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The Genetic Algorithm bas proven quite effective in solving some optimization and Artificial
Intelligence (AI) problems. It has been used in many application areas including Pattern Recognition.
However, the applications of Genetic Aigorithm to Pattern Recognition have so far concentrated

primarily on training Neural Networks for Pattern Recognition (Montana 1989, Whitley 1992, Kitano |
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1994). The research in this paper is aimed at using the Genetic Algorithm to do pattern matching

directly. The basic idea is to use the Genetic Algorithm to find the best match between the nodes of two |

patterns. The objective function can be defined in terms of the total difference in magnitude of angles

- e e e e

between the corresponding edges of the two patterns. The experiments designed to evaluate the

| algorithm have shown very promising results and are highly accurate in classifying the input patterns.
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1. Introduction

Pattern Recognition (PR) is 2 process whereby objects appearing in an input pattern are classified
according to type. - Applications of PR occur in many areas such as computer vision, face recognition,
speech recognition, character recognition, signal classification and analysis, medical diagnosis etc. PR
techniques have also been used as an important component of intelligent systems for data preprocessing and
decision.

Following are some of the approaches that have been commonly used for PR (Schalkoff 1992):

1. Statistical Pattern Recognition (Devijver 1982)
2. Syntactic Pattern Recognition (Fu 1982)
3. Neural Pattern Recognition (Pao 1989)

Although the three approaches have shown some good classification capabilities, each has its own
limitations. Statistical Pattern Recognition uses characteristic, ¢lementary numerical description of objects,
called features, to classify objects. The feature space of all possible patterns is divided into cluster space of
objects using predefined decision rules. The patiem classification is performed based on discriminant
functions and feature vectors of the pattern with respect to the cluster spracéi Stanistical Pattern Recognition
has difficulty expressing structural information of a pattern since structural information is irrelevant to this

approach,
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The Syntactic Pattern Recognition Approach tries to describe a complex pattern as a composition
of simpler subpatterns or primitives. The primitives, or building blocks, are extracted from the input pattern
using soms structural rules and features of the pattern to distinguish which primitives the pattern consists of.
Based on these extracted primitives and relations between them, a description word representing an object is
formed. The type of object in the pattem can then be identified by syntactical analysis on this description
word using description grammar for each class of objects. The major limitation of this approach is the
difficulty in learning ot deriving structural rules from a training set of patterns. This leaming process may
require significant human interaction. " i

In the Neural Network Approach, an artificial neural network, usually a feed-forward neuron
network, is trained to perform like the human neural network. The network consists of neuron cells
organized in a multi-layer platform. A neuron cell in one layer accepts input ﬁ-nm neuron cells in the
previous layer and produces output to the cells in the next layer. The training algorithm called Back-
Propagation is normally used to adjust weight associated with each link connecting two cells residing in
adjacent layers. The weight effects the input value presented to the cell and so the output of the cell. When
presented with an input pattern the network can produce output which identifies the type of object in the
input pattern. Although the neuron network can deliver highly accurate pattern recognition, the structural
information of patterns is hidden inside the metwork and cannot be drawn out from its computation.
Another concern regarding the neural network approach is the long duration time sometimes required to
train the network.

Besides these three approaches, some alternative approaches have also been explored, e.2. graph
matching and dynamic programming. The Genetic Algnﬁthm is another approach that needs to be pursued
for PR since it is capable of solving optimization and machine learning problems. The Genetic Algorithm
should be 2 good candidate method to be used in determining which of the known patterns that best matches
the input pattern.

2. Genetic Algorithm (GA)

A Genetic Algorithm mimics the biological evolutionary process in which new offspring can
inherit good characteristics from their parents (Srinivas 1994, Mitchell 1996). The GA encodes a potential
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solution as a stning of 0’s and 1’s called a chromosome, With a set of initial chromosomes, the GA
manipulates the most promising chromosomes in the set and creates the new population of improved
chromosomes. The manipulation is a process of mating two chromosomes to create two offspring which
inherit some of the good characteristics from their parents. The new popuilation should contain solutions that
are more promising than the previous generation.

