AbstractThe performance of a local feature based system, usingGabor-filters, and a global template matching baseds y s t e m , u s i n g a c o m b i n a t i o n o f P C A ( P r i n c i p a l C o m p o n e n t A n a l y s i s ) a n d L D A ( L i n e a r D i s c r i m i n a n t Analysis) was correlated with human performance on arecognition task involving 32 face images. Both systemsshowed qualitative similarities to human performance inthat all but one of the calculated correlation coefficientswere very or moderately high. The Gabor-filter modelseemed to capture human performance better than thePCA-LDA model since the coefficients for this model werehigher for all examined conditions. These results indicatethat the preservation of local feature based representationmight be necessary to achieve recognition performancesimilar to that of humans.1. IntroductionIn recent years several artificial systems based on avariety of computational principles have been developedfor the recognition of face images. According to one typeo f c a t e g o r i z a t i o n f a c e r e c o g n i t i o n s y s t e m s c o u l d b e classified as belonging to one of two major types: holistictemplate matching based systems and geometrical localfeature based systems [2]. In this paper we will correlatethe performance of a representative of each of thesesystem types with human performance.Benchmark tests like the ones administered by theArmy Research Laboratory, called the FERET test, aree x t r e m e l y h e l p f u l f o r a n u n b i a s e d c o m p a r i s o n o f performance of artificial face recognition systems [5].However, one might argue that the ultimate test of ana r t i f i c i a l f a c e r e c o g n i t i o n s y s t e m i s t o c o m p a r e i t s performance, preferably quantitatively and qualitatively aswell, to the best system there is which would of course bethat of humans. To make such a comparison a simple testo f r e c o g n i z i n g 3 2 f a c e i m a g e s w a s d e s i g n e d a n d administered to both humans and to the models. In thefollowing the procedure for collecting psychophysical datawill be described and then the two recognition systems andtheir performance will be discussed.2. Psychophysical studyTwo pictures of 16 individuals, one taken with neutraland one with angry expression, were used as stimuli in thisexperiment. Everything outside the face was blocked outby an oval area in order to eliminate the effect of hair andbackground (Figure 1). 64 subjects performed a sequentialmatching task on a pair of faces in which they had to judgewhether the two sequentially presented images were of thesame or different individuals. They were instructed toignore differences in the expression of the faces. Thestimulus sequence was the following: first a bull’s eye waspresented for 500 msec followed by the first face presentedfor 150 msec. After the first face a mask was presented for500 msec, followed by a 150 msec presentation of thesecond face. Following the second face a second mask waspresented for 500 msec as illustrated on Figure 1. Thelocation of the second face on the monitor was randomizedin order to eliminate iconic memory effects. Each subjectperformed 544 comparisons half of which were ’same’ trialsand the other half were ’different’ trials. Subjects wereinstructed to ignore the intervening mask and to respond asquickly and as accurately as possible by pressing a ’same’ or’different’ microswitch key after the presentation of thesecond face. The reaction time and error rate of thesubjects was recorded. *Hedco Neuroscience Bldg., University of Southern California, Los Angeles, CA 90089+Center for Automation Research, University of Maryland, College Park, MD 20742–EYEmatic Interfaces Inc., 2803 Colorado Avenue,Santa Monica, CA 90404kalocsai@selforg.usc.edu, wyzhao@cfar.umd.edu, elagin@selforg.usc.edu

3. Brief description of the systemsIn the following the two face recognition models whichparticipated in the analysis, the Gabor-filter model and thePCA-LDA model will be described.3.1. Gabor-filter based systemOne of the systems which was tested on the sameimage-set that was used in the psychophysical experimentwas the one proposed by von der Malsburg and hiscolleges [4]. This system represents faces as convolutionresults of a face image with a bank of multiscale andmultiorientation kernels at different locations on theimage. The locations for filtering were at the vertices of a9 x 7 lattice which covered the face. At each of theselocations the images were convolved with 40 Gabor-filters (8 orientations x 5 scales). The convolution of theimage

I( r x)

, with a bank of Gabor-filters is expressed as

(WI)( r

k, r x 0 ) = ψ^r

k∫^( r x 0 − r x)I( r x)d 2 x = ψ^r k * I.

(1)The filters form a self-similar family of Gabor functionswhich are also known under the name of "Morletwavelets" in the literature and have the general form

ψ r_k (rx) = ck,σ exp − rk_2 rx_2 2σ^2 exp j rkrx ( ).

