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Abstract 

This paper describes an approach being uplored to improve 
the usefulness 0/ machine leanaing techniques lor 
generating classijication rules/or complex. real world dt:ua. 
The approach involves the use 0/genetic algorithms as a 
irON end" to traditional rule induction systems in order to 
ideNify and select the best .subset o//eatures to be used by 
the rule induction system. This approach has been 
implemeNed and rested on difficult tature classification 
problems. The results are encouraging and indicate 
signijicanJ advantages to the preseNed approach in this 
domain. 

1.0 Introduction 

In recent years there bas been a significant increase in 
researcb on automatic image recognition in more realistic 
OODtexts involving noise. cbanging lighting conditions. 
and sbifting viewpoints. The corresponding increase in 
diff"lCUlty in designing effective classificalioD procedures for 
the important components of tbese more complex 
recognition problems bas led to an interest in machine 
tecbniques as a possible strategy for automatically 
producing classification rules. This paper describes part of 
a larger effort to apply macbine learning techniques w such 
problems in an attempt to generate and improve tbe 
classification rules required for various recognition tasks. 
The immediate problem attacked is that of texture 
recognition in the context of noise and changing lighting 
conditions. In Ihis context standard rule induction systems 
like AQlS produce sets of classification rules whicb are 
sulH>pCimal in two respects. First. there is a need to 
minimize the number of features actually used for 
cIassificaIion. since each feature used adds to the design and 
manufacturing costs as well as the running time of a 
recognition system. At the same time there is a need to 
achieve high recognition rates in the presence of noise and 
changing environmental cooditioos. 

lbis paper describes an approacb being explored to 
improve the usefulness of machine learning techniques for 
such problems. The approacb described here involves the 
use of genetic algorithms as a "front end" to b'aditional rule 
inductioo systems in order to identify and select the best 
subset of features to be used by the rule induction system. 
The results presenled suggest that genetic algorithms are a 
useful tool for solving difficult feature selection problems 

in whicb both the size of the feature set and tbe 
perfoonance of the underlying system are important design 
considerations. 

1.0 Feature Selection 

Since eacb feature used as part of a classification 
procedure can increase the cost and running time of a 
recOgnition sYSlCm. there is strong motivation within the 
image processing community to design and implement 
systems with small feature sets. At the same time there is 
a potentially opposing need to include a sufficient set of 
features to achieve high recognition rates under difflcult 
conditioos. This bas led to the development of a variety of 
techniques within the image processing. community for 
fmding an "optimal" subset of features from a larger set of 
possible features. These feature selection stralCgies fall 
into two main categories. 

The fust approach selects features independent of their 
effect on classification performance. The difficulty here is 
in identifying an approprialC set of transformations so tbat 
the sm.-iller set of features peserve most of the information 
provided by the original data and are more reliable because 
of the removal of redundant and noisy features. 

The second approach directly selects a subset "d" of the 
available 'in" features in such a way as to not significantly 
degrading the performance of the classiflCl' system [5]. The 
maiD issue for this approacb is bow to a£counl for 
depeodencies between features when onJering them initially 
aDd selecting an effective subset in a later step. 

The macbine leaming community bas only attacked the 
problem of "optimal" feature selection indirectly in that the 
traditional biases for simple classification rules (trees) leads 
to efficient induction procedures for producing individual 
rules (trees) OOI1taining only a few features to be evaluated. 
However. eacb rule (tree) can and frequently does use a 
different set of features. resulting in mucb larger 
cumulative features sets than those typically aca:ptable for 
image classification problems. This problem is magnified 
by the tendency of traditional machine learning algorithms 
to overfit the training data. particularly in the context of 
noisy data. resulting in the need for a variety of ad boc 
tnmcaling (pruning) procedures fa: simplifying the induced 
rules (trees). 

The conclusion of these observations is that there is a 
significant opportunity for improving the usefulness of 
traditional machine learning tecbniques for automatically 



generating useful classification procedures if there were an 
effective means for finding feature subsets wbich are 
"optimal" from the point of view of size and performance. 
In the following sections an approach using genetic 
algorithms is described in some detail and its effectiveness 
illustrated on a class of difficult texture recognition 
problems. 

