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Abstract 

The field of automatic image recognition presents a variety of difficult classi­
fication problems involving the identification of important scene components in the 
presence of noise, changing lighting conditions. and shifting viewpoints. This chap­
ter describes part of a larger effort to apply machine learning techniques to such 
problems in an attempt to automatically generate and improve the classification 
rules required for various recognition tasks. The immediate problem attacked is that 
of texture recognition in the presence of noise and changing lighting conditions. In 
this context., standard rule induction systems like AQl5 produce sets of classifica­
tion rules that are not necessarily optimal with respect to (1) the need to minimize 
the number of features actually used for classification and (2) the need to achieve 
high recognition rates with noisy data This chapter describes one of several multi­
strategy approaches being explored to improve the usefulness of machine learning 
techniques for such problems. The approach described here involves the use of 
genetic algorithms as a "front end" to traditional rule induction systems in order to 
identify and select the best subset of features to be used by the rule induction 
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system. The proposed approacb bas been implemented and tested on difficult tex­
ture classification problems. The resuhs are encouraging and indicate significant 
improvements can be obtained from a multistrategy approach in this domain. 

17.1 INTRODUCTION 

In recent years there bas been a significant increase in researcb on automatic 
image recognition in more realistic contexts involving noise, cbanging lighting 
conditions, and shifting viewpoints. The corresponding increase in difficulty in 
designing effective classification procedures for !he important components of these 
more complex recognition problems bas led to an interest in machine techniques as 
a possible strategy for automatically producing classification rules. This Chapter 
describes part of a larger effort to apply macbine learning techniques to such prob­
lems in an attempt to generate and improve the classification rules required for 
various recognition tasks. The immediate problem attacked is !hat of texture recog­
nition in !he context of noise and cbanging ligbting conditions. In this context, 
standard rule induction systems like AQ15 produce sets of classification rules that 
are not necessarily optimal in two respectS. First, !here is a need to minimize !he 
number of features actually used for classification because each feature used adds 
to the design and manufacturing costs as weU as !he running time of a recognition 
system. At the same time, there is a need to acbieve bigb recognition rates in the 
presence of noise and changing environmental conditions. 

This chapter describes one of several multistrategy approacbes being explored 
to improve the usefulness of machine learning techniques for sucb problems (see, 
for example, Bala et aI., 1994; Cbapter 18 of this book). The approach described 
here involves !he use of genetic algorithms as a "front end" to traditional rule 
induction systems in order to identify and select the best subset of features to be 
used by !he rule induction system. The proposed approacb bas been implemented 
and tested on difficult texture classification problems. The results are encouraging 
and indicate significant advantages to a multistrategy approach in this domain. 

17.2 FEATURE SELECTION 

Because eacb feature used as part of a classification procedure can increase 
the cost and running time of a recognition system. there is strong motivation within 
the image processing community to design and implement systems with small fea­
ture sets. At the same time, there is a potentially opposing need to include a suffi­
cient set of features to achieve hjgh recognition rates under difficult conditions. 
This bas led to the development of a variety of techniques within the image pro­
cessing community for fmding an "optimal" subset of features from a larger set of 
possible features. These feature selection strategies fall into two main categories. 
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The nrst approacb selects features independent of their effect on classification 
performance. This generally involves transforming the original features according 
to procedures sucb as those presenled by KatilUnen-Loeve or FISher (Too and 
Heyden. 1967; Kittler. 1977) to form a DeW set of fearures with lower dimensional­
ity than the original one. The difficulty here is in identifying an appropriate set of 
transformations so that the smaller set of features preserves most of the information 
provided by the original data and is ma:e reliable because of the removal of redun­
dant and noisy features ([)om. Niblack, and Sheinvald. 1989). 

The second approacb directly selects a subset d of the available m features in 
such a way as to not significantly degrade the performance of the classifier system 
(Icbino and Sklansky, I 984a). Many researchers have adopled this method and 
have created their own variations on this approach. For example, Blanz. Tou and 
Heydorn, and Watanabe, after ordering the feal.UreS, use methods such as simply 
taking the fltSt d features or a branch and bound technique to select a subset of 
these features ([)om, Niblack. and Sheinvald. 1989). The main issue for this ap­
proach is how to account for dependencies between features when ordering them 
initially and selecting an effective subset in a later step. 

