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Abstract

This paper presents several softcomputing techniques
such as neural networks, fuzzy logic and genetic algo-
rithms: Neural networks as brain metaphor provide
fundamental structure, fuzzy logic gives a possibility
to utilize top-down knowledge from designer, and ge-
netic algorithms as evolution metaphor determine sev-
eral system parameters with the process of bottom-
up development. With these techniques, we develop
a pattern recognizer which consists of multiple neural
networks aggregated by fuzzy integral in which genetic
algorithms determine the fuzzy density values. The
experimental results with the problem of recognizing
totally unconstrained handwritten numerals show that
the performance of the proposed method is superior to
that of conventional methods.

1 Introduction

Intelligent svstems adaptively estimate continuous
functions from data without specifying mathemati-
cally how outputs depend on inputs. For achieving
some aspect of intelligent systems, softcomputing tech-
niques such as neural networks, fuzzy logic and genetic
algorithms have been proposed. However, their com-
pensatory properties have prompted many researchers
to combine them to produce more powerful systems
[1. 8). In this paper we present a framework for com-
bining them. and develop a pattern recognition system
as an implementation of the framework.

Neural networks and fuzzy logic estimate input-
output functions. Unlike statistical estimators, they
estimate a function without a mathematical model of
how outputs depend on inputs. They learn from expe-
rience with numerical and sometimes linguistic sam-
ple data. Neural networks consist of numerous simple
processing units and process information in a parallel
distributed manner. They have several characteristics
such as nonlinear mapping, parallel processing, learn-
ing and self-organization.

Fuzzy logic is characterized as extension of binary
crisp logic. Each fuzzy rule has an antecedent part con-
taining several preconditions, and a consequent part
which prescribes the value. Fuzzy set is a class in

which transition from membership to non-membership
is gradual rather than abrupt, so that it allows partial
membership. Fuzzy systems based on fuzzy logic di-
rectly encode structured knowledge but in a numerical
framework.

Genetic algorithms are used as a search technique
based on the mechanisms of natural selection and nat-
ural genetics. It combines survival of the fittest among
string structures with a structured but randomized in-
formation exchange to form a search algorithm with
some of the innovative flair of human problem solving.
They efficiently exploit historical information to spec-
ulate on new search points with expected improved
performance.

As described above, each technique has its own mer-
its and demerits. To produce more powerful system,
several integration and synthesis approaches have been
taken. It is natural to think of a framework for high-
performance system based on them. Neural networks
can be used as a baseline system. because they are well
recognized as a powerful input-output mapper. Qne of
the weakest points, however, is that human operators
cannot easily provide with any knowledge about the
problem at hand. In this case, fuzzy logic is useful.

Fuzzy logic gives a possibility to utilize top-down
knowledge from designer. Human operators are able
to give their knowledge in neural networks by means
of fuzzy membership functions. The membership funec-
tions are modified through learning process as fine tun-
ing. On the other hand, genetic algorithms are a pow-
erful tool for structure optimization of fuzzy logic and
neural networks which provide evaluation functions for
genetic algorithms. Figure 1 shows a schematic dia-
gram of the general framework based on the hybridiza-
tion of them.

To give an idea of how such a framework works out.
this paper presents a pattern recognition system as an
implementation. The system consists of a set of neural
networks combined by fuzzy logic, especially Choquet
integral. These methods consider the difference of per-
formance of each network in the combining process. To
determine the fuzzy density values required to design
the Choquet integral, genetic algorithms are utilized
for achieving the optimal solution to combine neural
networks.
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Figure 1: Schematic diagram of the softcomputing

framework.

2 Multiple Neural Networks

When trying to solve a real-world problem by neural
networks, we are faced with a large variety of learn-
ing algorithms and a vast selection of possible network
architectures. After all the training, we choose the
best network with a winner-take-all cross-validatory
model selection. Recent theoretical and experimental
studies, however, indicate that we can improve perfor-
mance by considering methods for combining neural
networks [2, 5]. One of the key issues of this approach
is how to combine the results of the various networks
to give the best estimate of the optimal result. If we
have networks of different accuracy, however, it is ob-
viously not good to take their simple average or simple
voting.

