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Abstract
In a distant environment, channel distortion may dramat-
ically degrade speech recognition performance. In this
paper, we propose a robust speech recognition method
based on position dependent Cepstral Mean Normaliza-
tion (CMN). At first the system measures the transmis-
sion characteristics according to the speaker positions
from some grid points in the room a priori. In the recog-
nition stage, the system estimates the speaker position in
a 3-D space based on the time delay of arrival (TDOA)
between distinct microphone pairs. And then the system
selects the transmission characteristics estimated a pri-
ori corresponding to the estimated position and applies
a channel distortion compensation method to the speech
and recognizes it. In our proposed method, we also
compensate the mismatch between the cepstral means
of utterances spoken by human and those emitted from
loudspeaker. Our experiments showed that the proposed
method improved the performance of speech recognition
system in a distant environment efficiently and it could
also compensate the mismatch between voices from hu-
man and loudspeaker well.

1. Introduction

Hands-free speech communication [1] has been more and
more popular in some special environments such as an
office or the cabin of a car. However, in a distant en-
vironment, channel distortion may dramatically 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 re-
duce the mismatch. CMN has been used to reduce the
channel distortion as a simple yet effective way of nor-
malizing the feature space. CMN reduces errors caused
by the mismatch between test and training conditions,
and it is very simple to implement too. So many current
systems have adopted it. However the system should wait
until the end of speech to start the recognition procedure
when adopting a conventional CMN [2]. In [3], the CMN
was modified to estimate compensation parameters from
past few results for real-time recognition. But in a distant
environment, the transmission characteristics from differ-

ent speaker positions are very different. This means that
the method in [3] cannot track the rapid change of the
transmission characteristics caused by the speaker move-
ment, resulting that this method cannot compensatate the
mismatch in the context of hands-free speech recognition.

In this paper, we propose a robust speech recognition
method using a new real-time CMN based on speaker po-
sition, which we call position dependent CMN. We mea-
sured the transmission characteristics (the compensation
parameters 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 ar-
rays. Four microphones were arranged in T-shaped on
a plane and the sound source position was estimated by
TDOA among the microphones estimated using cross-
correlation [4]. And then the system selects the trans-
mission characteristics from them corresponding to the
position and applies a channel distortion compensation
method to the speech and recognizes it. In our method,
cepstral means have to be estimated a priori from utter-
ances spoken at each area, but this takes much cost. So
we estimated them from utterances emitted from a loud-
speaker. But they cannot be used to compensate for real
utterances spoken by human, because of the difference
for transfer characteristics. We also solve this problem
by compensating the mismatch between voices from hu-
man and loudspeaker using compensation parameters es-
timated by a method with low cost.

2. Speaker position estimation

It has been shown that it is possible to calculate the
speaker position based on the time delay of arrival
(TDOA) between distinct microphone pairs [5]. In this
paper, TDOA is based on cross-correlation. Conventional
sound source estimation method assumes that the direc-
tion of speaker from the microphones is in parallel each
other (that is, plane wave assumption), so the position
can be only approximately estimated even if the TODA
is correct. In this paper, we estimate the speaker position
as follows:

It is assumed that N microphones are loacted at
position (xi, yi, zi). And sound source is located at
(xs, ys, zs). The distance between the sound source and
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Figure 1: Microphones arranged for speaker position es-
timation.

the ith microphone is denoted by

Di =
√
(xi − xs)2 + (yi − ys)2 + (zi − zs)2. (1)

The difference of the distances from the sound source
between microphones i and microphone j is given by

dij = Di −Dj = cτ̂ij , (2)

where c is the speed of sound and τ̂ij is the time delay
of arrival (TDOA). TDOA can be estimated by cross-
correlation. Cross-correlation is given by

Rxixj (τij) =
1

T − τ

∫ T

τ

xi(t)xj(t− τij)dt, (3)

where xi and xj are the sound signal received by a mi-
crophone pair.

And TDOA τ̂ij is given by

τ̂ij = argmax
τij

Rxixj (τij). (4)

In order to estimate the speaker position in a 3-D
space, four microphones are required. Microphones are
set on a plane as Fig. 1. We can estimate the speaker
position by using three microphone pairs (M1,M2),
(M1,M3), (M1,M4), respectively. The first micro-
phone (M1) is regarded as the reference and is placed
at the origin of the coordinate system. The other three
microphones are placed on the plane and have the same
distance d from the first microphone (M1). Because of
the symmetry of three microphone pairs, three equations
given by (2) with square root can be simply solved as:

x =
√
y2 + a1z2 + b1z + c1

y =
−b2 +

√
b2

2 − 4a2c2
2a2

z =
−b3 +

√
b3

2 − 4a3c3
2a3

where a1, b1, c1, a2, b2, c2, a3, b3 and c3 are determined
by the distance d of microphone pair and the TDOA.

