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Abstract
In this study, we propose a novel minimal variance distortion-
less speech power spectral enhancement algorithm, which is
robust to some of the real-world implementation issues. Our
proposed method is implemented in the power spectral domain
where stochastic noise can be modeled as the exponential dis-
tribution, whose non-Gaussianity is explored by order statistics
filter. Both theoretical and experimental results shows the ef-
fectiveness of our proposed method over traditional ones.
Index Terms: Microphone arrays, Minimum Variance Distor-
tionless Response, speech enhancement, order statistic filter.

1. Introduction
Microphone array beamforming has been widely and ex-
tensively studied for teleconferencing, speech enhancement,
speech recognition, and hearing aids. However, it does not had
the sucess as we hope for; many practical problems degrade
beaforming performance which has been stated in the idea con-
dition and inhibit its commercial usage and application [1]. As
we have observed, the basic practical issues of microphone ar-
ray fall into categories listed below:

• Broadband and low-frequency of speech signal, which
requires excessively large amount of microphones or dis-
tance between each pair of them, in order to achieve ac-
ceptable array gain.

• Speech (power)spectral amplitude which is far more im-
portant than the phase information, for both hearing
and automatic speech recognition(ASR). Single chan-
nel speech (power) spectral amplitude has been fully ex-
plored as in [2]-[4]; however, it is still a wild problem for
the multi-channel case.

• Robustness of array steering vector. In practice, uncer-
tainty of array steering vector may result from imprecise
knowledge of array configuration, inconsistence of Mic
amplifier, fluctuation of speech front-waves caused by
air flow, temperature or speaker movements, and inaccu-
rate estimation of direction-of-arrival. This uncertainty
leads to imprecise estimation of phase difference among
different channels, and therefore results in degraded or
counteract performance.

• Robustness in real diffuse noisy environment, where
noises are highly correlated and generally a multichan-
nel Minimal Mean Square Error(MMSE) beamformer
(equals to MVDR followed by a single channel post-
filter) is used [1]. Actually, MVDR does not provide
sufficient noise reduction in diffuse noise field; and
MMSE is effective mainly because of the the single
channel post-filter, whose capability of noise reduction

is achieved at the ineluctable expense of speech distor-
tion.

• Computational simplicity. The most important ap-
plications, such as voice telecommunication, voice-
video conferencing, and Automatic Speech Recogni-
tion(ASR), inevitably requires fast front-end speech pro-
cessing. Low computational but effective algorithms are
highly preferred for commercial usage.

In this study, we propose a robust minimal variance distor-
tionless speech spectra power enhancement algorithm, aiming
at relieving some of the practical issues listed above. Instead of
using the phase-sensitive model employed in the conventional
beamformer, we use a imprecise but more robust model: the
short-time magnitude-squared spectra. Moreover, background
noise is generally assumed to be Gaussian distributed, so the
distribution of noise magnitude-squared spectra belongs to the
the exponential distribution family. The non-Gaussianity of
noise distribution is further explored by the spatial Order Statis-
tics Filter(OSF), greatly reducing output noise power spectral
while preserving the speech power spectral undistortion.

2. Background
2.1. Traditional Signal Model and Optimal Beamformer

Consider an array of M microphones, desired speech signal in
each microphone has been synchronized approximately using
time-delay estimation methods; hence, there exists only a phase
difference between each pair of microphones. Taking the Short-
Time Fourier Transform (STFT) of the time domain signal, sig-
nal model in each time-frame and frequency-bin can be written
as

X = As+N, (1)
where X = [x1, . . . , xM ]T ∈ CM×1 is the array observa-
tion data, s ∈ C is the desired speech, A = [a1, . . . , aM ]T ∈
CM×1 is the array steering vector, N = [n1, . . . , nM ]T ∈
CM×1 is the noise data and we omit the time-frame and
frequency-bin index for notion simplicity.

Using model (1), the output y from conventional Delay-
and-Sum Beamformer (DSB) can be formulated as:

y = WHX, (2)

where optimal weights W is given by:

W =
R−1

N A

AHR−1
N A

, (3)

where RN is the correlation matrix of noise vector N . In spa-
tially uncorrelated white noise field, the optimal weights for
DSB (or MVDR) is A/M [1].
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Figure 1: Architecture of the proposed method

2.2. Proposed Signal Model

Taking the square of magnitude of each channel, (1) can be writ-
ten into:

X ≈ As +N , (4)

where X = [x1, . . . ,xM ]T = [|x1|2, . . . , |xM |2]T , A =
[a1, . . . ,aM ]T = [|a1|2, . . . , |aM |2]T , s = |s|2 and N =
[n1, . . . ,nM ]T = [|n1|2, . . . , |nM |2]T , denotes the magnitude
squared vectors of noisy speech spectral, steering vector, clean
speech spectral and noise spectral, respectively. Equ.(4) holds
statistically since the expectation of the cross term between the
desire speech and noise is equal to zero, under the universal
assumption of independence between desired speech and back-
ground noise. In this study, we further assume that A is a unit
vector with all elements equals to 1.