A related strategy involves simply selecting feature subsets and evaluating 
their effectiveness. This process reQuires a "criterion function" and a "search proce­
dure" (foroutan and Sklansky, 1985). The evaluation of feature set effectiveness 
has been studied by many researchers. Their solutions vary considerably and 
include using a Bayesian estimate of the probability of error, the Whitney and Stem 
estimate of probability of error based on a Ie-nearest neighbor bound Ichino and 
Sklansky. 1984b). or a measure based on statistical separability ([)om. Niblack, and 
Sheinvald, 1989). 

All of the above mentioned techniques involve the assumption that some a 
priori information (such as a probability density function) about the data set is 
available. even though in practice such information is generally ooavailable 
(foroutan and Sldansky, 1985). Also, the search procedures used in these tech­
niques to select a subset of the given fearures play an important role in the success 
of the approach. Exhaustively trying all the subsets is computationally prohibitive 
when there are a large number of feablreS. Non-exhaustive search procedures such 
as sequential backward elimination and sequential forward selection pose many 
problems (Kittler, 1978). These search techniques do not allow for backtracking; 
therefore, after a selection has been made, it is impossible to make any revisions to 
the search. Also. in order to avoid a combinatorial explosion in search time. these 
search procedures generally do not take into consideration any interdependencies 
that may exist between the given fearures when choosing a subsel 

There has been very little research in the machine learning community on 
optimal feature selection. A literature search revealed only one unpublisbed report 
by Forsburg (1976) in whicb a technique based on an adaptive random searcb 
algorithm of Lbov (1965) was implemented for, but not adequately tested on. the 
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problem of feature selection. In the published literature, the machine learning com­
munity bas only attacked the problem of optimal feature selection indirectly in that 
the traditional biases for simplicity (Occam's razor) lead to efficient induction pro­
cedures that produce individual rules (trees) containing only a few features to be 
evaluated. However. each rule (tree) can and frequently does use a different set of 
features, resulting in much larger cumulative features sets than those typically 
acceptable 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 
hoc truncating (pruning) procedures for 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 techniques for auto­
matically generating useful classification procedures for image recognition prob­
lems if an effective means were available for finding feature subsets that are "opti­
mal" from the point of view of size and performance. Because genetic algorithms 
are best known for their ability to efficiently searcb large spaces about which little 
is known and because they are relatively insensitive to noise, they seem to be an 
excellent choice as a feature selection strategy for use with a more traditional rule 
(tree) induction system. In the following sections. this approach is described in 
more detail by illustrating the design. implementation, and testing of such a multi­
strategy system in which AQ15 is used as the rule inductioo procedure. and the 
problem setting is that of texture classification. 

17.3 A MULTISTRATEGY APPROACH 

The overall architecture of the multistrategy system is given in Figure 17.1. It 
is assumed that an initial set of features will be provided as input as well as a 
training set in the form of feature vectors extracted from actual images and repre­
senting positive and negative examples of the various classes for which rules are to 
be induced. A genetic algorithm (GA) is used to explore the space of all subsets of 
the given feature sel Each of the selected feature subsets is evaluated (its fitness 
measured) by invoking AQ15 with the correspondingly reduced feature space and 
training set. and measuring the recognition rate of the rules produced. The best 
feature subset found is then output as the recommended set of features to be used 
in the actual design of the recognition system. Each of these components is 
described in more detail in the following sections. 

17.3.1 Using Genetic Algorithms as the Search Procedure 

Genetic algorithms (GAs) are adaptive search techniques initially introduced 
by Holland. Genetic algorithms derive their name from the fact that their opera­
tions are similar to the mechanics of population genetics models of natural systems. 



457 VAFAIE & DE JONG 

Best 'eave'eallr. 
set 

inpYt sensors 
feature 

image, extraction 

SIAlset 

GA 

goociIISS fe.;ature
of rec:og. subMt 

Evak.iation 
function 

Figure 17.1: Block diagram of !he adaptive feature seleaioo p-oceu 

Genetic algorithms typically maintain a constant-sized population of individu­
als that represent samples of the space to be searched. Each individual is evaluated 
on the basis of its overall fitness with respect to the given application domain. New 
individuals (samples of the search space) are produced by selecting high perform­
ing individuals to produce "offspring" that retain many of the features of their 
"parents." The result is an evolving population that has improved filIless with 
respect to the given goal. 

