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Abstract

This paper presents Maximum A Posteriori (MAP) estimation
of the spectral components of clean speech from the observed
data noised by the additive background noise having Gaussian
or non-Gaussian statistical distribution. In the proposed
algorithm MAP estimator for the spectral components of clean
signal is derived using Generalized Gaussian Distribution
(GGD) function as a priori statistical models for the spectral
components of speech as well as noise. Since the spikiness of
the GGD can be controlled by the shape parameter, it is
possible to model Gaussian as well as non-Gaussian noise,
corrupting the speech signal. The enhancement results for the
speech signal corrupted by the Gaussian noise and non-
Gaussian noise are presented to show the usefulness of the
estimator. Denoising performance for the Laplacian noise and
white Gaussian noise have also been compared with that of the
conventional Wiener filtering, which assumes Gaussian
distributions for both the speech and noise.

1. Introduction

Different algorithms have been proposed so far for  the
estimation of spectral components of clean speech in the
Discrete Fourier Transform (DFT) domain  from its noisy
version under the additive background noise having Gaussian
PDF [1]. In such algorithms magnitudes of speech spectral
components of the clean signal are estimated from the same of
the noisy speech signal with the help of some noise
suppression rules and phase is taken same as that of the noisy
spectral components [2]. Such phase restoration process is
based on the fact that ear is insensitive to the phase, however,
this is false for the time-variant signals. Speech enhancement
has been an active area of research since long, and thus many
noise suppression rules, using different heuristic ideas and
mathematical formulations, have been proposed so far [3]. The
first work reported in this direction appeared in [4] then there
came Boll’s spectral subtraction algorithm [5], which in turn
followed by its different variants [1]. In the spectral
subtraction, either the root mean square of estimated noise is
subtracted from or power of the noisy spectral component is
modified in each frequency bins while keeping phase
unaltered. There have also been developments of methods, e.g.
Wiener filtering, Short-Time Spectral Amplitude (STSA)
estimator by Ephairim and Malah [6], based on statistical
estimation techniques such as Maximum Likelihood (ML) and
MAP estimation using statistical models for the spectral
components. In most of the statistical estimation algorithms
Gaussian Distribution (GD) function has been used to model
the spectral components of the speech and noise signal under

the advocacy of the Central Limit Theorem (CLT) as each
Discrete Fourier Transform (DFT) coefficients is weighted
sum of the random data samples. However, such assumption
is not true for the DFT coefficients obtained for very short
segments [6]. Since the speech signal is non-stationary, so its
spectral components are obtained by Short-Time Fourier
Transform (STFT) analysis in which signal is framed into
overlapping pseudo-stationary segments of 20ms -40ms. The
Gaussian assumption about PDF of such spectral components
seems shifted from the reality. However, in addition to Wiener
filtering, other algorithms such as in [6] also Gaussian
statistical model has been assumed. Recently, Laplacian
Distribution (LD) has been used for the clean speech signal
and an algorithm has been derived for the speech enhancement
[7]. The statistical model used in a speech enhancement
algorithm matters and careful selection of the best matching
theoretical PDF model is essential for better performance.
There have been several studies on the statistical modeling of
the DFT coefficients of speech and accordingly LD, Gamma
distribution, Generalized Gaussian Distribution (GGD) etc.
have been suggested [6, 8]. The other inconsistency arises due
to use of GD for noise. All noise signals corrupting a speech
signal are not Gaussian and their spectral components too have
non-Gaussian distributions. There are several real world noise
signals e.g. chair crack, page turning and tearing, babble
(BAB) noise, speech like noise that are non-Gaussian [9]. In
Fig.1 the scaled histograms for the real parts, imaginary parts
and magnitudes of DFT coefficients of White Gaussian Noise
(WGN) and BAB noise are shown along with the fittings of
GD, LD and GGD from where it can be emphasized that the
spectral components of noise are also not always Gaussian.
The main objective of present study is inspired by such
inconsistencies. As a solution, we propose a new algorithm
under the Bayesian learning framework for the estimation of
STSA of the clean speech using parametric GGD function as
the statistical model for the DFT coefficients of clean speech
as well as noise. We will derive MAP estimator for the STSA
of the clean speech from the noisy spectral components.

