Face and Hand Gesture Recognition Using Hybrid ClassifiersSrinivas Gutta, Jeffrey Huang, Ibrahim F. Imam, and Harry WechslerDepartment of Computer ScienceGeorge Mason UniversityFairfax, VA 22030{sgutta, rhuang, wechsler}@cs.gmu.edu, iimam@aic.gmu.eduhttp://chagall.gmu.edu/FORENSIC/AbstractThis paper advances the methodology of hybridclassification architectures for face and hand gesturerecognition tasks and shows their feasibility throughexperimental studies using the FERET data base andgesture images. The hybrid architecture, consistingof an ensemble of connectionist networks - radialbasis functions (RBF) - and inductive decision trees(DT), combines the merits of ’holistic’ templatematching with those of ’abstractive’ matching usingdiscrete features and subject to both positive andnegative learning. The hybrid architecture, quitegeneral as it applies to both face and hand gesturerecognition, derives its robustness from (i)consensus using ensembles of RBF networks, and(ii) flexible matching using categorical classificationvia decision trees. The experimental results, provingthe feasibility of our approach, yield (i) 93 %accuracy, using cross validation, for contents-basedimage retrieval (CBIR) subject to correct IDmatching tasks, such as ’find Joe Smithwith/without glasses’, on a data base of 200 images,and (ii) 96 % accuracy, using cross validation, forforensic verification on a data base consisting of 904images corresponding to 350 subjects (of whom 102are duplicates). Cross validation results on the handgesture recognition task yield a false negative rate of3.6 % and a false positive rate of 1.8 % , using adata base of 750 images corresponding to 25 handgestures.Key words: content-based image retrieval (CBIR),decision trees (DT), ensembles of radial basisfunction (ERBF) networks, face recognition,FERET, hand gesture recognition, hybrid classifiers1IntroductionFaces are accessible ’windows’ into the mechanismsthat govern our emotional and social lives. The faceis a unique feature of human beings. Even the facesof "identical twins" differ in some respects. Humanscan detect and identify faces in a scene with little orno effort. This skill is quite robust, despite largechanges in the visual stimulus due to viewingconditions, expression, aging, and distractions suchas glasses or changes in hair style. There are severalrelated subproblems: (i) detection of a pattern as aface, (ii) recognition, (iii) analysis of facialexpressions, and (iv) classification based on physicalfeatures (Samal and Iyengar, 1992; Chellapa et. al.,1995). A system that performs these operations willfind countless applications, e.g. criminalidentification and retrieval of missing children,workstation and building security, credit cardverification, and video-document retrieval. Automatedrecognition requires computer systems to lookthrough many stored sets of characteristics (’thegallery’) and pick the one that matches best thosefeatures of the unknown individual (’the probe’). Inmost practical scenarios there are two possiblerecognition tasks to be considered - (i) MATCH: Animage of an unknown individual is collected(’probe’) and the identity is found searching a largeset of images (’gallery’), and (ii) VERIFICATION:Rather than identifying a person, the system is nowinvolved with verification and checks if a givenprobe belongs to a relatively small gallery,sometimes labeled as a set of intruders. Humansrelate to each other also using their hands forcommunication. Computer recognition of handgestures may provide a more natural human-computer interface. Another interesting applicationfor hand gesture recognition is for developing ’smartrooms’ [Pentland, 1996].This paper advances the methodology of hybridclassification architectures for both face and handgesture recognition tasks and shows their feasibilitythrough experimental studies using the FERET database and gesture images. The hybrid architectures,consisting of an ensemble of connectionist networks- radial basis functions (RBF) - and inductivedecision trees (DT), combine the merits of ’holistic’template matching with those of ’abstractive’matching using discrete features and subject to bothpositive and negative learning. The hybridarchitectures, quite general as they apply to both faceand hand gesture recognition, derive their robustnessfrom (i) consensus using ensembles of RBFnetworks, and (ii) flexible matching usingcategorical classification via decision trees.2. BackgroundUnderlying the hybrid approach is the concept ofreductionism, where complex problems are solvedthrough stepwise decomposition. Intelligent hybridsystems involve specific (hierarchical) levels ofknowledge defined in terms of concept granularity and corresponding interfaces. Specifically, thehierarchy would include connectionist and symboliclevels, with each level possibly consisting of anensemble architecture by itself, and with properinterfaces between levels. As one moves upward inthe hierarchical structure, we witness a correspondingdegree of data compression allowing more powerful(’reasoning’) methods to be employed on reducedamounts of data. An analogy to this strategy isfocusing of attention as employed in visualperception. The advantages provided by each levelconsist of:¥Connectionism can handle the whole range ofsensory inputs and their variability (’noise’). Itsdistributed nature provides for fault tolerance tomissing and incomplete data. The output ofsuch modules can be combined across ensembleof such networks. Last but not least, the outputof such modules yields the sought aftersymbolic units needed for later stages ofprocessing.¥Symbolic methods are compact and can fuse datafrom different sensory modalities and cognitivemodes. As a consequence one can interpret thesensory input and explain it using meaningfulcoding units.An early example of homogeneous ensembles isthe Meta-Pi architecture suggested by Hamshire andWaibel (Hamshire and Waibel, 1992) for speechinterpretation. Homogeneous ensembles of symbolicmodules are usually referred to as multistrategylearning (AI) methods. As an example ofheterogeneous ensembles, Greenspan (1991) hasproposed an architecture for the integration of neuralnetworks and rule-based methods using unsupervisedand supervised learning for pattern recognition tasks.3 . Face and Hand GestureRecognitionAn overall hybrid architecture, appropriate for faceand hand gesture recognition tasks, is shown in Fig.1. Face recognition usually starts through thedetection of a pattern as a face and boxing it,proceeds by normalizing the face image to accountfor geometrical and illumination changes usinginformation about the box surrounding the faceand/or eyes location, and finally it identifies the faceusing appropriate image representation andclassification algorithms. In the case of hand gesturerecognition, same processes apply but normalizationnow ensures that all the hand gestures are off equalsize. The tools needed to detect face (hand gesture)patterns and normalize them are discussed elsewhere[Gutta et. al, 1995], while this paper describes onlythe tools developed to realize and implement thosestages of face (hand gesture) recognition involved inclassification tasks. The matching and surveillancetasks to be addressed by hybrid classifiers for facerecognition are (i) CBIR subject to correct ID matchtasks, such as ’find Joe Smith with/without glasses’,on a data base of 200 images, and (ii) surveillance(verification) on a data base consisting of 904 imagescorresponding to 350 subjects (of whom 102 areduplicates), and for hand gesture recognition theyinvolve the recognition of specific gestures on adatabase of 750 images correponding to 25 handgestures.