Each chromosome 1s assigned a score or fitness function which is the target of the improvement.
In order to generate improved offspring, we need criteria to select the good parents from the pool of
chromosomes. The selection criteria should assure that the more promising parents should have more
chance to be selected. Therefore the mating would yield improved offspring. One way to achieve this
selection goal is to select parents based on their fitness values, The higher a parent’s fitness value, the
higher the chance of it being selected.

Once the parents have been selected, the next issue to consider is how the mating and

evolutionary process are performed in order to generate offspring. Two basic operations are used for this

purpose:

1. Crossover: This operation is performed on a pair of selected chromosomes and yields a pair
of offspring. By picking a crossover point randomly (range 1 to L-1 where L is the length of
the chromosome) the portions of two chromosomes around the crossover point are exchanged
resulting in a pair of offspring. The crossover would take place only when a generated
random number between 0 and 1 is less than or equal to a predetermined rate or constant P
Otherwise, the two parents remain unchanged and become the subjects of the second
operation.,

2. Mutation: This operation is performed on the offspring generated by the crossover operation.
A randomly positioned piece in the offspring chromosome is changed from 0 to 1 or vice
versa, The mutation is needed to allow the GA to escape from local optima since the
offspring can be randomly changed and therefore be moved away from the local optima. As
in the crossover operation, the rate of mutation can be controlled using another constant P
If a generated random number does not exceed P_, then the mutation can take place.
Otherwise, the offspring will remain unchanged. The output offspring from the mutation

becomes a new member of the next population.
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Following is an outline of a simple GA:

1.

Initialize population of n candidate solutions by randomly generating n strings of
chromosomes.

Evaluate the fitness value of each chromosome in the population

Repeat the following steps until there is no improvement on the average fitness value of the
current population,

Repeat the following steps unitil n offspring have been created from the current population:

4.1 select any pair of chromosomes from the current population

4.2 perform crossover operation on the pair with probability of P_

4.3 perform mutation operation on the two offspring with probability of P_

Replace the current population with the population of the n offspring

Evaluate the fitness value of each chromosome in the current population

Go to step 3.

3. Pattern Representation

Since this research is focused on the pattern recognition process, we assume that an input pattern
has already been preprocessed (Gonzalez 1993). The preprocessing should include the segmentation of the

pattern into 8 set of links or segments. Each link constitutes a straight line comnecting two nodes

{deviationa!l points) in the pattemn. Each link of the pattern can be represented by the XY-coordinates of its
two end nodes. However, the XY-coordinates of the nodes are dependent on a scaling factor and degree of

rotation imposed on the input pattern. This means that if the pattern is enlarged and/or rotated, the XY-

coordinates of nodes also change. The changes complicate the process of patttern recognition, therefore,

a new pattern representation is needed to eliminate the scaling and rotation dependencies. We propose 2

new scheme to represent a pattern, that eliminates the dependencies and is suitable for our proposed pattern

recognition algorithm. The scheme consists of the following steps:

1.

Between any pair of nodes that arc not directly connected, introduce a new link that
connecis the two nodes but does not cross over any original links. The new links will be
called augmented links. For instance, the augmented link AC and BD {dotted lines) are
introduced into the pattern shown in figure 1.
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2. Each original or augmented link connecting to a node will be represented by the degree of the
angle spanning between the link and its adjacent link in a clockwise direction. For instance,
the link AB, AC and AD are represented by the degree of the angles ¢, P and Y

respectively.

The new representation uses the degrees of angles spanning between two adjacent links to convey
structural information of a pattern. The angles are not subjected to changes due to the scaling and rotation
imposed on the pattern. The introduction of augmented links also gives us some extra structural
information about the pattern, e.g. which node indirectly connects with others through an augmented link.
This information is quite helpful to distinguish one patttern from another. For instance, consider the two
patierns, a aqua& and a rectangle, shown in figure 2, Without augmented links the two patterns would have

the same representation in term of the degrees of angles.

