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Relevance of different soft computing tools e.g., fuzzy sets, artificial neural networks
and genetic algorithms to pattern recognition problems is explained. Their distinguishing char-
acteristics and roles in the soft computing framework are stated. Genetic algorithmic approach,
being relatively new to the pattern recognition community, is paid more attention. A classifica-
tion methodology based on this approach is described in detail along with its different features
and a comparison in performance with the related methods. The effect of incorporating variable
string length and differentiation in chromosome is discussed. Relation with Bayes decision
boundary and analogy with multilayer perceptron based classification are explained. Finally,
the merits of integrating the different soft computing tools for designing an efficient decision
making system are stated with some application specific examples on neuro-fuzzy and neuro-
genetic approaches. Scope for further research is outlined. An extensive bibliography is also

provided.

1 Introduction

Soft computing is a consortium of methodologies
which work syncrgetically and provides in one form or
another flexible information processing capabilities for
handling real life ambiguous situations. Its aim is to
exploit the tolerance for imprecision, uncertainty,
approximate reasoning and partial truth in order fo
achieve tractability, robustness and low cost solution. In
other words, it provides the foundation for the conception
and design of high MIQ (Machine IQ) systcms, and
therefore forms the basis of future generation computing
systems. At this juncture, Fuzzy Logic (FL), Artifieial
Neural Networks (ANN) and Genetic Algorithms (GAs)
are the three principal components where FL provides
algorithms for dealing with imprecision and uncerlainty,
ANN the machinery for learning and adaptation, and GAs
for optimization and searching (121,

The present article deals with the relevance along with
applications of soft computing in the area of pattern
recognition. Pattern recognition 4! and machirc learning
form a major arca of research and development that
encompasses the processing of pictorial and other non-
numerical information obtained from interaction between
science, technology and society. A molivation for this
spurt of activity in this field is the need for the people to
communicate with computing machines in their natural
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mode of communication. Another important molivation is
that scientists arc also concerncd with the idea of
designing and making intelligent machines that can carry
oult certain tasks as we human beings do. The most salient
outcome of thesc is the concept of future gencration
computing systems.

The ability o rccognize a pattern is the first
rcquirement  for any intelligent machine. Patlern
rccognition is a must component of the so-called
“Intelligent Control Systems” which involve processing
and fusion of data from different sensors and transducers.
It is also a necessary function providing *“failure
detection™, “‘verification”, and “diagnosis task™. Machine
rceognition of patterns can be viewed as a two-fold task,
consisting of learning the invariant and common
properties of a set of samples characterizing a class, and
of deciding that a new sample is a possible member of the
class by noling that it has properties common to those of
the set of samples. Therefore, the task of pattern
recognition by a computer can be described as a
transformation from the mcasurement space M to the
feature space F and finally to the decision space D.

When the input paitern is a gray tone image, the
measurcment space involves some processing tasks such
as enhancement, filtering, noise reduction, segmentation,
contour extraction and skeleton extraction, in order to
extract salient featurcs from the image pattern. This is
what is basically known as image processing [*6]. The
ultimale aim is to make its understanding, recognition and
inlerpretation from the processed information available
from the image pattern. Such a complete image
recognition/interpretation system is called a vision [7:3]
system which may be viewed as consisting of three levels
namely, low level, mid level and high level.
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In a pattern recognition or vision system, uncertainties
can arise at any phase of the aforementioned tasks
resulting from incomplete or imprecise inpul information,
ambiguity or vagueness in input images, ill-defined and/or
overlapping boundaries among the classes or regions, and
indefiniteness in defining/extracting features and relations
among them. Any decision taken at a particular leve] will
have an impact on all higher fevel activities. It is therefore
required for a recognition system to have sufficient
provision for representing the uneertainlies involved at
every stage, so thai the ultimate output (results) ol the
system can be associated with the least uncertainty (and
not be affected or biased very much by the earlier or lower
level decisions).

The utility of fuzzy set theory (*'¢ in handling
uncertainty 17191 arising  from  dcficiencies  of
information available from a situation (as mentioned
above) in pattern recognition problems, has adequately
been addressed in the literature (1143 16,17, 20-22]  Thjg
theory provides an approximate, yet effective and more
flexible means of describing the behavior of systems
which are too complex or too ill-defined to admit precise
mathemarical analysis by classical methods and tools.
Since the theory of fuzzy scls is a generalization of
classical set theory, it has greater flexibility to capture
faithfully the various aspects of incompleteness or
imperfection (i.e., deficiencies) in information of a
situation. This theory is also reputed to mimic human
reasoning process for decision making.

Again, {for any pattern recognition, image analysis or
vision system, one desires to achieve robustness of the
system with respect to random noise and failure of
components, and to obtain output in real time. Morcover,
a system can be mmade artificially intelligent if it is ahle to
emulate some aspects of human information processing
system. Neural network (NA) 2334 based approaches are
attempts to achieve these goals. A neural network can
formally be defined as : a massively parallel
interconnected network of simple (usually adaptive)
processing elements which is intended 1o interact with the
objects of the real world in the same way as biological
systems do. The architecture of the network depends on
the goal one is trying to achieve. The massive conneclivity
among the ncurons usually makes the system fault tolerant
(with respect to noise and component fatlure) while the
parallel processing capability enablcs the system (o
produce cutput in real tinte, Moreover, most of the nnage
analysis operations are co-operative in nature and the
tasks of reccognition mostly need formulation of complex

decision regions. Neural nelwork models have the
capability of achieving these properties. All thesc

characteristics, therefore, suggest that image processing
and pattern recognition problems can be considered as
prospective candidaies for neural network
implementation. Many efficient methodologics have been

developed, specially during the last decade, based on this
realizalton.

Thus we see that fuzzy set theoretic models try o
mimic human reasoning and uncertainty handling
capabilities, whereas neural network models attempt to
emulate the architecture and information representation
schemes of the human brain. Integration of the merits of
these two technologies therefore promises to provide, to a
great extent, more intelligent systems {(in terms of
parallelisin, fault toleranee, adaptivity and uncertainty
management) to handle real life rccognition problems. A
large number of rescarchers have now concentrated on
exploiting these modern concepts during the past seven (o
ten years to solve complex problems in various fields
under a new branch called neuro-fuzzy computing.

One may note that the methods developed for pattern
recognition and image processing are usually problem
dependent. Moreover, many tasks involved in the process
of analyzing/identifying a patlern need appropriate
parameter selection and efficicnt scarch in complex spaces
in order to obtain optimal solutions. This makes the
process not only computationally intensive, but also leads
to a possibility of losing the exact solution.

Genelic algorithms (GAs) P33 another biologically
inspired technology, are randomized search and
optimization techniques guided by the principles of
evolution and natural genetics. They are efficient, adaptive
and robust search processes, producing near optimal
solutions and have a large amount of implicit parallelism.
Therefore, the application of genetic algorithms for
solving certain problems of pattern rccognition, which
need optimization of computation requirements, and
robust, fast and close approximate solution, appears to be
appropriate and natural % Based on this realization it
also appears justified to apply GAs to overcome some of
the drawbacks (limitations) of fuzzy set theory (e.g.,
uning of membership functions) and artificial neural
networks  (e.g., determining optimum  network
architectures) under hybrid frameworks. Researeh articles
on the integration of genetic algorithms and pattern
recognilion have started to come out. Therefore, this arca
of soft compuling is relatively mueh newer than those
using fuzzy sets and arlificial neural networks.

Our discussion in this article will give more emphasis,
among others, towards the devclopment of classification
methodology with GAs. The rest of the article is organized
as follows. In Section 2, the relevance of fuzzy set
theerelic methods for pattern recognitionfimage analysis
is dcscribed. The relevance of neural network based
techniques in this context is described in Scction 3. In
Section 4 we provide, first of all, a brief description of the
characteristics of GAs, and then explain a metbodology
for designing a classifier in Seetion 5. This includes
incorporation of ancestor’s influence in fitness {unction,
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sexual discrimination in chromosome, variable strings in
encoding and comparison with other classification
techniques. Various integrations of the soft computing
tools such as neuro-fuzzy and newro-genetic approaches
for designing efficient hybrid systems are discussed in
Section 6. Concluding remarks can be found in Section 7,

2 Relevance of fuzzy set theory in pattern
recoghition

Fuzzy sets were introduced in 1965 by Zadeh [l as a
new way to represent vagueness in everyday life. They are
generalizations  of conventional (crisp) set theory.
Conventional sets contain objects that satisfy precise
properties required for membership, Fuzzy sets, on the
other hand, contain objects that salisfy imprecisely
defined properties to varying degrees. A fuzzy set A of the
universe X is defined as a collection of ordered pairs

A={(XPA(-’C),X);VXEX} (])

where g 4(x), (0 € p, {x) £ 1) gives the degree of
belonging of the element x 1o the set A or lhe degree of
possession of an imprecise property represented by A.
Since the theory of fuzzy sets is a generalization of
classical set theory, it has greater flexibility io capture
faithfully the various aspects of incompleteness or
imperfection in information of a situation. The flexibility
of fuzzy set theory is associated with the elasticity
property of the concept of its membership function. The
grade of membership is a measurc of the compatibility of
an objcct with the concept represented by a fuzzy set. The
higher thc value of membership, the lesser will be the
amount {or extent) to which the concept represented by a
set needs to be stretehed to fit an object. Different
aspects of fuzzy set theory including membership
functions, basic operations and uncertainty measures can
be found in 5-221.

