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ABSTRACT

In this paper, we propose a speech enhancement approach.
The approach is based on deriving weighted log-spectral
amplitude estimator that exploits the generalized Gamma
distributed speech priors under speech presence probabil-
ity. The log-spectral amplitude estimator is weighted by psy-
choacoustically motivated speech distortion measure to take
advantage of the perceptual interpretation. The experimen-
tal results show that the proposed approach provides less
residual noise and better speech quality compared to state-
of-the-art speech enhancement approaches.
Keywords: Speech enhancement, weighted log-spectral am-
plitude estimator, generalized Gamma distribution, speech
presence probability.

1. INTRODUCTION

Significant progress has been made in developing speech en-
hancement algorithms over the last few decades [1]. The en-
hancement algorithms are generally concerned with improv-
ing the perceptual aspects of speech quality while extracting
the desired signal from its corrupted observations.

Enhancement algorithms based on Bayesian estimators
of the amplitude spectrum have received a lot of attention. A
well-known Bayesian estimator is the minimum mean square
error (MMSE) estimator that minimizes the conditional ex-
pectation of a squared-error cost function [2]. The squared-
error cost function in logarithmic domain, resulting in log-
spectral amplitude (LSA) estimator [3], has shown itself to
be more effective in reducing musical noise. The generaliza-
tion of these cost functions under speech presence probabil-
ity (SPP) was also reported in [4-6]. More perceptually moti-
vated Bayesian estimators that use variants of speech distor-
tion measures as the cost functions in place of the squared-
error cost function were proposed in [7,8].

The aforementioned approaches estimate the clean
speech discrete Fourier Transform (DFT) coefficients based
on the assumption that the clean speech and noise DFT coef-
ficients are complex Gaussian distributed. The recent studies
[9,10], however, show that the clean speech DFT coefficients
have a super-Gaussian behavior. Based on this observation,
the super-Gaussian distribution assumptions such as Lapla-
cian or Gamma distributions have been derived in [10].

This paper is devoted to deriving a weighted LSA, re-
ferred in this paper to as WLGSP, estimator that exploits
the generalized Gamma distribution (GGD) assumption for

the speech DFT coefficients under SPP. The LSA estimator
is weighted by a perceptually meaningful cost function that
uses Euclidean distance measure so that it takes into account
the loudness and masking properties of the human auditory
system. The incorporation of these properties into the gain
function under SPP makes the proposed method to perform
well by removing a certain amount of noise while keeping
the speech component as undistorted as possible.

The organization of the paper is as follows. Section 2
provides basic assumptions and some preliminary notations
that we will use through out this paper. In Section 3, we
describe the proposed method. Section 4 shows the experi-
mental results. Finally, Section 5 concludes the paper.

2. PRELIMINARY DEFINITIONS

Let us assume that the noisy speech at sampling time in-
dex n, x(n), consists of clean speech s(n) and additive noise
d(n). That is x(n) = s(n)+d(n). The noisy signal in the time
domain is transformed into the frequency domain by the ap-
plication of a window function and DFT. In the frequency
domain, we have

X(λ ,k) = S(λ ,k)+D(λ ,k) (1)

where X(λ ,k), S(λ ,k) and D(λ ,k) are the DFT coefficients
obtained at frequency index k in frame λ from the noisy
speech, clean speech and noise, respectively. The DFT co-
efficients S(λ ,k) and D(λ ,k) are assumed to be statistically
independent.

