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Abstract. Dimensionality reduction is an important problem in pattern recognition. There is a tendency of using
more and more features to improve the performance of classifiers. However, not all the newly added features are help-
ful to classification. Therefore it is necessary to reduce the dimensionality of feature space for effective and efficient
pattern recognition. Two popular methods for dimensionality reduction are Linear Discriminant Analysis (LDA)
and Principal Component Analysis (PCA). While these methods are effective, there exists an inconsistency between
feature extraction and the classification objective. In this paper we use Minimum Classification Error (MCE) training
algorithm for feature dimensionality reduction and classification on Daterding and GLASS databases. The results
of MCE training algorithms are compared with those of LDA and PCA.
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1. Introduction

One possible way of improving the performance of a
pattern recognition system is to use more number of
features; i.e., increase the dimensionality of the feature
space. The increase in feature dimensionality, however,
causes in practice a number of problems. For example,
it increases the computational cost and memory re-
quirements. Also, more data is needed for training the
pattern recognizer. If only a limited amount of train-
ing data is available, the increase in dimensionality
makes generalization to test data poorer. Furthermore,
the performance of a recognizer is not always enhanced
by every newly added feature. Brunzell and Eriksson
[1] have shown that the classification results improve
when the dimensionality is reduced for some datasets.
To solve these problems, it is necessary to reduce the
dimensionality of the feature space. A number of di-
mensionality reduction algorithms have been proposed
in the literature to obtain compact feature sets. These
methods can be grouped into two categories: feature
selection methods and feature extraction methods.

Feature selection methods select features by assign-
ing each feature a score on some basis and choosing the

best ranked features to make up a new vector for recog-
nition. The common measures for ranking features
are recognition rate, F-ratio and discriminative feature
selection measure. Paliwal [2] has investigated the use
of the first two measures for feature selection. The
third measure is proposed and studied by Bocchieri and
Wilpon [3]. However, the recognition results obtained
using the feature selection methods depend heavily on
the ranking measure used. Since all of these measures
have ignored correlations between features, the ranking
may not be optimal and the selected features are highly
dependent on the choice of the original feature set [4].

Feature extraction methods differ from feature selec-
tion methods in that the new features are linear combi-
nations of original features. Thus, the reduced feature
set contains all the elements of original feature vectors
so that most of the information can be retained. Linear
Discriminant Analysis (LDA) and Principal Compo-
nent Analysis (PCA) are the two basic feature extrac-
tion methods. Both of them reduce the dimensionality
of features by projecting the original feature vector into
a new subspace through a transformation. But they opti-
mize the transformation with different intentions. PCA
optimizes the transformation by finding the largest
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variations in the original feature space [4–7]. LDA pur-
sues the largest ratio of between-class variation and
within-class variation when projecting the original fea-
ture to a subspace [8, 9]. A pattern classifier is normally
designed to minimize the pattern classification errors
as criterion. But, LDA as well as PCA reduce the di-
mensionality of the feature space using criteria that are
different from the minimum classification error crite-
rion. This causes inconsistency between feature extrac-
tion and the classification stages of a pattern recognizer
[10, 11]. Consequently, the performance of classifiers
may be degraded in the reduced feature space. A direct
way to overcome this short-coming is to use consis-
tent criteria in both feature extractors and classifiers. In
this case, Minimum Classification Error (MCE) train-
ing algorithm can be a good choice, since it provides
a framework which allows the minimum classification
error criteria to be embedded into the feature extrac-
tion and pattern classification stages simultaneously
[10–13]. Thus, MCE training algorithm achieves min-
imum classification error directly when extracting fea-
tures. This direct relationship has made MCE training
algorithm widely popular to a number of pattern recog-
nition applications, such as dynamic time-wrapping
based speech recognition [14, 15] and HMM based
speech and speaker recognition [16–18].

In this paper, we investigate the performance of MCE
training algorithm in feature dimensionality reduction
and compare its classification performance with that of
LDA and PCA. We propose a modified version of the
MCE training algorithm and show how it improves the
recognition performance in the context of dimension-
ality reduction.

