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Abstract
The statistical properties of a speech feature could differ under the influence of noisy environ-
ments. These effects are common in mismatched environments such as additive background
noise and reverberant environments. Normalization strategies are employed in speech recogni-
tion systems to compensate for the effects of environmental mismatch. This work explores the
utilization of cepstral moment normalization for speech recognition in additive noisy environ-
ment. The author has evaluated and modified the models used for cepstral moment normaliza-
tion for improved convergence and performance. The cepstral moment normalization schemes
were adopted for additive noisy speech recognition on TI-digit database. Further experimen-
tal works on cepstral moment normalization involving dynamic features are also presented.
Both odd and even order cepstral moment normalization have shown significant contributions
to speech recognition in low signal-to-noise ratio non-stationary noisy environment.

1. Introduction
The statistical properties of a speech feature could dif-

fer under the influence of noisy environments. The level of
variation depends on the type of noise and also the level of
contamination. These effects are common in mismatched
environments such as additive background noise and rever-
berant environments.

Normalization strategies are employed in speech recog-
nition systems to compensate the effects of environmental
mismatch. Most of the normalization schemes are applied
in the cepstral domain and these techniques are often per-
formed as post-processing scheme on speech features. Nor-
malization techniques are preferred because a priori knowl-
edge and adaptation are not required under any environ-
ment.

Normalization methods can be classified into feature
normalization and distribution normalization. Feature nor-
malization attempts to normalize certain statistical prop-
erty of speech such as mean, variance (Jain and Herman-
sky 2001) and moments (Suk, Choi, and Lee 1999) (Hsu
and Lee 2004) to reduce the residual mismatch in feature
vectors. Histogram equalization (Torre, Peinado, Segure,
J.L.Perez, Bentez, and Rubio 2005), quantile normaliza-
tion (Hilger and Ney 2001) and feature space normalization
(Molau, Hilger, and Ney 2003) fall into the distribution nor-
malization category. These techniques aim at normalizing
the database or the distribution to match the reference.

This work explores the utilization of cepstral moment
normalization for speech recognition in additive babble

This research is partly funded by the National ICT Aus-
tralia (NICTA). National ICT Australia is funded through the Aus-
tralian’s Government Backing Australia’s Ability initiative, in part
through the Australian Research Council (ARC).

noise. The author has evaluated and modified the odd order
cepstral moment normalization model used for improved
convergence and performance. Evaluation of cepstral mo-
ment normalization and dynamic feature will also be ad-
dressed.

The paper is organized as follows: The next section
explores the statistical properties of a cepstrum and cep-
stral distributions in additive noisy environments. Section
3 introduces popular normalization schemes adopted for
speech recognition. Section 4 specifies the cepstral moment
normalization algorithm and modification. The experimen-
tal setup is presented in section 5, followed by the results in
section 6. The last section comprises the conclusions.

2. Statistical properties
2.1. Moments and statistics

Statistical properties such as mean and variance provide
much information on the variations induced by noise on
speech cepstra. Theoretically, only the first four statistics
have physical definition in the mathematical study. These
are the mean, variance, skewness and kurtosis. These prop-
erties can be derived from the expectation value of the
speech cepstra.

The time averages over a finite time interval can be used
to estimate the mean and variance of the speech. The mean,
µ is the weighted average of cepstral values across the ut-
terance over a finite interval.

µ = E[X] =
1

N

N
∑

k=1

X[k] (1)

Variance is the second central moment of a distribu-
tion. It is a measure of statistical dispersions about the
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Figure 1: Cepstral distribution of the first cepstra across
different SNR levels of additive babble ensemble

mean of the distribution and is defined by Equation 2 where
E[X]2 = µ2.

σ2 = E[(X − E[X])2]

= E[X2] − E[X]2 (2)

Higher order statistics or moments are also derived
about the mean of the distribution. The probability den-
sity function of cepstral coefficients of speech signals is
usually regarded as a quasi-Gaussian distribution. Under
this assumption, the odd order moments should be zero and
the even order moments should be some specific constants
(Hsu and Lee 2004). The central moments are defined by

MN = E[(X − µ)N ] =

{

0 for N = odd
k for N = even

(3)

wherek is theN -th moment of a normalized Gaussian
distribution which is usually a constant such as the unity.

