order

of presentation was random. To eliminate any biasing due to the order of the

45



algorithms within a pair, each pair of enhanced utterances was presented twice,
with the order switched. Listeners were asked to rate the quality of the second
utterance relative to that of the first according to the scale in Table 4.4.1.

For the second listening test, the MOS (Mean Opinion Score) scale was used.
This scale is given in Table 4.4.1. 2 male and 2 female utterances from the
TIMIT database corrupted by ‘white’ and ‘babble’ noise at 5 and 10dB SNR
was enhanced by the Wiener DCT [27] and the EM-Log STSA [8] method and
the proposed EMD based post-filter was applied. A total of 8 subjects attended
the informal listening test and ranked the speech quality in the MOS scale. The

averaged results are given in Table 4.4.

Table 4.1: The comparison cat- Table 4.2: The mean opinion
egory rating (CCR) scale score (MOS) scale

3 Much better 5 Excellent

2 Better 4 Good

1 Slightly better 3 Fair

0 About the same 2 Poor

-1 Slightly worse 1 Bad

-2 Worse
-3 Much worse

4.4.2 Performance Evaluation and Discussion

From Figs. 4.3 (a) and (c), it is clear that MAP (a) is superior compared to
MAP (0.98) [10] with respect to the AvgSegSNR. This is true throughout the
whole input SNR range and for both noise types. However, this improvement is
accompanied by musical noise generation. After the EMD based post process-
ing, further improvement in AvgSegSNR and COMP is achieved for a wide input
SNR range. This can be observed from Figs. 4.3 (a) and (c), and, (b) and (d),
respectively. Interestingly, this improvement is accompanied by a simultaneous
improvement in listening quality, which can be seen in the fourth row of Table 4.3.
The positive scores indicate the preference of P-MAP («) over MAP (a). Fur-
thermore, the P-MAP (a) and MAP (0.98) are very close in terms of the listening
quality, as can be seen from the fifth row of Table 4.3. As evident from these re-

sults, the proposed technique can be used for improving objective quality without
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Fig. 4.3: Average objective quality measures with different input SNRs; (a), (b):
white noise; (c), (d): babble noise.

deteriorating the subjective quality of the enhanced speech. The improvement
in listening quality after the post filtering is also demonstrated from the MOS
scores given in Table 4.4. ‘

A more detailed comparison of the proposed post filtering method is pre-
sented in Figs. 4.4 and 4.4.1. From these figures, the superiority of the proposed
post filtering technique with respect to AvgSegSNR is also apparent. However,
the post filtering operation reduces the overall SNR for input SNR greater than
4dB. Nevertheless, the remarkable improvement in the PES(Q) and COMP scores
demonstrate the superior listening quality of the proposed enhancement scheme.

It may be emphasized that the proposed method improves the quality indices,
that is the CCR scores and the MOS scores, without sacrificing the AvgSegSNR
values. This is a very important finding since it is contrary to general observations
of speech enhancement techniques. Moreover, the proposed method is providing
a similar listening quality in the enhanced speech that has a superior objective
quality. Thus, it may be concluded that the proposed method maybe leading the

speech enhancement research to a new level of speech quality.
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Table 4.3: Results from the Listening test in the CCR scale. A positive value
indicates preference for the proposed method

Noise Type white babble
Input SNR || 5dB 10dB | 5dB 10dB
P-MAP (a) vs MAP (a) || 1.5000 1.7500 | 1.2000 1.3250
P-MAP (o) vs MAP (0.98) || 0.9500 0.8750 | 0.8230 0.8000
P-Wn (a) vs Wn («) | 1.4250 1.7000 | 0.4750 1.3250
P-Wn (a) vs Virag | 1.4500 1.7250 | 1.2750 1.0750

Table 4.4: The Mean Opinion Score Experimental Results for white and babble
noise of 5 and 10dB SNR

Noise Type white babble

Input SNR | 5dB | 10dB | 5dB | 10dB
Noisy Signal 1.16  1.31 | 1.16 | 1.34

Single Stage || 2.38 | 2.88 | 2.06 | 2.63
Proposed || 3.09 | 3.56 | 2.44 | 3.28
Single Stage || 2.34 | 2.81 | 2.31 | 2.66
Proposed || 3.00 | 3.84 | 2.44 | 3.31

EM Log-STSA [8]

Wiener DCT [27]

4.5 Conclusion

This chapter has dealt with a novel post processing method using EMD for sup-
pression of residual noise from speech signals. Well known techniques in the
DCT and DFT domain were used as the first stage filter and the annoying musi-
cal noise present in the enhanced speech were filtered in the second stage using
the proposed EMD domain method. Experimental results have delﬁonstra,ted the
superiority of our method in terms of both objective and subjective evaluation

criteria.
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Fig. 4.8: Enhancement results for the male utterance “Heels place emphasis on
the long legged silhouette”. Time domain plots of (a) clean speech, (b) noisy
speech (10dB), (¢) enhanced using MAP(a) and (d) enhanced using P-MAP(a).
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Fig. 4.7 Enhancement results for the male utterance “Heels place emphasis on
the long legged silhouette”. Spectrogram plots of (a) clean speech, (b) noisy
speech (10dB), (c) enhanced using Wn{a) and (d) enhanced using P-Wn(a).
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Fig. 4.6: Enhancement results for the male utterance “Heels place emphasis on
the long legged silhouette”. Time domain plots of (a) clean speech, (b) noisy
speech (10dB), (c) enhanced using Wn{a) and (d) enhanced using P-Wn{a).
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the long legged silhouette”. Spectrogram plots of (a) clean speech, (b) noisy
speech (10dB), (c¢) enhanced using MAP(c) and (d) enhanced using P-MAP(a).
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Chapter 5

