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Abstract

Feature extraction is an important component of a pattern recognition system. It performs two tasks: transforming input
parameter vector into a feature vector and/or reducing its dimensionality. A well-de3ned feature extraction algorithm makes the
classi3cation process more e4ective and e5cient. Two popular methods for feature extraction are linear discriminant analysis
(LDA) and principal component analysis (PCA). In this paper, the minimum classi3cation error (MCE) training algorithm
(which was originally proposed for optimizing classi3ers) is investigated for feature extraction. A generalized MCE (GMCE)
training algorithm is proposed to mend the shortcomings of the MCE training algorithm. LDA, PCA, and MCE and GMCE
algorithms extract features through linear transformation. Support vector machine (SVM) is a recently developed pattern
classi3cation algorithm, which uses non-linear kernel functions to achieve non-linear decision boundaries in the parametric
space. In this paper, SVM is also investigated and compared to linear feature extraction algorithms.
? 2003 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

The aim of pattern recognition systems is to classify in-
put data as one of K classes. Conventional pattern recog-
nition systems have two components: feature analysis and
pattern classi3cation, as shown in Fig. 1. Feature analysis is
achieved in two steps: parameter extraction step and feature
extraction step. In the parameter extraction step, information
relevant for pattern classi3cation is extracted from the input
data in the form of a p-dimensional parameter vector x. In
the feature extraction step, the parameter vector x is trans-
formed to a feature vector y, which has a dimensionality
m (m6p). If the parameter extractor is properly designed
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so that the parameter vector x is matched to the pattern clas-
si3er and its dimensionality is low, then there is no necessity
for the feature extraction step. However in practice, some
parameter vectors are not suitable for pattern classi3ers. For
example, parameter vectors have to be decorrelated before
applying them to a classi3er based on Gaussian mixture
models (with diagonal variance matrices). Furthermore, the
dimensionality of parameter vectors is normally very high
and needs to be reduced for the sake of less computational
cost and system complexity. Due to these reasons, feature
extraction has been an important problem in pattern recog-
nition tasks.

Feature extraction can be conducted independently or
jointly with either parameter extraction or classi3cation.
LDA and PCA are the two popular independent feature ex-
traction methods. Both of them extract features by project-
ing the original parameter vectors into a new feature space
through a linear transformation matrix. But they optimize
the transformation matrix with di4erent intentions. PCA
optimizes the transformation matrix by 3nding the largest
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Fig. 1. Conventional pattern recognition system.

variations in the original feature space [1–3]. LDA pursues
the largest ratio of between-class variation and within-class
variation when projecting the original feature to a subspace
[4–6]. The drawback of independent feature extraction al-
gorithms is that their optimization criteria are di4erent from
the classi3er’s minimum classi3cation error criterion, which
may cause inconsistency between feature extraction and
the classi3cation stages of a pattern recognizer and conse-
quently, degrade the performance of classi3ers [7]. A di-
rect way to overcome this problem is to conduct feature
extraction and classi3cation jointly with a consistent crite-
rion. MCE training algorithm [7–9] provides such an in-
tegrated framework. It is a type of discriminant analysis
but achieves minimum classi3cation error directly when ex-
tracting features. This direct relationship has made MCE
training algorithm widely popular in a number of pattern
recognition applications, such as dynamic time-wrapping
based speech recognition [10,11] and hidden Markov model
(HMM) based speech and speaker recognition [12–14].

LDA, PCA and MCE training algorithm are linear feature
extraction algorithms. The advantage of linear algorithms
is their ability to reduce feature dimensionalities. However,
they have the limitation that the decision boundaries gener-
ated are linear and have little computational Kexibility. SVM
is a recently developed pattern classi3cation algorithm with
non-linear formulation. It is based on the idea that the classi-
3cation that a4ords dot-products can be computed e5ciently
in higher dimensional feature spaces [15–17]. The classes
which are not linearly separable in the original parametric
space can be linearly separated in the higher dimensional
feature space. Because of this, SVM has the advantage that
it can handle the classes with complex non-linear decision
boundaries. Di4erent from conventional systems as shown
in Fig. 1, SVM is a highly integrated pattern recognition
system as shown in Fig. 2. SVM has now evolved into an
active area of research [18–21].

