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Abstract 
Difficult pattern recognition problems involving 

large class sets and noisy input can be solved by a mul
tiple classifier system, which allows simultaneous use 
of arbitrary feature descriptors and classification pro
cedures. Independent decisions by each classifier can 
be combined by methods of the highest rank, Borda 
count, and logistic regression, resulting in substantial 
improvement in overall correctness. 

1 Introduction 
A pattern recognition system is proposed that con

sists of a set of independent classifiers and a decision 
combination function [6]. We consider this as a pre
ferred solution to a complex pattern recognition prob
lem, because it allows simultaneous use of feature de
scriptors of many types, their corresponding measures 
of similarity, and any appropriate classification pro
cedures. Classifiers using different feature descriptors 
and matching procedures often produce uncorrelated 
errors. Classification performance can be improved 
by obtaining a consensus of their decisions. It is also 
possible to dynamically select the most appropriate 
classifiers for inputs of a particular type. 

An effective decision combination function is criti
cal to the success of a multiple classifier system. The 
function should take advantage of the strengths of the 
individual classifiers, avoid their weaknesses, and im
prove classification correctness. Methods based on in
tersection and union of candidate sets have been pro
posed in [4]. Those techniques are sensitive to outly
ing worst cases and hence are unsatisfactory in a noisy 
environment. In this paper, we propose several new 
techniques to overcome this problem. 

2 Decision Combination Methods 
We assume that each classifier outputs its decisions 

as a ranking of a given set of classes with respect to 
an input pattern. A classifier believes most strongly 

that the input pattern belongs to the class ranked at 
the top, according to a certain similarity score it com
putes. Binary decisions (accepted as a particular class 
or rejected) output by some classifiers are considered 
as rankings of two levels. 

Rankings are used for three reasons. (1) They con
tain more information than a unique class choice. This 
is desirable in a many-class discrimination problem, 
where the classifiers may not be able to uniquely iden
tify the true class, but can include the true class in sev
eral guesses with high accuracy. (2) As a nonparamet
ric method, it avoids making assumptions on the dis
tribution of the numerical similarity scores computed 
by each classifier. (3) It is convenient to implement, 
and generally applicable to all types of classifiers, since 
a ranking can always be derived from a linear ordering 
of the similarity scores. 

Ranking combination methods are intended to im
prove the rank of the true class. Their success is eval
uated by the position of the true class in the resultant 
ranking. A combination method is considered suc
cessful if the true class appears close to the top of the 
output ranking more often than it does in any of the 
individual rankings that are input. 

Three methods for ranking combination are pro
posed. In each method, a confidence score is defined 
which is a function of the ranks assigned to each class 
by the classifiers. Only the relative magnitudes of 
the confidence scores for different classes are impor
tant. The consensus ranking is obtained by sorting 
the classes by the confidence scores. 

Let the ranks assigned to a class by classifiers 
Gl , O2 , ... , Gm (m ~ 2) be represented as a vector 
R = < rl, r2, ... , rm > associated with each class. 
r i = 1 if a class is ranked at the top by classifier Gi , 

and ri = 2 if ranked at the second position and so 
on. The confidence score S is a function of R: 

S = f(R). 
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Three forms of f(R) are proposed: 

II(R) 
h(R) 
h(R) = 

min(rl' r2, ... , rm) 
rl + r2 + ... + rm 
Wlrl + W2r2 + ... + wmrm· 

A method that uses II is called the highest rank 
method. h is used in the Borda count method, and h 
is used in a generalized Borda count method where the 
weights Wi are estimated by logistic regression. Using 
each of fl , h, and h, a new ranking is obtained by sort
ing the given classes according to the computed values 
of fl' h, and h, respectively. The advantages and dis
advantages of each method are discussed in Sections 3 
to 5. 

3 The Highest Rank Method 
Assume that for each input pattern, M classifiers 

are applied to rank a set of classes. Each class is then 
assigned the minimum (highest) of the M rank posi
tions it receives as its score. The set of classes is then 
sorted by these scores to yield a combined class rank
ing for the input pattern. There may be ties in this 
combined ranking, which may be broken arbitrarily to 
achieve a strict ordering. 