Decision TreeGenerated(After Training)Decision TreesTrainingTesting

Ensemble ofRBF NetworksFace/Hand GestureNormalizationFace/Hand GestureDetectionFace/Hand GestureImages

Figure 1. Automated Face / Hand GestureRecognition (AFHGR) Architecture4 . Hybrid Classifier ArchitecturesThe hybrid classifiers consist of an ensemble ofconnectionist networks - radial basis functions (RBF)- and inductive decision trees (DT). The reasonbehind using RBF is its ability for clustering similarimages before classifying them. Decision trees (DT)implement the symbolic stage using the RBFoutputs. We now describe how to implementEnsembles of RBF (ERBF) and the hybridsconsisting of ERBF and DT.4 . 1 Ensemble of Radial Basis Function(ERBF) NetworksAn RBF classifier has an architecture very similar tothat of a traditional three-layer back-propagationnetwork. Connections between the input and middlelayers have unit weights and, as a result, do not haveto be trained. Nodes in the middle layer, called BFnodes, produce a localized response to the inputusing Gaussian kernels. The basis functions (BF)used are Gaussians , where the activation level yi ofthe hidden unit i is given by:

y_{i i i}^{k ik}_{ik} k D X x h = = − − − ( ) ( ) =∑ Φ μ μσ exp 2_2^2 1

where h is a proportionality constant for thevariance, xk is the kth component of the input vectorX = [ x1, x 2 , . . . , x D ] , a n d m i k a n d s i k 2 are the k t h c o m p o n e n t s o f t h e m e a n a n d v a r i a n c e v e c t o r s ,

