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Speech Enhancement Employing
Laplacian–Gaussian Mixture

Saeed Gazor, Senior Member, IEEE, and Wei Zhang

Abstract—A new, efficient speech enhancement algorithm (SEA)
is developed in this paper. In this low-complexity SEA, a noisy
speech signal is first decorrelated and then the clean speech com-
ponents are estimated from the decorrelated noisy speech samples.
The distributions of clean speech and noise signals are assumed to
be Laplacian and Gaussian, respectively. The clean speech compo-
nents are estimated either by maximum likelihood (ML) or min-
imum-mean-square-error (MMSE) estimators. These estimators
require some statistical parameters derived from speech and noise.
These parameters are adaptively extracted by the ML approach
during the active speech or silence intervals, respectively. In addi-
tion, a voice activity detector (VAD) that uses the same statistical
model is employed to detect whether the speech is active or not. The
simulation results show that our SEA approach performs as well
as a recent high efficiency SEA that employs the Wiener filter. The
computational complexity of this algorithm is very low compared
with existing SEAs with low computational complexity.

Index Terms—Adaptive Karhunen–Loève transform, adaptive
signal detection, adaptive signal processing, colored noise, decor-
related domains, decorrelation, decorrelation transformation,
discrete cosine transforms, Gaussian distribution, generalized GD,
Karhunen–Loève transforms, Laplacian distribution, Laplacian-
Gaussian Mixture, Laplacian random variables, linear minimum
mean squared error estimation, marginal distributions, minimum
mean squared error estimation, maximum likelihood estimation,
multivariate distribution approximation, non-Gaussian distribu-
tion, nonlinear speech enhancement, speech activity detection,
speech enhancement, speech probability distribution, speech pro-
cessing, speech quality evaluation, speech samples distribution,
speech signal statistics, time-varying speech components energy.

I. INTRODUCTION

OVER the past four decades, the problem of speech en-
hancement (SE) has been discussed by many researchers

[1], [2], [8], [9]. The main objective of SE is to improve the
performance of speech communication systems in a noisy envi-
ronment. Depending on the specific application, the objective of
an enhancement system may be to improve the overall quality,
increase intelligibility, reduce listener fatigue, or a combination
of these.

Most of SE research has focused on removing the corrupting
noise, which improves the overall quality of the speech signal.
Usually it is assumed that speech is degraded by additive noise
which is independent of clean speech. In early implementa-
tions, spectral subtraction approach was widely used. This ap-
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proach estimates the power spectral density (PSD) of a clean
signal by subtracting the PSD of the noise from the PSD of the
noisy signal [2], [3]. The estimate of PSD is performed within
short time segments, because the short-time spectral amplitude
carries important information about both speech quality and
intelligibility.

Almost all of the known speech enhancement algorithms,
which operate in the transform domains, assume that the coef-
ficients of both the noisy speech and noise are all jointly zero
mean Gaussian distributed random variables in the transform
domain. Such a assumption results in a linear estimator for the
clean speech signal. However, it has been remarked that as-
suming some other distributions can result in better performance
than the Gaussian model [16], [17]. A linear estimator is ob-
viously suboptimal where the Gaussian distribution is not the
best candidate for the data. For instance in [8], [9], the enhance-
ment of speech in the log-domain (cepstrum) is considered. Due
to a nonlinear blending of noise and clean speech, the distribu-
tion of speech and noise is non-Gaussian. Employing a mixture
model as approximation for the pdfs considerable improvement
is achieved in [8], [9].

The Wiener filter has been used for SE [4]. The noisy speech
is used to estimate an “optimum” filter adaptively, under the
assumption that speech and noise signals are independent and
have zero mean Gaussian distributions. The Wiener filter could
be applied in either the time domain or the frequency domain
to obtain an estimate of the clean speech. The Kalman filter has
also been used to estimate the clean speech signal [5]. It is “the-
oretically” optimal in the minimum-mean-square-error sense if
the speech and noise have a joint linear Gaussian dynamic.

