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ABSTRACT
In this communication, we present a method for noise-robust multi-
microphone automatic speech recognition (ASR). It is assumed
that the speech source to be recognized is recorded with several mi-
crophones in a noisy acoustic environment. The proposed method
estimates the short-term subband energies (as they are needed for
computing the ASR front-end) of the clean speech source from
the ones of the microphone noisy signals. The estimation proce-
dure is based on the concept of Independent Component Analysis
(ICA) and it is driven by the acoustic model used by the ASR de-
coder. The method is shown to be highly robust for a connected
digit recognition task in high noise conditions, improving word er-
ror rates by more than 50% relatively to the performance of the
baseline single-microphone ASR system.

1. INTRODUCTION

Automatic speech recognition (ASR) is a key component for hands-
free man-machine interaction. State-of-the-art ASR systems are
based on statistical acoustic models which are commonly trained
on clean material, i.e. noise-free speech. In many applications
(e.g., mall directory assistance, automatic ticketing machine, etc),
ASR systems are operated in noisy environments. Consequently,
their performances degrade severely because of the mismatch be-
tween the training conditions (clean speech) and the operating con-
ditions (noisy speech).

A typical phoneme-based ASR system, as it is considered in
this work, is depicted in figure 1. It consists of three main blocks.
First, the front-end (FE) chops the speech signal recorded at the
microphone into frames and computes a set of relevant acoustic
coefficients for every frame. Next, acoustic coefficient vectors
are fed into the acoustic model (MA) which estimates a proba-
bility score for every phoneme. Finally, the word decoder (DEC)
searches for the most likely word string, under the constraint of
some phonetic lexicon and word grammar, given the sequence of
phoneme probability vectors for all the frames. The FE algorithm
typically consists in computing cepstral coefficients which are de-
rived from the frames energies obtained in some frequency sub-
bands [1]. In noisy environments, the recorded speech signal is
corrupted by additive noise, and so are the subband energies and
the cepstral acoustic coefficients. Hence, the acoustic model pro-
duces unreliable probability scores and the decoding search is mis-
led to incorrect recognition results.

In this work, we propose to apply a technique based on In-
dependent Component Analysis (ICA) [2] to estimate the sub-
band energies of clean speech frames from the subband energies
of noisy speech frames recorded at several microphones within a
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Fig. 1. A typical phoneme-based ASR system: microphone, front-
end (FE), acoustic model (MA) and word decoder (DEC).

noisy operating environment. Unlike classical ICA techniques, our
approach consists in extracting only a single independent compo-
nent (IC) from the observed mixtures. To guarantee that the single
IC corresponds to the clean speech subband energies, the IC search
is steered by the acoustic model used by the ASR decoder. That
is, the IC is searched in order to match the acoustic model as well
as possible by minimizing the mean frame negative entropy of the
phoneme probability scores.

In the next section, we first describe the signal model which is
assumed in this work and some notations are introduced. Then, we
formulate the problem of estimating the subband energies of clean
speech recorded via several microphones in a noisy environment
in terms of ICA processing. In section 3, the ICA-based estima-
tion algorithm is presented. The method is applied for recognition
of connected digit sequences in noisy conditions. Results demon-
strating the efficiency of the proposed method are reported in sec-
tion 4. Conclusions are drawn in section 5.

2. SIGNAL MODEL

2.1. Single-Microphone Model

Consider that the speech source ��� to be recognized is embed-
ded in a noisy environment. That is, the speech source coexists
with several noise sources which can be non-speech sound sources
or minor speech sources. If we assume that the operating envi-
ronment is acoustically open (i.e., low reverberation) and that the
sources are fixed, then the signal � � recorded at a distant single
microphone is given by

� �����	�
���
������� �� � �	� � ����� � ������� (1)

where

��� � � denotes the � th competitive noise source. The atten-
uation factors �! � � �#" and the delays $  � � �%" are solely defined by
the source locations with respect to the microphone. Note that the
number & of noise sources is generally unknown. In our baseline
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Fig. 2. Single-microphone ASR system: subband analysis (SUB),
cepstrum transform, acoustic model (MLP) and word decoder
(DEC).

single-microphone ASR system (see figure 2), the microphone sig-
nal � � is first divided into ' overlapping frames. Define1 (*) �+ � )
,.-
/
010
0
/ � )1,2-
3.,24 � �65#7 as the 8 th frame, 9;:<8�:<' , with=?> �A@ �
B @ > and

