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Abstract. Earlier attempts are made to design Hopfield type neural
network architecture for object extraction using Genetic Algorithms
(GAs). Energy value of the neural network was taken as the index of
fitness of the GA. In the present article fuzzy logic reasoning is incor-
porated into this Neuro-GA hybrid framework to remove some of the
drawbacks of earlier attempts. Here, G As have been used to evolve Hop-
field type optimum neural network architecture for object background
classification. Each chromosome of the GA represents an architecture.
The output status of the neurons at the converged state of the network
is viewed as a fuzzy set and measure of fuzziness of this set is taken as
a measure of fitness of the chromosome. The best chromosome of the
final generation represents the optimum network configuration. When
the input images are less noisy, the evolved networks are found to have
less (compared to the corresponding energy based objective evaluation)
connectivity for providing comparable outputs.

1 Introduction

Neural networks (NNs) are designated by the network topology, connection
strengths between pairs of neurons/nodes, node characteristics and rules for
updating status. In spite of the wide range of applicability of NNs, there is no
formal procedure to design an optimum neural network for a given problem. Re-
cently, some attempts are made in this regard using Genetic Algorithms (GAs)
[1]- [4]. Each chromosome of a GA represents a network architecture. In one
of our earlier attempts, optimum Hopfield type networks [5] were evolved using
GAs for extracting object regions from gray images [6, 7]. In that work, the en-
ergy value (which involves the connectivity also) of the converged network was
taken as a measure of fitness of the corresponding chromosome. Thus, two dif-
ferent output images may have the same energy value and also the same set of
output images may correspond to networks having different energy values (due
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to different connectivity configuration). This may cause problems if energy value
is considered as a fitness measure. For example, a network with more number of
connections will provide more fitness value than the network with less number
of connections even if they produce the same output image. This drawback can
be overcome if the output status of the neurons in the converged state of each
network is considered as a fuzzy set and a fuzziness measure of this set is taken as
a measure of error/instability of the network which in turn reflects the fitness of
the corresponding chromosome. In the present work, different types of fuzziness
measures, namely, index of fuzziness, entropy of a fuzzy set and fuzzy correla-
tion are used [8)]. The working principle of object extraction using this network
is similar to that used in [7]. The proposed technique is compared with its en-
ergy based counterpart [7]. It is found that in case of less corrupted images, to
produce comparable segmented output, fuzziness measure based objective func-
tion evolves networks having less connectivity than the corresponding networks
evoluted by energy based model.

2 Measures of Fuzziness of a Fuzzy Set

A fuzziness measure [8,9] of a fuzzy set expresses the average amount of ambi-
guity in making a decision whether an element belongs to the set or not. Several
authors have made attempts to define such measures. A few measures relevant
to the present work are described here.

2.1 Index of Fuzziness

The index of fuzziness (f1) of a fuzzy set A having n supporting elements is
defined as

T(d) = 2 P(4,7)
a It )
= n—% {Z {min(ua(z:), 1 —pa(z )|

when [7(A, A) denotes the distance between fuzzy set A and its nearest ordinary
set A. An ordinary set A nearest to the fuzzy set A is defined as:

[0 if palz) €05
Hal®) ‘{l if pa(z) > 0.5 (2)

We have considered quadratic index of fuzziness i.e., p = 2.

2.2 Entropy

Entropy of a fuzzy set as defined by De Luca and Termini (f2) is given by

HA) = = - (Salmateh ®
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with
Splpa(xi)) = — palz:) In{pa(z:)} (4)
— {1 —pa(z)} In {1—pa(zi)};
and that of Pal and Pal (f3) is given by

n

1

H(A) = YN ; {Sn(pal(z.)) —1} (5)
with
Su(pa(z)) = palz) e 7#E) 4 {1 — pa(z)} ers ). (6)

Another definition of entropy which involves the distance of the fuzzy sets from
its furthest ordinary set is given by Bart Kosko (f4). It says

IP(A, A)

RP(A) = ZP(A,A)

1

[Z {min(pa (). 1 - ummp] 7
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3
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where A is an ordinary set furthest to the fuzzy set A, defined by

0 if  ualz)
valz) = {1 i () <

0.5
0.5 ®)
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2.3 Fuzzy Correlation

A concept of correlation (f5), giving a measure of relationship between two rep-
resentatives of an image was given by Pal and Ghosh. Correlation between a
fuzzy property and its nearest two tone version represents the degree of close-
ness of the fuzzy set to the nearest ordinary set. In other words, correlation also
provides a measure of information about the distance of a fuzzy set (represented
by 1) from its nearest ordinary set (represented by p2) and is expressed as

Cluns i) = 1= =5 - Amili) = (i) ©)

with .
Xy =Y {2m@) - 1)? (10)
Xy = 2{2.‘12(’0 - 1% (11)

0 < Cluy, o) < 1.
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3 Optimum Architecture Evolution Using GAs