Neural networks can be considered as a mapping
device between an input set and an output set. Math-
ematically, a neural network represents a function F
that maps I into O; F : I — O, or y = f(x) where
y € O and z € I. Since the classification problem is a
mapping from the feature space to some set of output
classes, we can formalize the neural network, especially
two-layer feedforward neural network trained with the
generalized delta rule, as a classifier.

Suppose a two-layer neural network classifier with
T neurons in the input layer, H neurons in the hidden
layer, and ¢ neurons in the output layer. Here, T is
the number of features, c is the number of classes,
and H is an appropriately selected number. The
network is fully connected between adjacent layers.
The operation of this network can be thought of as
a nonlinear decision-making process: Given an un-
known input X = (x1,x2,....z7) and the class set
= {wy,ws,...,wc}, each output neuron produces y;
of belonging to this class by

H T
PlwilX)myi = fO Y wil f [ Y wiia; | 3, (1)
k=1 j=1

where wk’"ji is a weight between the jth input neuron
and the kth hidden neuron, wi™ is a weight from the
kth hidden neuron to the ith class output, and f is
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Figure 2: Multiple neural networks combined.

a sigmoid function such as f(z) = 1/(1 + e~*). The
neuron having the maximum value is selected as the
corresponding class.

The network presented above trains on a set of ex-
ample patterns and discovers relationships that distin-
guish the patterns. A network of a finite size. however.
does not often load a particular mapping completely or
it generalizes poorly. Increasing the size and number
of hidden layers most often does not lead to any im-
provements. Furthermore, in complex problems such
as character recognition, both the number of avail-
able features and the number of classes are large. The
features are neither statistically independent nor uni-
modally distributed. The basic idea of the multiple
network scheme is to develop n independently trained
neural networks with relevant features, and to classify
a given input pattern by utilizing combination meth-
ods to decide the collective classification [2] (Figure
2). Then it naturally raises the question of obtaining
a consensus on the results of each individual network
or expert.

3 Fuzzy Integrals

In this section, we describe the method that utilizes
the fuzzy integral for combining the neural networks.
This method might produce better classification re-
sults with the subjectively assigned importances of in-
dividual networks.

The fuzzy integral is a nonlinear functional that is
defined with respect to a fuzzy measure, especially gy-
fuzzy measure introduced by Sugeno [4]. The ability
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of the fuzzy integral to combine the results of multiple
sources of infermation has been established in several
previous works [7].

From the definition of a fuzzy measure g, Sugeno
introduced the so-called g)-fuzzy measures satisfying
the following additional property: For all A,B C X
and AN B =,

glAUB) = g(A)+g(B)+Ag(A)g(B). )

(2
It affords that the measure of the union of two disjoint
subsets can be directly computed from the component
measures.

Using the notion of fuzzy measures, Sugeno devel-
oped the concept of the fuzzy integral, which is a non-
linear functional that is defined with respect to a fuzzy
measure, especially gx-fuzzy measure (4, 7].

Definition 1: Let X be a finite set, and h : X — [0,1]
be a fuzzy subset of X. The fuzzy integral over X of

the function h with respect to a fuzzy measure g is
defined by

h(r)yog() =

EC.

= sup [min(a,g(ha))] 3)
a€0,1]

max {min <Izrl€1? h(x),g(E)ﬂ

where h, is the a level set of k.
he = {z | h(z) > a}. (4)

The fuzzy integral of equation (3) is called the
Sugeno integral. To get some intuition for the Sugeno
integral we consider the following interpretation. h(y)
measures the degree to which the concept h is satisfied
by y. The term minyeg h(y) measures the degree to
which the concept h is satisfied by all the elements in
E. Moreover. the value g(F) is a measure of the degree
to which the subset of objects E satisfies the concept
measured by ¢g. Then, the value obtained from com-
paring these two quantities in terms of the min opera-
tor indicates the degree to which E satisfies both the
criteria of the measure g and minye g h(y). Finally, the
max operation takes the biggest of these terms. One
can interpret the fuzzy integral as finding the maximal
grade of agreement between the objective evidence and
expectation.

The calculation of the fuzzy integral when Y is a
finite set is easily given. Let ¥ = {y1,y2,....Yn} be a
finite set and let & : Y — [0, 1] be a function. Suppose
h{yr) > hlys) > ... > h{ys). (if not, Y is rearranged
so that this relation holds). Then a fuzzy integral,
¢, with respect to a fuzzy measure g over Y can be
computed by

¢ = max [min (h(y:), 9(A:))] (5)

where A; = {y1,y2,. .-, Yi}-

for some A > 1.