New individuals (offspring) for the next generation are fonned by using two 
main genetic operators: crossover and mutation. Crossover operates by randomly 
selecting a point in the two selected parents' gene structures and exchanging the 
remaining segments of the parents to create new offspring. Therefore, crossover 
combines the features of two individuals to create two similar offspring. Mutation 
operates by randomly changing one or more components of a selected individual. It 
acts as a population perturbation operator and is a means for inserting new infor­
mation into the population. This operator prevents any stagnation that might occur 
during the search process. 

Genetic algorithms bave demonstrated substantial improvement over a variety 
of random and local search methods (De long, 1975). This is accomplished by their 
ability to exploit accumulating information about an initially unknown search space 
in order to bias subsequent search into promising subspaces. Because GAs are 
basically a domain independent search technique, they are ideal for applications 
where domain knowledge and theory are difficult or impossible to provide (De 
long. 1988). 
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Fipre 17.lr Feature set evaluatioo procedure 

The main issues in applying GAs to any problem are selecting an appropriate 
representation and an adequate evaluation function. In the following sections, both 
of these issues are discussed in more detail for the problem of feature selection. 

17.3.2 Representation Issues 

The nrst step in applying GAs to the problem of feature selection is to map 
the search space into a representation suitable for genetic search. Because the main 
interest is in representing the space of all possible subsets of the given feature set, 
the simplest form of representation is to consider each feature in the candidate 
feature set as a binary gene. Then, each individual consists of a fIXed-length binary 
string representing some subset of the given feature set An individual of length I 
corresponds to an l-dimensional binary feature vector X. wbere each bit represents 
the elimination or inclusion of the associated feature. For example, X; =0 represents 
elimination, and X; =1 indicates inclusion of the ith feature. Hence, a feature set 
with five features can be represented as <Xl Xl x) ~ X$>. Then, an individual of the 
fonn <11111> indicates inclusion of all the features. and <HOIO> represents the 
subset wbere the third and the fifth features are eliminated. 

The advantage to this representation is that the classical GA's operators as 
described before (binary mutation and crossover) can easily be applied to this rep­
resentation without any modification. This eliminates the need for designing new 
genetic operators or making any other changes to the standard form of genetic 
algorithms. 

17.3.3 Evaluation Procedure. 

Choosing an appropriate evaluation procedure is an essential step for success­
ful application of GAs to any problem domain. Evaluation procedures provide GAs 
with feedback about the fitness of each individual in the population. GAs then use 
this feedback to bias the search process to provide an improvement in the popu­
lation's average fitness. For the feature selection problem, the performance of a 
feature subset is measured by applying the evaluation procedure presented in fig­
ure 17.2. 

The evaluation procedure as shown is divided into three main steps. After a 
feature subset is selected. the initial lraining data, consisting of the entire set of 

rule inducer decision ...- fitness fitness 

(AQ 15) function 
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feature vectors and class assignments corresponding to examples from each of the 
given classes. are reduced. This is done by removing the values for features that are 
not in the selected subset of feature vectors. The second step is to apply a rule 
induction process (AQ15) to the new reduced training data to generate the decision 
rules for eacb of the given classes in the training data. The last step is to evaluate 
the rules produced by the AQ algorithm with respect to their classification perfor­
mance on the test data. Eacb of these steps will be discussed in more detail. 

17.3.3.1 The AQ Algorithm 

The AQ algorithm is a rule induction technique used to produce a complete 
and consistent description of classes of examples (Michalski and Stepp, 1983; 
Michalski et al.• 1986). A class description is formed by a collection of disjuncts of 
decision rules describing all the training examples given for that particular class. A 
decision rule is simply a set of conjuncts of allowable tests of feature values. 

