DISCRIMINATIVE FEATURE EXTRACTION FOR SPEECH RECOGNITION IN NOISE
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ABSTRACT

Signal representationis crucial for designingaspeechrecognizer.
The feature extractor selects the information to be used by the
classifier to perform the recognition.

In noisy environments, the data vectors representing the
speech signal are changed and the recognizer performanceis de-
graded by two mainfacts: (1) the mismatch betweenthetraining
and the recognition conditions and (2) the degradation of the sig-
nal to be recognized. In such a situation, the representation of
the speech signal plays an important role.

In this paper, we analyze the importance of the representa-
tion for speechrecognitionin noise. We apply the Discriminative
Feature Extraction (DFE) method to optimize the representa-
tion. The experiments presented in this work show that the DFE
method, which has been successfully applied in clean environ-
ments, leads also to improvements of the speech recognizersin
noise.

1. INTRODUCTION

Noise that contaminates the speech signal changesthe data vec-
tors representing the speech. In noisy environments, the perfor-
mance of speech recognizersis degraded by two main facts:

¢ Thedistribution of vectors representing the speech signal
is affected by the noise type and level. So, if the sig-
nal in the operating environment is contaminated with a
certain noise, it is optimal to train the system with aref-
erence signal contaminated with the same type of noise
and SNR. Otherwise, the mismatch between the reference
and the operating environments degrades the recognizer
performance.

¢ The contamination of the signal leadsto a random modi-
fication of the feature vectors. Therefore, evenin the case
of training the systemin the same conditionsasthe operat-
ing environment, a reduction of the recognition accuracy
is observed.

The representation of the speech signal plays an important
role in the noisy speech recognition. In order to improve the
performance of speech recognizersin noise, recent studies have
been carried out on the representation[1]. Somemethodsareori-
ented to the search of noise resistant features and robust distance
measures. In these schemes, a robust feature vector is utilized
for the representation of the speech signal, so that the effect of
the noise is minimum.

Some works present comparative studies about the robust-
ness of different parameters or distance measures against differ-
ent types of noise. For example, for a cepstral representation,
the projection measure is more robust than Euclidean distance
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because the angle between vectors is less affected by noise than
their norms [2].

A different way for increasing the robustness of a cer-
tain representation consistsin the application of transformations
which enhancesthe most robust componentsof thefeature vector.
For example, for a cepstral representation, an adequate liftering
window can increase the robustness of the recognizers. The
bandpassliftering window proposed by Juang et a. [3] isshown
to provide a good performance under different noise conditions.

The discriminative training have been applied for comput-
ing robust transformations of a set of parameters. The Linear
Discriminant Analysis (L DA) [4] improves clean recognition and
some comparative tests show that LDA leads also to more noise
robust representations [5].

Morerecently, the Discriminative Feature Extraction (DFE)
method has been proposed for improving the representation of
the speech signal [6] [7]. The feature extractor is a transforma-
tion applied to the original feature vectors and the parameters of
the transformation are discriminatively trained in order to min-
imize the error-rate. In the new representation space, the most
discriminative components are enhanced and this increases the
discrimination capability of the recognizer.

In this work, we compare the behavior of speech recogniz-
ers in noise for several representations and we apply the DFE
method for improving the representation. The importance of
the representation for speech recognizersin noise is discussed.
The experiments show that the DFE method, which has been
successfully applied in clean environments, also improves the
representation for speech recognition in noise.

2. DISCRIMINATIVE FEATURE EXTRACTION

The DFE representation is obtained by applying a linear trans-
formation to the original feature space, x = Vx, (where x are
the original feature vectors and x the transformed ones). The el-
ements of the transformation v, , areiteratively computed with
the Minimum Classification Error criterion [8] by a gradient de-
scent algorithm in order to minimize a cost function Z which
represents the classification error. At iteration &, v, , iS com-
puted by gradient descent of the cost function,
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where 5 is the convergence coefficient. Let { X1, ..., Xar} be
the set of training sequencesand {1, ..., Ar} the set of classes;
the cost function can be defined as,
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1

o (Xon) = s

(2b)



1 1 Bg;
dm(Xm) = —Gk(m) =+ Elog m ;ézk(: )6 93 (2C)
37 m

where ¢; = g:(Xm, i) are the discriminant functions (the
recognized class is the one whose discriminant function is the
largest one) and Ax(,, is the correct class for the considered
segquence X .. Thisway, I,, — 0 for aclearly correct classifica-
tion and !, — 1 for anincorrect classification (I,, is a smooth
and derivable classification error function for sequence X,,).