Rest of the paper is organized as follows. Section II provides
working signal model. Section III presents MAP estimation
under the GGD prior and section IV procures experimental
results. Then paper ends with a few references.

2. Problem Formulation

Let us consider the case of speech signal pick-up by a
microphone under the additive background noise d(n) . The
captured speech y(n) in the presence of noise is given by
y(n) = x(n) +d(n), 1)
where x(n) represents clean speech signal, n is the time-
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Figurel: Scaled relative frequency histograms of real part,
imaginary part, and magnitude of spectral components, for
f=609.37Hz, of the white Gaussian noise (subplots in left
column) and babble noise (subplots in the right column) and
fitted GGD, GD, and LD functions.

index, and random noise d(n) is uncorrelated with the clean
speech signal. The speech enhancement algorithms estimate
clean signal X(72) from the observed noisy signal y(#n) . In the

present study we will work in the frequency domain where
DFT coefficients, as obtained by STFT method, of the clean
speech are estimated. The STFT analysis of Eq.(1) gives
following frequency domain additive signal model

Y(f)=X()+D(f). )
This indicates that the signal in any frequency bin is resultant
of spectral components of the clean signal and noise and thus
in any frequency bin their relative phase as well as magnitudes
decide the content of the observed spectral components [10]. It
is possible to access and manipulate, according to strength of
contamination effect of noise, each spectral component to
reduce the noise contained in. A speech enhancement
algorithm in frequency domain modifies each spectral
components Y(f) by some function known as modification

function aka noise suppression rule G(f) to estimate clean

signal spectral components X(f) given as

X(f)=G(HY(f). 3)

The numerical value of modification function lies between 0
and 1 which implies that the noise suppression is more for the
low SNR and less for higher SNR conditions. As stated
earlier, GGD function will be used here as the statistical
model for the spectral components of the speech and noise
signals [8] assuming that the spectral components are
mutually uncorrelated in any frequency bin. The GGD
function is a parametric function defined in terms of mean u,
scale parameter b, and shape parameter 3. The GGD PDF for
an arbitrary zero mean random variable z is given by

B

. -7 _ _ B
fGG(z,u,b,ﬁ)—zbr%)exp( z-pl/b))
= Aexp(-[l z1/b") )
where
B 1_1 TG/, (5

A = T = )
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I'(x)= _[e"t“"ldt=Gamma PDF;
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-00<z<00; b>0; >0; o=standard deviation(Stdv.)
The shape of the GGD function depends on the value of shape
parameterP. For f=1 and =2, GGD represents LD and GD
respectively and the shape of distribution tends to become
uniform asf3—ec. The GGD function for the different values
of b and fare shown in Fig.2.
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Figure 2: GGD distribution functions for different values of
scale parameter b and shape parameter [. This family of
distribution includes Gaussian, sub-Gaussian and super-
Gaussian distributions.

3. MAP Estimation of DFT Coefficients

Maximum a posteriori (MAP) is one of the most widely used
statistical estimation techniques. As its name indicates, it
estimates an unknown variable as the maximum of its
posterior PDF. MAP estimation uses past knowledge as well
as new information about the variable to be estimated. The
past statistical knowledge is incorporated into the prior PDF
and new information in the current data is included in the
likelihood function. The known prior PDF and likelihood
function are combined together to obtain posterior PDF. The
maximum of this posterior PDF is taken as the most possible
or estimated value of the unknown variable. Thus
informativeness of the used a priori is crucial as the posterior
PDF is only improved version of the priori and, therefore, it
should be chosen carefully. In order to formulate the problem

of estimation of the clean speech spectral component, we
represent the spectral components of the speech signal and
noise in the polar form and then will do estimation of phase

and magnitude. Let in the kth frequency bin Y, = Re™
represents a spectral component of the noisy signal and