The asymmetrical function of a cepstral distribution is
known as the skewness. Skewness characterizes the degree
of asymmetry of a distribution around its mean. The indica-
tion of skewness is affected by the locus of extreme values
or outliers. A distribution is considered to possess negative
skewness if the left end of distribution is more pronounced
than the right tail. Positive skewness refers to a more promi-
nent right tail distribution. The skewness of a distribution,
M3 is derived from Equation 3 withN=3.

Kurtosis,M4, characterizes the relative flatness of a dis-
tribution in relation to the shape of a normal distribution.
Positive kurtosis indicates a relatively peaked distribution
while a relatively flat distribution defines a negative kurto-
sis.

It is often difficult to offer a sensible interpretation to
the large values in moment measures. This is because mo-
ments can be arbitrarily large due to the high power terms
in their expressions and possible existence of one or more
large outliers in the data. Sample estimates of moments are
likely to be unstable in the presence of outliers. This prob-
lem is severe for higher order statistics, such as the kurto-
sis, which is employed in independent component analysis
(ICA) algorithm for speech related researches (Sahguchi,
Ozawa, and Kotani 2002).

Figure 2: Statistical properties of clean MFCC0 cepstra,
noise cepstra and corrupted speech cepstra

2.2. Moments and noise

The influence of additive noise ensemble on statistical
variations cannot be explained by mere transformation or
addition of clean speech and noise cepstra. However, obser-
vations from cepstral distributions and statistical variability
of cepstral features provide much information on the effects
of additive noise.

Figure 1 shows the cepstral distribution of cepstra 1
across several additive noise levels ranging from 40dB to
0dB with an interval of 5dB. 1232 utterances from 16
speakers, both male and female, were analyzed for the cep-
stral distributions with a bin of 100. Observation from Fig-
ure 1 clearly shows a shift in the global mean of the cepstral
features. The mean of cepstral features generally increases
as the signal-to-noise ratio (SNR) decreases. This can also
be supported by Equation 4.

Y = X + N

log(Y ) = log(X + N)

= log(X) + log

(

1 +
N

X

)

(4)

where noisy speech spectra,Y = |Y [k]2|, clean speech
spectra,X = |X[k]2| and noise spectra,N = |N [k]2|.

Equation 4 shows that a reduction in SNR,N > X,
would theoretically increases the value of the logarithmic
Y and results in incremental mean. However, it should be
noted that the influence of additive noise on speech cep-
stra is more than just a simple additive operation. Non-
stationary background noise such as babble noise would
affect the cepstra differently from additive white Gaussian
noise.

Cepstral distributions of the 13 MFCC0 vectors also
illustrates a reduction in the variance with the slope of the
distribution gradually increases. A shift in the skewness is
also observed for cepstra 1 distribution.

Observations on the variability of individual cepstra
also yield valuable information. Figure 2 illustrates four
statistical properties of the clean speech cepstra, noise cep-
stra and corrupted 10dB speech cepstra. The first row de-
picts the mean of the 12 cepstra excluding the zeroth cep-
stral coefficient. The subsequent rows represent the vari-
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ance, skewness and kurtosis of all 13 cepstra respectively.
Zeroth cepstral coefficient is illustrated by the 13th cepstra.
From observation, one major mismatch that could affect the
performance of speech recognition in noisy environment is
the large variance and moments of clean speech cepstra.
Noisy cepstra tends to have lower variance and moments
and this could contribute to a large mismatch in the recog-
nition process. Thus, environmental mismatch may be re-
duced or compensated if these statistical properties are nor-
malized.

Figure 2 also shows evident and significant reduction
in the variance of cepstral features under the influence of
additive babble ensemble. 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 kurtosis would have similar variation as the
variance since it is the power component of the variance. A
large variability in the variance would imply a larger varia-
tion in the kurtosis. In general, higher order moments, such
as the skewness and kurtosis, are reduced in presence of
additive noise.

3. Cepstral normalization
3.1. Cepstral mean normalization

Cepstral mean normalization (CMN) or cepstral mean
subtraction has always been applied to state-of-the-art
features such as the Mel-frequency cepstral coefficients
(MFCC 0). It is a de facto standard for most large vocab-
ulary 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.