Figure 2

With the presence of augmented links in the two patterns, some angles associated with matched
links will no longer have the same size and therefore one of the patterns can now be distinguished from the

other.
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4, Genetic Algorithm for solving PR problems

In order to use Genetic Algorithm to solve PR problems, we need to view a PR problem as a
problem of finding the best match between nodes in a given input pattern and nodes in known patterns. The
best matching sclution should give the maximum value of fitness function which i3 particularly designed to
reflect the similarities between the two patterns. The pattern among the known ones with the best fit will be
recognized as the one that best matches the input pattern.

Before we examine a suitable fitness function for the PR problem, we should look at how each
potential solution for the maich can be encoded, We can view any potential solution of the PR problem as &
1-to-1 mapping between nodes in the two patterns. The mapping is restricted to 1-t0-1 function since many-
to-many mapping would create a cluster of nodes that are mapped onto a node or cluster in the other
pattern. The cluster forms an equivalent class of nodes which contradicts the definition of tl:u:. nodes (nodes
must be deviational points of the pattern)

Each candidate solution can be encoded as a string of length N of integer numbers between 0 and
M where M and N are the numbers of nodes in the known and input patterns respectively. The numbers
between 0 and M-1 comespond to the mappings onto node numbers between 0 and M-1 in the known
pattem respectively, while the number M is a special mapping number used to indicate that the
corresponding node in the input pattern is not mapped onto any nade in the known pattern.

8. The Fitness Function for PR

As mentioned earlier, the fitness function for PR should indicate the degree of similarity between
the two patterns. This degree of similarity can be measured by the average similarity degree between links

in the input pattern and corresponding ones, if they exist in the known pattern. Consider the parts of patterns

'

Figure 3

shown in figure 3.
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Suppose A is a node in the input patters and is mapped onto node P in the known pattern. if there
exists a link PQ in the known pattern where B is mapped onto Q and both links, AB and PQ}, are the same
type (original or augmented), then AB is said to be mapped onto PQ. Furthermare, if the next adjacent link
of AB (clockwise direction), AC in this case, i8 also mapped onto the next adjacent link of PQ, i.e. C is
mapped onto R and AC and PR are the same type, the similatity degree of AB and PQ with respect to A can
be computed by a similarity function defined over the absolute difference value between the magnitudes of
the angles BAC and QPR, A=| -

This similarity function should show the function value decreasing as the difference A increases.
The function could have a maximum value of 1.0 when A is equal to 0 and decrease to zero when A
approaches 21T or 360 degl_'mﬁ Figure 4 illumama an cxample of similarity function f and its linear
approximation which is used for ease of evaluation. The linear approximation of f contains two threshold
values for A, a and b.

1.0

1.0

2n

Figure 4
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To find the degree of similarities between the two patterns, it is reasonable to have the fitness
function evaluated on the original input pattern (without augmented links), then compliment the result by
adding it with the value of the fitness function evaluated on the augmented input pattern (with augmented
links). The complimentary value is intended to distinguish some similar patterns by exploiting the extra
structural information inferred by the augmented links. The degree of similarity between the two patterns
can then be defined as a sum of two parts as follows:

% Similarity degrees of all links with respect to all nodes in the original input pattem / (2 *
number of links in the original input pattern) +Z Similarity degrees of all links with respect to all nodes in
the augmented input patiern / (2 * number of links in the augmented input pattern)

Notice that each link will be evaluated twice in each part by the similarity function, one with
respect to each end nods of the link. Hence the factor 2 is needed as the denominator of each part to get the
average value. Each part has the value of at most 1.0 and therefore the degree of similarity between the
two patterns would range from 0.0 to 2.0. It is also possible to multiply both parte with their weighting
factors, e.g. 0.5 and 0.5 respectively, so the total value will not exceed 1.0. The weighting factors can also
be adjusted to give more weight to one part than the other.