respectively, of basis function node i.. Each hiddenunit can be viewed as a localized receptive field (RF).The hidden layer is trained using k-means clustering.For a connectionist architecture to be successful ithas to cope with the variability available in the dataacquisition process. One possible solution to theabove problem is to implement the equivalent ofquery by consensus using ensembles of radial basisfunctions (ERBF). Ensemble are defined in terms oftheir specific topology (connections and RBF nodes)and the data they are trained on. Specifically, bothoriginal data and distortions caused by geometricalchanges and blur are used to induce robustness tothose very distortions via generalization. Twodifferent versions of ERBF are proposed and describedbelow.4.2.1ERBF1The first model integrates three RBF components andit is shown in Figure 3. Each RBF component isfurther defined in terms of three RBF nodes, each ofwhich specified in terms of the number of clustersand the overlap factors. The overlap factors o, definedearlier, for the RBF nodes RBF(11, 21, 31), RBF(12,22, 32), and RBF(13, 23, 33) are set to the standard2, 2.5, and 3, respectively. The same RBF nodeswere trained on original images, and on the sameoriginal images with either some Gaussian noiseadded or subject to some degree of geometrical(’rotation’), respectively. The intermediate nodes C1,C 2 , a n d C 3 a c t a s b u f f e r s f o r t h e t r a n s f e r o f t h e normalized images to the various RBF components.T r a i n i n g i s p e r f o r m e d u n t i l 1 0 0 % recognitionaccuracy is achieved for each RBF node. The nineoutput vectors generated by the RBF nodes are passedto a judge who would make a decision on whetherthe probe (’input’) belongs to the gallery or not. Thespecific decision for face recognition is {if the normof the average of all the nine outputs is greater thanthreshold q then accept else reject}, and for handgesture recognition is {if Max(R) is greater thanthreshold q then accept else reject}, where

R C i ij i= ∑=19 9

i is the index for the number of networks, j for then u m b e r o f c l a s s e s a n d Cr i s t h e o u t p u t o f t h e i t h network for the jth class, where the threshold q wasset empirically.4.2.2ERBF2ERBF2 is derived from ERBF1 by increasing thenumber of images (3) used to train each class and bydecreasing the number of RBF nodes from nine tothree (Figure 4). Each RBF node is now trained ona mix of face images consisting of original ones andtheir distorted variations. The overlap factors,training remian the the same as used for ERBF 1.During testing, nine output vectors are generated,corresponding to the Cartesian product between thekind of input {original, variation with Gaussiannoise, variation with rotation}and the kind of RBFnode, and they are passed to a judge. The specificdecision for face recognition remains the same as itwas the case for ERBF1 while for hand gesturerecognition it is {if Max(R) is greater thanthreshold q then accept else reject}, where

R C i ij i= ∑=19 9

,i is the index for the number of output vectors, j forthe number of classes and Cr is the output of the it h network for the jth class respectively and as in thecase of ERBF1 the threshold q was set empirically. C3 RBF 2

RBF 3JUDGE

Input Images

Fig. 4. ERBF2 Architecture4.3Decision Tree (DT)The basic aim of any concept-learning symbolicsystem is to construct rules for classifying objectsgiven a training set of objects whose class labels areknown. The objects are described by a fixedcollection of attributes, each with its own set ofdiscrete values and each object belongs to one of twoclasses. The rules derived in our case will form adecision tree (DT).The decision tree employed is for face recognition isQuinlan’s C4.5 [1986]. C4.5 uses an information-theoretical approach, the entropy, for building thedecision tree. It constructs a decision tree using atop-down, divide-and-conquer approach: select anattribute, divide the training set into subsetscharacterized by the possible values of the attribute,