X, = a.“ represents that of the clean signal in the polar form.
The MAP estimators of magnitude a, and phase ¢, are given

as the maximum of the posterior PDF p(a, ,a, 1Y, ), which is

given by Bayes’ theorem in terms of likelihood function
p(Y, la,,a,) and a prior PDF p(a,,q,) as follows

pla,, 00 1Y,))=p(X, 1Y)
_rYla,a)pla,a)
pYy)

6

Since p(Y,) is constant with respect to (w.r.t) spectral

magnitude a, and phase ¢, , only numerator of Eq.(6) is

significant in the optimization landscape and denominator will
be dropped hereafter. The natural logarithmic function of only
numerator is optimized, which is given by

J=n[p¥, la,,a)pla,.o)]. Q)

The MAP estimators of magnitude g, and phase o, are given
by

(a,,&,) =arg.max{J}

(a.,04,)
=arg.max[In{p(¥, la,, )pla,,)}]l. @

(a.04.)
Obviously, MAP estimation needs knowledge of conditional
probability p(Y, |a, ,¢, ) and prior probability p(a,,,) of
the spectral components of clean speech for which GGD will
be used here. The GGD model for the magnitude of the DFT

coefficients of the clean speech signal in the kth frequency bin,
is given by

la, | P
pla)= Axem Jor 0<a, <o ©)
0 else ;

where D _is the scale parameter, ﬁX is shape parameter,

Ao B _ B 1 TC/B) (10)
*o2bT(/B) 20U/B)o, \NTU/B)’

and, o, =Stdv.of clean speech=/E{a;} . (D

Since the positions of analysis window in STFT analysis are
arbitrary, the PDF of phase 7, , follows uniform distribution

and is expressed as

) L for-7<a, <7
p(a,) = Uniform PDF=427x

0 else (12)

The joint PDF of the magnitude a, and phase &, is given as

B
RA
A, 1]
2
for0<g, <cocand-T <o, <.

pla,, )= , (13)

The conditional probability p(Y, | X, ) of the observed data,

given clean signal inherits randomness of noise and can be
given as the PDF of noise, which is also modeled by GGD as
follows

pY, 1X,)=p{, la,, &)= Noise PDF (14)
{Mr
= ( Ay / 27 ) el g
Jor 0<1Y, =X, ISc0,—w <y, <7
where b and 3 are scale and shape parameters, respectively,

for the GGD distribution for noise spectral component in the
frequency bin k, and y, is the corresponding phase for noise.

W BB 1 [TGIB)
YT 2T/ 2T(/B) o, \TIB)

and, o =Stdv.of noise = \/E{| D* 1} . (16)

Now the desired posterior density in Eq.(6) can be given by
using Eq.(13) and Eq.(14) and dropping denominator as
follows

pla,a 1Y)« p¥, la,a)pla, o)

(15)

{\erk\ﬁ” }P“iﬁ‘ } 17)
by bix
=(AA, A )e b 7 -,
Using Eq.(17) in Eq.(7) gives

7 :_IRkeivk —ae 1P _la, 17 tln Ay A, (18)
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x

Now, in order to locate, say at @’k and &k , the highest of the
posterior PDF, differentiating Eq.(18) w.r.t. phase &, and

spectral amplitude a, , and equating derivatives to zero gives

oJ/oa, |ak _, = BIR +a =2R,a, cos(v, — &)V’

[2R.q, sin(v, — )],
Equating it with zero and further simplification gives
sin(v, —@,)=0= @, =v,, (19)

where  B=0.58/b/;5=058-1. Eq.(19) gives MAP

estimated phase of the spectral components of clean signal
which is same as that of that of the spectral components of
the noisy speech. Similar treatment of Eq.(18) w.r.t spectral

amplitude a, along with use of Eq.(19) gives

dJ/oa, |, _, =0
which further gives



2B[R} +a; —2R,a,’[-R, +a,]
- ,Bx&kﬁx 71b;ﬁx [Sign(&k )]'B =0, (20)

