Genetic Algorithms as a Tool for Restructuring FeatureSpace RepresentationsHaleh Vafaie and Kenneth De JongComputer Science DepartmentGeorge Mason UniversityFairfax, VA 22030AbstractThis paper describes an approach being explored toimprove the usefulness of machine learning techniques toclassify complex, real world data. The approach involvesthe use of genetic algorithms as a "front end" to atraditional tree induction system (ID3) in order to find thebest feature set to be used by the induction system. Thisapproach has been implemented and tested on difficulttexture classification problems. The results areencouraging and indicate significant advantages of thepresented approach.1.0 IntroductionIn recent years there has been a significant increase inresearch on automatic image recognition in more realisticcontexts. The corresponding increase in difficulty indesigning effective classification procedures for theimportant components of these more complex recognitionproblems has resulted in the application of differentmethods to reduce the number of features used to representthe problem spaces. Many of these recognition problemsare not properly represented using the reduced feature set,which makes them very sensitive to the features used todefine their space. Hence, there is a strong motivation tofind an appropriate representation space. This is a difficulttask especially when performed manually, since the spaceof potential representations is very large. This has led to aninterest in machine learning techniques as a possiblestrategy for automating the process of changingrepresentation spaces. This paper describes part of a largereffort to apply machine learning techniques to suchproblems in an attempt to improve classification processrequired for various recognition tasks. The immediateproblem attacked is that of texture recognition in thecontext of noise and changing lighting conditions. In thiscontext standard induction systems such as ID3 produceclassification trees that may be sub-optimal in tworespects. First, there is a need to minimize the number offeatures actually used for classification, since each featureused adds to the design and manufacturing costs as well asthe running time of a recognition system. At the same timethere is a need to achieve high recognition rates in thepresence of noise and changing environmental conditions.This paper describes a methodology being explored toimprove the usefulness of machine learning techniques forsuch problems. The approach described here involves theuse of genetic algorithms as a "front end" to a decision treeinduction system in order to find an adequate feature spacethrough selection and/or construction of a useful set offeatures to be used by the tree induction system. Theresults presented suggest that genetic algorithms are auseful tool for solving difficult recognition problems inwhich the performance of the underlying system is animportant design consideration.2.0 BackgroundThe problem of finding good representation spaces iscertainly not a new one. Both feature selection and featureconstruction present difficult search problems, in that theyrequire exploration of very large search spaces. A reviewof previous work in these area reveals that the strategiesapplied are based on greedy or directed search algorithmsin order to search the space more efficiently. However,these methods are very brittle and may get trapped on localpeaks and produce inadequate results [8].As a consequence, there is a significant opportunity forimproving the usefulness of machine learning techniquesfor automatically generating useful classificationprocedures for mis-represented problems if effective meanswere available for finding feature sets that produce optimalperformance. Since genetic algorithms are best known fortheir ability to efficiently search large spaces about whichlittle is known and have proved to be robust, they seem tobe an excellent choice as a search strategy for selecting andconstructing new features to be used in designing arecognition system [2].3.0 The proposed architectureThe proposed GA-based method for transforming initialfeature sets into more useful ones is shown in Figure 1. Animportant property of this architecture is that featureselection and feature construction are independentlyselectable modules. The advantage of this is considerable noCandidatefeature setStoppingCriterionCandidatefeatue setBestfeature setyesgoodnessof recognitionmoduleselectorInitialfeaturesetGA feature constructionmoduleGA featureselectionmoduleEvaluationfunction(ID3)Figure 1. Block diagram of the proposed architectureflexibility in controlling the way in which the twoprocesses interact. In particular, there is sufficientgenerality here to allow the modules to be selecteddynamically depending on the state of the problem.In this approach it is assumed that an initial set offeatures will be provided as input as well as a training setin the form of feature vectors extracted from actual dataand representing positive and negative examples of thevarious classes for which classification is to be performed.Depending on the state of the problem either the featureselection or construction method is applied to search theproblem space in order to improve the recognition rate of agiven classification system. Both the feature selection andconstruction methods are based on genetic algorithms thatuse an evaluation function as a feedback to guide thesearch.The performance of each of the selected feature subsetsis measured by invoking an evaluation function with thecorrespondingly modified feature space and training set,and measuring the specified classification result. The bestfeature subset found is then output as the recommended setof features to be used in the actual design of therecognition system.3.1 Genetic AlgorithmsThe main issues in applying GAs to any problem areselecting an appropriate representation and an adequateevaluation function. The representation for featureselection is trivial in that a simple binary representation hasproved to be very effective [6], [7]. However, this is adifficult issue for feature construction and a more complexrepresentation is required in order to effectively apply agenetic algorithm.Although they use different representations, both thefeature selection module and feature construction moduleare designed to evolve better subsets. Hence, a singleevaluation procedure can be used for both modules. Thefollowing sections describe these methods in detail.3.2 GA Representation for Feature ConstructionThe most natural way to construct useful new features isby forming combinations of existing features via a well-chosen set of operators. For example, in image processingdomains initial features are frequently real-valued anduseful new features derived by combining existing featuresusing simple arithmetic operations (such as +, -, *, /).Hence, new features can be expressed as expressions suchas (F1 - (F2 + F3)) or (F4 * F4) and represented naturallyas tree structures.However, we are interested in evolving sets of featureswhich work well together, so an individual in this case is avariable-length structure representing a set of features,some of which may be from the original feature set andsome which are expressions. For example, ( (F1 - (F2 + F4)), (F4 * F4), F9)would represent a set of 3 features, two of which havebeen constructed from initial features. Such feature sets(individuals) are naturally represented as tree structures asillustrated in Figure 2.Closely related to the choice ofrepresentation is the selection of useful forms of thegenetic operators of recombination and mutation. In thefollowing experiments the crossover operation will followKoza’s proposed crossover operator for his geneticprogramming paradigm [4]. This crossover operator hasproved to be well suited for variable length hierarchicalstructures. Figure 2 illustrates how such an operator mightswap selected features from two features sets. In order tomaintain the necessary variation in the population,mutation involves randomly selecting and replacing anoperator (or feature) with a member of the initial set ofoperators (or features).3.3 GA Representation for Feature SelectionFor feature selection, the main interest is in representingthe space of all possible subsets of the given feature set.Hence, the simplest form of representation is to have onebinary gene for each feature, and the value of a gene