The preceding equation can be expressed by dropping
the frame index for notational convenience in polar form as:

Rke jφ = Ake jψ +Nke jω (2)

where {Rk,Ak,Nk} and {φ ,ψ,ω} denote the amplitudes and
phases of the noisy speech, clean speech and noise, respec-
tively. The DFT coefficients of noise are assumed to obey a
Gaussian distribution. The Gaussian assumption that corre-
sponds to a Rayleigh distribution, however, is not necessarily
the best model for estimation of the speech DFT amplitudes
[9,10]. A GGD assumption for speech amplitude can per-
form much better than the Rayleigh distribution assumption.
The GGD is given by

f (Ak) =
δην

Γ(ν)
Aδν−1

k exp(−ηAδ
k ), δ ,η ,ν > 0 (3)



where Γ(.) is the Gamma function, δ and ν denote shaping
parameters, and η is a parameter specified by ν . The special
cases of generalized priors in (3) for different estimators de-
pends on choosing the value of δ [11]. In this study, we use
δ = 2 for which η is related to ν and the variance of speech,
λs(k), as η = ν/λs(k).

3. WEIGHTED LOG-SPECTRAL AMPLITUDE
ESTIMATION WITH GGD UNDER SPP

In this section, we derive the WLGSP estimator under SPP
with generalized Gamma distributed speech priors.

Bayesian spectral amplitude estimator minimizes the
conditional expectation of a cost function, E

[
C(Ak, Âk)

]
,

where Âk denotes the estimated spectral amplitude of Ak.
The estimator is, then, combined with the phase of the noisy
speech to derive the estimator of the complex spectral com-
ponent of the clean speech Ŝk = Âke jφ . Finally, the enhanced
time signal is obtained by taking inverse DFT of Ŝk.

In the logarithmic domain, which was proposed in [3],
the cost function is chosen as

C
(
Ak, Âk

)
=
(
log Ak−log Âk

)2
. (4)

The LSA estimator shown in [3] can be derived by exploit-
ing the moment generating function of log Ak|Xk for com-
plex Gaussian distributed clean speech and noise DFT coef-
ficients as

Âk = exp

(
d

dρ
E[Aρ

k |Xk]

)
|ρ=0 . (5)

The equation (5) is equivalent to

Âk = lim
ρ→0

exp

( d
dρ

E[Aρ

k |Xk]

E[Aρ

k |Xk]

)
. (6)

By applying L’Hopital’s rule, (6) can be expressed as

Âk = lim
ρ→0

exp

( d
dρ
log E[Aρ

k |Xk]

d
dρ

ρ

)
. (7)

For a small value of ρ , (7) can be expressed as

Âk = E
[
Aρ

k |Xk
] 1

ρ (8)

where ρ is approximated as 0 < ρ � 1. Equation (8) is a
special case of the approach proposed in [12].

The spectral amplitude estimator in (8) is now consid-
ered under SPP. Given two hypotheses, H0(k) : Xk = Dk and
H1(k) : Xk = Sk +Dk, which indicate respectively speech ab-
sence and presence, and assuming a complex Gaussian dis-
tribution of the DFT coefficients for both speech and noise
[2], the conditional SPP, pk , P(H1(k)|Xk), is given by

pk =

{
1+

qk

1−qk
(1+ξk)exp(−νk)

}−1

(9)

where qk ,P(H0(k)) is the a priori probability of speech ab-
sence, ξk = λs(k)/λd(k) is the a priori SNR in which λd(k)

denotes the variance of noise, γk = R2
k/λd(k) is called the

a posteriori SNR, and νk = ξkγk/(1+ ξk). By taking into
account the SPP pk, the estimator in (8) is obtained as

Âo
k =

[
E
[
Aρ

k |Xk,H1(k)
]

pk +E
[
Aρ

k |Xk,H0(k)
]
(1− pk)

] 1
ρ

(10)
where Âo

k denotes the optimal spectral amplitude estimator
under consideration of SPP. It is interesting to mention that
the estimator Âo

k in (10) is a special case of the method pro-
posed in [5]. Since the gain is constrained to be larger than a
threshold Gmin during speech absence, we consider

E
[
Aρ

k |Xk,H0(k)
]
= (Gmin.Rk)

ρ . (11)

Accordingly, the conditional gain function during speech
presence is defined by

E
[
Aρ

k |Xk,H1(k)
]
=
(

Gwlg
k .Rk

)ρ

(12)

where Gwlg
k is a gain function considered with GGD.

