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Face Recognition Using the Nearest Feature Line Method

Stan Z. Li and Juwei Lu

Abstract—In this paper, we propose a novel classification achieved the lowest error rate reported to date for the ORL
method, called the nearest feature line (NFL), for face recognition. database of Cambridge.
Any two feature points of the same class (person) are generalized e ;
by the feature line (FL) passing through the two points. The A sgccgssful example of face _recognltlon using template
derived FL can capture more variations of face images than the matching is that bas_ed on the eigenface representation [9].
original points and thus expands the capacity of the available There, a face space is constructed or spanned by a number of
database. The classification is based on the nearest distanceeigenfaces [10] derived from a set of training face images by

gotmbthe qliﬁfy ’f\leI?IEUfe pointtto _eachb Fl? Xgit; g;g(‘;bir}e?hficef using Karhunen—Loeve transform or the principal component

atabase, e error rate IS abou .[—00.4% O at o H H H _

the standard eigenface method. Moreover, the NFL achieves the Egzgisslsrégriéér%:(]j. aESV:r]ye E{S:gtggﬁnfaicg ":?/zitg:‘ g:‘?/v(i?gt]zts

lowest error rate reported to date for the ORL face database. : " v '
in the space and so is the query face image.

The nearest neighbor (NN) is a simple yet most popular
method for classification. In the NN-based classification, the
representational capacity of a face database and the error rate
I. INTRODUCTION depends on how the prototypes are chosen to account for pos-

ACE recognition has a wide range of applications such Si!€ variations and also how many prototypes are available.

identity authentication, access control, and surveillandg®WeVer, it is impractical to exhaust all possibilities—there
Interest and research activities in face recognition have @€ an infinitt number of them. In practice, only a small
creased significantly over the past few years. A capable fddamber of them are available for a face class, typically from

recognition system should be able to deal with variatiofd!€ 0 about a dozen. It is desirable to have a sufficiently
darge number of feature points stored to account for as many

of face images in viewpoint, illumination, and expression® v~ | - : >
However, “the variations between the images of the same fa@liations as possible. We want to find a way to generalize the

due to illumination and viewing direction are almost alwaytEPresentational capacity of available prototype images.
larger than image variations due to change in face identity”
[4]. This makes face recognition a great challenge. Two issuls Overview of Present Work
are central: 1) what features to use to represent a face ang, this paper, we propose a novel method, called the
2) how to classify a new face image based on the chosggarest feature line (NFL), for face recognition. The basic
representation. _assumption is that at least two distinct prototype feature points
In geometric feature-based methods [1], [S], [6], facigdre available for each class, which is usually satisfied. In a
features such as eyes, nose, mouth, and chin are detegiggkyre space, which is an eigenface space in this study, the
Properties and relations (e.g., areas, distances, angles) betw@en method uses a linear model to interpolate and extrapolate
the features are used as the descriptors of faces for recognitigg.p, pair of prototype feature points belonging to the same
Although economical and efficient in achieving data reductiqf)zss. More specifically, the two prototype feature points are
and insensitive to variations in illumination and VieWpOimgeneraIized by the feature line (FL) which is the line passing
such features rely heavily on the extraction of facial featurqqs,rough the two points. The FL approximates variants of the
Unfortunately, facial feature detection and measurement tegly, prototypes under variations in pose, illumination, and
niques developed to date have not been reliable enoughgi@yression, i.e., possible face images derived from the two.
cater to this need [7]. _ It virtually provides an infinite number of prototype feature
In contrast, template matching and neural methods [2], [3bints of the class. The capacity of the prototype set is thus
generally operate directly on an image-based representatigiyanded. The classification is done by using the minimum
(i.e., pixel intensity array). Because the detection and measUj@stance between the feature point of the query and the FL'’s.
ment of facial features are not required, this class of methoglge classification result also provides a quantitative position
has been more practical and reliable_z as compared to geomel{ignber as a byproduct which can be used to indicate the
feature-based methods. Among various neural approaches, fligtive change (in pose, illumination, and expression) between
convolutional neural network (CNN) [8] is a hybrid approacky,e query face and the two associated faces.
which combines local image sampling, a self-organizing mapTyo sets of experiments are presented to demonstrate
neural network, and a convolutional neural network. It ha&‘:dvantages of the NFL. The first compares the NFL
with the standard eigenface method of Turk and Pentland
Manuscript received March 19, 1998; revised November 10, 1998. [9], the latter using the nearest center (NC) criterion.
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http://markov.eee.ntu.ac.sg:8000/"szli/demos.html for demos x
of our approach and comparisons). The NFL error rate is
about 43.7-65.4% of that of the standard eigenface method.
The second set compares the NFL with CNN [8], using the
ORL database of Cambridge, the latter work having been
reported as yielding the lowest error rate for that database. P 2

X

The result shows that the NFL error rate is about 81% of 1

the CNN error rate. Fig. 1. Generalizing two prototype feature poiats andz2 by the feature
line z1z3. The feature poink of a query face is projected onto the line as
B. Related Work point p.

