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Abstract 

The paper presents a genetic algorithm based 
methodology for learning a set offeature detectors for 
texture discrimination. This methodology is 
implemented inJo a vision system that learns to classify 
noisy examples of different texture classes by evolving 
populations of simple and texture-specific local spatial 
feature detectors. 

1 Introduction 

Texture provides very useful infonnation for performing 
automatic interpretation and recognition of images by 
computer. Textural features can be crucial for the 
segmentation of an image and can serve as the basis for 
classifying image parts. Usually texture models are 
simulated and studied under the categories of pixel·based 
and region·based models. The texture recognition 
problem combines two troublesome characteristics. 
First, texture classes have prototypeS which correlate 
highly with prototypes of different texture classes. 
Second, the texture examples (to be classified) are 
randomly distorted and noisy. Texture classificalion bas 
been the focus of interest for a long time. Various 
investigations in pattern recognition have attempted to 
classify texture primarily at the image level. A number 
of approaches to texture analysis and classification 
problem have been developed over the years. Two 
fundamentally different approaches to texture analysis are 
the statistical approach and the structural approach. The 
statistical approach generates parameters to characterize 
the stochastic properties of the spatial disuibution of 
gray levels in an image. The structural approach analyzes 
visual scenes in tenns of the organization and 
relationships among its substructures. 

This paper describes a novel variation of the statistical 
approach. Our strategy for selecting useful texture 
features involves the use of an adaptive search technique, 
a genetic algorithm, to efficiently search the space of 

spatial feature detectors for a high perfonnance feature 
set 

2 The Feature Selection Problem 

Any object or pattern which can be recognized and 
classified possesses a number of discriminatory 
properties or features. The fIrst step in any recognition 
process, perionned either by a machine or by a human 
being, is to choose discriminatory features and to 
measure these features. Feature selection in pattern 
recognition concerns the extraction of characteristic 
features or attribules from received input data and the 
reduction of the dimensionality of pattern vectors. This 
is often referred to as the preprocessing and feature 
extraction problem.. 

It is evident that the number of features needed to 
successfully perfam a given recognition rask: depends on 
the discriminatory qualities of the chosen features. 
However, the problem of feature selection is usually 
complicated by the fa::t that the most important features 
are either not easily measurable or, in many cases, their 
measurement is inhibited by economic considerations. 
The selection of an appropriate set of features. which 
support an acceptable perfonnance in spite of difficulties 
encouhtered. in the exaaction and selection process, is 
one of the most difficult tasks in the design of pattern 
recognition system.. 

Feature selection may be accomplished by using two 
different approacbes. The fIrst one selects features 
independently of the performance of the classification 
scheme. Such an approach may be referred to as absolute 
feature selection. An alternative approach is perfonnance­
dependent fea~ selection. and its effectiveness is 
directly related to the perfonnance of the classification 
system, usually in terms of the probability of correct 
recognition. This second approach of feaaure selection is 
addressed in this project. 

The inclusion of the feaaure selection and extraction stage 
effectively partitions the pattern recognition problem 
into owo subproblems. as illustrated in Figure 1. 
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Figure 1. Partitioning of a pattern recognition problem by inclusion of a feature selection and extraction stage 

3 Feature Generation by Genetic Search 

A genetic algorithm [2] maintains a constant-sized 
population of candidate solutions, known as individuals. 
The initial seed population can be chosen randomly or on 
the basis of heuristics. if available for a given 
application. At each iteration, known as a generation. 
each individual is evaluated and recombined with others 
on the basis of its overall quality or fitness. The expected 
number of times an individual is selected for 
recombination is proportional to its fitness relative to 
the rest of population. The power of a genetic algorithm 
lies in its ability to exploit, in a highly efficient manner, 
information about a large number of individuals. By 
allocating more reproductive occurrences to above 
average individuals, the overall affect is an increase of the 
population's average fitness. New individuals are created 
using two main genetic recombination operators known 
as crossover and mutation. Crossover operates by 
selecting a random location in the genetic string of the 
parents (crossover point) and concatenating the initial 
segments of one parent with the final segment parent to 
create a new child. A second child is simultaneously 
generated using the remaining segments of the two 
parents. Mutation provides for occasional disturbance in 
the crossover operation by inverting one or more genetic 
elements during reproduction. This operation insures 
diversity in the genetic strings over long periods of time 
and prevents stagnation in the convergence of the 
optimization technique. The individuals in the 
population are typically represented using a binary 
notation to promote efficiency and application 
independence in the genetic operations. 

We use genetic methods to generate the population of 
feature detectors. By using simple genetic operators 
(crossover, mutation, and selection). the population 
evolves and only the strongest elements (features) 
survive. thus contributing to the overall performance. 
Each detector contributes to textural class recognition 
and/or clustering. This contribution is used as an 
objective function to drive the machine learning 
procedures in its search for new. and useful feature 
detectors. Our method is illustrated in Figure 2. 

