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Abstract
The statistical properties of a speech feature could differ under themte of noisy environ-
ments. These effects are common in mismatched environments sudhditigeabackground
noise and reverberant environments. Normalization strategies ateyat(n speech recogni-
tion systems to compensate for the effects of environmental mismatehwohk explores the
utilization of cepstral moment normalization for speech recognition in agditdisy environ-
ment. The author has evaluated and modi ed the models used for depstreent normaliza-
tion for improved convergence and performance. The cepstralenonormalization schemes
were adopted for additive noisy speech recognition on TI-digit daéabBarther experimen-
tal works on cepstral moment normalization involving dynamic featuresaéso presented.
Both odd and even order cepstral moment normalization have showircsigt contributions
to speech recognition in low signal-to-noise ratio non-stationary noisyamwient.

1. Introduction noise. The author has evaluated and modi ed the odd order

The statistical properties of a speech feature could difePStral moment normalization model used for improved
fer under the in uence of noisy environments. The level of CONvergence and performance. Evaluation of cepstral mo-
variation depends on the type of noise and also the level g€t normalization and dynamic feature will also be ad-
contamination. These effects are common in mismatchedressed- . _ . _
environments such as additive background noise and rever- "€ paper is organized as follows: The next section
berant environments. explores the statistical properties of a cepstrum and cep-

Normalization strategies are employed in speech recogs-tr_al distributions in additive ljois_y environments. Seti
nition systems to compensate the effects of environmentat intreduces popular normalization schemes adopted for
mismatch. Most of the normalization schemes are applie§P€€ch recognition. Section 4 speci es the cepstral moment
in the cepstral domain and these techniques are often peformalization algorithm and modi cation. The experimen-
formed as post-processing scheme on speech features. NG SEUP is presented in section 5, followed by the resaits i
malization techniques are preferred because a priori know/S€ction 6. The last section comprises the conclusions.
edge and adaptation are not required under any environ- o _
ment. 2. Statistical properties

Normalization methods can be classied into feature, 1

normalization and distribution normalization. Feature-no Statistical ’ h d vari id
malization attempts to normalize certain statistical prop atistical properties such as mean and variance provide

erty of speech such as mean, variance (Jain and HermamUCh information on the.variations induced by noi;e on
sky 2001) and moments (Suk, Choi, and Lee 1999) (Hs peech cepstra. T_h_eorgtmally, only the .rst four statisti
and Lee 2004) to reduce the residual mismatch in featur ave physical de pltlon in the mathematical ;tudy. These
vectors. Histogram equalization (Torre, Peinado, Segureafre. the mean, variance, skewness and kur_t05|s. These prop-
J.L.Perez, Bentez, and Rubio 2005), quantile normaliza€rties can be derived from the expectation value of the
tion (Hilger and Ney 2001) and feature space normalizatior‘f’pe‘f’Ch cepstra.

(Molau, Hilger, and Ney 2003) fall into the distribution ror 1 N€ t|me:verages O\:jer a nite tu‘r:cer:nterval crr:m bhe used
malization category. These techniques aim at normalizin o estimate the mean and variance of the speech. The mean,

the database or the distribution to match the reference. is the weighted average of cepstral values across the ut-

This work explores the utilization of cepstral moment terance over a nite interval.
normalization for speech recognition in additive babble

Moments and statistics
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Figure 1: Cepstral distribution of the rst cepstra acrossFigure 2: Statistical properties of clean MF@Ccepstra,
different SNR levels of additive babble ensemble noise cepstra and corrupted speech cepstra

mean of the distribution and is de ned by Equation 2 wheres 2. Moments and noise

E[X]?=12 . o . -
) The in uence of additive noise ensemble on statistical

variations cannot be explained by mere transformation or
E[(X i E[X])?] addition of clean speech and noise cepstra. However, obser-
E[X?]; E[X] ) vations from cepstral distributions and statistical Vaility

of cepstral features provide much information on the effect

Higher order statistics or moments are also derivedbf additive noise.
about the mean of the distribution. The probability den-  Figure 1 shows the cepstral distribution of cepstra 1
sity function of cepstral coef cients of speech signals isacross several additive noise levels ranging from 40dB to
usually regarded as a quasi-Gaussian distribution. Unde?dB with an interval of 5dB. 1232 utterances from 16
this assumption, the odd order moments should be zero argbeakers, both male and female, were analyzed for the cep-
the even order moments should be some speci c constantral distributions with a bin of 100. Observation from Fig-
(Hsu and Lee 2004). The central moments are de ned by ure 1 clearly shows a shift in the global mean of the cepstral
features. The mean of cepstral features generally incsease

Ve 0 N = odd as the signal-to-noise ratio (SNR) decreases. This can also

for .
K for N = even (3)  be supported by Equation 4.