In order to avoid singularity when 0< B <1, and
a, =0, @’ "in Eq.20) is replaced by @’ + &, where J is

very small (<107*) number. Further simplification of Eq.
(20), results in the following radical (power) equation

B.a>'b P sign(a, ) =2B(R, —a, )"
N aAkﬂx*I — P(Rk _&k )ﬁrl’ 21

where P=b’ . / b/ B . Tt may be very difficult to find an

analytical solution of the Eq.(21), however, its numerical
solution can be easily obtained by Newton-Rapshon’s method
under which numerical solution after the ith iteration is given
as

[aA _ i&kﬁx_l _P(Rk - i&k )ﬂ"_l
OB -D'a T+ P(B, )R, -4 )T (22)

This solution gives MAP estimator of the spectral magnitude
which is further combined with the phase of a related noisy
spectral component to get a spectral component of the clean
signal. The solution in Eq.(22) is sensitive to the used initial
value. The good initial values can be obtained as the special
case solutions of the Eq.(21) as described below

Initial Values

1. For B, =/, =2, the spectral components of both

the noise and speech signal have Gaussian
(assumption working under the Wiener filtering) PDF
under which solution of the Eq.(21) using Eq.(5) is
given by

. b’ o’
A =73 . 2 Rk = : 2 Rk’
b +b, o, +0, (23)

which is Wiener filter and can be used as an initial value for
the iterative solution in Eq.(22).

2. When S, =1 ie the clean speech spectral

component has Laplacian PDF and that of noise is
GGD, the solution to Eq.(22) is given by

056,
Pt

L _[1.41420%]5”1' F(%j
. =R, o.p, F(%’)

in which further if the PDF of noise spectral components is
assumed to be Gaussian, we have S, =2 and Eq.(24)

(24)

simplifies into

~ o
4, =R, —1.4142 :

2
Z” =R, —1.4142 (25)

where =07 /0?7 is the spectral SNR of the noisy speech
signal. It is interesting to note that for S =, =1, Eq.(21)

collapses and it can be shown that under such a condition
Eq.(21) leads to o, =0, . Out of above mentioned two initial

values, Eq.(24) seems more natural in the light of results
reported in [8] and will be used here, too.

3.1. GGD parameter estimation

The solutions of Eq. (21), require scale and shape
parameters of clean speech and noise signals which are not
known, however, can be estimated from the noisy data only.
The GGD parameters of noise can be estimated, using
Maximum Likelihood (ML) approach [8, 11], from the noise
only portion e.g. a few samples from the beginning or other
silent parts of the noisy data can be taken. The estimated
noise parameters and statistics of the noisy data can be used to
estimate GGD parameters for the clean signal. The shape

parameter B, can be estimated from kurtosis K by inverting
the following relation for GGD

ACZAINCT AT
r(3/8.) )
which gives

n 26
p=F"(K.). @0

However, this needs kurtosis of the clean signal, which can be
estimated from the higher order statistics of spectral
components of the noisy speech and estimated noise as
follows

« [K‘_Gf, —-45.0u, - 48,0041, —60.0, - (K, —6)0',‘,'}

n nfty

(O'v“ -0,) @7

where
[S),o'f. =3(o; —o)u, =34, — 1,0, - Sno*:]

(oi=ci)”

n

S =

x >

ol = max(af —0':,0); and 4, =pu,— U,

in which the subscripts n denotes noise and y denotes noisy
speech signal; S, 0 and i denote skewness, standard

deviation and mean of the signals indicated by the subscripts.
These estimated GGD parameters for noise and clean speech
signals can be used in Eq.(22) to estimate spectral magnitudes
which in combination with the noisy phases give spectral
components of the clean speech signal. The Wiener filtering
can be done using Eq.(23). In order to evaluate performance of
the proposed denoising algorithm, global SNR and segmental
SNR of the estimated signal will be measured. The global
SNR provides error measurement over time and frequency and
is defined as

DX ()
SNR,, = 10log , ——=—"—,
B0 x(r)— 2(1)] (28)

where x(r) and X(r) represent clean signal and estimated clean

signal. Segmental SNR represents SNR for each frames. The
mean square errors (MSE) between estimated and clean signal
will also be computed for both the Wiener estimated and MAP
estimated clean signals.