3.0 Feature Selecdon Architecture 

The overall architecture of tbe proposed system is given 
in figure 1. It is assumed that an initial set of features 
will be provided as input as well as a training set 
representing positive and negative examples of the various 
classes for which classirlC8lioo is 10 be performed. A search 
procedure is used to explore tbe space of all subsets of the 
given feature set. The performance of each of the selected 
feature subsets is measured by invoking an evaluation 
function with the correspondingly reduced feature space and 
training set, and measuring the specified classification 
result The best feature subset found is then output as the 
rerommended set of features 10 be used in the actual design 
of the recognition system. 
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FIgure 1: Block diagram of tbe adaptive feature 
selection process 

Tbe performance of a feature subset is measured by 
applying tbe evaluation procedure presented in figure 2. 
Tbe evaluation procedure as shown is divided into three 
maiD steps. After a feature subset is selected, the initial 
training data, CODSistiDg of tbe entire set 01. feature vectors 
and class assignments carespoodiog to examples fran each 
of the given classes, is reduced. This is done by removing 
tbe values for features that are DOt in tbe selected subset of 
fealUre vectors. 
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Figure 1: Feature let evaluation procedure 

The second step is to perform rule indudioD on tbe new 
reduced training data in order to generate classif'1Calion rules 
for use in a recognition system. In OW' case we use AQI5. 
a rule inductioo tedmique used to produce a complete and 
ooosisteot desaiptioo of classes of examples [6]. A class 
description is formed by a set of dedsioo rules describing 
all the training examples given for dial particular class. A 
decisioo rule is simply a set of CODjuncts 01. allowable tests 
of fealUre values. For a more detailed desa'iptioD see [7]. 

The last step is to evaluate the classification 
perfonnaoce of the induced rules 00 the unseen test data. 
How this is done varies from one feature selection method 
to another and will be described more precisely in the 
following sections. 

4.0 Feature Selection Through 
Traditional Stadsdcal Methods 

Our first attempt at improving the performance of the 
texture classifier involved the use of a traditional statistical 
feature selection method. Sucb methods involve defining 
both a search proctdwt DI an nraluation procedure. 

A standard approach to feature selecdon involves the use 
of sequential backward selectioo (SBS), a top down search 
procedure that starts with the complete set of features and 
discards one feature at a time until the desired number of 
features have been deleted. Rx detailed descriptioo see [3J. 

As DOted earlier, the performance of a feature subset is 
measured by applying the evaluation process presented in 
figure 2. After a feawre subset is selected. AQ15 is applied 
to the DeW reduced training data to generate the decision 
rules for each of the given classes in the ttaining data. Tbe 
rmal step is to evaluate the rules produced by AQ15 with 
respect to their classUacation performance on unseen test 
data. This last step varies from method to method We 
have adopted a statistical measure of fitness based on 
Euclidean distance measures of class separability which is 
frequeody used in ttaditiooaI feature selectioo techniques. 

Tbe fitness function takes as an input a set of feawre or 
atttibute dermidons. a set of decision rules crealed by the 
AQ algorithm, and a coUectioo of testing examples 
derming the feature values for each example. Tbe fitness 
fuoctioo then evaluates the AQ generated rules on the 
testing examples as follows. 

For every testing example a match score (for more 
detailed description see [1]) is evaluated for eacb of the 
classifacatioo rules geuerated by the AQ algorithm., in ordeE 
to find the rule(s) with the highest or best match. At the 
end of this process, if there is more than one rule having 
the highest match. ODe rule will be selected based on the 
chosen conflict resolution process. This rule then 
represents tbe classification for the given testing example. 

