Visual Routine for Eye DetectionUsing Hybrid Genetic ArchitecturesJ. Bala*, K. DeJong, J. Huang, H. Vafaie, and H. WechslerComputer Science DepartmentGeorge Mason UniversityFairfax, VA 22030*Datamat Systems Research, Inc.8260 Greensboro Dr.Mclean, VA 22102AbstractWe address the problem of crafting visual routines fordetection tasks. Emphasis is placed on both competitionand learning to help with specific visual tasks involved inlocalization and identification. Crafting of visual routinespresents difficult optimization problems and leads toevolutionary computation using a hybrid geneticarchitecture consisting of natural selection, learning, andtheir beneficial interactions. Base features representations and visual routines for detection represented as decisiontrees are evolved. The visual routine considered is that ofeye detection. The experimental results reported hereinprove the feasibility of our approach in terms of featureselection (’data compression’) and the corresponding eyedetection (’pattern recognition’).1 . IntroductionActive vision (AV) has advanced the widely held beliefthat intelligent data collection rather than image recoveryand reconstruction is the goal of perception. AV, alsoreferred to as Active, Purposive and Selective Perception(APSP), involves a large degree of adaptation, andprovides a mobile and intelligent observer with thecapability to decide where to seek information, whatinformation to pick up, and how to process it. APSP is aprocess of intelligent control applied to both dataacquisition and processing, and its specific (’reactive’)activation depends on the current state of datainterpretation.One possible explanation for how one could implementactive processes as suggested above comes from theconcept of visual routines suggested by Ullman [1] andmost recently referred to as a visual routine processor(VRP) by Horswill [2]. The VRP assumes the existenceof a set of visual routines that can be applied to baseimage representations subject to specific functionalities,which are driven by the task at hand and are encodedthrough centralized control. The relevant question forVRP is how to actually craft such visual routines. Earlyattempts, developed using manual design, involvedsimulations lacking low-level (’base’) representationsentirely and operating on bitmaps only [3].Ramachandran [4], an advocate of the utilitarian theory ofperception, has suggested as an alternative that one couldcraft such visual routines by evolving ’bag of<perceptual> tricks’ whose survival is dependent onfunctionality and fitness. This approach, which can bedirectly traced to the earlier ’neural Darwinism’ theory ofneuronal group selection as a basis for higher brainfunction, and it is reviewed by Edelman [5], suggestsnatural selection as the major force behind the design ofvisual routines. Most recently, Johnson et al [6] havesuggested using Genetic Programming [7] for evolvingvisual routines whose perceptual task is finding the leftand right hand of a person in a black and white silhouetteof a person. Restrictions are placed on this problem bypresuming that some other universal routines has alreadydetected the largest connected component and returned itsbounding box and centroid.This paper expands on the approach taken by Johnson,Maes and Darell [6] for evolving visual routines by (i)using base features representations and visual routines for(eye) detection represented as decision trees, and (ii) byproviding proof of concept using real gray level facialimages rather than bitmaps. Rather than using geneticprogramming (GP) as Johnson et al do, we use geneticalgorithms (GAs). The reason for using GAs rather thanGP stems from our belief that what is needed is a compactway to represent a successful problem-solving strategyrather than evolving the elaborate program forimplementing the same strategy. The experimental resultsreported prove the feasibility of our approach in terms offeature selection (’data compression’) and thecorresponding eye detection (’pattern recognition’).Face recognition starts with the detection of facepatterns, proceeds by normalizing the face images toaccount for geometrical and illumination changes,possibly using information about the location andappearance of facial landmarks such as the eyes, identifiesthe faces using appropriate classification algorithms, andpost processes the results using model-based schemes andlogistic feedback. Detecting the eyes serves an importantrole in face normalization