Note that when g is a gy-fuzzy measure, the values
of g(4;) can be determined recursively as

g{A) =
g(4;)

s{n}) =g (6)
g+ g(Ais1) + Ag'g(Aiy), for 1 <i<n

fl

A is given by solving the equation

n

A+1=TJ0+xg") (7)

i=1

where A € (—1,+00), and A # 0. This can be easily
calculated by solving an (n — 1)st degree polynomial
and finding the unique root greater than —1.

A quite different definition was proposed by Muro-
fushi and Sugeno [4], using a function defined by Cho-
quet in capacity theory as Choquet integral:

e = (hly:) = hlyi-1))g(4) (8)
1=1

where A{yg) = 0. Thus the calculation of the fuzzy in-
tegral with respect to a ga-fuzzy measure would only
require the knowledge of the density function, where
ith density, ¢', is interpreted as the degree of impor-
tance of the source y; towards the final evaluation.

Let = {w1,ws,...,w} be a set of classes of inter-
est. Note that each w; may, in fact, be a set of classes
by itself. Let ¥ = {y1,¥2.....yn} be a set of neural
networks, and A be the object under consideration for
recognition. Let Ay : Y — [0, 1] be the partial evalua-
tion of the object A for class wy, that is, hy(y;) is an
indication of how certain we are in the classification of
object A to be in class wy using the network y;, where
a 1 indicates absolute certainty that the object A is
really in class wy and 0 implies absolute certainty that
the object A is not in wy.

Corresponding to each y; the degree of importance,
g', of how important y; is in the recognition of the class
wy, must be given. These densities can be subjectively
assigned by an expert, or can be induced from data
set. The g*'s define the fuzzy density mapping, and
A and g's are calculated. Thern, using (8) the fuzzy
integral can be calculated. Finally, the class wp with
the largest integral value is chosen as the output class.
Next section, we will describe how to determine the
g’s effectively by using genetic algorithms.

4 Genetic Algorithms

Evolution is a remarkable problem-solving machine [6].
First proposed by John Holland in 1975, GAs as one of
computational implementations are an attractive class
of computational models that mimic natural evolution
to solve problems in a wide variety of domains. A ge-
netic algorithm emulates biological evolutionary theo-
ries to solve optimization problems.
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Figure 3: Overall procedure of the proposed method.

In common with all other search algorithms, a GA
performs a search of a multidimensional space con-
taining a hypersurface known as the fitness surface. A
particular parameter set defines a point on a hyper-
plane on to which the surface is projected, with the
height of the surface above the hyperplane reflecting
the relative merit of the problem solution represented
by the parameter set.

The basis of a GA is that a population of prob-
lem solutions is maintained in the form of chromo-
somes, which are strings encoding problem solutions.
Strings can be binary or have many possible alterna-
tives {(genes) at each position. The strings are con-
verted into problem solutions, which are then evalu-
ated according to an objective scoring function. Often
it is not possible to exhaustively test all aspects of a
solution, and noise may be present on the objective
function, so the assigned fitness is an estimate of the
true fitness of a chromosome. It is important that
this is a good estimate, otherwise the selective pres-
sure that favors truly high scoring chromosomes can
be lost in the noise caused by poor fitness estimates.

Following fitness evaluation, a new population of
chromosomes is generated by applying a set of genetic
operators to the original population. These are basi-
cally random copying and altering of individuals from
the original population with the probability of copy-
ing of any individual from one generation to the next
being proportional to its fitness. During the copying
process two operations may be performed—a gene may
be erroneously copied (mutation), or a new individual
may be formed by combining segments from two chro-
mosomes by copying one chromosome up to a specific
location on the chromosome, then copying a different
chromosome (crossover).

To give an idea of how the framework yields better
system, we have utilized the Choquet integral to com-
bine the outputs of the networks with importance of
each network, which is assigned by genetic algorithm.
Figure 3 shows the GA procedure for the proposed
method. The GA approach to our problem takes pieces
of the fuzzy density values to combine neural networks
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Figure 4. Sample data for experiments.

as such strings as shown in Figure 3. In the following.
gxn(A) and §; denote the human-provided values, and
g:(A) and g; denote the identified values.