Performance analysis of the
hybrid method

5.1 Introduction

In this chapter, the performance of the proposed hybrid speech enhancement al-
gorithm is studied and compared to that of the dual gain Wiener (DGW) [3]
filter, the conventional Wiener filter and the MMSE Log spectral amplitude esti-
mator [8]. The quality of the enhanced speech is measured using the overall SNR,

average segmental SNR and PESQ (perceptual evaluation of speech quality) [36].

5.2 Experimental details

The effectiveness of the proposed hybrid enhancement scheme is evaluated using
10 male and 10 female utterances taken from the TIMIT database. The speech
files are corrupted by white noise taken from the NOISEX database. The noise
level is adjusted so as to give SNR from 0 dB to 25 dB. The sampling frequency
is 16kHz. A frame size of 32ms (512 samples) is used for framing and the overlap-
add method with 75% overlap is used for signal decomposition. The a priori SNR
is calculated using decision directed approach [9] utilizing the variable averaging
parameter proposed in [27].

In the first stage, the noisy speech is enhanced using the conventional Wiener
(in DCT), dual gain Wiener (DGW), MMSE Log spectral amplitude estimator
(EM Log STSA) [8], and the proposed dual MMSE (DMMSE) estimator. Each
frame is subjected to 1024 point DCT for the Wiener,. DGW, and the DMMSE es-

timator. The experimental methods of the DMMSE implementation is discussed
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in Section 3.4.2 of this thesis. In the second stage, the proposed EMD based post
residual noise reduction technique was applied to the speech files enhanced using
the conventional Wiener, DMMSE and EM Log STSA. The experimental details
regarding the post processing was done as discussed in Section 4.4. The average

of the results of the 20 utterances are plotted in Figs. 5.1, 5.2 and 5.3.

5.3 Performance comparison and discussion

As mentioned in section 4.4, the average segmental SNR (AvgSegSNR) improve-
ment has been the most remarkable for the proposed post filtering algorithm. This
is clearly demonstrated in Figs. 5.1 {a) and (b), especially in the SNR regions
below 15 dB for all the methods. The post processing method fails to manifest
further improvement above 15dB, for DMMSE and above 20dB for Wiener and
EM Log STSA as one can see from Fig. 5.1. For a polarity estimator of accu-
racy 80%, the situation is almost similar, except that the DMMSE and DGW
performances are reduced, which is expected. However, the relative superiority
of DMMSE compared to DGW is still visible.

Figs. 5.2 (a) and (b) show the overall performance of the various methods
interms of the output SNR improvement. Here, while the DMMSE, and DGW
demonstrate superior performance than the Wiener and EM Log STSA estima-
tors in most of the regions, the application of the proposed post filtering method
reduces the improvement for input SNRs greater than 10dB. Similar behavior
is observed in case of Figs. 5.2 (a) and (b). However, the PESQ improvement
demonstrated in Figs. 5.2 {a) and {b) show noticeable perceptual quality im-
provement of the enhanced speech files. Even though the proposed post filtering
technique reduces the overall SNR in some regions, the listening quality improve-
ment obtained using the method is considerable. This is expected, since it is a
well known fact that overall SNR is not correlated to human listening [34]. This
was also confirmed earlier in the MOS experiments discussed in section 4.4. The
PESQ scores in this case gives us an appraisal of that improvement. In this case
also, the performance of the post filtering method deteriorates at very high SNRs
(> 20dB). But the improvement in the PESQ score using the hybrid method
(DMMSE+EMD) is remarkable in the lower SNR regions. This is true in both

the ideal and simulated (polarity estimation accuracy of 80%) cases.
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5.4 Conclusion

In this chapter, the performance of the hybrid algorithm has been analyzed and
compared to well established speech enhancement techniques. The proposed
dual MMSE estimator shows superior objective quality indices compared to other
methods in most of the input SNR regions. Significant improvement in the aver-
age segmental SNR values has been achieved after the application of the proposed

post-processing technique.
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Fig. 5.1: Performance comparison of the DMMSE, DGW, Wiener and EM Log
STSA with respect to improvement in average Segmental SNR. for an input SNR,
range of 0 dB to 25 dB. The proposed post filtering method is applied to the
DMMSE, Wiener and EM Log STSA methods indicated by the +EMD notation.
DMMSE+EMD indicates the proposed hybrid method. A polarity estimator of accu-
racy 100% and 80% was used in (a) and (b), respectively.
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Fig. 5.2: Performance comparison of the DMMSE, DGW, Wiener and EM Log
STSA with respect to improvement in Overall SNR for an input SNR. range of
0 dB to 25 dB. The proposed post filtering method is applied to the DMMSE,
Wiener and EM Log STSA methods indicated by the +EMD notation. DMMSE+EMD
indicates the proposed hybrid method. A polarity estimator of accuracy 100%
and 80% was used in (a) and (b), respectively.
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Fig. 5.3: Performance comparison of the DMMSE, DGW, Wiener and EM Log