6. The Crossover Operator

Once each potential solution or chromosome can be represented as a string of numbers (ranging
from 0 to M), the crossover operator to be performed between two chromosomes simply picks a crossover
point randomly then exchanges the portions of the two chromosomes around the crossover point. Hmu,
if either of the new offspring is not a valid chromosome, i.¢. the chromosome does not constitute a 1-to-i
mapping between the two patterns, then a new crossover point mustbemndonﬂygeﬁemﬁedunﬁlhothncw
offspring contain valid mappings. If no such crossover point exists, the crossover operation will not be
performed on the parent chromosomes and so the new offspring arc simply the copies of the parents.

7. The Mutation Operator

The mutation o be performed on the chromosome is quite straightforward. It begins with the
selection of which numbers in the chromosome to be changed. For each number to be changed, a random
number is generated to become the new value of the number. Since the mapping represeated by the
chromosome is 1-to-1, the random sumber must be generated from the set of numbers ranging from 0 to M
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and does not exist in the chromosome except the number M which can occur in the chromosome as many

times as needed.
8. Experiments on the genetic algorithm for PR

In order to evaluate the effectiveness of the proposed genetic algorithm for PR, a testing set was
created. Patterna of characters A-Z and 0-9 were chosen to be the known patterns in the testing set. Each
pattern in the testing set was plotied on 4x8 matrix. The patterns were assumed to be preprocessed and
sugmented. Nodes in the patterns were represented by their XY coordinates. Pattern original and
augmented links were defined by their two end nodes, These XY coordinate representations, once input,
were then converted into angular representations as defined in section 3. The conversion would make the
representations to be independent from the scaling and rotation factors, as well as to be suited to the
algorithm. Input patterns to be tested on the algorithm were also input in XY coordinates and then
converted into angular representations.

9. Population of the Potential Solutions or Chromosomes

Two important issues conceming the population of the potential solutions or chromosomes need
to be addressed before we can perform the experiments. The first issue relates to population size and the
second issue to the initialization of the population. The decisions on the size of populetion and its
initialization algorithm have a significant impact on the performance of the genetic algorithm. Too small a
population size could lead to local optima or early convergences while too large a population would exhaust
processing time and memory Space. An appropriate initialization algorithm would contribute to the
randomness in the population concentration and yield a higher chance that the global optima would be
found during the course of the genetic algorithm.

Consider a node in the input pattern. We need at least M+1 chromosomes in the initial population
80 that the particular node could have all possible mapping values assigned to it (0 to M). This will assure
that any possible mapping values for the particular node will be included in the initial population. The other
numbers inside each of the M+1 chromosomes could be randomly generated as long as the result
chromosomes represent 1-to-1 mappinge. Since the input pattern has N nodes in the input pattern, at least N
* (M+1) chromosomes would be needed in the initial population,

However, the number of chromosomes would not guarantee global optima convergences

especially when the number of nodes in patterns are large. To study how the population size affects the
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global optima convergence of the algorithm, 8 multiplier 8, is used to scale up the initial population size.
Hence,

Initial population size =S *N* (M + 1)

To generate the initial population with this size, the process of generating N * (M + 1)
chromosomes needs to be repeated S times. Hence, the initial population would be comprised of S different
sets of N * (M + 1) chromosomes,

10. Selection Schemes and Terminating Conditions

Besides parameters such as population size, crossover and mutation rates etc., a sslection scheme
plays a major role in achieving successful convergence to the global optima. A poor selection scheme can
cause premature convergence to a local optima. Several selection schemes had been proposed and explored
(Goldberg 1989, 1991, Mitchell 1996). To study the effect of the selection scheme on the algorithm, we
chose a few simple selection schemes to experimented with.