The proposed method is based on deriving Gwlg
k with

generalized Gamma distributed speech priors. As can be
seen from (4), the chosen cost function of the LSA estimator
is the squared-error between the estimated and actual clean
speech. This type of squared-error cost function, however,
is not necessarily subjectively meaningful [7]. A more per-
ceptually significant cost function is used in [7] based on a
weighted error criterion that exploits the masking properties
of the human auditory system. The chosen cost function is
given by

C
(
Ak, Âk

)
= Aτ

k
(
Ak− Âk

)2
(13)

where τ is a real parameter. To obtain the gain function Gwlg
k

corresponding to the above cost function in (13), we simplify
(8) as

Âk =

E
[
Aρ−τ

k |Xk

]
E
[
A−τ

k |Xk
]


1
ρ

. (14)

By specifying the GGD prior of Ak in (3), the ρ th conditional
moment can be simplified as

E
[
Aρ

k |Xk
]
=

(√
µk

γk

)ρ
Γ(ν + ρ

2 )Φ(−ν +1− ρ

2 ;1;−µk)

Γ(ν)Φ(−ν +1;1;−µk)
Rρ

k

(15)
where µk = ξkγk/(ν + ξk) and Φ(.) denotes the confluent
hypergeometric function [13]. Substituting (15) in (14), we
obtain

Âk = Gwlg
k Rk (16)

where

Gwlg
k =

√
µk

γk

(
Γ
(
ν + ρ−τ

2

)
Φ(−ν +1− ρ−τ

2 ;1;−µk)

Γ
(
ν− τ

2

)
Φ(−ν +1+ τ

2 ;1;−µk)

) 1
ρ

(17)
is a gain function considered with generalized Gamma dis-
tributed speech priors. From (10), (11), (12) and (17),
the gain function via Âo

k = Gwlgsp
k Rk is determined by (18),



Gwlgsp
k =

{(√
µk

γk

)ρ
(

Γ(ν + ρ−τ

2 )Φ(−ν +1− ρ−τ

2 ;1;−µk)

Γ(ν− τ

2 )Φ(−ν +1+ τ

2 ;1;−µk)

)
pk +Gρ

min (1− pk)

} 1
ρ

(18)

shown in top of this page. In (18), Gwlgsp
k is the gain func-

tion for the proposed WLGSP estimator with generalized
Gamma distributed speech priors under SPP. In (18), the pa-
rameters ρ and τ are found to control the trade-off between
speech distortion and noise reduction. Figure 1 presents gain
curves for several values of ρ and τ as a function of the in-
stantaneous SNR, γk−1, for a fixed value of ξk = 0 dB. As
can be seen, lower attenuation is obtained for lower value of
ρ , whereas lower attenuation is obtained for higher value of
τ . This interpretation helps us to select the value of ρ and τ

used in the experiment. Consequently, we select ρ =−5 dB
and τ = −3 dB as a good compromise between the desired
noise reduction performed by the estimator and the speech
distortion introduced.

Figure 1: Gain curves for several values of ρ and τ as a
function of (γk−1) for ξk = 0 dB and ν =−2 dB.

It is interesting to show that the gain function Gwlgsp
k con-

verges to the Wiener gain function for γk � 1 and conse-
quently for µk � 1. Using the following approximation of
the confluent hypergeometric function

Φ(a;1;−µk) |
µk�1

≈
µ
−a
k

Γ(1−a)
, (19)

the gain function Gwlgsp
k , for pk = 1, converges to

Gwlgsp
k ≈ ξk

ν +ξk
(20)

which is the gain function of the Wiener filter for ν = 1. The
consideration of pk = 1 for large values of γk is not contra-
dictory, since speech is always present for large values of γk.
This provides the validity of the incorporation of SPP into
the gain function.

