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Abstract
In a distant environment, channel distortion may drastically
degrade speech recognition performances. In this paper, we
propose a robust multiple microphone speech processing ap-
proach based on position dependent Cepstral Mean Normal-
ization (CMN). In the training stage, the system measures the
transmission characteristics according to the speaker positions
from some grid points in the room and estimated the compensa-
tion parameters a priori. In the recognition stage, the system es-
timates the speaker position and adopts the estimated compen-
sation parameters corresponding to the estimated position, and
then the system applies the CMN to the speech and performs
speech recognition for each microphone. Finally, the maximum
vote or the maximum summation likelihood of whole channels
(that is, multiple microphones) is used to obtain the final re-
sult. In our proposed method, we use utterances emitted from a
loudspeaker located at various positions to estimate compensa-
tion parameters for a convenient sake, and we also compensate
the mismatch between the cepstral means of utterances spoken
by human and those emitted from the loudspeaker. Our exper-
iments showed that the proposed method improved the perfor-
mances of speech recognition system in a distant environment
efficiently and it could also compensate the mismatch between
voices from human and loudspeaker well.

1. Introduction
Hands-free speech communication [1][2] has been more and
more popular in some special environments such as an office
or the cabin of a car. Unfortunately, in a distant environment,
channel distortion may drastically degrade speech recognition
performance. This is mostly caused by the mismatch between
the practical environment and training environment.

Compensating the input features is a main way to reduce
the mismatch. CMN (Cepstral Mean Normalization) has been
used to reduce the channel distortion as a simple effective way
of normalizing the feature space. CMN reduces errors caused
by the mismatch between test and training conditions, and it is
also very simple to implement. So many current systems have
adopted it. However the system should wait until the end of
speech to activate the recognition procedure when adopting a
conventional CMN [4].

In this paper, we propose a robust speech recognition
method using new real-time CMN based on speaker position
estimation, which we call position dependent CMN. We mea-
sured the transmission characteristics (the compensation param-
eters for position dependent CMN) from some grid points in the
room a priori. The system estimates the speaker position in a
3-D space based on microphone arrays. Then the system adopts
the compensation parameter corresponding to the estimated po-
sition and applies a channel distortion compensation method to
the speech and performs speech recognition. Speech recogni-
tion uses the input features compensated by proposed position

dependent CMN. In our method, cepstral means have to be es-
timated a priori from utterances spoken at each area, but this
takes much cost. So we estimated them from utterances emitted
from a loudspeaker. However, they cannot be used to compen-
sate for real utterances spoken by human, because of the effects
of recording and playback equipments. We also solve this prob-
lem by compensating the mismatch between voices from human
and loudspeaker using compensation parameters estimated by a
method with low cost.

In a distant environment, speech signal reveived by each
microphone is affected by the microphone position, the dis-
tance from the sound source to the microphone, speaking di-
rection and the microphone quality. Single microphone speech
processing technology cannot deal with these situations which
in turn degrade speech recognition accuracy. To address these
problems, it is necessary to utilize the multiple microphones.
Many microphone array-based speech recognition systems have
successfully used delay-and-sum processing to improve recog-
nition performance because of its simplicity, so it remains the
method of choice for many array-based speech recognition sys-
tems [2][3]. However, it is difficult to obtain accurate TDOA
(Time Delay of Arrival) in a reverberation environment, so it
is difficult to achieve a robust speech recognition performance
using a beamforming technique. In this paper, we propose a
simple but effective multiple microphones processing thehnique
which does not require the TDOA information, so it is robust in
a reverberation environment. Our proposed method is described
as follows: The signal received by each channel is recognized
independently and the system votes for a word according to the
recognition result. Then the word which obtained the maximum
number of votes is selected as the final recognition result, which
is called Voting method. The maximum union likelihood of all
channels (microphones) is also used to identify the final result,
which is called Maximum-summation-likelihood method.

2. Position dependent CMN
2.1. Conventional CMN
A simple and effective way of channel normalization is to sub-
tract the mean of each cepstrum coefficient (CMN) [4] which
will remove time-invariant distortions caused by the transmis-
sion channel and the recording device.

