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Abstract 
This paper presents a framework for developing intelligent systems based on several soft
computing techniques such as fuzzy logic, neural networks and genetic algorithm. The 
neural networks provide the system with a baseline structure, the fuzzy logic gives a 
possibility to utilize top-down knowledge from designer, and the genetic algorithm de
termines several system parameters with the process of bottom-up development. As a 
manifestation, we propose an efficient fuzzy neural system which consists of modular neu
ral networks combined by the fuzzy integral in which genetic algorithm determines the 
fuzzy density values. 
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1 INTRODUCTION 

Fuzzy logic, neural networks and genetic algorithm are three technologies that have been 
proposed for achieving some aspect of intelligent systems. Their differences, however, 
have prompted us to try combining them to produce more powerful systems (Cho & 
Kim, 1992; Cho, 1994a; Cho, 1994b; Cho & Kim, 1995). In this paper we introduce a 
framework for combining three of them, and present an efficient classification system as 
an implementation. 
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360 Part Five Neural Networks 

• Fuzzy logic : Fuzzy logic is characterized as extension of binary crisp logic. Each fuzzy 
rule has an antecedent part containing several preconditions, and a consequent part 
which prescribes the value. The fuzzy set is a class in which transition from membership 
to non-membership is gradual rather than abrupt. Crisp sets allow only full membership 
or no membership at all, whereas fuzzy sets allow partial membership. In other words, 
an element may partially belong to a set. Traditionally, fuzzy logic uses minimum and 
maximum operators. 

e Neural networks : Neural networks, a model of the brain, artificially connects many 
nonlinear neuron model and processes information in a parallel distributed manner. The 
neural network has many characteristics such as nonlinear mapping, parallel processing, 
learning, and self-organization. It is applied to pattern recognition, control and so on. 
The neural network which consists of three layers (input/output layers and one hidden 
layer) are able to express any functions while using enough hidden units. 

e Genetic algorithm : Genetic algorithm is one of search methods based on the me
chanics of natural selection and natural genetics. It is not a gradient search technique. It 
combines survival of the fittest among string structures with a structured but random
ized information exchange to form a search algorithm with some of the innovative flair 
of human problem solving. An occasional new part is attempted for a good measure. 
While randomized, genetic algorithms do not perform simple random walk. They effi
ciently exploit historical information to speculate on new search points with expected 
improved performance. The two operators used frequently are crossover and mutation. 

As described above, each method has it's own merits and demerits. To produce more 
powerful system, several integration and synthesis techniques of them have been pro
posed. This paper presents a framework for high-performance classification system based 
on them. The neural networks can be used as a baseline system, because they are well 
recognized as a powerful input-output mapper. One of the weakest points, however, is 
that human operators cannot easily provide with any knowledge about the problem at 
hand. In this case, the fuzzy logic is useful. 

To give an idea of how such hybrid technique yields better classification system, we 
developed a neuro-fuzzy system that considers the difference of performance of each net
work in combining the networks. It is based on the notion of fuzzy logic, especially the 
fuzzy integral. This method combines the outputs of separate networks with importance 
of each network, which is assigned by genetic algorithm. 

2 MULTIPLE NEURAL NETWORKS 

Suppose a two-layer neural network classifier with T neurons in the input layer, H neurons 
in the hidden layer, and c 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 unknown input X = ( x11 x2, ••• , XT) 
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Figure 1 Multiple neural networks combined by fusion method. 

and the class set !1 = {w1 ,w2 , ••• ,we}, each output neuron produces Yi of belonging to 
this class by 

P(w;IX) ~ f { t wfk' f (t w';'/xi) } , 
k=! J=l 

(1) 

where w'k/ is a weight between the jth input neuron and the kth hidden neuron, wfk' is 
a weight from the kth hidden neuron to the ith class output, and f is a sigmoid function 
such as f(x) = 1/(1 +e-x). The neuron having the maximum value is selected as the 
corresponding class. 