In order to compute 3 L /Jv, p it is necessary to know the
discriminant functions, which are given by the definition of the
classifier. According to the results discussed in [7], the transfor-
mation and the classifier are independently trained. Therefore,
for the estimation of thetransformation avery simple classifieris
utilized, and all the training processesfor the definitive classifier
are performed in the new optimized representation space.

The classifier proposed for the estimation of the transfor-
mation, models the production of the feature vectors that belong
to each class A; by one spherical Gaussian probability density
function,
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where d is the dimensionality of the representation space, and
E;[] means average over all the vectors that belong to the class
Ai. According to this model, for a given sequence X,, =
X1, ..., %7, the discriminant functions are constructed as,

T
1 -
gi(Xm|Ni) =log P(Xm|Xi) = 75 ) log P(ki[X)  (4)
t=1

From the definition of the cost function, and taking into
account that x = Vx, it is possible to compute 6L /dvy, 5,
and this allows the iterative estimation of the transformation by
using equation (1). The DFE transformation enhancesthe most
discriminative features, and this improves the representation of
the speech signal.

3. EXPERIMENTS

3.1. Recognition task

A speaker independent I solated Word Recognition task has been
developed for testing the different representations under several
noise conditions. The vocabulary is composed of 16 words (10
Spanish digits and 6 keywords) and the data base is composed
of 3 utterances of every word recorded from 40 speakers (20
male and 20 female). In order to study the effect of noise, the
original speech signal is contaminated with additive Gaussian
white noise. Recognition experiments are performed for several
SNRsranging from 35dB to 0 dB.

3.2. Representation of the speech signal

The speech signal hasbeen sampled (samplefrequency f-=8kHz)
and segmented into frames of 32ms, overlapped 16ms. We have
computed 20 cepstral coefficients (from 10 LPC coefficients),
20 delta cepstral ones, the energy and the delta energy for every
frame of speech.

The feature vectors have been obtained from these coeffi-
cients by applying several liftering windows to the cepstral and
delta cepstral vectors, or by applying atransformation computed

with the DFE method. We have applied rectangular, triangular
[2], statistically weighted [9] and raised-sine [3] liftering win-
dows (these representations are labelled Rect, Tri, SWand R-sin,
respectively). Two representations have been obtained by DFE,
from two different initializations. The first one is initialized
using a Rect liftering window and the second one, using a SW
liftering window. These DFE representationsare labeled DFE-A
and DFE-B respectively.

3.3. Recognition systems

Two variants of HMM-based recognition systemshave been used:
Discrete Hidden Markov Models(DHMM) [10] and MultipleVQ
Hidden Markov Models(MVQHMM) [11]. TheDHMM system
has been implemented using a 512 centroids codebook. For the
MVQHMM system, a 32 centroids codebook is used for every
class.

3.4. Recognition results

Some experiments have been developed for comparing the pro-
posed representations. The differencesamong these experiments
are related to the way the training data set was prepared.

3.4.1. Experiment 1

In the Experiment 1 the recognition systems are trained using
clean speech. Figure 1 shows the recognition-rate versus the
operating SNR for both DHMM and MVQHMM, for the repre-
sentations Rect, Tri, SW and R-sin.
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Figure 1: Recognitionresultsfor the systemstrained using clean speech

For both recognition systems a similar behavior can be
observed. The Rect representation provides a good result for



high SNR but the degradation is very fast. The Tri oneis more
robust but the performance for clean speechis poor. The SWand
R-sin representations provide a good result for clean conditions,
without the degradation observed for Rect.

In Table 1 the recognition results for the DFE representa-
tions areincluded in comparison to the other representations. In
this experiment, since the DFE transformations are trained using
clean speech, the improvements obtained with these transforma-
tions areless important as the SNR is smaller.

Table 1: Recognition rate (%) for systems trained using clean speech

[ SNR [ Rect Tri SW Rsin DFE-A DFEB |
DHMM
Clean | 9515 8958 9359 9578 9734 9661
35dB | 9552 8953 9396 9573 9755 96.77
30dB | 9385 8948 9391 9422 96.77 96.56
25dB | 87.14 8792 9245 9396 9474  94.79
20dB | 66.35 8261 86.82 8860 90.31 90.16
15dB | 36.77 7224 6974 7594 7412 73.70
10dB | 1740 5193 3359 51.88 4193 4214
5dB | 859 3036 1297 1891 15.10 16.25
0dB | 677 1240 729 724 9.74 10.52