3. Position dependent CMN

3.1. Conventional CMN and real-time CMN

A simple and effective way of channel normalization is to
subtract the mean of each cepstrum coefficient (CMN) [2]

which will remove time-invariant distortions introduced
by the transmission channel and the recording device.
Convolutional noise is considered as additive noise in the
cepstral domain, so the noise (transmission characteris-
tics or channel distortion) can be reduced by CMN in the
cepstral domain as:

C̃t = Ct −∆C, (t = 0, ..., T ). (5)

In conventional CMN, the compensation parameter
∆C is defined by:

∆C = C̄t − C̄train, (6)

where C̄t and C̄train are cepstral means of utterances to
be recognized and training data, respectively. So when
using conventional 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 cep-
stral means cannot be estimated especially when the ut-
terance is short.

We solve the problem under the assumption that the
channel distortion does not change drastically. In our
method, the compensation parameter is calculated from
utterances recorded a priori. The new compensation pa-
rameter is defined by

∆C = C̄environment − C̄train, (7)

where C̄enviornment and C̄train are cepstral means of
of utterances recorded at practical environment a priori
and training data, respectively. Using this method, the
compensation parameter can be applied from the begin-
ing of recognition of current utterance. Moreover, as
the new CMN compensation parameter is estimated from
enough number of cepstral coefficients of utterances, so
it can compensate the environment distortion better than
the conventional CMN. We call this new CMN real-time
CMN [3].

3.2. Incorporate speaker position into real-time
CMN

CMN, especially real-time CMN, can improve the per-
formance of speech recognition system efficiently. How-
ever, in a real distant environment, the transmission char-
acteristics of different speaker positions are very different
because of the distance between the speaker and the mi-
crophone array and the reverberation of the room. So the
performance of speech recognition system based on con-
ventional CMN or real-time CMN will be dramatically
degraded because of the drastic change of channel distor-
tion.

In this paper, we incorporate speaker position into
real-time CMN. We call this method position dependent
CMN. And the new compensation parameter for position



Figure 2: Structure of the room

dependent CMN is defined by:

∆C = C̄position − C̄train, (8)

where C̄position and C̄train are cepstral means of utter-
ances recorded at a certain position and that of training
data, respectively. In this paper, we divide the room into
12 areas as Fig. 2 and measure those transmission char-
acteristics C̄position of each area.

3.3. Problem and solution

In position dependent CMN, the transmission character-
istics were calculated a priori depending on each area.
Thus it is not realistic to record enough amount of utter-
ances spoken in each area by enough number of humans
because that would spend too much time. So in our ex-
periment, the utterances were emitted from a loudspeaker
at each area. However, because the cepstral means of ut-
terances were estimated by those emitted from a loud-
speaker for each area, they cannot be used to compensate
for real utterances spoken by human, because of different
transmission characteristics. In this paper, we solve this
problem by compensating the mismatch between voices
from human and loudspeaker, and the compensation pa-
rameter∆C is defined by:

∆C = {C̄position−C̄train}−{C̄loudspeaker−C̄human},
(9)

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 estimate 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.

4. Experimental results

4.1. Speaker position estimation results

The distance d of microphone pair shown in Fig. 1 is
20cm. The sound signals received by four microphones

are sampled at 48kHz. The experiments of speaker posi-
tion estimation proposed at Section 2 are performed. The
real sound source positions were placed at (0, 120, -50),
(60, 103.9, -50), (84.9, 84.9, -50), (103.9, 60, -50) and
(120, 0, -50). And the estimated speaker positions were
(11.9, 150.4, -60.5), (83.2, 124.7, -60.5), (102.9, 109.0,
-60.5), (128.7, 76.9, -60.5) and (149.1, 15.7, -60.5). In
our experiments, the result is not so accurate because of
the TDOA based on cross-correlation cannot estimate the
time delay very accurately. However, in our method, the
results can be used to determine the area in which the
speaker should be and select the transmission character-
istics of the area to compensate the channel distortion.

4.2. Position dependent CMN results

We performed the experiment in a room of dimension
3.45 × 3 × 2.6m. The room was divided into 12 (3× 4)
rectangular areas as Fig. 2. We measured the transmis-
sion characteristics (that is the mean of cepstrums of ut-
terances recorded a priori) from the center of each area.

