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ABSTRACT

In this paper, a data-driven approach that compensates the
HMM parameters for the noisy speech recognition is
proposed. The various statistical information necessary for 
the HMM parameter compensation is estimated during the
HMM training procedure by using the expectation-
maximization algorithm. Instead of assuming some
statistical approximations for the model combination in
the conventional methods such as the PMC, the estimated
statistical information is directly combined with the clean
speech HMM parameters to produce the compensated
parameters. The proposed method has shown improved
results compared with the PMC in the isolated Korean
word noisy speech recognition experiments.

1. INTRODUCTION 

Model parameter compensation approaches have shown 
quite successful results in the noisy speech recognition 
based on hidden Markov models (HMMs) [1][2]. Among
them, the parallel model combination (PMC) has been
effective compared with the other adaptation methods. Its
computational burden is relatively small and it does not
require any additional adaptation data except the noise
samples in the testing speech. However, the PMC assumes
some statistical approximations for the convenience of 
analysis, which may introduce some errors in the model
parameter adaptation process [3].

In our proposed method, the statistical
information which is needed for the adaptation is obtained
during the training procedure and, later used to
compensate the HMM parameters in the noisy speech 
recognition. Since the statistics are obtained during the
training, the computational burden in the recognition is
relatively small. Also, as the proposed method does not
assume the statistical approximations as in the

conventional PMC, it has the advantage that it can take
into account more directly the acoustical variations due to
the noise.

2. STATISTICS FOR THE COMPENSATION 

We assume that the noise-corrupted speech in the cepstral 
domain is characterized by the following nonlinear
equation,
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where x represents the linear spectral vector of the clean 
speech and n is the linear spectral vector of the additive
noise signal. And i represents a unit vector while C is the
matrix representing the discrete cosine transformation
(DCT) [5]. In an HMM-based speech recognition, the 
HMM parameter is usually re-estimated by the Baum-
Welch algorithm. For example, in the continuous density
HMM, the re-estimation formula for the mean vector µ
of the cepstrum features is as follows. 
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Here,  is the probability of being in state  at time),( kjt j

t  with the th mixture component accounting for the 
cepstrum feature vector C .
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In the proposed method, instead of the real clean
speech C , an assumed noise-corrupted speech y  is 

applied to the algorithm to find the adapted mean vector 
for the noisy speech.
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In the above equation, we need to know the value of the
noise n  to estimate µ . However, since the value of the

noise n in the testing speech is not known a priori, we use
the following approximation for the terms involving n by
using the vector Taylor series to the 2

n
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nd order. 
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Here, n~ is the value of the noise assumed during the
training. After estimating the above expectation values
involving n~ , we can obtain µ  by using the noise  in

the testing speech and the vector Taylor series 
approximation. The above expectations can be reliably
estimated during the training by using a large amount of 
clean speech.

n
jk

n

By using (3) and (4), we can obtain the adapted mean
vector µ without the need of statistical approximations

such as the log-normal approximation in the conventional
PMC which has been known to introduce some
distribution errors [3].
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We note that the differences between n  and n~
should not give large approximation errors in the vector
Taylor series expansion used in (4). In Fig.1, we show the
relative errors in percentage of the vector Taylor series
approximation with respect to the exact values as the 
signal-to-noise ratio (SNR) changes. The figure shows
that the relative differences between n and n~
( nnn /~RD

t

) affect the approximation errors. Here,

the value of x is arbitrarily chosen with respect to n  so 

that the specified SNR is attained.
We can see that it is possible to obtain small

approximation errors for a wide range of RD values. If the
value of RD is not greater than 0.8, the percentage error 
falls below 15(%) even when the SNR is 0 dB. Also, if
RD is less than 0.4, the error becomes less than 5 (%). 

When the SNR is above 5dB, the error is well below 5(%)
for a wider range of RD values. Also, to reduce the
approximation errors as small as possible, we obtained the
expectations for several values of n~ and the statistics 
corresponding to the n~ which is nearest in distance to n
are used for the model compensation.
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 Figure 1 : Relative errors (%) in the vector Taylor series approximation
with respect to the original exact values. 

The covariance matrix for the noisy speech y
can be similarly obtained as the mean vector by using the
vector Taylor series approximations.
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The proposed method can be also applied to the
delta-MFCC (mel-frequency cepstral coefficient) 
parameters as well. This is another advantage over the
PMC where the dynamic parameters cannot be 
compensated directly if the linear regression coefficients 
are used for the delta features. Using the linear regression,
the delta-MFCC vector is computed as follows. c
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where is a normalization constant.

Since the delta-MFCC vector is a linear combination of
the static cepstrum vectors y , we can easily compensate

the delta-MFCC mean vector  by using the additional
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In the above equation, the expression
should be approximated

by the vector Taylor series as in (4). 
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Figure 2: The flowchart of the proposed algorithm

For the PMC method, the delta-MFCC mean vector
is indirectly obtained using the continuous-time
approximation [3].