The main advantage of using sentence-based normaliza-
tion methods such as CMN or augmented CMN (Acero and
Huang 1995) instead of adaptation method is the additional
improvement in recognition accuracy for clean conditions
and significant decrease in error rate for mismatched con-
ditions. CMN has been shown to be effective in alleviat-
ing the effects of linear filtering or convolutional distortion
caused by characteristics of different communication chan-
nels or recording devices.

However, CMN does not discriminate silence and voice
in computing the utterance mean. In addition, CMN cannot
be used directly in a real-time system because it requires
the complete utterance for the cepstral mean computation.

Nevertheless, CMN has been shown to improve the
recognition performance in both additive and reverberant
environments (Toh, Togneri, and Nordholm 2005). One ex-
planation is the removal of the mean will eliminate the bias
component imposed by various noises.

3.2. Cepstral variance normalization

Cepstral variance normalization (CVN) is a popular
supplement technique to CMN. It is also known as the
mean and variance normalization (MVN) (Jain and Her-
mansky 2001) because CVN is often used in conjunction
with CMN. The mean and variance of cepstral coefficients
are assumed to be invariant in the CVN analysis. There-
fore the exclusion of these properties would result in the
removal of irrelevant information such as the effects of mis-
matched environments.

CVN contributes to robustness by scaling and limiting
the range of deviation in cepstral features. It scales the
deviations to a normalized boundary commonly the unity.
The normalized parameters are assumed to be resistant to
the degradation imposed by noises. Variance normalization
has been a popular technique in speaker recognition in deal-
ing with noise and channel mismatch (Barras and Gauvain
2003) (Melin and Lindberg 1999).

3.3. Cepstral moment normalization

Moments and cumulants have been employed in diver-
sity of disciplines that deal with data, random variables and
stochastic processes. They can be used to quantify statisti-
cal 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 asym-
metry while kurtosis measures the flatness of a distribution.
Skewness has been used for risk analysis in finance (Har-
vey and Siddique 1999) while kurtosis has been employed
in ICA for speech related researches (Sahguchi, Ozawa, and
Kotani 2002).

The third order moment or skewness was the first higher
order statistic proposed for normalization scheme in speech
recognition context (Suk, Choi, and Lee 1999). Exhaus-
tive observations of the statistic of noisy cepstra have re-
vealed that additive noise also affected moments of a cep-
strum. The paper reported that moments must be normal-
ized to fully compensate for the statistical variations un-
der noisy conditions. Cepstral third order moment normal-
ization (CTN) has achieved robust performance in additive
white Gaussian noise and car noise environments.

C.W. Hsu and L.S. Lee proposed the use of higher order
moments for cepstral moment normalization (Hsu and Lee
2004). They reported that optimal cepstral moment nor-
malization was achieved with the use of the fifth and hun-
dredth order moments. The use of the hundredth moment
was not necessary since it has been mentioned that higher
order statistics greater than four lack of theoretical or phys-
ical meaning. Furthermore, theXN term in the paper (Hsu
and Lee 2004) resulted in extremely slow convergence as
the orderN increased.

One interesting observation could be contemplated
from cepstral moment normalization (CMtN) schemes. A
subsequent CMtN scheme would remove the normalization
effects of previously normalized moments. This is appli-
cable to both the odd and even order CMtN schemes. It is
not possible to have two even or two odd moments normal-
ized at a particular instant. In addition, both odd and even
order CMtN affect their lower order counterparts. Never-
theless, it is still possible to normalize an odd and an even
order moment simultaneously with a hybrid normalization
scheme.

4. Cepstral moment normalization scheme
Cepstral mean normalization is performed prior to all

cepstral moment normalization to ensureµ = 0.

4.1. Even cepstral moment normalization

The even order cepstral moment normalization can be
normalized with the scaling of the first order moment nor-
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malized coefficients by a constant (Hsu and Lee 2004).

