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ABSTRACT

The environment adaptive methods play an important part in
improving the robustness of automatic speech recognition. In this
paper, PMC is reviewed and improved to achieve the better
performance. The experiments have been done based on the
Cambridge’s HTK toolkit to implement the continuous Mandarin
digit recognition in noisy environments

1. INTRODUCTION

Many researches have been done on robust speech recognition.
The researches are summarized as the environmental
compensation and the environmental adaptation.

The former concentrates on signal enhancement and noise level
reduction. There is CMN, RASTA, spectral subtraction, Wiener
filter and their extensions.

The latter transforms the clean speech models to adapt to noisy
environments, which can be classified as the model transference
and model transformation.

The representative approach of transference is PMC approach.
PMC combines the clean speech HMM models with estimated
noise model together and re-constructs the noisy speech models
artificially. The PMC originated from HMM composition
approach proposed by Varga & Moore (1990), was defined as
PMC by Gales & Young (1993). The DPMC proposed by Gales
& Young (1995), tied-state PMC by Komori & Kosaka (1997),
weighted PMC by Tai-Hwei Hwang & Hsiao-Chuan Wang
(2000), PCA-PMC by Ruhi Sarikaya (2000), VTS approximate
solution proposed by Acero (2000) reduce the computational cost
and advance PMC in some extent. The representative approach of
transformation is MLLR.

PMC can model the noise independently and produce the new
noisy speech models. This approach can get around additive
noise as well as convolutional noise. In PMC solution, the
estimation of convolutional noise model remains an open
problem, meantime it is hard to get a closed-form expression of
the dynamic noisy speech model parameters. In this paper, these
problems are overcome in some extent.

In our experiment, Cambridge’s HTK toolkit 3.0 was used as test
platform with suitable modification to implement the speaker-
dependent continuous Mandarin digit recognition. The training

data were collected in clean office environment while the test
data included the noisy speech collected in high background
noise environment and the clean speech contaminated artificially
by white Gaussian noise at different SNR levels.

The paper is organized as follow: In the Section 2, the PMC is
briefly reviewed, the method of estimation of convolutional
noise model is presented, and some modifications are introduced.
In Section 3, an overview of the experimental condition is given
and the experiment results are provided to show the performance
of the proposed schemes. In Section 4, the future work is
suggested. Finally the conclusion is drawn.

2. THE PMC

2.1 The review of PMC

The PMC (parallel model combination) provides an effective
adaptation method to obtain the models of noisy speech without
retraining database. First the combinations of mean and variance
vector are performed in cepstral domain for convolutional noise
and speech models, then the combinations are performed in
spectral domain for additive noise and speech models. The
whole procedure can be equated as following:

4 = DCT{log| g+ exp(pCT (257 + 257 )+ expliper (322 )} (1)

Where 4 is model parameter, it’s often described as HMM.
Subscript O, S, N and H are the parameter of combined data,
clean speech data, additive noise and convolutional noise,
respectively. The superscript cep means a parameter is in
cepstral domain. Similarly superscript log and lin are
parameters in log-spectral domain and spectral domain,
respectively. The DCT and IDCT are the discrete cosine
transformation and the inverse transformation. g is a gain
matching term introduced to account for level differences
between the clean and noisy speech.

With the approach above, the statistics models of additive and
convolutional noise are incorporated together to obtain the new
noisy speech models. The mappings of model parameters
between cepstral and spectral domain are termed as lognormal
approximation, log-add approximation or data-driven PMC.



2.2 Estimation of Convolutional Noise

The model of additive noise is easily collected during a period of
silence in ambient environments. It is unpractical and hard to get
the model of the convolutional noise in real situation.
Reverberant, microphone equipments and channel usually cause
convolutional noise. In this paper, a little amount of adaptation
data is required to get the statistical model parameter of
convolutional noise H .

The ML estimation is often used as the optimization criterion for
estimating the convolutional noise H . In our paper, the ML
estimation is performed using the EM algorithm with two steps.

