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Abstract

Reverberant noise has been a major concern in speech recog-
nition systems. Many speech recognition systems, even with
state-of-art features, fail to respond to reverberant effects and
the recognition rate deteriorates. This paper explores the sig-
nificance of normalization strategies in reducing statistical mis-
matches for robust speech recognition in reverberant environ-
ment. Most normalization works focused only on ambient noise
and have yet been experimented on reverberant noise. In ad-
dition, we propose a new approach for the odd order cepstral
moment normalization which is computationally more efficient
and reduces the convergence rate in the algorithm. The pro-
posed method is experimentally justified and corroborated by
the performance of other normalization schemes. The results
emphasize the significance of reducing statistical mismatches
in feature space for reverberant speech recognition.

1. Introduction
The statistical properties of a speech feature differ under the
influence of noisy environments such as reverberant condition
[1]. Human ears are robust to reverberation time such as RT
0.4s which is both clearly and audibly perceived. However, for
speech recognition system, this is the reverberation level where
the recognition performance starts to deteriorate significantly.
Reverberation time of 0.5s onwards can be regarded as severe
reverberation and the recognition accuracy degrades rapidly in
these regions.

Normalization strategies are often employed as a post-
processing scheme in speech recognition systems to compen-
sate for the effects of environmental mismatch. These schemes
are preferred because a priori knowledge and adaptation are not
required under any environment. Normalization methods can be
classified into feature normalization and distribution normaliza-
tion. Feature normalization attempts to normalize certain statis-
tical property of speech vectors such as the mean, variance and
moments [2] [3] to reduce the residual mismatch in feature vec-
tors. Histogram equalization [4], and feature space normaliza-
tion [5] belong to the distribution normalization category which
aim at normalizing the database or the distribution to match the
reference distribution.

Normalization schemes mentioned above have been eval-
uated only in additive and convolutional noise but not in re-
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verberant environments. It is essential to explore the perfor-
mance of normalization strategies for reverberant speech recog-
nition. Two main normalization approaches, cepstral moment
normalization and histogram equalization, are investigated for
robustness in reverberant environments. In addition, we pro-
pose a computationally efficient odd order moment normaliza-
tion scheme and evaluate it with other normalization schemes
on the full TI-digit database. Robust results for MFCC 0 post-
processed with normalization schemes in reverberant environ-
ments illustrate the contribution of the proposed method.

The paper is organized as follows: Section 2 discusses sta-
tistical mismatches due to reverberation. Section 3 explores the
proposed cepstral moment normalization methods and section 4
introduces the distribution normalization schemes in particular
histogram equalization. The experimental setup is presented in
section 5, followed by the results in section 6. The final section
comprises the conclusions.

2. Statistical Mismatches
In addition to temporal smearing and spectral flattening effects
observed in [1], reverberation also affects statistical properties
of speech features such as the first order (mean), second or-
der (variance) and higher order moments. The analysis of sta-
tistical properties is important because these parameters play a
major role in the mismatch between the clean and reverberant
speech features. Figure 1 illustrates the mean-variance plot of
the MFCC cepstra affected by reverberation. The blue region
(o) refers to the parameters of the clean vectors, the red (+) and
black (*) clusters denote the mean-variance of the cepstral vec-
tor in reverberation time RT 0.2s and RT 0.6s respectively.

Figure 1 shows evident reduction in the parameter variance.
The reduction in the variance is validated since the statistical
dispersion or the deviation of a cepstra about the mean is smaller
with the inclusion of noise. The increase in the cepstral mean is
expected. Similar observations are obtained through an analysis
on the skewness and kurtosis of the cepstral vector. It is evident
that the reverberation affects statistical properties significantly
and contributes to mismatches in speech parameters. This cor-
roborates the need to reduce statistical mismatches in reverber-
ant environment. Thus, normalization schemes are employed
for normalizing statistical properties in mismatch conditions.

3. Feature Normalization
3.1. Cepstral moment normalization

Cepstral mean normalization (CMN) or cepstral mean subtrac-
tion has always been applied to state-of-the-art features such
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Figure 1: MFCC cepstral mean variance distribution

as the Mel-frequency cepstral coefficients (MFCC 0). It is a
de facto standard for most large vocabulary speech recognition
systems. The algorithm computes a long-term mean value of the
feature vectors and subtracts the mean value from the cepstral
vectors of that utterance. CMN has been shown to be effec-
tive in alleviating the effects of linear filtering or convolutional
distortion caused by characteristics of different communication
channels or recording devices. In addition, it was also shown
to improve the recognition performance in both additive and re-
verberant environments [1].