The NFL has a close relationship with the linear combina-

tion approach [12], the latter being a shape-based approachrhe feature line can be considered as a simpler version
for recognizing three-dimensional (3-D) objects from twoof the spline type manifold of the parametric appearance
dimensional (2-D) images. It makes use of a linear comliepresentation [17]. There, the appearance manifold of an
nation of two prototypes in a feature space, whereas in [1ghject is constructed from images of the object taken on a
a 3-D object is represented by a linear combination of 2-rnable (parameterized by a single parameter) under carefully
boundary maps of the object and the knowledge of imagir@ntrolled lighting (parameterized by another single parame-
parameters is not required. An object in the image is classifigg). However, such strictly controlled conditions are difficult
as belonging to a prototype model object if it can be expressgfmeet in acquiring face images. The NFL provides a simple
as a linear combination of the views of the object for somgst useful solution.

set of coefficients.

A theory of view-based object recognition is presented
in [13]. It is based on the observation that the views of
a shape-based 3-D rigid object undergoing transformationThe NFL assumes that at least two prototype feature points
such as rotation reside in a smooth low-dimensional manifofde available for each class, which is usually satisfied. It
embedded in the space of coordinates of points attached to @ti@mpts to generalize the representational capacity of avail-
object; and for the object, there exists a smooth transformatidhle prototypes to cope with various changes by using linear
function which can map any perspective view into anoth&tterpolation and extrapolation between the feature points. In
view of the object. Further, it is also demonstrated that thige following, we define a new distance measure that will be
transformation function can be approximated from a smalbed in the NFL and describe NFL-based classification.
number of views of the object. The theory is further demon- Eigenfaces [9] are used in the following as the start-
strated in [14] on a variety of objects, and its application #oint representation. We will not be addressing the issue of
extended from recognition to categorization. However, obje@ptimizing the selection of eigenfaces (in [18], it is pointed
recognition in those studies is based on shape informatiott that the best information for faces recognition is not
alone; variations in illumination and texture of objects angontained in eigenvectors with relatively large eigenvalues
nonrigid shape changes, crucial issues for face recognitiit in those with relatively small eigenvalues). Rather, we
are not dealt with. focus on the issue of classification methods and apply the NFL

In [15], a technique is presented to synthesize a new imagjssification on the conventional eigenface representation.
of an object from a single 2-D view of the object using a linear
combination of images of prototype objects of the same clags, The Feature Line Distance
provided that the object belongs linear object classesThis _Consider a variation in the image space from paintto

approach avoids the use of 3-D models for the view synthe%sand the incurred variation in the feature space (which is an

and is capable of generating a new view of a 3-D object fro@?genface space, cf. Appendix, in this work) frae to z».

a single 2-D view of the object, using both shape and textug degree of the change may be measuredtby [|z2 — 2. |

information. The technique requires correspondence betwecﬁr&c = |2 —1]|. Whensz — 0 and thussz — 0, the locus

all feature points of prototype images and between the NeW . 4 e to the change can be approximated well enough by
|mage and ong of the protqtyp_es. L a straight line segment between andz,. Thus any change
It is proven in [16] that with ideal point light sources, thg,oyyeen the two can be interpolated by a point on the line.

brightness of a new image at a point can be expressed ag fyrther small change beyong, can be extrapolated using
linear combination of the brightness of three prototype iMag8ss jinear model.

at the corresponding point, when the viewpoint is fixed and The straight line passing through and z» of the same

the images are subject to variations in illumination only. Thig,¢g denoted 3, is called an FL of that class. The query

suggests that variations in illumination can be compensatgd; e pointz is projected onto an FL as poipt(Fig. 1). The
for prior to recognition, by finding the underlying linear| yistancebetweenz to .75 is defined as
combination according to the brightness at the corresponding

point in the images, expressing the new image as the linear d(x, T1x2) = ||z — p|| (1)
combination of the three images, and then matching along all
the nonshadowed corresponding points. where|| - || is some norm.