This paper investigates LDA, PCA and MCE algorithms
for feature extraction. A generalized MCE (GMCE) train-
ing algorithm is proposed to mend the shortcomings of the
MCE training algorithms. The performances of MCE and
GMCE training algorithms are compared to those of LDA
and PCA on both Deterding and TIMIT databases. SVM is

Fig. 2. SVM recognition system.

investigated in this paper as an integrated pattern classi3ca-
tion system. Its performance is compared to those of LDA,
PCA, MCE algorithms.

The rest of this paper is organized as follows: Section 2
gives a brief introduction to LDA and PCA. Section 3 in-
troduces the framework of MCE training algorithm. An al-
ternative MCE training algorithm, which uses a ratio model
of misclassi3cation measure, is proposed. MCE training al-
gorithm is applied to dimensionality reduction tasks and a
generalized MCE (GMCE) training algorithm is proposed.
Section 4 introduces the formulation of SVM . In Section 5
we compare LDA, PCA, MCE, GMCE training algorithms
and SVM in a vowel recognition task on TIMIT database.
The results are analyzed and compared.

2. Standard feature extraction methods

2.1. Linear discriminant analysis

The goal of linear discriminant analysis is to separate the
classes by projecting classes’ samples from p-dimensional
space onto a 3nely orientated line. For a K-class problem,
m=min(K−1; p) di4erent lines will be involved. Thus the
projection is from a p-dimensional space to a c-dimensional
space [22].

Suppose we have K classes, X1;X2; : : : ;XK . Let the ith
observation vector from the Xj be xji, where j = 1; : : : ; J
and i = 1; : : : ; Nj . J is the number of classes and Nj is the
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number of observations from class j. The within-class co-
variance matrix SW and between-class covariance matrix SB
are de3ned as

SW =
K∑
j=1

Sj =
K∑
j=1

1
Nj

Nj∑
i=1

(xji − �j)(xji − �j)
T;

SB =
K∑
j=1

Nj(�j − �)(�j − �)T; (1)

where �j = 1=Nj
∑Nj

i=1 xji is the mean of class j and � =
1=N

∑N
i=1 xi is the global mean.

The projection from observation space to feature space is
accomplished by a linear transformation matrix T :

y = T Tx: (2)

The corresponding within-class and between-class covari-
ance matrices in the feature space are:

S̃W =
K∑
j=1

Nj∑
i=1

(yji − �̃j)(yji − �̃j)
T;

S̃B =
K∑
j=1

Nj(�̃j − �̃)(�̃j − �̃)T; (3)

where �̃j=1=Nj
∑Nj

i=1 yji and �̃=1=N
∑N

i=1 ỹ i. It is straight-
forward to show that:

S̃W = T TSWT;

S̃B = T TSBT: (4)

A linear discriminant is then de3ned as the linear functions
for which the objective function

J (T ) =
|S̃B|
|S̃W|

=
|T TSBT |
|T TSWT | (5)

is maximum. It can be shown that the solution of Eq. (5)
is that the ith column of an optimal T is the generalized
eigenvector corresponding to the ith largest eigenvalue of
matrix S−1

W SB [6].

2.2. Principal component analysis

PCA is a well-established technique for feature extraction
and dimensionality reduction [23,2]. It is based on the as-
sumption that most information about classes is contained in
the directions along which the variations are the largest. The
most common derivation of PCA is in terms of a standard-
ised linear projection which maximises the variance in the
projected space [1]. For a given p-dimensional data set X,
the m principal axes T1; T2; : : : ; Tm, where 16m6p, are
orthonormal axes onto which the retained variance is maxi-
mum in the projected space. Generally, T1; T2; : : : ; Tm can be
given by the m leading eigenvectors of the sample covari-
ance matrix S=1=N

∑N
i=1 (xi−�)T(xi−�), where xi ∈X; �

is the sample mean and N is the number of samples, so that:

STi = �iTi; i∈ 1; : : : ; m; (6)

where �i is the ith largest eigenvalue of S. The m principal
components of a given observation vector x∈X are given
by

y = [y1; : : : ; ym] = [T T
1 x; : : : ; T

T
mx] = T Tx: (7)

The m principal components of x are decorrelated in the
projected space [2]. In multi-class problems, the variations
of data are determined on a global basis, that is, the principal
axes are derived from a global covariance matrix:

Ŝ =
1
N

K∑
j=1

Nj∑
i=1

(xji − �̂)(xji − �̂)T; (8)

where �̂ is the global mean of all the samples, K is the
number of classes, Nj is the number of samples in class
j; N =

∑K
j=1 Nj and xji represents the ith observation from

class j. The principal axes T1; T2; : : : ; Tm are therefore the m
leading eigenvectors of Ŝ:

ŜTi = �̂iTi; i∈ 1; : : : ; m; (9)

where �̂i is the ith largest eigenvalue of Ŝ. An assumption
made for feature extraction and dimensionality reduction by
PCA is that most information of the observation vectors is
contained in the subspace spanned by the 3rst m principal
axes, where m¡p. Therefore, each original data vector
can be represented by its principal component vector with
dimensionality m.

3. Minimum classi�cation error training algorithm

3.1. Derivation of MCE criterion

Consider an input vector x, the classi3er makes its deci-
sion by the following decision rule:

x∈Class k if gk(x; �) = max
for all i∈K

gi(x; �); (10)

where gi(x; �) is discriminant function of x to class i; �
is the parameter set and K is the number of classes. The
negative of gk(x; �) − maxfor all i �=k gi(x; �) can be used as
a measure of misclassi3cation of x. This form, however, is
not di4erentiable and needs further modi3cation. In [7], a
modi3ed version is introduced as a misclassi3cation mea-
sure. For the kth class, it is given by

dk(x; �) =−gk(x; �) +

[
1

N − 1

∑
for all i �=k

(gi(x; �))
�

]1=�

; (11)

where � is a positive number and gk(x; �) is the discriminant
of observation x to its known class k. When � approaches
∞, it reduces to

dk(x; �) =−gk(x; �) + gj(x; �); (12)

where class j has the largest discriminant value among
all the classes other than class k. Obviously, dk(x; �)¿ 0
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implies misclassi3cation, dk(x; �)¡ 0 means correct classi-
3cation and dk(x; �)=0 suggests that x sits on the boundary.
The loss function is then de3ned as a monotonic function
of misclassi3cation measure. The sigmoid function is often
chosen since it is a smoothed zero-one function suitable for
gradient descent algorithm. The loss function is thus given
as

lk(x; �) = f(dk(x; �)) =
1

1 + e−�dk (x;�)
; (13)

where �¿ 0. For a training set X, the empirical loss is
de3ned as

L(�) = E{lk(x; �)}=
K∑

k=1

Nk∑
i=1

lk(x
(i); �); (14)

where Nk is the number of samples in class k. Clearly, min-
imizing the above empirical loss function will lead to the
minimization of the classi3cation error. As a result, Eq. (14)
is called theMCE criterion [7,8]. The class parameter set� is
therefore obtained by minimizing the loss function through
the steepest gradient descent algorithm. This is an iterative
algorithm and the iteration rules are:

�t+1 = �t − �∇L(�)|�=�t ;

∇L(�) =



@L=@�1

...

@L=@�d


 ; (15)

where t denotes tth iteration, �1; : : : ; �d ∈� are class param-
eters, �¿ 0 is the adaption constant. For s= 1; 2; : : : ; d, the
gradient ∇L(�) can be computed as follows:

@L
@�s

= �
Nk∑
i=1

L(i)(1− L(i))
@gk(x(i); �)

@�s
if �s ∈ class k;

@L
@�s

=−�
Nj∑
i=1

L(i)(1− L(i))
@gj(x(i); �)

@�s
if �s ∈ class j:

(16)

In the case of Mahalanobis distance measure-based discrim-
inant functions, �= {�; "}, where � is class mean and " is
covariance matrix. The di4erentiation of discriminant func-
tions with respect to � is

@gm(x(i); �)
@�

=−(x − �)T"−1 − "−1(x − �);

m= 1; : : : ; K;

@gm(x(i); �)
@"

=−(x − �)T("−1)2(x − �);

m= 1; : : : ; K: (17)

An alternative de3nition of misclassi3cation measure can
be used to enhance the control of the joint behaviour of
discriminant functions gk(x; �) and gj(x; �). The alternative

misclassi3cation is de3ned as follows:

dk(x; �) =
[1=(N − 1)