For the studies reported here. AQ 15 was used as the rule induction compo­
nent. This system (for more detail. see Michalski et al .• 1986) requires a set of 
parameters. feature descriptions. and a training set as input It then uses the given 
parameters to direct the AQ algorithm in its process of searching for a complete 
and consistent set of class descriptions. The following is a simplified example of 
decision rules produced by AQI5 for a particular class in which instances were 
represented by 9 integer-values features: 

< XI> Xlt .•.• X9 > is a member of the class if 
[XI -= 3 to 7] and [.x.. =4 to 9] and [.1'8 =1 to 10] (total:9. unique 6) 

or 
[XI = 6 to 8] and [xs = 4 or 5 or 9] (total:5. unique 3) 

or 
[Xl =4] and [.1'3 =3 to 9] and [.1'7 =2 to 6] and [X9 =1 to 8] 

(total:2, unique 1) 

This class is described by three decision rules. where each covers a total of 9. 
5. and 2 training examples. respectively. The term "unique" refers to the number of 
positive training examples that were uniquely covered by eacb rule. Notice that 
although each individual rule involves the testing of only a few features. the entire 
rule set involves 8 of the 9 features provided. 

17.3.3.2 Fitness Function 

In order to use genetic algorithms as the search procedure. it is necessary to 
define a fitness function that properly assesses the decision rules generated by the 
AQ algorithm. The fitness function must be able to discriminate between correct 
and incorrect classification of examples given the AQ-created rules. Finding an 
appropriate function is not a trivial task because of the noisy nature of most image 
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data. The procedure. as depicted in Figure 17.3. was developed to best achieve this 
goal. 

The fitness function takes as input a set of feawre or attribute definitions, a 
set of decision rules created by the AQ algorithm, and a collection of testing exam­
ples defining the feature values for each example. The fitness function then evalu­
ates the AQ-generated rules 00 the testing examples as follows. 

For every testing example, a match score (which will be described in more 
detail) is evaluated for each of the classification rules generated by the AQ algo­
rithm in order 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, one rule will be 
selected based on the chosen conflict resolution process (explained later). This rule 
then represents the classification for the given testing example. If this is the appro­
priate classification, then the testing example has been recognized correctly. After 
all the testing examples have been classified. the overall fitness function is evalu­
ated by adding the weighted sum of the match score of all the correct recognitions 
and subtracting the weighted sum of the match score of all the incorrect recogni­
tions; more formally, . .. 

F=:L, Sj* wj-:L, 5;* ~ 
i-I ja II. t 

where 

Si is the best match score evaluated for the test example i. 
11 is the number of testing examples that were classified correctly. 
m is the total number of testing examples. 
Wi is the weight allocated to the test example i. 

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 fitness function F to a value 
acceptable for GAs, the following operations were penormed: 

Fitness =100- [( F ITW) *100] 

where 

1W =total weighted testing examples 

• 

As indicated in the above equations. after the value of F was normalized to 
the range [-100, 100], the subtraction was performed in order to ensure that the 
(mal evaluation is always positive (the most convenient form of fitness for GAs). 
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Hence. filness values for feature subsets fall in the range [0. 200]). with lower 
values representing better classification performance. For example, a fitness value 
of zero is achieved when all the testing examples are completely and correctly 
recognized (Si = I). Selecting four equally weighted classes. each containing 100 
testing examples ( m= 400, 'IV; = I for every i), results in 
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400 

F=Ll.l=400 

and 

Fitness = 100 - [(400/400) • 100] =0 

There are two main factors that define bow the fitness function evaluates the 
perfOfmance of the decision rules on the testing examples: (1) the method used to 
calculate the degree to which rules match an example and (2) the procedure foc 
assigning "importance" weights to each correclfincorrect classification. 

Match Score (S). The match between a rule and a testing example may be treated 
as strict or partial. In strict matching, the degree of consonance between a condition 
and a feature value of a testing example is treated as a Boolean value. That is, it 
evaluates to zero if the example's feature value is not within the condition's speci­
fied range and is one otherwise. 

A rule's overall match score is calculated as the minimum of the degree of 
match for each of the conditions in that rule. Therefore, for each condition in a 
given rule, if all the conditions match the example value, the match score is 1; 
otherwise it is O. 

S, = min (SJ 

With partial matChing, the degree of match is expressed as a real number in 
the range [0. 1] and is computed as follows. Foc each condition in a given rule, if 
the feature in that condition has a linear domain, then the follOwing distance mea­
sure is used as its match scoce: 

S = (1 - I aj - a. II n) 

where 

OJ is the conditioo's closest fealUt'e value to the testing example's value a•. 
a. is the testing example's feature value. 

n is the total number of values given for the feature. 


