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2 FACE RECOGNITION USING THE NEAREST FEATURE LINE METHODI. IntrodutionA. MotivationFae reognition has a wide range of appliations suh as identity authentiation, aess ontrol,and surveillane. Interest and researh ativities in fae reognition have inreased signi�antlyover the past few years [1℄, [2℄, [3℄. A apable fae reognition system should be able to deal withvariations of fae images in viewpoint, illumination, and expression. However, \the variationsbetween the images of the same fae due to illumination and viewing diretion are almost alwayslarger than image variations due to hange in fae identity" [4℄. This makes fae reognition agreat hallenge. Two issues are entral: (i) what features to use to represent a fae, and (ii) howto lassify a new fae image based on the hosen representation.In geometri feature-based methods [5℄, [1℄, [6℄, faial features suh as eyes, nose, mouth,and hin are deteted. Properties and relations (e.g. areas, distanes, angles) between thefeatures are used as the desriptors of faes for reognition. Although eonomial and eÆientin ahieving data redution and insensitive to variations in illumination and viewpoint, suhfeatures rely heavily on the extration of faial features. Unfortunately, faial feature detetionand measurement tehniques developed to date have not been reliable enough to ater to thisneed [7℄.In ontrast, template mathing and neural methods [2℄, [3℄ generally operate diretly on animage-based representation (i.e. pixel intensity array). Beause the detetion and measurementof faial features are not required, this lass of methods have been more pratial and reliableas ompared to geometri feature-based methods. Among various neural approahes, the onvo-lutional neural networks (CNN) [8℄ is a hybrid approah whih ombines loal image sampling,a self-organizing map neural network, and a onvolutional neural network. It has ahieved thelowest error rate reported to date for the ORL database of Cambridge.A suessful example of fae reognition using template mathing is that based on the eigenfaerepresentation [9℄. There, a fae spae is onstruted or spanned by a number of eigenfaes [10℄derived from a set of training fae images by using Karhunen-Loeve transform or the prinipalomponent analysis (PCA) [11℄. Every prototype fae image in the database is represented as afeature point, i.e. a vetor of weights, in the spae and so is the query fae image.The nearest neighbor (NN) is a simple yet most popular method for lassi�ation. In theNN based lassi�ation, the representational apaity of a fae database and the error rate



IEEE TRANSACTIONS ON NEURAL NETWORKS, 10(2), MARCH, 1999. PP.439-443 3depends on how the prototypes are hosen to aount for possible variations and also how manyprototypes are available. However, it is impratial to exhaust all possibilities { there are anin�nite number of them. In pratie, only a small number of them are available for a fae lass,typially from one to about a dozen. It is desirable to have a suÆiently large number of featurepoints stored to aount for as many variations as possible. We want to �nd a way to generalizethe representational apaity of available prototype images.B. Overview of Present WorkIn this paper, we propose a novel method, alled the nearest feature line (NFL), for faereognition. The basi assumption is that at least two distint prototype feature points areavailable for eah lass, whih is usually satis�ed. In a feature spae, whih is an eigenfae spaein this study, the NFL method uses a linear model to interpolate and extrapolate eah pair ofprototype feature points belonging to the same lass. More spei�ally, the two prototype featurepoints are generalized by the feature line (FL) whih is the line passing through the two points.The FL approximates variants of the two prototypes under variations in pose, illumination andexpression, i.e. possible fae images derived from the two. It virtually provides an in�nite numberof prototype feature points of the lass. The apaity of the prototype set is thus expanded. Thelassi�ation is done by using the minimum distane between the feature point of the query andthe FLs. The lassi�ation result also provides a quantitative position number as a by-produtwhih an be used to indiate the relative hange (in pose, illumination and expression) betweenthe query fae and the two assoiated faes.Two sets of experiments are presented to demonstrate advantages of the NFL. The �rst om-pares the NFL with the standard Eigenfae method of Turk and Pentland [9℄, the latter usingthe nearest enter (NC) riterion. A ompound data set from �ve databases is used: Cambridge,Bern, Yale, Harvard and our own (see http://markov.eee.ntu.a.sg:8000/~szli/demos.htmlfor demos of our approah and omparisons). The NFL error rate is about 43.7%-65.4% of thatof the standard Eigenfae method. The seond set ompares the NFL with CNN [8℄, using theORL database of Cambridge, the latter work having been reported as yielding the lowest errorrate for that database. The result shows that the NFL error rate is about 81% of the CNN errorrate.