XN=even = bXcmn

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

= bNE[XN
cmn]

= MN (5)

Xcmn is the mean normalized vector,µ is zero due to
mean normalized sequence andMN is theN -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 6.

b =

[

MN

E[XN
cmn]

]1/N

=

[

1

E[XN
cmn]

]1/N

(6)

4.2. Odd cepstral moment normalization

CTN was first proposed by Y.H. Suk, S.H. Choi and
H.S. Lee (Suk, Choi, and Lee 1999) using a non-linear
transform defined by Equation 7.

Xctn = aX2
cvn + bXcvn + c

=
a

b
X2

cvn + Xcvn +
c

b
(7)

E[Xctn] = E
[a

b
X2

cvn + Xcvn +
c

b

]

=
[a

b
· 1 + 0 +

c

b

]

= 0 (8)

Xcvn is the variance normalized vector which can be
defined by Equation 5 withN = 2. The constantsa, b and
c were determined so that the resultant coefficient should
have zero mean, unity variance and zero third-order mo-
ment. The constantb was set to unity with variance nor-
malization. The relationship betweena andc was derived
from Equation 8, givingc = −a. The value ofa is se-
lected from the root nearest to the average value of the one
real-valued root (Suk, Choi, and Lee 1999).

We used the non-linear model described in Equation 7
and evaluated it for higher order odd cepstral moment nor-
malization. The variance can be set to unity with CVN and
thus, we removed constantb from the derivation.

XN = aX2
cvn + Xcvn + c (9)

c = −aE[X2
cvn] = −a

For the third order cepstral moment normalization,

E[X3] = E[(aX2 − a + X)3]

= E[a3X6 + 2a2X5 − 2a3X4 + aX4 + · · ·

= −2a2X3 + a3X2 + a2X5 + 2aX4 + · · ·

= −2a2X3 + X3 − 2aX2 + a2X + · · ·

= −a3X4 − 2a2X3 + 2a3X2 + · · ·

= −aX2 + 2a2X − a3]

= 0 (10)

Instead of solving and choosing the root fora as in
CTN, we derived an approximation for the value ofa simi-
lar to paper (Hsu and Lee 2004). Whena was small, higher
order terms in Equation 10 were removed and the last three
terms as shown in Equation 11 were retained. The solution
for a in the third order CMtN is defined by Equation 12.

a3E[X4] + E[X3] − a3E[X2] = 0 (11)

a =
−E[X3]

3E[X4 − X2]
for N = 3 (12)

We extend the extensive but straightforward calculation
to N=5. Similar expression was obtained for odd moment
of order 5. The last three terms of interest for higher order
fifth moment is described by Equation 13 and the solution
for a is given by Equation 14.

a3E[X6] + E[X5] − a3E[X4] = 0 (13)

a =
−E[X5]

3E[X6 − X4]
for N = 5 (14)

Thus, the value ofa for higher order oddN -th moments
can be approximated with Equation 15.

a =
−E[XN ]

3E[XN+1 − XN−1]
(15)

A recursive loop was embedded in the algorithm to fine
tune the approximation fora and to converge the odd mo-
ment to zero. The algorithm has been verified for zero odd
moments convergence,Modd = 0.

This work expanded the second order non-linear trans-
form used for CTN to higher order cepstral moment nor-
malization. The non-linear transform in Equation 9 was
used instead of theaXN−1

[1,N ] +X[1,N ] +c term in paper (Hsu
and Lee 2004). This reduced the convergence rate signifi-
cantly since the solution converged faster from the second
orderX2 rather than the high power term,XN−1 in (Hsu
and Lee 2004). This implementation also reduced the com-
plexity and computation time significantly. Furthermore, it
achieved the similar aim in reducing or converging the cor-
responding odd moment to zero.

The odd order CMtN in this work is a hybrid tech-
nique that embedded the CVN or the second order CMtN 2
scheme in the odd order CMtN algorithm. This is necessary
given the assumption of the second order non-linear trans-
formation used for odd order CMtN. The incorporation of
CVN in the algorithm allows fast convergence and robust
performance.

5. Experimental setup
The adult portion of the full TI-digit database was used

to evaluate the recognition performance of different nor-
malization schemes. The database comprised both isolated
and connected digit utterances. The training data contained
8624 utterances from 112 speakers and there were 3850 ut-
terances from 50 speakers for the testing data.