Recently a signal subspace speech enhancement framework
has been developed (see [6], [7], [10], [18], and references
therein). In this framework, the estimation is performed on a
frame-by-frame basis under the assumption that the noise is
additive and uncorrelated with the clean speech signal. This
signal subspace SE system decomposes the noisy signal into
uncorrelated components by applying the Karhunen–Loève
Transform (KLT). So along each eigenvector, the component of
noisy speech is the sum of the components of clean speech and
noise. An estimation of each clean speech component is made.
Then the clean signal is synthesized by applying the inverse
KLT (IKLT) to the estimated clean speech vectors.

The recent statistical modeling presented in [11], [12] con-
cludes that the clean speech components, in decorrelated
domains (e.g., in the KLT and the Discrete Cosine Transform
(DCT) domains [14]) as random variables have Laplacian dis-
tributions, and noise components are accurately modeled by
Gaussian distributions. Therefore, the speech decorrelated com-
ponents could be accurately modeled as a multivariate Laplacian
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random vector, while for noise a multivariate Gaussian model is
accurate. Based on these assumptions, we design a Bayesian SE
system to estimate the clean speech signal components. Since
speech signals are not stationary, the parameters of this system
are adaptively calibrated. The Adaptive KLT (AKLT) is the first
alternative that attempts to fully decorrelate the signals (see
[6], [7], [10], and [18]). The DCT is another computationally
inexpensive alternative that transforms acoustic signals into
reasonably decorrelated components [14].

This paper is organized as follows. In Section II, we review
the basic principle of the decorrelation of speech signals. Sec-
tion III provides the statistical modeling that will be used in this
paper. The main subject of this paper is a new estimation algo-
rithm of clean speech components, proposed in Section IV. In
Section V, we give the structure of a SEA system. The perfor-
mance evaluation and conclusion are summarized in Section VI.
Section VII is the conclusion.

II. DECORRELATION OF SPEECH SIGNALS

In this section, we consider a speech signal in the decorrelated
domain. Let be the clean speech signal. A -dimensional
vector of samples of at time is denoted by

(1)

where denotes the transpose operation. Also, let de-
note the corresponding -dimensional vector of noisy speech.
Assuming that the noise vector is additive, we have

(2)

In [10], a linear model for the speech signal is described that
approximates a vector of noisy signal with a linear combination
of some basis vector. Since the correlation between speech sig-
nals is commonly rather high, a speech data vector can be repre-
sented with a small error by a small number of components. In
this paper, the speech signals are transformed into uncorrelated
components by using the DCT or the AKLT [7], [14]. It can be
easily seen that , where ,
and are transformed components of , and

, respectively.
In order to develop our SEA, we assume that the uncorrelated

components, i.e., , are independent. This assumption
is strongly justified by intuition for a set of uncorrelated Lapla-
cian random variables. However, for the Gaussian case it can be
easily proven, i.e., Gaussian random variables are independent
if they are uncorrelated.

A. Karhunen–Loève Transform (KLT)

Let be the covariance matrix
of clean speech , and consider the eigendecomposition of

to be as follows:

(3)

where is a diagonal matrix containing the eigenvalues
of the clean speech covariance matrix . The matrices

and are called the KLT and the Inverse KLT
(IKLT) of the clean signal , respectively [7]. In fact, the
main property of the KLT is that the covariance matrix of the

transformed signal, , is diagonal, i.e.,
. The column span of

corresponding to nonzero eigenvalues is referred to as signal
subspace. The KLT and IKLT are unitary transformations, i.e.,

.
In most subspace-based speech-processing algorithms, the

noise subspace components are first assumed to be white, i.e.,
, where is the variance of noise

[10]. In this case, the covariance matrix of
should also equal to because the matrix
is unitary. Practical results show that each component of

has a different variance. A better approximation
for the covariance matrix of the noise components in the KLT
domain is as follows [7]:

(4)

where is the variance of noise along the eigenvector
at time . It is reasonable to assume that the noise is
uncorrelated with and independent of the speech . In this
case, the covariance matrix of noisy speech is given by

(5)

This means that the eigenvectors of and are the
same in the presence of speech.