4 BiDary String CodiDg aDd Genetic Operators 

Many possibilities exist for computing features to 
recognize textures. The best features will be those which 
defme an attribute space which most easily lends itself to 
partitioning by the classification algorithm. We use 
neighboring gray-level values as the feature attributes. 
These attributes are the simplest attributes to characterize 
textures and the coding we use enables easy 
"manipulation" of this featun'!s by a genetic algorithm. 
We use an N*N array centered on each pixel to define the 
neighborhood of intecesL Each of the N*N-l elements of 
the array are either zero or one, indicating which of the 
neighboring pixels are to be used to construct a feature 
vector. Figure 4 is an example of a 5·5 array which 
exuaclS gray level values from 24 neighboring pixels. 
By selecting a variety of sample points in a texture area, 
a set of "typical" feature vectors can be extracted. For 
example, the following table illustrates feature vector 
values (10 gray levels resolution) exuacted from seven 

SENSOR 

R.,_llliG" 
Patter'l.... Features 

Population 

F..ture 
PIII ­ .. Feature 

Detector 
Evaluator 

The Bell 
Featur. 

Patt~ - CLASSIFIER... ... 

t ·Rltwwd" J IOtcil':,-Fipre 1. Genetic Algorithms approach to feature selection and extraCtion 



---

different positions in a textural area using the above 
described 5 by 5 detector. 
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Figure 4. Feature coding for texture discrimination 

Pixel positions 
Sample Points 

xl x2 x3 x4 x5 x6 x7 xS 

1 1 4 858 4 4 8 
2 1 8 6 7 4 6 3 8 
3 4 7 456 6 3 2 
4 3 6 554 3 2 8 
5 6 6 5 7 4 9 6 5 
6 5 4 368 4 3 5 
7 9 7 5 0 5 9 4 4 

Selecting useful feature extraction templates of the type 
shown in Figure 4 is a different task. In order to use the 
genetic algorithms to search this space, it must be 
represented as a binary string. The spiral inside the 
template in Figure 4 represents the way we traverse the 
template'S position to obtain a binary string 
representation for use with the genetic algorithm, 
resulting in a binary string of 

"1()()()10110010101001()()()()()()". 

Less significant bits of the extracted string (left side of 
the string) r.epresent pixels located further from the 
centered pixel. More significant bits (right side of the 
string) represent close neighboring pixels to the center 
pixel. This coding method is very important in our 
algorithm. It reflects the way we describe textures, as 
statistical processes between neighboring pixels. The 
fu.nher the distances between the centered pixel and others 
in the window. the smaller the dependencies between 
pixels gray levels. By using this coding technique we are 
able to exchange important spatial discriminatory 
structures between different detectors in the population. 

Figure 5 represents Ihe idea of the crossover operation 
between two 5 by 5 detectors. The black dots in Figure 5 

correspond to Is in the encoded strings depicted beneath 
detectors. Because of the spira] coding for the elements of 
population the detector window is divided in to two 
regions according to the position of crossover point. The 
inner part (core) represents the coding of extraction 
information for the neighborhood of the central pixel. 
The other part is represented by the left hand side 
position in the encoded string. The crossover operation, 
when applied to two detectors produces offspring 
detectors. By dividing the detector's area into regions 
closer and further to the central pixel. the information 
about relevant extraction discriminatory patterns for 
given texture classes can be easily transferred into 
subsequent generations. 

Parents detectors 
10100Cl0 1000 IOOClO'110loo10 0001000010100100'10011010 

Offspring detectors 

Figure 5. Crossover operation 

The mutation operation in the initial phase of the system 
run is different than the standard one. Because our 
performance measure is the Euclidean distance (next 
section), the more Is we have in the string, the more 
attributes the feature vector has, and Ihe greater the 
distance between two vectors, This situation may cause 
instability in the system, where feature detectors with 
more attributes may dominate in the population. That is 
especially important during initial ,enerations of the 
population. To aleviate this, abe initial mutation 
operation (start-up mutation) is perfonned by shifting Is 
in the fearure string randomly to the left or to the right 
This type of operation preserves the extracted vector 
length (the I.Otal number of positions with Is in the 
string is the same), After a few initial generations, the 



system is already tuned up to its input data (textures) so 
that the standard mutation can be introduced. 

5 Feature Detector Performance Evaluation 

The evaluation of the feature detector is based on its 
ability to "cluster" members of training examples. For 
each example of a given training set, the Euclidean 
distance to examples of other classes is computed. 
Pattern classification techniques based on distance 
functions are one of the earliest concepts in automatic 

. pattern recognition. 

This method can yields practical and satisfactory results 
when the pattern classes tend to have clustering 
properties. We have decided to use it for two reasons. 
First, it is less computationally expensive than other 
methods which is important for a genetic search 
algorithm where performance measure for each detector in 
the population is computed in each cycle of the 
population. Second, even if we are unable to correctly 
classify examples from the training sets for a given 
feature extraction method, we can still compare the 
performance of the detectors and assign an evaluation 
value. 

Our measure of performance is the total similarity 
between classes which is represented as the sum of the 
similarity measures between each two classes. The 
similarity measure between two classes is the sum of the 
similarity measures between all possible different pairs 
of examples (one from the first class and the other from 
the second class), If the distance is below a predefined 
threshold value, these two examples are considered to be 
"close" and statistics for each of the two classes are 
updated. 

The measure we use for two examples is the square of 
Euclidean distance between these .two examples. This 
measure for two vectors (examples) x and y of 
dimensionality D is denoted as: 

o 
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where Xk and Yk are k·th components of D· 
dimensional vectors x and y. 

Let us suppose that we have N c~ses, Mi examples in 
each class ( i=l ....N). Let S be the number of detectors 
in the population (population size). and T be the 
threshold distance value. The performance measure p(v) 
of the feature detector v (v=l ••.•S) is represented by the 
following formula: 

e~ (et) is the a(b)-th example from 
the i(k)-th class 

The performance measure of the whole population P is 
deoo!edas: 

s 

P=,Lp(v)1S • 
-I 

which is an average performance value of the population 
of feature detectors. 