In this section we explain some of the uncertainties
which one often encounters while designing a paltern
recognition system and the relevance ol [uzzy sct theory
in handling them. Let us consider, first ol all, the case of
processing and recognition of a gray-lone image pattern.
A gray tone image possesses ambiguity within cach pixel
because of the possible multi-vaiued levels of brightness.
This pattern uncertainty is due to inherent vagueness
rather than randomness. If the gray levels arc scaled to lie
in the range [0,1], we can regard the gray level of a pixel
as its degree of belonging (membership) in the sct of
high-valued (‘bright’) pixels; thus a gray tone image can
be viewed as a fuzzy set. Regions, [eatures, primifives,
properties, and relations among them (hal are not crisply
defined can similarly be regarded as fuzzy subsets 41-46),
Basic principles and operations of image processing and
recognition in the light of fuzzy set theory arc available
i (16461

Uncertainty in an image pattern may he explained in

terms of grayness ambiguity or spatial (gcometrical)
ambiguity or both. Grayness ambiguity means
‘indeliniteness’ in deciding whether a pixel is white or
black. Spatial ambiguity refers to ‘indefiniteness’ in the
shape and geometry of a region within the image. For
example, grayness ambiguity measures arc reflected by
index ol fuzziness and entropy [ 47-34] whereas spatial
ambiguity measures are represented by fuzzy geometrical
properties [#2:45. 553371,

Conventional approaches to image analysis and
recognition P8l consist of segmenting the image into
meaningful regions, extracting their edges and skeletons,
computing various features (e.g., area, perimeter, centroid
etc) and primitives {e.g., line, eorner, curve etc) of and
relationships among the regions, and finally, developing
decision rules and grammars for describing, interpreting
and/or classitying the image and its sub-regions. In a
conventional system each of these operations involves
crisp decisions {i.c., yes or no, black or white, 0 or 1) to
make regions, features, primitives, properties, relations
and inlerpretations crisp.

Since the regions in an image are not always crisply
defined, uncertainty can arise within every phase of the
aforesaid lasks. Any decision made at a particular level
will have an impact on all higher level activities. An
imagc recognition system should have sufficient provision
for representing and manipulating the uncertaintics
involved at every processing statge; i.e., in defining image
regions, leaturcs and relations among them, so that the
system retains as much of the “information content’ of the
data as possible. If this is dome, the ullimate oulput
(result) of the system will possess minimal uncertainty
(and unlike conventional systems, it may not be biased or
affected as much by lower level decision components).

For example, consider the problem of object
extraction from a scene. Now, the question is ‘how can
one define exactly the target or object region in a scene
when its boundary is ifll-defined?” Any hard thresholding
made for the extraction of the object will propagate the
associated uncertainty 1o subsequent stages (e.g.,
thinning, skeleton extraction, primitive selection, etc) and
this might, in turn, affect feature analysis and recognition.
A stmilar case ariscs with the task of skeletonization and
contour detection of a region, Thus, it is convenient,
natural and appropriatc to avoid commitling ourselves to a
specific  (hard) decision (e.g., segmentation, cdge
detection and skeletonization), by allowing the segments
or skeletons or contours to be fuzzy subsets of the image,
the subsets being characterized by the possibility (degree)
1o which cach pixel belongs to them, Prewitt 41 first
suggested that the results of image segmentation should
be fuzzy subsets, rather than ordinary subsets. Similarly,
while describing relations among different components
and features or classifying the sub-regid}\s it 18 necessary
to make the deeision-making algorithms flexible by
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providing soft decisions. fn Short, grav information is
expensive and informative. Once it is thrown away, there
is no way to get it back. Therefore one should try to retain
this information as long as possible throughout the
decision making tasks for its full use. When it is required
fo make a crisp decision at the highest level one can
always through away or ignore this information.

Some of the arcas of image analysis where the theory
of fuzzy sels has been adequately applied are:

{i) computation of fuzzy geomefric proper-
{ies 142:43,55.57)

(if) fuzzy segmentation 36 58-68]

(iif) cvaluation of image quality [6.43.58.69-77]

{iv) image operations, like thinning and edge
detection [1643. 78-80]

() fuzzy primitives (or features) from fuzzy edges
and segmcnled regions for. shape analysis,
matching, and recognition [7- 31-341,

Let us now consider the case of a decision-theoretic
approach to pattern classification. With the conventional
probabilistic and deterministic classifiers |41, the features
characterizing the input patterns are considered to be
quantitative (numeric) in nature. The palterns having
imprecise or incomplete information are usually ignored
or discarded from their designing and testing processcs.
The impreciseness {or ambiguity) may arise from various
causes. For example. instrumcntal error or noise
corruption in the experiment may lead to only partial or
partially reliable information being available on a feature
measurement F, e.g., F is about 300 (say), or F is between
400 and 500 (say). Again, in somc cases the expense
incurred in extracting the exact value of a feature may be
high, or it may be difficult to decide on the actual salient
features to be extracted. Sometimes, It may become
convenienl to use linguistic variables and hedges, e.g.,
small, medium, high. very, more or less etc in order to
describe the feature information (e.g., F is very small). In
such cases, it is not appropriate to give exact
representation to uncertain feature data. Rather, it is
reasonable to represcnt uncertain feature information by
fuzzy subsets.

Again, uncertainty in classification or clustering of
patterns may arise from the overlapping nature of the
various classes. This overlapping may result [rom
fuzziness or randomness.. Moreover, the concept of
clustering, in practice, is a fuzzy notion (because the
technique is unsupervised and we do noi have any
information on the class structures or labeled samples). In
the conventional technique, it is usually assummed that a
pattern may belong {o only one class, which is not
necessarily true in real life applications. A pattcrn can and

should be allowed to have degrees of membership in more
than onc class. It is, therefore, necessary to convey this
information while classifying a pattern or clustering a data
set,

Similalry, consider the problem of determining the
boundary or shape of a class from its training set.
Classical approaches attemnpt to estimate the exact shape
for the class by determining the boundary which contains
or passes through some or all of the sample points; which
in a practical case may not be the right one. It may be
necessary to extend the boundaries to some extent to cover
the possible portions uncovered by the sample points. The
extended portions should have iower possibility to be in
the class than the portions explicidy highlighted by the
sample points, The size of the extended regions should
also decrease with an increase in the number of sample
points. This leads one to determine a fuzzy shape and
boundary of a pallcrn class.

From the aforementioned examples, we sec that the
concepl of fuzzy sets can be used at the feature level in
represenling input data as an array of membership values
denoting the degree of possession of certain properties, in
representing linguistically phrased input features for their
processing, in weakening the strong commitments for
extracting  ill-defined image regions, properties,
primitives, and rclations among them, and at the
clussification level, {or representing class membership of
objects, and for providing an estimate (or a representation)
of missing information in terms of membership values. In
other words, fuzzy set theory provides a notion of
enbedding: We find a better solution to a crisp problem by
looking in a large space at first, which has different
(usually less) constraints and therefore allows the
algorithm more freedom to avoid errors forced by
commission to hard answers in intenmediate stages.

The capability of fuzzy set theory in pattern
recognition problems has been reporied adequately since
late sixties. For example, feature extraction is dealt with
in 83831 Classification of patterns including linguistic
representation of inputs 9% can be found in [13:16.93-971,
Clustering techniques and their validations are discussed
in [} 981031 §ome applications to real life problems are
reported in [19608284105-111] A review showing the
development of this area has been provided in [17],

3 Relevance of neural network approaches

Neural network (NN) models [#*-241 try to cmulate the
biological neural network/nervous system with electronic
circuitry. NN models have been studied for many years
with the hope of achieving human-like performance
(artificially), particularly in the ficld of pattern
recongition, by capturing the key mgredients responsible
for the remarkable capabilitics of the human nervous
system, WNote that these models are exireme
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simplilications of the actual human nervous system.

ANNs are designated by the network (opology,
connection strength between pairs of neurons (called
weights), node characteristics and the status updating
rules. Node characteristics mainly specify the primitive
typcs of operations it can perform, like summing the
weighted inputs coming (o it and then amplitying it or
doing some fuzzy aggregation operations. The updating
rules may be for weights and/or stalcs of the processing
elements (ncurons). Normally an objective function is
defined which represents the complete status of the
nelwork and the set of minirma of it corresponds (o the set
of stable states of the network. Since there are interactions
among the neurons the collective computational property
inherently reduces the computational lask and makes the
sysiem fauit tolerant, Thus NN models are also suitable
for tasks where colleclive decision making is required.
Hardware implcmentations of neural networks are
attempted in (1121151

Artificial neural networks have become a technical
folk legend of late. The market is flooded with new, more
technical software (hardwarc) and products; many more
are sure to come. Some of the popular networks are
Hopficld Net (HN), Multilayer Perceptron (MLP), Self-
Organizing TFeaturc Map (SOFM), Learning Veclor
Quantization (LVQ), Radial Basis function Network,
Cellular Neural Network (CNN) and Adaptive Resonance
Theory (ART) network.

Neural network based systems are usually rcputed (o
enjoy the following major characteristics:

adjusting the connection strengths to new
data/information,

« adaplivity:

* specd: due to massively parallel archilecture,

+ robustness: Lo missing, confusing, ill-defined/noisy

data,

* ruggedness: to lailure ol components,

e« optimalily:  as regards error rates in performance.