Single channel version of model (4) has been used in many
speech enhancement scenario [2] and [4], because of simplicity,
speech phase-insensitiveness and limited modeling error. In this
study, we treat the instant magnitude-squared spectra as random
variable, which has exponential density under the assumption
of independent Gaussian distributions of the real and imaginary
part of the noise DFT coefficients. We will explore this non-
Gaussianity later.

3. Minimal Variance Distortionless Power
Spectral Enhancement

3.1. An Intuitive Method

With intention to find a distortionless linear estimator W of
speech power spectral that minimizes the output variance, an
intuitive estimator can be solved by

W = argmin
W

E{WTNNTW} s.t. WTA = 1 (5)

where WTA = 1 is a distortionless constrain. (5) has a stan-
dard MVDR solution, given by:

W =
R−1

N A

ATR−1
N A

(6)

However, (6) does not have much insight to the problem.

3.2. Proposed Method

Focusing on adjusting weighting coefficients to achieve lower
output variance by incorporating the knowledge of noise dis-
tribution, we introduce a technique which utilizes nonlinear
operations based on robust order-statistic theory. We arrange
the elements of the observation vector X in ascending or-
der of their amplitudes, and denote the ordered statistics as
Xr = [x(1), · · · ,x(M)]

T , so that

x(1) ≤ · · · ≤ x(j) ≤ · · · ≤ x(M) (7)

where x(1) is the minimum, x(M) is the maximum and x(j)

ranks the jth largest in the observation data vector X . Our
objective is to find an estimator g whose output

yr = g(Xr) (8)
has the minimal MSE, E{yr − s}2. If g is linear, (8) becomes

yr = WTXr =

MX
j=1

wjx(j). (9)

This is the Order Statistics Filter(OSF). OSF originates in the
median filter and has been successfully used for enhancement
of noisy image [5]-[7]. The power of OSF is that the filter coef-
ficients can be adapted to satisfy an optimal criterion that is re-
lated to probability distribution information of the input noises.

Therefore, under the distortionless constrain WTA = 1,
the optimal weights W can be determined by

W = argmin
W

E{yr − s}2

= argmin
W

E{WTXr − s}2

= argmin
W

˘
E{WTNrN

T
r W+(WTAs − s)2}

¯

= argmin
W

E{WTNrN
T
r W}

=
R−1

Nr
A

ATR−1
Nr

A
.

(10)

where vector Nr is the ordered noise variable vector and
RNr = E{NrN

T
r } is the correlation matrix. In the above

deduction, we have used the assumption that A is a unit vector
with all elements equals to 1; hence the amplitude order of Xr

is equal to that of Nr .
Compared with (6), the correlation matrix of the order

statistics is used in the proposed method, instead of noise itself.
In spatially uncorrelated white noise filed, the correlation matrix
is the same for different noise density; however, by using order
statistics, noise distribution information is incorporated, result-
ing in different optimal weights according to different class of
distributions, as listed in [5].

Compared with (3), the output noise amplitude squared
spectral form DSB is statistically the arithmetic mean of each
channel, the special case of the proposed method with the Gaus-
sian density assumption of the noise amplitude squared spectral,
since OSF has uniform weights for Gaussian density [5]. It has
been shown in [6] that the MSE in (10) is always less than or
equal to that produced by arithmetic mean. Therefore, our pro-
posed method will never perform worse than the DSB in the
mean square sense for estimation the power spectra.

3.3. Optimal Weights Computation

As in (10), optimal weights W , depends entirely on the corre-
lation matrix RNr . If the noise distribution is known, elements
of RNr can be computed by

RNr (ij) =

ZZ
xygn(i)n(j)

(x, y)dxdy

RNr (ii) =

Z
x2gn(i)

(x) dx,

(11)
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where gn(i)
is the density of n(i) for i = 1, · · · ,M , and

gn(i)n(j)
is the joint density of n(i) and n(j) for i, j =

1, · · · ,M (i < j). If we denote the noise has parent distribu-
tion and density of noise as Fn(·) and fn(·), respectively, order
statistic distribution gn(i)

and gn(i)n(j)
is can be expressed as

gn(i)
(x) =KiF

i−1
n (x)[1− Fn(x)]

M−ifn(x)

gn(i)n(j)
(x, y) = Ki,jF

i−1
n (x)[Fn(y)− Fn(x)]

j−i−1

· [1− Fn(y)]
M−1fn(x)fn(y)

(12)

and where Ki = n!/[(i − 1)!(n − i)!], and Kij = [n!/[(i −
1)!(j − i− 1)!(n− j)!]].