=?C �AD CFE @ � , where @ � , @ > and D C denote
the sampling frequency [Hz], the frame rate [Hz] and the frame
length [s], respectively. The frame (G) is then weighted by the
Hamming window and its short-term frequency spectrum is com-
puted by Fast Fourier Transform (FFT). Next, subband energies
are computed by applying a filterbank and integrating the power
spectrum into every frequency subband. In this work, the power
spectrum is simply weighted by triangular non-uniform MEL fil-
ters as described in [1] and integrated to form the subband energy
vector H ) � + I �) /
0
010
/ IKJ) 5 7 of the 8 th frame with L denoting the
number of frequency subbands. As an example, subband energies
for a typical clean speech utterance is given in figure 5(c). Finally,
a cepstral vector M ) � + N �) /�0
0
0
/ N
O) 5 7 , with P being the number
of cepstral coefficients, is computed by taking the logarithm of H )
and applying an Inverse Discrete Cosine Transform (IDCT). The
cepstral vectors are then fed into the acoustic model in order to es-
timate the phoneme probability vector Q ) � + R �) /
010
0�/ RTS) 5 7 withU

standing for the number of phonemes. In this work, we use
a hybrid Multi Layer Perceptron (MLP) / Hidden Markov Mod-
els (HMM) ASR system [3]. That is, the a posteriori probabilityR�V ) � PXW�Y[Z]\_^[`1ab`dc]e M )�f that the c th phoneme is uttered while
observing M ) is estimated with a MLP. In noisy environments,
the recorded speech signal is corrupted by additive noise, and so
are the subband energies and the cepstral coefficients. Hence,
the acoustic model which has be trained on clean speech cepstral
vectors produces unreliable probability vectors and the decoding
search is misled to incorrect recognition results.

2.2. Multi-Microphone Model

Next, we consider that the speech source within a noisy environ-
ment is recorded with g ( gihj9 ) distant microphones. For every
microphone, we can write��k � �X�l�G� k ������� �nm � �� � �G� � � k �_� � �
���_� m / 9o:;pb:qg / (2)

with �! � � �#" k and $  � � �#" k being the attenuation factors and the delays
between the W � / � f th source and the p th microphone. Under the as-
sumption that the sources are mutually independent in a statistical
sense, and that the attenuation factors do not depend on the fre-
quency, equation (2) can be written in the subband energy domain
as followsH
r m � ) �l�ts� k H � � ) � ) �nm � �� � �G� �ts� k H
u � � ) � ) � m / 9o:;pX:lg / (3)

1The notation v 7 denotes the transpose of vector v .

where H r m � ) , H � � ) and H u � � ) stand for the sequences of subband en-
ergy vectors of the p th microphone signal, the target speech source
and the noise sources, respectively. Note that equation (3) is not
exactly valid, yet it is a fair approximation [4]. Besides, a typ-
ical frame rate @ > is 100Hz which corresponds to a frame shift
of 10ms. For a standard 342m/s sound speed, it suggests that
the propagation delays in the subband energy domain for a given
source are roughly equal unless the micorphones are more distant
from each other than about 3m. Hence, if we assume that the mi-
crophones are close enough, equation (3) can be approximated by

H r m � )xw � s� k H � � ) � ) � � �� � �G� � s� k H u � � ) � ) � / 9o:;pX:qg / (4)

where the delays are constant for all the microphone locations.
Equivalently, equation (4) can be written in a scalar form for every
frequency subband,I�yr m � ) w �ts� k IKy� � ) � ) � � �� � �	� �ts� k I�yu � � ) � ) � / 9x:{z	:{L 0 (5)

That is, we have formulated the model of recording a speech source
in a noisy environment as a linear instantaneous mixing model in
the subband energy domain,|}~ I yrK� � )

...I yr�� � )
� �� � |}~ � s� � � s �6� 0�0
0 � s� �

...
...

...� s��� � s � � 0�0
0 � s� �
� �� |}}}~

I y� � )I yu�� � )
...I yu�� � )

� ����
(6)

for 9b:�8�:�' and 9b:�z!:AL . One can write equation (6) in a
compact form, H r ����� I �H u�� (7)

where the mixed components
+ I � H 7u 5 7 and the mixing matrix �

are unknown. In the following, we present an algorithm for esti-
mating the mixed component

I � , i.e. the subband energies
I y� � ) ,

from the observed mixtures H r , i.e. the subband energies
I yr m � ) .

The algorithm aims at restoring clean speech subband energy vec-
tors in order to compute cepstral vectors as they are expected by
the acoustic model and thus estimate reliably phoneme probability
vectors.