Accurate estimates of eigenvectors and eigenvalues of
are required in the speech processing algorithms based

on subspace approaches. As the speech signals are not sta-
tionary processes, adaptive subspace tracking algorithms could
be applied here, e.g., the algorithm suggested in Table I [7].

B. Discrete Cosine Transform (DCT)

The KLT is optimal for transform coding of Gaussian sources.
It is an orthonormal transform that produces uncorrelated coeffi-
cients. As the KLT is complex to compute, harmonic transforms
such as DCT and Discrete Fourier Transform (DFT) are used
as suboptimal alternatives. Another motivation for using these
transforms instead of the AKLT is to avoid the subspace vari-
ations and errors of the AKLT. Among the DCT and DFT, the
DCT yields a better performance, and is computationally less
expensive. Thus, it is preferred in practice.

The DCT also reduces the correlation of the signal and com-
pacts the energy of a signal block into some of the DCT coef-
ficients. The results in [14] illustrate that the efficiency of the
DCT in whitening an autoregressive signal (or speech) is as
good as the KLT if the data size is large enough.

III. STATISTICAL MODELLING

The statistical modeling in [11], [12] leads to the conclusion
that the DCT and the KLT components of speech follow Lapla-
cian distributions more accurately than Gaussian distributions.
Our experimental results show that most noise signals can be
precisely modeled by Gaussian distributions in the transformed
domain. In this section, we review the model of noise compo-
nents and clean speech components.
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TABLE I
ADAPTIVE KLT TRACKING ALGORITHM FOR SEA [7]

A. Noise Distribution

We assume that the noise components in uncorrelated do-
mains, , are Gaussian, i.e.,

(6)

where is the variance of the noise component. If the
successive samples of , during the silence interval be-
tween and , are independent and the variations
of their variances are very small, then the Maximum Likelihood
estimate of is given by

(7)

We use the following low-complexity substitute for (7):

(8)

In our simulations, is chosen to let the time constant of the
above filter be 0.5 s, assuming that the variation of the noise
spectrum is negligible over a time interval of 0.5 s. Because the
speech signal includes some silence intervals, the noise samples
can be always separated from these time intervals and stored
using a VAD.

B. Speech Signal Modeling

In [11], [12], we demonstrated that the clean speech compo-
nents in the decorrelated domains, , have zero-mean
Laplacian distributions and are uncorrelated, i.e., the pdfs of

are given by

(9)

where is the Laplacian factor for the clean speech
component. Similarly, by applying the Maximum Likelihood
estimate of the Laplacian Factor yields

(10)

Similarly, we use the following low-complexity substitute for
(10)

(11)

In our simulations, is chosen to let the time constant of the
above adaptive process be 10 ms, because the speech signal can
be assumed to be stationary over such a period.

The estimation of in (11) is equivalent to the expected
value of . Note that there is no access to the clean signal,

. If the noise power is small, we may use as an
approximation for in (11). For low SNRs, our experi-
mental results show that the substraction of the estimated noise
variance from and using the following es-
timator lead to further SNR enhancement:

(12)

IV. ESTIMATION OF CLEAN SPEECH COMPONENTS

In this section, the estimators of clean speech components
are presented, based on the statistical distributions given in the
previous section.

Assuming that different components are independent, we can
process different components in parallel. In this section for sim-
plicity of notation, we drop the time index and eigenvector
index . Here, the problem is to estimate the clean speech com-
ponent when the noisy speech component is given. As-
suming that the speech is detected as present, we have

(13)

where

(14)

It is reasonable to assume that the speech and noise compo-
nents are independent; therefore, the joint distribution of and

is given by

(15)
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Fig. 1. Comparison of a linear estimator with two proposed nonlinear
estimators (MMSE and ML) of the clean speech signal component s from the
noisy input component v = s + u.

and the conditional distribution of given is

(16)

Subsequently, we derive two estimators for .

A. Minimum Mean Square Error (MMSE) Estimator

This MMSE estimator is the conditional mean of with
as the pdf. Using (15), the MMSE estimator of the

clean speech component , is given as a nonlinear function of
three inputs: 1) noisy speech component , 2) noise variance

, and 3) speech Laplacian factor

(17)

where , and the function
is the complementary error function.