The network presented above trains on a set of example patterns and discovers rela
tionships that distinguish 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 improvements. Furthermore, in 
complex problems such as character recognition, both the number of available features 
and the number of classes are large. The features are neither statistically independent nor 
unimodally 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 methods to decide the collective classification (Hansen & 
Salamon, 1990) (Figure 1). Then it naturally raises the question of obtaining a consensus 
on the results of each individual network or expert. 
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3 FUZZY LOGIC BASED METHOD 

The fuzzy integral is a nonlinear functional that is defined with respect to a fuzzy measure, 
especially g>,-fuzzy measure introduced by Sugeno (Sugeno, 1977). The ability of the fuzzy 
integral to combine the results of multiple sources of information has been established in 
the previous work (Tahani & Keller, 1990). Using the notion of fuzzy measures, Sugeno 
developed the concept of the fuzzy integral, which is a nonlinear functional that is defined 
with respect to a fuzzy measure, especially g;.-fuzzy measure (Sugeno, 1977; Tahani & 
Keller, 1990). 

Definition: 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(x) o g(·) max [min (minh(x),g(E))] 
Ef;X xEE 

sup [min(a,g(h01 ))] 

aE(O,lj 

where h"' is the a level set of h, 

ha={xlh(x)~a}. 

(2) 

(3) 

To get some intuition for the fuzzy integral we consider the following interpretation. 
h(y) measures the degree to which the concept h is satisfied by y. The term millyeE h(y) 
measures the degree to which the concept his satisfied by all the elements in E. Moreover, 
the value g(E) is a measure of the degree to which the subset of objects E satisfies the 
concept measured by g. Then, the value obtained from comparing these two quantities in 
terms of the min operator indicates the degree to which E satisfies both the criteria of the 
measure g and minyEE 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. 

Let n = {wt,W2, ... ,we} be a set of classes of interest. Note that each w; may, in fact, 
be a set of classes by itself. Let Y = {Yb y2, ••• , Yn} be a set of neural networks, and 
A be the object under consideration for recognition. Let hk : Y -+ [0, 1] be the partial 
evaluation of the object A for class wk, that is, hk(y;) is an indication of how certain we 
are in the classification of object A to be in class Wk using the network y;, where a 1 
indicates absolute certainty that the object A is really in class Wk and 0 implies absolute 
certainty that the object A is not in wk. 

4 GENETIC ALGORITHM BASED METHOD 

Evolution is a remarkable problem-solving machine (Srinivas & Patnaik, 1994). 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 genetic algorithm emulates biological evolutionary theories 
to solve optimization problems. 

The basis of a GA is that a population of problem solutions is maintained in the form 
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of chromosomes, which are strings encoding problem solutions. Strings can be binary or 
have many possible alternatives (genes) at each position. The strings are converted into 
problem solutions, which are then evaluated 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 
pressure 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 basically random copying 
and altering of individuals from the original population with the probability of copying 
of any individual from one generation to the next being proportional to its fitness. Dur
ing 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 
chromosomes by copying one chromosome up to a specific location on the chromosome, 
then copying a different chromosome (crossover). 

In computing terms, a genetic algorithm maps a problem onto a set of strings, each 
string representing a potential solution. In our problem, a string must encode n x c pa
rameters, thereby optimal combination coefficients for combining neural networks can be 
obtained. The GA then manipulates the most promising strings in its search for improved 
solutions. 

5 GENETIC FUZZY HYBRID METHOD 

In general, fuzzy logic gives a possibility to utilize top-down knowledge from designer. 
On the other hand, genetic algorithm is a powerful tool for structure optimization of 
the fuzzy logic and the neural networks which provide an evaluation functions for the 
genetic algorithm. Figure 2 shows a schematic diagram of the framework based on the 
hybridization of them. 

To give an idea of how such hybrid technique yields better system, the hybrid method 
utilizes the fuzzy integral to combine the outputs of separate networks with importance 
of each network, which is assigned by genetic algorithm. In the following, g,x(A) and g; 
denote the human-provided values, and g,x(A) and g; denote the identified values. 