Il. THE NEAREST FEATURE LINE METHOD
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The projection point can be computedes =1 +u(x2—x1) I1l. EXPERIMENTAL RESULTS
wherep € R, called the position parameter, can be calculated 1,5 sets of experiments are presented to compare our

from =, #;, andx; as follows: Becaus@g is perpendicular ethod with the standard eigenface method of Turk and
to zx1, we have(p — ) ;‘,,(:EQ — 1) = [22+ u(®2 — 1) = Ppentland [9] and with the CNN approach [8], both in terms

x] - (2 — 1) = 0 where “” stands for dot product, and thus¢ the error rate. Demonstrations of NFL and comparisons
with various classification methods can be accessed at

W= ({5_551) (@2 __5”.1)/($2 —:1:-1) “(#¢2—x1). The parametey:
describes the position gfrelative toz; andz,. Wheny =0, - //markov.eee.ntu.ac.sg:8000/"szli/demos. html.

p=2x. Whenpy =1, p = 2. When0 < < 1, pis an
interpolating point betwees; andz;. Wheny > 1, pis a
forward extrapolating point on the, side. Wheny, < 0, p is
a backward extrapolating point on the side. A compound data set of 1079 face images of 137 persons
The FL provides information about linear variants of the twis used in this experiment. It is composed of five databases:
prototypes, i.e., possible face images derived from the two,1) The Cambridge (ORL) database contains 40 distinct
and virtually provides an infinite number of prototype feature persons, each person having ten different images, taken
points of the class that the two prototypes belong to. The at different times, varying lighting slightly, facial expres-
capacity of the prototype set is thus expanded. Assuming that sions (open/closed eyes, smiling/nonsmiling), and facial
there areN. > 1 prototype feature points available for class details (glasses/no glasses). All the images are taken

A. Comparison with Standard Eigenface Method

¢, a number ofK, = N.(N. — 1)/2 lines can be constructed against a dark homogeneous background and the persons
to represent the class. For examph, = 5 feature points are are in upright, frontal position (with tolerance for some
expanded by theiK. = 10 feature lines. The total number of side movement).

feature lines for a number @ classes iV ,1a1 = Ei‘il K.. 2) The Bern database contains frontal views of 30 persons,

The locus of the feature point of a face image under a  each person having ten images with slight variations in
perceivable variation in viewpoint, illumination, or expression, the head positions (one and two right into the camera,
which is highly nonconvex and complex [19], can hardly be three and four looking to the right, five and six looking
precisely described by a straight line in the feature space. to the left, seven and eight downwards, nine and ten
To obtain a more accurate description of the variations, one  upwards).
may suggest that a higher-order curve, such as splines [17]3) The Yale database contains 15 persons. For each person,
be used. This requires 1) that there should be at least three ten of its 11 frontal view images are randomly selected.
prototype points for every class and 2) that these points should The images are taken under ten different conditions:
be ordered to account for relative variations described by only a normal image under ambient lighting, one with or
one parameter. For the face recognition, requirement 2) is  without glasses, three images taken with different point
difficult to meet; this is because the parameters describing light sources, and five different facial expressions.
variations in viewpoint, illumination, and facial expression, if 4) Five persons are selected from the Harvard database,
known, are not easily separable for face images taken live and each person having ten images which are subject to
hence the feature points cannot be ordered in terms of a single heavy variations in lighting in which the longitudinal
parameter as in [17]. However, the FL presentation turns out and latitudinal angles of light source direction reach up
to be quite sufficient for the classification purpose when used to 9C.

with the NFL criterion to be described in the following. 5) Since most images in the above databases are from
Caucasians, we have constructed a database of our own,
B. NFL-Based Classification which is composed of 179 frontal views of 47 Chinese

students, each person having three or four images taken
at different facial expression, viewpoints, and facial
details (glasses/no glasses).

Let z7 and =z be two distinct prototype feature points
belonging to clasg. The FL distance between of the query

and each feature lingSz¢ is calculated for each class and . .
J
each pairi # j. This yields a number ai,.,.; distances. The A subset of the compound data set is used as the training set

distances are sorted in ascending order, each being associ%l%/regpmpumg the eigenfaces. It is composed of 544 images:

; i o ‘flve images per person are randomly chosen from the Cam-
with a class identifier, two prototypes, and the correspondue)gi dge, Bern, Yale, and Harvard databases, and two images
i value. TheNFL distanceis the first rank distance ' ' ' '

per person are randomly chosen from our own database.

Two test schemes are designed to compare the error rate. In
scheme 1, the query set is composed of the 535 images that
are not used for the training (the compound data set minus the
The first rank gives the NFL classification composed of theaining set). Scheme 2 takes all the 1079 images as the query
best matched class and the two best matched prototypés set; however, when an image is used as the query, ribts
and j* of the class. used as a prototype, i.e., it is removed from the prototype set,

The position parameter* of the first rank match, which during the classification.
indicates the position of the projectignof the query relative  The error rates as functions of the number of eigenfaces
to x5, andx;i, can be used to infer the relative positionaf are given in Fig. 2. Using test scheme 1, the error rate of the
as will be illustrated in experiments. proposed method is between 55.6 and 65.4% of that of the

o ) = iy (R, e EE) @)
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Fig. 2. Comparison of error rates obtained with test scheme 1 (left) and scheme 2.