STSA with respect to improvement in PESQ scores for an input SNR range of

0 dB to 25 dB. The proposed post filtering method is applied to the DMMSE,

Wiener and EM Log STSA methods indicated by the +EMD notation. DMMSE+EMD

indicates the proposed hybrid method. A polarity estimator of accuracy 100%

and 80% was used in (a) and (b), respectively. '
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Chapter 6

Conclusion

6.1 Summary

In this thesis, we have presented and evaluated a two stage hybrid speech enhance-
ment algorithm aiming at an improved noise reduction performance in the first
stage followed by a suppression of the musical noise in the second stage. The first
stage of this method considers both the constructive and destructive interference
of noise DCT coeﬂicient,lobtaining a set of optimum estimators in these condi-
tional events assuming the exact joint probability distribution in the Gaussian
speech and Gaussian noise statistical model. The proposed estimator, termed as
the dual MMSE estimator, is shown to demonstrate superior performance with
respect to MSE and SNR value improvement compared to the previously reported
dual gain Wiener estimator, where a linear MMSE estimator was assumed. The
main attribute of the dual MMSE estimator is that it handles three distinct cases
of speech and noise DCT coefficient, when (1) the noise decreases the signal co-
efficient in magnitude, (2) the noise increases the signal coefficient in magnitude
and (3) the noise reverses the polarity of the clean signal coefficient. The gain
tends to be (1) attenuating, (2) amplifying and (3) negative, , respectively, in
these three cases. This concept of negative value of a suppression rule, which
concerns with the polarity correction of the noisy DCT coefficient, is quite novel
and in contrast with the conventional definition of such rule. Even though this
property was also present in the dual gain Wiener filter [3], the implications of
this property was not properly addressed by the authors.

Towards accomplishing the second objective of the work, the newly developed

empirical mode decomposition is utilized. A new post filtering technique is pro-
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posed for suppression of residual noise remaining in the enhanced speech. The
Chi-squared probability density function is assumed for a short duration of an
intrinsic mode function energy and an optimum gain function is derived in the
assumed model for residual noise suppression. The method is applied on the noisy
IMF frames, each containing an integer number of cycles, in the time-domain. It
is also observed that incorporating the speech presence uncertainty in the sup-
pression rule provides more effective suppression of the unwanted noise. A novel
method of noise variance estimation in the EMD domain is also presented using
the energy-period relation of an IMF [31]. The proposed second stage algorithm
is applied on speech files enhanced using traditional Wiener filter incorporating
the variable averaging parameter [27) and the MMSE log spectral amplitude es-
timator [8]. The quality of the further enhanced speech has been evaluated using
both subjective and objective quality measures. The improvement obtained in
the average segmental SNR and PESQ values is remarkable. Even though these
indices are known to be highly correlated to human listening, an actual listen-
ing test is also performed. The improvement of the mean opinion scores (MOS)
and positive values in the comparative category rating (CCR) scores also indi-
cate superior performance of the proposed second stage algorithm compared to
well establish speech enhancement methods. Though the post filtering technique
can perform on any enhanced speech file independent of the method, we have
combined it with our proposed DMMSE estimator to form the hybrid method.
The performance of thé hybrid method is also tested and compared to traditional

speech enhancement techniques and significant improvement in different quality

measures is observed. The improvement was most prominent in the average seg--

mental SNR and PESQ values whereas the overall SNR values were practically

unchanged.

6.2 Future works

An efficient polarity estimator algorithm is very important to successfully imple-
menting the dual MMSE estimator. Since the estimators are derived assuming
that the constructive and destructive events are known a priori, proper identifica-
tion of the events is necessary for the method to perform well. This identification

must be done observing the noisy speech only, which is quite a challenging task.
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Since we dealt with only the optimum estimator in the given events, this algo-
rithm was beyond the scope of this thesis. Developing an efficient method for
this purpose can be a prosperous future work.

Speech enhancement using the empirical mode decomposition is also a promis-

ing area of research. The new decomposition has not been very successfully

exploited for speech enhancement in the first stage till date. This is due to

the unavailability of a proper mathematical framework for analyzing signals in
the EMD domain. The IMFs of the clean and noisy speech are assumed to be
Gaussian in the derivation of the proposed suppression rule, which implies that
the speech samples are normally distributed in time domain. This assumption,
though greatly reduced the mathematical complexity of the problem {enabling
the incorporation of the Chi-square distribution for short-time IMF energy), is
not very accurate. Future works may thus include proper modeling of the IMFs
generated from EMD of speech signals. Obviously, a mathematical model of the
decomposition itself would greatly alleviate the problem, which is still unavailable

in literature.
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Appendix A

Important derivations

A.1 Derivation of the dual gain Wiener

Let x[n], d[n] and y[n] denote vectors containing the N most recent samples
of the clean signal, noise and noisy signal, respectively, where N is the analysis

frame size. If it is assumed that the noise is additive, y[n]| can be expressed as
yln] =x[n) +dn). (A1)
The DCT domain representation of {A.31) in the k-th frequency bin is
Y = X -+ Dy, (A.2)
If X, is an estimate of X}, the MSE is given by,
J = E{(Xx - X))