7

My = E[(X i 1)V]=

wherek is theN -th moment of a normalized Gaussian

distribution which is usually a constant such as the unity. Y = X+N
The asymmetrical function of a cepstral distribution is log(Y) = log(X + N)
known as the skewness. Skewness characterizes the degree N Il
of asymmetry of a distribution around its mean. The indica- = log(X)+ log 1+ X (4)

tion of skewness is affected by the locus of extreme values

or outliers. A distribution is considered to possess negati where noisy speech spectha,= jY [k]?j, clean speech
skewness if the left end of distribution is more pronouncedspectraX = jX [k]?j and noise spectr&y = jN [K]?j.

than the right tail. Positive skewness refers to amore promi  Equation 4 shows that a reduction in SNR, > X ,
nent right tail distribution. The skewness of a distribatio would theoretically increases the value of the logarithmic
M3 is derived from Equation 3 witN =3. Y and results in incremental mean. However, it should be

Kurtosis,M 4, characterizes the relative atness of a dis- noted that the in uence of additive noise on speech cep-
tribution in relation to the shape of a normal distribution. stra is more than just a simple additive operation. Non-
Positive kurtosis indicates a relatively peaked distidout  stationary background noise such as babble noise would
while a relatively at distribution de nes a negative kurto affect the cepstra differently from additive white Gauasia
sis. noise.

It is often dif cult to offer a sensible interpretation to Cepstral distributions of the 13 MFCQ vectors also
the large values in moment measures. This is because mdlustrates a reduction in the variance with the slope of the
ments can be arbitrarily large due to the high power termglistribution gradually increases. A shift in the skewness i
in their expressions and possible existence of one or moralso observed for cepstra 1 distribution.
large outliers in the data. Sample estimates of moments are Observations on the variability of individual cepstra
likely to be unstable in the presence of outliers. This prob-also yield valuable information. Figure 2 illustrates four
lem is severe for higher order statistics, such as the kurtostatistical properties of the clean speech cepstra, nejse c
sis, which is employed in independent component analysistra and corrupted 10dB speech cepstra. The rst row de-
(ICA) algorithm for speech related researches (Sahguchpicts the mean of the 12 cepstra excluding the zeroth cep-
Ozawa, and Kotani 2002). stral coef cient. The subsequent rows represent the vari-



ance, skewness and kurtosis of all 13 cepstra respectively. CVN contributes to robustness by scaling and limiting
Zeroth cepstral coef cient is illustrated by the 13th ceépst the range of deviation in cepstral features. It scales the
From observation, one major mismatch that could affect theleviations to a normalized boundary commonly the unity.
performance of speech recognition in noisy environment iSThe normalized parameters are assumed to be resistant to
the large variance and moments of clean speech cepstridne degradation imposed by noises. Variance normalization
Noisy cepstra tends to have lower variance and momentsas been a popular technigue in speaker recognition in deal-
and this could contribute to a large mismatch in the recoging with noise and channel mismatch (Barras and Gauvain
nition process. Thus, environmental mismatch may be re2003) (Melin and Lindberg 1999).
duced or compensated if these statistical properties are no
malized. 3.3. Cepstral moment normalization

Figure 2 also shows evident and signi cant reduction = Moments and cumulants have been employed in diver-
in the variance of cepstral features under the in uence ofsity of disciplines that deal with data, random variabled an
additive babble ensemble. The reduction in the variancetochastic processes. They can be used to quantify statisti
is validated since the statistical dispersion or the dewiat cal properties of a distribution such as its location andesca
of a cepstra about the mean is smaller with the inclusionfwo popular higher order statistics commonly used are the
of noise. The kurtosis would have similar variation as theskewness and kurtosis. The skewness measures the asym-
variance since it is the power component of the variance. Anetry while kurtosis measures the atness of a distribution
large variability in the variance would imply a larger varia Skewness has been used for risk analysis in nance (Har-
tion in the kurtosis. In general, higher order moments, suctvey and Siddique 1999) while kurtosis has been employed
as the skewness and kurtosis, are reduced in presence ioflCA for speech related researches (Sahguchi, Ozawa, and

additive noise. Kotani 2002).
The third order moment or skewness was the rst higher
3. Cepstral normalization order statistic proposed for normalization scheme in speec
3.1. Cepstral mean normalization recognition context (Suk, Choi, and Lee 1999). Exhaus-