B. Maximum Likelihood (ML) Estimator

The ML estimate of given the observation is the value
for which the likelihood function is maximum. Max-
imizing is obviously equivalent to maximizing (15).
Thus, we have

if ,

if ,

if .

(18)

The MMSE and ML estimators in (17) and (18) are depicted
in Fig. 1 versus the noisy input signal for a given value of

. We find that these estimators operate very similarly; if the

Fig. 2. Block diagram of the proposed SE system.

amplitude of the noisy input is large (i.e, ), then the
magnitude of the output is almost equal to the magnitude of the
input minus , i.e, . If the mag-
nitude of the input is smaller than the ML interprets it as
noise and projects it to zero, while MMSE attenuates the input.
To avoid the computational complexity involved in MMSE, one
may suggest using a simpler nonlinear function.

V. PROPOSED SE SYSTEM

In this section, components of this system are introduced.
Fig. 2 is a block diagram for the proposed SEA. In Section III,
two Bayesian estimator of the clean speech component
are proposed based on the following assumptions.

1) Speech components in the transformed domains (i.e.,
DCT or AKLT) have Laplacian distributions and are in-
dependent.1

2) Noise components have Gaussian distributions.
3) Signal and noise are independent.

The following information needs to be provided to these esti-
mators:

• noisy speech component ;
• speech Laplacian factor ;
• noise variance .

Both and can be estimated using the ML estima-
tion method given in (8) and (12) (for high SNRs, one may use
(11) instead of (12)). The clean speech component can be esti-
mated with MMSE or ML estimations as shown in Section IV.
The two proposed nonlinear estimators are derived based on
above assumptions. It is reported that the first assumption is
considerably better than a Gaussian model if the transforma-
tion is applied to time frames of at least longer than 10 ms [11],
[12]. The second assumption is valid if the noise power is al-
most stationary over several successive frames. For instance,
this is a reasonable assumption for computer fan noise and car
noise and is not reasonable for bobble noise [15]. In Fig. 1,
these clean speech estimators are also compared with a linear
suboptimal one, i.e., with the Winner filter that is the MMSE
under a Gaussian-Gaussian model which is a suboptimal esti-
mator under our assumptions.

1It is demonstrated that speech signal components are sufficiently uncorre-
lated in these domains [14].
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TABLE II
STRUCTURE OF THE PROPOSED SEA

The SEA is shown in Table II. The first step is to decompose
the noisy speech vectors to uncorrelated components. Providing
the speech and noise statistic parameters, each DCT component
will be used to estimate the clean speech component along the
corresponding eigenvector using (17) and (18). Then the the en-
hanced speech signal is obtained via the inverse transform. The
synthesis process applies the inverse transform of the decorre-
lation process to the cleaned signal vector . The enhanced
speech vector is given by

(19)

where is the vector of
estimated (enhanced) speech components in the decorrelated
domain which could be obtained either from ML estimation or
MMSE estimation. The overlap between successive input vec-
tors controls a trade off between computational com-
plexity and the performance. To create the stream of the output,
we only need some samples of ; therefore, to reduce the
computational complexity, only required samples in (19) are
needed to be calculated.

The estimations of the speech and noise parameters are per-
formed on a frame-by-frame basis. The speech Laplacian factors

and the noise variance may be obtained with the
ML approach given in Section III. Using these parameters, SE
is performed with (17) or with (18) in MMSE and ML senses,
respectively.

Analog-to-Digital and Serial-to-Parallel: After analog-to-
digital (A/D) conversion, the signal is passed through a se-
rial-to-parallel (S/P) convertor, by using a tap delay line to
obtain the noisy speech signal vector . This vector will
be then transformed by the DCT, KLT, or another decorrelation
transformation.