Assuming a Linear MMSE estimator such that X, = WY, we obtain the well
known Wiener MSE given by,

Jw = E{(WY; - Xi)?} (A.3)
Substituting {A.32) into (A.3)

Jw = E{W(Xs+ D) — Xi]*}
= (W2 —2W + )E{X}} + 2W (W — 1)E{X Dy}
+W2E{D}} (A.4)

Minimizing (A.3) with respect to W leads to the conventional Wiener estimator,

as shown in Section 2.3.1. In that derivation, E{X; D} = 0 was assumed. To
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consider the constructive and destructive events separately, let us define two

mutually exclusive events as,

Hy. signal and noise are constructive: XDy > 0,

H_: signal and noise are destructive: XD, < 0.

Now, if we want to derive a set of Wiener filters given these events have occurred,

we shall obtain a pair of conditional MSEs, given by,

Jwy = B{(W.Yy - Xi)*|H,} (A.5)
Jw— = E{(W_Y, - X;)’|H_} (A.6)

wa, the terms Jy, and Jw, can be expanded as in (A.4) which will include
the terms E{XZ|H,}, B{X}H.}, F{D}H,}, E{D}H,}, E{XyD|H,} and
E{X.Dy|H_}. Clearly, E{X}|H,} = E{X}|H_} = E{X}} and E{D}|H} =
E{D}|H } = E{D}}, since X, and Dy are uncorrelated. But the cross terms

need to be determined. Now, for the event 1, i.e., X3 Dy > 0

E{XyDi|H,} = E{|Xx||Dxl}
= E{|Xx[}£{|D:|}

and, for the event H_, i.e.,, Xp D <0

E{XyDy|H_} = —E{|Xx|Dxl}
= —B{|Xi[}E{|Dkl}

Thus the cross terms F{X,Di|H,} and E{XDy|H_} cannot be assumed to be
zero in any of these events. To determine their values, first let us calculate the
values of E{|X|} and E{|Dy|} assuming the Gaussian statistical model.
The probability density function of a random variable z which follows Gaus-
sian distribution is
1 z — p)?
1) = e |- EH

where o and p are the mean and standard deviation of z, respectively. The

],—oo<3:<oo . (A.7)

expected value of z with the distribution given above is defined as

B(X) = / T f@)de (AS8)
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As X, is also a random variable and zero-mean (u = 0), the probability density

function of X,

1
oLV 2T

But the probability density function of | Xk| is required. A fundamental theorem

f(X)= exp (—X?/202) ,—00 < X < o0 (A.9)

on probability density function of a random variable y, when y = g(z), is

_ fa_.(l‘l) L. f:c(mn) .
fuly) = VIS +F PIC] + (A.10)

where ¢'(z) is the derivative of g(z), fy(z) is the distribution of z and z1, To -----
Ty, are the real roots of y = g(z). .
In this case, g(X) = |X|, y = g(z), ie., |X| = g(X) has two roots +X and

-X, X; =+X, X5 = —X. Using (A.10)

- fx(Xa X
- o e - B
As g{X,) = +X therefore ¢'(X;) = +1 and |¢’(X1)| = 1. Similarly g(Xs) = —X
therefore ¢'{(X3) = —1 and |¢’(X2}| = 1. Also

FOX1)

fx(X)) = | . \l/ﬁexp (= (+X)%/202)
= ale/g exp (- X*/202) (A12)

fx(X2) = U\:l/%exp(—(_xypog)

= UIE exp (—X2/20§) (A.13)

Substituting Egs. {A.12) and (A.13) into (A.11)

1 2 2 1 2 2
_ m exp (_X /20'3:) P> exXp (—X /20-2:)
X)) = 1 + 1

1 1
2 2 2 2 ) 2
= I\/Q— exXp (—X / Uu:) + I\/Q_ exXp (—X / Uz)

' 2 2 /0,2
= Uzmexp(—X /202) (A.14)

The probability density function f{|X|) is obtained as

FXD) = — = exp (- X?/20%) (A15)
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With the distribution function given in (A.15) and the definition of expected

value given in {A.8), we get

BOX) = [ X#(X)dx

oe 2
= X —X?2/202)VdX
./0 gV 2T exp( / UX)
2

= OoX -X%/20%)dX
O'x\/ﬁ/() exp( /JX)

Now, using the formula

/ 2™ exp(—az’)dz =
Jo

we obtain,

W

" X exp (— X2 202) dX = —2 5
/o p(=X/20) 2(1/202)F

Thus E{|X|} is obtained as
2 INE Y
0,V/2m 2(1/202)F
2 T(1)

72v/2% 2(1/207)
2 1

oxV2m 2(1/20%)

_ .,
E{| X} = \/gaz
E(|Dkl) = \/gad

E(X]) =

ie.,

Similarly,

(A.16)

(A.17)

(A.18)

(A.19)

(A.20)

(A21)