We evaluated the proposed method on small vocab-
ulary (100 words) isolated word recognition. Here, we
assumed that the position area was accurately estimated
and purely evaluated the real-time CMN. The test set ut-
terances were spoken by 5 speakers in a room. Each
speaker spoke 200 isolated words. For the utterances
of each speaker, first 100 words were used as test data
and the rest were used for estimation of cepstral means
C̄position used in (8). All the utterances were emitted
from a loudspeaker located at the center of each area
and recorded to simulate the utterances spoken at var-
ious positions. The sampling frequency was 12kHz. The
frame length was 21.3ms and frame shift was 8ms with
256 points Hamming window. 114 three-state left-to-
right syllable based HMMswere used as acoustic models.
The training set included 15792 utterances spoken by 158
speakers. The feature space was comprised of 10 mel fre-
quency LPC cepstral coefficients. First and second order
differentials of the cepstrums plus first and second differ-
entials of power component were also included.

The proposed method is referred to as PDCMN (Po-
sition Dependent CMN). In our first experiment, PD-
CMN was used to recognize the isolated words emitted
by loudspeaker in a distant environment. In Table 1, the
PDCMN is compared with baseline (recognize with no
CMN), conventional CMN and PICMN (Position Inde-
pendent CMN), which means that the averaged compen-
sation parameters over 12 areas were used. Table 1 shows
that PDCMN improved performance of speech recogni-
tion than other methods efficiently. Table 1 also shows
that the farther the distance between sound source and
microphone array was, the more the improvement was
achieved. The 14th row in Table 1 is the relative er-
ror reduction (RER) compared to the baseline. Without
CMN, the recognition rate was degraded because of the



distant environment and reverberation of the room. Con-
ventional CMN could not obtain enough improvement.
Experimental results show that our emthod obtained the
error reduction rate of 69.9%. The PDCMN worked bet-
ter than conventional one and position independent CMN
because the transmission characteristics of the room were
very different according to the speaker position and the
position dependent CMN could estimate the compensa-
tion parameters more accurately than others.

Table 1: Comparison of recognition rates among no
CMN, conventional CMN, real-time position independent
CMN and real-time position dependent CMN(%).

area no. no CMN conv. CMN PICMN PDCMN

area 1 90.4 86.4 96.0 95.4
area 2 91.8 88.8 96.4 96.4
area 3 86.0 84.4 95.6 96.4
area 4 81.8 82.2 92.4 92.8
area 5 83.0 85.2 96.0 95.8
area 6 79.6 83.0 94.4 94.4
area 7 80.6 81.0 94.4 95.0
area 8 83.8 83.2 94.6 95.2
area 9 82.6 82.2 95.0 94.8
area 10 68.4 76.4 90.4 92.0
area 11 68.6 75.2 88.2 88.8
area 12 68.6 75.8 90.4 92.0
average 80.4 82.0 93.7 94.1
RER – 8.2 67.9 69.9

We also conducted experiments with real utterances
spoken by humans. The utterances were spoken by
2 male speakers instead of those emitted from a loud-
speaker in the first experiment. The experimental results
are showed in Table 2. In Table 2, the 3nd column is the
result of CMN with the cepstral means of real utterances
recorded along with the test set (that is, ideal case), the
4th column is the result of CMN with the cepstral means
of utterances emitted by a loudspeaker and the 5th col-
umn is the result of proposed CMN given by Equation (9)
which compensated the mismatch between human (real)
and loudspeaker (simulator). The results show that pro-
posed method could approximate the CMN with human’s
cepstral mean (3th column in Table 2) and was better than
the CMN with loudspeaker’s cepstral mean (4th column
in Table 2).

5. Conclusions and future work

In this paper, we proposed a channel distortion compen-
sation method based on position dependent CMN. The
proposed method could improve the recognition rate bet-
ter than not only traditional CMN but also position in-
dependent CMN. We also compensated the mismatch be-
tween the cepstral means of utterances spoken by humans
and those emitted from a loudspeaker. Our experiments

Table 2: Results of compensation for real utterances (%).

area no. no CMN CMN with
human’s
cepstral mean

CMN with
loudspeaker’s
cepstral mean

Proposed
method

area 5 93.0 93.5 91.0 93.5
area 9 88.0 92.0 89.0 90.0
area 10 76.5 87.5 84.0 87.5
average 85.8 91.0 88.0 90.3

showed that the proposed method could also compensate
the mismatch between voices from humans and the loud-
speaker well.

In our future work, more accurate TDOA method
Crosspower-Spectrum Phase (CSP) [6] etc. will be used
to estimate the more accurate time delay. We will also
try to measure the impulse response of the room in dif-
ferent areas by using TSP (time-stretched pulse) method
[7]. It had been proposed in [8] that training of HMM
with filtered speech material by TSP could perform bet-
ter than training of HMM with clean speech of the same
database. TSP will be used to measure the compensa-
tion parameters instead of utterances. Finally, we will in-
tegrate the speaker position estimation with position de-
pendent CMN.
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