∑
for all i �=k gi(x; �)

�]1=�

gk(x; �)
: (18)

To the extreme case, i.e. � → ∞, Eq. (18) becomes

dk(x; �) =
gj(x; �)
gk(x; �)

: (19)

The class parameters and transformation matrix are opti-
mized using the same adaption rules as shown in Eq. (15).
The gradients with respect to � are computed as

@L
@�s

=−�
Nj∑
i=1

L(i)(1− L(i))
gj(x(i); �)

[gk(x(i); �)]2
@gk(x(i); �)

@�s

if �s ∈ class k;

@L
@�s

= �
Nk∑
i=1

L(i)(1− L(i))
1

gk(x(i); �)
@gj(x(i); �)

@�s

if �i ∈ class j; (20)

where �s ∈�; s=1; : : : ; d. The di4erentiation of discriminant
functions can be computed by Eq. (17).

3.2. Using MCE training algorithms for dimensionality
reduction

As with other feature extraction methods, MCE reduces
feature dimensionality by projecting the input vector into a
lower dimensional feature space through a linear transfor-
mation Tm×p, where m¡p. Let the class parameter set in
the feature space be �̃. Accordingly, the loss function be-
comes

l(x; �̃; T ) = l(dk(Tx; �̃)) =
1

1 + e−#d(Tx; �̃)
: (21)

The empirical loss over the whole data set is given by

L(�̃; T ) = E{l(dk(Tx; �̃))}=
K∑

k=1

Nk∑
i=1

lk(x
(i); �̃; T ): (22)

Since Eq. (22) is a function of T , the elements in T can
be optimized together with the parameter set �̃ in the same
gradient descent procedure. The adaption rule for T is

Tsq(t + 1) = Tsq(t)− �
@L
@Tsq

∣∣∣∣
Tsq=Tsq(t)

(23)

where t denotes tth iteration, � is the adaption constant or
learning rate and s and q are the row and column indicators
of transformation matrix T . The gradient with respect to T
can be computed by

Conventional MCE:

@L
@Tsq

= �
K∑

k=1

Nk∑
i=1

L(i)(1− L(i))

×
(
@gk(Tx(i); �̃)

@Tsq
− @gj(Tx(i); �̃)

@Tsq

)
:
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Alternative MCE:

@L
@Tsq

= �
K∑

k=1

Nk∑
i=1

L(i)(1− L(i))

× (@gj(Tx(i); �̃)=@Tsq)gk (Tx(i); �̃)−(@gk (Tx(i); �̃)=@Tsq)gj(Tx(i); �̃)

[gk (Tx(i); �̃)]2
;

(24)

where in Mahalanobis distance based discriminant func-
tions:

@gm(Tx(i); �̃)
@T

= (Tx − �̃)T"̃−1x + xT"̃−1(Tx − �̃);

m= 1; : : : ; K: (25)

3.3. Generalized MCE training algorithm

One of the major concerns about MCE training for di-
mensionality reduction is the initialization of the parameters.
This is because the gradient descent method used in MCE
training algorithm does not guarantee the global minimum
value. The optimality of MCE training process is largely de-
pendent on the initialization of T and class parameter sets
�.

Among these parameters, transformation matrix T is cru-
cial to the success of MCE training since it 3lters the class
information to be brought into the decision space. Paliwal et
al. [9] give an initialization of the MCE training algorithm,
in which T is taken to be a unity matrix. However, in many
cases, this is a convenient way of initialization rather than
an e4ective way because the classi3cation criterion has not
been considered in the initialization. In order to increase the
generalization of MCE training algorithm, it is necessary to
embed the classi3cation criteria into the initialization pro-
cess. From the searching point of view, we can regard MCE
training as two sequential search procedures: one is general
but rough search for the initialization of parameters and the
other, local but thorough search for the optimization of pa-
rameters. The former search procedure will provide a global
optimized initialization of class parameters and the latter
will make a thorough search to 3nd the relevant local mini-
mum. Fig. 3 compares the normal MCE training process to
the generalized MCE training process. So far, no criterion
on general searching process has been proposed. However
we can employ current feature extraction methods to this
process. In our practice, we employ LDA and PCA for the
general searching process for the initialization of class pa-
rameters.