6 Experimental Framework 

The Figure 6 depicts the 9 by 9 detector that has been 
used in experiments. The total length of a string is 81 
bit positions. 
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Figure 6. A large 9 by 9 window 

By using the larger window, we are able to tune up our 
feature extraction process to different resolutions of 
textures (windows 5 by 5 and 3 by 3 are subset of the 9 
by 9 window). The point A represents the left most 
position of the encoded string. and the point B represents 
the right most position. The black dot is the central 
pixel, for which the feature detector is applied. The 9 by 
9 window is scanned throughout all positions of a given 
textural area, and in each position an example of the 
class description is extracted with the number of 
attributes equal to the number of Is in the encoded 
string. Examples extracted from different pixel positions 
of the textural area represent its class description. The 
method was tested on 15 textural images from Brodatz 



[1) album of textures. The extraction area (learning area) 
for each texture was SO by SO pixels. 500 locations were 
chosen randomly inside these areas to extraCt 500 feature 
vectors (or each texture. The results of testing this 
methods on (our specific textures are presented in the 
next section. These textures are depi;:;ted below in Figure 
7. 

7 Experimental Resul IS 

7.1 Evolving Feature Sets 

Figure 8 shows the changes of similarity measure over 
18 generations o( the feature detectors population.This 
experiment was perfonned on the (our textural images 
depicted in Figure 7. There were 3S individuals in the 
population. The total similarity measure (the sum of 
similarity measures of each class) drops from 1000 to 
200, thus yielding better clustering of these two classes. 
A similarity measure of 200 in the 18th generation 
means that there are 200 pairs of extracted feature vectors 
from different classes (500 vectors in each class) at the 
distance below the threshold value. Similar results have 
been obtained for all different textural images. 

Figure 9 shows the best detectors in the 1St., &h and the 
18th generation of population. These detectors show 
spatial arrangement of pixels positions (filled squares) 
that are important and relevant for discriminatory 
characteristics of these four textures. Although we use 
these detectors directly to extract attributes as the pixel 
gray levels values, it should be noticed that this higher 
level infonnation obtained from these detectors (pixels 
structures) can be useful to ·custom-design- standard 
extraction operators for specific needs (depending on 

input images). For example, we may choose a' pecific 
mask operator from the collection of Law's mask. 
operators. This aspect is the subject of further research. 
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Figure 8. Total similarity measure for four textures 

7.2 Testing Clustering Degree 

We use the AQ learning module to generate symbolic 
rule-based descriptions of the texture classes from the 
feature sets selected by the genetic algorithm.The AQ15 
program is based on the AQ algorithm (7), which 
generates decision rules from a set of examples. When 
building a decision rule, AQ perfonns a heuristic search 
through a space of logical expressions to determine those 
that account for all positive examples and no negative 
ones. 

-: ,.C;:;~;. 5~.;: - __ 
,',:?'; Figure 7. Textural images used in experiments 
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Learning examples are given in the form of events, 
which are vectors of attnbute values. Events from a The 
given class are considered its positive examples. and all 
other events are considered its negative examples. For 
each class a decision rule is produced that covers all 
positive examples and no negative ones. 

A decision rule is a disjunction of complexes describing 
all positive examples and none of the negative examples 
of the concept A complex is a conjunction of selectors. 
A cover is formed for each decision class separately. It 
defines the condition part of a corresponding decision 
rule. The following is an example of decision rule (with 
4 complexes): 

1. 	 [xl=5 ••9] [x3=6.•9] [x9=O.. lS] 
(total: 10, unique 6) 

2 . 	 [x4=6 ..91 [x7;6••9] [x9=0••161 
(total:8. unique 5) 

3 • 	 [x2=4 ••9] [x4=4••9J [x6=0••5} 
[:19=0 •• 15] 
(total:8. unique 5) 

4 • 	 [x3:5 .•9] [xS:O..6] [x6=0••6] 
[x9=O •• 16] 
(total:2. unique 1) 

The following example with nine attributes 

<1 6 0 4 6 4 5 6 9 > 

is covered by the third complex of the above decision 
rule. We can notice that x2=6 is satisfied by the fust 
selector of this complex, x4=4 by the second selector, 
x6=4 by the third, and x9=9 by the last selector. Since 
there are no selectors for other attribute values (xl. x3, 
x5. x7, x8), they are satisfied by this complex. 

For each complex the total number of examples covered 
by this complex and the Dumber of unique examples 
covered only by this compJex are presented. Feature sets 
which produce better clusters will result in simpler 
symbolic descriptions of the fearure classes in the sense 
that fewer complexes are in the cover (more examples 

are covered by the first complexes of the class 
description). The following is the decision class with 
three complexes: 

1. 	 [x2=2••4] [x3:10 .• 13] [xS:7 .. 91 
(total: 17. unique 10) 

2. 	 [xl=S.• 9] [x2=6j [x7=O•. l1j 
(lotal: 12. unique 7) 

3 • 	 [xl=4..9] [x4=4.. 9) [x6=O••S) 
(total:5. unique 4) 

It has less complexes than the previous description and 
each complex covers more examples. The third complex 
of this decision covers the same example «1 6 0 4 6 
4569». 