The selection schemes are:

1) Fimess-Proportionate Selection

2) Tournament Selection

3) Tournament Selection with some modifications

The fitness-proportionate selection is one of the very first selection schemes that were used for
GA. The expected number of times an individual in a population will be selected to reproduce during the
selection process is equal to the individual’s fitness value divided by the average fitness value of the
population. Roulette wheel sampling is the most common method used to implement the selection
algorithm, The selection can be implemented as follows:

1) Sum the fitness value of all individuals in the population and call the sum D

2) Repeat the following N times where N is the size of the population

a) Choose & random integer R between 0 and D,

b) Loop through the individuals in the population, summing their fitness values until the
sum is greater than or equal to R. The individual whose expected vaiue puts the sum
over the value R is the one to be selected,

The major problem with fimess-proportionate selection is premature convergence. Typically, early
in the search the fitness variance in the population is high and a amall number of individuals are much fitter
than the others. These individuale and their descendents would have a high chance of being selected and
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may prevent the GA from exploring ntﬁer portions of the population that might lead to the globa! optima
solution,

The Toumament selection scheme tries to avoid premature convergence by reducing pressure to
select only individuals with high fitness, especially at the earlier stage of the search. The selection scheme
would give a chance for less fit individuals to be selected and reproduce their offspring. The selection
scheme is quite simple and suitable for parallel implementation. To select an individual to be one of the
parents, the following steps are made:

1) Choose two individuals at random from the population

2) Generate a random number r between 0 and 1

3} Hr<K(whereK is a parameter, e.g. 0.75), the fitter of the two individuals is selected to be

a parent, otherwise the less fit individual is selected,

4} Return the two individuals to the original population so they can be selected again.

However, the tournament selection scheme introduces one extra parameter K which can effect the
performance of the GA. At the earlier siage of the search, the fitness variance is high, thercfore, it is
appropriate to relax the selection pressure by having a small K parameter. When the variance gets smaller at
the later stage of the search, the selection pressure should be strengthened to allow fitter individuals to
reproduce. Hence the parameter K should be increased as the search proceeds. This leads to the idea of
varying the value of the K parameter during the search in the third selection scheme. This parameter K
would be assigned with an initial velue, e.g. 0.7, and then be increased by a small amount, e.g. 0.02, for
every iteration until its value reaches a threshold value, e.g. 0.9, where the parameter value becomes
unchanged.

When the GA stops the search it should be ensured that the global optima has been examined or
reached. One way to ensure such a condition is to have the maximum fitness value remain unchanged for
some number of iterations before the search is to be terminated, The threshold for the number of iterations
can be fixed for all patterns or varied depending on the size of the patterns. The appropriate value of the
threshold could be a subject for further study.

11. Experiment Results

As mentioned earlier, the expetiments would be divided into three suites, one for each selection
scheme. Each suite is comprised of testing sets with different values of parameters, i.e. population size,
crossover rate and mutation rate. An approximation similarity function, shown in figure 4, was used for the
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experiments. Each testing sct consists of 36 input patterns (0-9 and A-Z). Each testing pattern was matched
against the same 36 known patterns for § trials. Hence, 180 test runs would be needed for cach testing set.
During the test runs the percentage of correct classifications were recorded. The results of correct
classifications for all testing sets are shown in tables 1 and 2.

Fitness Proportionate Scheme
MR
0.05 0.1
CR
0.6 93.89 95.56
0.8 92.22 92.78
Tournament Scheme with fixed K
MR
\ 0.05 0.1
CR
0.6 92.78 90.56
0.8 95.00 90.56

Tournamant Scheme with variable K

MR
\ 0-“5 ﬂ. l
CR

0.6 95.56 100.00
0.8 93.33 98.33
Table 1

Notes :

1. CR = Crossover Rate, MR = Mutation Rate

2, Population Factor S is fixed at 1.00 P where P is the maximum value between the number of nodes in
the input pattern and its counterpart known pattern.
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0.5P 10P 20P
Selection
Fitness Proportionate 9278 95.56 98.89
Tournament fixed K R6.56 90.56 06.11
Tournament Variable K 91 67 'lm‘m 100.00
Table 2

Notes :
1. CRisfixed at 0.6 and
2, MRis fixed at 0.1.

