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Abstract— This paper presents a modification in a technique of channel normalization widely known as Cepstral
Mean Subtraction (CMS). This modification is based on the
introduction of language dependent phonetic modification.
A careful investigation using Brazilian Portuguese was carried out showing that it is possible to improve the CMS channel identification through a constant vector, associated with
the language, obtained from an estimation of the mean cepstral coefficients from clean speech signal over time. As a
consequence of better channel estimation, better features
normalization is attained. Computer simulations were carried out with cepstral coefficients extracted from Mel-scale
in a speaker identification experiment where the proposed
technique, in some cases, improved the recognition rate on
the top of the CMS good results.

I. I NTRODUCTION
NE of the main problems reported in automatic
speech and speaker recognition technology has been
the different recording environments used in training and
testing corpora. This mismatch may be caused by different transmission channels, different acoustic environment,
and/or different microphones. Recent research has shown
that, for the case of no mismatch and clean data, speech
recognition systems have reached a good performance or,
equivalently, they present very small error rates. Nevertheless, for the case where there is mismatch between training and testing signals, the performance drops significantly
[1]. Nowadays, there is a growing interest and consequent
increasing research effort in channel normalization techniques, which try to compensate for these channel distortions.
Channel normalization is usually carried out in some
specific features extracted from speech signal. The mostly
used features for this purpose are the ones based on the
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stral coefficients, which has the following formulation. Let
 be the result of the convolution between signal   
and   , the channel impulse response, such that



  

 

(1)

Once this signal is digitized and the Discrete Fourier
Transform (DFT) is applied to each frame1 , the convolution in (1) results in a multiplication on the frequency
domain.

  

  

(2)

where  is the DFT index and  is the frame index. In order
to simplify the notation, we will drop the DFT index and
use "! , #$! , and % to denote the DFT vector (containing
all DFT coefficients) for each frame.
Aiming the removal of the channel influence by subtracting its components, the logarithm function is applied
to both sides of the previous equation such that a multiplication turns into an addition.
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It is now possible to retrieve one information if we know
the other one. An inverse transform is then used in (3) and
the result, in the cepstral domain (DFT cepstrum in this
case), is
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where . ! , / ! , and are the cepstral coefficients vector for
each frame of the distorted speech, the clean speech, and
the channel, respectively.
Cepstral Mean Subtraction (CMS) [4], [5], also known
as Cepstral Mean Normalization (CMN), is one of the most
widely used schemes for channel normalization. This technique is based on the removal of the DC level obtained
from the time evolution of the cepstral coefficients. This
temporal mean is a rough estimate of the transmission

1

The speech signal is divided in overlapping frames and each frame is
windowed before applying the DFT. It is also assumed that the window
size is around 2 times the channel impulse response [3].
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channel or microphone response. Nevertheless, its far and
wide use comprises both speech and speaker recognition
[5], [6].
In [7], a modification in the CMS was proposed in order
to compensate for the distortions introduced by the poles
(of the all-pole filter in the LPC model) in the channel
identification problem. This technique was known as polefilter and presented a smoothing property on the peaks generated by those poles. In [6], two algorithms used to improve the CMS normalization were analyzed: one through
log-DFT mean normalization which shows that the blind
channel identification carried out by the CMS is suboptimal and a second using second order statistics with the
help of a Hidden Markov Model (HMM) for the channel identification. The use of the second order statistics
improves the normalization with the expense of a higher
computational complexity.
In order to have the cepstral mean being admitted as
a fair estimate of the channel, CMS assumes that clean
speech cepstral mean tends to zero [8]. The goal of this
paper is the proposition that this is not exactly true but depends on the language. We, therefore, propose a modification where the cepstral mean of the language is taken into
account for a more reliable estimate of the channel. As a
result, a more effective features normalization is accomplished.
This paper is divided as follows. In Section II, the formulation of the CMS and its basic problems are reviewed.
Section III introduces the proposed method which tries to
compensate for the effect of the language in the channel
estimation. The simulation results of a speaker identification experiment are presented in Section IV followed by a
few conclusions.
II. CMS C HANNEL N ORMALIZATION
Cepstral Mean Subtraction is a features normalization
technique based on channel blind identification. Therefore, any previous knowledge about the signal features can
bring some advantage to the algorithm. Let us first consider a frame mean in the cepstral domain given by
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where is the number of speech frames.
In many cases, a previous knowledge of a given speech
signal is the assumption that the channel is time invariant
0as indicated above by the lack of subscript  in . This
means that, given the time evolution of a cepstral coefficient, the channel affects only its DC level. With this