During the second. the sixth, and the final generations of 
population, we select the best feature detector in the 
population to extract a set of feature vectors as to the AQ 
module for classification. We observe a significant 
improvement in the class description generated by AQ 
from one generation to the next. The number of 
complexes in the class cover drops by 12%. Also the 
number of total and unique vectors covered by the nrst 
complex of a given class cover is about 8-10% higher 
than that for the nrst cover generated during the initial 
generation of the population. Different experiments 
performed on numerous images clearly show that 
successive generations of the population produce a better 
degree of clustering for a given class description. 

8 Conclusion 

Preliminary work with an application of genetic 
algorithms to a texture feature selection has been 
described. The results obtained confum the utility of the 
genetic algorithm in solving problems within the 
specified domain. The next step would be to test 
usefulness of this genetic approach to more complex 
texture discrimination and general computer vision 
operators. More complex operators should be tested. 

a 


Figure 9. An example of the best detectors in (a) the 1st. (b) 6th. and (c) 18th generation of population 



For example. we may introduce weights to our previous 
operator. Three bits are reserved for each pixel position 
to CO(1e eight levels of weighting infonnation. The total 
bit length for the string is 9x9x3=243. The string coding 
for such an operator is depicted in Figure 10. 

"010·000·10j·000·000·000·OOO'{)()()oOO1 ...... 

2 !=i 

• 

1 

, 

Figure 10. Coding with weights 

There is another aspect of the genetic approach which can 
be exploited. Namely. this approach enables the 
exploration of different feature vectors. The final class 
representation can be generated by using a few of the best 
operators of the population. These operators can be used 
to generate several descriptions of the same class. This 
"multi-view" class representation encodes a more 
complete description of the class, that is of significant 
importance in the recognition phase of our system 
yielding better results than a single view representation 
of the class. This characteristic of the genetic approach to 
feature extraction is the subject of further research. 
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Abstract 

fhis paper describes an application of genetic algorithms 
.0 me problem of discovering communi~rion codes with 
.rroperties useful for error corrections. Sea.rch spaces for 
./lese codes are very Large so as to rule out any exhaustive 
;eatch str3legy. Coding theory provides a rich and 
I1teresting domain for genetic algorithms. There are some 
;oding problems about which a lot is known and good 
;odes can be gener::u.ed systematicJ.lly. On the other hand. 
:here Jre problem are:J.S where little c:m be s.aid about the 
;h.ar:lCteristics of the codes in adv:mcc. G~euc J.igorithms 
nave been advocated for these kinds of problems where 
domain knowledge is either limited or hard to represent 
and formalize. This paper descnbes some initial 
experimentS performed in using geneuc algorithms to 
discover maximal distance codes. and discusses the 
p<JLCnuJi advantage of genetic algorithms 10 thiS problem 
domain. 

1. Introduction 

In artificia1 intclligencc and other areas there 3re sever:11 
problems for which comput.:1tionally tr:lct.:1ble solutions 
either have not been found or have shown to be 
nonexistent [61. Even the polynomia1 time algorithms 
may t:lke a large amount of time to be of Pl":lcticJ.i use for 
rea1istically sized problems. Solutions obwned by such 
methods arc often sLiltiC and not capable of acbpLiltlOn to 
en vlronment:ll changes. G~nctic algomhms. neur:ll 
nelworKs. and slmul.Jtcd annea1ing !m,'e ~n proposed or 
revived in recent years in an attempt to obt:lIn 
apprO:\Im:ue. or quasi-opuma1 soluuons ~:l combinatOrt:ll 
OpumlutIon problems fJ. 51. Gcneuc li~orlthms IGAs) 
proVide J lXlwcn'ul dom::tU1-independcnt :=rcn mechanism. 
useful in domams which ..to not yteh:i to systematic 
ilnail'Sls. TIlesC advantaces make GAs a axxi ~ndid.1LC lor 
le::.nim~ :md discovery ;n rciJuvcly une;::orcd J1C:lS. Due 
to their JOaDuvC! nature. GAs arc ':ISO valuJolc 10 

cxr.lonnt; potcnuaj imnrovcmcnt to ~::...:iJ.:llc :ioluuuns 
obt.:lIncu bv rulo.:s ot' thumo wnu,;h rnJ' !'lavc no solid 
lhcorc~lc::i b:l.'>lS. 

711c :ntr(XJul.:~l.ln 01 ;C:1":UC :lh;c~::"':~:i ..lS .1 ~":!1\!r:.li 
rU~()~C :'rooil!m ~oi\'tl1\! :-n'::'::1lnl::;m "":": ;;mm::u :w (nc 
e','Olutlon:.!!\, pncnumcnJ :n hlOhH!I;';;:; :\st~ms. vonere 
SU["\'IV;'\1 01 ()n;am~ms I::; J.l ::tak.e In J.:1 ::1\'1conm..:m ','1lln 

futite resources. Organisms must evolve to compete and 
cooperate with others in order to ensure perpetuation of 
their kind. It would be difficult to incorporate all the 
complexities of natural evolving systems into genetic 
algorithms; however. simplified simulations have been 
shown to be useful in solving a variety of practicJi 
problems. Genetic algorithms typically stan as a 
randomly gener::u.ed collection of individuals representing 
an initial sample of the space to be searched. Each 
individual is evaluated as to irs ~fitness" with respect to 
the goals of the appliC.:ltion domain. This cwnulative 
information is exploited to bias subsequent search iOlO 
promising sub-spaces (2. 7. 111 by selecting parentS from 
the current population on the basis of fitness to produce 
"offspring" which correspond to new samples of tbe 
space. The survivability of offspring depends on their 
success in inheriting good ll:1itS from their parentS and 
discarding those that Me detrimenLo11 to the overall 
performance. As the nwnber of simul:.ued genc:r:llions 
increases. the offspring produced become incre:lSingiy 
"fit" with respect to the specified gO:lI. ultimately 
resulting in (ne:a) optimal solutions. 