4. Experiments and Results

In the experiments the clean speech data was taken from
the ASJ continuous speech corpus for the research [8] and
noise data from the NOISEX-92 database freely available at
http://mi.eng.cam.ac.uk/comp.speech/Section1/Data/noisex.html. The
clean speech signal was degraded by WGN and BAB noise to
the different SNR levels ranging between —5db and 20 dB. In
the enhancement process only noised speech signals were
used. In the STFT analysis, hanning window of 20 ms with
step size 10 ms, sampling frequency 8000 Hz and 512 point
DFT were used. For the estimation of noise parameters a few
samples, depending upon the length of initial silence period,
were used. First, GGD parameters for the spectral
components of the noise were estimated, using ML approach,
from a first few frames corresponding to noise only samples.
Then higher order statistics of the noisy signal and GGD
parameters of noise were used to estimate GGD parameters
for the clean speech using Eq.(26)- Eq.(27). The estimated
parameters for the speech signal, from a female speaker
degraded by the babble noise, are shown in Fig.3. The shown
parameters are averaged over the number of frequency bins.
The speech enhancements using MAP estimation and Wiener
filtering were done on the four speech signals degraded by
WGN and BAB noise. The SNRs of the input and estimated
clean signals are shown in the Fig.4. It is evident from there
that the proposed method outperforms Wiener filtering. MAP
estimation provides better SNR than modified Wiener filter
[12]. The normalized MSE between the estimated and original
signals are also shown in Fig.5. It can be observed that the
noise suppression capacity of GGD based algorithm is
superior to that of the Wiener filtering. The segmental SNR
for the speech signal from the female speaker are shown in
Fig. 6a and Fig.6b. It is evident from these figures
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Figure 3: Estimated GGD parameters for the clean speech and
noise from noisy speech data degraded by BAB noise. The
estimated values are averaged over the frequency bins.
Subplots in the left column are for clean speech while the same
in the right column are for the BAB noise.
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Figure 4. SNRs of the estimated speech under different
degraded conditions of the input by the WGN (upper subplot)
and BAB noise (lower subplot). The result is averaged for the
speech data for the four speakers (two male and two females).
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Figure 5: MSE between estimated signal and original speech
signal for different SNR conditions of the input signal
degraded by WGN and babble noise. The shown results are
averaged for the four speakers (two male and two females).

that the segmental performance of the GGD based MAP
estimator is also better than that of the Wiener filter. The
shown segmental SNR were limited between —10 db to 35 db.
The spectrograms of the noisy signals, under WGN, estimated
clean speech signals by Wiener filtering and proposed method
are also shown in Fig.7. For different SNR levels of the input
signal. With the increasing input SNR, difference in
segmental SNR of both gets lessened. In all these experiments
GGD parameters for the noise has been estimated using a few
samples from the initial silence part of the noisy signal.
However, silence parts are also available at other time
instances that can be further utilized to increase the number of
noise only frames which in turn can improve the ML
estimation of the GGD parameters of the noise as well as of
clean speech. In the MAP estimation process we
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Figure 6: Segmental SNR for MAP estimation and Wiener
filtering computed for female speech signal degraded by (a)
WGN and (b) babble noise.

have used the initial value based on Eq.(24) , however, its
comparative study of performance with Wiener based initial
values is left unexplored. Looking effectiveness of Eq.(24), we
are studying its use as adaptive spectral subtraction.
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Figure 7: Spectrogram of the noisy and enhanced speech
signal. The subplots from top to bottom in any column
correspond to SNR conditions —5db, 5 db, 15 db and 20 db.
Subplots in first column are for noised signals, subplots in
second column are for enhanced signals by Wiener filtering,
and that of in the third column is for the proposed algorithm.



