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Beta-order minimum mean-square error multichannel spectral
amplitude estimation for speech enhancement
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In this paper, the minimum mean-square error (MMSE) ˇ-order estimator for multichannel speech enhancement is proposed. The estimator is an extension of the single-channel MMSE ˇ-order and multichannel
MMSE short-time spectral amplitude estimators using Rayleigh and Gaussian distributions for the statistical models under the assumption of a diffuse noise field where the noise is estimated independently across
each of the microphones. Experiments are performed to evaluate the new estimator against the baseline
single-channel and multichannel estimators using various values of the ˇ parameter and number of microphones along with different levels of noises as a function of the input signal-to-noise ratio. By the utilization
of additional microphones, the multichannel MMSE ˇ-order estimator achieves performance gains in
noise reduction, speech distortion, and speech quality as measured by the segmental signal-to-noise ratio,
log-likelihood ratio, and perceptual evaluation of speech quality objective metrics. Copyright © 2015 John
Wiley & Sons, Ltd.
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1. INTRODUCTION
Over the past several decades, there has been a great deal of research in the signal processing community on the development and implementation of speech enhancement algorithms. Whereas the
current state-of-the-art methods work reasonably well for some applications, the performance of
the algorithms quickly deteriorates under noisy conditions. In order to decrease background noise
and speech distortion and increase speech quality, which are measured by signal-to-noise ratio
(SNR) and segmental SNR (SSNR) [1] along with the log-likelihood ratio (LLR) [2] and perceptual evaluation of speech quality (PESQ) [3] as objective metrics [4], researchers have utilized
multichannel (dual, array, and distributed) microphones to exploit all available acoustic and spatial
information of the speech and noise sources [5]. Although single-channel microphone configurations require the speakers to be relatively close to the microphone and dual channel microphone
configurations involve a reference noise microphone [6], microphone array [7] configurations necessitate close-spacing of the microphones and a priori knowledge of the array geometry with the
distances between individual array elements being small enough to allow for spatial signal processing techniques (e.g., beamforming) without aliasing and justify assumptions of noise correlation
across the channels [6, 8–12]. By comparison, there has been relatively little research for distributed microphone configurations [13] where the microphones are spread throughout a large
area of interest with unknown spacing and geometry and array assumptions do not hold anymore.
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In order to advance the current state-of-the-art speech enhancement methods for distributed microphones [14–16], it is important to generalize the existing work from single-channel microphones,
dual channel microphones, and microphone arrays.
In speech enhancement, there has been much work on single-channel estimation of the spectral amplitude. From the foundational work involving the minimum mean-square error (MMSE)
estimation of the short-time spectral amplitude (STSA) [9] and log-spectral amplitude (LSA)
[10], researchers have modified the STSA and LSA cost functions to achieve further improvements in noise reduction along with decreases in speech distortion and increases in speech quality.
Specifically, the STSA cost function was generalized to the ˇ-order cost function [17, 18], which
incorporates a power law parameter ˇ on the STSA cost function. As ˇ D 1 and ˇ ! 0, the MMSE
ˇ-order spectral amplitude estimator is equivalent to the MMSE STSA and LSA estimators [17].
From You et al. [17], the strong speech spectral amplitudes were attenuated by almost the same
amount for high and low ˇ values with high instantaneous SNR values. In contrast, the weak speech
spectral amplitudes were primarily preserved because the gain value is big for the low instantaneous
SNR spectral amplitudes with large ˇ values. Based on the experimental results, the single-channel
MMSE ˇ-order estimator yielded a good trade-off between speech distortion and residual noise
reduction, particularly for weak spectral components. As shown by Plourde and Champagne [18],
the negative values of ˇ introduced more speech distortion but produced more noise reduction.
The normalization in the ˇ-order cost function with ˇ < 0 penalized the estimation error more
heavily for spectral valleys rather than spectral peaks. Therefore, the single-channel MMSE ˇ-order
estimator provided a better overall estimation of the speech in the spectral valleys.
In the single-channel MMSE STSA, LSA, and ˇ-order estimators, Rayleigh and Gaussian probability density functions (PDFs) were utilized as the standard statistical models; however, the