1. Maximal Distance Coding Problem 

Coding theory is rel:ltively new and was inspired by 
Shannon's scmm:l1 paper on infonnation theory in 1948 
[14). In genera! we wish to LI.wmit:l mess.ilge through a 
noisy ch:mnel as quickly and reliably as possible 
(Figure 1). Speed in transmitting a mess.ilge is :u:hieved 
by eliminatIng redund:mcy in thc message. One way to do 
thiS is to assl!;n shaner length vectors to those parrs of 
the message which occur frequently (e.g. Huffman codes. 
[IZ1). In order to achieve noise immunity. one c:m add 
redundanc)' LO the message in a manner that allows 
detccuon or' .:rrors. Addition of a p:uity bit to 3 block of 
mess3~e allows detection of a single (or odd nwnber or) 
..:rrorts In lJle block. which can be tr.:Ulsmiued again for 
c:rror rccovl!l"\', It IS POsslbl~ to loc:ue the bit positions In 

I!rror anu correct t.'lem by designing :lpprOpnale encoding 
:.md ..tecouin!,; schemes. A comJ;oslte ~ncoder first 
;,;omprcsscs me coue J.flU then ..:ncodes It ustn!; I!rror 
J..:tc:.:uunl ..:rror ;;orr:=,~un codes. 7he rcc;;::v..:1' rcrr'orms 
:ii;;~1! Ilpcr:llluns :n reverse unii!l'. !l nrst Jcccucs the 
:';:':CI\,CU :n1.!$SJt;C :hrcut;h J m:.ac:;cd ..:rrcr ;,;crr:\.::mg 
,;.;coo":1' :.mu :'1'::1 .,;;;:ccmtrCS$C::i me :;:::iwt.:l1U ;';~i! to 0b~ln 
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Message IEncoder H Channel H Decooer ~ Destination source 

Figure 1: A typic:ll mess.:lge o:-ansmission path from source tD destination 

A variety of codes such as linear block codes. cyclic codes. 
burst error correcung codes. and convolutional codes are 
used for error correction [13J. In this paper we restnct our 
attentIon to block error correction codes which are 
ch:lr:lctenzed by the follov.ing par:uneters: 

1) The Arity of the code (q). This represents the 
number of distinct symbols in the alphabet used in the 
code. Binary codes. one of the most common. have amy 
2 and use the alphabet [0. 1 J • 

2) The Length of a code (1). This is the number of 
tellers (from the alphabet) nceded to make a word 
(vector) in the code. where a code denotes a set of words 
(vectors) which are used tD Lr::lnsmit a mesS:lge. 

3) The Si:e of a code (M).The size of a code is the 
number of disunct words (vectors) in the code used to 
compose the meSS:lges to be senL 

4) Distance (d) of a code. The distance of a code is the 
minimum Hammmg distance between pairs of words 
(vectors) belongmg to the code. The Hamming distance 
between two vectors x and y, denoted by d(x, y) is the 
number of positions in which the vectors x and y differ. 
In other words the Hamming disLilnce between" and y 
denotes the minimum number of substitution 
operations that must be performed to conven the vector 
x to the vector y. A code C can correct up to , errors if 
d(C) > (2L+I), where. deC) = min {d(x. y) I x, y e C, 
x=lyj. 

A repetition code of length n is a simple example of a 
block error correction code. It is defined for any arity; for a 
binary repetition code. each bil is repeated n times. An n 

bit code tolm.te.S floor(n;l) bitS ot errors in each block of 

n bits. The information content in e::u:h block of n bits is 
1 bit. 

An (n.!'.1.d) code is a code of length n. containing M 
code words and havmg minimum distance d. A good 
(n.M.d) code has a small n (reflecting smaller redundancy 
and faster tr:msmission). a larc:e M (denounlZ a lan:er 
vocabulatj') and lar;e d (indic:ung gre:uer tolemnce- to 
noise ana error). Figure Z lists theoreuc:ll maximum 
values of ~1 (in some cases. esumauon of lower and upper 
bounds of ~1) for some combmatlons of n :md d (Source: 
[10. lS}). 

n I d- 1 I d=5 I d='7 

5 I 4 I 2 I -
6 I 8 2 I -
7 16 '2 I 2 
8 20 4 I 2 
9 I 40 6 "l. 
10 72-79 12 2 
II 144-158 24 4 

12 256 32 4 
13 512 64 8 
14 1024 12H 16 
IS 204X 256 32 
16 2560-3276 256·140 36·17 

Figure 2 : Theorcticallimit on the size for codes of 
vanous lengths and distances 

Although such bounds provide some insight into the 
best we can hope to achIeve. there is frequently no 
guidance available as to how to conSIlUCt an actual code 
~ith (near) maxima! distance. As the code size (n) 
Increases, the search space of possible codes grows 
exponentially, ruling out any possibility of systematic or 
random search. For (7.16,3) codes, the search space is at 
least 1020. 

This paper describes experiments and results in using 
genetic algorithms as an effiCient adaptive search sl:r::ltegy 
for "discovering" maximal distance codes. Figure 3 shows 
an example of a (7.16.3) ma.:uma! distance code solution. 
Solutions are in general nOl unique. but are sparse in the 
space to be searched. 