and follow the same procedure recursively with eachsubset until no subset contains objects from bothclasses. These single-class subsets correspond then toleaves of the decision tree. The criterion that hasbeen used for the selection of the attribute is calledthe gain ratio criterion .The decision tree employed for hand gesturerecognition is AQDT [Imam and Michalski, 1993].AQDT learns a decision structure/tree from decisionrules or examples by iteratively selecting an attributeto be a node in the structure, generates as manybranches as the number of values of the selectedattribute, associate all rules or examples with theappropriate branch, then if all rules or examples atany branch belong to one decision class, the systemcreates a leaf node for that decision class, otherwise,it repeat the same process.4.4ERBF (1,2) and DT (C4.5,AQDT)HybridsInductive learning, as applied to building a decisiontree requires a special interface for numeric-to-symbolic data conversion. The ERBF output vector(X1 , . . . , X 9 ) c h o s e n f o r t r a i n i n g a r e t a g g e d a s ’ C O R R E C T ’ ( p o s i t i v e e x a m p l e ) o r ’ I N C O R R E C T ’ ( n e g a t i v e e x a m p l e ) a n d a r e q u a n t i z e d t o v a l u e s r a n g i n g f r o m 1 t o 1 0 . T h e i n p u t t o t h e C 4 . 5 (AQDT) DT consists of a string of learning (positiveand negative) events, each event given as a vector ofdiscrete attribute values. Training involves choosinga random set of positive events and a random set ofn e g a t i v e e v e n t s . T h e C 4 . 5 ( A Q D T ) b u i l d s t h e classifier as a decision tree whose structure consistsof¥leaves, indicating class identity, or¥decision nodes that specify some test to becarried out on a single attribute value, with onebranch for each possible outcome of the test.The decision tree is used to classify an exampleby starting at the root of the tree and movingthrough it until a leaf is encountered. At each nonleaf a decision is evaluated, the outcome isdetermined, and the process moves on.5.Image AcquisitionFor the most part, the performance of facerecognition systems reported in the literature hasbeen measured on small databases, with each researchsite carrying out its experiments on their owndatabase thus making meaningful comparisons anddrawing conclusions impossible [Robertson andCraw, 1994]. To overcome such shortcomings, wehave been developing over the last several years theFERET facial database so a standard tested for facerecognition applications can become available [Guttaet. al., 1995] The FERET facial data base consistsnow of 1,109 sets (of whom 190 duplicate sets)comprising 8,525 images. Since large amounts ofimages were acquired during different photo sessions,the lighting conditions and the size of the facialimages can vary. The diversity of the FERET database is across gender, race, and age. The facial imagesets were acquired without any restrictions imposedon expression and with the two frontal images shotat different times during the photo session.For the hand gesture recognition task images wereacquired using an QuickTake-100 camera. Theimages were taken at a fixed resolution of 320x240pixels encoded as 255 bits of gray scale levels. Atotal of 750 images corresponding to 25 handgestures were taken from 15 subjects. From eachsubject 2 sets of 25 images were acquired. Each setwas taken after a time lapse of 30 minutes to providesome variability in the orientation of the gesture. Inaddition a fixed distance of two and a half feet wasmaintained from the camera and the subject for eachof the images acquired.6.ExperimentsAs discussed earlier the experimental data reportedherein is restricted to recognition only. We reportfirst on the experiments carried out on the facerecognition tasks, and then describe the results forhand gesture recognition . A sample set ofnormalized face and hand gesture images are shownin Fig. 2.

