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Abstract: A discriminative feature extraction based on Principal component analysis (PCA) and Gaussian mixture
models is presented to increase the discrimative capability of modified two dimentional root cepstrum analysis
(MTDRC). The exprimental results show that F-ratio tests indicate better separability of phonemes by using dis-

criminative feature extraction than MTDRC.
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1 Introduction

Feature extraction has a great influence on the effi-
cieny of a speech recognition system. In order to im-
prove the performance of speech recognition, it is de-
sired that dissimilar acoustic vectors would be clearly
separable from each other in the feature space and cor-
responding similar acoustic vectors would be close
to each other. Thus, an approach to feature extrac-
tion include discriminative based feature extraction,
whose objective is to make the represention of differ-
ent classes as different from one another as possible
in the new resulting feature space. The novel con-
tribution described in this paper reports on the result
of using a discriminative feature extraction based on
PCA Gaussian mixture models to increases the dis-
crimative capability of modified two dimention root
cepstrum analysis [8] [7] [9].

2 Discriminative feature extraction

The Discriminative feature extraction representation
can be achieved by applying a linear transform matrix
such as A to original feature space as

y=Ax (D

where z are the original feature vector and y is the
transformed ones. In the new representation space,
the most discriminative components are enhanced and
normally this increases the discrimination capability
of recognizer. The transform matrix is desired to sat-
isfy the following characteristics:

1. Remove the redundant information and reduce
dimensionality of the feature vectors.

2. De-correlated the features to lead a digitalized
covariance matrix during the modeling the fea-
ture coefficients.

3. Minimize the classification error.

The discriminative feature extraction has been pro-
posed for improving the representation of the speech
signal [2] [5] [3] [6]. The element of the transforma-
tion a;j, are iteratively computed with the Minimum
Classification Error criterion by a gradient descent al-
gorithm in order to minimize a cost function L which
represents the classification error. At iteration I, a;;
can be calculated by gradient descent of cost function
[4]:

! -1 oL

? ?
J J da;;

2

where the 7 represent the convergence coefficient.
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3 Gaussian mixture model

A Gaussian mixture model (GMM) is a weighted sum
of several multivariate Gaussian densities and is given
by:

MQ
p(z) =>_ p(z|j)P; A3)
j=1

where p(z|j) is a Gaussian family densities and given
by:
p(z]j) = G(z|u;, Cj) ©)

with

G(z|p, C) = (27T—D/2)|C|—1/26[—1/2(2?—#)TC*1(w—u)]

)
In equation (5) i is a mean vector, C' is a covariance
matrix, D is the dimension of vector x and M, is
the numbers of components, . The coefficient P; is
a mixing parameter and represents the weight associ-
ated with component function, p(z|j). They are cho-
sen such that:

Mg
> Pp=1 and 0<P<1  (6)
j=1

Thus, a Gaussian mixture model presents each class of
data as a linear combination of several Gaussian den-
sities in the features space. The complete Gaussian
model is parameterised by the mean vectors, covari-
ance matrices and mixture weights from all compo-
nent densities. These parameters are collectively rep-
resented by the notation:

0= {,uj70j7pj7}

Given the number of components M,, the GMM pa-
rameters, i.e 0 = {u;,Cj, P, } are computed by
using Expectation Maximisation algorithm [1].

j=1,..M, (7

4 PCA Gaussian mixture model

Principal component analysis (PCA) is one of the
most frequently used techniques to reduce the dimen-
sionality of a data set [10]. A set of observed D-
dimensional data vector Xy = x1,%9,...,zy and
r; € RPcan be mapped to d-dimensional feature
space by a linear transformation matrix A as the fol-
lowing:

yi = AT[x; —my]  i€{1,2,.,N} (8)
where m, is the mean value of vector z;, y; € R% and
d << D. The goal of PCA is to find A that minimize
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the accumulated squared difference between the pro-
jection of the data in the new space and the original
data as:

D d d
A= Argmin{ Z { Z AinAj—IiT}{ Z AjfiAj—IiT}T}
i=1  i=1 i=1

C)]
The resulting matrix A is actually the eigenmatrix of
the covarince matrix of the original observed data, i.e:
A = [V, Vs, ..., V] and vector V; is the eigenvector
corresponding to the dominant eigenvalue of the ob-
served data covariance matrix. As PCA assumes a
single multivariate Gaussian model for the data it ap-
plication for complex data such as MTDRC features,
which different clusters may need different projection
direction, is limited. Therefore, A PCA Gaussian mix-
ture model is desirable which provides a better model.
A PCA Gaussian mixture model can be obtained by
applying Gaussian mixture model to the feature which
have been mapped to PCA space [?] and is given by :

Mg
py) =>_pylj)P; (10)
j=1

where y is computed by eq.(8) and p(y|j) is a Gaus-
sian density function. As the d principal axes of trans-
fomtion matrix in PCA i.e A are orthonormal axes
the PCA feature vector y; should be uncorrelated and
its covariance matrix is a diagonal matrix with domi-
nant eigenvalue of the covariance of original features.
The condesional density function for PCA space is cut
down to the following:

d 1 %
L —n
p(yli) = i|:|1 7(%)1/%1/26 (11)

2

where \; , i € {1,..,m} is the ith dominant eigen-
value of the features. The PCA Gaussin mixture pa-
rameter is estimated by maximising the likelihood.

S Experimental results

To compare the discriminative capability of suggested
method a generalized F-ratio method is used [11]. It
can be used to evaluate the scene discriminative ca-
pability of the selected feature. If this factor is large
enough, then the corresponding feature has good class
separability. This means that the feature vectors which
belong to the same class are close to each other while
the feature vector from different classes are clearly
separable and far from each other. In deriving the
F-ratio separability , let the mean feature vector and
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sample covariance of ith phoneme classes are denoted
by M; and R; respectively. Assuming each phoneme
class has equal probability, the mean vector of all
classes is calculated as My = 1/1 22-121 M; where
I denote the number of phoneme classes being com-
pared. The within-class scatter matrix S, and the be-
tween class scatter matrix S are computed as:

1
Sw=1/IY R, (12)
=1
and
I
Sp=1/1Y " (M; — Mo)(M; — Mo)" (13)
i=1

The separability criterion is defined as:
Jir = tr(S;1S)) (14)

The notation ’#r’ is the trace of matrix which is the
sum of the diagonal elements of a matrix and can be
used to convert the matrix product (S, 1.S,) to a scalar.
Experiments are carried out over the TIMIT data base
for English phonemes. The analysis conditions of

speech signal are shown in table(1). The MTRDC
Preemphasis factor 0.95
Analysis window Hamming
Analysis window size 32 ms
Frame rate 12 ms
Feature set | Original MTDRC features
Feature set 11 Discriminative features

Table 1: Analysis condition of speech signal

analysis has been applied to each phoneme and MT-
DRC matrix is calculated for each phoneme. Then
PCA transform matrix A is also computed for MT-
DRC features. By using the transformation matrix the
MTDRC is mapped to the PCA space. A Gaussian
mixture is generated for each PCA space of MTDRC
feature by using EM algorithm.

Table (2) shows a list of phonems used in the exper-
iments. Fig.1 shows the separability measure ,.J, as
a function of the dimesion of feature vector for orig-
inal feature and discriminative feature based on PCA
Guassian mixture models for vowels 'IY’, 'IH’ and
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Phone || Example
Y beat
IH bit
EH bet

B bob
D dad
G green
P pop

Table 2: Phonemes used in the experiments

"EH’ as an example. Fig.2 shows the separability for
consonants 'B’,’D’,’G’ and ’P’. It can be seen from
the figures that the discriminative feature based on
PCA Guassian mixture models provides better sepa-
ration between phonems than original MTDRC fea-
tures. The change of separability J with dimension
of feature vector is very similar for different phoneme
classes. From these figures it can be observed that
the consonants have bigger separability than vowels.
The gearter separation is probably the reason that the
recognition accuracy of consonants is normally higher
than that of vowels.

6 Conclusion

It has been shown in this paper that the PCA Gaus-
sian mixture model provides a discriminative feature
extraction for speech recognition application. In the
new representation space, the most discriminative fea-
tures are enhanced and this increases the performance
of the speech recognition system.
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Figure 1: Separability J versus dimension of the fea-

ture vector for 3 vowels
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