Cepstral mean normalization (CMN) or cepstral meantive observations of the statistic of noisy cepstra have re-

subtraction has always been applied to state-of-the-a?fealed that additive noise also affected moments of a cep-

features such as the Mel-frequency cepstral coef cientsStrum' The paper reported that moments must be normal-

(MFCC.0). Itis a de facto standard for most large vocab-'zed to fully compensate for the statistical variations un-
- ger noisy conditions. Cepstral third order moment normal-

ulary speech recognition systems. The algorithm computes ™. ) . .
a long-term mean value of the feature vectors and subtractgdtion (CTN) has achieved robust performance in additive

the mean value from the cepstral vectors of that utterance.whlte Gaussian noise and car noise enwronmen't S
C.W. Hsu and L.S. Lee proposed the use of higher order

The main advantage of using sentence-based normaliza- o
tion methods such as CMN or augmented CMN (Acero angoments for cepstral moment r_10rmaI|zat|on (Hsu and Lee
Huang 1995) instead of adaptation method is the addition 0(|)_4).t. They repor:.ted :jhat.tﬁpttrl]mal cepfsttrr]al ;?r? me(;"nthnor—
improvement in recognition accuracy for clean conditions&!12ation was achieved wi € use ol the and hun-

and signi cant decrease in error rate for mismatched con-dremh order moments. The use of the hundredth moment

ditions. CMN has been shown to be effective in alleviat-@S NOt necessary since it has been mentioned that higher
ing the effects of linear Itering or convolutional distdsh order statistics greater than four lack of theoretical grsph

) . N .

caused by characteristics of different communication ehanIcal meaning. Furthermo_re, the™ term in the paper (Hsu

nels or recording devices. and Lee 2004) resulted in extremely slow convergence as
However, CMN does not discriminate silence and voicethe ordem increased.

in computing the utterance mean. In addition, CMN Cannot[ar One mte:estlng observatllpn .congMbeN cor:emplati\d
be used directly in a real-time system because it require om cepstral moment normalization (CMtN) schemes.

the complete utterance for the cepstral mean computation:SUbsequent CMtN scheme V\.IOUId remove the nqrmahzaﬂpn
Nevertheless, CMN has been shown to improve theeffects: of previously normalized moments. This is appll-_
recognition performance in both additive and reverberan?able to both the odd and even order CMiN schemes. Itis

environments (Toh, Togneri, and Nordholm 2005). One exnot possible to have two even or two odd moments normal-

planation is the removal of the mean will eliminate the biasIzed at a particular msFant. In addition, both odd and even
component imposed by various noises. order CMtN affect their lower order counterparts. Never-

theless, it is still possible to normalize an odd and an even
3.2. Cepstral variance normalization order moment simultaneously with a hybrid normalization

Cepstral variance normalization (CVN) is a popular scheme.

supplement technique to CMN. It is also known as the o
mean and variance normalization (MVN) (Jain and Her- 4. Cepstral moment normalization scheme
mansky 2001) because CVN is often used in conjunction Cepstral mean normalization is performed prior to all
with CMN. The mean and variance of cepstral coef cients cepstral moment normalization to enstre 0.

are assumed to be invariant in the CVN analysis. There-

fore the exclusion of these properties would result in the?-1. Even cepstral moment normalization

removal of irrelevant information such as the effects ofmis ~ The even order cepstral moment normalization can be
matched environments. normalized with the scaling of the rst order moment nor-



malized coef cients by a constant (Hsu and Lee 2004). Instead of solving and choosing the root faras in
CTN, we derived an approximation for the valueacsimi-
lar to paper (Hsu and Lee 2004). Whawas small, higher