Directly computation of Rnr may be too complex; how-
ever, there are many efficient approaches. In practice, when the
pdf of noise is not known beforehand, Rnr can be estimated
from the noise data samples adaptively by

R̂Nr =
1

T

TX
t=1

N(r)(t)N
T
(r)(t) (13)

4. Experiments and Results
The topic of hands-freely capturing clean and distortion-free
speech under distant talker conditions using microphone array
has attracted much attentions and efforts. In this section, we
evaluation the performance of our proposed method both in ar-
tificial Gaussian noise and realistic in-car noise field. Itakura-
Saito (IS) distortion measure [8], which has been used suc-
cessfully in speech recognition for comparing a clean speech
power spectrum against a enhanced specrtum, and Signal-to-
Noise Ratio (SNR) improvements are primarily concerned in
all the experiments. Uniform linear array (ULA) with 4.25
cm distance between consecutive microphones, avoiding spa-
tial aliasing at sampling frequency of 8 kHz, are used in all
the experiments. The speech signals, in total of 10 minutes,
half from male speakers and half from female speakers, are ran-
domly taken and downsampled from the TIMIT [9] database.
The speech signal impinges on the array with DOA of 0◦ from
the broadside, and is degraded by the multichannel noises. All
the algorithms are implemented with Hamming windows of 256
samples length (32 ms) and 128 samples frame update step, for
each microphone channel.

4.1. Performance in Artificial Gaussian Noise Field

In this section, performance of our proposed algorithm is stud-
ied in ideal spatially uncorrelated white Gaussian noise field.
Fig.2 plots the IS distortion measures of the single channel input
noisy speech (with SNR= 0 dB), DSB output and output of our
proposed method, for different number of microphones. In the
spatially uncorrelated noise filed, DSB is optimal in the sense
of minimal output power and distortionless spectrum; however,
it is not optimal for the power spectral. Our proposed method
provides significant improvement of IS value, and hence smaller
power spectral distortion.

Fig.3 show the SNR improvements (with input SNR= 5
dB) of a 5-elements array in the case of DOA error. Although in
idea condition(small DOA error), DSB has a fairly larger array
gain, its performance degrades dramatically when DOA error
goes larger(even worse than the input SNR).On the contrary,
our proposed method keeps a constantly high array gain in the
whole DOA error range. As a notice, higher SNR improvements
does not necessarily lead to smaller IS value. DSB has larger
SNR improvements in the idea condition, where our proposed
method still has smaller IS values (as shown in Fig.2).
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Figure 2: Performance comparison of IS distortion for different
number of microphones at a fixed input SNR= 0 dB in spatially
uncorrelated white Gaussian noise.
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Figure 3: Performance comparison of output SNR in the case
DOA errors at a fixed input SNR=5 dB for a 5-elements array
in spatially uncorrelated white Gaussian noise.
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Figure 4: An example to illustrate the noise reduction per-
formance at a frequency-bin index of 30 (937.5 Hz) for a 5-
elements array in spatially uncorrelated white Gaussian noise.

To better understanding the effectiveness of our proposed
method, Fig.4 illustrates an example of the output noise power
spectral of our proposed method, DSB and single channel in-
put, at a frequency-bin index of 30 (937.5 Hz) for a 5-elements
array. It is clear that our proposed method has great noise re-
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duction capability, even stronger than the DSB, while keeps the
desired speech power spectral undistortioned.
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Figure 5: Performance comparison of output SNR for different
input SNRs in CU-Move noise.
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Figure 6: Performance comparison of IS distortion for different
input SNRs in CU-Move noise.
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Figure 7: An example to illustrate noise reduction performance
at a frequency-bin index of 9 (281.25 Hz) in CU-Move noise.

4.2. Performance in Realistic In-Car Noise

We also consider the performance of our proposed method in
realistic CU-Move [10] in-car noise database. Microphone ar-
ray used in CU-Move project is a 5 channel ULA with the
same configuration as described above, mounted in various cars
above the visor. In the experiment, the noise data used was
recorded while the car was moving at about 90 km/h, and win-

dows were closed.
Fig.5 compares the output SNR performance between DSB

and proposed methods with various level of input SNRs. In in-
car noisy environment, noise in each channel are highly corre-
lated, especially for the 4.25cm spaced ULA used in CU-Move
database. SNR improvement of DSB is only approximated
0.2dB over the input with all SNR levels. However, our pro-
posed method has a significant improvement as shown in Fig.5.
Fig.6 also compares the IS distortion of enhanced speeches of
DSB and our proposed methods in the same input SNR range.
In addition to higher SNR improvement, our proposed method
achieves much lower IS distortions.

Fig.7 provides a noise power spectral example from
frequncy-bin with index of 9 (281.25 Hz), illustrating the ef-
fectiveness of our proposed method. Because of the coherence
of the noise field, DSB has a much higher residual noise power
level. Although our proposed method could not perform as ef-
fective as it is in the uncorrelated noise filed (as shown in the
above section), residual noise power level is highly reduced.

5. Conclusion and Discussion
We have presented a robust minimal variance distortionless
speech spectra power enhancement algorithm, which have many
advantages against real-world implementation issues:

• Distortionless speech power spectral enhancement and
significant noise reduction.

• Extremely robust to phase errors of array steering vector.
• Robust to diffuse noise field.
• Computational simplicity: only second-order statistics

are concerned.

While our proposed algorithm has been shown effective in many
aspects, it should not be implemented without caution: in this
study, we do require desired speech in each channel has equal
amplitude of squared spectra; we do not take the directional in-
terference noise into consideration, which is the limitation of
our phase-insensitive model; again, while the phase-insensitive
model is generally valid, it is not precise for short-time process-
ing and thus limits the performance of the proposed method.
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