(2)Where

ck,σ

is a constant and

rk

controls the size of theGaussian window and the frequency and orientation of thekernel. The constant parameter

σ

assures that the ratio ofthe wavelength and the window size is such that in all casesthe shape of the Gabor kernels are similar, and resemble thesimple cell receptive field profiles found in V1 [3]. To givean idea of how this system performs on pairs of face imagesfour different-individual pairs are compared on Figure 2with the lattice positioned over the faces. The referenceimage is on the left side and test image is on the right. Twopairs are presented with angry expression in the upper halfand two pairs with neutral expression in the lower half(Figure 2). Form top to bottom the respective similarityvalues for the two images are 93, 88, 92, 86 where 100would indicate a perfect match.3.2. Principal Component AnalysisAlthough both LDA and PCA have been suggested forface recognition before [6], there are some indications thatthe combination of the two methods might result in asuperior performance. One serious drawback of LDA isthat it is very much tuned to the specific training set. Acompletely new test-set could cause serious problems for a

criterion then recognition is performed on this classificationspace.

y = ϕ x

(3)

z = WyTy

(4)where

ϕ

is the PCA transform and

Wy

is the best lineartransform on PCA feature space. After this theclassification is performed on the classification space basedon a distance measure criterion. For a more detaileddiscussion the reader is referred to [7].4. Analysis and resultsAfter all the human and model data have been collecteda separate analysis of ’different’ and ’same’ trials wascarried out. A ’different’ trial would show similaritybetween faces of two different individuals. In this analysisonly matches with the same facial expression (neutral orangry) were considered since we were interested inperformance difference caused by differences in identity.’Same’ trials refer to two images of the same individual,but with different expressions. Quite the contrary to whatwe had for different trials, for same trials only image pairswith different expressions were analyzed since matching animage with itself would always provide a perfect match.The results can be seen on Figure 3-6 and Table 1. TheGabor-filter based system correlated very highly (r = .91)with human error on different trials. It also correlatedhighly, but negatively with error for same trials (r = -.79).One might expect such a change of sign because for ’same’trials higher similarity would make it easier to recognizethat the two images belong to the same individual. In otherwords human subjects would make less mistake on highlysimilar same-pairs. For the PCA-DLA method we receivedsimilar, but somewhat lower correlations. For differenttrials the correlation was r = .45 and for same trials it was r= -.43. For reaction time all the correlations were lowerfor both model types, but they still followed the generalpattern that was observed for error rates.GaborPCA-DLADifferent trialsError.91.45RT.73.33Same trialsError-.79-.43RT-.21.06Table 1. Correlation coefficients between the twomodels and human data.

051015202530354045848586878889

00.10.20.30.40.50.60.70.80.9

Error Percentage (%)Similarity Value (1 = Identical)r = .45Figure 4. Correlation of the PCA-LDA model withhuman error on different trials.The only exception to this rule was the correlation betweenhuman RTs and the PCA-LDA model on same trials, whichwas not negative as one might have expected it.5. ConclusionsThe performance of a local feature based (Gabor filter)and a global template matching based (PCA-DLA) methodwas correlated to human performance on a face recognition

1520253035404550558889909192939495

Error Percentage (%)Similarity Value (100 = Identical)

0.70.80.9

Error Percentage (%)Similarity Value (1 = Identical)r = -.43Figure 6. Correlation of the PCA-LDA model withhuman error on same trials.task. Both systems showed relatively high correlationsespecially with human error, although in absolute value thecorrelation coefficients were higher for the Gabor-filterbased method for all conditions. This higher correlationmight indicate that the preservation of local features isnecessary for human-like face recognition. In general, onecould argue that to the degree that these model’sperformance correlates with that of human subjects theirrepresentation also spans a similar face space. From theobtained correlation values it is likely that a local featurebased representation is closer to the representationemployed by the human visual system for faces than arepresentation based on global template matching.6. Future plansThe study at this stage provides a quantitativecomparison of the performance of two face recognitionsystems based on two different principles. Certainly, therehave been numerous other methods suggested for this task.Due to time and space limitations we are not able to reviewall of them here, although a separate analysis of LDA(Linear Discriminant Analysis), LFA (Local FeatureAnalysis) and also ICA (Independent Component Analysis)[1] methods is currently under way.AcknowledgmentsThe authors wish to thank Irving Biederman for hissupport and invaluable help related to this project. Thisresearch was supported by ARO NVESD grant DAAH04-94-G-0065.References[1] A. J. Bell and T. J. Sejnowski. Edges are the ’independentcomponents’ of natural scenes. Advances in Neural InformationProcessing Systems 9, MIT Press.[2] R. Chellappa, C. L. Wilson and S. Sirohey. Human andMachine Recognition of Faces. A survey. Proceedings of theIEEE, Vol. 83:705-740, 1995.[3] R. L. DeValois and K. K. DeValois. Spatial vision.Oxford Press, 1988.[4] M. Lades, J. C. Vortbr�ggen, J. Buhmann J. Lange, C. von derMalsburg, R. P. W�rtz, and W. Konen. Distortion Invariant ObjectRecognition in the Dynamic Link Architecture. IEEETransactions on Computers, 42:300-311, 1993.[5] P. J. Phillips, H. Moon, P. Rauss, and S. A. Rizvi. The FERETEvaluation Methodology for Face-Recognition Algorithms.Proceedings of Computer Vision and Pattern Recognition, PuertoRico, 137-143, 1997.[6] M. Turk and A. Pentland. Eigenfaces for Recognition. Journalof Cognitive Neuroscience, Vol. 3:72-86, 1991.[7] W. Zhao, R Chellappa and A. Krishnaswamy. DiscriminantAnalysis of Principal Components foe Face Recognition.Submitted to FG’98.