For non-linear feature value domains. partial matching is defmed to be identi­
cal to strict matching (i.e .• the match score for a given condition is 1 when a match 
occurs and is 0 otherwise). The total partial match score for a given rule is evalu­
ated by averaging the match scoces of all the conditioos for the given rule. 

S" =Average (S;) 
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To clarify this process. consider the foUowing example of evaluating the 
match score for a testing example with the given set of rules. 1lle feature set 
consists of three features. Sit S2> and Slt with the following properties: 

Featun DomaiIC Total Number 0/ Values 

SI Linear 10 
S2 Nominal 4 

S3 Linear 3 

The rule set to be evaluated consists of 

Rule A: [SI =1 or 2 or 41 
Rule B: [S, =1 or 51 and [S2 =2] 

The testing example to be matched is 

SI S2 S3 
410 

.. This results in the following strict match scores 

Rule A => minO, 1. 1) = 1 
Rule B => min(O, 0, I} =0 

and the following partial match scores 

Rule A => Ave(l, 1. 1} =0+1+1) 13 =1.0 
Rule B => Average{(1 - 15 - 41/1O}. 0, I} =(.9 + 0 + 1) 13 =0.633 

Conflict Resolution... For any testing example, after the appropriate matcb score is 
evaluated for all the rules generated by the AQ algorithm. a single rule representing 
the highest matcb score must be selected. However. there may be situations where 
more than one rule bas the highest match score. This is when the conflict resolution 
process is used to select a single rule. This process is performed by selecting a rule 
with highest typicality, that is. a rule that covers the most training examples as 
specified by the total number of examples it covers (see example of Section 3.3.1). 
However, there may be situations that all the selected rules bave the same typical­
ity. In this situation, a rule is randomly selected as the one baving the best match 
score. 

In addition to the match score of a given testing example and the conflict 
resolution process. weights can be associated with the classes to be recognized and 
can thus play an important role in the evaluation of fitness. 
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Weight (W). This option is useful when encoding user or expert knowledge into 
the evaluation function. In the current implementatioo each class is given a weight 
according to its importance in the overall recognitioo process. Therefore, in order 
to measure the recognition rate accurately, appropriate individual weights need to 
be allocated to each of the testing examples. The weight of the recognized class is 
associated with a testing example if the given example is cOlTectly recognized. For 
situations where an example is incOITectly recognized. the weight is the average of 
the weight of the correct class and the class that was recognized (incorrect class); 
hence.. 

if ~was correctly recognized 


if Tj was incorrectly recognized 


where 

W. is the weight associated with the correctly recognized class. 
Wia is the weight associated with the incorrectly recognized class. 
~ is a testing example. 

Consider the following illustrative example, consisting of only two classes (A and 
B). SUPlX'se the weights assigned to the classes are 

Class Weight 

A 1 
B 2 

and the recognition results are 

Example Correct Clo.ss Recognized Class 

1 A A 

2 B B 

3 B A 

4 A B 

Then. the associated weight for eacb example is 

Example Weigh; 

1 1 
2 2 
3 1.5 
4 1.5 
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In summary. the "fitness" of a particular subset of features is determined by 
running AQ on !he correspondingly reduced training data sets and !hen measuring 
the classification accuracy of !he rules produced by AQ on a testing data set using 
the weighted evaluation function described above. This fitness value is !he key 
element in biasing the GA-based adaptive search of the space of feature subsets 
toward even more "fit" subsets. 

17.4 EXPERIMENTAL RESULTS 

The experiments described in this section were performed using two existing 
systems, GENESIS. a genetic aJgorilbm package (Grefenstette, (991), and AQ15. 
an AQ-based rule induction system (Michalski et aJ., 1986). Because each of these 
systems bas a number of user-controlled parameters, the approach taken was to 
attempt to identify reasonable settings for !hese parameters and then bold them 
fixed for the entire set of experiments. 