3. PROPOSED METHOD

In this work, we propose to apply a technique based on Indepen-
dent Component Analysis (ICA) [2] to problem (7) for estimating
the subband energies

I y� � ) of clean speech frames from the sub-
band energies

I yr m � ) of noisy speech frames recorded at several
microphones within a noisy operating environment. Under the as-
sumptions that at most one mixed component is Gaussian and that
the mixing matrix � is full column rank, the problem is identifi-
able [2] and ICA of any random vector H r is defined as a linear
transformation �{�I ��H u � �l� H r (8)

where the unmixing matrix � is determined so that the compo-
nents of the transformed vector, the so-called Independent Compo-
nents (IC), are statistically as independent as possible. Adopting
an information-theoretic approach, it is equivalent to search � in



order to minimize the mutual information of the transformed com-
ponents [2]. Actually, complete ICA of H r is superfluous: we are
interested in only the speech-related IC. Besides, the number of
mixed components is generally unknown and IC’s can be obtained
only up to a permutation. Hence, we prefer adopting a deflation
approach as described in [5] and find only one IC,�I � �l� 7 H r (9)

where the unmixing vector � is determined so that the negentropy� W �I � f of the extracted IC is maximized [2]. In the framework of
deflation-based ICA, the negentropy can be approximated by the
so-called contrast function

�
� W � f [5],� W �I � f w � � W � f � W�������W � 7 H r f���� ������W�� f���f s (10)

where ��� � denotes the expectation operator, ��W f is a smooth non-
quadratic function and � is a Gaussian random variable with zero
mean and unit variance. That is, we have to solve the following
maximization problem,���� K¡�¢ a  K£¤ � � W � f�0 (11)

Note that the observed vectors H r are centered and whitened to
make the estimation process simpler to derive and better condi-
tioned [5]. Dewhitening and decentering are performed afterwards.
In order to be meaningful, the maximization has to be performed
under an additional constraint, e.g. ����W � 7 H r f s � � 9 . Since,H r has been whitened, the constraint reduces to ¥*W � f ��¦¨§�¦ s �9 �ª© . The maxima of

�
� W � f are obtained at some optima of������W � 7 H r f�� . Hence, we have to solve an optimization problem
under a single equality constraint. According to the Kuhn-Tucker
conditions [6], the optima are obtained at points where« W � f � ¬ ������W � 7 H r f��­�¯® ¬ ¥2W � f� ����H r�° W � 7 H r fG�±® �²��© (12)

with ° W f being the first derivative of ��W f . The Lagrange multiplier® is simply equal to ��� � 7 H r ° W � 7 H r f�� . Equation (12) can be
solved for � by an iterative Newton’s method [6],�  ³ 3 � " �l�  ³ " � + ´ W �  ³ " f 5 � � « W �  ³ " f (13)

where
´

is the Jacobian matrix of the vector function
«
. The vector

function
«

can be computed analytically for a given function � ,
while the Jacobian matrix

´
is generally computed numerically.

In this work, we use the general-purpose � function given in [5],��W�µ f � 9 B�¶ ��· \ ¢¹¸ \_º6Z	W ¶ � µ f�/ ° W�µ f �q»¨  ^[Z*W ¶ � µ f (14)

with ¶ � w 9 . The expectations are computed for all the data in a
batch mode. The initial unmixing vector �  ½¼ " is chosen randomly.
A major problem is to guarantee that the single extracted IC is
the one relative to the speech source. To do so, we modify equa-
tion (12) for attracting the search path to a zero point such that
the resulting IC matches the acoustic model of the ASR system
as well as possible. A natural way of characterizing the acoustic
model adequacy is the mean frame negative entropy ¾

¾ � � 9'À¿�) �	� S�V¨�	� R�V) · \ ¢ R�V) (15)
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Fig. 3. ICA-based multi-microphone ASR system with acoustic
model feedback.
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Fig. 4. Simulated recording scenario for ASR experiments: speech
source ��� , located noise source

� � and diffuse noise source §Á� .
Distances are expressed in meters.

which is always non-negative. The better the input data match the
acoustic model, the lower the entropy is (ideally equal to zero).
That is, the modified vector function

«
is defined as« W � f � ����H r ° W � 7 H r f �{¬ ¾±W � f*�±® �²�j© (16)

where the gradient ¬ ¾±W � f is evaluated numerically. The result-
ing multi-microphone ASR system is depicted in figure 3.