This paper is organized as follows: Section 2 pro-
vides a brief description of the LDA and PCA methods
for dimensionality reduction. Section 3 provides a brief
review of the MCE training algorithm and describes its
use for dimensionally reduction. The modified MCE
training algorithm proposed in this paper is then de-
scribed in this section. In Section 4, the experiments
conducted to examine and compare the performance
of MCE training algorithms in feature dimensionality
reduction are described.

2. Feature Dimensionality Reduction Methods

2.1. General Method for Dimensionality Reduction

The basic way of reducing feature dimensionality is to
project the feature vectors into a lower dimensional

space through a linear transformation Tm×p, where
m < p, m and p are the dimensionalities of transformed
and original feature vectors, respectively. Then the lin-
ear transformation T is optimized with respect to some
objective criterion. A number of algorithms have been
proposed to seek the optimized T with different opti-
mization criteria. LDA and PCA are two most popular
ones among them. Briefly speaking, LDA optimizes T
by maximizing the ratio of between-class variation and
within-class variation; while PCA obtains T by search-
ing for the directions that have the largest variations.
LDA is often preferred in practice, as it projects the fea-
ture vectors along the directions in which classes have
the largest separation while PCA has no intension of
discriminating the classes. In the following subsections
we will give a detailed discussion of each of them.

2.2. LDA for Dimensionality Reduction

The goal of Fisher’s linear discriminant is to well sep-
arate the classes by projecting classes’ samples from
a p-dimension space onto a finely oriented line. For a
K -class problem, at most m = min(K − 1, p) differ-
ent lines will be involved. Thus the projection is from
a p-dimensional space to a m-dimensional space.

Suppose we have K classes, χ1, χ2, . . . , χK . Let
the i th observation vector from the χ j be x ji , where
j = 1, . . . , K , i = 1, . . . , N j and N j is the number of
observations from class j . Then the sample mean vec-
tor µ j and the covariance matrix Sj of class j are given
by:

µ j = 1

N j

N j∑
i=1

x ji (1)

and

Sj = 1

N j

N j∑
i=1

(x ji − µ j )(x ji − µ j )
T (2)

The within-class covariance matrix SW is given by:

SW =
K∑

j=1

Sj (3)

The between-class covariance matrix is defined as:

SB =
K∑

j=1

N j (µ j − µ)(µ j − µ)T (4)
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where µ = 1
N

∑K
j=1 N jµ j is the mean of all samples

and N = ∑K
j=1 N j . The projection from a p-

dimensional space to a m-dimensional space is accom-
plished by m discriminant functions:

ys = T T
s x s = 1, 2, . . . , m. (5)

Equation (5) can be re-written in matrix form:

y = T T x (6)

Then the corresponding means and covariance matrices
of y are defined as:

µ̃ j = 1

N j

N j∑
i=1

y ji (7)

µ̃ = 1

N

K∑
j=1

N j µ̃ j (8)

S̃W =
K∑

j=1

N j∑
i=1

(y ji − µ̃ j )(y ji − µ̃ j )
T (9)

and

S̃B =
K∑

j=1

N j (µ̃ j − µ̃)(µ̃ j − µ̃)T (10)

It is straightforward to show that:

S̃W = T T SW T (11)

and

S̃B = T T SB T (12)

Fisher’s linear discriminant is then defined as the
linear functions T T x for which the criterion function

J (T ) = |S̃B |
|S̃B | = T T SB T

T T SW T
(13)

is maximum.
It can be shown that the solution of the above equa-

tion for T is in fact the matrix of the leading m eigen-
vectors of S−1

W SB [8, 19].

2.3. PCA for Dimensionality Reduction

PCA is a well-established technique for dimension-
ality reduction [5]. It is based on the assumption
that most information about the classes is contained
in the directions along which the variations are the
largest. The most common derivation of PCA is in
terms of a standardised linear projection which max-
imises the variance in the projected space [7]. For a
given p-dimensional data set χ , the m principal axes
T1, T2, . . . , Tm , where 1 ≤ m ≤ p, are orthonomal
axes onto which the retained variance is maximum in
the projected space. Generally, T1, T2, . . . , Tm can be
given by the m leading eigenvectors of the sample co-
variance matrix S = 1

N

∑N
i=1(xi −µ)T (xi −µ), where

xi ∈ χ, µ is the sample mean and N is the number of
samples, so that:

STi = λi Ti i ∈ 1, . . . , m (14)

where λi is the i th largest eigenvalue of S. The m prin-
cipal components of a given observation vector x ∈ χ

are given by:

y = [y1, . . . , ym] = [
T T

1 x, . . . , T T
m x

] = T T x (15)

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

Ŝ = 1

N

K∑
j=1

N j∑
i=1

(x ji − µ̂)(x ji − µ̂)T (16)

where µ̂ is the global mean of all the samples, K is
the number of classes, N j is the number of samples in
class j, N = ∑K

j=1 N j and x ji represents the i th obser-
vation from class j . The principal axes T1, T2, . . . , Tm

are therefore the m leading eigenvectors of Ŝ:

ŜTi = λ̂i Ti i ∈ 1, . . . , m (17)

where λ̂i is the i th largest eigenvalue of Ŝ.
An assumption made for dimensionality reduction

by PCA is that most information of the observation
vectors is contained in the subspace spanned by the
first m principal axes, where m < p. Therefore, each
original data vector can be represented by its principal
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component vector:

y = T T x (18)

where T = [T1, . . . , Tm] is a p × m matrix.
The merit of PCA is that the extracted features

have the minimum correlation along the principal axes.
On the other hand, there are some defects that reside
in PCA. First, as mentioned in [4], PCA is a scale-
sensitive method, i.e., the principal components may
be dominated by the elements with large variances.
Another problem with PCA is that the directions of
maximum variance are not necessarily the directions
of maximum discrimination since there is no attempt
to use the class information, such as the between-class
scatter and within-class scatter.

3. MCE Training Algorithm

3.1. A Brief Review

MCE training algorithm is a type of discriminant train-
ing algorithm. It is proposed to mend the shortcomings
of traditional discriminant training. As pointed out by
Juang and Katagiri [11], traditional discriminant train-
ing algorithms are inadequate in that the decision rule
in classification does not appear in the overall crite-
rion functions and there is an inconsistency between
the criterion function and the minimum classification
error objective. MCE training algorithm bridges this
gap by introducing a classification measure, in which
the decision rule is embedded, into the overall criterion
functions.

Consider an input vector x , the classifier makes its
decision by the following decision rule:

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

gi (x, �) (19)

where gi (x, �) is discriminant function of x to class
i, � is the parameter set and K is the number of classes.
This criterion can be rewritten as:

x ∈ Class k if gk(x, �) − max
for all i �=k

gi (x, �) > 0

(20)

Thus, higher is the value of the function gk(x, �) −
maxfor all i �=k gi (x, �), more reliable is the classification
of x into class k. This means that we can use negative
of this function as a measure of misclassification of x
into class k. But this form is not very suitable since it

is not differentiable, and we need to differentiate it for
designing a classifier with minimum misclassification
error. In [11], a modified version of this function (which
is differentiable) is introduced as a misclassification
measure. For the kth class, it is given by

dk(x, �) = −gk(x, �)

+
[

1

N − 1

∑
for all i �=k

(gi (x, �))η
]1/η

, (21)

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

dk(x, �) = −gk(x, �) + g j (x, �), (22)

where class j has the largest discriminant value among
all the classes other than class k. Obviously, dk(x, �) >

0 implies misclassification, dk(x, �) < 0 means cor-
rect classification and dk(x, �) = 0 suggests that x sits
on the boundary. The loss function is then defined
as a monotonic function of misclassification measure.
Sigmoid function is often chosen since it is a smoothed
zero-one function suitable for gradient descent algo-
rithm. The loss function is thus given as:

lk(x, �) = f (dk(x, �)) = 1

1 + e−ξdk (x,�)
(23)

where ξ > 0. For a training set χ , the empirical loss is
defined as:

L(�) = E{lk(x, �)} =
K∑

k=1

Nk∑
i=1

lk
(
x (i), �

)
(24)

where Nk is the number of samples in class k. Clearly,
minimizing the above empirical loss function will lead
to the minimization of the classification error. As a re-
sult, Eq. (24) is called the MCE criterion [10, 11, 20].
The class parameter set � is therefore obtained by min-
imizing the loss function through the steepest gradient
descent algorithm. This is an interative algorithm and
the iteration rules are:

�t+1 = �t − ε∇L(�)|�=�t (25)

∇L(�) =




∂L/∂λ1

...