When speech s is corrupted by convolutional noise h, the
observed speech x becomes

x = h⊗ s. (1)

Cepstrum is obtained by DCT transforming a logarithm of
a power spectrum of the signal and then Equation (1) becomes

Cx = Ch +Cs, (2)

where Cx, Ch and Cs express the cepstrums of observed
speech x, transmission characteristics h, and clean speech s,
respectively.
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Figure 1: Configuration of the room (room size: (W)3m ×
(D)3.45m × (H)2.6m)

Based on this, convolutional noise is considered as additive
bias in the cepstral domain, so the noise (transmission charac-
teristics or channel distortion) can be compensated by CMN in
the cepstral domain as:

C̃t = Ct −∆C, (t = 0, ..., T ). (3)

In conventional CMN, the compensation parameter ∆C is ap-
proximated by:

∆C ≈ C̄t − C̄train, (4)

where C̄t and C̄train are cepstral means of utterances to be rec-
ognized and training data, respectively. So when using conven-
tional CMN, the compensation parameter ∆C can be calculated
at the end of input speech. This prevents real-time processing
of speech recognition. The other problem of conventional CMN
is that accurate cepstral means cannot be estimated because the
feature vectors of the utterance cannot be balanced sufficiently
especially when the utterance is short.

2.2. Proposed position dependent CMN

To address these problems of conventional CMN, a real-time
CMN was proposed in our past study [5], but the transmission
characteristics change caused by the change of the speaker posi-
tion is beyond the tracking ability of this method. In this paper,
we propose a robust speech recognition method based on Posi-
tion Dependent CMN (PDCMN).

In PDCMN, the new compensation parameter for position
dependent CMN is defined by:

∆C = C̄position − C̄train, (5)

where C̄position is cepstral mean of utterances affected by the
transmission characteristics between a certain position and the
microphone. In this paper, we divide the room into 12 areas as
Fig. 1 and measure C̄position corresponding to each area.

2.3. Problem and solution

In position dependent CMN, the compensation parameters
should be calculated a priori depending on the area, but it is not
realistic to record sufficient number of utterances spoken in each
area by enough number of humans because that would spend too
much time. So in our experiment, the utterances were emitted
from a loudspeaker at each area. However, because the cep-
stral means were estimated by using utterances distorted by the
transmission characteristics of the channel including the loud-
speaker, they cannot be used to compensate for real utterances
spoken by human.

In this paper, we solve this problem by compensating the
mismatch between voices from humans and loudspeaker. An
observed cepstrum of a distant human’s utterance is as follows:

Cx
human = Cs

human + Ch
environment (6)

On the other hand, an observed cepstrum of a distant loud-
speaker’s utterance is as follows:

Cx
loudspeaker = Cs

loudspeaker + Ch
environment

= Cs
human + Ch

loudspeaker + Ch
environment,

(7)

that is, the speech emitted by the loudspeaker is the speech
of human corrupted by the transmission characteristics of the
loudspeaker. The difference between Equations (6) and (7) is
Ch

loudspeaker and this is independent of the other environment
as the position.

Thus the compensation parameter ∆C in (5) is modified as:

∆C = {C̄position − C̄train}
−{C̄loudspeaker − C̄human}, (8)

where C̄human and C̄loudspeaker are cepstral means of close-
talking human utterances and those of utterances from close-
loudspeaker. We used much fewer humans’ utterances to es-
timate C̄human than to estimate position-dependent cepstral
mean. In addition, we need only close-talking utterances, which
are easier to record than distant-talking utterances.

3. Multiple microphone speech processing
In a distant environment, speech signal of each microphone
is affected by the microphone position, the distance from the
sound source to the microphone, speaking direction and the mi-
crophone quality. Single microphone speech processing tech-
nology cannot deal with these situations which in turn degrade
speech recognition accuracy and have estimation errors for the
transmission characteristics. To address these problems, it is
necessary to utilize the multiple microphones. Information from
these microphones complement each other and may achieve
better performance than the best of one of them. So, we propose
to combine recognition results independently obtained from the
signals received by the microphones. In this paper, two methods
are proposed as follows:

3.1. Voting method
Because of the non-robustness of single microphone processing
technology, different channels may lead different results for a
certain utterance. To achieve robust speech recognition for the
multiple channels, a good decision method of final result from
the results obtained by these channels is important. The signal
received by each channel is recognized independently and the
system votes for a word according to the recognition result. And
then the word which obtained the maximum number of votes is
selected as the final recognition result, which is called Voting
method. The Voting method is definded as:

Ŵ = argmax
WR

#channel∑

i=1

I(Wi,WR), (9)

I(Wi,WR) =

{
1 if (Wi=WR)
0 otherwise

, (10)

where Wi is the recognition result of the i-th channel and
I(Wi,WR) denotes an indicator. If there are more than two



Figure 2: Microphones’ setup

results that obtain the same number of votes, the result of the
microphone which is nearest to the sound source is selected as
final result. In our proposed position dependent CMN method,
speaker position is estimated a priori, so it is possible to cal-
culate the distance from the microphone to speaker position.