Cepstral variance normalization (CVN) is a popular tech-
nique often used in conjunction with CMN. The mean and
variance of cepstral coefficients are assumed to be invariant in
the CVN analysis. Therefore the exclusion of these properties
would result in the removal of irrelevant information such as
the effects of mismatched environments. CVN contributes to
robustness by scaling the cepstral deviations to a normalized
boundary such as the unity.

Moments and cumulants have been employed in diversity of
disciplines that deal with data, random variables and stochastic
processes. They can be used to quantify statistical properties of
a distribution such as its location and scale. Two popular higher
order statistics commonly used are the skewness and kurtosis.
The skewness measures the asymmetry while the kurtosis mea-
sures the flatness of a distribution. The third order moment or
skewness was the first higher order statistic proposed for nor-
malization scheme in the speech recognition context [2]. Hsu
and Lee later proposed the use of higher order moments for
cepstral moment normalization [3]. The N -th order cepstral
moment normalization is denoted by CMtN N in this work.

3.2. Even cepstral moment normalization

Cepstral mean normalization is performed prior to all cepstral
moment normalization (CMtN) to ensure zero mean. The even
order cepstral moment normalization can be normalized with
the scaling of the first order moment normalized coefficients by
a constant [3].

XN=even = bXCMN

E[XN
N=even] = E[(bXCMN)

N ]

= bNE[XN
CMN]

= MN (1)

XCMN is the mean normalized vector and and MN is the
N -th order even moment of a normalized Gaussian distribution

where unity has been adopted, MN = 1, in this work. The
solution for b can be obtained from equation (2).

b =

[
MN

E[XN
CMN]

]1/N

=

[
1

E[XN
CMN]

]1/N
(2)

3.3. Odd cepstral moment normalization

We used the non-linear model proposed for the cepstral third
order normalization (CTN) [2] and extended it for higher order
odd cepstral moment normalization. The variance can be effec-
tively set to unity with CVN.

XN =
a

b
X2

CVN +XCVN +
c

b
(3)

E[XN ] = E
[a
b
X2

CVN +XCVN +
c

b

]

= 0 (4)

XCVN or CMtN 2 is the variance normalized vector which
can be computed from equation (1) with N = 2. The relation-
ship between a and c can be derived from equation (4), giving
c = −aE[X2

CVN] or simply c = −a. Instead of solving and
choosing the root for a as in CTN, we derived an approxima-
tion for the value of a similar to [3].

For the N -th order odd cepstral moment normalization,

E[XN ] = E[(aX2 − a+X)N ]

= aNE[X2 − 1]N + · · · · · · · · · · · · · · ·
+ aNE[XN+1] + E[XN ]− aNE[XN−1]

= 0 (5)

The expansion and approximation of equation (5) has been
documented in [6]. When a was small, higher order terms in
equation (5) were removed and the last three terms were re-
tained. Thus, the value of a for higher order odd N -th moments
can be approximated with equation (6). The expression for a
has been verified with N of 3, 5 and 7 in equation (5).

a =
−E[XN ]

N · E[XN+1 −XN−1]
(6)

Instead of the high power terms, X2(N−1) for expression
a in [3], we derived a simpler approximation for a shown in
equation (6). This implementation reduced the complexity and
computation time significantly. Furthermore, it achieved similar
aim in reducing or converging the corresponding odd moment
to zero. A recursive loop was embedded in the algorithm to fine
tune the approximation for a and to converge the odd moment
to zero. The algorithm has been verified for zero odd moments
convergence, Modd = 0.

4. Distribution Normalization
Distribution normalization schemes target at mapping the
database or the distribution of the testing data to match the ref-
erence. We concentrate on histogram equalization (HEQ) for its
effectiveness in reverberant speech recognition. HEQ, a popular
method used for digital image processing, maps the testing data
such that its distribution matches the reference distribution.