assumption, (5) can be written as
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or,
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According to [8], if the speech signal is balanced in
terms of voiced, unvoiced,
plosive sounds,
3 - =@and
3 - A 0 - the cepstral
>
/
?
B
.
mean tends to zero or
such that
.
Once obtained the channel estimate, we can go further
to normalization with the following subtraction

/ -  A . - C . 3 -

(8)

Nevertheless, CMS presents two basic problems. The
first one is the fact that the assumed balance hardly occurs.
Moreover, this balance is expected to vary from language
to language. The second problem concerns the subtraction
of the cepstral mean itself which will not only remove the
effect of the channel but anything constant and common
for all speech frames. This means that we are loosing information. This problem was addressed in [9], where the
variance of the signal was analyzed before and after CMS,
showing that the speakers variance is reduced after CMS.
III. T HE P ROPOSED M ETHOD
This section develops an approach which tries to im-3
prove channel normalization from the assumption that /
does not tend to zero. We could name it a Language Dependent Modified CMS.
3From the right side of (7), we note that if / is not zero,
as expected by the CMS, the channel estimate will be
biased.
According to our experiments, this assumption
/( 3 - A ? was not true for Portuguese. Computer experi3ments drove us to the conclusion that / , the clean speech
cepstral mean, remains constant for a particular language
and a pre-defined sex (male or female). This assumption
implies that, for each speaker, the cepstral mean tends to
a constant value and also that these constants, for different
speakers, present small variance.
In [6], it was
3 - shown that for the English language, the
elements of / present small variance in channel identification if estimated over a minimum period of time. This fact
supports our basic assumption for the English case. For
the Portuguese case, two experiments were conducted in
order check our claim of constant mean.
In the first experiment, the coefficients were extracted
from a D minutes, reasonably clean (lab conditions),
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; a male speaker. The estimate
speech signal recorded by
F:9<; / was obtained via EGF
. Fig. 1 depicts the temF<H
poral evolution of this estimate for the first four Mel cepstral coefficients (MelC) [10].
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Fig. 1. Evolution of the estimates of the first four Mel coefficients.
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=JI . HowTheoretically, the mean is obtained as
ever, we can see in the figure that after some time – different for each coefficient – the estimation of the mean value
of that coefficient tends to a constant. Other tests were carried out with several speakers and, in all cases, the results
were similar.
The second experiment concerning the claim of a language dependent constant clean speech cepstral mean ( E )
implies that this vector is representative for any speaker of
the same sex and same language. Fig. 2 shows the results
of two curves: the one with small squares corresponds to
vector E estimated from around KML minutes of undistorted
Portuguese, with different phrases from [11], spoken by
5 D male speakers. The second curve comes from 5ON other
male speakers, each one speaking around KML seconds of
undistorted Portuguese. This curve contains the mean plus
minus standard deviation shown with vertical bars marked
with “X” at the extremities. From Fig. 2, we can see that
the mean estimated from 5ON speakers is very close to the
one obtained with KML minutes. This suggests that E corresponds to a representative constant for speech signals for a
given language (and
3 - sex) and can be used as a reasonable
/
approximation of for shorter signals. The experiments
have shown that this mean vector is speaker independent
and that they can be understood as a linguistic feature of a
language.