XNzeven = bXcmn order terms in Equation 10 were removed and the last three
E[X',\L oven] = E[(BXcmn )N] terms as shown in Equation 11 were retained. The solution
= PNEXN for ain the third order CMtN is de ned by Equation 12.
= My (5)
a3E[X 4]+ E[X3]j a3E[X?]=0 (11)
Xemn IS the mean normalized vectdr,is zero due to | E[X3]
mean normalized sequence avig, is theN -th order even a= 3EXE . X2 for N =3 (12)
moment of a normalized Gaussian distribution where unity [X*i ]
has been adoptet¥)y = 1, in this work. The solution for We extend the extensive but straightforward calculation
bcan be obtained from Equation 6. to N =5. Similar expression was obtained for odd moment
N 1N of order 5. The last three terms of interest for higher order
b= My _ 1 ©6) fth moment is described by Equation 13 and the solution
EX N EX N, for ais given by Equation 14.
4.2. Odd cepstral moment normalization a3E[X 6]+ E[X®]i a3E[X*]=0 (13)
CTN was rst proposed by Y.H. Suk, S.H. Choi and _ i E[X9] for N =5 (14)
H.S. Lee (Suk, Choi, and Lee 1999) using a non-linear ~ 3E[X6i X4 B

transform de ned by Equation 7. .
Thus, the value o for higher order oddN -th moments

can be approximated with Equation 15.

Xen = axg\m + bXewn + C
a c . N
= Bngn + Xevn + B () a= i E[X7] (15)
ha ol BEXN* § XNi]
E[X = E =X + X + - . . .

Xen] I A recursive loop was embedded in the algorithm to ne

= 941+0+ S tune the approximation faa and to converge the odd mo-
ment to zero. The algorithm has been veri ed for zero odd

=0 (8)  moments convergenchlogg = 0.

This work expanded the second order non-linear trans-

q xCé”b'S the variance mrgwgllzeg vector wh|crt1) cag beform used for CTN to higher order cepstral moment nor-
€ ned by Equ':ltlon SWItN =2, The CO”Sta”tﬁF an malization. The non-linear transform in Equation 9 was
¢ were determined so that the resultant coef cient shouldused instead of thax N

" , . p i el 1N]+ XN+ ctermin paper (Hsu
ave zero mean, unity variance and zero third-order Moz 4 | ee 2004). This reduced the convergence rate signi -
ment. The constartt was set to unity with variance nor-

L , ! . cantly since the solution converged faster from the second
malization. The relationship betwearandc was derived

¢ _ S he value ofa | orderX ? rather than the high power ter{,Ni * in (Hsu
Irode]guatlohn 8, gvinge = aﬁ The value ola 'stﬁ' and Lee 2004). This implementation also reduced the com-
ected from the root nearest to the average value of the Onﬁlexity and computation time signi cantly. Furthermorg, i

real-valued root (Suk, Choi, and Lee 1999). achieved the similar aim in reducing or converging the cor-

We used the non-linear model described in Equation 7responding odd moment to zero.

and evaluated it for higher order odd cepstral moment nor- The odd order CMIN in this work is a hybrid tech-
malization. The variance can be set to unity with CVN andnique that embedded the CVN or the second order CMiN 2
thus, we removed constaifrom the derivation. scheme in the odd order CMtN algorithm. This is necessary
) given the assumption of the second order non-linear trans-
Xn = aXgn + Xen + C (®)  formation used for odd order CMtN. The incorporation of
=jaEX2,]=ia CVN in the algorithm allows fast convergence and robust

) o performance.
For the third order cepstral moment normalization,

5. Experimental setup

2. 3

~ E[(zx 6 ! a+2 X5) _] 5 4 The adult portion of the full TI-digit database was used

= E[@X"+2a’X”j 2a’X4+aX"+ ¢¢¢ {5 evaluate the recognition performance of different nor-
= j2a’X3+ alX?2+ a?X®+2aX4+ ¢¢¢  malization schemes. The database comprised both isolated
= 2a2X3+ X3 2aX2+ a®X + ¢¢¢ and connected digit utterances. The training data cordaine
= X4 202X%+2a%X2+ ¢ee 8624 utterances from 112 speakers aqd there were 3850 ut-
o ) oo . 3 terances from 50 speakers for the testing data.