∂L/∂λd


 (26)
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where t denotes t th iteration, λ1, . . . , λd ∈ � are pa-
rameters, ε > 0 is the adaption constant. For s =
1, 2, . . . , d, the gradient ∇L(�) can be computed as
follows:

∂L

∂λs
= ξ

Nk∑
i=1

L (i)
(
1 − L (i)

)∂gk

(
x (i), �

)
∂λs

,

if λs ∈ class k (27)

∂L

∂λs
= −ξ

N j∑
i=1

L (i)
(
1 − L (i)

)∂g j

(
x (i), �

)
∂λs

,

if λs ∈ class j (28)

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 space by a linear transforma-
tion Tm×p, where m < p,

y = T x (29)

The loss function is then defined on this m-dimensional
space using the transformed vector y, rather than x , we
get:

L(�̃, T ) = E{l(dk(y, �̃))} = E{l(dk(T x�̃))} (30)

where �̃ is the parameter set obtained in the reduced
m-dimensional space. Since Eq. (30) is a function of
T , the elements in T are optimized together with the
parameter set �̃ in the same gradient descent procedure.
The adaption rule for T is:

Tnq (t + 1) = Tnq (t) − ε
∂L

∂Tnq

∣∣∣∣
Tnq=Tnq (t)

(31)

and

∂L

∂Tnq
= ξ

K∑
k=1

Nk∑
i=1

L (i)
(
1 − L (i)

)

×
(

∂gk

(
T x (i), �̃

)
∂Tnq

− ∂g j

(
T x (i), �̃

)
∂Tnq

)
(32)

where t denotes t th iteration, ε is the adaption con-
stant and n and q are the row and column indicators.

It is worth noting that in this case the parameter set
optimized in MCE training procedure is �̃ in Eq. (30),
rather than � obtained from the original p-dimensional
space.

3.3. An Alternative MCE Training Algorithm

The purpose of defining the misclassification measure
is to obtain the largest discrimination between gk(x, �)
and g j (x, �). Therefore the control of the joint behav-
ior of gk(x, �) and g j (x, �) is essential to a successful
MCE training. The conventional definitions in Eqs. (21)
and (22) combine gk(x, �) and g j (x, �) linearly. Lin-
ear combinations, however, have a very loose control of
the joint behavior of gk(x, �) and g j (x, �). To enhance
MCE’s ability to control the joint behavior of discrim-
inant functions, we propose an alternative definition
of misclassification measure which combines gk(x, �)
and g j (x, �) non-linearly. The alternative definition
also comes from Bayes decision rule. We first rewrite
Eq. (19) as follows:

x ∈ Class k if
maxfor all i �=k gi (x, �)

gk(x, �)
< 1 (33)

Then in the reduced m-dimensional subspace, we de-
fine the misclassification measure dk(x, �̃, T ) as an
approximate of the L.H.S of Eq. (33):

dk(x, �̃, T ) =
[

1
N−1

∑
for all i �=k gi (T x, �̃)η

]1/η

gk(T x, �̃)
(34)

To the extreme case, i.e. η → ∞, Eq. (34) becomes:

dk(x, �̃, T ) = g j (T x, �̃)

gk(T x, �̃)
(35)

The class parameters and transformation matrix are
optimized using the same adaption rules as shown in
Eqs. (25) and (31). The gradients of �̃ and T are cal-
culated as follows:

∂L

∂λ̃s
= −ξ

N j∑
i=1

L (i)
(
1 − L (i)

)

× g j
(
T x (i), �̃

)
[
gk

(
T x (i), �̃

)]2

∂gk

(
T x (i), �̃

)
∂λ̃s

,

if λ̃s ∈ class k (36)
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∂L

∂λ̃s
= ξ

Nk∑
i=1

L (i)
(
1 − L (i)

) 1

gk
(
T x (i), �̃

) ∂g j

(
T x (i), �̃

)
∂λ̃s

,

if λ̃i ∈ class j (37)

and

∂L

∂Tnq
= ξ

K∑
k=1

Nk∑
i=1

L (i)
(
1 − L (i)

)

×
∂g j (T x (i),�̃)

∂Tnq
gk

(
T x (i), �̃

) − ∂gk (T x (i),�̃)
∂Tnq

g j
(
T x (i), �̃

)
[
gk

(
T x (i), �̃

)]2

(38)

where λ̃s ∈ �̃, s = 1, . . . , d, n and q are the row and
column indicators of transformation matrix T .