After all the testing example have been classified using 
AQ generated rules, a statistical separability measure is 
compuled as the esti.maJe of fitness of the given feature set. 
The basic idea is to find feature subsets which increase 
(maximize) the distance betweeo the classes to be 
recognized [3]. More fonnally. one w~~ to maximize 
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where, a( eit. ejl) represents the distance between two 
elements. Typically. this distance measure is Euclidean 
distance since it allows for both analytical and 
computational simplifications or the interclass distance 
criterion [3J. Then. a( eit. ejlF (eit • ejDt(eit • ejD·For 
detailed explanation refer to [3]. 



4.llnltiaJ Experimental Results 

Tbe AQ15 system used fex rule induetioo bas a number 
of parameters wbicb affects its own performance on a gi~n 
problem class. An attempt was made to identify reasooable 
values fex these parameters for the texture classifICation 
pobIems used. (fex moo: dela.ils, see [7]). 

In cbese experiments four texture ima&es were raudomly 
seleded from Brodaiz [1] album of textures. These imqes 
are water. beach pebbles, band made paper. and couon 
canvas as depicted in Ul aDd [7]. Two bundred feature 
vectors, each coolaining 18 features were then ranOOmly 
extracted from an arbiU'aly selected area of 30 by 30 pixels 
from each of the chosen textures. 1bese feature veclOrS 
were divided equally between uaioiog examples used for the 
geaeration of decision rules, and testing examples used to 
mea5l£ the performance of the produced rules. 

TIle initial experimental results using the traditiooal 
SBS (eature selection tecbnique described above are 
summarized in Figures 3-5. Figure 3 shows tbat some 
improvement ill Euclidean separability measure was 
achieved by using the SBS search technique to produce lriaI 
(eawre sets (ex testing and evaluatioD. Figure .. indicates a 
corresponding decrease in the size of the feature set. 
However, in Figure 5, we see that the recognition rate 
(Jl'Ie8SURd in terms of the % o( COIled classiflCalioos) bas 
clearly deaeased. This is due in pan to the fact that 
statistical separability measures (based on Euclidean 
distance) do not necessarily correlate directly to 
classification performance. In our case, this effect is 
compounded by the inherent noise in &be ima&e data. Both 
&be AQ15 program. and the SBS search procedure. by trying 
to produce optimal results (or the training data, can easily 
overfit the noisy data resulting in actual decreases in 
performance on unseen test data. 

Our bypotbesis. based on cbese initial results, was that a 
more robust feature selection stralegy was required in cX'der 
to simultaneously improve the feature selection and the 
classification pedonnance in tbeae kinds of DOisy domains. 

s.o Feature Selection Using GAs 

Genetic algoritbms (GAs) are best known (or their 
ability to efflCiently search large spaces about wbicb little 
is kDown a priori. Since genetic algorithms are relaDvely 
insensitive to noise, they seem to be an exceUent choice 
(or the basis of a more robust (eature selection slrategy for 
improving the performance o( our texture classification 

sySlem. In this sectioo we describe this approacb in more 
detail. 

S.I Genetic Algorithms 

Geuetic algorithms (GAs). a form of inductive learning 
strategy. are adaptive searcb tecbniques wbicb bave 
demoostrated substantial improvement over a variety of 
random and local search methods [2]. This is acromplisbed 
by their ability to exploit accumulating information about 
an initially unknown searcb space in order to bias 
subsequent searcb into promising subspaces. Since GAs 
are basically a domain independent search tedmique. they 
are ideal fex applications where domaiD knowledge and 
tbecry is diffICult ex impossible to provide [2]. 

Tbe main issues in applying GAs to any problem are 
selecting an appropriate representation and an adequate 
evaluation function. Fex detailed description of both of 
these issues for the p-oblem of feature selection see nJ. 

In the feature selection problem the main interest is in 
representing the space of all possible subsets of the given 
feature seL Then, the simplest (orm of representation is 
biDary representation where, eacb feature in the candidate 
feaaure set is coosidezed as a binary gene and each individual 
consists of fixed-length binary string representing some 
subset of the given (eature set. An individual of length I 
corresponds to a I-dimensional binary feature vector X. 
wbele eacb bit represents the elimination or inclusion of 
the associated feature. 1beo, Xi == 0 represents elimination 
aDd Xi == 1 iDdicares inclusion of the ith feature. 