This method is particularly useful in a problem in
volving a large number of classes and a small number 
of uncorrelated classifiers. The advantage is with its 
ability to focus on the strength of each classifier. For 
any input pattern, as long as there is one classifier that 
performs well and ranks the true class near the top, 
say, at rank N, no matter how the other classifiers 
perform, the true class will be at a position no farther 
then N x M from the top in the combined ranking, 
where M is the number of classifiers. 

One disadvantage with this method is that the com
bined ranking may have many ties. The number of 
classes in ties depends on the number of classifiers 
used. For example, if five classifiers are used, there 
are at least one and at most five distinct classes that 
are ranked at the top by a classifier. Those five classes 
are in a tie in the final ranking, since they all receive 
the score 1. Therefore, this method is useful only if the 
number of classifiers is small relative to the number of 
classes. 

4 The Borda Count Method 
Decision combination in a multiple classifier system 

can be viewed as a committee voting problem in group 
decision theory and accomplished by a group consen
sus function. One useful group consensus function is 
the Borda count [2]. For any particular class c, the 

Borda count is the sum of the number of classes ranked 
below c by each classifier. It is defined as follows: 

For any class c in a set S, let Bj(c) be the number 
of classes in S which are ranked below the class c by 
classifier Cj (j = 1, ... , m). The Borda count for class 
cis 

m 

B(c) = L Bj(c). 
j=l 

The consensus ranking is given by sorting the classes 
in descending order of their Borda counts. 

Intuitively, if the class c is ranked near the top by 
more classifiers, its Borda count tends to be larger. 
The magnitude of the Borda count for each class mea
sures the strength of agreement by the classifiers on 
the proposition that the input pattern belongs to that 
class. In a two-class problem, the Borda count is 
equivalent to a majority vote. 

If there are no ties in the individual rankings, 
the Borda count method is equivalent to sorting the 
classes by the sum of their ranks (12 in Section 2). 
The Borda count method assumes an additive inde
pendence between the rankings. 

The Borda count method is simple to implement, 
and requires no a priori knowledge of the classifier 
performance. However, it does not take into account 
the differences in the individual classifier capabilities. 
All classifiers are treated equally, which may not be 
preferable, when it is known for sure that certain clas
sifiers perform better than others in most cases. Be
cause of this, the method does not guarantee an im
provement of the rank of the true class. A statistical 
approach that computes a weight for each classifier is 
described in the next section. 

5 The Logistic Regression Method 
A generalization of the Borda count is a weighted 

sum of the ranks. The weights reflect the relative sig
nificance of each classifier, which are estimated based 
on observations of the classifier performance on a 
training set. The weights can be estimated by a lo
gistic regression analysis [1][3][7]. 

Consider the ranks assigned to each class as random 
variables. For a set of training patterns, the true class 
identities are known. To represent such knowledge 
from the training set, we need to determine how the 
rank variables predict which class is the true class of 
a given pattern. 

We define a binary response variable Y associated 
with each class, with Y = 1 meaning that the class 
is the true class, and Y = 0 otherwise. For a set 
of training patterns, the true classes are known and 
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therefore each class has a known value of Y. Y has a 
Bernoulli distribution with expected value 

E(Y) = 1 x P(Y = 1) + 0 x P(Y = 0) = P(Y = 1). 

We denote the probability P(Y = 1) as 7r(x), where 
x = < Xl,X2, ... ,Xm > represents the ranks assigned 
to that class by classifiers Cl , C2 , ... , Cm . For conve
nience in interpretation, we assume that Xj for a par
ticular class has the largest value when that class is 
ranked at the top by classifier Cj. For instance, in a 
problem with 100 classes, X3 = 100 for a class ranked 
by C3 at the top, and X3 = 99 for a class ranked next 
to it, and so on. 