An ensemble of non-stationary babble noise was ex-
tracted from the NOISEX-92 database to corrupt utterances
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Table 1: Speech recognition with cepstral moment normalization (CMtN) in additive babble environments

SNR (dB) clean 40 35 30 25 20 15 10 5 0
CMN 98.56 98.35 98.20 97.82 96.49 93.17 82.03 57.40 27.78 12.92
CMtN 2 (CVN) 98.47 98.34 98.09 98.00 97.64 96.88 94.91 89.72 75.44 46.46
CMtN 4 98.39 98.33 98.11 97.99 97.51 96.81 94.76 90.49 77.49 48.49
CMtN 6 98.39 98.32 98.02 97.93 97.47 96.80 94.69 90.55 76.97 50.29
CMtN 8 98.41 98.28 98.05 97.90 97.39 96.69 94.67 90.57 77.08 51.09
CMtN 10 98.38 98.24 98.00 97.84 97.32 96.69 95.01 90.53 77.02 51.70
CMtN 25 98.31 98.09 97.92 97.65 97.28 96.48 94.79 89.80 76.63 49.13
CMtN 100 98.34 98.05 97.94 97.65 97.28 96.46 94.73 89.79 76.51 48.98
CMtN 3 98.36 98.21 98.08 98.00 97.27 97.11 94.95 90.70 77.74 49.81
CMtN 5 98.35 98.30 98.19 98.05 97.71 96.91 94.69 90.11 76.45 48.98

for speech recognition in additive babble noise. The testing
data was corrupted with additive babble noise at different
signal-to-noise ratio (SNR) from -5dB to 40dB at an inter-
val of 5dB.

All the speech files were pre-emphasized and windowed
with a Hamming window. The speech signal was ana-
lyzed every 10ms with a frame width of 25ms. The seg-
mented signal was transformed into power spectrum using
the short-time Fourier transform. A Mel-scale triangular
filterbank with 26 filterbank channels was used to generate
the Mel-frequency cepstral coefficients (MFCC) features.
The MFCC0 coefficients constituted 12 static MFCC vec-
tors and the zeroth cepstral coefficients. The HMM model
used 15 states and 5 mixtures for the connected digit recog-
nition.

All cepstral features were mean normalized and all nor-
malization schemes were performed on the full utterance.
The odd order cepstral moment normalization algorithm re-
quired the odd moment in interest to converge to at least
less than 0.0001. Apart from that, all even moments were
normalized to unity in this work.

6. Experimental results
6.1. Baseline performances

The mean normalized MFCC0 Z feature or the CMN
scheme was used as the baseline to evaluate the perfor-
mance of cepstral moment normalization (CMtN) schemes
for speech recognition in non-stationary additive babble
noise.

Table 1 records the recognition accuracy results for even
order CMtN in additive babble ensemble. CMN gave the
best recognition performance in high SNR regions such
as 40dB and 35dB. CMtN 2 or CVN yielded best results
for middle SNR range such as 30dB to 20dB. Even order
(CMtN) has demonstrated favourable and robust recogni-
tion performance for low SNR levels such as 15dB and
below. Table 1 depicts that even order CMtN schemes
achieved at least 12% improvement in the recognition accu-
racy compared to the CMN only scheme in SNR of 15dB.
Recognition accuracy of more than 90% was maintained at
SNR of 10dB where CMN only gave 57.40%. Higher even
order CMtN showed comparable performance to CMtN 2
or CVN. In addition, it was observed that there was no

need for extremely high order even moments such as the
hundredth moment proposed in (Hsu and Lee 2004).

The last 2 rows in Table 1 record the results for odd or-
der CMtN schemes using Equation 9 anda computed from
Equation 15. The odd order CMtN scheme was performed
up to the fifth moment only, since higher order moments
such as 7 and 9 were extremely slow in convergence. Pre-
liminary experiments with a smaller database and seventh
order CMtN showed degradation in the recognition perfor-
mance.