In this method, chromosomes encode the fuzzy den-
sity values g/ by a vector C; = (g1.43....,g3:A;). The
fitness function f(C;) for chromosome C; is the sum
of the differences between human-provided fuzzy mea-
sure value g (A) and fuzzy measure value obtained by
qf and ;.

FICH = Y dant4) - /\l [H (1+A9)) - 1} I
ACB(X) 7 €A

(9)
With these the genetic operators yield an optimal set
of parameters to combine neural networks. When
adopting GA to solve a problem at hand, we have
to consider about the computational cost and conver-
gence problem: It may not converge if the problem
is structured poorly. However, in the hybrid system.
they are not so serious because the solution space 1s
not that large, and moreover, the GA replaces a mod-
erate amount of trial-and-error overhead we have to
put in the course of deciding the optimal parameters.

5 Experiments and Analysis

5.1 Environments

In the experiments, we have used the handwritten digit
database of Concordia University of Canada. which
consists of 6000 unconstrained numerals originally col-
lected from dead letter envelopes by the U.S. Postal
Services at different locations in the U.S. The numerals
of this database were digitized in bilevel on a 64x224
grid of 0.153mm square elements, giving a resolution
of approximately 166 PPI. Among the data, 4000 nu-
merals were used for training and 2000 numerals for
testing. Figure 4 shows some representative samples
taken from the database. We can see that many dif-
ferent writing styles are apparent, as well as numerals
of different sizes and stroke widths.
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Digits, whether handwritten or typed, are essen-
tially line drawings, i.e., one-dimensional structures in
a two-dimensional space. Thus, local detection of line
segments seems to be an adequate feature extraction
method. For each location in the image, information
about the presence of a line segment of a given di-
rection is stored in a feature map {3]. Especially, in
this paper Kirsch masks have been used for extracting
directional features.

Since the data set was prepared by thorough pre-
processing, in this paper, each digit is scaled to fit
in a 16x16 bounding box such that the aspect ratio
of the image is preserved. Then, feature vectors for
horizontal, vertical, right-diagonal, and left-diagonal
directions are obtained from the scaled image. The
final step in extracting the features compresses each
16x 16 directional vector into 4x4 vector with averag-
ing operator, which produces a value for 2x2 pixels
with dividing by 4 the value obtained by summing the
four values. Moreover, 4x4 compressed image can be
considered as a good candidate for global features. In
addition to those two features, we have also used a con-
tour feature: 15 complex Fourier descriptors from the
outer contours and simple topological features from
the inner contours. As a result, available features in-
clude four 4x4 local features, one 4x4 global features,
and structural features extracted from the contours of
the numerals.

5.2 Experimental Results

To evaluate the performance of the combining meth-
ods, we have implemented three different networks,
each of which is a two-layer neural network using dif-
ferent features. NN;, NNy and NN3 are the networks
using normalized image, Kirsch features, and sequence
of contour features, respectively. In this way each
network makes the decision through its own criterion.
Each of the three networks was trained with 4000 sam-
ples, and tested on 2000 samples from the Concordia
database.

The error backpropagation algorithm was used for
the training and the iterative estimation process was
stopped when an average squared error of 0.9 over the
training set was obtained. or when the number of it-
eration reaches 1000. which was adopted mainly for
preventing networks from overtraining. The parame-
ter values used for training were: learning rate is 0.4
and momentum parameter is 0.6. An input vector is
classified as belonging to the output class associated
with the highest output activation.

For the use of weighting among the networks, we
assigned the degree of importance of each network, g,
based on how good these networks performed on the
train data. We computed these values as follows:

i_ P

¢ = =
ZJPJ'

- dsum, (10)

Table 1: Results of combining networks by the fuzzy
integral on three different networks.

Actual Partial decision Fuzzy

class NN, NN, NN3 decision
1 6 6 (0.99) 6(0.99) 5(0.33) 6 (0.68)
2 8 8 (0.99) 0(0.00) 8(0.99) 8 (0.66)
3 2 2 (0.99) 2(0.99) 2(099) 2(0.99)
4 7 8 (0.01) 8(0.00) 7(0.96) 7 (0.32)
5 9 9 (0.99) 9(0.99) 8(0.07) 9 (0.66)
6 3 3(0.99) 3(0.99) 3(0.99) 3(0.99)
7 7 8 (0.03) 0(0.04) 7(0.48) 7(0.16)
8 5 5(0.93) 3(0.13) 3(0.62) 5(0.32)
9 2 8 (0.34) 2(0.99) 8(0.20) 2(0.33)
10 9 9(0.99) 1(0.99) 9(0.99) 9 (0.67)
11 4 4 (0.99) 4(0.99) 4(0.99) 4 (0.99)
12 8 8 (0.99) 01(0.98) 8(0.83) 8(0.62)

Table 2: The result of recognition rates (%).