4. Support vector machine

4.1. Constructing SVM

Considering a two-class case, suppose the two classes
are !1 and !2 and we have a set of training data X =

{x1; : : : ; xN} ⊂ Rp. The training data are labeled by the
following rule:

yi =

{
+1; xi ∈!1;

−1; xi ∈!2:
(26)

The basic idea of SVM estimation is to project the input ob-
servation vectors non-linearly into a high dimensional fea-
ture space F and then compute a linear function in F. The
functions take the form

f(x) = (w · '(x)) + b (27)

with ' :Rp → F and w∈F, where (·) denotes the dot
product. Ideally, all the data in these two classes satisfy the
following constraint:

yi(w · '(xi)) + b− 1¿ 0 ∀i: (28)

Considering the points '(xi) in F for which the equality in
Eq. (28) holds, these points lie on two hyper-planes H1 : (w ·
'(xi)) + b=+1 and H2 : (w · '(xi)) + b=−1. These two
hyper-planes are parallel and no training points fall between
them. The margin between them is 2=‖w‖. Therefore we
can 3nd a pair of hyper-planes with maximum margin by
minimizing ‖w‖2 subject to Eq. (28) [24]. This problem can
be written as a convex optimization problem:

minimize 1
2‖w‖2

subject to yi(w · '(xi)) + b− 1¿ 0 ∀i;
(29)

where the 3rst function is primal objective function and the
second function is the corresponding constraints. Eq. (29)
can be solved by constructing a Lagrange function from both
the primal function and the corresponding constraints. Hence
we introduce positive Lagrange multipliers #i; i=1; : : : ; N ,
one for each constraint in Eq. (29). The Lagrange function
is given by

LP =
1
2
‖w‖2 −

N∑
i=1

#iyi(w · '(xi) + b) +
N∑
i=1

#i; (30)

LP must be minimized with respect to w and b, which re-
quires the gradient of LP to vanish with respect to w and b.
The gradients are given by

@LP

@ws
= ws −

N∑
i=1

#iyi'(xis) = 0; s = 1; : : : ; p;

@LP

@b
=−

N∑
i=1

#iyi = 0; (31)

where p is the dimension of spaceF. Combine these condi-
tions and other constraints on primal functions and Lagrange
multipliers, we obtain the Karush–Kuhn–Tucker (KKT)
conditions:

@LP

@ws
= ws −

N∑
i=1

#iyi'(xis) = 0; s = 1; : : : ; p;
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Fig. 3. A comparison between the normal MCE training process and the generalized MCE training process.

@LP

@b
=−

N∑
i=1

#iyi = 0;

yi(w · '(xi)) + b− 1¿ 0 ∀i;
#i¿ 0 ∀i;
#i(yi(w · '(xi)) + b− 1) = 0 ∀i; (32)

where w; b and # are the variables to be solved. From KKT
condition Eq. (31) we obtain

w =
N∑
i=1

#iyi'(xi);

N∑
i=1

#iyi = 0: (33)

Therefore,

f(x) =
N∑
i=1

#iyi('(xi) · '(x)) + b

=
N∑
i=1

#iyik(xi; x) + b; (34)

where k(xi; x)=('(xi) ·'(xj)) is a kernel function that uses
dot product in feature space. Substitute Eq. (33) into Eq.
(30). This leads to maximization of the dual function LD:

LD =−1
2

N∑
i=1

N∑
j=1

#i#jyiyjkij +
N∑
i=1

#i: (35)

Writing the dual function incorporating the constraints, we
obtain the dual optimization problem:

maximize −1
2

N∑
i=1

N∑
j=1

#i#jyiyjkij +
N∑
i=1

#i

subject to
N∑
i=1

#iyi = 0;

#i¿ 0 ∀i:

(36)

Both the primal problem LP (Eq. (30)) and the dual prob-
lem LD (Eq. (35)) are constructed from the same objective

function but with di4erent constraints. Optimization of this
primal–dual problem is a type of convex optimization prob-
lem and can be solved by the interior point algorithm [21].
However, the discussion on interior point algorithm is be-
yond the scope of this paper. A detailed discussion on this
algorithm is given by Vanderbei in [25].