Finally, substituting Eqs. (A.20) and (A.21) into Egs. (A.7) and (A.7), respec-

tively,
2
E{Xka|H+} = ;O’mo'd,
and
2
E{X;Dy|H_} = — =050,
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where g, and g4 are the standard deviations of the clean speech spectral X, and
the noise spectral component Dy, respectively (i.e., o,/04 = V/&). Expanding
(A.5) as (A.4) and substituting (A.22) into the equation, we obtain

Jws = (G%. —2Gws + DE{XIH,} +2Gw(Gws — 1)E{X\Di|Hy}
+Giy E{D;|H,}
= (G, — Wy + DE(XI} + 26w (Cws 1)2%%
+G3, E{D?} (A.24)

Note that the gain is now defined as Gy, instead of W.. Differentiating Jy 4
‘with respect to Gy gives

Odw +

2
3y = (2Gw+ — 2)E{X;} + 2(2Gw+ — 1) =0504

+2G w4 E{D}} (A.25)
Equating 8Jw . /0Gw . to zero yields
- 2
(2Gw — 2)E{X}?} +2(2Gw+ — 1)-0.04+ 2Gw+E{D}} =0 (A.26)

Dividing (A.26) by 2E{D?} and substituting E{X?}/E{D}} = & (defined in
(2.17))

2
7020
(Gu+ = Ve + (2w 1) gy } +Gwy = (A.27)
Substituting E{D?} = o2 in (A.27), we obtain

(Gw+ — )&+ 2Gwy — 1)EE +Gwy = (Gwy— 1)&

+ (2Gw, —-1)= \/g_k+Gw+

= Gw(&+1+ ;\/f_k
& - 2 V& (A.25)

Rearranging (A.28), the optimum filter gain in the event H,

2
_ GtV (A.29)

&G+1+2V6

Gw, is always less than 1 and, the authors [3] have proposed to use this gain for

Gw+

the spectral component whose magnitude has been increased by noise, i.e., for

the condition X, D, > 0.
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Similarly, substituting (A.23) into (A.6) and equating &Jw_/0Gw_- to zero

gives the optimum filter gain in the event H_ as,

&2V |
Gw- = prrriyE (A.30)

The authors [3] have proposed to use Gy for the spectral component whose

magnitude has been reduced by noise, i.e., for the condition Xz D; < 0.

A.2 MMSE estimator in the DCT domain

Let x|n], d[n] and y[n] denote vectors containing the N most recent samples
of the clean signal, noise and noisy signal, respectively, where N is the analysis

frame size. If it is assumed that the noise is additive, y[n| can be expressed as
y[n] = x[n] + d[n]. (A.31)
The DCT domain representation of (A.31) in the k-th frequency bin is
Yi = Xi + Dy, (A.32)

With the assumption that the DCT transform coefficients are statistically inde-
pendent, the Minimum Mean Square Error (MMSE) estimated amplitude X, can

be obtained from Y} as follows:
Xi = E{ XV} | (A.33)

Where E{.} denotes the expectation operator. (A.33) may be expressed as,

o

X = / mip(zi| Vi) dzp
f 2p(zh, Vi) dice

= == A4

p(Y) (A.34)

Now the Gaussian statistical model assumption leads to the following marginal

and joint distributions:

(zx) = ! i (A.35)
Pk = 2mo2 exp 202 '
1 i (g — 7)°
= — — A.
Pxy Tk, Yi) o0 exp [ 202 202 (A.36)
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Where o2 and ¢ denote the variances of the kth spectral components of the clean

signal and noise processes. To evaluate (A.34), let,

b
Il(a, b) = / :r:kp(:rzk,Yk)dsck . (A37)
b 2 2
T :Ek (.’L‘k -_ Yk)
= — 2k d
/a MO 40 exp[ 202 202 ] Tk

Y2
ex (~3%) /*’ . p[ 1(xkay omYk)z

QMO 40 2\ 004 0Oy04q

d:l’,‘k

‘Where, o, = 1/02 + 03. Letting z = (m _ u&)

TxTd Tz T

Y'Z
I EXp (_zfg) b \/ﬁO'EO'd 0'2Yk — 22 \/ﬁorxad
1(0, b) = '2— 2| —— ) + —a € dz
| TG0 a1 oy o2 ay
Where, '
1 Ty oYy
- _ Tk A.38
M= (aoxad ayad) (4.38)
1 a. oY% :
by = — [ b—2L — = ) A39
! \/§ ( 0x0d TyTq ( )
Thus,
2
T 202 b 2 by .
Ii{a,b) = ¢ \/iamad/ ze‘zzdz-l-oz};k/ e dz
‘\/Q’,’TO'L, g‘!{ a1 Uy ay
o
e % \/50',,031 —ay? —by? O'QY;C\/E
= —(e™®" — e b} —erf
Viro, o 2(8 e ) + o7 2 (erf(b;} — erf(a;))
2o 2
e 0s0d , _a2  —p2y , Oa¥k ]
= e —e + erf(b,) — erf{a
e | )+ o (et — (o)
2
O20d , g2 _p2 . OsYk ]
= p(Y, e —e Y + erf(b,) — erf(a A.40
) | 225 )+ T (etln) - e (A0)
Where, ' \ )
1 Y,
Yi) = ——£ A4l
p08) = e o0 (35 (A1)
and,