distributions have been recently improved to more accurately model the joint PDF of the speech
spectral amplitude and spectral phase along with the conditional PDF of the observed noisy spectral
amplitude given the spectral amplitude and spectral phase. Martin [19] presented MMSE estimators
of the discrete Fourier transform coefficients rather than the spectral amplitude and utilized superGaussian models for the speech and noise components, namely Gaussian, Laplace, and Gamma
distributions. Lotter and Vary [20] integrated the same Laplace and Gamma super-Gaussian speech
priors into maximum a posteriori (MAP) estimators of the spectral amplitude, and Erkelens et al.
[21] extended the MAP spectral amplitude estimators into MMSE spectral amplitude estimators
using the generalized Gamma speech priors with Rayleigh noise PDFs. Andrianakis and White
[22] continued with the MMSE and MAP spectral amplitude estimators using Gamma distribution
but introduced Chi distribution for modeling the speech priors, and Breithaupt et al. [23] developed a MMSE STSA estimator using a variable compression function in the error criterion and the
utilized the Chi distribution as the speech prior. From the incorporation of super-Gaussian statistical models, the squared-error cost functions demonstrated improvements over the Rayleigh speech
prior distributions. In the derivation of the multichannel MMSE ˇ-order estimator, the distributions
were selected for their ability to accurately fit the models and facilitate derivation of the statistical
estimators.
Despite the success of the single-channel MMSE ˇ-order estimator, there is not a MMSE
ˇ-order estimator for multichannel enhancement. The framework exists for the multichannel MMSE
STSA [11] and multichannel MMSE LSA [15] estimators, which have demonstrated performance
improvements over their single-channel MMSE STSA and LSA estimator counterparts. For the
multichannel MMSE STSA estimator, the spectral amplitude of the source signal was estimated at
each of the microphones but rewritten to estimate the spectral amplitude of the true source signal
at an arbitrary reference microphone. The multichannel STSA and LSA estimators incorporated
the multichannel spectral phase estimator that utilized local information from the individual
microphones to determine an estimate of the spectral phase and improved the noise reduction performance. In these multichannel speech enhancement estimators, Rayleigh and Gaussian distributions
were used for the speech and noise PDFs while the noise field was assumed to be a diffuse noise
field. Hendriks et al. [24] expanded the multichannel STSA and LSA estimators by integrating a
generalized Gamma speech prior distribution and noise correlation matrix, which did not assume a
diffuse noise field and accounted for all the available acoustic and spatial information of the speech
Copyright © 2015 John Wiley & Sons, Ltd.
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and noise sources in the environment. The subsequent multichannel MMSE estimator is rather
limited by its assumption of ˇ D 1 because it is only a special case of the single-channel MMSE
ˇ-order estimator. To relax this restriction, the multichannel MMSE ˇ-order estimator derived in
this work will assume ˇ ¤ 1 to fully exploit the efficacy of the ˇ-order cost function and Rayleigh
and Gaussian distributions for the speech and noise statistical models and diffuse noise field, where
the noises are estimated independently across
ı of
 the microphones because the magnitude each
squared coherence (MSC) Cij .f / D sinc 2dij c , where dij is the distance d between two
microphones i and j , f is the frequency, and c is the speech of sound, is approximately small for
high frequencies outside the primary energy of speech. Generally, the majority of large area practical noisy environments (e.g., offices, cafeterias, and airport terminals) involve noise situations that
are best characterized by a diffuse noise field, where the noise is approximately of equal energy and
propagates simultaneously in all directions but has low correlation across the different microphones
[8]. The goal is to extend the single-channel MMSE STSA ˇ-order cost estimator for achieving
additional gains in multichannel speech enhancement covering large areas of interest and providing
a theoretical foundation for incorporating additional acoustical effects into the model.
The remainder of this paper is organized into the following sections: multichannel system
(Section 2), beta-order cost function (Section 3), experimental methodology (Section 4), experimental results (Section 5), and conclusion (Section 6).
2. MULTICHANNEL SYSTEM
Consider an arbitrary array of M microphones. At each microphone i, the static source signal s .t /
is captured as time-delayed and attenuated coherent clean signals ci s .t  i / corrupted by additive
and uncorrelated noise ni .t / between the different microphones with time-invariant attenuation
factors ci and time-delays i . Without loss of generality, the first microphone, i D 1, is assumed as
the reference microphone with c1 D 1. The propagation model in the time-domain is given as
yi .t / D ci s .t / C ni .t / ;

