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Abstract
It is well-known that additive and channel noise cause shift
and scaling in MFCC features. Empirical normalization tech-
niques to estimate and compensate for the effects, such as cep-
stral mean subtraction and variance normalization, have been
shown to be useful. However, these empirical estimate may not
be optimal. In this paper, we approach the problem from two
directions, 1) use a more robust MFCC-based features that is
less sensitive to additive and channel noise and 2) propose a
maximum likelihood (ML) based approach to compensate the
noise effect. In addition, we proposed the use of multi-class
normalization in which different normalization factors can be
applied to different phonetic units. The combination of the ro-
bust features and ML normalization is particularly useful for
highly mis-matched condition in the Aurora 3 corpus resulting
in a 15.8% relative improvement in the highly mis-matched case
and a 10.4% relative improvement on average over the three
conditions.

1. Introduction
In recent years Automatic Speech Recognition (ASR) has been
used very successfully. However, the performance of ASR sys-
tems degrades in the presence of additive noise or changing
channels. Significant effort is focused on making speech recog-
nition robust including both frontend-based techniques and
model-based techniques. In speech recognition, Mel-frequency
Cepstral Coefficient (MFCC) is one of the most commonly used
features. To make speech recognition more robust against noise,
one approach involves modifying the MFCC generation pro-
cess, such as in [1]. Another possibility is the smoothing of the
cepstral coefficients across time. Because the motion of vocal
tract is relatively slow, the spectral power of speech generally
changes slowly. However, the power of noise can change at any
rate and, thus, some portion of noise can be removed by extract-
ing the low modulation frequencies in the cepstral trajectory, in
effect, smoothing the cepstral coefficients across time. Yet an-
other approach is to normalize the MFCC, by shifting the mean
and scaling the dynamic range to compensate for the effect of
noise. Because the effect of additive noise is not linear in the
cepstral domain, estimating the correct compensation at each
time instance is not trivial. Techniques such as cepstral mean
subtraction and variance normalization [2], involve the use of
a single estimate across an utterance, have shown to perform
reasonably well.

In this paper we discuss the use of a modified MFCC gen-
eration with time smoothing as described in Section 2. Then,
we propose a maximum likelihood cepstral normalization ap-
proach. Instead of using the empirical mean and variance to
normalize the cepstral features, an ML estimate is used. Be-
cause variance normalization can be equivalently applied to the

model, the estimation of the ML normalization parameters can
be viewed as a constrained adaptation problem. The advantage
of the model-based view is that multiple normalization factors
can be applied to different phonetic units. The details of the ML
normalization is described in Section 3. Extensive experiments
were performed on both the Aurora 2 and Aurora 3 corpus, and
the results are summarized in Section 4. Because a lot of the
development work was performed before the ETSI Advanced
DSR standard front-end was available, some reported experi-
mental results measuring incremental improvements were based
on last year’s baseline. Final results, a combination of the ML
normalization and the standard front-end, are also reported. The
paper is concluded in Section 5.

2. Robust Feature Extraction
While MFCC is one of the most commonly used features in
speech recognition, it can be improved so that it is more ro-
bust to additive noise especially when the noise condition is not
known. In this research, we considered two techniques, they
were: a) smoothing of the cepstral time trajectory and b) incor-
poration of higher order MFCC.

In addition to these modifications, power spectrum coeffi-
cients in FFT were used instead of magnitude coefficients in
the filter bank computation for MFCC generation as suggested
in [1].

2.1. Frequency selection of cepstral trajectory

As speech is produced by changing the shape of vocal tract,
the rate of speech power variation is limited implying that the
short-time difference in spectral power should be small. In this
sense, speech information is mainly carried by low modulation
frequencies of the feature vector. It has been shown that the low
modulation frequencies of the cepstral domain are more impor-
tant than the high modulation frequencies in speech recogni-
tion [3]. As higher modulation frequencies are more suscepti-
ble to noise corruption, removing high modulation frequencies
by band-pass filters, such as the RASTA filter, has been shown
to improve the recognition performance under noisy environ-
ments [4]. It is observed that the low cut-off frequency of the
band-pass filter is very small and can be modeled as a low-pass
filter together with a mean removal filter. As the mean of the
feature vector is considered in normalization techniques, a sim-
ple low-pass filter, averaging filter, was used in our work.

2.2. Incorporation of higher order coefficients of MFCC

In the standard MFCC, the higher order coefficients of DCT
are truncated. These coefficients mainly represent the pitch and
vocal cords characteristics and, thus, are not commonly used
in speaker independent speech recognition. However, the total
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power of these coefficients, a useful indication of vocal cord
vibration, can help to distinguish between voiced and unvoiced
speech. This can be especially useful in the noisy environment
in which it is more difficult to distinguish between sounds based
on the spectral shape. The 12th MFCC coefficient is replaced
by the total power of 12th to 22nd coefficients in our work.