Similar improvements were achieved for CMtN 3 and
CMtN 5 in SNR less than 20dB environments. It could
be speculated that these improvements were contributed
by the hybrid normalization of both variance and odd or-
der moment. Optimal cepstral moment normalization may
not be evident in the additive babble ensemble experiments
but Table 1 has demonstrated the effectiveness of both odd
and even order cepstral moment normalization for speech
recognition, especially in the low SNR region such as 15dB
and below. In addition, Table 1 shows that CMtN 2 and
CMtN 3 are sufficient for robust speech recognition in noisy
environments.

6.2. Moment normalization and dynamic features

Delta (D) and double delta (A) features are time re-
gression features or dynamic features computed from the
time trajectories of MFCC0 features. CMN does not af-
fect the computation of D and A because CMN only re-
moves the mean bias or shift introduced by background
noises. Thus, the time trajectories of cepstral features re-
main the same. However, cepstral variance normalization
and moment normalization would alter the trajectories of
the cepstra. The normalization of variance and moments
would apply a transformation, not just a shift onto cepstral
features. Thus, it is essential to explore the effects of CMtN
on time regression features for speech recognition.

Table 2 records the recognition performance of dynamic
features and moment normalized cepstral features. D refers
to the time regression of the moment normalized cepstral
features while DMFCC 0 is the dynamic features from the
MFCC 0 features.

The use of CMtN schemes did not improve the recog-
nition accuracy for high SNR so Table 2 only presented
the recognition performance in low SNR region. Recog-
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Table 2: Speech recognition with cepstral moment normalization (CMtN) and dynamic features (D)

SNR (dB) clean 25 20 15 10 5 0
CMN + D 99.68 98.99 98.37 95.81 87.18 62.43 27.35
CMtN 2 + D 99.51 99.03 98.62 97.37 92.52 77.63 41.45
CMtN 2 + DMFCC0 99.56 99.15 98.86 98.09 95.21 86.12 58.76
CMtN 3 + D 99.49 99.00 98.71 97.74 94.06 82.95 52.28
CMtN 3 + DMFCC0 99.55 99.16 98.91 98.05 95.36 86.39 60.57
CMtN 4 + D 99.60 99.00 98.57 97.42 92.88 79.93 45.06
CMtN 4 + DMFCC0 99.60 99.06 98.77 97.96 94.81 85.94 58.90

nition accuracy of above 92% could be maintained in SNR
of 10dB with the use of CMtN and delta features. The im-
provements over the state-of-the-art MFCC0 Z D or CMN
+ D scheme were more than 5%. In addition, recognition
rate greater than 80% was achieved in SNR of 5dB com-
pared to 62.43% by CTM + D.

It was observed that the hybrid combination of CMtN
and dynamic features gave more robust performance when
dynamic features were derived from baseline MFCC0.
Even though the inclusion of temporal information from
cepstral moment normalized features improved the recogni-
tion performance in low SNR significantly, optimal recog-
nition performances were achieved with DMFCC 0 features
derived from baseline MFCC0 Z. This demonstrated that
the time trajectories of the cepstral features had been af-
fected by the transformation of CMtN.

Nevertheless, we have shown the robustness of cep-
stral moment normalization for speech recognition in non-
stationary additive babble ensemble environments.

7. Conclusion
Cepstral moment normalization schemes (CMtN) have

shown potentials in low signal-to-noise ratio non-stationary
additive environments. Significant improvements were
achieved and the recognition performance surpassed those
of the state-of-the-art features in low SNR environments.

Odd order CMtN schemes were slow in convergence but
the incorporation of cepstral variance normalization in the
algorithm has reduced the convergence time and improved
the robustness of cepstral features. The performance of
CMtN could be further enhanced with the inclusion of tem-
poral information through dynamic features. The hybrid
combination of moment normalized cepstral features and
dynamic features derived from baseline MFCC0 Z fea-
tures contributed to optimal recognition performance in this
work.

Nevertheless, it has been shown that CMtN 2 and CMtN
3 offer significant robustness in speech recognition. There
was not evident need for higher order moments such as 5
and above. Higher order CMtN may give slight improve-
ments in certain conditions but the computation time and
complexity increased as the order increased especially for
higher odd order moment normalization.

This paper has presented a concise work on the limita-
tions and contributions of cepstral moment normalization
schemes for speech recognition in additive noisy environ-
ments
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