To use a Hopfield type neural network for object background classification, a
neuron is assigned corresponding to every pixel. Each neuron can be connected to
its neighbors (over a window) only. The connection can be full or can be partial.
In a third order connectivity, the maximum number of connections of each neuron
with its neighbors is 8. In practice, all these connections may not exist. The status
updating rules are similar to those of Hopfield’s model. The energy function of
this model consists of two parts. In terms of images, the first part can be viewed
as the impact of gray levels of the neighboring pixels and the second part can be
attributed to the gray value of the pixel under consideration. The expression of
energy for this problem takes the form : £ = — Z Z Wi, ViV, — Z 1,V;, where
i 2 i
Vi, V; are the status of ith and jth neurons, respectively, W;; represents the
connection strength between these two neurons and I; is the initial input bias
(which is taken to be proportional to the actual gray level for the corresponding
pixel). From a given initial state, the status of a neuron is modified iteratively
to attain a stable state. The stable states of the network are made to correspond
to the partitioning of a scene into compact regions.

In the present work, each chromosome of the GA represents a network ar-
chitecture. For an m X n image, each pixel (neuron) being connected to at most
k of its neighbors, the length of the chromosore is m x n x k bits. If a neuron
is connected to any of its neighbors, the corresponding bit of the chromosome is
set to 1, else 0. The initial population is generated randomly. Each network is
then allowed to run for object extraction as described in [4]. Each pixel of the
extracted output image is considered as an element of a fuzzy set. The fuzziness
measure of this set is taken as an index of fitness of the corresponding chro-
mosome (minimum value corresponds to maximum fitness, except the case of
using fuzzy correlation) for its selection for the next generation. Crossover and
mutation operations are performed on these selected chromosomes to get new
offspring (architectures). The whole process is continued for a number of gener-
ations until the GA converges. The best chromosome of the final population is
considered as the optimum architecture for object extraction.

4 Implementation and Results

The effectiveness of the proposed technique has been demonstrated using some
synthetic images of different types which are generated by adding N(0, ¢2) noise
(o =10, 20, 32) to each pixel of the binary (two-tone) image. The size of each
image is 40 x 40.

A chromosome is represented as a binary string of length 40 x 40 x 8 (we
have taken 8 neighbors for a pixel). The population size is kept fixed at 30.
Generational replacement technique and linear normalization selection procedure
[10] are adopted. Number of copies produced by the ith chromosome with linear
normalized fitness value f; in a population of size n is taken as round(c;); where
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Table 1. pcc for the input images

Image pce with fitness evaluation based on

with Energy fuzziness measure

71 72 73 74 75
NE| E [NE| E NETE rNE' E |NE| E |NE| E
o = 10{99.13|99.25(98.81198.94(99.44(99.44|99.06|99.44|98.81|98.94198.81{98.94
o = 20{97.88]96.56196.94|96.88({96.94(96.19(96.81196.63|96.81|96.62(96.3896.63
o = 32(93.44(92.75/90.06,90.69/89.94/92.25|90.19/88.31(89.44|88.19{90.25|87.69

Table 2. Total number of connections (noc) of the evolved networks

Tmage noc with fitness evaluation based on
with | Energy fuzziness measure

f1 /2 f3 f4 f5
NE‘—‘ E [NE]T E |NE] E |[NE| E |[NE| E [NE] E
o = 10|9155/8910]7351|7848|7433|7441|7412)7480)7360|74777436{7795
o = 20|8871\8592(7384|7804(7495|773817344|7754|7392{7722{7372|7837
o = 32(8387/3488|7425|7716|7487|7903|7452| 7834|7424|7943|7460|8049

C; = f"f' . Both the elitist model (£) and the standard GA (non-elitist model,

NE) are 1irnplelrnemed. The crossover and mutation probabilities are taken as
0.8 and 0.002, respectively. The algorithm has been run for 200 iterations. It is
seen that the average value of the percentage of correct classification of pixels
{pcc) over the population does not change much after this. The experiment is
performed on a SPARC Classic Workstation (frequency 59 MHz). To execute
each generation, CPU time requires 2 minutes {approximately).

The percentage of correct classification of pixels of the best chromosome in
the last generation using energy and fuzziness measures based fitness evaluations
for different noisy versions of the synthetic image is depicted in Table 1. The
number of connections (noc) of these evolved architectures is put in Table 2. It
is seen from Table 1 that the energy based fitness measure performs better than
the corresponding fuzziness based ones when the inputs are highly corrupted
by noise, and in other cases the results are comparable. On the other hand, it
is found from Table 2 that for all the cases, fuzziness measure based evalua-
tions evolve networks with less connectivity (which implies less cost) than those
evolved by energy based one.

5 Conclusion

An investigation is carried out to design Hopfield type networks for object ex-
traction using fuzziness measure as fitness criterion. It is found that when the
inputs are less corrupted this technique has been able to evolve networks whose
connectivity is less compared to the corresponding energy based one in order to
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produce comparable segmented output. Hence the proposed technique evolves
better networks than those evolved using energy based evaluation.
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