In the first step, with the known noise model 4, , the integration
models A% that incorporate clean speech models with

convolutional noise can be derived in spectral domain with ML
estimation as following:

/?A,'S",‘, = argmax P(O"" Al ,A,fif‘) 2)

The probability density function of integration models A, is
assumed to be a mixture of Gaussian densities. In order to
estimate the integration models A%, , the auxiliary function is
defined as following:
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Where W, is number of adaptation sentence, n is the frame
index of current sentence, de® is the all possible state
sequences, K € 0, is the set of all possible mixture component

branch sequences. b;’,:'(O(t)) is the Gaussian PDF in mixture
component & of state jat time¢ given the observation O, and
7w is corresponding occupation probability defined as
following:
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Taking partifical derivative of Equ. (4) with respect to the mean

i and variance Xl parameter, setting the equations to zero,

we can get the solution of the integration models:

00U ) g 00U )
Opts 0Zgy

Given the models of clean speech A, , the second step is

s >
separating the model of convolutional noise from the integration
models A, . First, all parameters are mapped to cepstral domain.
Then the auxiliary functiz)n is defined: )
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Where O' is the feature vectors presented by the mean
parameter of integration model as following:
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With the similar EM algorithm, the model 437 is estimated.

Now we can combine the model of speech /1S ,noise

Ay and Ay together to get noisy speech models. With such

updated models, we repeat the estimation procedure above for
1~4 times to get more optimal models until the result converges.

With the limited adaptation data, only a global model of the
convolutional noise A, can be obtained. When data increases,

the individual models A can be generated corresponding to
different speech models.

2.3 Mapping scheme modification

The closed-form formulations of mapping the model parameters
between cepstral and spectral domain based on the lognormal
assumption cost high computation. It becomes more critical in
iterative processing. A modified log-add scheme is proposed to
solve this problem.

In conventional log-add scheme the spectral mean vector of
noisy speech models is approximated by:
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Similarly, the spectral mean vector of integration model is:
Hsiy = Hs" My ©
Since the variance is not processed, the variance vector of noisy

speech models is retained from the original speech models. The
log-add scheme is simple, however the performance is limited.

To solve this problem, the scalars ag, and a, are introduced to

balance the influence of variance vector between noise and
integration speech models:

o e (10)
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So the variance vector of noisy speech models can be directly
obtained from Equ. (10).
It is assumed that all covariance matrixes are diagonal. The
scalars ag, and e, is shown as following:
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Where &, = g,uls# g = % , D is the dimension of the vector.
0,d '0,d
There are some benefits to introduce the scalars: it contacts the
variance of noise and speech models together. When signal gain
is in high lever, the speech models exert predominant role, vice
versa. The variance vector is gotten around directly in cepstral
domain. Without huge computation cost, modified log-add
scheme improve the recognition accuracy.

2.4 The dynamic parameter

Even though some approximate approaches were used, the
lognormal approximation can’t handle the dynamic parameter
exactly. The closed-form formulation to describe the dynamic
parameter in log-add schemes can be written as following:
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The equations can be applied not only for simple form but also
the linear regression dynamical coefficients. In Equ. (12) and

(13) , the dynamic parameter of mean vector iy is ignored.

The scalars are also used in dynamical variance matrixes.

Additionally, the feature vectors are often truncated to the lower
orders cepstral parameters, so that the dimension of the cepstrum
vector is much smaller than the number of filter banks. This
means that it is not possible to perform the inverse DCT
transformation to go back to log-spectral domain. In order to get
around this problem, means and variances are often zero padded
to the required number to allow the inverse DCT to be achieved.
Alternative approach is presented in this paper, the DCT matrix
is forced be square by truncation preliminarily. The experiment
shows there is no any performance degradation.

3. EXPERIMENTS

In this paper, some experiences were carried out to evaluate the
proposed algorithms. HTK toolkit was used as test platform with
some modification to implement the speaker-dependent
continuous Mandarin digit recognition.

Continuous mandarin digit recognition is a well typical
example to show the performance of our study, it is more
difficult than English digit recognition. Considering such reason
and the application, the system was designed to recognize the
continuous mandarin digits.

3.1 Experimental condition

The original clean speech data were recorded using a
normal close-talking microphone in an office room. The average
SNR is about 25B. All speech data were sampled at 8kHz and
quantified in 16bit. 1000 sentences of random digit numbers
(containing 3~8 numbers per sentence) read in naturally
continuously speaking way were used as training data while
another 200 sentences as test data.