and facilitates furtherlocalization of other facial landmarks.Any object or pattern that has to be detected shouldpossess a number of discriminatory properties or features.The first step in any detection process, performed eitherby a machine or by a human being, is to choosediscriminatory features and to measure them. Feature selection concerns the extraction of characteristic featuresor attributes from raw input data and their eventual datacompression leading to reduced dimensionality patternvectors. The number of features needed to successfullyperform a visual routine task, such as eye detection,depends on the discriminatory qualities of the selectedfeatures.2 . Hybrid Genetic ArchitecturesThe first problem one has to address in the context ofdeveloping visual routines is what form the baserepresentations (’features’) the visual routines will be callto operate on should assume. One needs not only to deriveoptimal features but also to find the means to integratethem for building optimal classifiers. This problemrequires searching over a large space of non-linear andhigher-order combinations and it is usually prohibitivelyexpensive. As the search space defining both the featuresthemselves and their possible (’data fusion’) integration isexponential in its complexity, one comes to employalternative methods, such as those underlying naturalselection and evolution. Such methods are often drivenby statistical considerations using information theoryconcepts such as the Kullback divergence measure andmaximum information preservation principle (infomax).As an example, Linsker [8], evolved receptive fields,characteristic of center surround cells and/or orientationcolumns, that maximize their output activity variance.One of the goals of this paper is to illustrate thefeasibility of deriving appropriate subsets of features andthen integrating them for detecting facial landmarks suchas the eye region using decision trees. Note that thederivation of decision trees, as discussed later in thispaper, is driven by the infomax principle mentionedabove.Genetic algorithms (GAs) mimic what nature has doneall along and it does that using similar principles. GAsare further defined when one provides a specific strategyfor choosing the offsprings and/or the next generation.Simulated breeding is one of the possible strategieswhere offsprings are selected according to their fitness.Note also that simulated breeding is conceptually similarto stochastic search in general, and to simulated annealingin particular, for the case when the size of the offspringpopulation is limited to one individual only.Our approach expands on the one proposed by Johnsonet al (1994) for crafting visual routines by choosing ahybrid genetic architecture, which consists of bothevolution and learning (decision trees). Hinton andNowlan [9] were among the first to considercomputational ways in which evolution of species and thelearning of individuals might interact. Our decision forimplementing the learning component of the hybridgenetic approach using decision trees has been motivatedby them incorporating the infomax principle characteristicof developmental processes as discussed earlier.3 . System ArchitectureThe architecture for the derivation of base representations(’feature selection’) and the visual routines operating onthem (’detection of facial landmarks’) integrates geneticalgorithms (GAs) and inductive generalization,characteristic of learning from examples. Fig.1 illustratesour general approach. An initial but large list of low-level image features is provided together with the imagesfrom which the feature vectors (’examples’) for bothpositive (eye) and negative (non-eye) classes are extracted.The GA is used to explore the space of all subsets of thegiven feature list where preference is given to thosefeatures subsets which achieve best detection performanceusing small dimensionality feature sets (’Occam’s razor’).Each of the selected feature subsets is evaluated - itsfitness measured - using the induction of decision trees.The above process is iterated along evolutionary lines andthe best feature subset found is then recommended to beused in the actual design of the corresponding faciallandmark detection system. Note that the examplesreferred in Fig. 1 are represented by all the features fromthe original list, while the training and tuning dataconsists of only those features passed through the featuresubset controller as a result of natural selection.