-+F1F9F2 F4

+F8Figure 2: An example of the crossover operation

*F4 F4

+F3 F1 F1 F8

Parent2ofspring1Offspring2crossoverpoint

+*F4 F4

F3 F1 F1

Parent1Figure 2. An example of the crossover operationrepresent the presence (or absence) of that feature in thefeature set. Then, each individual consists of fixed-lengthbinary string representing some subset of the given featureset. An individual of length l corresponds to an l-dimensional binary feature vector X, where each bitrepresents the elimination or inclusion of the associatedfeature.The advantage to this representation is that the classicalGA�s operators as described before (binary mutation andcrossover) can easily be applied to this representationwithout any modification. This eliminates the need fordesigning new genetic operators, or making any otherchanges to the standard form of genetic algorithms.3.4 GA Evaluation ProceduresIn order to evolve better feature subsets, both the featureselection module and the feature construction modulerequire a procedure for estimating the fitness of a givenfuture subset.The evaluation procedure is divided into three mainsteps. After a feature subset is selected, the initial trainingdata, consisting of the entire set of feature vectors and classassignments corresponding to examples from each of thegiven classes, is modified. This is done byadding/removing the values for features that are not presentin the initial set of feature vectors. The second step is toapply ID3 as the classification procedure to the newmodified training data to generate the decision tree for thegiven classes in the training data. The last step is toevaluate the produced decision tree with respect to theirclassification performance on the test data.4.0 ExperimentsIn order to evaluate and test our ideas we haveimplemented a prototype version of the system. For each ofthe GA modules, we selected an existing program that bestsuited the required representation and recombinationoperators. The necessary changes were made to theseprograms in order to satisfy the design requirements. Forthe feature construction component, we modified thesimple genetic algorithm GAL that was developed by BillSpears to accommodate our goals, and GENESIS [3] wasused for the feature selection module. We also usedwithout modification C4.5, a standard implementation ofID3 [5], to build up the decision trees for the evaluationprocedure. For all components, standard default parametersettings from the literature were used. For GA modules,this resulted in a constant population size of 50, acrossover rate 0.6 and a mutation rate of 0.001. For C4.5,the pruning confidence level was set to default 25%.An initial set of experiments in texture domain has beenperformed to assess the performance of the presentedsystem. In this experiment feature selection module wasapplied first, followed by the feature construction module.The generated subsets of optimal features for recognizingvisual concepts in texture data have been compared withthe previously presented GA-based method which usedonly the feature selection module. The error rates onunseen texture data have been used as the basis forcomparison.In these experiments four texture images were randomlyselected from Brodatz [1] album of textures and are shownin Figure 3. Two hundred feature vectors, each containing8 features were then randomly extracted from an arbitraryselected area of 30 by 30 pixels from each of the chosentextures. These feature vectors were divided equallybetween training examples used for the generation of thedecision tree, and testing examples used to measure theperformance of the produced decision tree.The training data was then divided into two data sets tobe used for generating an optimal feature set. The data setconsisting of 67% of the training examples was used forinducing decision trees and the remaining 33% were usedfor evaluation of the feature subset.In our experiment we selected to apply the featureselection module and feature construction module onlyonce. Since, in general we are faced with large number offeatures and search spaces, the feature selection modulewas applied first in order to reduce the number of featuresand the search space.The feature construction module used the feature subsetthat was produced during the best run as input in order tofind a more suitable representation by searching the spaceof all possible combinations of the given features (usingsimple arithmetic operators). Figure 4 shows averageperformance of the selected set over 10 runs using thefeature construction module. The feature set that was