2 /z »
erf(z) = —= | e “dt (A.42)
@)= [ et
Now, in {A.34), we have the limits a = —oo and b = oo for I;(a,b) as defined

in (A.49), which also gives a; = —o0 and b, = oco. Thus, using (A.40} we have
from (A.34),
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2
oYy

p(Yk) (erf(oo) — erf(—oc))

2 205
T p(Yx)
_ O'ng
- o
2
o
— z__ Yy, A43
o2+ o2 k ( )

This is the conventional Wiener estimator which can also be derived assuming
a linear MMSE estimator'. Since Xj and Y are jointly Gaussian, the optimal
MMSE in this case linear. The Wiener estimator can be viewed as a gain multi-

plied by the noisy coefficient as,
XY =Gw x Yi (A.44)

where, the Wiener gain function,

&
Gw = e (A.45)
E 2
md & = Ty

is interpreted as the a priori SNR [7].

A.3 Derivation of the dual MMSE estimators

A.3.1 The marginal densities p(Yy, H,) and p(Yy, H_)

We define two mutually exclusive events as:

H,: signal and noise are constructive: X;Dg >0

H_: signal and noise are destructive: XDy <0

That is, assuming X = WYk and minimizing E{(Xy — Xi)?} for W.
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Since Y; is constructed from the two mutually exclusive events H, and H_., we
may write

E{Xk|yk,H+} = f $kp(Ik|Yk,H+)d$k

—00

*  plog, Vi, Hy)
= Ty ———"dz A.46
./;oo ¢ p(Yk) H+) ¢ ( )

E{Xk|yk,H_} = / $kp($k|yk,H—)d$k

—0Q

[ play, Y, HO)
= / zk——p(Yk,H_) dz, (A.47)

Thus the quantities in (A.46) and (A.47) can be determined if we know the joint
density functions p{z, Yk, Hy), p{Tk, yi, H-), p(Yi, Hy) and p(Yi, H_).

We note that, for the event H,, XDy > 0, which reslts in X;Yx > X? using
(A.32). This condition simplifies to myYy, > | Xi| where m; = sgn(X;). Similarly,
the event H_ results in the condition mY; < | X|. These constraints of X, and
Y, are shown graphically in Fig. 3.1 (a).

Thus the joint density functions p(zy, Y, Hy) and p{zk, i, H_) will be defined
as,

pxv(Te,ye) Y > | Xyl
otherwise

0
| pxy(ze, yx) MYy < | X k|
ploe, v, H-) = { 0 otherwise
To evaluate (A.46) and (A.47), we now need to find the probability densities
p(Yi, H,) and p(Yk, H_). We have,

oo

P(YLH+) = / PXY(Ek,Yk,H+)d$k

-0
We note that this integration must be solved separately for positive and negative

values of Y;.

Yi
] pxy (e, Yi)dzi if Yy >0
p(Ye, Hy) = %
/ Pxy (T, Yi)dzk if¥, <0
Y&
Yi
= Sgn(Yk)/ Pxy (ZTk, Yi)dzk (A.48)
0
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To evaluate this integral we let,

Ig(a., b)

b
f p(ﬂik, Yk)dil?k

(A.49)
b 5 : X
1 Ly, (zx — Yi)
,[,, moary T {‘_ 22 202 dxy,
y‘z
exp (—2—5‘5) /b L fmo,  ouYe\? N
— % exp|—z| — —
2mo405 . P 2 \oeou 0404 k
-Again letting z = % (‘Q;:Zd _ %z%’i)
Y2
exp (——g-z- b 50,
I (a,b) __2L)f e (\/_0 Ud) i
2TT 40, a oy
Where,
Y,
o = — (a gy Oz k) (A50)
2 Tx04 O'yO'd
h=7 (b - JxYk) (A.51)
2 Tx0d TyTd
Thus,
2
em%}g b
hwh) = f .
y va
e 299 T
Voro -\/?—[erf(bl) — erf(a1)]
y
p(Ye)

[erf(by) — erf(a; )]

Yio,
which leads to a; = — k7

Now, to evaluate p(Y}, H,) we simply need to put the limits a = 0 and b = Y},
Y.o
———and b =
\/EO'yO'd '

24 . .
. Putting these values in (A.52),
N g (A.52)
SgH(Yk)P(Yk){ ( Yioq ) ( Yios )}
Yi, Hy) = ———— |orf + erf
p(Yi, ) 2 V20,0, V20,04
Similarly, it can be shown that,

00

1] o0
/ PXY(iFk,Yk)dSBk-Ff
p(Yk:H—) = R

Pxy (Tk, Yi)dzk

Y, >0
Y
Yi o .
f pxy(Zk, Yi)dzy + f pxy (Tk, Yi)dzg
oo 1)

if Y. <0
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Since pxy(Tk,¥yx) is a symmetric function with respect to =, and yx, we may
write,

oo

p(Yr, H.) = sgn(Ye) [/0 PXY(xk,Yk)dIk-l-/

-0 Yk

= sgn(Yk) [l2(—00,0) + I2(Yk, 00)]
_ sen(Y)p(Ye) [—erf(—oo)—i—erf (_ Yoy )]

pxv (T, Yk)diﬂk]