3. Representation Issues 

In order to apply genetic algorithms as an adaptive search 
str:ltegy, the problem of interest must be mapped into a 
representation SUItable for genetic search. The simplest 
approach is to represent points in the space to be sean::hed 
as !ued·length binary scrings to which the standard genetic 
operators of crossover and mutation can be applied when 
producmg new offspring [2]. For the codmg dom:un• 
conC:ltenauon of the M code words. ~ch of length n IntO 
one long binary smng. represents a suit.lble mappIng. 
USing this approach. a (7. 16.3) code would need alo tai 
of 11 ~ bits to represent 16 words (vectors) each of w hi'" 

·~, !'. 
· " 
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00000oo 
0001011 
(X)lOllO 
0011101 
0100111 
0101100 
0110001 
OIUOIO 
1000101 
1001110 
1010011 

.. 1011000 
1100010 
1101001 
1110100 
1111111 

po' 
Figure 3: Asample maximal distance code of length 7. ..~ 

is 7 bits in length. Since we wish to maximize the 
minimum mutua! diSLilllce among the words. it is cleM 
th::u the periorm:mce of a code is dependent only on !.he 
collective composition of the words :md is independent of 
the order in which the words in !.he code are represented. 
Somng the code in the dccre..:lSing order of !.he words 
reduces Jll equivalent codes to a single represenlJ.uon. In 
the C:lSC of a (7.16.3) code. this hewisuc reduces both !.he 
search space :md the number of poSSible soluuons by a 
factor of 16!. Innial expenmcms showeQ that it is more 
profilJ.ble to discover a good code in thc reduced spaQ:. 
One possible reasons for .this behavior is that it 
dramatically reduccs competition between potential 
soluuons haVing high degree of bitWise disslmtlanty, but 
idenucal evaluauon functions. Conscqucnuy we adoptcd 
the soned reprcsenlJ.tion for thc cxpcnmenlS reponed here. 

4. Evaluation Function 

A good evaluation function is viu.i to the successful 
applic:luon of GAs to a problem. Evaluauon functions 
prOVIde goal·directed feedback: about the fitness of 
indiVlduJls In the populauon. The adJouve behaVior of the 
GAs dcoends on this feedback to dnve the popu!Juon 
towards bettcr overall periorm:mce. In this respect the 
obJecu\'e function does not always consutute :l good 
evaluauon function. 

Let ~ \L. nI denote !.he sct of lU posslbl~ codes of 
ien[!tn L lnd sIZe n. l..4;t dCx. "I denote H:unmtn~ dlst:mce 
bct~vcen ::itrlm;s :t lnu ~:~f Icnl;th L. Let J(C :; 
r:rlln I dL'" YJ I :\:. Y E C•."(::& Y1. Our l;Oll is to discover 
a cooc C.J: .til. :11. :;ucn th:n utC~ = mJ.,(ld(C IC..: .t.l.m 
lhe mInImum Jist.'lncc between Jnv p:ur of ".vords IS 

hl£nc!:t poSSible. Our objccuve tunc:.:on dte. wmC:l we 

WI::in to m:l~lml:LC m:lps JIl (~lL) ';OIJCS untO L1" I 

iXlSSlol1! ,li!>L.'lnccs IO .. LI. C:.::.xri\' II 1;.11.:11:$ JOlillV to 
WSC:tmln:lle DCt'.liccn rmml:>lnI.': :m1J r:tln'rromlsm~ I..'CXles. 

It is possible to remedy the situation by choosing an 
evaluation function fCC) su~ that it has many values in 
the co-domain. and if d(C) denotes max(d(C) then f(C) 
denotes max(f(C» over the space of aJ.l possible codes. 
1t(L. n). The objective function d(C) is very sensitive to 
small changes in the codes. An evaluation function fCC) 
may be chosen to provide a smoo!.her gradient over bit 
changes in the codes. We used !.he following evaluation 

function initially: fl (C) = L . 1. . ..L. i= 1 mID dij J= 1..16;j~1 
where dij represents Hamming distance between words i 
and j in !.he code C. 

However. the results of our initial experiments were 
discoUIilging and were partially attributed to an inadequate 
choice of !.he evaluation function. The function fl (C) is 
bet~r than d(C), but still is not very helpful for GAs in 
terms of providing a good feedback. Consider two 
hypo!.hetic:ll codes Cl and C2, such that Cl has !.he 
minimum mutual distance of 2.0. and the avernge muwal 
dislJ.nce of 2.5. and C2 ttas the minimum mutual dist:lllce 
of 2.0. :md !.he aver:lge mutua! dist:lllce of 3.0. The code 
C2 seems superior in terms of its proximity to optimal 
solution :md !.herefore deserves a beucr fitness value. The 
evaluation function fl (C) is unable to discriminate 
between !.he two codes C 1 :md C2 :md it is not effecuve in 
driVing the population towards more desired code 
configUIiltions. No~ t.Il.:n a function which retwns aver::lge 
dist:lllce between thc pairs of vecwrs in the code is not a 
good fitness function. It is COlSy 10 consuuct codes th':ll 
maximize this critena. but have :I minimum dist:lllCe of O. 
For Clt:l.lT1 pie. a code consisting of 8 copies of;U1 1 vectors 
:md 8 copies of all 0 vectors. has the avernge dist:lllcc of 
3.5. which is !.he maximum for 3 7 bit code of 16 size. 
but has a minimum mutual dist:lllce of O. 