(1)

where the time-delays i have been removed from (1) after accurately performing time-aligned
through cross-correlation methods. The frequency domain representation of (1) is expressed as
Yi .l; k/ D Ri .l; k/ e j#i .l;k/ D ci S .l; k/ C Ni .l; k/ D ci A .l; k/ e j˛.l;k/ C Ni .l; k/ ;

(2)

where land k represent the frame and frequency bin with noisy and clean spectral amplitudes Ri and
A, noisy and clean spectral phases #i and ˛, and spectral noise Ni for each individual microphone i.
To simplify the notation for the upcoming sections, the variables in (2) will subsequently be written
without the explicit dependencies on l and k.
3. BETA-ORDER COST FUNCTION
Based on the STSA and LSA cost functions, the ˇ-order cost function is given as
2

 
O ˇ D Aˇ  AOˇ
d A; AI

(3)

for some constant ˇ parameter. In a similar fashion to the multichannel MMSE STSA (ˇ D 1/
[11] and MMSE LSA (ˇ D 0:001/ [15] estimators, the minimization of Bayes risk using the cost
function in (3) with respect to AO results in the proposed multichannel MMSE ˇ-order estimator
AOˇ D

Z1 Z2

ˇ

,Z1 Z2

A p .Y1 ; :::; YM jA; ˛ / p .A; ˛/ d˛dA
0

0
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3.1. Statistical models
Rayleigh distributions are assumed for the joint speech spectral amplitude and spectral phase PDF


ı 
 ı
(5)
p .A; ˛/ D A s2 exp A2 s2 ;
and Gaussian distributions are assumed for the conditional noise given spectral amplitude and
spectral phase PDF
 .

 ˇ

ˇ .
2
ˇYi  ci Ae j˛ ˇ2  2 ;
p .Yi jA; ˛ / D 1 N
exp

(6)
N
i
i
2
where S2 and N
are the speech and noise spectral variances. Based on the assumption of a diffuse
i
noise field, the correlation of the noises between the different microphones is approximately low for
high frequencies with relatively large microphone distances according to the MSC (i.e., Cij .f / <
0:1 with dij > 14 cm/. Therefore, the noises are uncorrelated at each of the microphones, which
results in the conditional joint distribution of the noisy spectral observations ¹Y1 ; :::; YM º given the
spectral amplitude and spectral phase written as
!
M
M  .
M

Y
Y
X
ˇ
ˇ2 . 2
2
j˛
ˇYi  ci Ae ˇ 
p .Yi jA; ˛ / D
:
1 
exp 
p .Y1 ; :::; YM jA; ˛ / D
Ni

i D1

Ni

i D1

i D1

(7)

3.2. Optimal estimator
From the statistical models (5) and (7), the multichannel MMSE ˇ-order estimator in (4) is
ˇ2 !
 Z2

Z1
M ˇˇ
X
Yi  ci Ae j˛ ˇ
A2
ˇ C1
ˇ
O
exp  2
exp 
d˛dA
A D A
2
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i
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0

0

ˇ2 !
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X
Yi  ci Ae j˛ ˇ
A2
A exp  2
exp 
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2
S
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i
i D1

(8)

0

As in [15], the spectral phase ˛ is integrated out from the inner integrals
ˇ!
ˇM


