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ABSTRACT

In this paper, a new approach named environmental

discrimination learning (EDL) is proposed to remove the effects

of the environment noises including the additive noise and the

channel distortions. This method optimizes the environment

parameters by the minimum classification error (MCE) criterion

which trains the parameters of a given class dependently on the

whole classes. The EDL approach utilizes more about the

information between different classes to optimize the

environment parameters, therefore, it can minimize the error rate.

And a generalized probabilistic descent (GPD) algorithm is

adopted for discriminative training the environment parameters.

A speaker independent isolated word recognition system based

on whole word-HMM model is used to evaluate the proposed

approach. Experimental results show that the proposed method

achieves significant improvement of recognition performance.

1. INTRODUCTION

As speech recognition systems become more practicable ,

problem about noise-robustness is one of the most important

issues in speech recognition. The noises usually include additive

noise, channel distortions, and other interference caused by the

acoustical environment. Although various methods have been

proposed for robust speech recognition, such as CDCN[1], RATZ

and blind RATZ [2], they all assume that the statistics of noisy

speech obey the Gaussian distribution. However, in some cases,

the effects of environment destroy this assumption.

In this paper, we assume that the statistics of clean speech obey

multivariate mixture Gaussian distribution, which accords with

the fact. Then the environmental parameters are embedded in

the classifier designed on the clean speech. Once getting these,

we can train the environmental parameters according to the

minimum classification error (MCE)[3] criterion and the

generalized probabilistic descent (GPD) algorithm[4]. Here a

model proposed by Acero [5] is adopted to simulate the effects of

environment. In this environmental model, degraded speech can

be characterized by the clean speech contaminated by additive

stationary noise and linear filtering. We then extend the vector

Taylor series (VTS) approach [6] to the cepstral domain to

simplify the environmental model. At last, the proposed

approach is evaluated in the speaker independent isolated word

recognition system. Experimental results show its improvement

of recognition performance.

The paper is organized as follows. In section 2, the environment

model and formula derivation are provided. We then present

environmental discrimination learning approach and its

implementation for discriminatively training the environmental

parameters in section 3. The experimental results along with

discussions and analyzes are reported in section 4. Then

conclusions are given in the last section.

2. AN ENVIRONMENT MODEL

In this section we model the effects of the environment by a

series of formulas. For analytical purposes, here the simple

model of degradation proposed by Acero is adopted. In this

model, degraded speech is characterized by passing clean speech

through a linear channel and contaminating the filtered output

by additive stationary noise.

In the power spectral domain, the degraded speech can be

expressed as,

        )w(N)w(H)w(X)w(Y +×=     (1)
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Where )(wY  represents the power spectrum of the noisy speech,

)(wX  is the power spectrum of the clean speech, )(wH  is the

transfer function of the linear channel, and )(wN  is the power

spectrum of the additive noise. In the log-spectral domain this

relation can be expressed as,

]))[][exp(1log(][][][ kyknkhkykx −−+−=  (2)

Where ][],[],[],[ knkhkxky  represent the log-spectral of

noisy speech, clean speech, transfer function of channel and the

additive noise, respectively. On account of the final feature is in

cepstral domain, the above formula can be expressed as,

)))}Yn(Cexp(I{log(ChYX 1 −−+−= −   (3)

Where n,h,Y,X  are the cepstral feature vectors of clean

speech, noisy speech, transfer function and the additive noise.

C  and  1C−  are the discrete cosine transform (DCT) matrix

and its inverse matrix.

For simplification, equation (3) can be rewritten as,

       )h,n,Y(fYX +=                  (4)

Where the )(f •  is an environment function. Noise is assumed

to be a Gaussian distribution.  nµ and nΣ  represent the mean

vector and covariance matrix of the noise. On the ground that

the above formula is non-linear, we extend the VTS approach to

the cepstral domain to simplify the formula. Then we can get the

following formula,
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Using nΣρ  replaces 2
n )n( µ− , then we can get,
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Transformed as above, equation (6) becomes tractable and

computable. In this equation, we define the environment

parameters as,

            { } h,,, nn ρΣµ=θ                (7)

Owning to the classifier based on the clean speech, the

environment parameters can be introduced in it. Once we embed

the environment parameters in the classifier, we can use the

MCE/GPD algorithm to train these parameters. After obtaining

the optimized environmental parameters, we can map from the

feature of noisy speech space to the feature of clean speech

space. Using the clean feature vector in the back-end HMM

recognizer, we can receive a reduction of the error rate

meanwhile we achieve the aim to remove the effects of noises.

The method to get the optimized environmental parameters

describes in the next section.

3. ENVIRONMENTAL DISCRIMINATION
LEARNING METHOD

The environmental discrimination learning (EDL) method uses

the MCE/GPD approach to optimize the environmental

parameters based on the above model in cepstral domain. Since

the classifier is based on the clean speech, environmental

parameters are produced in the classifier. We can define the cost

function embedded the environmental parameters on the MCE

criterion, and optimize these by GPD algorithm.