= jaX“+2a’X | a’ An ensemble of non-stationary babble noise was ex-
=0 (10) tracted from the NOISEX-92 database to corrupt utterances

E[X3]



Table 1: Speech recognition with cepstral moment normiadigg 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 tgstin need for extremely high order even moments such as the
data was corrupted with additive babble noise at differenbundredth moment proposed in (Hsu and Lee 2004).
signal-to-noise ratio (SNR) from -5dB to 40dB at an inter-  The last 2 rows in Table 1 record the results for odd or-
val of 5dB. der CMtN schemes using Equation 9 andomputed from

All the speech les were pre-emphasized and windowedEquation 15. The odd order CMtN scheme was performed
with a Hamming window. The speech signal was ana-up to the fth moment only, since higher order moments
lyzed every 10ms with a frame width of 25ms. The seg-such as 7 and 9 were extremely slow in convergence. Pre-
mented signal was transformed into power spectrum usingminary experiments with a smaller database and seventh
the short-time Fourier transform. A Mel-scale triangular order CMtN showed degradation in the recognition perfor-
Iterbank with 26 lterbank channels was used to generatemance.
the Mel-frequency cepstral coef cients (MFCC) features.  Similar improvements were achieved for CMtN 3 and
The MFCCO coef cients constituted 12 static MFCC vec- CMtIN 5 in SNR less than 20dB environments. It could
tors and the zeroth cepstral coef cients. The HMM modelbe speculated that these improvements were contributed
used 15 states and 5 mixtures for the connected digit recodpy the hybrid normalization of both variance and odd or-
nition. der moment. Optimal cepstral moment normalization may

All cepstral features were mean normalized and all nornot be evident in the additive babble ensemble experiments
malization schemes were performed on the full utterancebut Table 1 has demonstrated the effectiveness of both odd
The odd order cepstral moment normalization algorithm reand even order cepstral moment normalization for speech
quired the odd moment in interest to converge to at leastecognition, especially in the low SNR region such as 15dB
less than 0.0001. Apart from that, all even moments wereéind below. In addition, Table 1 shows that CMtN 2 and
normalized to unity in this work. CMtN 3 are suf cient for robust speech recognition in noisy

environments.

6. Experimental results
6.1. Baseline performances

6.2. Moment normalization and dynamic features

Delta (D) and double delta (A) features are time re-
The mean normalized MFCGQG Z feature or the CMN  gression features or dynamic features computed from the
scheme was used as the baseline to evaluate the perfdime trajectories of MFC@ features. CMN does not af-
mance of cepstral moment normalization (CMtN) schemedect the computation of D and A because CMN only re-
for speech recognition in non-stationary additive babblemoves the mean bias or shift introduced by background
noise. noises. Thus, the time trajectories of cepstral features re
Table 1 records the recognition accuracy results for evemain the same. However, cepstral variance normalization
order CMtN in additive babble ensemble. CMN gave theand moment normalization would alter the trajectories of
best recognition performance in high SNR regions suchhe cepstra. The normalization of variance and moments
as 40dB and 35dB. CMtN 2 or CVN vyielded best resultswould apply a transformation, not just a shift onto cepstral
for middle SNR range such as 30dB to 20dB. Even ordefeatures. Thus, it is essential to explore the effects of ’CMt
(CMtN) has demonstrated favourable and robust recognion time regression features for speech recognition.
tion performance for low SNR levels such as 15dB and Table 2 records the recognition performance of dynamic
below. Table 1 depicts that even order CMtN schemegeatures and moment normalized cepstral features. D refers
achieved at least 12% improvement in the recognition accuto the time regression of the moment normalized cepstral
racy compared to the CMN only scheme in SNR of 15dB.features while Mrccois the dynamic features from the
Recognition accuracy of more than 90% was maintained a¥IFCC_0 features.
SNR of 10dB where CMN only gave 57.40%. Higher even  The use of CMtN schemes did not improve the recog-
order CMtN showed comparable performance to CMtN 2nition accuracy for high SNR so Table 2 only presented
or CVN. In addition, it was observed that there was nothe recognition performance in low SNR region. Recog-



Table 2: Speech recognition with cepstral moment normtéidizgCMtN) 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
CMIN2 +D 99.51| 99.03 | 98.62 | 97.37| 92.52| 77.63 | 41.45
CMtN 2 + Dwrcco | 99.56 | 99.15 | 98.86 | 98.09 | 95.21| 86.12 | 58.76
CMIN3 + D 99.49| 99.00 | 98.71 | 97.74| 94.06 | 82.95| 52.28
CMtN 3 + Durcco | 99.55 | 99.16 | 98.91| 98.05| 95.36 | 86.39 | 60.57
CMIN4 + D 99.60| 99.00 | 98.57 | 97.42| 92.88 | 79.93 | 45.06
CMtN 4 + Dwrcco | 99.60 | 99.06 | 98.77 | 97.96 | 94.81| 85.94 | 58.90

nition accuracy of above 92% could be maintained in SNR References
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