4.2. Multi-class SVM classi;ers

SVM is a two-class based pattern classi3cation algorithm.
Therefore a multi-class based SVM classi3er has to be con-
structed. So far the best method of constructing multi-class
SVM classi3er is not clear [26]. Scholkopf et al. [27] pro-
posed a “one vs. all” type classi3er. Clarkson and Moreno
[26] proposed a “one vs. one” type classi3er. Their struc-
tures are shown in Fig. 4.

Both types of classi3ers are in fact combinations of
two-class based SVM sub-classi3ers. When an input data
vector x enters the classi3er, a K-dimensional value vec-
tor f(i)(x); i = 1; : : : ; K (one dimension for each class) is
generated. The classi3er then classi3es x by the following
classi3cation criteria:

x∈ Class i if f(i)(x) = max
for all j∈K

f(j)(x): (37)

5. Classi�cation experiments

Our experiments focus on vowel recognition tasks. Two
databases are used. We start with Deterding vowels database
[28]. The advantage of starting with it is that the computa-
tional burden is small. Deterding database is used to evalu-
ate di4erent types of GMCE training algorithms and SVM
classi3ers. Then, feature extraction and classi3cation algo-
rithms are tested with TIMIT database [29]. The feature ex-
traction and classi3cation algorithms involved in the exper-
iments are listed in Table 1.

In order to evaluate the performance of the linear feature
extraction algorithms (PCA, LDA, MCE and GMCE), we
have used a minimum distance classi3er. Here, a feature
vector y is classi3ed to jth class if the distance dj(y) is
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Fig. 4. Two types of multi-class SVM classi3er: (a) Structure of “one vs. all” multi-class SVM Classi3er; (b) Structure of “one vs. one”
multi-class SVM classi3er.

Table 1
Feature extraction and classi3cation algorithms used in the exper-
iments

Parameter Dimension Feature Classi3er
used extractor

LAR(Deterding) 10 PCA Minimum distance
(Mahalanobis)

′′ ′′ LDA ′′
′′ ′′ MCE ′′
′′ ′′ GMCE ′′
MFCC(TIMIT) 21 PCA ′′
′′ ′′ LDA ′′
′′ ′′ MCE ′′
′′ ′′ GMCE ′′
LAR(Deterding) 10 NONE SVM one vs. one
LAR(Deterding) 10 NONE SVM one vs. all
MFCC(TIMIT) 21 NONE SVM one vs. one

less than the other distances di(y); i = 1; : : : ; K . We use
Mahalanobis distance measure to compute the distance of a
feature vector from a given class. Thus, the distance di(y)
is computed as follows:

di(y) = (y − �i)
T"−1

i (y − �i); (38)

where �i is the mean vector of class i and"i is the covariance
matrix. In our experiments, we use full covariance matrix.

Three types of SVM kernel function are evaluated on
Deterding database. The formulation of kernel functions is
as follows:

Linear kernel:

k(x; y) = x · y;

Polynomial kernel:

k(x; y) = (x · y + 1)p;

RBF kernel:

k(x; y) = e|x−y|2=2.2 : (39)

5.1. Deterding database experiments

Deterding vowels database has 11 vowel classes as shown
in Table 2. This database has been used in the past by a
number of researchers for pattern recognition applications
[26,28,30,31]. Each of these 11 vowels is uttered 6 times by
15 di4erent speakers. This gives a total of 990 vowel tokens.
A central frame of speech signal is excised from each of
these vowel tokens. A 10th order linear prediction analysis is
performed on each frame and the resulting Linear Prediction
Coe5cients (LPCs) are converted to 10 log-area (LAR)
parameters. 528 frames from eight speakers are used to train
the models and 462 frames from the rest seven speakers are
used to test the models.

Table 3 compares the results LDA, PCA, the conventional
form and the alternative form of MCE training algorithm.
The results show that the alternative MCE training algorithm
has the best performance. Thus we use the alternative MCE
in the following experiments.