3. Feature Vector Normalization
One approach used to compensate for noise effects in cepstral
features is cepstral normalization. The most common normal-
ization technique is cepstral mean subtraction (CMS), a blind
channel normalization technique that produces a zero mean fea-
ture vector over an utterance.

While CMS can remove linear time-invariant channel ef-
fects, it may not be as useful for removing additive noise be-
cause additive noise also changes the dynamic range of the cep-
stral coefficients. Variance normalization has been proposed to
normalize the feature vector to ensure zero mean and unit vari-
ance [2]. Variance normalization provides a method to re-scale
the feature vector in order to reduce the differences between the
feature coefficients of noisy speech and those of clean speech.

Denote the features of a T -frame speech utterance as a
T × D feature matrix X and the normalized feature matrix
X̂ is computed as

x̂t,d =
xt,d − x̄d

σd
, (1)

where x̄d and σd are the sample mean and sample variance of
the dth component across the utterance.

We can also rewrite variance normalization as an
affine transformation of the feature vector at time t,
Xt = [xt,1, . . . , xt,D]T , to normalized feature, X̂t. That is,

X̂t = A−1(Xt − b) (2)

where A = diag{a1, . . . , aD} is a D×D dimensional diago-
nal transformation matrix and b = [b1, . . . , bD]T is D dimen-
sional vector. The diagonal elements of A, ad equals to σd and
bd = x̄d. We called the normalization using empirical mean
and variance as ”empirical normalization”.

3.1. Maximum likelihood normalization

As mentioned before, because the effect of additive noise is not
linear, the empirical normalization is only an approximation of
the real effect of the noise. In fact, the utterance statistics are
not only affected by the background noise, or channel effects
but also by the speech contents and the amount of a non-speech
in an utterance.

Instead of using the empirical estimate, normalization fac-
tors can be estimated using other criteria to increase robustness,
such as the maximum likelihood (ML). The objective of ML
normalization is to find the normalization parameters so that the
model will maximize the likelihood of a speech utterance.

3.2. Normalization as constrained adaptation

Although we initially considered the normalization in the fea-
ture space, because the normalization is affine, it can also be
viewed as a model transformation. One advantage of the model-
based approach is that different normalization factors can be ap-
plied to different speech models.

Denote f(x̂) as the likelihood of the transformed data x̂
evaluated against the Gaussian model with mean mi and co-
variance matrix Wi. f(x̂) can be written as

f(x̂) = N(x̂;mi,Wi) (3)

In the model space, this likelihood is equivalent to evaluat-
ing the original feature X using a model which is normalized
by the same parameters [A, b] in the following manner.

f(x;A, b) = N(x;Ami + b,AWiA
T ) (4)

Model based ML normalization can be considered a special
type of model adaptation in which the normalization parame-
ters [A, b] are applied to the mean and covariance matrix. To
find the parameters for ML normalization, the EM algorithm
can be used to obtain the ML estimate of [A, b]. Digalakis [5]
has shown that the Expectation step (E-step) of the EM algo-
rithm involves the computation of the sufficient statistics for
each Gaussian mixture i as follows

µ̄i =
1

ni

T∑

t=1

ρ(st)φi,txt (5)

Σ̄i =
1

ni

T∑

t=1

ρ(st)φi,t(xt − µ̄i)(xt − µ̄i)
T (6)

ni =

T∑

t=1

ρ(st)φi,t (7)

where φi,t is the posterior probability of the unobserved mix-
ture indexes ωi(t) in state st given the current normalization
parameters [A0, b0], i.e.

φi,t = P (ωi(t)|A0, b0, xt, st) (8)

and ρ(st) is the posterior probability of state st at time t given
the observation sequence X and the current HMM parameters
λ0, i.e.

ρ(st) = P (st|X,λ0). (9)

The state posterior probability ρ(st) can be found using either
the forward-backward algorithm or the state alignment of the
recognition output as an approximation. We will discuss the
estimation of ρ(st) in Section 3.3.