The pre-emphasized feature vector of speech data is described by
the MFCC including 39 vectors, (13 MFCC, the delta and
acceleration difference components obtained by linear regression
filtering) windowed in 25 ms Hamming in 10 ms step with 26
filter banks. Each phone model has 5 states with single mixture
Gaussian distribution.

The test speech data included the artificial corrupted speech by
adding the white noise to the clean speech at different SNR
levels, and the real noisy speech by recording the speech using
another desktop microphone in high background noise. The real
noisy data contained 500 sentences with SNR ranging from 4dB
to 15 dB. The average SNR was less than 10 dB. They were
divided into 13 groups independently.

3.2 PMC approach

At first, the PMC is performed in artificial additive noise test.
The result is summarized in Table.1. In matched condition, the
accuracy of baseline system is 85.96%, and the performances
tend to be significantly degraded in low SNR, especially be
20.66% in —5dB.

SNR Baseline PMC1 PMC2
(dB) (%) (%) (%)
-5 20.66 20.66 45.11
0 54.89 54.89 71.29
5 75.55 75.55 79.92
10 81.55 81.55 82.02
15 86.12 86.12 85.65
Clean 86.96 86.96

Table 1: The accuracy of recognition of Baseline system, PMC1
approaches, where PMC1 indicates the result of truncated DCT
matrix without combining noise mode, PMC2 combines the
speech and noise models

In real noisy environment, it is easy to collect the background
noise. The 2-step EM-estimation is used to get the model of the
convolutional noise. The energy parameter is used to adjust the
speech and noise spectral levels.

Figure 1. (a) and (b) show the accuracy of recognition with
respect to the iteration times and adaptation data. From Figure 1,
it is concluded that the 3 iterative times is enough and with only
10 adaptation data, the PMC can work well.

IS
5

X
>
o

Recognition rate(%)

— Total
— Average

— Total
— Average

2, . 3 4
iterative time 1 5 10 20 40

number of adaptation data
(a) b
Figure 1: The accuracy of recognition in PMC in real noise
environment, where the ‘Total’ indicates accuracy of whole 500
sentences, the ‘Average’ is the average accuracy of the 13

groups.

Table 2 shows the accuracy of baseline and kinds of PMC
approaches. The PMC3 uses the lognormal approximation; the
PMC4 uses the conventional log-add approach with unaltered
clean speech model variance vector; PMCS5 uses the log-add
approach with variance vector of the estimated integration

model Ay, , PMC6 uses the log-add with variance adaptation



approach shown in Equ (10). Only the 13-order static parameters
are used.

Scheme Total Average
Baseline (%) 19.41 19.25
PMC-3 (%) 45.72 45.98
PMC-4 (%) 29.09 28.80
PMC-5 (%) 42.54 42.73
PMC-6 (%) 42.18 42.39

Table 2: The accuracy of recognition in Baseline system and
kinds of PMC approaches for the first iterative time with 20
adaptation data.

At last, Table 3 shows the result using the log-add PMC
approach with the variance adaptation (PMCS5), when the
dynamic parameter is added.

Scheme Total Average
Baseline (%)- 4, 4 31.33 30.57
PMC-2 (%)- 4, A* 32.33 31.68
PMC-6 (%)- A, A* 43.42 43.91

Table 2: The accuracy of recognition in Baseline system,
the PMC only combine the additive noise (PMC-2), and
the PMC-6 approach with the dynamical parameter for
the first iterative time with 20 adaptation data (PMC-5).

4. DISCUSSION

The experiences show that the PMC approach is an effective
scheme in robust speech recognition. In real condition, the
estimation of convolutional noise model and the introduction of
dynamic can highly improve the performance.

The PMC can be improved and extended in a number of ways.
One is to find a more accurate method to estimate the
convolutional noise, the other is to incorporate dynamic
parameter throughout the whole procedure, while in this paper,
they are only be introduced at the combination step.

5. CONCLUSIONS

In this paper, the PMC approach is reviewed and further
extended to make the performance better. It provides some useful
information to improve the robustness of speech recognition.
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