Two types of GMCE training algorithm are investigated
in Deterding database experiments. One uses LDA for gen-
eral search and the other uses PCA. Figs. 5 and 6 show the
experiment results. Since the alternative MCE training al-
gorithm is chosen for MCE training, we denote these two
types of GMCE training algorithms as GMCE+LDA and
GMCE+PCA, respectively. The normal alternative MCE
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Table 2
Vowels and words used in Deterding database

Vowel Word Vowel Word Vowel Word Vowel Word

i heed O hod I hid C: hoard
E head U hood A had u: who’d
a: hard 3: heard Y hud

Table 3
Comparison of various feature extractors

DATABASE Conventional MCE Alternative MCE LDA PCA

VOWELS(Train) 85.6% 99.1% 97.7% 97.7%
VOWELS(Test) 53.7% 55.8% 51.3% 49.1%
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Fig. 5. Results of MCE(UNIT), GMCE+LDA, LDA on Deterding
database.
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Fig. 6. Results of MCE(UNIT), GMCE+PCA, PCA on Deterding
database.

Table 4
Deterding vowel data-set classi3cation results

Kernel Classi3er Training Testing
(%) (%)

Linear One vs. all 49.43 40.91
Linear One vs. one 79.73 53.03
Polynomial One vs. all 59.85 42.42
Polynomial One vs. one 90.53 55.63
RBF One vs. all 78.98 51.95
RBF One vs. one 90.34 58.01

training algorithm is denoted as MCE(UNIT). Observations
from these results can be summarized as follows:

• GMCE training algorithm has an improved performance
when LDA is used for the general search for the initial
transformation matrix and GMCE+LDA demonstrates
the best performance amongMCE(UNIT), GMCE+PCA,
LDA and PCA.

• The performance of GMCE training algorithm is not im-
proved when PCA is employed for the general searching
process.

• Performances of GMCE+LDA and GMCE+PCA on
testing data show that the best classi3cation results are
usually obtained when the dimensionality is reduced to
50–70%.

Table 4 shows the classi3cation results of di4erent SVM
classi3ers. The order of polynomial kernel function is 3.
The classi3cation result show that the performance of RBF
kernel function is the best among the three types of ker-
nels. The overall performance of “one vs. one” multi-class
classi3er is much better than “one vs. all” multi-class clas-
si3er. Among all the six types of SVM classi3ers, the “one
vs. one” multi-class classi3er with RBF kernel function has
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Table 5
Number of selected phonemes in training data-set

Phonemes aa ae ah ao aw ax ay eh oy uh
Training 541 665 313 445 126 207 395 591 118 57
Testing 176 214 136 168 40 89 131 225 49 21
Phonemes el en er ey ih ix iy ow uw Total
Training 145 97 384 346 697 583 1089 336 106 7241
Testing 42 34 135 116 239 201 381 116 37 2550

the best overall performance and is thus selected for further
experiments.

5.2. TIMIT database experiments

In order to provide results on bigger database, we use the
TIMIT database for vowel recognition. This database con-
tains a total of 6300 sentences, 10 sentences spoken by each
of the 630 speakers. Training part of this database is used
for training the vowel recognizer’s and the test part for test-
ing. The vowels used in the classi3cation tasks are selected
from the vowels, semi-vowels and nasals given in TIMIT
database. Altogether 17 vowels, 1 semi-vowel and 1 nasal
are selected for the vowel classi3cation experiments. The
TIMIT database comes with phonemic transcription and as-
sociated acoustic phonemic boundaries. The center 20 msec
segments of selected vowels are excised from each sentence.
Spectral analysis is performed on these segments and each
segment is represented by a 21-dimension Mel-Frequency
Cepstral Coe5cients (MFCCs) feature vectors. Each vector
contains 1 energy coe5cient and 20 MFCCs. Mahalanobis
distance based minimum distance classi3er is used as pat-
tern classi3er. Table 5 shows the number of segments of
each vowel used in the experiment.

5.2.1. Comparison of separate and integrated pattern
recognition systems

Fig. 7 shows the results of separate pattern recognition
systems, PCA and LDA plus classi3er and integrated sys-
tems, MCE and SVM in feature extraction and classi3ca-
tion tasks. The dimensionalities used in the experiments are
from 3 to 21—full dimension. The horizontal axis of the
3gure is the dimension axis. The vertical axis represents the
recognition rates. Since SVM is not suitable for dimension-
ality reduction, it is applied to classi3cation tasks only and
the results of SVM appears in the 3gure as single points.
Observations from Fig. 7 can be summarized as follows:

• LDA has a fairly Kat performance curve. It performs the
best in the low-dimensional feature spaces (Dimension
3–12) among LDA, PCA and MCE training algorithm on
training data. On testing data, LDA performs better than
PCA and MCE in low-dimensional spaces (dimension
3–15) too.
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Fig. 7. Results of LDA, PCA, MCE and SVM on TIMIT database.