The purpose of histogram equalization is to derive a trans-
formation x(y) which transforms the probability distribution of
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Figure 2: Histogram for the first cepstral coefficient in clean and
reverberant environments.

the noisy speech py into the reference distribution pref [4]. The
probability distribution can be represented by a finite number
of observations or the histogram in the implementation. The
transformation is established from the noisy and the reference
cumulative distributions, given by equation (7).

x(y) = C -1
ref[CY(y)] (7)

x(y) is the transformation that converts the testing data dis-
tribution, py to the reference distribution, pref . C -1

ref is the inverse
function of the cumulative probability function, Cref and CY is
cumulative histogram of the testing data.

Histogram equalization can be effectively implemented
with interpolation or table look-up approach. It is applied to
each feature vector on a sentence-by-sentence basis. The nor-
malized cumulative histogram of the training and testing data or
the probability distribution function of a Gaussian distribution
are computed.

The histogram is estimated by considering a 100 uniform
interval between min(y)i − σi and max(y)i + σi due to large
variances of the cepstral features. σi is the standard deviation
for the i-th component of the feature vector. The normalized
cumulative histogram can then be computed from the histogram
shown by equation (8).

CY(y) =

∫ y

−∞
pY(y

′)dy′ (8)

The reference cumulative histogram and the target cumula-
tive histogram are used to compute the required transformation,
x(y). The transformation are then used to interpolate the origi-
nal cepstral features to the normalized features.

Figure 2 shows the probability distribution of the first cep-
stral coefficient for the utterance “1-1-1” in reverberant envi-
ronments. The figure clearly depicts a shift in the distribution
towards higher energy coefficients as the reverberant level in-
creases. This could be explained by the temporal smearing ef-
fect introduced by reverberant noise [1]. Thus, the primary aim
of histogram equalization is to normalize the reverberant distri-
bution to match the clean or the reference distribution.

Two forms of histogram equalization are investigated in this
work, HEQ I and HEQ II. HEQ I normalizes both the training
and testing data to the Gaussian probability distribution with
zero mean and unity variance. In HEQ II, the probability dis-
tribution for the clean training data was computed from the full
adult portion of the TI-digit database and used as the reference.
The testing data were then normalized based on clean training
data distribution.
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Figure 3: Normalized zeroth cepstral coefficient in reverberant
level RT 0.4s

5. Experimental Setup
The adult portion of the full TI-Digit database was used in this
work. The training data contained utterances of 55 male and
57 female speakers. There were also 23 male and 27 female
speakers for the testing data. Each speaker subset composed of
77 digit utterances.

Simulated reverberant data has been commonly used in
many reverberant speech recognition researches [7], [8]. In this
work, reverberant effects were captured by estimating the im-
pulse response of the room environment from long segments of
speech. The experiment used the room impulse response de-
signed to match the characteristic of a 2.2m high, 3.1m wide
and 3.5m long room. The microphone and the speakers were
localized 0.5m from the wall at opposite ends. The speech was
then convolved with the RT60 room impulse response. RT60
is the time interval in which the reverberation level decays by
60dB.

All the speech files were pre-emphasized and windowed
with a Hamming window. The speech signal was analyzed ev-
ery 10ms with a frame width of 25ms. A Mel-scale triangular
filterbank with 26 filterbank channels was used to generate the
MFCC 0 coefficients (MFCC) features. The MFCC 0 coeffi-
cients constituted 12 static MFCC vectors and the zeroth cep-
stral coefficients. The Hidden Markov Model used 15 states and
5 mixtures for the connected digit recognition.

6. Experimental Results
Figure 3 shows the normalized cepstral sequence using normal-
ization schemes HEQ I and higher order moment normalization
CMtN 3, CMtN 4 and CMtN 5 respectively. The normalized se-
quences for HEQ I match the higher order moment normalized
sequences CMtN 3 and CMtN 5 considerably. This demon-
strates that HEQ I also attempts to normalize statistical proper-
ties such as the variance and moments of cepstral features. This
is justified by the mapping of the testing data to the zero mean
and unity variance Gaussian distribution. Although the HEQ I
and HEQ II would not have exactly the same statistical prop-
erties as their references after the mapping, they would have
properties close to their respective reference distributions.