The scaling of the MFCC vectors as shown in Equation (1)
implies that A is a diagonal matrix. If covariance matri-
ces of the speech models are also diagonal as is often the
case in speech recognition, the maximization step (M-step)
of the EM algorithm can be simplified by solving the fol-
lowing set of one-dimensional quadratic equations. Denotes
A = diag{a1, . . . , aD} and b = [b1, . . . , bD]T . For each di-
mension,

(

N∑

i=1

ni)a
2 − (

N∑

i=1

ni

w2
i

)b2 − (

N∑

i=1

nimi

w2
i

)ab+

(
N∑

i=1

niµ̄imi

w2
i

)a+ (2
N∑

i=1

niµ̄i

w2
i

)b− (
N∑

i=1

ni
µ̄i + Σ̄2

i

w2
i

) = 0

(10)
and

b = (

N∑

i=1

niµ̄i

w2
i

)− a

N∑

i=1

nimi

w2
i

)/

N∑

i=1

ni

w2
i

(11)

where mi and w2
i are the corresponding elements of the mean

vector and diagonal covariance matrix Wi of Gaussian mix-
ture i, N is the total number of Gaussians in the model and
Σ̄2

i is the diagonal coefficient of the sufficient statistics in (6).
Compared to the traditional MLLR, because diagonal trans-

formation matrix is used, smaller number of parameters are re-
quired to be estimated making it possible to be estimated using
smaller amount of data (for example using only one utterance
to estimate the transformation). Furthermore, the variance of
the models are also transformed in the normalization described
above while MLLR typically only transforms the mean vectors.



3.3. Estimation of state posterior probability

The normalization matrix A is estimated to maximize the like-
lihood of the observations. This likelihood depends on the
state posterior probability ρ(st) and can be computed using
the forward-backward (FB) algorithm and we call this the FB
approach. If we assume that the likelihood is dominated by
the best state sequence, then the observation likelihood on the
Viterbi path can be used to simplify the computation and we call
this the Viterbi approach. However, the states in the Viterbi
path may be erroneous so it is useful to include some of the
close competitors into the ML likelihood estimation. Then, the
N-best hypothesis can be used. Instead of weighting the N hy-
potheses by their likelihoods, they are weighted equally because
the likelihood of the best hypothesis generally dominates and
we call this the N-best approach. Under the N-best approach,
the state posterior probability of state st at time t becomes

ρ(st) =
1

N

N∑

n=1

ζn,t(st) (12)

where ζn,t(st) = 1, if st is at time t of the nth best hypothesis
sequence and ζn,t(st) = 0, if it is not. All three approaches to
estimate ρ(st) are evaluated in Section 4.

3.4. Multi-class normalization

The effect of noise on different speech sounds, such as vowel or
non-vowel may be different. So, it is preferable to use different
normalization parameters for particular type of sounds. How-
ever, it is also important to have enough data to accurately esti-
mate the normalization parameters. To balance the model speci-
fication and limitations of the adaptation data, similar Gaussians
can be tied into one class and share the same transformation,
similar to what is used in speaker adaptation. To illustrate the
feasibility of multi-class normalization, we used two normaliza-
tion matrices: one was for non-speech sounds, including silence
and the short pause models, and the other was for speech states.
In multi-class normalization, an unique set of normalization pa-
rameters are estimated for each class as follows.

µ̄i(c) =
1

ni

T∑

t=1

∑

i∈γ(c)

ρ(st)φi,t(c)xt (13)

Σ̄i(c) =
1

ni

T∑

t=1

∑

i∈γ(c)

ρ(st)φi,t(c)(xt − µ̄i)(xt− µ̄i)
T (14)

ni(c) =
T∑

t=1

∑

i∈γ(c)

ρ(st)φi,t(c) (15)

where γ(c) represents a set of Gaussians in class c.
φi,t(c) = P (ωi(t)|A0(c), b0(c), xt, st)

where A0(c) and b0(c) are normalization parameters for class c.

4. Experiments
Two sets of experiments were performed on the Aurora 2 and
Aurora 3 databases: a) on a development set that uses the
traditional MFCC features on the Aurora 2 database for both
clean and multicondition training and b) on a evaluation set that
uses the ETSI Advanced DSR standard front-end [6] (would be
called the standard frontend from now on) for feature generation
for the Aurora 3 corpus. Due to our limited computational re-
sources, we only evaluated the standard front-end on Aurora 3.
In this paper, we discuss the case in which only one utterance
was used to estimate the normalization parameters [A, b] as de-
scribed in Section 3.2.

4.1. Development using Aurora 2

In the development set, the training was performed using
HTK 3.1 [7] with HMM complex back-end configuration [8] for
both the clean and multicondition training. The goal of these ex-
periments was to evaluate the effectiveness of the proposed ro-
bust features and ML normalizations. A series of experiments
were performed including:

1. empirical normalization using MFCC generated using
HTK,

2. addition of robust features as described in Section 2 to
empirical normalization,

3. ML normalization using robust features in Experiment 2,
based on the FB, Viterbi and N-best approaches as de-
scribed in Section 3.3, and

4. robust features with 2-class (speech and non-speech) ML
normalization.