produced during the best run (lowest error rate) was outputas the final feature set to be used for the recognitionsystem.Table 1 shows the results of our experiments togetherwith the corresponding performance for the set includingall the initial features and the set obtained using only thefeature selection strategy. The feature selection methodreduced the feature set size by 50%. The featureconstruction module further reduced the feature setcardinality by proposing only three features. This finalfeature set included two of the four input features alongwith a feature that was constructed using a combination ofall of the input features. Note that in addition to reducingthe dimensionality of the final feature set, recognitionperformance improved as well.Table 1: Experimental Results for Texture DataFullfeature set8 FeaturesReducedfeature setfeature selectionmodule4 FeaturesFinalReducedfeature set3 features

Error RateError RateError Rate

34.2% 30.7% 29.6%

5.0 Summary and conclusionsThe initial experimental results obtained indicate thepotential advantages of using GA-based feature selectionand construction techniques to improve classificationperformance. Our initial experiments and results indicate asmall but significant improvement in the classification andrecognition of real world images. In addition, the reductionof the number of features improved the execution timerequired for rule induction substantially. The reportedexperiments and results indicate that an adaptive featurespace restructuring strategy using genetic algorithms canyield a significant reduction in the number of featuresrequired for texture classification and simultaneouslyproduce improvements in recognition rates of the decisiontree produced by C4.5. This is a significant initial steptowards the application of machine learning techniques forautomating the of constructing classification systems fordifficult image processing problems.Clearly, more testing is needed in order to substantiateour results both in this domain as well as other morecomplex domains involving larger feature and data sets.We are currently involved in applying this approach to adifficult face recognition problem involving more than onehundred features.There are also many architectural issues worthexploring. For example, in these experiments each modulewas only used once. More complex interactions betweenfeature selection and feature construction are likely to beuseful as these ideas are applied to more difficult problems.AcknowledgmentsThe authors wish to thank B. Spears for providing his basicGA component, GAL, and J. Huang for assisting in theapplication of C4.5 program. We also like to thank J. Bala forfurnishing us with the texture data.This research was conducted at George Mason University.The research was supported in part by the National ScienceFoundation under grant No. IRI-9020266 and CDA-9309725, inpart by the Defense Advanced Research Projects Agency underthe grant No. N00014-91-J-1854, administered by the Office ofNaval Research, and the grant No. F49620-92-J-0549,administered by the Air Force Office of Scientific Research, andin part by the Office of Naval Research under grant No. N00014-91-J-1351.References[1] Brodatz, P., A Photographic Album for Arts and Design,Toronto, Canada: Dover Publishing Co., 1966.[2] De Jong, K., "Learning with Genetic Algorithms : Anoverview," Machine Learning, 1988.[3] Grefenstette, J.J., L. David and D. Cerys , Genesis andOOGA: Two Genetic Algorithms System, TSP: Melorse, MA,1991.[4] Koza, J.R., Genetic Programming, Cambridge, MA: MITPress, 1992.[5] Quinlan, J.R. The Effect of Noise on Concept Learning, inMachine Learning: an Artificial Intelligence Approach, R.S.Michalski, J.G. Carbonell and T.M. Mitchell (Eds.), MorganKaufmann publishers, San Mateo, CA, 1986.[6] Vafaie, H., and De Jong, K., "Genetic Algorithms as a Toolfor Feature Selection in Machine Learning," InternationalConference on Tools with AI, pp. 200-204, Arlington, VA, 1992.[7] Vafaie, H., and De Jong, K., "Improving a Rule LearningSystem Using Genetic Algorithms," Machine Learning: AMultistrategy Approach, R.S. Michalski and G. Tecuci (Eds.),San Mateo, CA: Morgan Kaufmann, 1993.[8] Vafaie, H., and De Jong, K., "Robust Feature SelectionAlgorithms," International Conference on Tools with AI, pp. 356-364, Boston, Massachusetts, 1993. d9 1111.51212.513

Error rate

0

100

200

300

400

500

600 Trials

Error rateFigure 3. The texture images used Figure 4. Average Error rate for 10 runs using for the experiments the reduced feature set