The cost function can got by three steps. The first step is to

choose an appropriate discriminant function. Assuming that the

segments of clean speech obey Gaussian distribution, the

discriminant function can be defined as,
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Where a,mX represents the a-th segment of m-th clean speech.

iλ  is i-th class of clean speech. A  is the whole number

segments of m-th clean speech 
mX . This discriminant function

will be used to implement a decision rule as,

imX λ∈   if ),X(gmax),X(g mjjmi Φ=Φ    (9)

Based on the definition of discrimination function, the

misclassification measure is then introduced to embed the

decision process in a function form in the second step.
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Where λ ψ is the most confusable class. From the above

equation, we can see that misclassification measure is positive

when mX is classified incorrectly. It means that the

environment parameters need to be modified. In this case, the

misclassification measure should contribute to optimizing the

environment parameters. By the reason of this, the cost function

is expressed as a function of the misclassification measure in the

third step.

On account of the use of GPD algorithm afterwards, the above

equation is smoothed by the sigmoid function. According to

minimum classification error criterion, the following cost

function is defined,
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Where α  and ξ  are two adjustable parameters. Coupled with

the misclassification measure, the cost function essentially

enumerates the error probability for the i-th class samples.

For all classes, a mean cost function can be derived as,
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Where )(1 λ is a indicator function depending on the value of

λ .

Once we get the mean cost function, using the GPD algorithm

we can get the optimized environment parameters,

)(L)u( 1u1uu −− Φ∇η−Φ=Φ            (13)

Where )u2T/(1)u( c +=η , which controls the magnitude of

the correction term. Tc  is an experiential value. We can see that

)u(η  varies form the iterative number u . Thus, with the

iterative process, the environment parameters are optimized

gradually.

After obtaining the optimized environment parameters, we can

transfer the noisy speech feature vector into the clean speech

feature vector according to equation (6). Then the clean speech

vector is sent to the back-end HMM recognizer.

4. EXPERIMENTAL RESULTS

To evaluate the performance of the proposed method, we

conduct a series of experiments. In all experiments, whole word

based HMMs are used. Each HMM is a left-to-right HMM with

Gaussian mixture state observation densities. The covariance

matrix in each HMM is a diagonal matrix. The noisy speech

feature vector and the clean speech feature vector used in the

experiments consist of 39 elements, with 12 cepstrum

coefficients, 12 delta-cepstrum coefficients, 12 delta-delta

cepstrum coefficients, log energy and delta log energy and delta-

delta log energy. The vocabulary involved in the experiments

consists of 208 isolated words (whole vocabulary). Since only

the most confusable words can contribute to the modification of

environment parameters, we select 18 confusable words (small

vocabulary) from the whole vocabulary to train the

environmental parameters.

Our first experiment aims to get the performance of the

MCE/GPD algorithm with the iterative processing. In this

experiment, the environment parameters are trained on small

vocabulary and the final recognition results are got on the whole

vocabulary. First the recognition rate is 74% on the testing set

(85% on the training set). With the increasing of the iterative

number, the error recognition rate is reducing. After 10 iterations

of training, the recognition rate achieves 92.6% on the testing

set (96.8% on the training set). The system is about convergent.

These results are shown in Fig. 1, which illustrates the

performance improvement during the training process. On

account of its stabilization after 10 iterations, the follow

experiment is based on 10 iterations.

The second experiment is to contrast the error recognition rate

reduction of EDL method with the bench mark on the whole

vocabulary. As shown in table 1, the error recognition rate are

3.0%, 6.5%, 7.4% for 30db, 20db and 10db of SNR for EDL

approach. Comparing to the bench mark, the error rate reduction

are 58.9%, 37.5%, 33.9%, respectively. The error recognition

rate reduces meanly about 43.4%. All these mean that the

proposed approach is effective.



SNR Bench
mark

EDL approach Error rate
reduction

30db 7.3% 3.0% 58.9%
20db 10.4% 6.5% 37.5%
10db 11.2% 7.4% 33.9%

Table 1: word error rate of EDL with different SNRs

5. CONCLUSIONS

In this paper, a newly proposed method named environmental

discrimination learning is used to remove the joint effects of the

environment noises including the additive noise and the channel

distortions. A model in cepstral domain is constructed and the

environment paramters are embedded in this model. Based on

the model, the environment parameters are optimized by

MCE/GPD algorithm iteritively. Once obtaining the

environment parameters, we map from the feature of noisy

speech space to the feature of clean speech space. Then the

clean speech features are sent to the back-end HMM recognizer.

The experimental results show that environmental

discrimination learning approach significantly reduced the error

rate.
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