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Abstract

The performance of multiple classifier systems varies
with the performance of component classifiers as well as
the method of combination. In this paper, information-
theoretic methods are proposed for constructing multiple
classifier systems, provided that the number of component
classifiers is constrained in advance. These proposed meth-
ods are applied to a classifier pool and examine the possi-
ble classifier sets by the selected information-theoretic cri-
teria. One of them is then selected as the candidate and is
evaluated together with the other multiple classifier systems
on the recognition of unconstrained handwritten numerals
from Concordia University and the University of California,
Irvine. Experimental results support the approach.

1. Introduction

As an alternative to a single classifier approach, the
combination of multiple classifiers has been studied for
more than a decade and has reported improved performance
[3, 4, 6, 13]. The performance of multiple classifier sys-
tems varies with their component classifiers as well as their
method of combination. Most studies on combining mul-
tiple classifiers have focused mainly on the combination
methods. Only a few studies have investigated how to se-
lect the component classifiers from a classifier pool [2, 5].
Thus, the selection of component classifiers (how to select
them, or how many to select) remains an important research
issue. Woods et al. [13] suggested that a strategy should
be devised when selecting the mix of classifiers, because
the combination of four classifiers was slightly superior to
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the combination of five classifiers for all data sets. More
recently, Kang and Lee proposed an information-theoretic
strategy for selecting the multiple classifiers [5].

In this paper, two simple selection criteria are reviewed
and the information-theoretic methods are proposed for
constructing a multiple classifier system. For the purpose
of weakening the general selection problem of classifiers,
it is assumed that the number of selected component clas-
sifiers is constrained in advance. The criteria is to select
the component classifiers according to the ranking order of
their forced recognition rate (FRR) or reliability rate (RR)
up to the fixed number. The information-theoretic criteria
are based on the measure of closeness (MC) in [3, 7] or the
conditional entropy (CE) in [4, 12].

Two information-theoretic criteria for selecting the com-
ponent classifiers are evaluated together with two selection
criteria for recognition of unconstrained handwritten nu-
merals from Concordia University [11] and the University
of California, Irvine (UCI) [1]. The selection criteria are ap-
plied to the classifier pool, we examine the possible classi-
fier sets, and select one of the classifier sets as the candidate
multiple classifier system (MCS).

The MCS candidates are evaluated by using the combi-
nation methods in [3, 4] together with the other classifier
sets in the experiments. From the experimental results, it
was taken for granted that the MCS candidates selected by
the CE criterion were superior to the other classifier sets
selected by the other criteria in most cases. Thus, the CE
criterion is regarded as one of promising clues for the se-
lection of classifiers. For the experiments, six classifiers are
considered at the abstract or rank level by using the features
or methodologies in [8, 9, 10].

The remainder of this paper is organized as follows. Sec-
tion 2 explains the selection criteria for the classifiers. Ex-
perimental results for evaluating the criteria are provided in
Section 3 and a discussion is presented in Section 4.
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2. Selection criteria

Two simple selection criteria are first introduced. One
of them is called the forced recognition rate (FRR) crite-
rion and the other is called the reliability rate (RR) crite-
rion. In addition, two information-theoretic criteria are in-
troduced by considering the first- and second-order depen-
dencies among classifiers. These dependencies enable us
to optimally approximate the high order probability distri-
butions with the product of low distributions for Bayesian

2. Within every classifier set referred to in step 1, com-
pute the largest total sum of mutual information and se-
lect its associated classifier set as the MCS candidate.

On the other hand, the conditional entropy of the upper
bound of the Bayes error rate can also be applied for obtain-
ing the optimal approximations by minimizing the control
entropy H(M|E) composed of a label class M and a vector
variable E of the decisions of K classifiers where K is the
number of classifiers. The Bayes error rate P, is defined
in the following expression by introducing the CD(Class-
Decisions) mutual information U(M; E) as in [4]:

1 1
decision combination methods as in [3, 4]. One of two Pe < SH(M|E) = 5 (H(M) — U(M; E)) 3
information-theoretic criteria is called the measure of close- ( J€)
ness (MC) criterion[7]. The other is called the conditional U(M; E) = Z Z P(m,e)log 5o b5 m) p(e) @

entropy (CE) criterion, based on the conditional entropy
minimization of upper bound of Bayes error rate in [12].
The measure of closeness can be used for obtaining the
optimal approximations by minimizing the difference be-
tween a real distribution P(C) and an approximate distri-
bution P,(C') where a vector variable C' represents both
a labeled class and K classifiers decisions where K is

When dth-order dependency in the (K + 1)st-order proba-
bility distribution of M and F is considered for the applica-
tion of the conditional entropy minimization, two approxi-
mate formulae are defined by the following expressions as
we consider dependencies among classifiers:

the number of classifiers. The measure of closeness, Py(Ey,---,Ex, M) = H P(En;|Eny;y 5 By gy, M), )
I(P(C), P,(C)), is defined in the following expression: =1
I(P(0). Pu(©)) = Y P(e)log 3 M) «
c Pa(Br, -, Ex) = [ [ P Bnsayys s Brsy)s - ©
When the dth-order dependency in the (K + 1)st-order 5=1
probability distribution of C'is considered for the applica- (0 < id(j),---,i1(4) < J),
tion of the measure of closeness, an approximate formula is such that E,,, is conditioned on all d terms from E,,, ., to
defined by the following expression: i)
En,, > and where (n1,--+,nk) is an unknown permuta-
K+1 tion of integers (1,---, K ) The CD mutual information is
Pa(Cy, -+, Cry1) = H P(CnjlCnigijys 5 Criy ) ) measured by computing the charge in (A) mutual informa-
el tion as in [4], which is the difference in mutual information,