3-

Assuming the term / being approximately equal to the
cepstral coefficient mean estimated from a clean signal, E ,
we3 can obtain a more reliable channel
3 - estimate, according
- C
0 +SR C
E QP / P E such that if / A E then
to .
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E

(9)

In the previous section, it was mentioned that for blind
channel estimation any prior knowledge can improve the
result. We now show that this prior knowledge of the language characteristic given by E , leads to an improved estimation of the channel. In order to test channel estimation,
two telephone channels were used. One follows ITU Recommendation G.151 and will be designated Channel A.
The other one is a digital model of a continental poor voice
channel, designated Channel B. Both channels can be observed in Fig. 3 as well as the results of a blind channel
estimation using conventional CMS, the proposed modified CMS, and what we have named Best Possible Estimation (viz BPE, the non-real case where we have both clean
and distorted signals and obtain the channel estimation by
subtracting the cepstrum of the clean speech from the cepstrum of the distorted signal according to (4)). In this particular example, DML LPC cepstral coefficients (LPCC) [12],
were used. The test consisted of estimating the frequency
response of these two channels with D minutes of speech
convolved with A and B. The (Brazilian Portuguese/male)
mean vector used was obtained with the KML minutes estimation previously described.
From Fig. 3, we can observe that the estimation through
the proposed modified CMS is superior than that from the
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The output result for each possible speaker (Spk  ), UT4V

to WYX is the total distance Z
given by:
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where  corresponds to the speaker index, k is the num6
ber of centroids, and
is the number of windows of the
test signal.
 gji ` 
, the Euclidean distance
For the computation of d fe
was used. This distance (as well as the VQ itself) was
chosen for its simplicity and the fact that our goal was
the comparative analysis of the efficiency of the proposed
technique, not obtaining the best possible recognition rate.
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Fig. 3. Channel estimation with conventional CMS, proposed
modification, and the theoretical best possible estimation.

conventional CMS procedure.
IV. E XPERIMENT

IN

S PEAKER I DENTIFICATION

Automatic Speaker Recognition (ASR) is a generic term
concerning the task of discriminating people based on their
speech features. ASR can be classified according to their
task as Speaker Identification and Speaker Verification. In
this section, we will address the text independent speaker
identification problem which corresponds to the classification of an utterance as belonging to one specific speaker
from a—closed in our case—set of reference speakers.
A. Decision System Used
Vector Quantization (VQ) applied to ASR was introduced in [13] and was the decision system chosen for the
evaluation of the proposed compensation schemes. Each
speaker codebook was obtained from K)D speech features
groups extracted from each speaker utterance. For the
training, it was used the LBG algorithm as described in
[14]. The system identification scheme is shown in Fig. 4.

Fig. 4. Identification System using VQ.

B. Corpus Used
In order to carry out simulations of the speaker identification using the proposed normalizations, a speech data
base was recorded in the Speech Lab of the Instituto Militar de Engenharia (IME). This simple corpus was formed
by recording speech from N L male speakers, each one
speaking DML groups of 5 L phrases proposed in [11].
The silence periods of the speech signals from these
phrases were extracted and divided as follows:

l speech used for training and testing – we used the first

18 groups such that:
– training speakers: mnL speaking 5 min each;
– test utterances: maom recorded by the mnL speakers, each
utterance with KML sec of speech.
l speech used for obtaining vector E : the last 5 L speakers
were used and the last two groups of text read such that
training and test utterances were different.
The training utterances were filtered through channel A
and the test utterances through channel B.
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l the corpus used is very small and we do not have an ad-

C. Speaker Identification Results
Table I presents the error rate2 obtained under the following conditions: without channel compensation, when
CMS was used, and when the proposed method, the language dependent modified CMS, was used. Note, in the
first column, the huge error caused by channel mismatch
when VQ is used. Also note in this table that the configuration presented was concerning the frame rate: the
frame size in milliseconds and the overlapping of adjacent
frames. It is worth-mentioning that the feature used was
the Mel Cepstral Coefficients (MCC) which in prior experiments carried out with the same corpus resulted in the
lowest error rate when Mel, LPC, DFT, and PLP [15] were
compared with no compensation scheme. In the speaker
identification experiment described here, considering that
we are using telephone channels, we have used only the
filters (from the Mel scale filter bank) which central frequencies were inside the typical telephone bandwidth of
C
KML)L KpmnL)L Hz.

equate Portuguese corpus available for research in speaker
recognition. We are currently working in the development
of a 5 L)L)L speakers data base;
l the language mean must be obtained from speech signals
recorded in an acoustically isolated chamber and with high
quality microphones;
l the main idea proposed here should be investigated in
other languages.
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