3.2. Maximum-summation-likelihood method
The likelihood of each microphone can be seen as a potential
confidence score, so combining the likelihood of whole chan-
nels should obtain a robust recognition result. In this paper, the
maximal summation likelihood is defined as:

Ŵ = argmax
WR

#channel∑

i=1

LWR (i), (11)

where LWR (i) indicates the log likelihood of WR by i-th
channel. We call this method Maximum-summation-likelihood
method (in other words, maximum production rule of probabil-
ities).

4. Experiments
4.1. Experimental setup
We performed the experiment in a room of space 3.45 × 3 ×
2.6m. The room was divided into 12 (3 × 4) rectangular areas
as Fig. 1. We measured the transmission characteristics (that is,
the mean of cepstrums of recorded utterances) a priori from the
center of each area.

We evaluated the proposed method on small vocabulary
(100 words) Japanese isolated word recognition. We assumed
that the position area was accurately estimated because the
speaker position could be estimated with estimation errors of
20–25cm [6] by the T-shaped 4 microphone system shown as
Fig. 2. Therefore we purely evaluated the position dependent
CMN. The test set utterances were spoken by 20 speakers in
a room. Each speaker spoke 200 isolated words and the aver-
age duration of all utterances is about 0.6 second. For the utter-
ances of each speaker, first 100 words were used as test data and
the rest were used for estimation of cepstral means C̄position in
Equations (5) and (8). All the utterances were emitted from a
loudspeaker located at the center of each area and recorded to
simulate the utterances spoken at various positions. The sam-
pling frequency was 12kHz. The frame length was 21.3ms and
frame shift was 8ms with 256 points Hamming window. 116
Japanese context-independent syllable HMMs (strictly speak-
ing, mora-unit HMMs [7]) including short pause and silence
were trained using 27992 utterances read by 175 male speakers
(JNAS corpus). Each continuous density HMM had 5 states,
and 4 of them had pdfs (probability density functions) of out-
put probability. Each pdf consisted of four Gaussians with full-
covariance matrices. The feature space was comprised of 10
MFCCs. First and second order derivatives of the cepstrums

Table 1: Recognition results emitted by a loudspeaker (%).

area no CMN conv. CMN PICMN PDCMN

1 92.3 95.9 97.6 97.9
2 94.3 95.3 97.1 96.7
3 88.6 92.0 94.9 95.0
4 90.7 94.4 96.4 96.3
5 93.0 95.1 97.0 96.9
6 85.2 93.0 94.8 95.4
7 87.3 94.1 94.9 95.7
8 82.2 93.2 93.0 94.2
9 87.1 91.8 94.5 94.6

10 83.5 91.8 93.1 93.5
11 84.3 91.4 92.8 94.1
12 83.8 88.8 92.4 92.4

Ave. 87.7 93.0 94.9 95.2

plus first and second derivatives of power component were also
included.

4.2. Speech recognition experiment of speech emitted by a
loudspeaker

We conducted the speech recognition experiment of the isolated
words emitted by a loudspeaker in a distant environment.

The recognition results emitted by a loudspeaker are shown
in Table 1. The proposed method is referred to as PDCMN (Po-
sition Dependent CMN). In Table 1, PDCMN is compared with
the baseline (recognition without CMN), conventional CMN
and PICMN (Position Independent CMN). PICMN means the
method that the averaged compensation parameters over 12 ar-
eas were used. Table 1 shows that PDCMN improved the per-
formance of speech recognition from the other methods effi-
ciently. Experimental results also shows that the farther the dis-
tance between sound source and microphone was, the more the
improvement was achieved. Without CMN, the recognition rate
was drastically degraded according to the distance between the
sound source and the microphone. Conventional CMN could
not obtain enough improvement. Experimental results show
that our method obtained the error reduction rate of 60.1% than
the baseline. PDCMN worked better than conventional one and
PICMN because the transmission characteristics of the room
were very different according to the speaker position and the
position dependent CMN could estimate the compensation pa-
rameters more accurately than the others.