Z1
ˇX c Y ˇ
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ˇ
ˇ
i
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(9)

where I0 ./ denotes the modified Bessel function of the first kind of the 0th -order and
M
.
X
ı
2
ci2 N
:
1= D 1 S2 C
i

(10)

i D1

By utilizing 8.406.3 and 6.631.1 in [25], the closed-form solutions for (9) is given in terms of the
gamma function  ./
Z1
 .h/ D

t h1 e t dt

(11)

0

and confluent hypergeometric function 1 F1 .I I / (described by 9.210.1 in [25])
1 F1

.aI bI c/ D 1 C

a c
a .a C 1/ c 2
a .a C 1/ .a C 2/ c 3
C
C
C :::
b 1Š
b .b C 1/ 2Š
b .b C 1/ .b C 2/ 3Š
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as


.

AOˇ D  .ˇ=2 C 1/ .1=/ˇ =2 .1 F1 ..ˇ C 2/=2I 1I ´/=1 F1 .1I 1I ´// ;

(13)

where
ˇ2 ,
ˇM
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ˇX p
X
ˇ
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ˇ
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(14)
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.
.
2
2
2
with a priori i D S2i N
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a
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D
R
SNRs at each of the corresponding
N
i
i
i
i
microphones i. From the relationship given by Equation 9.212.1 in [25], (13) is rewritten as
,
AOˇ D  .ˇ=2 C 1/ S2

1C

M
X

!! ˇ2
i

1 F1

.ˇ=2I 1I ´/ :

(15)

i D1

By taking the ˇ t h root of both sides of (15), the final closed-form solution
AO D Œ .ˇ=2 C 1/ 1 F1 .ˇ=2I 1I ´/

1
ˇ

,
S2

1C

M
X

!! 12
i

;

(16)

i D1

where ˇ > 2. For the case of M D 1, (16) simplifies to the single-channel MMSE ˇ-order
estimator given as
AO D Œ .ˇ=2 C 1/ 1 F1 .ˇ=2I 1I ´/

1
ˇ



ı
1
S2 .1 C / 2 ;

(17)

where
´ D =.1 C /:

(18)

4. EXPERIMENTAL METHODOLOGY
The proposed optimal multichannel MMSE ˇ-order estimator derived in (16) was evaluated in
MATLAB by simulating multiple microphone noisy signals with the TIMIT [26] and NOISEX [27]
corpora. Specifically, the simulated noisy signals, which averaged 2.4±0.5 s, were sampled at 16 kHz
and corrupted by white, pink, and babble noises and created according to (1) with equal number of
uncorrelated noises as microphones for 1 to 10 microphones. Although the signals were assumed to
be perfectly synchronized without any time misalignment, previous work has illustrated that crosscorrelation methods can accurately estimate time delays in the signals and effectively time align
signals without any significant degradation in the enhancement results [15]. To demonstrate the bestcase results, constant attenuation factors (ci D 1/, which represent the equal amplitude reduction
between the original acoustic clean source signal and recorded noisy signals, were estimated at each
of the microphones using the signal powers of the noisy signals across an entire utterance [15]. At
each of the non-reference microphones, the noises were scaled according to the noise at the reference microphone and added to each of the attenuated clean signals at various input SNR levels. The
noisy signals were truncated to produce an equal number of samples in each frame. Analysis conditions consisted of frames of 256 samples (25.6 ms) with 50% overlap using Hanning windows. Noise
estimation was performed on the initial five frames of silence. The decision-directed [9] smoothing
approach was utilized to estimate i with ˛SNR D 0:98 using thresholds of min D 1025=10 for
2
/ determined empirically to
perceptual reasons [28] and min D 40 (implemented as a floor on N
I
avoid numeric overflows and the spectral phase ˛ was estimated as a quotient of two weighted sum
of noisy spectral observations [15] Objective measures of SSNR, LLR, and PESQ [4] were utilized
to measure the noise reduction, speech distortion, and overall quality averaged over 10 enhanced
signals that were reconstructed using the overlap-add technique.
Copyright © 2015 John Wiley & Sons, Ltd.
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5. EXPERIMENTAL RESULTS
With input SNRs of 10 dB to C10 dB at increments of C10 dB, the average (across ˇ and noises)
input LLR and input PESQ were 1.210, 0.995, and 0.6805 and 1.3704, 1.9864, and 2.6966. The
baseline methods were the single-channel MMSE STSA (ˇ D 1/, LSA (ˇ D 0:001/, and ˇ-order

Figure 1. Signal-to-noise ratio improvement.