(0 <id(j),- -+, iL(d) < 4),

such that Cy,; is conditioned on all d terms from C,
to Cp,, ;> and where (n1,--+,nK,nKy1) is an unknown
permutation of integers (1,---, K, K + 1). The MC cri-
terion finds the optimal product approximation relevant to
each classifier set by maximizing the total sum of mutual
information for the given order of dependency, and then se-
lects one classifier set having the largest total sum of mutual
information among all the classifier sets as a MCS candi-
date. The details on the use of the measure of closeness are
described in [3]. The algorithm to find the MCS candidate
by the dth-order dependency and the MC criterion can be
described in the following manner:
Input:

The order of dependency d and the permissible w clas-

sifier sets S*,-- -, Sv
Output:
The classifier set S* having the maximum total sum of

mutual information
Method: )
1. For each classifier set, compute the total sum of mu-

tual information and its associated product set according
to d using the algorithm in [3].

i1(4)

2

as in the following expressions for the case of the first-order
dependency:

AD(Ej; Ey(;)) = D(Ej; By, M) — Ei;)) @)

D(Eyi By, M) =Y > Ple,m)logP(eleiy,m) — (8)

D(E;

D(Bj; Byggy) = ), P(elogP (ejleiy) ®

Thus, the CE criterion finds the optimal product approxi-
mation relevant to each classifier set by maximizing the total
sum of A mutual information for the given order of depen-
dency, and then selects one classifier set having the largest
total sum of A mutual information among all the classifier
sets as a MCS candidate. The details on the use of the con-
ditional entropy of the upper bound of the Bayes error rate
are described in [4]. The algorithm to find the MCS candi-
date by the dth-order dependency and the CE criterion can
be described as follows:

Input:
The order of dependency d and the permissible w clas-

sifier sets S, ---, v
Output:
The classifier set S* having the maximum total sum of

A mutual information
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Method:
1. For each classifier set, compute the total sum of the

mutual information and the associated product set ac-

cording to d using the algorithm in [4].
2. Among every classifier set referred to in step 1, com-

pute the largest total sum of A mutual information and
select its associated classifier set as the MCS candidate.

3. Experimental results

Various MCSs built from the pool of six classifiers, E1,
E2, E3, E4, ES, E6, will be evaluated in this section. These
classifiers are developed by using the features in [8, 10] or
by using the structural knowledge of numerals in [9], such
as the bounding box, centroid, and the width of horizontal
runs or strokes, developed at KAIST and Chonbuk National
Universities. Their characteristics are described in Table 1.
As the classifiers £E4 and E5 were trained by the structural
knowledge obtained from the numerals of Concordia Uni-
versity, they are not as good as the numerals of UCI. The
reject results of a classifier were used in the MC criterion.
The performance of individual classifiers is shown in Fig-
ures 1 and 2 for the respective data sets.

Table 1. Introduction of individual classifiers

archi. classifier distance function
El || singular | neural net. pixel distance funct.
E2 || modular | neural net. | directional distance distri.
E3 || singular | neural net. mesh feature
E4 || modular | rule-based | modified structural know.
E5 || modular | rule-based structural knowledge
E6 || singular | neural net. contour feature
100
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Figure 1. Results of individual classifiers on
training data sets: A, B, 1ra, cv, wdep

The handwritten numeral databases are as follows. The
UCI data sets in [1] are used for optical recognition of hand-
written digits and consist of three training data sets tra, cv,
wdep and one test data set windep. The data set tra has
about 190 digits per a class, the data sets cv, wdep have
about 95 digits per a class, and the data set windep has about

100
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g M relia.(T)
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5]
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Figure 2. Results of individual classifiers on
test data sets: 7, windep

180 digits per a class. The CENPARMI data sets consist of
two training data sets A, B and one test data set 7. Each data
set has 200 digits per a class. Each neural network based
classifier was trained with the training data sets A and tra.
For evaluating the proposed framework, the optimal prod-
uct sets were found by using the two data sets A, B and the
three data sets tra, cv, wdep.

The selection criteria were applied to the possible clas-
sifier sets and then they selected the most successful clas-
sifier set among them by considering the results of clas-
sifiers from the training data sets. In order to denote the
information-theoretic criteria according to the order of de-
pendency, we use the abbreviations as shown in Table 2.

Table 2. Selection criteria
notation | criterion
MCbFO MC

MCbCFO MC
MCbSO MC

dependency
First-Order dependency
Conditional First-Order depend.
Second-Order dependency

MC MC all MC criteria
CEbFO CE First-Order dependency
CEbSO CE Second-Order dependency

CE CE all CE criteria

All the MCSs were evaluated by the following combi-
nation methods on the test data sets: voting, Borda count,
Bayesian combination methods abbreviated as in Table 3.
The Bayesian methods are described in [3, 4, 6].

Table 3. Bayesian combination methods

method meaning
CIAB | Condi. Independ. Assump. based Bayesian
FODB | First-Order Dependency based Bayesian
CFODB | Condi. First-Or. Depend. based Bayesian
SODB | Second-Order Depend. based Bayesian
DFODB | A First-Order Depend. based Bayesian
DSODB | A Second-Order Depend. based Bayesian
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