3.4. A Comparison of Two Forms
of MCE Training Algorithms

The proposed alternative form of MCE training algo-
rithm differs from the conventional one in that the mis-
classification measure is a non-linear combination of
discriminant functions. To compare these two forms of
MCE training algorithms, we use a gk(x, �)-g j (x, �)
decision plane to show their behaviors in the train-
ing process. The vertical axis of the decision plane
is gk(x, �), which represents the discriminant of a
vector x to its desired class k. The horizontal axis is
g j (x, �), representing the largest discriminant of x
among all the classes other than k. The decision line
is gk(x, �) = g j (x, �). Driven by the training algo-
rithms, all the training data move in this plane through-
out the training process. The behaviors of the training
algorithms are therefore demonstrated by the tracks
of data. If the data move towards the top left of the
decision plane, both the absolute and relative differ-
ences between gk(x, �) and g j (x, �) increase. There-
fore the training process is effective and robust. If, how-
ever, the data move towards the top right of the plane,
the relative difference between gk(x, �) and g j (x, �)
does not increase significantly despite an increase in
the absolute difference. Furthermore, the training can
become divergent if not precisely controlled. In this
case the training process is not desirable. Figure 1(a)
shows the theoretical behaviors of these two forms of
MCE in the training process and Fig. 1(b) shows their
real behavior. The data used in Fig. 1(b) is randomly
selected from Deterding database. These two figures
show that the proposed alternative MCE training algo-
rithm is more robust than the conventional one.

Figure 1. Theoretical and real tracks of a data moving in the
decision plane.

4. Classification Experiments

4.1. Databases

An evaluation of these feature dimensionality reduction
algorithms was made on two different databases. The
first one is Deterding vowel database, which has 11
vowel classes as shown in the Table 1.

Each of these 11 vowels are uttered 6 times by 15 dif-
ferent speakers. This gives a total of 990 vowel tokens.
A central frame of speech signal is excised from each
of these 990 vowel tokens. A 10th order linear predic-
tion analysis is carried out for each frame resulting in
10 log-area parameters. These 10 parameters defines
the original 10 dimensional feature space. 528 frames
from the eight speakers are used to train the models and
462 frames from the seven speakers are used to test the
models.

The other database is D. German’s GLASS database
which contains the measurements of the chemical con-
stitutions in terms of their oxide content (Na, Mg, Al,
Si, K, Ca, Ba and Fe) and the refractive index of the
glass, manufactured through two different processes.
The database has 163 instances, of which 87 measure-
ments are made on glass manufactured through the float
process and 76 on glass through non-float process. Each
measurement has 10 numeric-valued attributes.

Table 1. 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
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The reason for using these two databases is that they
have been studied by other researchers [1, 12, 21], so
it is easy to compare the results. For the sake of con-
venience, we denote conventional MCE as MCE(con)
and the alternative MCE as MCE(alt) in the figures.

4.2. Classification Results

Four algorithms, MCE(con), MCE(alt), LDA and PCA,
were used in the classification experiments. All of them
used the Mahalanobis distance classifier in the classi-
fication tasks. Figure 2 shows the results when using
the Deterding database in different dimensional spaces.
We can make the following observations:

• During the training process, all of the four algorithms
perform better when the training is carried out in the
original feature space. But this is not the case in the
testing process where the best results are usually ob-
tained when the dimensionality of the feature space
has been reduced to half.

• During the training process, recognition rates in-
crease with dimensionality. During the testing pro-
cess, however, no regular pattern of changes in recog-
nition rates with dimensionality can be observed.

• The overall performance of the alternative MCE
training algorithm is better than the other three algo-
rithms on both training data and testing data.

Table 2 shows the results of the four algorithms ob-
tained from GLASS dataset. The results of conven-
tional MCE and alternative MCE are given in Columns
2 and 3 respectively and the results of LDA and PCA

Figure 2. Comparison of the recognition rates of MCE(con),
MCE(alt), LDA and PCA on Daterding database.

Table 2. Results on GLASS data (in %).