StoppingCriterion

Feature SubsetController

Feature ExtractionImages

Feature Subset ListTreeEvaluationTreeInduction

TreeTrainingDataTuningDataExamples

GENETICMODULE

Fitness MeasureEVALUATION MODULE

Figure 1. Hybrid Architecture for Detection of FacialLandmarks3.1.Genetic AlgorithmsGenetic algorithms (GAs) are adaptive search techniquesinitially introduced by Holland [10]. Genetic algorithmstypically maintain a constant-sized population ofindividuals (’chromosomes’) which represent samples fromthe space to be searched. Each individual is evaluated onthe basis of its overall fitness with respect to some prespecified functionality and across some applicationdomain. New individuals (samples from the search space)are produced by selecting high performing individuals toproduce "offspring" which retain many of the features oftheir ’parents’. The result is an evolving population thathas improved fitness with respect to the givenfunctionality (’goal’).New individuals (offsprings) for the next generation areformed by using two main genetic operators, crossoverand mutation. Crossover operates by randomly selecting apoint in the two selected parents gene structures andexchanging the remaining segments of the parents tocreate new offspring. Mutation operates by randomlychanging one or more components of a selected individualand it acts as a perturbation operator to allow for insertingnew information (’genetic material’) into the population.Mutation prevents any stagnation (’prematureconvergence’) that might occur during the search process.The main issues in applying GAs consist of choosing anappropriate base representation and an adequate evaluationfunction.The first step in applying GAs to the problem offeature selection is to map the search space into arepresentation suitable for genetic search. Since the maininterest is in representing the space of all possible subsetsof the original feature list, the simplest form of baserepresentation considers each feature as a binary gene.Each individual is then represented as a fixed-length binarystring standing for some subset of the original featurelist. An individual corresponds to an N dimensionalbinary feature vector X, where each bit represents theelimination or inclusion of the associated feature. Theadvantage of this representation is that the classical GAsoperators described before (binary mutation and crossover)can be easily applied to this representation without anymodification.The choice of an appropriate evaluation procedure is anessential step for the successful application of GAs to anyproblem domain. Evaluation procedures provide GAs withfeedback about the fitness of each individual in thepopulation. GAs use this feedback to bias the searchprocess and improve the population�s average fitness.Fitness evaluation becomes available once performance oftrees being induced is assessed. For the experimentsreported later on, both parents and offspring compete to beincluded in the next generation.3.2.Decision Trees and Fitness EvaluationThe ID3 algorithm is the most commonly used algorithmfor the induction of decision trees [11]. The ID3algorithm, in an iterative fashion, determines the featurewhich is most discriminatory and then it dichotomizes(splits) the data into classes categorized by this feature.The next significant feature of each of the subsets is thenused to further partition them and the process is repeatedrecursively until each of the subsets contain only one kindof labeled data. The resulting structure is called a decisiontree, where nodes stand for feature discrimination testswhile their exit branches stand for those subclasses oflabeled examples satisfying the test. An unknownexample is classified by starting at the root of the tree,performing the sequential tests and following thecorresponding branches until a node is reached indicatingthat some class has been decided on. Decision trees aredisjunctive, since each branch leaving a decision nodecorresponds to a separate disjunctive case.The learning strategy, conceptually akin to cross-validation (CV) and bootstrapping, draws randomly fromthe original list of examples, both positive and negative,and generates two labeled sets consisting of training andtuning data. The training data is used to induce trees,while the tuning data is used to evaluate the trees andgenerate appropriate fitness measures. Once the evolutionstops the best tree is frozen and it is used for testing onunseen facial imagery to assess on how˚well the visualroutine performs on eye detection.The decision tree induction process (ID3) is applied totraining data and it generates decision trees for each of thegiven classes. The evaluation procedure assesses thefitness of each feature subset, as given by itscorresponding induced tree, using now tuning data setsand employing an integrated measure consisting of boththe number of features used and the error rate. Thismeasure of fitness is then passed to the Genetic Modulestage to further evolve optimal candidate feature subsets.The whole process is initialized by randomly selectingsubsets of feature and making them available to ID3.Note that detection of the eyes, respectively, is successfulif the corresponding region is reached. For the case one isinterested to detect only the center of the landmark region,penalty factors (i) multiple detections, and (ii) the distancebetween the center of the landmark and the actualdetection, should be also included.A description generated by a decision tree inductionprocess such as ID3, is both descriptive and procedural.The descriptive representation is used to evaluate a givensubset of features by measuring the error rate on thetuning data. The procedural representation describes theway in which a given subset of feature should be applied(i.e. not only it describes the feature subset itself but alsoan order in which the features should be applied). Sincethe ID3 learning process determines the feature which ismost discriminatory in the recursive process ofdichotomizing the training data, the proceduralrepresentation is inherently embedded in the decision tree.This procedural descriptiveness of the evaluation processis the main motivation to use decision trees. In order toimplement the Genetic Module and ID3 we use GENESIS(GENEtic Search Implementation System [12], and C4.5,respectively.4 . Eye Detection - Experimental ResultsThis section describes the data used, the original list ofpossible features, and the detection architectures used to train and test the eye detection routine. The facial imagesare of 64x64 resolution - Fig. 2 shows examples of facialimages used in our experiments. The data base (DB)consists of 120(+) eye examples. As training involvesnegative examples as well, DB also includes 480(-) non-eye examples drawn randomly across the facial landscape.The resolution for both the positive and negative eyeexamples is 24x16. Once training is completedexhaustive testing (’search’) of the detection routinelearned is performed across 58 unseen facial images.Testing takes place as 24x16 search windows are shiftedfour pixels to cover the entire facial image. Each testimage generates 143 examples the eye detection routine isasked to decide on. The detection strategy includes crossvalidation (CV) and winner-take-all (WTA). .