Methods Correct Error Reject
NN, 89.05 7.00 3.95
NN, 95.40 3.75 0.85
NNj3 93.95 4.10 1.95
NN+Fuzzy 97.78 1.90 0.32
NN+Fuzzy+GA  98.05 1.95 0.00

where p; is the performance of network NN; for the
train data and dsum is the desired sum.

Table 1 reports the results of combining networks by
the fuzzy integral on three different networks. In this
table the value in the parentheses represent the confi-
dence of the evaluation result. As can be seen. cases 1
and 2 are misclassified by NN3 and NNs, respectively.
However, in the final evaluations they are correctly
classified. In cases 4 and 9, one network with strong
evidence overwhelmed the other networks, producing
correct classification. Furthermore. in case 7. the fuzzy
integral made a correct decision despite that the par-
tial decisions from the individual neural networks are
totally inconsistent. The effect of misclassification by
the other networks has given rise to small fuzzy inte-
gral values for the correct classification in this case.

Figure 5 shows the best and average fitness changes
in the genetic algorithm based method. As the fig-
ure depicts, it is clear that the performance increases
as the generation goes and after the initial radical im-
provements the overall fitness settles down soon. Table
2 reports the recognition rates with respect to the
three different networks and their combinations by utl-
lizing combining methods. NN,j; here means the net-
work trained with all the available features.

As can be seen, any method of combining neural
networks produces better results than individual net-
works, and the overall classification rates for the soft-

—711—



Best vs. Average Fitness
e ————— -
D e
Wﬁrwv“‘\ww’vw
I o~

[ g

Fitness

Figure 5: Best and average fitness changes as genera-
tion goes.

Table 3: Comparisons of the presented method with
the related (%).

Methods Correct FError Reject
Lam et al. (1988) 93.10 2.95 3.95
Nadal et al. (1988) 86.05 2.25 11.70
Legault et al. (1989) 93.90 1.60 4.50
Krzyzak et al. (1990) 86.40 1.00 12.60
Krzyzak et al. (1990) 94.85 5.15 0.00
Mai et al. (1990) 92.95 2.15 4.90
Suen et al. (1990) 93.05 0.00 6.95
Kim et al. (1994) 95.85 4.15 0.00
The proposed method 98.05 1.95 0.00

computing techniques are higher than those for other
consensus methods. Although the network learned the
training set almost perfectly in all three cases, the per-
formances on the test sets are quite different. Further-
more, we can see that the performance did not improve
by training a large network with considering all the
features used by each network. This is a strong evi-
dence that multiple neural network might produce bet-
ter result than conventional single network approach.
Actually, the proposed softcomputing methods have a
small, but statistically significant (p > 0.995), advan-
tage in recognition rates obtained by the conventional
methods.

To give a fairer view of the performance in this field
of handwritten digit recognition, Table 3 shows the
performances of the presented hybrid method along
with the results reported by some previous methods
in the literature. It also provides information about
the size of the data sets used for training and test-
ing along with the scanning resolution in PPI. The
error rate of the proposed method is 1.95%, which is
a big improvement compared with those of the previ-
ous methods. Actually, this performance is remark-
able and can stand comparison with the best results

reported in the literature.

6 Concluding Remarks

This paper has presented a softcomputing framework
for producing an improved performance on real-world
classification problem, especially handwritten numeral
recognition. One of the important advantages of the
method based on softcomputing techniques is that not
only is the classification results combined but that the
relative importance of the different networks is also
considered. The experimental results for classifying
a large set of handwritten numerals show that it im-
proves the generalization capability significantly. This
indicates that even these straightforward, computa-
tionally tractable approach can significantly enhance
pattern recognizer. The complementary nature of neu-
ral networks, fuzzy logic and genetic algorithms leads
us to believe that a further refined genetic neuro-fuzzy
system will significantly improve the state-of-the-art
pattern recognizers.
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