4 FACE RECOGNITION USING THE NEAREST FEATURE LINE METHODC. Related WorkThe NFL has a lose relationship with the linear ombination approah [12℄, the latter beinga shape-based approah for reognizing 3D objets from 2D images. It makes use of a linearombination of two prototypes in a feature spae, whereas in [12℄ a 3D objet is represented by alinear ombination of 2D boundary maps of the objet and the knowledge of imaging parametersis not required. An objet in the image is lassi�ed as belonging to a prototype model objet ifit an be expressed as a linear ombination of the views of the objet for some set of oeÆients.A theory of view-based objet reognition is presented in [13℄. It is based on the observationthat the views of a shape-based 3D rigid objet undergoing transformation suh as rotation residein a smooth low-dimensional manifold embedded in the spae of oordinates of points attahedto the objet; and for the objet, there exists a smooth transformation funtion whih an mapany perspetive view into another view of the objet. Further, it is also demonstrated that thistransformation funtion an be approximated from a small number of views of the objet. Thetheory is further demonstrated in [14℄ on a variety of objets, and its appliation is extendedfrom reognition to ategorization. However, objet reognition in those studies is based onshape information alone; variations in illumination and texture of objets and non-rigid shapehanges, ruial issues for fae reognition, are not dealt with.In [15℄, a tehnique is presented to synthesize a new image of an objet from a single 2Dview of the objet using a linear ombination of images of prototype objets of the same lass,provided that the objet belongs to linear objet lasses. This approah avoids the use of 3Dmodels for the view synthesis and is apable of generating a new view of a 3D objet from asingle 2D view of the objet, using both shape and texture information. The tehnique requiresorrespondene between all feature points of prototype images and between the new image andone of the prototypes.It is proven in [16℄ that with ideal point light soures, the brightness of a new image at apoint an be expressed as a linear ombination of the brightness of three prototype images atthe orresponding point, when the viewpoint is �xed and the images are subjet to variationsin illumination only. This suggests that variations in illumination an be ompensated for priorto reognition, by �nding the underlying linear ombination aording to the brightness at theorresponding point in the images, expressing the new image as the linear ombination of thethree images, and then mathing along all the non-shadowed orresponding points.



IEEE TRANSACTIONS ON NEURAL NETWORKS, 10(2), MARCH, 1999. PP.439-443 5The feature line an be onsidered as a simpler version of the spline type manifold of theparametri appearane representation [17℄. There, the appearane manifold of an objet isonstruted from images of the objet taken on a turnable (parameterized by a single parameter)under arefully ontrolled lighting (parameterized by another single parameter). However, suhstritly ontrolled onditions are diÆult to meet in aquiring fae images. The NFL provides asimple yet useful solution.II. The Nearest Feature Line MethodThe NFL assumes that at least two prototype feature points are available for eah lass, whihis usually satis�ed. It attempts to generalize the representational apaity of available prototypesto ope with various hanges by using linear interpolation and extrapolation between the featurepoints. In the following, we de�ne a new distane measure that will be used in the NFL anddesribe NFL-based lassi�ation.Eigenfaes [9℄ are used in the following as the start-point representation. We will not beaddressing the issue of optimizing the seletion of eigenfaes (In [18℄, it is pointed out that the bestinformation for faes reognition is not ontained in eigenvetors with relatively large eigenvaluesbut in those with relatively small eigenvalues [18℄). Rather, we fous on the issue of lassi�ationmethods and apply the NFL lassi�ation on the onventional eigenfae representation.A. The Feature Line DistaneConsider a variation in the image spae from point z1 to z2 and the inurred variation in thefeature spae (whih is an eigenfae spae, f. Appendix, in this work) from x1 to x2. The degreeof the hange may be measured by Æz = kz2 � z1k or Æx = kx2 � x1k. When Æz ! 0 and thusÆx ! 0, the lous of x due to the hange an be approximated well enough by a straight linesegment between x1 and x2. Thus any hange between the two an be interpolated by a pointon the line. A further small hange beyond x2 an be extrapolated using the linear model.The straight line passing through x1 and x2 of the same lass, denoted x1x2, is alled a featureline (FL) of that lass. The query feature point x is projeted onto an FL as point p (Fig.1).The FL distane between x to x1x2 is de�ned asd(x;x1x2) = kx� pk (1)where k � k is some norm.