For any pattern recognition system, one desires to
achieve the above mentioned characteristics, More over,
there exisls some direct analogy between the working
principles ol many paltern recognilion tasks and neural
network models. For cxample, image processing and
analysis in the spatial domain mainty employ simple
arithmetic operations at each pixel site in parallel. These
operations usually involve information of neighboring
pixels (co-operative processing) in order to reduce the
local ambiguity and to attain global consistency. An
objective mcasure is required (repicsenting the overall
status of the system), the optlimum of which represents the
desired goal. The system thus involves collective decision.
On the other hand, we notice that neural neiwork models

are also based on parallel and distributed working
principles  {all necurons work in parallel and
independently). The operations performed at each
processor sile are also simpler and independent of the
others. The overall status of a neural network can also be
measurcd.

Let us consider, in particular, the case of pixel
classification. A pixel is normally classilied into different
classes depending on its gray value, positional
information and contextual information {collected from
the neighbors). Pixels at different sites can be classified
imdependently. The mathematical operations needed for
this task arc also simple. A neural network architecturc in
which a single neuron is assigned lo a pixel and is
connecled to ils neighbors can therefore be applied for
this task. The necurons operate in parallel and are
independent of each other. The local interconnections
provide the confextual information (which can be
adaptive or dynamic also) for classification.

Again, the lask ol recognition in & real-life problem
involves searching @ complex decision space. This
becomes more complicated particularly when there is no
priot information on class distribution. Neural network
based systeins use adaplive learning procedures, learn
from cxamples and atternpt to find a usclul relation
between input and output, however complex it may be, Tor
decision-making problems. Neural netowrks are also
reputed to model complex non-linear boundaries and to
discover important underlying regularities in the task
domain. These characteristics demand that methods are
needed for constructing and refining neural network
models for various recognition tasks. For example,
consider the case of supervised classification. Here each
pattern is characterized by a number of features. Different
features usually have different amounts of weighl in
characterizing the classes. A collective decision, taking
into account all the features, is made for assignment of
class labels to an input. A multi-layer perceplron in which
the input layer has neurons equal to the number of
features and the outpul layer has neurons cqual Lo the
number of classes, can therefore be used Lo tackle this
classification problem. Here the importance of diflfcrent
features will automatically be encoded in the conneccling
links during training. The non-linear decision boundaries
are modcled and class labels are assigned by taking
collective decisions. /n short, neural networks are natural
clussifiers  having resistance to neise, lolerance to
distorted  images / patterns  (ability  to  generalize),
superior ability to recognize partially occluded or
degraded images/overlapping pattern classes or classes
with highly nonlinear boundaries. and potential for
parallel processing.

Major areas in which neural networks have been
applicd in order (o cxploit the computational power, and
lo make robust decisions arc:
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i:  feature selection and pattern classification [88.116-128]
ii: image preprocessing and scene analysis [129-141]

ifi: text processing [117.142],

fu: expért system design/rule generation [143-1491

v: conitroller design ['50‘]53]:

vi: nalural language processing (133134,

vil: approximate rcasoning and speech recogni-

tionl!16,155-157]

As mentioned before, GA s relatively a newer
technology as compared to fuzzy logic and artificial
neural networks. Therefore, its application to paltern
recongition problem will be discussed in dctail. Before
that we describe in the next section the basic principles
and features of GA for the convenicnce of readers.

4 Genetic algorithms:
features

basic principles and

Genetic  algorithms ~ (GAs) %1 are  adaptive
compulational proccdures modeled on the mcchanics of
natural genetic systems. They express their ability by
efficiently exploiting the historical information 1o
speculate on new offspring with expected unproved
performance 39, GAg are executed iteratively on a set of
coded solutions, called population, with three basic
operalors: selection/reproduction, crossover and mutation.
They use only the payoff (objective function) information
and probabilistic transition rules for moving to the next
ileration. They are different from most of the normal
optimization and search procedures in four ways:

* GAs work with the coding of the parameter set, not
with the parameter themselves.

* GAs work simultaneously with multiple points, and not
a single point.

» GAs search via sampling (a blind scarch) usin: only
the payoff information.

» (GAs scarch using  stochastic not

deterministric rules.

operators,

Since a GA works simultaneously on a set of coded
solutions it has very little chance to get stuck at local
optima when used as optimization techniques. Again. it
does not need any sort of auxiliary informalion, like
derivative of the optimizing function. Moreover. the
resolution of the possible search space is increased by
operating on coded (possible} solutions and not on the
solutions Lhemselves. Further this search space need not
be continuous. Recently, GAs are finding widespread
applieations 1n solving problems, requiring efficient
and effective search, in business, scientilic and

engineering circles like synthesis of neural network
architectures ['38-184 " travelling salesman problem ['65],
graph coloring, scheduling 1381, numerical
optimization V%L, and pattern recognition and image
processing [40.167-169]

GAs arc intended to mimic some of the processes
observed in natural evolution. The evolution starts from a
set of individuals (assumed solution set for the function to
be optimized} and proceeds from generation to generation
through genetic operations. Replacement of an old
population with a new one is known as generation when
generational replacement technique (replace all the
members of old population with the new ones) is used,
Another reproduction technique, called steady state
reproduction, replaces one or more individuals at a lime
instead of the wholc population [*8, GAs require only a
suitable objective function which acts as the environment
in order to evaluate the suitability of the derived solutions
(chromosomes). A schematic diagram of the basic
struclure of a genetic algorithm is shown in Fig 1.

A GA typically consists of the following components:

* A population of binary strings or coded possible
solutions (biologically referred 1o as chromosomes)

= A mecchanism to encede a possible solution (mostly as
4 binary string)

* (Objective function and associated fitness evaluation
techniges

» Selection/repraoduction procedure

» Genetic opérators (crossover and mutation)
+ Probabilities to perform genetic operations
Let us briefly describe these components.

Population: To solve an optimization problem, GAs start
with the chromosomal (structural) representation of a
parameter set {x), X, ..., X,}. The parameter set is to be

\Etialiy,c the populatiouJ

—"lﬁrfnrm the job with decoded versions of the strmg;l

iCmnpute. fitness v:;l—@

— .
\\'{s performance satisfactory ?\)L,_.' Stop

—_—

—
No

Reproduce/sclect strings to create new matiug p(ﬁ!

I

L {Generate new population by cressover and mutation !

i

Fig 1 Basic steps of a genetic algorithm
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coded as a finite length string over an alphabet of finite
length. Usually, the chromosomes are strings of 0’s and
I's. For example, let {a), @y, .... @,} be a realization of the
parameter set and the binary representation of 4, a,, ...,
a, be 10110, 00100, ..., 11001, respectively. Then the
string 10110 00100 .... 11001 is a chromosoinal
representation of the parameter set {x;, x5, ..., g :xp}. Itis
evident that the number of different chromosomecs
(strings) is 2/, where [ is the string length. Each
chromosome actually refers 1o a coded possible solution.
A set of such chromosomcs in a generation is called a
population. The size of a population may vary {rom one
generation to another or it can be constant. Usually, the
initial population is chosen randomly.

Encoding/decoding mechanism: It is the mechanism to
convert the parameter values of a possible solution into
binary strings resulting into chromosomal representation.
1f the solution of a problem depends on p parameters and
if we want to encode each parameter with a binary string
of length g, then the length of each chromoseme will be
px g. Decoding is just the reverse of cncoding.

Objective function and associated fitness evaluation
techniques: The filness/objective function is chosen
depending on the problem. It is chosen in a way such that
highly fitted strings (possible solutions) have high fitness
values. It is the only index to select a chromosome to
reproduce for the next generation.

Selection/reproduction  procedure: The selection/
reproduction process copies individual strings {called
parent chromosomes) into a tentative new population
(known as mating pool) for genetic operations. Number of
copies rcproduced for the next generalion by an
individual is expected to be directly proportional to its
fitness value; thereby mimicking the natural selection
procedure to some extent. Roulette wheel parent
selection 3¢ and linear selcction P81 are the most
frequently used selection procedures.

Genctic operators are applied on parent chromosomes
and new chromosomes (called offspring} are generated.
Frequently used genetic operators arc described below.

Crossover: The main purpose of crossover is to exchange

information  between randomly  selected  parent
chromosomes hy recombining parls of their

corresponding strings. Actually, it recombines genelic
material of two parent chromosomes to produce offspring
for the next generation. The crossover may proceed in two
steps. First, members of the reproduced strings in the
mating pool are mated at random. Second, each pair of
strings undergoes crossing over as follows: an integer
position k is selected uniformly at random between 1 and
{ — 1, where [ is the string length greater than 1. Two new
strings are created by swapping all characters from
position {k + 1) to [ Let

a = 11000 10101 01000 ... 01111 10001
b=10001 01110 11101 ... DO110 10100

be two strings (parents) sclected for the erossing over
operaiion and the gencrated random number be 11
(cleven). Then the newly produced offspring (swapping
all characters after position 11) will be

a’ = 11000 10101 01101 ... 00110 10100
6" = 10001 01110 11000 ... 01111 10001.

Some common crossover techniques are: one point
crossover, multiple point crossover, shuffle-exchange
crossover, uniform crossover ¥ ete,

Mutation: The main aim of mutation is to introduce
genetic diversity into the population. Sometimes, it helps
to regain the information lost in carlier generations. In
case of binary representation it negates the bit value and is
known as bit mutation., Like natural genetic systems,
mulation in GAs are also made occasionally. A random bit
position of a random string is selected and is replaeed by
another character from the alphabet. For example, let the
third bit of string a, given above, be selected for mutation.
Then the transformed string after mutation will be

11100 10101 01000 ... 01111 10001,

Mutation is not always worth performing. High mutation
rate can lead the genetic search to a random one. It may
change the value of an important bit, and thereby affect
the fast convergence to a good solution. Moreover, it may
slow down the process of convergence at the final stage of
GAs.