2 \/iazad
sgn(Yz)p(Ys) Yioa
= e~ | —erf f
+ 5 er V20,0, + erf{oo)
sgn(Ye)p(Ye) Yoy Yiog

- PR e () - () |

- e o ) ()]

Here, erfc(:} is the complementary error function defined as,

erfe(z) = 1 — erf(z) (A.53)

A.3.2 The dual MMSE estimators

From (A.46) we may write,

f zep( 2k, Yi, Hy)dz,

E{X Y, H } = —= A.54
(4l H:} W ) (454
We have,
Yy
o / Tep(Tr, Yi)dzk ifY, >0
/ Tep{zTk, Ye, Hi)dzp = 00 _
% / Ikp(:ck,l’]c)d:ck ifY, <0
Yy

Yy
= sgn(l’}c)/ Pxy (ZTk, Yi)dzg
0
= sgn(Yi)1{0,Y:) (A.55)

Putting a = 0 and b = Y}, in (A.40),

0e0d , _g? oY,
Il(O, Yk) = p(Yk) \/Q_sz (e I —e b12) + ’K; (erf(bl) - erf(al))]
v y

(A.56)
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Yk Tz Yk add

Here, a; = ————— and by = ———. Thus, from (A.54
! \/idydd ' '\/50':,;0'3, ( )
sen(Ye)p(Ya) [%(e—aﬁ — %) - B ferf (bn) - erf(al)}]
EXulYi, B} = sen(Y)p(¥) [orf (by) — erf (a1)]
: 2 1 1
a2Ys \/Eamgd e’ ot
= = = ABT
ol TVr oy |erf{b) —erf(a;) ( )
We know,
05 = org + 0’§
and i 2
Gw = z = .z A58
Vo2 o} o2 ( )
Let,
Y04
A= b=
V20,/0% + o2
YkO'm

= —] =
k ' V204+/03 + o2

Since erf(-) is an odd function, from {A.57),

E{Xx|Ye. Hy} = GwYi+ E[exp(—ff)—exp(—fzz)] 0492

™ erf( f1) + erf{ f2) \Voi+ ol
= GwYr+ DY) (A.59)
where,
2 [exp(—f2) —exp(=fD)] _ouos
®(Yi) = \/; { erf{ f1) + erf( f2) ] N (4.60)

Noting that ®(Y}), containing f; and f2, is an odd function, it can be expressed

O(Yy) = sgn(Ye) P(|Y4l),

enabling us to express (A.59) as a gain expression multiplied by the noisy DCT

component, Yx, i.e.,

CEB{Xi|Ye, H)} = (Gw+ Q)g’“))n

(| Yil)
= Y,
(GW + A k
= Gummse+ X Yk (A.61) vt
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where Gymges denotes the MMSE gain function for the event H,. Now, the a

priori and a posteriori SNRs are defined as,

2
a
£ = —5, and
Tq
Tk = !Yk|2
= )
T4

respectively. Expressing ®(|Yx|) using & and 7,

|Yi|?02 IY
B(Yel) = 1/ oxp (~sibniag) ~ o (- hersen) | o
) e z
T __Miog |Yk _ Mdee Y | Voi 4 d?
erf + erf
\/_cr:; o'd+o'2 V204 t:l‘d+0'2
T\ _ kb
i 5 exp( zgk(l’lgk)) exP( 2(1+§k)) 3 (A.62)
= d -_ *
T 1 T 1+
erf(\/zsk (1k+fk))+erf( 2(1151)) S
Thus,
O(|Yz])
G = G
MMSE+ w A

2€k(1+€kJ —€ 2_(15%513
= & AT + \/ /
ék 5’“ Tk | erf( & +E ) + erf( 5(7134—_‘5;?))

Following a very similar method, the gain for the destructive case, G mmse- can

be found to be,

1 .
G e QEk(l'ka — e 2(14+£)
MMSE- =
+1 IR 1+ /€
& &k V Tk erfc T lTE ))-+-erfc( 2(1+Ekk})
A.4 The Ephraim and Malah suppression rule

Assuming the Gaussian Model, Empraim and Malah [9] derived a minimum mean-
square error (MMSE) short-time spectral amplitude estimator under the assump-
tion that the Fourier expansion coefficients of the original signal and the noise
may be modelled as statistically independent, zero-mean, Gaussian random vari-
ables. Thus the observed spectral component in the bin k, Y; = By exp(j9i),
is equal to the sum of the spectral components of the signal, Xy =

and the noise, Dy. That is,

Ay exp(jo),
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Im

X; = Akeja" D,

Yk = Rkejﬁk

Qi

Fig. A.1: Vector Representation of Yy = Xy + Dy

Yk = Xk + Dk (AGB)

In this derivation, only the phase of Y} and X, are assumed, while the phase
angle of D, is considered to be zero. This generalization simplifies the derivation
without any loss of generality since the sum of all three phase angles must be
equal to 2.