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xFig. 1. Generalizing two prototype feature points x1 and x2 by the feature line x1x2. The feature pointx of a query fae is projeted onto the line as point p.The projetion point an be omputed as p = x1+�(x2�x1) where � 2 R, alled the positionparameter an be alulated from x;x1 and x2 as follows: Beause px is perpendiular to x2x1,we have (p � x) � (x2 � x1) = [x1 + �(x2 � x1) � x℄ � (x2 � x1) = 0 where \�" stands for dotprodut, and thus � = (x�x1)�(x2�x1)(x2�x1)�(x2�x1) . The parameter � desribes the position of p relative tox1 and x2. When � = 0, p = x1. When � = 1, p = x2. When 0 < � < 1, p is an interpolatingpoint between x1 and x2. When � > 1, p is a forward extrapolating point on the x2 side. When� < 0, p is a bakward extrapolating point on the x1 side.The FL provides information about linear variants of the two prototypes, i.e. possible faeimages derived from the two, and virtually provides an in�nite number of prototype featurepoints of the lass that the two prototypes belong to. The apaity of the prototype set is thusexpanded. Assuming that there are N > 1 prototype feature points available for lass , anumber of K = N(N�1)2 lines an be onstruted to represent the lass. For example, N = 5feature points are expanded by their K = 10 feature lines. The total number of feature lines fora number of M lasses is Ntotal =PM=1K.The lous of the feature point of a fae image under a pereivable variation in viewpoint,illumination or expression, whih is highly nononvex and omplex [19℄, an hardly be preiselydesribed by a straight line in the feature spae. To obtain a more aurate desription of thevariations, one may suggest that a higher order urve, suh as splines [17℄, be used. This requires(i) that there should be at least three prototype points for every lass, and (ii) that these pointsshould be ordered to aount for relative variations desribed by only one parameter. For thefae reognition, requirement (ii) is diÆult to meet; this is beause the parameters desribingvariations in viewpoint, illumination and faial expression, if known, are not easily separablefor fae images taken live and hene the feature points annot be ordered in terms of a single



IEEE TRANSACTIONS ON NEURAL NETWORKS, 10(2), MARCH, 1999. PP.439-443 7parameter as in [17℄. However, the FL presentation turns out to be quite suÆient for thelassi�ation purpose when used with the NFL riterion to be desribed in the following.B. NFL-Based Classi�ationLet xi and xj be two distint prototype feature points belonging to lass . The FL distanebetween x of the query and eah feature line xixj is alulated for eah lass , and eah pairi 6= j. This yields a number of Ntotal distanes. The distanes are sorted in asending order,eah being assoiated with a lass identi�er, two prototypes and the orresponding � value. TheNFL distane is the �rst rank distaned(x;x�i�x�j�) = min1��M min1�i<j�N d(x;xixj) (2)The �rst rank gives the NFL lassi�ation omposed of the best mathed lass � and the twobest mathed prototypes i� and j� of the lass.The position parameter �� of the �rst rank math, whih indiates the position of the projetionp of the query relative to x�i� and x�j� , an be used to infer the relative position of x, as will beillustrated in experiments. III. Experimental ResultsTwo sets of experiments are presented to ompare our method with the standard eigenfaemethod of Turk and Pentland [9℄ and with the onvolutional neural network (CNN) approah[8℄, both in terms of the error rate. Demonstrations of NFL and omparisons with various lassi-�ation methods an be aessed at http://markov.eee.ntu.a.sg:8000/~szli/demos.html.A. Comparison with Standard Eigenfae MethodA ompound data set of 1079 fae images of 137 persons is used in this experiment. It isomposed of �ve databases:1. The Cambridge (ORL) database ontains 40 distint persons, eah person having 10 di�er-ent images, taken at di�erent times, varying lighting slightly, faial expressions (open/losed eyes,smiling/non-smiling) and faial details (glasses/no-glasses). All the images are taken against adark homogeneous bakground and the persons are in up-right, frontal position (with toleranefor some side movement).2. The Bern database ontains frontal views of 30 persons, eah person having 10 images with
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Fig. 2. Comparison of error rates obtained with test sheme 1 (left) and sheme 2.slight variations in the head positions (1 and 2 right into the amera, 3 and 4 looking to theright, 5 and 6 looking to the left, 7 and 8 downwards, 9 and 10 upwards).3. The Yale database ontains 15 persons. For eah person, 10 of its 11 frontal view imagesare randomly seleted. The images are taken under ten di�erent onditions: a normal imageunder ambient lighting, one with or without glasses, three images taken with di�erent point lightsoures, and �ve di�erent faial expression.4. 5 persons are seleted from the Harvard database, eah person having 10 images whih aresubjet to heavy variations in lighting in whih the longitudinal and latitudinal angles of lightsoure diretion reah up to 90Æ.5. Sine most images in the above databases are from Cauasians, we have onstruted adatabase of our own, whih is omposed of 179 frontal views of 47 Chinese students, eah per-son having 3 or 4 images, taken at di�erent faial expression, view points and faial details(glasses/no-glasses).A subset of the ompound data set is used as the training set for omputing the eigenfaes. Itis omposed of 544 images: 5 images per person are randomly hosen from the Cambridge, Bern,Yale and Harvard databases, 2 images per person are randomly hosen from our own database.Two test shemes are designed to ompare the error rate. In Sheme 1, the query set isomposed of the 535 images that are not used for the training (the ompound data set minus thetraining set). Sheme 2 takes all the 1079 images as the query set; however, when an image isused as the query, it is not used as a prototype, i.e. it is removed from the prototype set, duringthe lassi�ation.