MVOHMM
Clean | 9646 9198 9562 9719 9875  98.65
35dB | 9630 9156 9573 9719 9854 9854
30dB | 9411 9125 9448 97.08 9823 9813
25dB | 8750 8880 9339 9510 9682  97.66
20dB | 6573 8349 8880 9073 9281  94.06
15dB | 3901 7365 7474 7870 7911 8151
10dB | 1880 5344 4151 5729 4937 4860
5dB | 912 2729 1614 2745 2067  20.10
0dB | 661 995 917 885 1021 1094

Theimprovement observed for the DFE representationsfor
clean or not very degraded speech is due to the discriminative
training of the feature extractor. But the discriminative training
can degrade the performance when there is a mismatch between
the training and test conditions. For this reason, the degradation
is faster for the DFE representations when the speech signal is
severely corrupted.

3.4.2. Experiment 2

In order to reduce the differences between the training and test
conditions, inthe Experiment 2 we havetrained the systemsusing
a corrupted speech signal with SNR=25dB. This way, there is
a slight degradation of the performance for clean speech, but
under noisy environments, the degradation is smaller than the
one observed when the systems are trained with clean speech.
Figure 2 showsthe recognition results versus the operating SNR
for R-sin (the best one of theliftering windows) and for the DFE
representations.

In this experiment, the DFE transformations were also es-
timated using the database corrupted at a SNR=25dB, and this
increases the robustness of the representation in comparison to
the R-sin representation. As can be observed, the accuracy of
both recognizersis increased by the application of the DFE rep-
resentationsfor SNRs greater than 10dB.

3.4.3. Experiment3

In order to obtain more robustness against the different noise
conditions, in the Experiment 3 the systemsare trained using the
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Figure 2: Recognition results for the systems trained using corrupted
speech (SNR=25dB)

training database corrupted with different levels of noise. 8 data-
bases were generated from the original one, by adding additive
Gaussian white noise at different SNRs ranging from 35dB to
0dB. The system (and the DFE transformations) were trained in
this experiment using a database composed of all these corrupted
databases and the original one. This increases significantly the
training computational load, but not the recognition process. The
effect of such atraining is the adaptation of the system (and the
DFE representations) for a wide range of noise levels. Figure
3 shows the recognition-rate when the systems are trained using
this strategy.

An important increment of the accuracy can be observed
with respect to the experiments 1 and 2, because this scheme of
training reducesthe mismatch between the reference and operat-
ing environments. The DFE method optimizesthe representation
for al the noise levels and the performance of the recognizersis
improved with respect to the R-sin representation.

3.4.4. Discussion of the results

The results presented in the Experiment 1 show the importance
of the representation in noisy speech recognition. The repre-
sentations utilized in this experiment only differs in the weights
applied to the original coefficients. Therefore, a representation
is more robust than other because it enhances the most robust
coefficientsand reducesthe contribution to the distance measure
of the least robust ones. For the rectangular liftering window,
the contribution to the distance measureis mainly dueto the low
order cepstral and delta cepstral coefficients, which are severely
affected by the noise. This causesthe fast degradation observed
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Figure 3: Recognitionresultsfor the systemstrained using the database
corrupted with several noiselevels

for this representation. The triangular liftering window reduces
the contribution of thelow order cepstral and delta cepstral coef-
ficients. But these coefficientsare also useful for the recognition.
For this reason, even though this representation is more robust
than others, the performanceis poor in relatively clean operating
environments. The Statistically Weighted representation is usu-
ally a good starting point, because it equalizes the contribution
of the different components in the feature vector, and for the
cepstrum-LPC, the raised-sine liftering window provides good
results as shown in several studies and observed in this experi-
ment.

The main effect of the DFE transformation over the low
order cepstral and deltacepstral coefficientsisareduction of their
contribution to the distance measure (like the Tri, SW and R-sin
liftering windows). However, thereis also a small adjustment of
theweightsin order to optimizetherepresentationfor thetraining
conditions. This makes the DFE representations improve the
other ones in an operating environments close to the training
conditions, but be non optimal when the operating and training
environments are very different.

The DFE representationsimprove the recognition accuracy
for al the proposed experimentswith respect to the other liftering
windows when the mismatch between training and recognition
is not excessive.

4. CONCLUSIONS

The experimental results show the importance of the speechrep-
resentation for speech recognition in noise. The DFE method,
which improves the representation in clean conditions, improves

also therepresentation in noisy environments. Theimprovements
with respect to the best non-discriminative representation (R-sin)
could be considered not very important in comparison with the
noise degradation. However, the DFE method provides an im-
provement without an increment of the computational complexity
of the recognizer, and has improved the best non-discriminative
representation without a-priori information and from different
initializations.
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