DIM MCE(con) MCE(alt) LDA PCA

2 77.9 77.9 68.1 48.5

3 75.5 83.4 64.4 49.1

4 79.1 80.4 63.2 60.7

5 77.3 80.4 65.0 63.2

6 79.7 82.8 62.0 63.8

7 76.7 83.4 63.2 61.4

are in Columns 4 and 5, respectively. Similar obser-
vations can be made from the table, except that (1)
the performances of two MCE training algorithms are
much better than those of LDA and PCA; (2) the recog-
nition rate of LDA decreases when the dimension of
the features increases. In comparison, the highest clas-
sification rate achieved in [1] is 69.3% by means of
Mahalanobis Linear Transformation training.

4.3. Initialization of the Transformation Matrix

One of the major concerns about MCE training for di-
mensionality reduction is the initialization of the trans-
formation matrix. This is because the gradient descent
method used in MCE does not guarantee the global
minimum value. It is largely dependent on the choice
of the starting point, as shown in Fig. 3. Since in MCE
training, the starting point is directly determined by the
initial transformation matrix, the initialization of the
transformation matrix is of high importance. In MCE
training, a unit matrix is usually chosen as the initial
matrix for the transformation. This is equivalent to us-
ing only the first m features in a feature vector to start
the training. This type of initialization is poor because

Figure 3. Effects of the choices of the starting point on MCE
training.
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the first m features do not always store the most useful
information. Hence, such initialization does not nec-
essarily make the training process approach the global
minimum. From searching point of view, we can regard
the initialization of transformation matrix and MCE
training as two sequential search procedures: one is
general but rough and the other, local but thorough. The
former procedure will provide a global optimized start-
ing point and the latter will make a thorough search to
find the relevant local minimum. At present, no suitable
criteria exist for general search. In this paper, we em-
ployed LDA and PCA for the general search. The re-
sults are compared to those of MCE training that begins
with unit matrix.

Initialization of the transformation matrix is one of
the key procedures in MCE training. In this paper we
explored the use of LDA and PCA as the pre-processing
procedure to provide initial matrix for transformation.
The alternative MCE training algorithm initialized with
LDA and PCA are denoted as MCE(alt) + LDA and
MCE(alt) + PCA, respectively. The MCE training ini-
tialized with unit transformation matrix is denoted as
MCE(alt) + UNIT.

The results for Deterding database are shown in
Figs. 4 and 5, while for the GLASS data, in Table 3.

Observations from these results can be summarized
as follows:

• Performances of MCE training algorithm on both
Deterding and GLASS databases improve when
LDA is used to initialize the transformation matrix.

• The performance of MCE training algorithm on
GLASS database improves when PCA is used to

Figure 4. Comparison of the recognition rates of
MCE(alt) + UNIT, MCE(alt) + LDA, LDA on Deterding
database.

Table 3. Results on GLASS data (in %).

DIM MCE(alt) + UNIT MCE(alt) + LDA MCE(alt) + PCA

2 77.9 81.0 82.8

3 83.4 82.2 84.0

4 80.4 82.8 83.4

5 80.4 84.7 82.8

6 82.8 84.1 82.2

7 83.4 82.8 82.8

Figure 5. Comparison of the recognition rates of
MCE(alt) + UNIT, MCE(alt) + PCA, PCA on Deterding database.

initialize the transformation matrix, while on the
Deterding database, remains unchanged.

• MCE(alt) + LDA demonstrates the best perfor-
mance among MCE(alt) + UNIT, MCE(alt) + PCA,
LDA and PCA except for dimension 5 on the De-
terding database and dimensions 2, 3 and 4 on the
GLASS database.

• Performances of MCE(alt) + LDA and
MCE(alt) + PCA on testing data of Deterding
database show that the best classification results
are usually obtained when the dimensionality is
reduced to 50%–70%.

5. Conclusion

The MCE training algorithms, especially the proposed
alternative MCE training algorithm, usually provides
better results than those by LDA and PCA when
used for dimensionality reduction tasks. To further en-
hance the performance of the proposed MCE training
algorithm, a general pre-search procedure was used
to initialize the transformation matrix. In this paper,
we explored several criteria and LDA yields the best
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results. However, LDA is still far from being perfectly
suited to this procedure and further research is required.
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