Table 1: Performance, in terms of segmental SNR, of the
WLGSP estimator for different types of noise and levels. The
performance of the WE estimator is also shown for compar-
ison.

Noise Method 0 dB 5 dB 10 dB 15 dB

Exhibition WE -0.78 1.15 3.62 6.72
WLGSP 1.54 3.10 5.50 8.65

Train WE -1.61 1.55 3.88 6.31
WLGSP 1.56 3.89 5.92 8.30

4. EXPERIMENTAL RESULTS

In this section, we investigate the performance of the pro-
posed WLGSP estimator by simulation experiments. The
NOIZEUS speech corpus [14] is used for evaluation in the
experiments. The corpus comes with non-stationary noises
at different SNRs. Two kinds of noises taken from the corpus
are used in the experiments. These are exhibition noise and
train noise. A total of four utterances from the NOIZEUS
corpus are used in our evaluation. Half of them are from
male speakers and half are from female speakers. The test
utterances are sampled at 8 kHz. A 20-msec analysis Ham-
ming window is used with 50% overlap between frames. The
lower bound threshold Gmin is set to −40 dB. The shaping
parameter ν is set to −2 dB. The decision directed approach
[2] is used for estimating the a priori SNR and the a priori
probability of speech absence for computing the SPP is esti-
mated according to [4]. For estimation of noise variance, we
use the method proposed in [15].

Speech quality is evaluated by the segmental SNR
(SSNR) in speech segments and perceptual evaluation of
speech quality (PESQ) [16]. The SSNR is calculated as fol-
lows:

SSNR =
1
M

M−1

∑
j=0

10log10

[
∑

N∗ j+N−1
n=N∗ j s(n)2

∑
N∗ j+N−1
n=N∗ j [s(n)− ŝ(n)]2

]
(21)

where s(n) is the original signal, ŝ(n) is the enhanced sig-
nal, M is the number of frames averaged and N is the frame
length.

The performance of the WLGSP estimator is investi-
gated by comparing that of the weighted Euclidean (WE)
estimator proposed in [6]. The performance, in terms of
SSNR, of the estimators is shown in Table 1 for different
types of noise and levels. As can be observed, the WLGSP
estimator achieves a larger SSNR for all cases tested in the
experiments. Table 2 shows the performance, in terms of
PESQ measure, of the estimators for different kinds of noise
and levels. It is worth noting that a higher PESQ score re-
sults in more perceptual speech quality. As can be seen from
Table 2, the proposed WLGSP estimator achieves a higher



Table 2: Performance, in terms of PESQ, of the WLGSP es-
timator for different types of noise and levels. The perfor-
mance of the WE estimator is also shown for comparison.

Noise Method 0 dB 5 dB 10 dB 15 dB

Exhibition WE 1.76 1.97 2.32 2.81
WLGSP 1.69 2.05 2.47 2.89

Train WE 1.73 2.05 2.33 2.68
WLGSP 1.75 2.11 2.44 2.77

PESQ score than the WE estimator in most of the cases. An
informal listening test also confirms that the WLGSP esti-
mator performs significantly better by providing less resid-
ual noise than the WE estimator. A further improvement
of the proposed estimator may be still possible by consider-
ing time-and frequency dependent parameters ρ and τ , since
they control a trade-off between noise reduction and speech
distortion.

5. CONCLUSIONS

In this paper, we have proposed a speech enhancement ap-
proach based on the WLGSP estimator. The experimental re-
sults show that the proposed estimator yields more improve-
ments over other tested estimators in terms of speech quality
measures. This is mainly due to the use of the weighted crite-
rion that takes the advantage of the perceived loudness of the
LSA estimator and masking properties of the Euclidean mea-
sure. The weighted estimator has further considered with
generalized Gamma distributed speech priors under SPP that
makes the proposed estimator to be superior.
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