images and 102 pairs of duplicate images whichcorresponds to 95 % accuracy. These images arethen made available at a resolution of 64 x 72. Notethat the performance reported on face recognitiontasks assumes that faces have been already locatedand normalized.(i)CBIR Subject to Correct ID (’match’)-’Find Individual ID Probe with /without Glasses’This task actually consists of two (a, b) subtasks,’Given an individual ID probe wearing glasses findinstance of the probe without glasses ’ and ’Given anindividual ID probe without glasses, find instance ofthe probe with glasses ’, respectively. This query isimplemented in two stages. First, a match stageseeks the identity of the ID probe using the originalRBF network, and second, the presence of glasses ortheir absence is determined using C4.5. Note that theRBF network has been trained on variants of theoriginal images in analogy to the ERBF2 network.Two cycles of cross validation are performed, eachone involving a gallery of 100 images, five images(’probes’) wearing glasses or without glasses, andeach probe is rendered 40 times to assess robustness.These 40 images were obtained by using duplicatesas well by generating additional images by addingGaussian noise and/or some geometrical change.The results give an average accuracy of about 93.3%, while the false negative rate is about 6.7 % forsubtask - a - and an average accuracy of about 93.5%, while the false negative rate is about 6.5 % forsubtask - b -, respectively.(ii)Surveilling a Gallery of Images forthe Presence of Specific ProbesFirst we report on experiments where, possibly forsecurity reasons, the automatic face recognition(AFR) system screens a large number of probesagainst some predefined gallery it has already beentrained on. The experiments were carried out onimages drawn randomly from batches 1, 2, 3, and 4,and the hybrid classifier consists of ERBF and C4.5,as described in Section 5. The training and testingstrategy used is similar to that of k - fold crossvalidation (CV). As an example, the first CV cycleon its first iteration would implement theconnectionist (ERBF) component using the first 50’fa’ frontal images, while learning the decision treeby randomly sampling positive and negativeexamples from the corresponding 50 ’fb’ images andthe remaining 402 ’fa’ and 402 ’fb’ images. Note thatthe examples used to build the decision tree aregenerated using the already trained connectionistcomponent. On the second iteration, theconnectionist (ERBF) component is trained on thecorresponding 50 ’fb’ frontal images, while learningthe decision tree by randomly sampling positive andnegative examples from the corresponding 50 ’fb’images and the remaining 402 ’fa’ and 402 ’fb’images. Note that images corresponding to subjectsdrawn from the gallery can be drawn from both thecorresponding ’fa’ or ’fb’ images and also from the setof (102) duplicate (fa and fb) images available. Thetwo iterations suggested above yield a sample spaceof 1708 ERBF output vectors (of size 9) from whomone would randomly sample the positive andnegative examples required to train C4.5.Specifically, one now randomly selects 30 output(ERBF) quantized vectors tagged as positiveexamples and 100 output (ERBF) quantized vectorstagged as negative examples. The remaining 1578output vectors are then tagged as test vectors. Table1, below gives the average CV results for the casewhen the ERBF models were coupled with C4.5(Hybrid 1 - ERBF1 and C4.5; Hybrid 2 - ERBF2 andC4.5). To assess the relevance of using hybridclassifiers we performed similar experiments wherethe classifier consists of only ERBF and RBF hasbeen used by itself. Table 1 also gives the results forthe case when ERBF1 and ERBF2, and RBF are usedand the threshold q is set to 0.65.6.2Hand Gesture RecognitionWe started with an initial database of 750 handgesture images corresponding to 25 distinct type ofhand gestures taken from 25 subjects. All images areof size 320 x 240 using 256 gray scale levels. Theseimages when passed to an Gesture Detection andNormalization system [Gutta et. al, 1995] produce739 images which corresponds to 98.5% accuracy.These images are then made available at a resolutionof 64x116. Note that the performance reported onhand gesture recognition tasks assumes that handgestures have been already located and normalized.Initially the preliminary experiments were carriedout using C4.5 instead of AQDT with 15 differenthand gestures. But as the number of gestures wereincreased from 15 to 25, the performance of C4.5degraded and as a result AQDT was used instead. Theresults obtained were consistent when using eitherC4.5 or AQDT. Specifically, we obtain a falsenegative rate of 1.7 % and a false positive rate of 1% when ERBF 2 and AQDT was used, while a falsenegative rate of 11.3 % and a false positive rate of 10% was obtained when ERBF 1 and AQDT. Theadvantages of using AQDT over other decision treelearning programs comes from its adaptivecapabilities including forcing user preferences on thelearning process. The entire set of 750 normalizedimages have been split into two sets of 650 imagescorresponding to 13 subjects and 100 imagescorresponding to 2 subjects respectively. These 100images are used later for generating (training) thedecision tree.The 25 different hand gestures are divided into 5groups of 5 gestures each. A

combination is definedas the union of 4 of the 5 groups to form 20 distinctc l a s s e s ( h a n d g e s t u r e s ) . T h e l e f t o v e r 5 t h g r o u p containing 5 gestures is used for testing. The reasonb e h i n d t h i s k i n d o f s p l i t i s t o u s e t h e i m a g e s