One way to think of the problem of fmding a (7.16. 
dmax) code is to visualize placing 16 individuals on the 
comers of seven dimensional space so as to maximize the 
mutual dist:lllcc between !.hem. The situation is :ma1ogous 
to parucles of equal char;;e trYing to position themseives 
in !.he mlmmum energy configUIiluon in a bounded spxe. 
The cvalU:luon function 

I LILlf2(C) =. ­
.1=1 j= I ;j# diP 

c:lptures this ide:!. lnd satisfies aU the desirable 
reqUlrcments such JS being independent of !.he lengtn IJr 
size of !.he code. and prOViding l smoo!.her ;:r:ldient ',I.'I!.h 
respect to the evaiu:!.llon funcllon. It resulted :n 
slgnllic:lnttv better GA pen'ormancc :lnd was used fer :ll! 
the cxpcnmcnts reponed in !.his peer. 

S. E.'(pt!rimt!ntal Resuits 

In ;).11 ui the ;,:xpcnmcms rcponc~ :-;.:re we u:.;cu Gc:':ES:S 
d.O uc:::d 1. J verSIOn ,If Gc::" ESIS ~hcll un;.: 1n:::.d \' 
Jc\'clupcu by Iuhn Gn':lensleue i ~ 1;lnti late!" cnn:.;::.::.l .:t 
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W1tile they represent a significant improvement over 
. random search. none of the experiments converged to an 

optilnal code in 1,000.000 cycles. The on-line and off-line 
rformances were relative 1 y stagnant for at least 600.000 

~cles in e.lch case, which indicated that convergence in 
the near future was unlikely. . 

5.2 Cbanging the Alphabet Size 

There were anumber of possible directions one could take 
at !.his point. We were curious as to whether this might 

~ be an application in which treating individual code words 
.; . as indiVIsible units (with respect to genetic operators) 
~ might improve things as is occ:lsionally suggested 
~. (Antonisse. 1989) in spite of the theoretic:ll results to the 
~_ contrarY (Holland. 1975). We defIned a modified crossover 
~. operawr in which crossover points could occur onl y at 
;.;, code word boundaries while the crossover rate remained at.­
!~. 0.6. A code word was selected for mutation with 

probability of 0.01. Once a word is selected. exactly one 
~ of the bits in the word was mut:lted at r:mdom. 
," 

With these changes, 3. set of experiments was run 
using the idenucaJ seeds and other par:lmeters as the 
previous set of experiments. The modified GA discovered 
an optimal code in about 350.000 cycles on the aver:Jge 
(four experiments with different seeds). Figure 6 shows 
codes discovered with c.:Ich seed.·e:u:h of the words in the 
code h::LS a H;unming dist:lnce of :11 lc.:lSt 3 from its nearest 
neighbors. This results are surprISIng and conr.r::uy to the 
cst:lblishc:d belief !.h:l1 GA represent:luons using smaller 
sizeo alphabets are preferred over larger ones. Further 
an.'llysts IS required LO unocrst:ll1d thcsc results more fuHy. 

Even though the evaluation function is multi-modal, 
in a given experiment the algorithm drives the population 
to one of the peaks, rather than dividing the population of 
different peaks. This suggests another direction for future 
experiments: to study the effects of larger populations and 
the use of techniques to permit the evolution of "sub­
species" around competing optimal peaks. 

5.3 Increasing the Number o( Crossover 
Points. 

We were also curious if in this domain incre3Sing the 
number of crossover points would have a signific.mt effect 
on the ability to fInd optimal codes. The crossover 
operatOr was modifIed to perform 4 (rather !.han 2) point 
crossover. A set of four experiments was run in which 
the random number seeds. as weU as all the p::lr.llTleters 
were kept identical to the previous experiments. Figure 7 
summarizes the results. No significant changes were 
observed. Three of the populations converged to a 
desir.lble solution within 1.000,000 cycles and the other 
did nOL Time did not permit a more extensive analysis of 
the effects of incre::tsing the number of crossover points. 

5.4 SC:lling Up to L~lrger Coding Problems 

Another impocunt issue is how well the performance: of 
GAs scales up LO larger problems. We were able to 
compare results on an (8.16.4) problem which required :l 
128 bit represent:l1ion (an incre::tse of a factor of 216 • 
65000 in the size of the ~h space). 

E.'tocnmcnt 1 2 3 4 
Cycle 430.000 270.000 390.000 310.000 
EvaiUJuon funcuon f~\O 19.6515 19.6515 19.6525 19.6525 

Code words and H;unmmg 1111011 3 1111101 3 1111110 3 1111010 3 
dist:lnce from their nearest 1110101 3 1110011 3 1111001 3 1110001 3 
neighbors 1101110 3 1101000 3 1100100 3 1101101 3 

1100000 3 1100110 3 llOOOlI 3 1100110 3 
1011000 3 1011010 3 1010101 3 1011100 3 
1010110 3 1010100 3 1010010 3 1010111 3 
1001101. 3 1001111 3 1001111 3 1001011 3 
1000011 3 1000001 3 1001000 3 1000000 3 
0111100 3 0111110 3 0110111 3 0111111 3 
0110010 3 0110000 3 01100C() 3 0110100 3 
0101001 .. 

J 0101011 3 0101101 3 OIOICOO 3 
0100111 .. 