4.3. Speech recognition experiment of speech uttered by
humans

We also conducted experiments with real utterances spoken by
humans. The utterances were directly spoken by 10 male speak-
ers instead of those emitted from a loudspeaker in the first ex-
periment. The experimental results are shown in Table 2. In Ta-
ble 2, “CMN by humans’ utterances” means the result of CMN
with the cepstral means of real utterances recorded along with
the test set (that is, ideal case). “CMN by utterances from a
loudspeaker” means the result of CMN with the cepstral means
of utterances emitted by a loudspeaker. “Proposed method” is
the result of proposed CMN given by Equation (8) which com-
pensated the mismatch between human (real) and loudspeaker
(simulator). In the cases of “CMN by humans’ utterances” and
“proposed method”, we estimated the compensation parameters
for a certain speaker from the utterances by the other four per-
sons. We also conducted recognition experiments without CMN
and with conventional CMN. Since the utterances were too short
(about 0.6s) to estimate accurate cepstral mean, conventional



Table 2: Recognition results of humans’ utterances (%)

CMN by CMN by
no conv. humans’ utterances proposed

area CMN CMN utterance from a method
loudspeaker

5 95.8 94.6 96.6 96.0 96.8
9 93.4 90.6 94.4 91.2 94.2
10 84.8 83.8 89.8 83.0 90.0

Ave. 91.3 89.7 93.6 90.1 93.7

CMN was not robust in this case. In Table 1, the utterances were
emitted by a loudspeaker and the distortion caused by a loud-
speaker is relatively large, so the gain of compensating these
transmission characteristics is bigger than the loss caused by the
inaccurate cepstral mean estimated by short utterances. Thus
conventional CMN worked better than without CMN. On the
contrary in Table 2, the utterances were spoken by humans, so
the transmission characteristics were much smaller than those
in Table 1. Then the degradation caused by the inaccurate esti-
mated cepstral mean became dominant and conventional CMN
worked even worse than without CMN. The results show that
proposed method could approximate the CMN with humans’
cepstral mean and was better than the CMN with loudspeaker’s
cepstral mean.

4.4. Experimental result for multiple microphone speech
processing

The recognition results of single microphone and multiple mi-
crophones based on position dependent CMN are shown in Ta-
ble 3. As shown in Table 3, a single microphone could not ob-
tain a robust performance, the recognition accuracy was consid-
erably different to each other in each area. Both proposed Vot-
ing method (VM) and Maximum-summation-likelihood method
(MSLM) are robust than a single microphone processing. The
Maximum-summation-likelihood method achieved 0.9% im-
provement (18.8% relative error reduction rate) than the aver-
age performance of a single microphone. So far we have not
compared our method with a conventional microphone-array-
based technique such as beamforming. Although our proposed
method is very simple, it can obtain a robust performance. Both
the Voting method and Maximum-summation-likelihood method
achieved robust performance than the method that the result
of the microphone is selected as the final result depending on
which one is nearest to the sound source only (that is, the result
with italic style in Table. 3).

5. Conclusions and future work
In this paper, we proposed a robust distant speech recognition
method by using multiple microphones. The proposed method
could improve the speech recognition rates better than not only
conventional CMN but also position independent CMN. We
also compensated the mismatch between the cepstral means of
utterances spoken by humans and those emitted from a loud-
speaker. Multimicrophone speech processing techniques such
as Voting method and Maximum-summation-likelihood method
were also effective for distant speech recognition.

In our future work, we will try to measure the impulse re-
sponses of the room in different areas by using a TSP (time-
stretched pulse) method [8]. It had been proposed in [9] that
training of HMM with filtered speech materials by TSP could
perform better than training of HMMs with clean speech of
the same database. TSP can be used to measure the com-

Table 3: Comparison of recognition accuracy of single
microphone with multiple microphones (%)

single microphone multiple
area channel microphones

1 2 3 4 Ave. VM MSLM
1 96.5 95.6 96.4 97.9 96.6 97.6 97.2
2 98.3 97.9 97.8 96.7 97.7 98.2 98.4
3 96.7 97.4 95.8 95.0 96.2 97.1 97.2
4 95.5 94.2 95.0 96.3 95.2 96.4 96.1
5 96.6 97.0 96.1 96.9 96.7 96.9 97.2
6 95.1 96.1 95.1 95.4 95.4 96.3 96.3
7 95.0 95.6 95.2 95.7 95.4 95.5 96.2
8 94.5 95.6 94.3 94.2 94.6 95.4 95.9
9 94.1 95.1 93.8 94.6 94.4 95.3 95.4

10 93.8 93.1 92.9 93.5 93.3 94.4 94.7
11 93.5 93.7 93.5 94.1 93.7 94.1 94.3
12 93.4 93.5 91.9 92.4 92.8 94.1 94.3

Ave. 95.2 95.4 94.8 95.2 95.2 96.0 96.1

pensation parameters instead of utterances. The conventional
microphone-array-based technique such as beamforming will
be integrated with our proposed position dependent CMN and
will also be compared with our proposed multiple microphones
processing technique [2][3] in the future.
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