Intuitively we expect that the likelihood of a class 
being the true class P(Y = 1) is larger when it is 
ranked higher by the classifiers. The relationship be
tween the ranks and the tendency towards being a true 
class is expected to be monotonic, but not necessarily 
linear. In fact, we expect 7r(x) ~ 0 when component 
values of x are small, and 7r(x) ~ 1 when component 
values of x are large. These conditions on the response 
function suggest the use of the logistic response func
tion [1]. For the case with one independent variable, 
the function has the form 

exp (a + (3x) 
7r(x) -

- 1 + exp (a + (3x) 

where x is the independent variable, a, {3 are param
eters. Using this function as a model, the odds of 
having response 1 (P(Y = 1)) are 

1 =(~(X) = exp (a + (3x). 

The log-odds have a linear relationship with the inde
pendent variable x 

I 7r(x) 
og 1 _ 7r(x) = (a + (3x), 

which can be generalized to the multivariate case with 
m independent variables 

7r(x) 
log 1 _ 7r(x) = (a + {31Xl + (32 X2 + ... + (3m xm). 

Such a log-odds (logit) transformation links the 
problem to linear regression analysis [1]. Maximum 
likelihood methods can be used to estimate the model 
parameters. The relative magnitudes of the estimated 
parameters indicate the relative significance of the 
classifiers in their marginal contributions to the logit. 

Hence insignificant classifiers may be identified and 
removed from the system. 

Estimation of the weights is illustrated with an ex
ample application in word recognition, where two clas
sifiers are used to discriminate between 33,850 classes 
(words). A neighborhood of up to 50 observations 
were taken for each image. A total of 43,422 observa
tions were obtained using 1,055 training images. Only 
the top ten decisions from each of the two rankings 
were used in model estimation. That is, a class re
ceives a 10 if it is ranked at the top, and a 0 if it is 
ranked below the 10th position. Figure 1 shows the 
plot of the computed logits versus Xl and X2. A regres
sion plane was fit to these logits by the SAS procedure 
LOGISTIC [9]. The estimated model is 

L(x) = - 5.8557 + 0.1965 Xl + 0.4008 X2. 

Figure 1: Plot of empiricallogits versus ranks by two 
classifiers. 

For an unseen pattern, the true class is unknown, 
and the logit of each class is predicted by the estimated 
model. Since the odds of having response 1 (i.e., being 
the true class) increase monotonically with the logit, 
the given classes can be ordered by descending values 
of the logit. The class with the largest logit is then 
considered as most likely to be the true class. 

In parameter estimation, all combinations of the 
ranks have to be considered. Therefore the method 
is computationally expensive, and is practical only for 
rankings of a small number of classes. In problems 
involving many classes, one may consider only those 
classes ranked very close to the top, say, only the top 
ten decisions in each ranking. 
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By using a specific Y for each decided class, and 
using ranks for all classes simultaneously as regressors 
[8], a regression model can be estimated for each de
cided class. Decision for an unseen pattern can then 
be made by comparing the predicted logit for each 
class. This is a more refined model, which is useful 
when there is a large amount of training data. 

6 Incremental Refinement 
In applications where only a few top choices are de

sired, the logistic regression method can be applied to 
obtain a consensus. However, in an application where 
a complete ranking of a large number of given classes 
is desired, estimation of the model parameters may 
become too expensive. In such a case, the three com
bination functions can be used in turn to improve the 
rankings incrementally. The highest rank method can 
be applied first to obtain a combined ranking. A num
ber of choices can then be extracted, which can be 
reranked using the Borda count method or the logis
tic regression method. This is a process of incremental 
refinement, starting with the simplest method and fin
ishing with the most expensive method. 

7 Dynamic Classifier Selection 
Classification performance of a multiple classifier 

system may also be improved by dynamically selecting 
the most appropriate classifiers for inputs of a partic
ular type. 

Consider an oracle that will always select the best 
classifier for each image. If such an oracle is available, 
we can take the decisions from the selected classifier, 
and ignore the decisions by other classifiers. This is 
an ideal case where we can apply dynamic classifier 
selection. 