J 0100101 .. 
J 0101010 3 01COOII 3 

0011111 
0010001 
000 10 W 
(1()( II l! I ',) 

3 .. 
.: .. 
.:., 

0011001 
0010111 
OOOllC{) 
r~~\(I();11 

3 .. 
J .. 
J 
~ 

001 1lL'0 
0011011 
CXXlOI !O 
P()(~\/"l! 

3 
3 
3 
3 

0011001 
0010010 
OOOlllO 
nOOOlOl 

3 .. 
J 

3 
:: 

Fi ;;urc 1'): r:'\lur opum:li I.:OOCS ili~covcrcd In !OU! c:'tpcnmcnLS. 
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Exocnmcnt 1 I 2 I 3 4 

Cvel: 210.000 290.000 I 600.0002~0.OOO 
EVa.lu.Juon funcuon f'2(C) 20.450894 ! 19.652519.6525 14.6525 
Coo:: words and H:lJl1mtng 1111111 21111100 3 1111000 3 1111000 3 
distJ,nee from LhcU" nearest 1110001 3 1110110 31110010 3 1110111 3 
ne:;hbors 1101000 3 1101111 31101001 3 1101011 3 

1100110 2 1100001 31100111 3 1100100 3 
1011101 31011100 31011011 3 1011101 3 

1011011 2 1010011 31010101 3 1010010 3 
1000101 3 1001010 31001110 3 1001110 3 

1000100 31000000 3 1000010 2 1000001 3 
0111011 30111111 3 0111010 3 0111110 3 

0110001 3 0110101 30110100 2 0110001 3 
0101100 30101010 3 0101101 2 0101101 3 
0100010 30100100 3 0100011 3 0100010 3 

0011000 3 0010111 3 00 II 110 3 0011011 3 
0010110 3 0010000 2 0010000 3 0010100 3 
0001101 3 0001110 3 0001001 3 0001000 3 
0000011 3 0001001 2 000011 t 3 0000111 3 .' 

Figu.re 7: Ex.amples of best codes found using four point crossover. 

In this we we knew that dist:ll'1cc 4 optimal codes 
eXIsted from a theorem in coding theory which st.ltes that 
if M is the largest value for a (n. M. d) code where d is 
cx1d. then there exists a (n+1. M. d+l) code. such that M 
is also the largest value (or a (n+ 1. M. d+ 1) code. Since 
we al~dy have opumal (7. 16. 3) codes in hand. this 
assertS the existence of a (8. 16.4) opumal code. 

II is e:lSy to construct such a code starting from a 
(7. 16. 3). An additional bit is appended at the end of 
every 7 bit vectOr from (1. 16.3) code such that the odd 
(or even) parity is preserved. This consuuction suggests 
U1.OU the number of solutions for (8. 16.4) code are about 
16 limes the number of solutions for (1. 16. 3) code. 
(For each solution in (7. 16. 3) space we can generate 
two solutions by choosing either even or odd parity for 
the eIghth biL And additional factor of eight is explained 
by the freedom to insen the eighth bit on either side of 
one of the 7 bits.) The imponant observation here is that 
since. :is noted above. the size of the search space has 
incre:lSed by a factor of 216• the density of optimal 
so1uaons has decreased. 

Figure 8 presents Ltte results of two experiments on 
the (8.16,4) problem. Nouce that no combinatorial 
inCre:lSe in convergence time is observed :is the se:ll'ch 
space size incre:lScs combinatorially. This is a surprising 
resuit which needs to be further tested on larger coding 
problems. 

6. Conclusions and Future Research 

The miliJ.! experiments presented here proVide eneour:lging 
resuitS regarding the Jpplic':1Uon of GAs 10 the discovery 

of communication codes. Cle::1lly additional work needs to 
be done to clarify several import:ll'1t issues: the apparent 
advant.lge of a larger alphabet size in the GA ., 

represent.luon: the potential advant.lge of a speciation ., 

mech:uusm: and effects on pcrfonnance when sCJ..Iing up 
to larger problems with no known solutions. 

Expcnmenl 1 2 
Cvcle 67.0nO 60.000 
Evaluauon 
function 

14.179638 14.179638 

Code words and 11111010 4 11111111 4 
Hamming 11100100 4 11101000 4 
distance from 11010001 '4 11010010 4 
their nearest 11001111 4 11000101 4 
neighbors 10110111 4 10110001 4 

10101001 4 10100110 4 
10011100 4 10011100 4 
10000010 4 10001011 4 
01111101 4 01110100 4 
01100011 4 01100011 4 
01010110 4 01011001 4 
01001000 4 01001110 4 
00110000 4 00111010 4 
00101110 4 00101101 4 
00011011 4 00010111 4 
00000101 4 ()()()()OOOO 4 



cyclic codes, and non-block codes with estimaled seart:h Design Good Codes. IEEE TrCU1SGCtUms on In/ormation 
spaces 21000 large. Theory. IT·33. No I.lanuary 1987 

Another future direction would be to apply GAs at a 
higher level of concept and/or theory formation. In the 
process of evaluating a large number of candidate codes. 
humans generally infer some general concepts. properties, 
or knowledge about the domain which can in tum be 
utilized to solve other similar problems more efficiently. 
For example. in coding theory there are numerous 
theorems which state (without having to perform 
Wlcert.ain seart:h) whether a solution is possible to some 
problem. It would be highly desirable to be able ~ use 
GAs to discover, represent :md then use thIS opernuonal 
k:nowledge in order to build practical problem-solving 
procedures by these kinds of bootstrapping procedures. 
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