• MCE training algorithm performs better than LDA and
PCA in the high-dimensional feature spaces (Dimension
13–21) on training data. On the testing data, MCE train-
ing algorithm performs better than PCA and MCE in the
high-dimensional spaces from dimension 16–21.

• The performances of SVM on training data are not as
good as those of LDA, PCA and MCE training algorithm.
However, SVM performs much better than LDA, PCA
and MCE training algorithm on testing data.

5.2.2. Analysis of GMCE training algorithm
In this section, we investigate the performance of

GMCE. Two types of GMCE are used. One employs LDA
for general search, which we denote as GMCE+LDA.
The other employs PCA for general search and we de-
note as GMCE+PCA. Experiments results are shown in
Figs. 8 and 9. Observations from the two 3gures can be
summarized as follows:

• When GMCE uses LDA as the general search tool, the
performances of GMCE are better than both LDA and
MCE in all dimensions. When GMCE uses PCA in
the general search process, the general performances of
GMCE are not signi3cantly improved.

• In high-dimensional feature spaces (Dimension 15–21),
the performances of GMCE+LDA are close to those of
MCE training algorithm, which are better than LDA.

• In medium-dimensional (Dimension 7–15) and low-
dimensional (Dimension 3–7) feature spaces, GMCE
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Fig. 8. Results of GMCE+LDA, MCE and LDA on TIMIT
database.
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Fig. 9. Results of GMCE+PCA, MCE and PCA on TIMIT
database.

+LDA has signi3cantly better performances than both
LDA and MCE.

6. Conclusions

In this paper, we investigate major feature extraction and
classi3cation algorithms. Five algorithms are involved in
the investigation. They are LDA, PCA, MCE training algo-
rithm, proposed GMCE training algorithm and SVM. From
the observation of the experimental results, the following
conclusions can be drawn:

• Pattern classi3cation systems that integrate feature extrac-
tion and classi3cation, such as MCE and GMCE training
algorithms, show better performance than systems with
independent feature extraction algorithm, such as LDA,
PCA.

• GMCE training algorithm has an improved performance
over MCE training algorithm. The signi3cant improve-
ments are in low-dimensional feature spaces.

• The performance of SVM is interesting. It is poorer on
training data than that of LDA, PCA andMCE and GMCE
training algorithms, while on testing data, it is better than
the other four linear feature extraction algorithms. This
implies that linearly extracted feature models have better
3tness to training data, while SVM has better generaliza-
tion properties.

7. Summary

Conventional pattern recognition systems have two com-
ponents: feature analysis and pattern classi3cation. Feature
analysis is achieved in two steps: parameter extraction step
and feature extraction step. LDA and PCA are the two pop-
ular independent feature extraction methods. The drawback
of independent feature extraction algorithms is that their op-
timization criteria are di4erent from the classi3er’s mini-
mum classi3cation error criterion, which may cause incon-
sistency between feature extraction and the classi3cation
stages of a pattern recognizer. A direct way to overcome
this problem is to conduct feature extraction and classi3ca-
tion jointly with a consistent criterion. MCE training algo-
rithm provides such an integrated framework. LDA, PCA
and MCE training algorithm are linear feature extraction al-
gorithms. The advantage of linear algorithms is their abil-
ity to reduce feature dimensionalities. However, they have
the limitation that the decision boundaries generated are lin-
ear. SVM is a recently developed pattern classi3cation al-
gorithm with non-linear formulation. It is based on the idea
that the classi3cation that a4ords dot-products can be com-
puted e5ciently in higher dimensional feature spaces. SVM
has the advantage that it can handle the classes with com-
plex non-linear decision boundaries. This paper investigates
LDA, PCA and MCE algorithms for feature extraction. A
generalized MCE (GMCE) training algorithm is proposed
to mend the shortcomings of the MCE training algorithms.
SVM is investigated in this paper as an integrated pattern
classi3cation system.
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