corresponding to the 5th group for testing against theimages present in the training set. Thus the totalnumber of combinations would be 5. Eachcombination is randomly divided into 26 sets ofequal size, where each set consists of 20 imagescorresponding to 20 distinct gestures. Training isperformed by alternating among each one of the 26sets. On its first iteration, the first set is used fortraining and the remaining 25 sets corresponding to500 images and the 130 images corresponding to thefive classes not present in that combination is usedfor testing. One could define in an similar fashionthe remaining 25 iterations. Thus the number ofinternal cycles (iterations) for each combinationwould be 26. We present average CV results for thecase when only an RBF network was used by itself,followed by using only ERBF(1,2). As in the case offace recognition the threshold (q) for RBF, andERBF(1, 2) was set at 0.65 respectively. The 100images corresponding to 2 subjects kept separate areused for generating the decision tree. Training isperformed by again splitting the 25 different handgestures similar to that explained above. Table 2,below also gives the average CV results for the casewhen the ERBF models were coupled with AQDT(Hybrid 1 - ERBF1 and AQDT; Hybrid 2 - ERBF2and AQDT).CVCycleAccepted(Correct)%FalseNegative %Rejected(Correct) %FalsePositive %

RBF75.624.472.0627.94

ERBF182.1417.8699.300.70

ERBF286.3413.6698.271.73

Hybrid 190.429.5899.330.67

Hybrid 295.744.2699.610.39

Table 1. Average CV˚ Results for Face RecognitionCVCycleAccepted(Correct)%FalseNegative %Rejected(Correct) %FalsePositive %

RBF54.545.661.438.6

ERBF164.435.669.830.2

ERBF273.426.679.420.6

Hybrid 187.612.490.29.8

Hybrid 296.43.698.21.8

Table 2. Average CV˚ Results for Hand GestureRecognition7.ConclusionsThis paper described the methodology of hybridclassification architectures for face and hand gesturerecognition tasks and shows their feasibility throughexperimental studies using the FERET data base andhand gesture images. The hybrid architecture,consisting of an ensemble of connectionist networks- radial basis functions (RBF) - and inductivedecision trees (DT), combines the merits of ’holistic’template matching with those of ’abstractive’matching using discrete features, subject to bothpositive and negative learning. The results obtainedprove the feasibility and merits of hybridclassification architectures.The Ensembles of RBF models (ERBF)outperform single RBF networks. The reason forthis behavior comes from ERBF modelsimplementing the equivalent of a ’query byconsensus’ paradigm. The experimental resultssupport the idea that hybrid learning improvesclassification performance as the connectionist ERBFmodel coupled with an Inductive Decision Tree -C4.5 - yields better surveillance rates whiledecreasing the false negative rate. Anotherobservation one can makes is that training with bothoriginal and distorted data, as it was the case withERBF2, leads to improved performance (vsERBF1).8.ReferencesSamal, A. and Iyengar, P. (1992), AutomaticRecognition and Analysis of Human faces andFacial Expressions: A Survey, PatternRecognition, Vol. 25, No. 5, 65-77.Chellappa R., Wilson, C. L. and Sirohey, S. (1995),Human and Machine Recognition of Faces: ASurvey, in Proceedings of IEEE, Vol. 83,No. 5, 705-740.Pentland, A. P. (1996), Smart Rooms, ScientificAmerican, Vol. 274, No. 4, 68-76.Hampshire, J. B. and Waibel, A. (1992), The Meta-Pi Network: Building Distributed KnowledgeRepresentations for Robust Multisource PatternRecognition, IEEE Transactions on PatternAnalysis and Machine Intelligence, Vol. 14,No. 7, 751-769 .Greenspan, H., Goodman, R. and Chellappa, R.(1991), Texture Analysis via Unsupervised andSupervised Learning, in Proceedings of theInternational Joint Conference on NeuralNetworks (IJCNN), Vol. 1, 639-644.Gutta, S. and Wechsler, H. (1995), Face RecognitionUsing Hybrid Classifiers, Pattern Recognition,(to appear).Quinlan, J.R. (1986), The Effect of Noise onConcept Learning, in Machine Learning: anArtificial Intelligence Approach 2, R.S.Michalski, J.G. Carbonell, and T.M. Mitchell(Eds.), 149-166, Morgan Kaufmann.Imam, I. F. and Michalski, R. S. (1993), LearningDecision Trees from Decision Rules: A Methodand Initial Results from a Comparative Study,Journal of Intelligent Information Systems(JIIS), Vol. 2, No. 3, 279-304.Robertson, G. and Craw, I. (1994), Testing FaceRecognition Systems, Image and VisionComputing, Vol. 19, 609-614.Acknowledgements: This work was partlysupported by the US Army Research Lab undercontract DAAL01-93-K-0099.