In the case of GENESIS, the standard parameter settings recommended in De 
long (1975) were used (a population size=50, a mutation rale=O.OOl, and a cross­
over rate=O.6) without any further experimentation. Preliminary experiments with 
AQ IS suggested !hat !here were only a few parameters that significantly affected 
classification performance. Additional experiments were performed to fmd reason­
able values for !hese parameters. The resulting settings (Mode=IC, Ambig=NEG, 
Trim=Spec, and Maxstar= 13) were !hen used throughout all the experiments in 
conjunction with the standard default setting for the LEF function (which included 
a preference for sma1l numbers of features). 

The proposed multistrategy approach was tested on four texture images ran­
domly selected from BrodalZ's (1966) album of textures. These images are depicted 
in Figure 17.4. Two hundred feature vectors. each containing 18 features, were then 
randomly extracted from an arbitrary selected area of 30 by 30 pixels from each of 
the chosen textures. These feature vectors were divided equally between training 
examples used for !he generation of decision rules and testing examples used to 

•..;-.~,.... = 

r=;',&::i~ .. 

Water Belich pe :ltles 

Handmade paper Cotton canvas 

F1gure 11.4: The texture images used in the experimeots 
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Flgure 17.5: The imp'ovement iu feature set filDess over time 

measure the performance of the produced rules. In the experiments reported here, 
equal recognition weights (i.e., W=I) were assigned to all the texture classes. 

The experimental results are summarized in figure 17.5 and Table 17.1 and 
provide rather encouraging support for the adopted multistrategy approacb. figure 
17.5 shows the steady improvement in the fitness of the feature subsets being 
evaluated as a function of the number of generations of the genetic algorithm. This 
indicates very clearly that the performance of rule induction systems (as measured 
by recognition rates) can be improved in these domains by appropriate feature 
subset selection. 

Table 17.1 suggests that there are other advantages as well wben one com· 
pares the results of the multistrategy approach with the best performance obtainable 
using AQ15 alone. The result of the feature selection process was to reduce the 
initial feature set consisting of 18 elements to a subset having only 9 elements for 
the best performing individual. This represented a 50% reduction in the number of 
features. 

Another advantage of using this approach is that choosing the appropriate 
subset of features reduces the time required to perform rule induction on large data 
sets (which are typical in the image processing world). This is a direct result of the 
feature selection process. The time required to generate decision rules grows rather 

Table 17.11 Comparative result.! ~ the eltperimeDt& 
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AQ 1ll.5 18 S.2 301.5 

GA·AQ 95.5 9 3.3 2l1.5 
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quickly as a function of the number of features. Attempting rule learning on prob­
lems involving more than 50-100 features is generally computationally infeasible. 
Any significant reduction in the number of features used translates directly into 
reduced rule learning time, thus extending the applicability of these rule induction 
techniques to many problems that were previously computationally prohibitive. 

Table 17.1 suggests one more benefit of this multistrategy approach. If one 
measures the complexity of the generated rules in terms of the number of com­
plexes (conditions) per class. the feature selection process also reduces the com­
plexity of generated class descriptions. 

17.5 SUMMARY AND CONCLUSIONS 

The experimental results obtained indicate the potential power of applying a 
multistrategy approach to the problem of learning rules for classification of texture 
images. 'The reported results 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 simultaneously produce improvements in rec­
ognition rates of the rules produced by a rule induction system (AQI5). In addition, 
the reduction of the number of features improved the execution time required for 
rule induction substantially. This is an important step toward the application of 
machine learning techniques for automating the construction of classification sys­
tems for difficult image processing problems. 

More testing is needed in order to substantiate the results presented here. The 
robustness and scaling up characteristics of the presented system must be assessed 
with additional experiments involving more texture classes. larger feature sets, and 
more testing and training examples. 

There are a number of interesting directions one might pursue in extending 
the ideas presented here. One extension has already been explored and described 
by Bala. De Jong. and Pachowicz (1994, Chapter 18 of this book), in which further 
improvements in classification performance can be achieved by using genetic algo­
rithms to refine the AQ generated rules. 

Another straightforward direction would be to use GAs with some back­
ground knowledge. For example, Including user and/or expert provided estimates 
of the relative importance of various features for texture classification could further 
improve speed and perfonnance. 

A much more provocative but more difficult extension currently under devel­
opment involves the addition of some form of constructive Induction. That is, a 
more complex set of features could be constructed by including combinations of 
the given features in the initial set. The feature selection process could then be 
applied to this set in order to fmd even more effective feature subsets. 
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