One way to approximate such an oracle is to com
pute some mutually exclusive conditions that partition 
the set of all possible patterns in a particular domain. 
A training set is partitioned according to the com
puted conditions. Classifier performance is measured 
separately on each partition. The best classifier for 
each partition is hence determined. For the test set, 
similar conditions are computed and the best classifier 
for the corresponding partition is selected. This is a 
divide-and-conquer strategy. 

Dynamic selection can also be applied at the clas
sifier set level. After the training set has been par
titioned, the significance of each classifier's contribu
tion can be evaluated using logistic regression analysis. 
The estimated model suggests the decision combina
tion function for the type of patterns in that parti
tion. After the model is estimated for each partition, 

the appropriate decision combination function can be 
selected dynamically for each unseen pattern by eval
uating the partitioning condition. 

Possible partitioning conditions include character
izations of input quality and agreement of decided 
classes. For example, a character image can be de
scribed by the density of black pixels and a measure of 
image fragmentation. The agreement of, say, the top 
choice by each classifier, often .indicates the difficulty 
of a particular instance of a given problem. Classifiers 
tend to disagree with one another on a difficult input. 
Therefore some hints on how the decisions should be 
combined can be obtained by observing the top choice 
agreement by particular classifiers. 

8 Experimental Results 
The three combination methods were tested in 

a word recognition application, where the objec
tive was to classify a word image as one of 33,850 
words in a given lexicon. The images were collected 
from machine-printed addresses taken from live mail, 
scanned at 212 pixels per inch and binarized. The 
words had been printed in highly variable qualities 
and fonts. The lexicon was compiled from a database 
of postal words and aliases. 

Five classifiers were designed to rank the lexicon ac
cording to different features and matching procedures 
[5]. Classifiers 1 and 2 use two different techniques 
to postprocess decisions based on isolated character 
recognition. Classifier 3 is based on character segmen
tation and character recognition in context. Classifiers 
4 and 5 are based on word shape analysis that treats 
a word as a single symbol. The classifiers and the 
combination methods were trained using 1,055 sam
ple images. 

Table 1 summarizes the performance of the five 
classifiers and their combinations by the three meth
ods over a set of 1,671 testing images, without dy
namic classifier selection. Substantial improvements 
in the correct rates are observed. 

9 Conclusions 
A multiple classifier system was proposed to solve 

complex pattern recognition problems. Its advantages 
include robustness given by simultaneous use of com
plementary recognition methods and flexibility in dy
namic adaptation. Recognition decisions are repre
sented as rankings of a given class set. Consensus in 
decisions is obtained by three different methods, whose 
effectiveness is demonstrated in a word recognition ap
plication. 

IEEE Int. Conference on Pattern Recognition (ICPR), The Hague, Netherlands, Aug. 30 - Sept. 3, 1992, pp. 84-87 



Table 1: Summary of performance on 1,671 degraded 
word images using a 33,850 word lexicon. 

% Correct in Top N Decisions 
Descriptions N=1 2 3 10 
Classifier 1 79.2 86.1 88.2 90.5 
Classifier 2 76.9 83.2 85.4 88.3 
Classifier 3 74.8 84.1 86.3 90.5 
Classifier 4 42.4 53.7 59.5 72.1 
Classifier 5 58.9 70.0 74.5 82.9 
Combinations by 

highest rank 46.6 73.8 87.0 ~ 
Borda count 

~ 
88.1 90.7 94.6 

logistic regression 88.4 91.2 92.7 95.1 

c:J : significant improvements over individual performance. 

The proposed methodology is applicable to any pat
tern recognition problem, as long as multiple solutions 
exist for that problem, and each of them provides a 
ranking of a given set of classes with respect to an 
input pattern. 

The advantage of using multiple classifiers is best 
demonstrated in problems that involve a large set of 
classes and complex inputs. Word recognition is one 
such problem, where the size of the lexicon determines 
the number of classes. Other problems with these 
characteristics include the recognition of Chinese char
acters, fingerprints, human faces, speech, as well as 
certain areas of medical diagnosis. 
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