Probabilities to perform genetic operations: The
probability to perferm crossover operation is chosen in a
way so that recombination of potential strings (highly
fitted chromosomes) increases without any disruption.
Generally, the crossover probability lies in between 0.6
and 0.9 [36-38],

Since mutation occurs occasionally, it is clear that the
probability of performing mutation operation will be very
low. Typically the value lies between 0.001 and
0.01 36.38],

Elitism: In standard GA (SGA), we do not preserve the
best possible solution obtained so far; thereby ingreasing
the chance of losing the obtainable best possible solution.
Elitist strategy overcomes this problem by copying the
best member of each generation into the next one. Though
this strategy may increase the speed of dominance of a
population by a potential string {string with high fitness
value), it enhances the performance of a GA using
generational replacement. Concepts of distributed GAs
and paralicl GAs are also introduced recently (1381621,

Some improved genetic operations and developments:
Several investigations into the theoretical aspects of
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genetic algorithms are available in the literatre. The
carliest one is Holland’s Schema theorem *6], Others dealt
with schema analysis and deceptive problems. The issue
of convergence of GAs to the globally optimal solution
has been pursued in [!70],

In 7V Murthy et al provided a stopping critcrion,
called g-optimal stopping criterion, {or the elitist modcl of
the GAs. Subsequently, they have derived the g-optimal
stopping time for GAs with elitism under a ‘pracucally
valid assumption’. Nole that, any string can be generated
from any given string by mutation operation.

Let us now mention here some of the genetic
operations recently developed for enhancing the
performance of GAs. To sustain diversity (which may be
tost due to crossover and very low mutation rate) into the
population, Whitley et al ['38] proposed a technique ealled
adaptive mutation; where instead of fixed mutation rale
the probability to perform mutation operation is madc to
increase with increase of genetic homogeneity in the
population.

In another tnvestigatian to improve the performance of
GAs, coneepts of adaptive probabilities of crossover and
mutation based on various {ilness values of the population
are recommended in U7, Here, high solutions are
protecled and the subaverage solutions are completely
disrupted; thereby prevenling to get stuck at local optima.

Three new methods of selection of mating pairs for
GAs arc introduced recently U73) by De, Pal and Ghosh
where the partners are chosen based on ejther their
genotypic similarity {called genotypic assortative mating)
or their phenotypic similarity (called phenotypic
assortative mating). These methods not only help in
exploiting the current search space properly before
exploring ihe new one, but also enable one to mimic
inbreeding of natural genetics. The superiority of this
mcthod over the conventional GA and the incesr
prevention ¥ algorithm is established on some problems
of optimizing complex functions and selecting optimal
neural network parameters.

Bhandari ¢t a! "] have proposed a new mulation
operator known as rlirected mutation which follows from
the concept of induced mutation in biological systems.
This operation does not involve probabilislic decision
rules but the information acquired in the previous
generalions. Again, it does not alter the probabilistic
naturc of the scarch technique. In certain environment this
operation will deterministically introduce a new point in
the population. The new point is direcled (guided) by the
solutions obtained eatclier and therefore it is called
directed mutation. Direcled mutation operation thus
cxploits the merits of both gradient search and genetic
search,

GAs consider only the fitness value of the
chromosome under consideration for measuring ils

suilability for selection for the next generation ie., the
fitness of a chromosome is a function of the functional
vatue of the objective function, Fitness of a chromosome x
= g {f(x)). where f(x) is the objective function and g is
another function which by operaling on f(x) gives the
fitness value. Hence, a GA does not discriminate between
two identical offspring, one produced from betier (highly
fit) parenis and the other from comparatively weaker (low
fit) parents. In nature, normally an offspring is more fit
{(suitable) if its ancestors (parents) are bctler i.e., an
oflspring possess some extra facility to cxist in its
environent if il belongs to a better family (ancestors are
higbly fitted). In other words, the fitness of an individual
depends also on e fitness of its ancestors in addilion Lo
s own fitness. It therefore appears to give more
weightage to highly fitted chromosome (due to better
ancestors) in order to generate offspring for the next
generation. Based on this concept, De, Ghash and Pal ['7]
defined fitness of a chromosome x = g (f (x), a,, d4. ..., 4,
where as are the fitness values of s ancestors. The
function g may bhe of various types. The weightage given
to the fitness of the ancestors can be assigned beuristically
at the beginning and kept fixed throughout the procedure
or il may be varying/adaptive. Heuristics are given for
choosing the weighting factors manually; and a procedure
for evolving them automatically has also been developed.
The merit of the proposed algorithm as compared to that
ol the GA was explained using the Schema theorem.

5 Pattern classification with genetic algorithms

Relevance of GAs to pattern recognition and image
processing problems is described in Section 1. In this
seclion we provide some results 177-182] of investigation
demonstrating an appheation of GAs for paltern
classification (supervised) in N dimensional space. Here
classification is viewed as a problem of generating
decision boundaries that can successfuily distinguish the
various classcs in the feature space. In rcal life problems,
the boundaries between Lhe different classes are usually
non-lingar. The charactleristics of GAs have been exploited
in searching for a number of hyperplanes wbich can
approximate the non-linear boundaries in order o provide
minimum misclassification.

The featurc space is gencrally unbounded and
continous in naturc, However, il bounding information
can be derived from the training patterns and the space is
discretized to  sufficiendly. small intervals in  each
dimension. then the classification problem can be handled
within the framework of Genetic Algorithms. A
distinguishing feature of this approach is thalt the
boundaries {(approximaled by piecewisc linear segments)
are generated explicitly for making decisions. Note that in
the conventional methods or in multilayered perceptron
based approaches to patiern classification, the generation
of boundaries is a consequence of the respective decision
making processes.
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5.1 The methodology

In the realm of pattern classificalion in ¥ dimensions,
we consider a fixed number (H) of hyperplanes to
constitute the decision boundary. Each chromosoine
encodes the parameters of these A hyperplanes. Note that
sincc each hyperplane provides (wo regions, H
hyperplanes provide a maximum ot 2 regions. Hence for
a k class problem, H = log, k. The search space for the
hyperplanes (which may be considered as candidates for
the formation of the decision boundary} is restricted to the
hyper rectangle formed around the training paltern points,

A. String representation 1771

From clementary geomelry, the equation of a

hyperplane in N dimensional space (X| — X, — ... — X is
given by

xNCOSO!N_|+ﬁN_lSin(1Nﬁ|=d (2)
where By _ ;= xy_ cos Oy o+ By_osinay_o

By_2= xy_p¢08 &y s+ By_3sinoty

By =x cos ag+ fysinay
The various parameters are as follows:
X; : the ith feature ol the sample points.
(x), X9, ..., Xy) : a point on the hyperplanc

oy _ : the angle that the unit normal to the hyperplane
makes with the X, axis,

o y_ - : the angle that the projection of the normal in the
X; = X5+ ...— Xy _ space makes with the X, _ | axis.

o : the angle that the projection of the normal in the
(X, — X,) plane makes with the X, axis.

oy« the angle that the projection of the normal in the (X;)
plane makes with the X axis = 0.

d : the perpendicular distance of the hyperplane from the
origin,

Thus the ¥ wple < oy, &y ... &y _ |, d > specilies a
hyperplane in N dimensional space. Each angle or;, j= 1,
2, ..., N—1is allowed (o vary in the range of O to 27 If b,
bits are used to represent an angle, then the possible
values of ot ; are

0,8%x2m,28x2m, 36 2m, ... 2" - N 621

where § = QIT] Consequently, if the b bits contain a bi-

nary string having the decimal value vy, then the angle is
given by v * 8+ 2n.

Once the angles are fixed, the orientation of the
hyperplane becomes fixed. Now only d must be specified
in order to specily the hyperplane. For this purpose the
hyper rectangle enclosing the sampie points is considered.
Let x ;""‘, x M be the minimum and maximum values of
tfeature X; as obtained from the training sample points.
Then the vertices of the enclosing hyper rectangle are
given by

ey ochn : Oy
(x[ T TR )

where each ch; , { = 1,2, ..., N can be either max or nirn.
(Note that there will be 2V vertex points). Let diag be the
length of the diagnonal of this hyper rectangle given by

dfag = _\/(\, n:xl.\' —x J;rm )2 +(x nlm.\‘ - f:n'n )2 o+ (x K;'U.Y _ x;:,liu JZ'

(3}

A hyperplane having the given orientation and passing
through onc of the vertices of the hyper rectangle such
that its perpendicular distance from the origin is minimum
{among the hyperplanes passing through other vertices) is
designated as the buse hyperplane. Let the distance be
i 1T B, bits are used to represent d, then a value of vy in
these bits represent a hyperplane with the given orienta-

tion and for which d is given by d,;, + a;,,—?f * Vo

Thus each chromosome is of length of L= H{(N — 1} *
by + by). These are initially gencrated randomly for a |
population of size Pop. A fitness function described in the
next subsection is associated with each string,

B. Fitness compuiation

A chromosome encodes the parameters of H
hyperplancs as described carlier. Using these parameters,
the region in which each training pattern point lies is
determined {rom equation 2. A region is said to provide
the demarcation for class £, if maximum number of points
that lie in this region belong to class i. Other points that lie
in this region are considered to be misclassified. The
misclassifications associated with all the regions (for
these H hyperplanes) are summed up to provide the total
misclassification, miss, for the string. Its fitness is defined
as (n - niss), n being the total number of taining
samnples. For this problem, the fitness function is identical
to Lthe objective function.