The static MFCC 0 features was used as the baseline
to evaluate the performance of cepstral moment normaliza-
tion (CMtN) counterparts and histogram equalization schemes
(HEQ) for speech recognition in reverberant environments. Ta-
ble 1 records the recognition results for several order cepstral
moment normalization and histogram equalization schemes in
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Table 1: Speech recognition with cepstral moment normalization (CMtN) in reverberant environments

RT (s) clean 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
MFCC 0 97.67 94.99 91.97 87.80 78.27 67.02 54.11 43.64 37.48
CMtN 1 (CMN) 98.56 96.93 95.42 92.48 84.65 74.23 59.18 47.35 38.34
CMtN 2 (CVN) 98.47 97.15 96.02 93.95 87.07 77.30 63.10 49.73 39.57
CMtN 3 98.36 97.07 95.89 94.15 86.84 78.26 66.27 56.47 45.28
CMtN 4 98.35 97.12 96.00 94.17 86.80 77.66 66.20 55.44 45.48
CMtN 5 98.35 97.27 96.26 94.18 87.69 78.89 67.15 56.32 46.29
CMtN 6 98.39 97.05 95.97 93.92 86.28 76.22 60.95 48.98 38.70
HEQ I 98.17 96.77 95.79 93.46 87.08 78.48 68.55 56.24 47.44
HEQ II 97.53 96.50 95.35 92.94 87.03 76.94 65.61 54.88 45.42

reverberant environments. These results have been assessed
with a signed-rank significance test and gave a confidence level
of at least 98%. Moment normalization schemes such as cep-
stral variance normalization denoted by CMtN 2 and higher
order moment normalization, CMtN 3, CMtN 4 and CMtN 5
demonstrated favourable and robust recognition performance
both in low and severe reverberant levels.

The proposed odd order cepstral moment normalization
schemes, CMtN 3 and CMtN 5, yield best performances com-
pared to other moment normalization schemes. This was mainly
due to the hybrid contribution of variance normalization and
odd order moment normalization embedded in the algorithm.
The algorithm ensured that at least three moments, the mean,
variance and higher order odd moment of interest, were nor-
malized. The effectiveness of odd and even order CMtN for
speech recognition was apparent from reverberation time of 0.3s
or more where an improvement of 6% or better resulted.

Table 1 also shows the results for histogram equalization
scheme, HEQ I and HEQ II. Both HEQ schemes showed com-
parable results to the CMtN schemes. However, histogram
equalization using the Gaussian probability function as the ref-
erence probability distribution, HEQ I, yielded better recogni-
tion performance compared to HEQ II with probability distri-
bution generated from the clean training data. This is because
HEQ I normalizes both the training and testing data to the Gaus-
sian reference where statistical properties such as mean and
variance are normalized. HEQ II maps the testing data to the
clean training data which is non-Gaussian distributed and has
high variability in statistical parameters. The recognition results
further corroborate the observations in Figure 3 where HEQ I
attempts to perform moment normalization on cepstral features.
The proposed CMtN and HEQ I results reveal the significance
of reducing statistical mismatches in feature vectors.

7. Conclusion
We have explored the contribution of feature normalization and
distribution normalization for speech recognition in reverberant
environments. The proposed odd order cepstral moment nor-
malization scheme have demonstrated robust performances in
reverberant speech recognition. The computational efficiency
and simplicity of the proposed scheme highlights its contribu-
tion in moment normalization. The scheme ensured at least
three moments, the mean, variance and a higher order odd mo-
ment of interest are normalized. The use of the Gaussian prob-
ability distribution as the reference for HEQ scheme is more ef-
fective than its counterpart, HEQ II, which used the distribution
of the training data as reference. The CMtN and HEQ I results

corroborate the significance of reducing statistical mismatches
in feature vectors.

The dynamic and acceleration features are not included in
this work because this paper focuses on the performance of nor-
malization strategies compared to the performance of the base-
line static feature. In addition, it was shown in [6] that regres-
sion features derived from the static cepstra are more robust than
those derived from normalized cepstra. The scope on regression
features and normalization schemes remains for further investi-
gation and justification.

Optimal normalization schemes may not be evident in re-
verberant environments but the results have depicted robust im-
provements for speech recognition in reverberant environments.
The normalization schemes explored in this work could be per-
formed as post-processing methods for a diversity of speech fea-
tures. In addition, they could also be combined with other noise
compensation methods for improved performance.
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