From the results of the experiments several conclusions can be drawn. They are:

1) Among the three selection schemes, the tournament with variable K performed best in
recognizing the patterns. The GA using the selection scheme achieved almost 100 % accuracy
in classifying the patterns when crossover and mutation rates are moderate, ¢.2. 0.6 and 0.1
respectively.

2) The size of the population has a significant impact on the performance of the algorithm. The
GA performs better when population size gets larger, The appropriate population zize dépends
very much on the number of nodes in the input pattern and its counterpart pattern. In our
experiment, the appropriate population size for both the input pattern and known pattern with
no more than 15 nodes would require the population factor § between 1.00 P and 2.00 P.
These appropriate values of S were derived by incrementing the factor values until the best
performances were achieved. In most cases, the tournament selection schems with variable K
required the smallest population among the three schemes to achieve the correct
classifications. The scheme to select the best value of S should be a subject for further
investigation,

3) Al test runs wete terminated when maximum fitnsss figurss remained unchanged for some
number of iterations, Regardless of which selection scheme was used, the numbers of
iterations can be bounded by O (P log P) in most cases.

4) The variables, a, b and ¢, of the approximation similarity fanction show some influence on the
algorithm performance. The values of 20 and 90 degrees were used for a and b respectively
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while t was fixed at 0.3, These values of a, b and t can vary to some extent without effecting
the performance of the algorithm.

5) Recognition errors mostly occur in input patterns with large numbers of nodes (such as 8) and
in patterns with similar shapes such as zero and letter o, 6 and 9. The errors were probably
caused by premature convergence to local optima, However, these errors were reduced when
the population size was increased. Input pattems with degrees of angles different from those in
the corresponding known patterns were also tested. The algorithm can still recognize the
input pattern correctly despite some differsnoes between the input and its corresponding
known patterns.

Although the GA performanced well in recognizing pattems in our experiments, it atill needs to be
geen whether it can perform well on more complex or largsr pattems. Some optimizations could be applied
to the algorithm when used with larger or more complex patterns. For instances, all known patterns can be
matched against the input patiern concurrently. Any matchings with known patterns that yield very small
fits, i.e. smailer than a threshold for some number of iterations, should be frozen or terminated whilc the
others that show promising fit values could proceed with high priority. This could help the concurrent
searches concentrate their work on the more promising prospects despite some small risk that a global
optima might be missed. Another method to improve the accuracy of the algorithm ie to repeat any
matchings in a number of trials. This should result in a higher possibility that the global optima would be
reached by at least one of the trials.

12. Future works and Cunduslunu

The direct application of the GA to PR has been explored in this research. The aim is to introduce
an alternative method for solving PR problems. The results from the experiments conducted on the
algorithm are quite encoursging. The algorithm achieved very high accuracy on English and numenc
character recognition (100% correct classification in some parameter settings). This accuracy is comparable
fo, or even betier than, those of some other approaches such ﬁs Statistical PR, Syntaciical PR and Neural
PR. Futhermore, the PR using GA does not need a long fraining process such as that required by others
approaches. The GA i3 also suitable for parallel implementation, 8 prerequisite for recognizing large
complex patterns.

Nevertheless, more work needs to be done, especially on the tests for large complex pattems. Itis
possible to use GA to select subpatierns that best form a larger pattemn based on some predefined syntax
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rules. This is to allow a higher or more abstract level of PR io be performed using the outcomes from the
lower levels of pattern classification. Some optimizations and parallel implementations of the algorithm
should also be pursued in order to enhance the performance of the algorithm,
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