C. Genetic operdators

Roulette wheel selection P8 is adopted to implement
the proportional selection strategy. Elitism is incorporated
by replacing the worst string of the current generation



70

with thc best string seen upto the last generation. Single
point crossover is applied with a fixed crossover
probability value. The mufation operation is performed on
a hit by bit basis for a mutation probability valuc which 1s
initially high, then decreased gradually to a prespeciticd
minimum value and then increascd again in the later
stages of the algorithm. This ensures that in the initial
stage, when the algdrithm has very little knowledge about
thc search domain, it performs a random search through
the feature space. This randomness is gradually decreased
with the passing of generations so that now the algorithm
performs a detailed search in the vicinily of promising
solutions obtained so far. Inspitc of this, the algorithm
may still get stuck at a local optima. This problem is
overcome by increasing the mutation probability 1o a high
value, thereby making the search more random once
again. The algorithin is terminated if the population
contains at least one string with zero misclassification of
points and there is no significant improvement in the
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performance is compared with Bayes classifier [P

(assuming normal distributions and unequal a priori
probabilities), k-NN classifier 34 and multilayer
perceptron (MLP) 2324 Here we provide some of those
results for an artificial data ADS1 (Figure 2} and the
speech (vowel) data (Figure 3). The artificial data set
consists of 557 samples and has two classes, 1 and 2. X
and Y coordinates represent the two (eatures in an
Euclidian space. The vowel dala set corresponds to 871
Indian Telugu vowel sounds %), These were uttered in a
consonant-vowel-consenant  context by threc male
speakers in the age group of 30-35 years. The data set has
three features corresponding to the first, second and third
vowel formant frequencies (F). F,, F3), and six classes
{8 a. i u e o).

A fixed population size of 20 was chosen. The
crossover probability u. was fixed at some value. A

average fitness of the population over subsequenl g5 |- 111111711111341111113111111111111
generations, Otherwise, the algorithm is executed for a 11111111111111111111111111111311
. 11111111111111211111112123112111111
fixed number of generations. 111112111212111212112111211111111111
11111111112 1111111111
e o 11111112111 1111111111
5.2 Classification performance 11111111 11111111
1111111 2 22222222 1111111
. , . . 1111111 22 22222222 111111
Here we provide the implementation aspeet of the 111111 2222 22222222 11111
: : ; . . . 11111 222222 22222222 11111
s ]
f:lasmﬁer, its relation with Bayes decl ion. boundagy, v 11111 23929222 93939222 11111
improvement of the performance through variable string 11111 222222 22222222 11112
; atine ohp : : ot 11111 2222 22222222 11111
Fength and m;orponat.mg chromosome d1.fferem.1at10n, and 111111 s 35399223 11111
its analogy with multilayer perceptron. Finally some other 1113111 111111
= thic 1 gl 1111111 111111
attempts in this line are mentioned. 11111111 1111111
11171111712121313%11131112112332121311111
A. Implementation and Results 111111111131111111331121113311111111
1111111111111311111111111111111131
. . 300 111311111113113113311133111111111
The effectiveness of the methodclogy has been i L
demonstrated 774821 on non linearly separable artificial 1 800 X 2750
data sets, Iris data and Lwo other real life data such as
speech sound and remote sensing image. Their Fig 2 Dara ADS1
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Fig 3 Vowel diagram in Fy, F; plane
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variable value of mut-prob was selected from the range
[0.015, 0.333]. Initially it had a high value, gradually
decreasing at first, and then increasing again in the later
stages of the algorithm. 100 iterations were performed
with each value of the mutation probability. The process
was executed for a maximum of 1500 iterations in case it
did not attain a solution with zero misclassification. The
experimental results are described when the size of the
training sct is considered to be 10%, i.c., perc = 10,

Table 1 shows the comparative classwise recongition
scores and the overall recognition score for the artificial
data for crossover probability i1, = (.8. Difterent values of
H (viz. 7, 6 and 4) are considered for thc (GA-hased
classifier. Since this data set has a very small class totally
suwrrounded by a larger class, the classwise recognilion
score in this case is of greater importance than the overall
score. Figure 4 shows the decision boundaries obtained
from 10% (raining data {for // = 6) and their ability in
classifying the remaining 90% test data. The training
paltern points are underscored in the figure. This
boundary was oblained on termination of training after
538 iterations when a string with no misclassified points
had been found.

A. comparison of the performance of the proposed
alogrithm (for perc = 10) with the Bayes classifier, k-NN

TABLE 1 Classification performance (%) of GA-classifier
for ADS1, u_ = 0.8

Class GA Bayes k-NN MLP
H=17 H=6 H=4
1 9371 9444 9396 100,00 96.85 100
2 7727 8750 5795 1818 5909 0O
Overall  90.83 9322 87.65 8565 9023 8247
Y
. ) 13
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Figd4 ADSI data sel with class boundaries generaled by GA
classifier

classificr (for k = \/t_z) and MLP is afso shown in Table 1.
Both k-NN and MLP are capable of generating pieccwise
linear boundaries. The results show that the performance
of the GA based algorithm for /¥ = 6 is the best. As
expected the Bayes classifier performs poorly.

Table 2 shows the comparative results on the vowel
data. In each case, class & is classified very poorly as this
is the class with maximum overlap. This was also found
in [16:183] where a fuzzy set theoretic classilier and Bayes
classifier were used for vowel classification problem. The
results show that the Bayes classifier performs best for
this data set. This conform to an earlier finfings [!84]. The
results of the proposed algorithm are seen to be
comparable (o those of the Bayes classifier.

An observed feature of the methodology is that
increasing the number of lines (for approximating the
decision boundaries) does not necessarily result in an
increase of the classification performance. The reason
behind this is that increasing the number of linecs means
tuning more and more to the peculiarities in the training
sct, which may not necessarily be beneficial to the test set.
A point to be noted here is that although two lines are
redundant in Figure 4, for H = 6, yet assuming a lower
value produces an inferior result as seen from Table 1. A
reason behind this may be the insufficient knowledge
about the termination of (he algorithm. Note that the
problem of ascertaining H is analogous fo that of fixing
the number of nodes in MLP. An overestimation of this
number may lead to poor generalization capability of the
classifier. A comparison bectween GAs and simulated
annealing with respect to the design of such a classifier is
provided in 801,

B. Relation with Bayes classifier

It is proved [1811 that for n — e (i.e., for sufficiently
large training data set} and for a sufficiently large number
of iterations, the probability of error provided by the GA-
classifier during training is less than or equal to that of the
Bayes classifier. However, one may notc that the Bayes
classifier with known class distributions and a priori

TABLE 2 Classification performance (%) of GA-classifier
for Vowel (F,, F, features), p, = 0.8

Class GA Bayes k-NN  MLP
H=7 H=6 H=4

8 20.00 o153 1230 46.15 3538 23.07

a 9382 7654 5925 8518 8148 66.67

i 82.58 7225 85.10 81.93 §5.80 84.50

" 94.11 86.02 9264 8970 7647 91.17

e 74.86 77.54 82.35 83.42 7540 69.51

0 67.90 72.22 " 78.39 72.83 77016 1480
Overall 7569 7544 75,69 7913 7531 6081
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probabilities always provides the best gencralization
capability, Exicnsive experimental results on overlapping
data sets following triangular and normal distributions
with both lincar and nonlinear class houndaries conform
to these claims 'Y The claims also hold good when
circular surfaces arc considcred as constiluting elemcnts/
scgments of boundaries. It is observed that as n increases,
the probabilities of error of the GA-classifier during bolh
training and testing approach thosc of the Baycs classifier.
Figure 5 shows that as n increases, the boundary provided
by the GA classifier approaches the Bayes boundary. Here
two class problem with triangular distribution of the data
is considered ['#11,

It is shown that the optimmum number of hyperplanes
generated by the GA based classifier is equal (o that
required to model the Bayes decision boundary when
there exists only one partition of the feature space that
provides the Bayes error probability. The variation of
recognition score with @ priori class probability 1s alse
shown to be similar for both the classifiers.

C. Using variable string length

One can see that an a priori knowledge ol a proper
value of H is difficull 1o estimate for the GA-clussifier.
Thus, it is usually overestimated, leading to the problem
of over fitting of (he data along wilh an associated
reduction in the generalization capability of the GA-
classifier. Additionally, it often results in the presence of
some redundant surfaces in the final dceision boundary.

In order Lo overcome these limilations, the concept of

Fig 5 Triangular distribution of points with Bayes-line and GA-line (arrow) for 1500 iterations (a) i =

(¢) n =2000, {d) n = 4000

variable string lengths in GA (termed as VGA) has been
used for the problem of construcling class boundaries
through the placement of a variable number of
hyperplanes so as 1o classily patterns in N dimensional
feature space. The parameters of a number of hyperplanes,
whose value may now vary, are encoded in a chromosome
or string. Specially designed genetic operators are applicd
on these strings over a number of generations Ll a
termination criterion is attaincd. The fitness function
incorporates a weighting coefficient on the number of
hyperplanes which ensures, primarily, the minimization of
the number of misclassified samples, as ulso the reduction
of the number of hyperplancs. The GA-classifier tilizing
variable string lenghts is called the VGA-classifier 132,

As mentioned in Section 5.2.8, it has been
theorclically established here that as the number of
iterations and the size of the training data go 1o infinity,
the performance of the classifier approaches that of the
Bayes classifier. At the same time, the number of
hyperplanes provided by the classifier will he Lhe
optimun.