It is obvious that the amplitude of a complex Gaussian random variable will
follow a Rayleigh distribution [26]. Thus we may assume the following distribu-

tions for a; and a:

2a a? :
plag) = 50 XP(—x,(y) if ak € [0,00), (A.64)
0 otherwise
1 -
B 5 if ax € [-7,7),
plow) = { 0 otherwise (A.65)
{A.66)
The joint PDF of ai and ay will be then given by:
2
ady ar
= — — A.
p(a‘k: ak) ﬂ'}\x(kﬁ) exp ( }\I(k)) | ( 67)

Now, the noise DFT coefficients is assumed to follow a complex Gaussian

distribution. Thus:

2
00 = x5 .
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From (A.63) it is obvious that D, = Y, —age’®. Thus the conditional probability
distribution of the noisy signal DFT coefficient will be given by:

1 [Yk - akej“"|2)
Yilag, ar) = ——scexp | —
o) = £ e (D5

Now the MMSE estimation problem is reduced to that of estimating A; from the

(A.69)

observations of Y. This estimate Ax is obtained as follows:

A

Ae = B{AY:}

oo 2
/ / e P(Yi|ag, ar)p(ag, ax)dagda
o Jo

oo 29
/ / p(Yi|ax, ax)p(ak, ar)dogdag
0 4]

oo 2 27 _ Joek |2
/ a?‘c exp (— i ) / exp (— Vi — e ) dog.day,
0 Am(k) 0 /\d(k) (A 70)
00 2 27 _ Fouy |2 .
/ Q) €Xp (— % ) / exp (— [Yi — axe™| ) daygday
0 Aa(k) ) Jo Aa(k)
Now, using the vector addition rule we may express the integral of ay as,
/2” exp (_ Y, — akej"*|2) don = /Z’T o (_ RZ + af — 2ay Ry, cos{ay, — ﬂk))
0 Na(k) MY Na(k)

R+ a2 2 2a, Ry cos 3
=P (‘ fd(k)k)/o e"p( NaE) )dﬁ
(A.71)

[l

Where 8 = ay — ¥ is assumed. From the Integral form of the Modified Bessel

Function, we know,

I(z) = /0 " cos(n) exp (z cos B)dS3 (A.72)

We note that the integral of (A.71) can be expressed as in (A.72) using z = aqff&

and n = 0. Thus we have from (A.71)

f%ex (_lYk_akejakP) doy, = ex (—Rﬁ—i_aﬁ)f <—2akRk)
o P Aa(k) * PTG "\

(A.73)
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Substituting this expression in (A.70) we have,

oo 2 R} + o} 20, R
 [roeleal)on (i) ()
" /ma exp( i exp By + o I 201 B da
. _/\m(l’c)) . (_ Aa(k) ) O(”’“)) k
o (- ) (-3~ ) ()
fo T &P —Ad(k))eXp B MmO\ )
s R2 a2 CL2 2akRk
fo e (_Ad(Z)) P (* "o «\d(kk)) o (Ad(k) ) i
(A.74)
Let us define,
1 . 1 1
OO () AT
A ‘Sk
w e pi (A.76)
& 2 O (A.TT)
PO
s (A.78)

Thus, (A.74) may be simplified as,
00 2
2 Ok Uk
ay exp (—— In 20,/ —= | dag
; )\(’f)) ( f\(’f))
- Jo - (A.79)
k

/000 a4 XD (—ﬁ) Iy (Qak /\_TEJ%) do

To solve these integrals we resolve to the table of integrals provided in [37].

From (6.631.1) of [37], we have

00 v 1 1 1 2
f :B“e_“szu(ﬁiE)dz = i 1(2V+ Pl 2) 1F1 ("——V+#+ L P ) ;
0 v+l zttv U (p 4 1)
(i L 1 2 2
_ (211/+ st ) o (_5_) M1 (ﬁ_) (A.80)
Boz T (v + 1) 22 \ da
[Re & > 0,Re (a + p) > —1]

Where | Fj(a;«y; 2} is the confluent hypergeometric function. Now using the ex-

pression from (8.406.3) of [37] we have:
Li(z)=4i"J,(i2) (A.81)
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/ ze " I,(85)ds = i_"/ zte % J,(ifz)dz; (A.82
0 0

(iB8)'T (Jv + jpu+ 3) m vhp+l B
2 (y 4 1) ’

' 2 4o
BT (v +pu+3) v+p+1 s

T | —S—iv+ 15— ;

2w+l 7DD (y 4 1) 2 ' 4o

[Re @ > 0,Re (a + ) > —1]

For v = 0 the expression reduces to
oo r (g_-l;i) +1 62
o —az? — 2 }l- <1 -
/0 zte Io(Bx)dz —Qa%(#ﬂ)lFl ( 5 1 4a) ;
[Re a > 0,Re (e + p) > —1]

4

Now we solve the integrals of (A.79) substituting z = a, a = T(lk_y B=2 N

and the appropriate value for i in (A.83).

i = SA(K)PT(1.5) F(1.5; 15 1)
A k) FL (1515 )
_ TB5)AKR) A P15 15 )
eV
= ME)Y(1.5)1F1(-0.5;1; —w) (A.83)

Where we have used the substitutions:

1Fi(lLz) = €
VPila;vz) = €1R(y — a;v; —2) [From (9.212.1) of [37]]

The MMSE estimator as expressed in the original paper of Empraim and

Malah is given by:

A, = ['(1.5) exp (—%) [(1 + )1y (%) + v dy (22-’3)] R, (A.84)
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