The results of the development set experiments are summa-
rized in Table 1 in which the first row is the baseline results as
suggested in [8]. Using the empirical normalization, significant
improvements are obtained as shown in row 2 for both the clean
and multicondition training. When using the robust features (fil-
tering the cepstral trajectory and using higher order cepstral co-
efficients) as shown in row 3, about a 9% relative improvement
is obtained for both conditions. For the ML normalization, we
tested three different approaches for estimating the state poste-
rior probability as discussed in Section 3.3. These included the
forward-backward sequence, Viterbi path and N-best sequence,
and their results are tabulated in rows 4 to 6. All are better than
the empirical normalization while the forward-backward is the
best for the multicondition training, and the N-best alignment
is the best for the clean training condition. Similar results are
obtained for two-class ML normalization as shown in rows 7
to 9. The two-class normalization is particularly useful for the
clean training under the N-best approach. We hypothesize that
because the non-speech models in clean training had very weak
energy, this was why the mis-match during the test was particu-
larly large. Furthermore, this large energy difference may have
caused large fluctuations in likelihood values between paths and
made the Viterbi path more dominating. In the multicondition
training, using the FB approach with a single set of normaliza-
tion factor is sufficient.

4.2. Evaluation using Aurora 3

To ensure that our results were comparable with other re-
searchers, we evaluated the results of Aurora 3 using the stan-
dard front-end for feature generation. Training again was based
on the scripts provided with the corpus. The results of Aurora 3
are tabulated in Table 2. The first column tabulates the aver-
age results across all conditions and languages. The relative
improvements, tabulated in the second column, were computed
according to [9]. The first row is the reference baseline in [9].
Unfortunately, we were unable to reproduce this baseline ex-
actly. Our reproduction of the baseline, shown in the second
row, gives a 4% relative degradation. The exact reason for this
difference is still under investigation. The reasons why such a
difference occurred could be because of the version of HTK,
machine precision or other experimental variations. The use
of empirical normalization with robust features gave an relative
improvement of 3% compared to [9] as shown in the third row.
Because the Aurora 3 training is not clean, it is more similar to
the multicondition training in Aurora 2 rather than to the clean



Table 1: Word Error Rate of Aurora 2 using traditional MFCC

Aurora 2 Word Error Rate

clean multi
No normalization 41.94% 12.97%
Empirical 17.59% 7.83%
Robust Features 15.81% 7.22%
ML (FB) 15.70% 7.01%
ML (Viterbi) 15.72% 7.05%
ML (N-best, N=10) 15.55% 7.16%
2 class ML (FB) 15.36% 7.09%
2 class ML (Viterbi) 15.56% 7.95%
2 class ML (N-best, N=10) 14.60% 7.60%

Table 2: Recognition performance on Aurora 3.

Aurora 3 Performance

Word Error Rate Rel Improvement
Ref. baseline 9.69% 0%
Our baseline 10.27% -3.88%
Empirical 8.99% 3.16%
ML (FB) 8.37% 10.42%

condition. So, we used the FB approach with one-class ML nor-
malization. The result, shown in the fourth row, shows a 10%
relative improvement over the reference baseline.

4.3. Effect on different SNR and matching conditions

In addition to the average improvement, it is interesting to see
how the robust features and the ML normalization performed
under different SNRs. Table 3, tabulated according to [8],
shows the Aurora 2 results under different SNRs when using
different robust techniques in the development set. The robust
techniques are particularly useful in low SNR conditions. Simi-
larly, in Table 4, the average recognition results of Aurora 3 and
their relative improvement under different conditions are tabu-
lated. Consistent with the observation in regard to Aurora 2,
the proposed approaches are particularly useful for large cor-
ruptions, i.e. for highly mis-matched conditions. The result
shows an improvement on average, but the results for the highly
mis-matched condition are significantly better. It is even more
significant if we consider the fact that our own replication of
the baseline was already 4% worse than the reference baseline.
In fact, when we used our own baseline as the reference, the
proposed algorithms gave an impressive improvement of 13%.

5. Conclusion

In this paper we presented a normalization technique using
maximum likelihood criterion in combination with a robust fea-
ture generation. The performance of this technique was evalu-
ated on the Aurora 2 and Aurora 3 noisy digit databases. The
ML normalization shows a performance improvement in both
databases. Furthermore, the proposed approaches are particu-
larly useful for highly corrupted speech such as in low SNR
or highly mis-matched conditions between training and testing.
More importantly, improvement can be ensured when applying
the proposed techniques either with standard MFCC frontend
or with a robust frontend built specifically for handling noisy
environments.

Table 3: Word Error Rate of Aurora 2 multicondition training
at different SNRs

Table 4: Summary of recognition performance on Aurora 3
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