S.2 Evaluation function 

Cboosing an appropriate evaluation functi.on is an 
essential step for successful application of GAs to any 
problem domain. As before, the process of evaluation 
involved the steps presented in Figure 2. The only 
variation w. to implement a more performaoce-oriented 
filDeSS fuDction that is better suited for genetic algorithms. 
In Order to use genetic algorithms • the search procedure. 
it is DeQeSS8l)' to define a filDeS8 function whicb properly 
assesses the decision rules generated by the AQ algorithm. 
Each testing example is classified using the AQ generated 
rules as described before. If lids is the appropriate 
classification, then the testing example bas been recognized 
correctly. A(ter all the testing examples have been 
clas.sified, the overall filDeS8 function will be evaluated by 
adding the weighted sum of the malCb score of all of the 
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correct recognitions and subtracting the weighled sum of 
the matcb sccre of all of the incorrect recognitions (for a 
detailed expJanadoo see [7]). i.e. 

II .. 

F =.I Si • Wi _ .I Sj • Wj
... 1 rall+f 

The range of the value of F is dependent on the number 
of testing events and their weights. In order to normalize 
and scale the fitoess function F to a value accepcable for 
GAs.. the following operatioos were perfooned: 

fitoess = 100 - [ ( F 11W) ·100 ] 
whore: .. 

1W. tolal weighled testing examples. I Wi 
;'1 

At. indicated in the above equations. after the value of F 
was nonnaIized to the range [-100. 100]. the subtractioo 
ensures abat the final evaluation is always positive (the 
most convenient form of fitness for GAt.), with lower 
values representing beUa' classification performaoce. 

5.3 Experimental Results 

In performing the experiments reported bere, tile same 
AQIS system was used with the same paramerer settings as 
described earlier. In addition, GENESIS [4], a general 
purpose genetic algorithm JK08l'3Dl, was used as the searcb 
p-ocedure (replacing SBS). We used the ssandard paramerer 
settings for GENESIS. 

In the experimenes reported for the GA-based approacb. 
equal recognition weights (i.e., W=l) were assigned to all 
the classes in order to perfoon a fair comparison between 
the two presented approacbes. 1be experiments were 
performed on the texture images described before. The 
results are summarized in Figures 6 and 7 and provide 
encouraging support for the presented GA approach. figure 
6 shows the steady improvemeot in the fitness of the 
feature subsets being evaluated as a function of the Dumber 
of trails of the genetic algorithm. This indicates very 
clearly that the performance of rule inductioa syslaDS (as 
measured by recognition raIeS) can be improved in lhese 
domains by 8pIX'OPriate feature subset selectioo. 
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Figure 6: Tile Improvement in feature set 

fitness over time 
figure 7 shows that the Dumber of features in the best 

feature set decreased for both approaches. However, the 
feature subset found by statistical measures was 
substantially smaller tban that found by the GA-based 
system. Figure 6 indicates that this was achieved at the 
cost of poorer performance. Tbe advantage of the GA 

approach is to simulta.oeously improve both figmes of 
meril 

20 
-II- GA.-I_ 

~ ~ -+- S8S~ 

- \" -
- -

~ 	0 o 	 200 400 600 80010001200 
trials 

Flaure 7: Tile Dumber of features used by tbe 
but ladividual 

6.0 Summary and Conclusions 

The experimental results obtained indicate the potential 
advantages of using feature selecdoo tecbniques to impove 
rule iDductioo tedmiques. The reported resoles indicate that 
an adaptive feature selection strategy using genetic 
algorithms can yield a significant reduction in the number 
of features required for texture classification and 
simul&aneously produce improvements in recognition rates 
of the rules produced bY AQIS. This is a step towards the 
application of machine learning tedmiques for automating 
the of coosttucting classification systems for difficult 
image processing problems. 
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