Figure 2. Log-likelihood ratio output.
Copyright © 2015 John Wiley & Sons, Ltd.
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Figure 3. Perceptual evaluation of speech quality output.

estimators along with the multichannel MMSE STSA and LSA estimators. Figures 1, 2, and 3 show
the SSNR improvement, LLR output, and PESQ output as a function of the number of microphones
in the array across the noises.
Based on the results, the multichannel MMSE ˇ-order estimator demonstrated gains over the
single-channel MMSE STSA, LSA, and ˇ-order estimators across the noises. In terms of SSNR
improvements, the multichannel MMSE ˇ-order estimator provided 2–4 dB increase in noise reduction over the baseline single-channel ˇ-order estimator. In fact, there was a 1 dB decrease for each
subsequent increase in the value of the ˇ parameter towards positive values. Consequently, the multichannel MMSE ˇ-order estimator illustrated a 2–3 dB gain over the multichannel MMSE STSA
and LSA estimators for 10 microphones. For the LLR outputs, there were decreases in speech distortion from one microphone to 10 microphones essentially independent of the noises and ˇ-order
parameters along with single-channel and multichannel estimators. At the noisiest (10 dB and
0 dB) and cleanest (C10 dB) input SNRs, the LLR outputs were 0.1 and 0.3 along with 0.7 from one
microphone to 10 microphones. Although the single-channel and multichannel estimators yielded
relatively similar LLR outputs across the noises and ˇ-order parameters, the more negative ˇ-order
parameters (ˇ D 1:5/ had a much sharper decline in value than the more positive ˇ-order parameters (ˇ D 1/. With the PESQ outputs, there was an increase in speech quality of 0.8 from one
microphone to 10 microphones consistently across the noises and ˇ parameters for each of the input
SNRs. As the ˇ parameter increased towards the multichannel MMSE STSA and LSA estimators
for 10 microphones, the output PESQ decreased by 0.2–0.4 from the maximum of 2.0 (10 dB) to
3.6 (C10 dB) using the multichannel MMSE ˇ-order estimator. Overall, the multichannel MMSE
ˇ-order estimator generated improvements over the single-channel MMSE STSA, LSA, and ˇ-order
estimators with the recommendation of more negative ˇ parameter (ˇ ! 2/.

6. CONCLUSION
The multichannel MMSEˇ-order estimator was derived for multichannel speech enhancement
under the assumption of a diffuse noise field. In general, the majority of large area practical noisy
Copyright © 2015 John Wiley & Sons, Ltd.
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environments involve noise situations that are best characterized by a diffuse noise field, which
allows for estimation of the noise statistics at each of the corresponding microphones. Because the
primary energy of speech is mainly concentrated in the 300–3000 Hz frequency range, the MSC
function suggests as examples that an assumption of incoherent noise (C < 0:1/ is justified for
microphone spacing above ~14 cm and an assumption of coherent noise (C > 0:9/ is justified
only for microphone spacing below ~0.4 cm, which is less than the distances in a typical array.
By utilizing additional microphones, the focus of this research was to generalize the single-channel
MMSEˇ-order for multichannel speech enhancement and demonstrate performance increases in
noise reduction and speech quality and decreases in speech distortion. From the experimental results,
the multichannel MMSEˇ-order estimator showed significant gains in SSNR improvements along
with LLR and PESQ outputs over the baseline single-channel MMSE STSA, LSA, and ˇ-order
estimators and multichannel MMSE STSA and LSA estimators across different noises. For future
work, the multichannel MMSEˇ-order estimator could offer further gains with modifications to the
speech prior.
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