IEEE TRANSACTIONS ON NEURAL NETWORKS, 10(2), MARCH, 1999. PP.439-443 9The error rates as funtions of the number of eigenfaes are given in Fig.2. Using test sheme1, the error rate of the proposed method is between 55.6% and 65.4% of that of the standardmethod. Using test sheme 2, it is between 43.7% to 48.3% of that.The omplexity of our method is N(N � 1), whih is 20 for N = 5, times that of [9℄.Nonetheless, it takes only less than 0.1 seond to reognize a fae on an HP-9000/770 workstationwhen 40 eigenfaes is used.B. Comparison with Convolutional Neural NetworkThis experiment ompares the NFL with the CNN [8℄ using the ORL fae database of Cam-bridge, CNN having been reported previously as yielding the lowest error rate for that database.The training set and query set are derived in the same way as in [8℄: The 10 images of eah ofthe 40 persons is randomly partitioned into two sets, resulting in 200 training images and 200test images, with no overlapping between the two. The NFL error rate is the average of the errorrates obtained by 4 runs (the CNN error rate given in [8℄ is the average of 3 runs [20℄), eah runbeing performed on a random partition of the database into two sets. The NFL error rate with40 eigenfaes is 3.125% whereas the CNN error rate is 3.83%. The former is about 81% of thelatter and hene the proposed NFL approah updates the reord of the lowest error rate.C. Examples of Reognition ResultsSome results of reognition under variations in viewpoint, illumination, and expression areshown in Figs.3{5. On the left of eah �gure is the query fae, with feature point x, and theother two are the two best retrieved faes, with feature points x1 and x2 respetively. Everyresult is aompanied by the value of the position parameter �, whih indiates how x is projetedonto x1x2 as p = x1 + �(x2 � x1). The aption illustrates how the parameter an be used toinfer the position of x relative to x1 and x2, interpolating or extrapolating.IV. ConlusionsWe have proposed a new method alled the nearest feature line (NFL) for fae reognition.The NFL is appliable where there are at least two prototypes for eah lass. The error rate ofthe proposed method is 43.7%-65.4% of that of the standard eigenfae method [9℄. The NFLwith 40 eigenfaes has ahieved the lowest error rate of 3.125% reported to date for the ORLdatabase. The improvement is due to the feature lines' ability to expand the representational



10 FACE RECOGNITION USING THE NEAREST FEATURE LINE METHOD
            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Fig. 3. Faes under viewpoint variations. The query fae (left) is at a enter angle relative to the two bestreognized faes whih are at right and left angles, respetively. The position parameter is alulatedas � = 0:234, suggesting that the query fae is an interpolation of the two best reognized faes.
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Fig. 4. Faes under illumination variations. The query fae (left) is illuminated by a right light asompared to the two best reognized faes whih are illuminated by left and enter lights, respetively.The position parameter is alulated as � = 1:138, suggesting that the query fae is a forwardextrapolation of the two best reognized faes.apaity of available feature points, and to aount for new onditions not represented by originalprototype fae images.The NFL turns out to be a general pattern reognition method, regardless of representations,appliable when there are at least two prototypes per lass. Our reent researh shows that theNFL outperforms the NN also in other appliations suh as image, texture and audio lassi�ationand retrieval where the representations are totally di�erent from one another (unpublished, seeour demo page). We are beginning to develop a theory to justify the NFL onept.Appendix. Eigenfae FeaturesThe eigenfaes are a set of orthonormal basis vetors omputed from a olletion of trainingfae images. They provide a basis of low dimensional representation of the fae images and areoptimal in the sense of minimum mean-square error [10℄, [9℄. Denote the training set of N faeimages by fz1; z2; : : : ; zNg. The PCA is applied to the set of training images to �nd the Neigenvetors of the ovariane matrix 1N PNn=1(zn � �z)(zn � �z)T where �z = 1N PNn=1 zn is theaverage of the ensemble. The eigenvalues of the ovariane matrix are alulated.Let �k be the eigenvetor orresponding to the k-th largest eigenvalue. The �rst N 0 (� N)orthonormal vetors �1; : : : ; �N 0 form a basis of an eigenfae spae. In [9℄, it was found that
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