In Fig. 2, we show the flowchart of the proposed
algorithm. The procedure is divided into the training and 
testing session. In the training, we estimate the statistical
information (expectations in the above equations) which
is used for updating the HMM parameters. As we do not
know the background noise n in advance, several noise
values are assumed and expectations corresponding to
each of them are estimated and stored for later use in the 
testing session.  In the testing, the background noise n  in
the input speech is estimated from the samples in the 
silence periods. We choose n~ from the assumed noise
values which is nearest in distance to the n . Then, the 
expectations corresponding to n~ are employed in the 
vector Taylor series approximation in (4) to adapt the
HMM parameters. We always check the Taylor series 
approximation errors resulting from the differences 
between  and nn ~ . If the error is less than the pre-selected
threshold, the updates are done as mentioned above. If it
is above, the vector Taylor series approximation in (4)
may not be valid any more. In this case, we estimate the 
expectation of the linear spectral vector x  and substitute

it for x in the expression representing µ .
t
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(delta- MFCCs) using the regression coefficients are used
as the feature vectors.

µ           (7) 
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Table 1: Comparison in the word recognition rates(%) of the proposed
method with the log-normal PMC.

The above approximation when used in (3) resembles the
log-add PMC in that it combines the clean speech and 
noise statistic in the linear spectral domain.

 0dB 10 dB 20dB

Baseline 55.7 89.9 94.6

Matched conditions 89.1 95.6 97.5

Static mean 86.9(81.5) 93.7(90.2) 96.8(93.5)

+delta mean 86.7 94.1 96.8
Log-

normal
PMC

+covariance 84.3 94.1 96.9

Static mean 87.5(82.4) 93.8(90.2) 96.9(93.4)

+delta mean 89.7 96.0 97.6Proposed
Method

+covariance 89.9 95.9 97.5

In Table 1, we show the recognition rates of the
proposed method when the number of mixture
components in each state of the HMM is 6. The 
recognition performance of the baseline recognizer with
no compensation dropped severely at 10 dB or below. We
also show the recognition results when the baseline
recognizer was re-trained in the same SNRs as the testing
speech (matched conditions). The recognition results were 
improved considerably compared with the baseline
HMMs because the acoustic variation due to the noise can
be fully reflected in the HMM parameters through the
training process.

3. EXPERIMENTAL RESULTS 

In this section, the performance of the proposed 
method of adapting the HMM parameters is evaluated on
speaker-independent isolated word noisy speech 
recognition. The vocabulary consists of 75 phoneme-
balanced Korean words. And, the basic recognition unit is
the set of 32 phoneme-like units that are modeled by the
left-to-right continuous density HMM. Utterances from 80
speakers are used in these experiments. The baseline
HMM is trained using 4,500 utterances from 60 speakers.
For the testing, the noise-corrupted 1500 utterances from
the other 20 speakers are used. For the reliable testing 
results, a recognition experiment is repeated by 4 times
re-grouping the training and testing speakers each. This 
may bring about the effect of increasing the number of
testing speakers to 80(4*20).

The noisy speech was obtained by adding a car noise
to the clean speech at various signal-to-noise ratios
(SNRs). 13-th order MFCCs and their time derivatives



We compared the results of the proposed method with the 
log-normal PMC method because the two approaches 
have common in that the adaptation is done solely by the 
modification of the model parameters without changing or 
generating the feature vectors. Also, they have relatively 
small computational burden compared with other 
parameter compensation methods. For a detailed 
investigation of the algorithm, the HMM parameters were 
compensated in sequences. First, only the static mean 
vector of the MFCC is compensated and then the mean 
vector of the delta-MFCC was adapted as well. And, 
finally the covariance matrix of the MFCC was added in 
the compensation process. The results are shown in 
separate rows of the table. When only the static mean 
vector is adapted, we can see that the proposed method 
outperformed the PMC at 0 dB. To see the performance 
improvement more clearly, we also show in the 
parenthesis the recognition rates for the case when only 
the static MFCCs are used in the log-likelihood 
calculation in order to ignore the effect of the 
uncompensated delta-MFCC parameters. In this case, the 
difference is more significant at 0 dB. However, at the 
higher SNRs, no significant improvement was observed. 

The results indicate that the proposed method is more 
effective at low SNRs. 

Compensating the delta-MFCC mean vectors in the 
log-normal PMC didn’t lead to any significant 
performance improvement. This may be due to the 
inaccuracies in the continuous-time approximation for 
updating the delta-MFCC mean vectors. However, in the 
proposed algorithm, we can obtain far better recognition 
results when we update the delta-MFCC mean vectors in 
addition to the static mean vectors, because the proposed 
method adapts the delta-MFCC mean vectors more 
precisely using the statistics obtained during the training.  

Compensating the diagonal covariance matrix in 
addition to the mean vectors did not lead to significant 
improvement in the proposed method as well as in the 
PMC method. The reduced values of the estimated 
covariances may be the reason for the weak robustness 
against noise and speaker variability. Also, as the 
recognition rates with the mean vector adaptation are 
already comparable to those of the matched conditions, 
there will not be so much room for improvement with the 
covariance compensation. However, we can see that the 
proposed method shows far better robustness in the 
covariance compensation than the log-normal PMC. The 
superior robustness may come from the fact the proposed 
method utilizes the various statistics involving the noise 
rather than, as in the PMC method, entirely depending on 
the noise covariance which usually can’t be reliably 
estimated with insufficient noise samples in the testing 
speech.

4. CONCLUSIONS 

In this paper, we proposed a data-driven adaptation 
method for the HMM parameter compensation in the 
noisy speech recognition. As the method utilizes the 
various statistics obtained during the training, it can avoid 
the inaccurate statistical approximations as in the 
conventional PMC. As a whole, the proposed method 
showed improved recognition results compared with the 
PMC. Especially, the improvement was significant at low 
SNRs when the delta-MFCC mean vectors and the 
covariance matrices were compensated as well. 
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