4. EXPERIMENTAL RESULTS

Consider the simple scenario described in figure 4. A speech source��� that we want to recognize is recorded with two distant micro-
phones in the presence of a located noise source

� � ,� � � � � �G� � ���
��� � � �F� u � � ������Â � �¯§Á� (17)� s � � � �G� s ���
��� �ÄÃ �F� u s � ������Â Ã �¯§Á� (18)

where §�� models some background diffuse noise (i.e., same con-
tribution at both microphones). The delays and the attenuation fac-
tors are set proportional and inversely proportional, respectively,
to the distances (see figure 4) between the sources and the mi-
crophones. The relative amplitude of the noise sources with re-
spect to the speech source is controlled by the signal-to-noise ra-
tios Å = & u � 9 © · \ ¢ � ¼ ��� � s� � B ��� � s� � and Å = & C � 9 © · \ ¢ � ¼��� � s� � B ��� § s� � . In our experiments, the speech and noise mate-
rial come from the AURORA database [7]. The training and test-
ing speech databases consist of English connected digit sequences.
The located and diffuse noise sources are of “babble” and “airport”
types, respectively. The noise signals change for each utterance. A
typical digit sequence and its noisy version are given in figure 5.

First, we evaluate our baseline single-microphone ASR sys-
tem (see figure 2). The FE algorithm is applied only to the signal
measured at the left microphone with @G�Æ��Ç_©�©_© Hz, D C ��È_© ms,@ > � 9 ©�© Hz, the number of subbands L ��ÉKÊ and the number of
cepstral coefficients P � 9 É . The acoustic model is a 600-node
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Fig. 5. Waveform and subband energies of (a)-(c) clean speech
utterance “63” and (b)-(d) its noisy versions for Å = & u �ÌË dB
and Å = & C � 9 Ë dB.

Table 1. Word error rates [%] of baseline single-microphone ASR.

Å = & u Å = & CÍ 20dB 15dB 10dB 5dB 0dB -5dBÍ 1.4 5.0 10.9 22.5 43.2 69.2 90.3
20dB 5.1 7.9 13.3 24.1 43.0 69.7 89.2
15dB 10.6 13.2 17.3 28.0 45.3 70.7 90.1
10dB 23.7 24.9 27.7 35.8 51.6 73.6 90.9
5dB 45.6 47.5 49.3 54.2 63.9 79.2 92.3
0dB 73.8 74.0 75.7 77.7 81.0 88.5 96.0
-5dB 93.7 93.5 93.0 93.6 94.5 96.7 98.7

single hidden layer MLP which takes nine context vectors to esti-
mate a 33-dimensional phoneme probability vector for each frame,
each context vector containing 12 cepstral coefficients and the first
derivative of the frame energy. Word decoding is done by Viterbi
search with neither pruning nor grammar constraints. Table 1 re-
ports word error rates (WER), defined as the sum of substitution,
deletion and insertion error rates, for various noise levels. Clearly,
the higher the noise level is, the most severely the performances
degrade.

Next, we apply our ICA-based method. First, subband ener-
gies are computed for both microphone signals (see figure 3 withg �jÉ ) as in the single-microphone FE. Then, the unmixing vec-
tor �  ³ " is estimated. Finally, the subband energies of the clean
speech source are extracted and they are fed into the following
blocks of the ASR system. Note that the estimation is performed
utterance by utterance. The convergence of the ICA-based estima-
tion algorithm is demonstrated in figure 6 for a typical digit se-
quence. Recognition results are given in table 2. It clearly shows
that our ICA-based multi-microphone ASR system outperforms
the baseline single-microphone ASR system, especially in high
noise conditions.

5. CONCLUSIONS

We have proposed an ICA-based method for estimating the sub-
band energies of a speech signal recorded with several microphones
in a noisy environment. Unlike classical ICA techniques, only one
IC is extracted from the observed mixtures and the extraction pro-
cess is directed to the speech-related IC by using a speech statis-
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Fig. 6. Subband energies of extracted IC after (a) 1 iteration, (b)
2 iterations, (c) 5 iterations and (d) after convergence for noisy
speech utterance “63” with Å = & u �jË dB and Å = & C � 9 Ë dB.

Table 2. Word error rates [%] of ICA-based 2-microphone ASR.

Å = & u Å = & CÍ 20dB 15dB 10dB 5dB 0dB -5dBÍ – 2.3 4.9 6.7 7.1 7.5 7.7
20dB 2.9 4.8 7.1 10.4. 11.7 12.0 12.2
15dB 5.1 8.2 10.2 16.5 18.9 19.2 19.4
10dB 11.8 15.6 18.2 22.8 23.3 23.7 23.6
5dB 15.2 18.3 20.1 23.7 24.5 24.9 25.0
0dB 16.9 19.6 21.4 25.8 26.9 27.4 27.7
-5dB 18.2 20.0 22.0 28.3 28.9 29.2 29.6

tical model, namely the acoustic model of an ASR system. The
method is shown to improve significantly the performance of a
multi-microphone ASR system operated in high noise conditions.
Future work will consist in extending the method to reverberant
conditions (e.g., by working in the energy modulation frequency
domain). Besides, the algorithm should be rendered adaptive to
allow moving sources.
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