Investigations into the eflectiveness of the aforesaid
VGA-classifier, for two scts of artificial data, Iris data and
specch data, demonstrate that the concept of VGA, besides
being able to evolve the number of hyperplanes from a
given range. helps in improving its recognition capability.
Table 3 provides a lew such results. It is seen that the
VGA-classifier is ablc 1o determine H automatically (e.g.,
3 for ADS!t and 6 for vowel) starting from a maximum
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number of hyperplanes H,,,. = 10. The recognition scores
are also improved.
D. Incorporating chromosome discrimination

The effect of incorporating some common forms of
differentiation as found in natural systems {e.g., sexual
differentiation), in GAs is investigated in ['78, A genetic
algorithmic methodology, termed GACD, is described,
which incorporates chromosome differentiation  for
evolutionary process.

In GACD, chromosomes are distinguished inlo two
categories of population, termed as M and F populations,
based on the value conlained in the two class bits.
Initially, the two populations are of the same size, and are
gencrated based on maximum Hamming distance
between them. Crossover (mating) is allowed only
between individuals belonging o these calegorics. As a
results of crossover, two oflspring arc created, whose
classes are determined stochastically, depending on (he
parent chromesomes. The offspring are accordingly put
into the different populations. Thus the number of
chromosomes in the individual populations may vary,
although the total number is kept constant.

Schema analysis of GACD shows that the basic tenet
of genetic algorithms holds for GACD as well; above
average, short, low order schema will recieve increasing

number of trials (or instances) in subsequent generations.
It is aiso shown that in certain siluations, the lower bound
of the number ol instanees of a schema sampled by
GACD is greater than or equal to that of the conventional
genetic algorithms.

Implementation of the GA-classifier by using GACD
instead of GA provides the GACD-classfier. Its
subsequent application 1o the aforesaid two. artificial, Iris
and speech data sets is found to generate better
recognition scores. The number of iterations required to
attain the termination criterion is also found to be less
than that required by conventicnal GA. It 1s to be noled
that the concept of GACD enriches the GA literature in
general, and that of the classifier in particular.

Tables 4 and 5 show some results for two different
values of crossover probabilities . with H = 6, Tt is clear
that the GACD classifier is superior to GA elassifier both
in terms of recognition score and rate of convergence.

E. Analogy between VGA classifier and MLP based
classifier

An analogy between the principles of VGA-classifier,
mentioned in Section 5.2.C, and multilayer perceptron
(with hard limiters) based classifier is described in 1185,
Both of them basically model! the class boundaries using a

TABLE 3 Classification performance (%) ol YGA-classifier for H,, = 10 and GA-classifier for H = 6, 1, = 0.8. Vowels have

features Iy, Fy, F5.

Data set VGA-classifier Test score for
Training score (%) Test score (%) Hyaa GA-classifier, H = 6

ADS] 100.00 95.62 3 93.22

Vowel 80.00 73.60 6 71.99

TABLE 4 Classification performance (%) ol GACD-classifier and GA-classifier Tor i, = 0.8, H = 6. Yowels have [leatures

F|, Fy Fa.
Data set Avg no. of generations Training Testing
(avg recog score) {(avg recog score)
GACD GA GACD GA GACD GA
ADSI 415.2 512.6 100.00 100.00 94.25 93.22
Vowel 1500 1500 94,12 82.35 75.19 71.99

TABLE 5 Classification performance (%) of GACD-classifier and GA-classifier for y. = 0.5, H = 6. Yowels have leatures

Fl! FZ! F3'
Data set Avg no. of gencralions Training Testing
(avg miss) {(avg recog score)
GACD GA GACD GA GACD GA
ADS] 5202 905.5 100.00 98.71 95.02 94.22
Vowel 1500 1500 96.47 BE.23 76.71 71.37
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number of hyperplanes. Additionally, it is established that
the number of hyperplanes provided by the VGA-classifier
for constituting the decision boundary will be the
optimnm. Based on these, a method called the nenwvork
consfruction algorithm (NCA) for determining the MLP
architcclure automatically is described. It is shown that the
architecture would need atmost two hidden layers, the
neurons of which are responsible for generating
hyperplanes and regions.

The architecture derived using NCA has the following
specifications. The input layer has & neurons, where N is
the dimensionality of the ftcature space. These simply
transmit the input signals to their outputs. The first hidden
layer has H, ncurons, where H, is thc numher of
hyperplanes provided by the VGA-classifier. These are
responsible  for generating the equations of the H,
hyperplanes. The neurons in the second hidden and output
layers perform the AND & OR functions respectively. The
NCA also includes a post processing step which
" aulomalically removes any rcdundant neuron in the
hidden/output layer 11831,

Superiority of the MLP thus derived using NCA, over
its more conventional counterparls, is cxlensively
established over different data sels US% Tables 6 and 7
demonstrate some of the results. As seen, the architeclure
for the MLP 15 found to be 2:3:5:2 for ADS1 and 3:6:7:6
for vowel. MLP with this architecture trained with back

TABLE 6 MLP structure and classification performance
{%) for ADS 1

Class  VGA-classifier

H,=3.r=5

MLP
SIGMOID Hard Limiter

Arch=2:3:5:2

Arch = 2:3:5:2

Training Testing Training Testing Training Testing

I 100,00 9589 100.00 100.00 100.00 95.89
2 100.00 9431 0.0 0.0 100.00 94.31
Overall 100.00 9562 8363 8247 100.00 95.62

TABLE7 MLP structure and classification performance
(%) for Yowel (F|, F4, F5 leatures)

MLP
SIGMOID Hard Limiter

Arch=3:6:7:6

Class  VGA-classifier

H,=3.r=5

Arch=3:6:7:6

Training Testing Training Testing Training Testing

o 1130 8.21 85.71 6.15  10.30 8.21
a 100.00  91.35  87.50 13.58 100.00 91.35
i o411 8451 100,00 7870 9411 84.51
] 7333 6651 100.00 9191 7333 66.91
e 8699 8356  80.00 5935 8999 85.56
a 8333 7592 7778 4321 B3.33 75.92
Overall 80.00  73.66 8823 5636 80.00 73.66

Classified Image Using Gd-clagsifier, H=13

Fig 6 Classitied SPOT image with GA classifier
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propagation is seen lo perform worse than that derived
using NCA. A significance of this investigation is that the
said analogy between the VGA-classifier and MLP will
augment the application domain of VGA-classifier (o
those arcas where MLI has widespread usc.

Finally, we provide Fig 6 as an cxample of pixel
classification on a SPOT image represenling a part of the
city of Calcutta by the said methodology for H =15. Here
the classes considered arc pure water, wrhid water,
conerele, vegetation, habitation, open space and roads
(including bridges), and unclassified region. The different
regions like Hooghly river, Howrah bridge (Rabindra

Setu), race course, Gardenreach dock yard, and a few'

other important roads and canals are {ound (o be detected
well. A comparison of the cutput with thasc of Bayes rule,
k-NN rule and a multivalued recognition method [#90911 j5
provided in U8} Note that the information in bands necar
infra red, red and green are considered as input features.

Beflore lcaving this section, let us mention a few
attempts made by others in this line. Srikanth er af {187
described a genetic algorithmic approach (o classiftcation,
both crisp and luzzy where clusters in patiern space are
approximated hy cllipses or sets ol ellipses in iwo
dimensions and ellipsoids in general, A variahle number
of ellipsoids is searched for, which collectively classify a
training set of objeets. Since the number of ellipsoids is
not fixed a priori, a variable length chromosome is
considered. The perlormance of the classilicr is illustrated
using two lwo-dimenstonal data sets. Performance on a
four-dimensional data set is compared with that of various
neural network  architectures. The comparison s
marginally in favour of the genelic technique presented.

The problemn of editing for the k-NN rule is addressed
by Kuncheva i8] Results in a problem with highly
overlapping classes are amongst others compared to those
obtained wilb the Multedit scheme. Although i(he
differences are not statistically significant, the author
presents use of a GA as an alternative to other techniques.

Piper has described %) the use of GA in
chromosome classification. The fitness [unction lakes into
aceounl constraints imposed by the conlext of a
mctapbase ccil, as well as similarity of homologous.
Comparison  with  previous classificalion  metbods
demonstrate cqual classification accuracy. Incorporation
of the homologue similarity constraint does not
substantially improve the error rate.

Dev and Murtby 'Y presented a GA solution to the
problem of optimal assignment of production rules in a
knowledge base to a variable number of partitions.
Partitioning ol a knowledge base is an important problem
since an efficient solution can increase its performance
hoth in the compilation phasc and in the execution phasc.
It is beneficial to the maintainability of the knowledge
hasc. The authors demonstralte that the solutions ohtained

using a GA compare favourably with those obtained with
a clustering algorithm,

Sclection of a subset of principal components for
classification using GA is made in '?!], Since the search
space depends on the product of the number ol classes
and the number of original {catures, this selection process
by conventional means may be very computationally
expensive. Results on two data sets with small and large
cardinalates are presented.