Voice Activity Detector: A voice activity detector (VAD) is
required to separate silence intervals from voice activity in-
tervals. We suggest using the VAD in [13] that processes the
decorrelated speech samples. This soft VAD is obtained from a
Bayesian hypotheses test by assuming the same statistical mod-
eling that is a Laplacian distribution for speech and a Gaussian
distribution for the additive noise. In addition, this VAD em-
ploys a hidden Markov model with two states representing si-
lence and active speech. The probability of speech being active
is estimated recursively by this soft VAD that is summarized
in Table III. The a priori state probability provided from the
previous time instance, is combined with the new observation
to calculate the probability of speech being active at a given
moment. A typical simulation result for a noisy speech signal
(5 dB white noise) is shown in Fig. 3. We adopt this VAD be-
cause it provides very good and robust performance for a wide
range of signal-to-noise-ratios (SNR) and noise types.

Another advantage of this VAD algorithm is that its design
structure and assumptions are the same as those of this paper;
therefore, the transformation and the estimation of the parame-
ters could be shared between the proposed SE and this VAD.

Parallel-to-Serial (P/S) and Digital-to-Analogue
(D/A): Overlapping vectors of the signal are enhanced. Then
a P/S and an A/D converter are used to produce the stream
of the enhanced signal. The P/S is a buffer that takes the new
portion of each new input vector and feeds it to a shift register
followed by an D/A in order to produce the stream of the
enhanced signal .

VI. PERFORMANCE EVALUATION

The compromise between signal distortion and the level of
residual noise is a well known problem in SE [4], [6]. In this sec-
tion, the performance of the proposed SEA is evaluated using
objective criteria, such as noise reduction criterion and distor-
tion criterion.

The sampling frequency of the noisy speech signal is 11 025
Hz. The vector length, , is chosen to be 80 samples, which
corresponds to approximately 7 ms. The overlap between signal
vectors is set at 70 samples. The overlap can be reduced to re-
duce the computation complexity, at the expense of some per-
formance degradation. In this case, at each iteration 10 samples
of the enhanced signal are updated. This represents about 1 ms
of the signal. Further reduction of this updating time interval
provides only a very slight improvement.

Software generated white Gaussian noise, computer fan noise
and lab noise are added to the original speech signal with dif-
ferent SNRs, namely 0, 5, and 10 dB. The computer fan noise is
picked up by a microphone, as is the lab noise which is mainly
the sound of a network switch.

A. Time Domain and Spectrogram Evaluation

First, the results of the proposed SE algorithm are evaluated
and compared with the SEA in [7] in the time domain and the
frequency domain by means of the spectrogram. Fig. 4 shows
the results of enhanced speech corrupted by a white noise with
5 dB SNR. From this figure we observe that the enhanced speech
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TABLE III
SUMMARY OF A SOFT VAD ALGORITHM SIMILAR TO THE PROPOSED ONE IN [13]

Fig. 3. Results of the proposed VAD in the presence of white noise with 5
dB SNR. (a) Noisy speech and (b) soft detection result, P of the proposed
VAD.

has a lower noise level in the time domain, where the ML ap-
proach results in a lower residual noise level. From the spectro-
grams in Fig. 5 it can be seen also that the background noise is
very efficiently reduced, while the energy of most of the speech
components remained unchanged.

Figs. 5 and 6 illustrate the results for a nonstationary, col-
ored lab noise. From our simulations and Figs. 4–6, we con-
clude that the proposed methods perform very well for var-
ious noise conditions such as for colored and/or nonstationary
noises.

The estimation of has an important impact on the per-
formance of the proposed SEAs. To illustrate this impact, we
estimate the Laplacian factor using the clean speech signal
and call this estimate as “best value” of . In Fig. 7, noisy
speech is enhanced with these so-called best values. We will
use the term “best value” to refer to the SEA that processes
the noisy speech with these so-called best values, which theo-
retically provides the “best” performance that can be achieved
with this SE framework under the Laplacian-Gaussian assump-
tion. We can clearly see that the residual noise level of this
ideal case is much lower than the results from Fig. 4. This
illustrates that the effectiveness of the proposed SE could be
further improved.