In this method, chromosomes encode the fuzzy density values g{ by a vector Cj = 
(g{, g~, ... ,g~; Aj)· The fitness function f( Cj) for chromosome Ci is the sum of the dif
ferences between human-provided fuzzy measure value g,x(A) and fuzzy measure value 
obtained by gf and Aj. 

(4) 

With these the genetic operators yield an optimal set of parameters to combine neural 
networks. 



364 Part Five Neural Networks 

INPUT 

high-level fundamental developmental 
knowledge s1ruc1ure information -----------------------------t ------------;~cL;~~~ -~~~~ 

OUTPUT 

Figure 2 Schematic diagram of the hybrid intelligent system. 

6 EXPERIMENTAL RESULTS 

In the experiments, we have used the handwritten numeral database of Concordia Univer
sity of Canada, which consists of 6000 unconstrained numerals originally collected 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 (Suen et al., 1990). Among the 
data, 4000 numerals were used for training and 2000 numerals for testing. 

To evaluate the performance of the multiple NN classifier, we have implemented three 
different networks, each of which is a two-layer neural network using different features. 
NNt, NN2 and NN3 have used the normalized image, Kirsch features (Pratt, 1978), and 
the sequence of contour features, respectively. In this fashion each network makes the 
decision through its own criterion. For the fuzzy logic based method, we assigned the 
fuzzy densities gi, the degree of importance of each network, based on how good these 
networks performed on validation data. Figure 3 shows the fitness changes as generation 
goes with respect to the two different mutation rates. As the figure dictates, it is not 
appropriate to choose the mutation rate as larger than 1%, and we used the genetic 
algorithm with 1% mutation rate. 

Table 1 shows the recognition rates with respect to the three different networks and 
their combinations by utilizing consensus methods like majority voting and average, as 
well as the fuzzy integral, genetic algorithm and the hybrid of them. NN all here means 
the network trained with all the available features. The reliability in the table is computed 
as the following equation: 

Rei. b"l" _ Correct Recognition Rate 
Ia I Ity - C Re . . R S b . . E Ra , orrect cogmt1on ate + u stJtutJon rror te 

(5) 

where the Substitution Error Rate is the portion of patterns which are classified incor
rectly by the method. As can be seen, any method of combining multiple NN produces 
better results than individual networks, and the overall classification rates for the soft-
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Figure 3 Fitness changes with respect to different mutation rates. 

Table 1 The result of recognition rates (%). 

Methods Recognized Substituted Rejected Reliability 

NN1 89.05 7.00 3.95 92.71 
NN2 95.40 3.75 0.85 96.22 
NNa 93.95 4.10 1.95 95.82 

NNa.ll 95.85 4.15 0.00 95.85 

Voting 96.70 3.05 0.25 96.94 
Average 97.15 2.35 0.50 97.64 

Fuzzy 97.35 2.30 0.35 97.69 
Genetic 97.90 2.10 0.00 97.90 
Hybrid 98.05 1.95 0.00 98.05 

computing techniques are higher than those for other consensus methods. Although the 
network learned the training set almost perfectly in all three cases, the performances on 
the test sets are quite different. Furthermore, we can see that the performance did not 
improve by training a. large network with considering all the features used by each net
work. This is a strong evidence that multiple neural networks might produce better result 
than conventional single network approach. 
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7 CONCLUDING REMARKS 

This paper has presented several softcomputing techniques to produce an improved perfor
mance on real-world classification problem, especially handwritten numeral recognition. 
One of the important advantages of the methods is that not only is the classification 
results combined but that the relative importance of the different networks is also consid
ered. The experimental results for classifying a large set of handwritten numerals show 
that it improves the generalization capability significantly. This indicates that even these 
straightforward, computationally tractable approach can significantly enhance pattern 
recognition. 
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