Recently, Murthy and Chowdhury %2 have used GAs
for finding optimal clusiers, without the need for
searching all possible clusters. Experimental results show
that the GA based scheme may improve the final output
of the K-means algorithm where an improvement is
possible. GA is also used for image enhancement {1931
through selection of approximate operators, fractal image
compression and magnification 741951 Tt js found that
the method greatly decreases the search space for finding
the self similaritics in an image, A new method for feature

selection using a sell cross-over operator is reported
1196
in 1991,

6 Integration of the soft computing tools and
hybrid systems

In this section we describe somne ways how the various
soft  computing tools c¢an be made o work
synergelically (not compelitively) to build efficient hybrid
systems [ 97 Let us first of all consider the problem of
integrating fuzzy scts and artificial neural networks. As
mentioned  hefore, fuzzy set theory provides an
approximate  but efflective and flexible way of
representing, manipulating and utilizing vaguely-defined
data and information, and ot describing the behaviors of
systems which are (0o complex or too ill-defined to admit
of precise mathematical analysis by classical methods and
tools. Successful use of Fuzzy logic to create many
commereial products bas been mmade recently in Japan.
This, in turn, has increased interest among engineers,
rescarchers and company exccutives to understand and
cxplore further this lechnology. Though the approach tries
to mode] the human thought process in a decision-making
syslem, it has no relation with the architecture of the
human neural information processing system, nor does it
make into consideration (he information storage
technique of human beings, and some times it is
compultationally intensive.

Human intelligence and discriminating power, on the
otber hand, are mainly allributed to the massively
connccted network of hiological ncurons in the human
hrain. We mentioned ecarlier that attempts have recently
been made to emulate electronically the arcbitecture and
information representation scheme of human neural
network under the name artificial neural network models.
The collective computational abilities of the densely



76 [ETE JOURNAL OF RESEARCH, Vol 44, Nos 1 & 2, 1998

interconnected nodes or processors may provide a
material technique, at least to a great extent, for solving
highly complex real life problems in a manner such as a
human being does.

It, therefore, appears that integration of the merits of
these two technologies can provide more intelligent
systems (in lerms of parallelism, fault tolerance, adaptivity
and uncerlainty management) to handle real hfe
recognition problemns. These promises have motivated
{during the last 7-10 years) a large number of researchers
to exploit these modern concepts for solving real world
problems. leading (o the development of a new paradigm
called neuwro-fuzzy computing. Besides the generic
advantages of parallelism, fault-tolerance and uncertainty
handling, the neuro-luzzy paradigm some times provides
some application specific advantages. The fusion or

integration made so far, can be categorized as
follows [198],
() Incorporating Fuzziness inlo Neural Nelwork

Frameworks: fuzzyifying the input data, assigming fuzzy
labels to (raining samples, and obtaining oulputs of ncural
networks in terms of fuzzy setg [143.147.118.199-203)

(ii) Designing Neural Nctworks Guided by Fuzzy Logic
Formalism: destgning neural networks to implement fuzzy
logic and fuzzy decision making, and (o realize
membership functions representing fuzzy sets 1352042431

(iif) Changing the Basic Characteristics of the Neurons:
neurons are designed to perform various operations used
in fuzzy set lheory (like fuzzy union, intersection,
aggregation) instead of doing the standard multiplicalion
and addition operations [146:214-216]

(iv) Making the Individual Neurons Fuzzy: the input lo a
neuron is a fuzzy set and the output also is a fuzzy set. The
activity of networks involving fuzzy neurons is a fuzzy
process [217.218},

(v) Measures ol Fuzziness as Error or Instability of a
Network: using the fuzziness/uncertainty measures of a
fuzzy set to model the error or instability or energy
function of a neural network based system [138219.2201

As an example of the application specific merit of
neuro-fuzzy computing, let us consider the work of Pal
and Mitra D820 which falls under category (7). Here,
the concept of fuzzy sets is introduced in various stages of
multi-layer perceptrons and Kohonen’s model for
degigning both supervised and unsuperviscd fuzzy
classificrs for uncertainty analysis and recognition of
patterns. The self-organizing netwrok developed for fuzzy
partitioning of patterns lakes membership  values
corresponding to linguistic properties (e.g., small, medium
and high) along with some contexual class information as
input. An index of disorder based on mean square distance
between input and weight vectors has been defined in

order (o provide a quantitative measure for the ordering of
the output space. The method based on the multi-layer
perceptron, on the other hand, involves assignment of
appropriate weights to the back-propagated errors
depending on the membership values at the corresponding
outputs. Its input can also be in terms of linguistic
propertics. Incorporation of fuzziness also makes the
system less oscillatory in addition Lo providing superior
performance for overlapping classes. The system is found
io be robust with respect to fuzzification of input
properties. These modified versions also provided better
performance for cerlain non-convex decision regions 2%
as compared to the classical methods and conventional
connectionist approaches as they incorporate more local
information of the feature space by decomposing it into
3N (N being the dimension of fcature space) sub-regions
through the properties small, medium and high. Similar
concept of [uzzy labels has also been utilized in 292 for
learning in a network.

An applicalion of the fuzzy multi-layer perceptron and
Kohonen’s  model for designing classificatory
connectionist expert systems is described in [!47.148
These models can handle impreciseness in the input
representation and provide output decisions as class labels
with certainty factors. The input can be in quantitative,
linguistic or set form. These models have been found (o be
useful in querying, inferencing and generating if-then
rules for medical diagnosis with incomplete symptoms.
An altempt has also been made in [*2!] to build an expert
systern which can handle both numerical and linguistic
medical data.

Another application of the aforesaid fuzzy MLP is
descrihed recently in 222 for designing a knowledge-
based system for classification and rule generation. Here
the knowledge collected from a data set is initially
eneoded among the connection weights in terms of class a
priori probabilities. This encoding also includes
incorporation of hidden nodes corresponding to both the
pattern classes and their complementary regions. The
network is then refined during training. Negative rules
corresponding to a pattern not belonging to a class can
also be obtained. These are useful for inferencing in
ambiguous cases. Speed of learning is also improved.
Both convex and concave decision regions are considered
in the process. Recently, an application of fuzzy integral
for comhining an cnsemble of networks for multispectral
dala classification is reported in 2231,

A fuzzy neural network using logical operations, viz,
max-min and product-probabilistic sum has also been
developed by Mitra and Pal [M6] under category (i) for
both classification and rule generation wilth linguistic
properties as input. For the purpose of rule generation and
inferencing, the user could be queried for more essentiai
feature information in the case of partial input. The model
is likely to be suitable for data-rich environments. The use
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of logical neurons helps in generating rules in more
appropriate forms and makes its hardware realization
easier. The system is robust with respect to input
tuzzification.

Finally for an example in the category (1), we
consider the work of Ghosh ef af 381 which incorporated
various fuzziness measures in a multi-layer network to
make it able to perform {unsupervised) self-organizing
tasks in image processing, in general, and objcct
extraction in particular. The network architecture is
basically a fced-forward one with a feed-back path. In
each layer every neuron corresponds to an image pixel.
Each neuron is connected to the corresponding neuron in
the previous layer and its neighbors. The status of ncurons
in the output layer is described as the memberhsip value
to a fuzzy set representing object regions. A fuzziness
measure (e.g., index of fuzziness and entropy U'® of this
set is used to quantify system crror (instability of the
network) and il is back-propagated to correct weights.

After the wetghls have been adjusted the output of the
neurons in the output layer is fed back to the
corresponding neurons in the input layer. The second pass
is then continued with this as input. The iteration
(updating of weights) is continued until the network
stabilizes, i.c., the error value (ineasurc of fuzziness)
becomes negligible. This integralion makes it possible for
a layered nctwork (which is usually used as a supervised
classifier) to act as an unsupervised one, in addition to
providing a robust and noisc-insensitive segmentation
algorithm. Here the neuro-fuzzy integration also provides
an application specific advantage. As such, we cannot
always generalize this concept to use an MLP as an
unsupervised classifier.

Rccently, a similar concept of using fuzziness
measure as an  objective function ol a nectwork is
utilized 2192201 for  feature selection and exrraction
problem under both supervised and unsupervised modes.
Here a fuzzy fcature evaluation index is minimized with a
layered network using gradient descent lechnique such
that the network parameters determine the importance of
different input features or the extracled features.

Nolc that the aforesaid attempts of intcgration can also
be broadly divided in two ways:

« a neural network equipped with the capability of
handling fuzzy information [or exlending its
application domain, and

« a fuzzy systern augmented by neural networks (o
cnhance its flexibility, speed and adaptability.

The {ormer may be called fuzzy neural nerworks,
while the latler seural fuzzy systems. Further, these
integrations are mainly made in the lield of patiern
recognition and to some extent in luzzy logic control.

Literature on neuro-fuzzy image processing is not
adequalte at this moment. More details on neuro-fuzzy
computing to pattern rccognition arc available in [198],

Let us now discuss some of the recent attempts for
designing genetic-neural systcms for Lhe synthesis of
artificial neural networks architecture using GAs, as an
cxample of another kind of integration under the
framework of soft computing. Methods for designing
ncural network architectures using GAs are primarily
divided into two parts: in onc part the GA replaces the
learning methed Lo find appropriate connection weights of
some predefined architeciure. In another part, GA itself is
used to find the architccture (conncetivity) and il is
evaluated using some lcarning algorithm,

Whitley, et al ['*8] sugpested a way to apply GAs to
ncural network problems and they showed how genctic
search can be improved to achieve more accurate and
consistent performance. The method is able to optimize
the weighted connections for small neural network
problems as follows:

(¢) For the purposc of weight optimization, neural
nctworks with prefixed connectivity and predefined range
ol weight valucs were taken. Each weight value was
encoded into 8 bits (=127 0 127 with 0 twice). For cach
[eed-forward net, sum square error was calculated for the
traintng patiern set (weight values of ecach net was
obtained using GA). This mcthdology was tested for
signal delection.