B. Spectral Distortion

We use Spectral Distortion (SD) as a criterion for the perfor-
mance of SEAs [6]. The SD between two signals and
with length is calculated as follows. First, both signals are
normalized, i.e., and .
Signals are normalized to neglect the gain of the algorithm
that could be compensated simply by an amplifier. Then
and are both divided into frames of length 64 samples
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Fig. 4. Enhanced speech corrupted by white Gaussian noise (SNR = 5 dB).
(a) Speech signal, (b) noisy signal, (c) enhanced signal (ML), (d) enhanced
signal (MMSE), and (e) enhanced signal (SEA in [7]).

without overlapping. After padding 192 zeros into each frame,
the 256-point FFT is calculated for each frame. Let and

be the th frequency components of the th frame of
and , respectively. The SD in decibels is defined as

follows:

(20)

Fig. 5. Spectrograms of enhanced speech corrupted by white Gaussian noise
(SNR = 5 dB). (a) Speech signal, (b) noisy signal, (c) enhanced signal (ML),
(d) enhanced signal (MMSE), and (e) enhanced signal (SEA in [7]).

Table IV presents SDs where the clean speech signal is com-
pared with the noisy input signal, two proposed enhanced sig-
nals and the enhanced signal using the algorithm in [7]. In white
and lab noise conditions, the SD values for all these approaches
are better than the noisy speech. The result of the “best value”
MMSE approach is slightly better than those of the others. Only
for the fan noise in a high SNR condition does the SD result
seem to be unexpected. The reason is that the PSD of the fan
noise has an strong peak at a very low frequency that results in
a strong SD around this frequency.
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Fig. 6. Enhanced speech corrupted by nonstationary colored lab noise
(SNR = 5 dB). (a) Speech signal, (b) noisy signal, (c) enhanced signal (ML),
(d) enhanced signal (MMSE), and (e) enhanced signal (SEA in [7]).

C. Output SNR

The SNR of the enhanced signal (or the noisy signal) is
defined by

(21)

where is thecleanspeechsignaland is thenumberofsignal
samples. Table V compares the SNR of enhanced signals using
different approaches versus the input SNR. As expected, the SNR

Fig. 7. Results of SEA with the “best value” (white noise, SNR = 5 dB).
(a) Speech signal, (b) noisy signal, (c) enhanced signal (ML), and (d) enhanced
signal (MMSE).

TABLE IV
SPECTRAL DISTORTION (IN dB) BETWEEN THE CLEAN SIGNAL AND SIGNALS

ENHANCED USING DIFFERENT SEAS FOR VARIOUS NOISE CONDITIONS

performance of the “best value” MMSE is the best (highest) in
all noise conditions. The SNR improvement in the MMSE ap-
proach for high SNRs is higher than that of other approaches.
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TABLE V
COMPARISON OF SNR (IN dB) OF ENHANCED SIGNALS

FOR VARIOUS NOISE CONDITIONS

VII. CONCLUSION

A comprehensive framework for SE is developed based on
a Laplacian distribution for speech and a Gaussian distribution
for additive noise signals. The enhancement is performed by
estimating the clean speech components from a Laplacian plus
Gaussian mixture in a decorrelated domain. Each component is
estimated from the corresponding noisy speech component by
applying a nonlinear memoryless filter.

The speech signal is decomposed into uncorrelated com-
ponents by the DCT or adaptively by the KLT. The estimates
are obtained based on the information of statistical models for
speech and noise components. This assumes that the speech is
stationary within 20–40 ms and the noise is stationary over a
longer period of about 0.5 s. The proposed SEAs are based on
the MMSE and the ML approaches, respectively. The speech
is then synthesized by the IDCT or IKLT. Overall, proposed
SEAs effectively reduce the additive noise. At the same time,
the proposed SEAs produce a lower level of distortion in the
enhanced speech when compared with the method in [7] that
uses a complex Adaptive KLT. The comparison of results with
the method in [7] shows that the proposed SEAs provide a
better (or similar) performance. The performance criteria of
the proposed SEAs give similar results. The fact that the SEAs
with “best value” outperformed all the others, indicates that the
new proposed framework for SE could be further improved.

The computational complexity of the proposed SEAs is very
low compared with the existing algorithms because of the use of
fast DCT. In fact, most of the computationally complex parts are
the DCT and IDCT (the computational complexity the DCT and
IDCT is of the order of , where is the size of the
vectors). All our simulations and listening evaluations confirm
that the proposed methods are very useful for SE.
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