MeanEntropyLaplacian

Generate 147 features{x1, x2,..., x147}

45678901002003004005006007008009001000Trials6.26 %4.87 %4.90 %

1st CV round

2nd CV round

3rd CV roundError Rate (%)Figure 4. Fitness Measures for Learning on DB.Ground Truth /Test DecisionEyeRegionsNon-EyeRegions

Eye95.69 %4.31 %

Non-Eye6.03 %93.97 %

Table 1. Confusion Matrix for Eye Detection on DBThe experiment performed so far detects clusters ofcandidates. As a consequence post processing is warrantedand in our case WTA (Winner Take All) is used. TheWTA procedure clusters adjacent candidates, find theircorresponding centers, and filters out those who failpairwise distance constraints, like those holding betweenthe two eyes. Correct performance results for the casewhen the center of the cluster is within four pixels fromthe true eye location. The motivation for using the four

pixel distance comes from testing taking place over24x16 search windows shifted each time four pixels inorder to cover the entire facial image. The resultsobtained should be assessed with the understanding that:(i) only two candidates, corresponding to the left and righteye, are allowed and misses could occur - for our testingwe missed one eye in two out of 58 test images; and (ii)the false positive rate is evaluated now in terms ofmissing the eyes rather than for frames all across thefacial landscape. The performance - 89.66% correctdetection - is satisfactory when taking into account thatthe visual routine can now actually lock on the eye. Postprocessed eye detection results using WTA are shown inFig. 6.The results presented above for eye detection comparefavorably with those reported by Johnson et al (1994) buton a different task related to human actions. Note thatwhat is most important when one makes suchcomparisons is to use the results obtained during testingrather than those derived during learning. It is testingafter all that provides an indication about the intrinsicgeneralization ability of the visual routine. Johnson et al(1994), using bitmap rather than gray level images andpresegmented images, report their best cross validationperformance, on one subtask only, that of left handdetection, in the range of 77%

±

21 %. Neither the falsepositive rate experienced during learning nor testingresults are reported.

++Figure 6. Eye Detection Results on DB Using WTA7.ConclusionsWe have addressed the problem of crafting visual routinesfor detection tasks using the framework of hybrid geneticarchitectures. The novelty of our approach and theassociated benefits come from using natural selection(Genetic Algs.), learning (Decision Trees - ID3), and theirbeneficial interactions. The visual routine task forconsideration is that of eye detection from real gray-levelfacial imagery. The experimental results reported hereinprove the feasibility of our approach in terms of featureselection (’data compression’) and the corresponding eyedetection (’pattern recognition’).One possible area for improvement could come fromus implementing also the control stage for a visualroutine processor (VRP). Specifically, the regularitiesholding between different facial landmarks, in terms ofboth topology and geometry, should help in providing asense of direction for the visual routines and discardingwrong hypotheses. Once the control stage is implementedwe would test the VRP on several detection tasks whoseoverall goal would be to detect all the major faciallandmarks such as the two eyes, and the nose and mouthregions.8.References[1]Ullman, S. (1984), Visual routines, Cognition, Vol.18, pp.97-159.[2]Horswill, I. (1995), Visual routines and visual search,Int. Joint Conf. on Artificial Intelligence, Montreal,Canada.[3]Chapman, D. (1993), Vision, Instruction, and Action,MIT Press.[4]Ramachandran, V.S. (1985), Apparent motion ofsubjective surfaces, Perception, 14, pp.127-134.[5]Edelman, G.M. (1987), Neural Darwinism, BasicBooks.[6]Johnson, M. P., P. Maes, and T. Darell (1994),Evolving visual routines, in Artificial Life IV, edited byR.A. Brooks and P. Maes, MIT Press.[7]Koza, J.R. (1992), Genetic Programming, MIT Press.[8]Linsker, R. (1988), Self-Organization in a perceptualnetwork, IEEE Computer Vol. 21(3), pp.105-117.[9]Hinton, G. E. and S. J. Nolan (1987), How learning canguide evolution, Complex Systems, Vol. 1, pp.495-502.[10]Holland, J.H. (1975), Adaptation in Neural andArtificial Systems, University of Michigan Press, AnnArbor, MI.[11]Quinlan, J.R. (1986), The effect of noise on conceptlearning, in Machine Learning: an ArtificialIntelligence Approach, edited by R.S. Michalski, J.G.Carbonell and T.M. Mitchell, Morgan Kaufmann, SanMateo, CA, pp.149-166.[12]Grefenstette, J.J. (1984), Genesis: A system for usinggenetic search procedures, Proc. Conf. IntelligentSystems and Machines, pp.161-165.