() To oplimize the conncctivity of a NN [rom a
predefined maximally connected feed forward net, the
method finds out combination of conneclions (using GAs)
which can quickly and accurately learn (learning took
place using BP) using GENITOR. An explicit mechanism
to reward small, last, and well-trained network was
adopted. To reduce the learning time, instead of assigning
random welghts initially, lhe weight values of already
traincd fully connected nct were assigned to each
connection. The resultant net has direct /0 conneclion
(which has lcss probability to get stuck at local optima).

In 93] Bhandari er al incorporated GAs to find out
the optimal set of weights (biases) in a layercd network.
Weighled mean square error over the training examples
was uscd as the fitness mecasure. They introduced a new
concept of selection, called non-tinear selection, which
enhances genetic homogencity into the population and
speeds up searching. They experimented on both linearly
separable and non-linearly separable pattern sets.

Harp and Samad also suggested an approach [0 to
evolve the architccture of neural networks and their
learning parameters using GAs. The nelwork was trained
separatcly by  backpropagation algorithm.  Each
chromosome contains two partts: (1) fixed length areqa
parameter specification which corresponds to  layer
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number, the number of units in it, how the units are
organized, learning parameters and threshold values;
(2) projection specification field which shows the way of
connection hetween layers. Since the total number of
fayers may vary, the chromosomal length was also
variable, They also introduced a moditied crossover
operator which exchanges homologous scgments ol two
chromosomes or networks. Architecture, connection
strengths and thresholds of individual neurons of
feedforward neural networks were simultancously found
out in a recent investigation %% without using any error
propagation algorithm.

An atternpt is also made by Pal et al to evolve
Hopfield type optimum neural network architecture for

exiractipgy ohject regions from gray images using
GAs '8 Fach chromosome represenls a network

architecture. For an # X n image, cach pixel (neuron)
heing connected to at most & of its neighbours, the lenglh
of the chromosome is m > n % k. If a neuron is connected
to any ol its necighbours, the corresponding bit ol the
chromosome is set 1o |, else 0. Initial population of the
GA is generated randomly. Each network is then allowed
to run for object extraction as in '7) The energy value
obtained at the converged stale of a network is taken as Lthe
index of fitness of the corresponding chromosome
(minimum energy corresponds to maximum fitness) [or its
selection for the next generation. Crossover and mntation
operations arc performed on these selecied chromosomes
to get new offspring {new architectures).” The whole
process 1s continued for a number of generations until the
GA converges. The best chromosome evoluted at the {inal
popuiation represents the optimum architecture {or object
extraction.

This GA based technique bas been able o evolve
network architeclures whose connectivity is about two-
third of the requirement of the corresponding fixed fully
connected ones in order to producc comparable
scgimented output. It is also found from the output images
that, for highly corrupted image, this method provides

better results than
connecled architecture.

the corresponding fixed fully

Similarly, consider cellular neural nelworks (CNN)
wherc setting up a CNN nceds a proper selection of circuit
parameters of cells. The set of circuit parameter is called
cloning template which determines the dynamics of the
nclwork and its application domain. There is no standard
method for selecting cloning template automatically for a
CNN, although some hcuristics have been suggsted (211
for this task. GAs have also been used recently [224225]
with fuzzy fitness function for ¢lassification of objects and
background by CNNs. The grayness and spatial ambiguity
mcasures have been used as the basis of the [itness
function. It has been found from the results that the
template selecled by GAs performs consistently well and
is more immune to noise as compared Lo the heuristically
selected template. This investigalion can be classified
under the category of neuro-fuzzy-genetic integration.
Another typical example of integrating fuzzy logic. ANN
and GAs ts shown in Fig 7. Here the dilferent parameters
(c.g.. membership functions for low (L), medium (M), and
High (H) at the input, the connection weights and biascs
of ANN, and the boundaries of the output classes or
decisions) of a fuzzy neural network are adjusted (tuned)
by GAs for ils optimumn performance.

There are many such attempts being reported in
conference proceedings and journals 2262281 Note that,
the tuning of fuzzy membership functions with GAs can
be classified under tbe framework of fuzzy-genefic
integration 2401 Recently, the theory of rough sets [22%1 is
also seen to draw the attention of researchers as a soft
computing tool for building intelligent systeins in
conjunction with others. The work of Banerjee
et al 30311 s an example in this regard where a Rough-
Fuzzy-MLP model is designed for knowledge encoding
and classification. Rough set theory is exploited for
cflicicnt knowledge encoding. Crude domain knowledge
is cxtracted from the data set in the form of rules. The
syntex of these rules automatically determines the
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Fig 7 Tuning of parameters of a fuzzy neural network with GA
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TABLE 8 Recognition scores (%) for Yowel (Fy, F,, Fy features)

Atlributes for Rough-Fuzzy MLP Fuzzy
€y, €3, €y HinLanLy Myv H 5 M3 v Hy M

[ Myv Ly M v M,y L

cs M, H, P

g M, v M, MivMsv Ly Mv M, M v H; M vMy M vMyvH;

# links 8 19 . 18 18 18 19 90
Training 85.48 80.05 81.11 80.19 83.18 82,72 80.88

T d 514 21.6 30.8 43.2 54.1 39.5 21.6

= a 84.4 88.9 822 88.9 82.2 75.6 82.2

5 i 94.1 85.9 95.3 85.9 94.1 87.1 941

t H 90.2 86.6 87.8 87.8 90.2 87.8 §7.8

s e 84.0 07.2 783 934 82.1 84.9 88.7

e o 03.9 939 as5.1 93.9 93.9 93.9 95.1

! Net 86.27 85.13 85.13 86.27 85.81 84.44 84.44
appropriatc  number ol hidden nodes while the theory and applications is in full swing and has reached
dependency factors are uscd in the initial weight  almostits peak slage. This is evident through publications

encoding. To demonstrate its effectivencss, consider the
vowel data (Fig 3). Twelve sets of rules for six vowel
classes (¢, ¢, ... . Cg, say) were generated. This led to
twelve possible [uzzy-MLP  encoding. Table 8
demonstrates the performance of some of such net-
works along with their comparison with that of the [uzzy-
MLP (with no initial knowledge weight cncoding). A
sample set of dependency rules gencraled for the six
classes is

H]/\LQ/\L:.‘—)C],MIVL\:‘—‘)C'_),IHVI}VHJ—‘)C_?,
Myv Ha— oy, My — coand M v M3 = cq.

The nctwork generated from this set ol rules is shown in
Fig 8. Here L. M, and A denote the fuzzy linguistic terms
low, medium and high respectively. The subscripts 1.2,3,
assoeiated with them, represent the three features of
vowel, Some more attempis of inlegrating rough sets with
fuzzy sets are available in 1232231,

7 Conclusions

We have discussed on sonie of the recent aspectls of
soft computing paradigm, its primary constifuling tools
and relevance to pattern recognition. The role of thesce
lools for exploiting the tolerance {or imprecision,
uncertainty, approximate reasoning and partial truth in
order to achieve robustness, tractability and low cosl
solulions in pattern recognition problems is described. As
the significance of [uzey set theary to pattern recognition
problems is adequately estahlished since late sixlics, we
have given here sufficient references for the convenience
of readers. Research in artilicial ncural networks both in

of several journals, special issues and books. The issue of
its hybridization with fuzzy logic and GAs is addressed
in 173040.235238] roacanably. Since GA is relatively a
much newer technology to patiern recognition seientists,
more emphasis is given in this article in demonstrating its
cllcetiveness for designing a non-parametrie classification
methodology. Various enhanced versions of the classifier
arc mentioned.

The applicability of the classifier 1o different kinds of data
scls  with nonlinear boundarics between classes 1s
explained. Some of the application specific advanlages of
intcgraling luzzy logic with artificial ncural networks, and
genelic algorithms with artificial neural nctworks, besides
the generic merits arc provided. Rescarch is going on
extensively towards developing various hybrid systems

involving the merits of the individual technology
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Fig 8 Network encoding
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syncrgetically. It needs miany more investigalions and
research work to keep the promise of GAs in helping olher
tools for hybridization. For example, operalors emulating
the human genetic systems nced to be defined with
schema analysis. Similarly, the problem of determining
the genetic parameters ({which is done mostly
heuristically, at present) aulomatically needs to be
addressed extensively. Hybridization should ensure that it
provides application specific merits, besides the generic
advantages. The theory of rough sets (a tool for handling
uncerfaintics arising from granularity in the domain of
discourse i.e., from (he indiscernibility between objects in
a set) is scen recently 1o draw the attention of rescarchers
with a hope 10 build more efficient intelligent systems in
the framework of solt computing. However, this is still in
its infancy for pattern recognition problems.

It may be noted that soft computing can be viewed as
the key ingredient of real world computing (RWC), which
is capable ol distributed representation of information,
massively  parallel  processing  and  lcarning  and
adaptability in order (o achieve {lexibility in information
processing.  Therelore  the growth  of  information
technology in terms ol computing power ranges {rom
conventional  computing  (whose  kernel Is  data
processing}, lilth generation compuling syslems (whose
kernel is knowledge based infarmation processing} to
RWC (whose kernel is flexible information processing).
Thus, as it stands, the soft computing research will not
only continue to remain in the forefront line for the next
decade, but also will play a key role in the development of
Suture technology ineluding sixth generation computing
sysfems.
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