Fig. 3. Faces under viewpoint variations. The query face (left) is at a cenfdg. 4. Faces under illumination variations. The query face (left) is illumi-
angle relative to the two best recognized faces which are at right and leted by a right light as compared to the two best recognized faces which
angles, respectively. The position parameter is calculategt as 0.234, are illuminated by left and center lights, respectively. The position parameter
suggesting that the query face is an interpolation of the two best recognizedcalculated ag: = 1.138, suggesting that the query face is a forward
faces. extrapolation of the two best recognized faces.

standard method. Using test scheme 2, it is between 43.7 and
48.3% of that.

The complexity of our method i&/.(N,. — 1), which is 20
for N. = 5, times that of [9]. Nonetheless, it takes only less
than 0.1 s to recognize a face on an HP-9000/770 workstation
when 40 eigenfaces are used.

: ; : Fig. 5. Faces under expression variations. The position parameter is calcu-
B. Comparison with Convolutional Neural Network lated aspy = —0.519, suggesting that the query face (left) is a backward

This experiment compares the NFL with the CNN [8] usingxtrapolation of the two best recognized faces.
the ORL face database of Cambridge, CNN having been
reported previously as yielding the lowest error rate for thal the value of the position paramejgrwhich indicates how
database. The training set and query set are derived in the sanm projected ont& z; asp = 1 + (x> —x1). The caption
way as in [8]: The ten images of each of the 40 persons allestrates how the parameter can be used to infer the position
randomly partitioned into two sets, resulting in 200 trainingf x relative tox; andz-, interpolating or extrapolating.
images and 200 test images, with no overlapping between
the two. The NFL error rate is the average of the error rates IV. CONCLUSIONS

obtained by four runs (the CNN error rate.given in [8] is the We have proposed a new method called the NFL for face
average of three runs [20]), each run being performed on & ,qnition. The NFL is applicable where there are at least
random partition of the (_jatabase(z) into two sets. The NFL erpf, nrototypes for each class. The error rate of the proposed
rate with 40 eigenfaces is 3.125% whereas the CNN error raleu, o i 43 7-65.4% of that of the standard eigenface method

is 3.83%. The former is about 81% of the latter and hen . The NFL with 40 eigenfaces has achieved the lowest error
the proposed NFL approach updates the record of the lowggt o 3 1250 reported to date for the ORL database. The

error rate. improvement is due to the feature lines’ ability to expand
. the representational capacity of available feature points, and
C. Examples of Recognition Results to account for new conditions not represented by original

Some results of recognition under variations in viewpoinprototype face images.
illumination, and expression are shown in Figs. 3-5. On theThe NFL turns out to be a general pattern recognition
left of each figure is the query face, with feature painand method, regardless of representations, applicable when there
the other two are the two best retrieved faces, with featuaee at least two prototypes per class. Our recent research shows
points z; and x-, respectively. Every result is accompaniethat the NFL outperforms the NN also in other applications



IEEE TRANSACTIONS ON NEURAL NETWORKS. VOL. 10, NO. 2, MARCH 1998 443

such as image, texture, and audio classification and retrieval REFERENCES
where the representations are totally different from one an..
other (unpublished, see our demo page). We are beginning H

develop a theory to justify the NFL concept.

A. Samal and P. A. lyengar, “Automatic recognition and analysis of
human faces and facial expressions: A survejdttern Recognition,
vol. 25, pp. 65-77, 1992.

D. Valentin, H. Abdi, A. J. O. Toole, and G. W. Caottrell, “Connectionist
models of face processing: A surveypattern Recognitionvol. 27, no.

9, pp. 1209-1230, 1994.

R. Chellappa, C. L. Wilson, and S. Sirohey, “Human and machine

(2]

APPENDIX
EIGENFACE FEATURES

[3]
. ) recognition of faces: A surveyProc. IEEE,vol. 83, pp. 705-740, 1995.
The eigenfaces are a set of orthonormal basis vectors] Y. Moses, Y. Adini, and S. Ullman, “Face recognition: The problem of
Computed from a collection of training face images. They compensating for changes in illumination direction,”Rroc. European
id basis of | di . | . f the f Conf. Computer Vision1994, vol. A, pp. 286-296.
PI’OVI eabasis o _OW _|menS|ona repres_e_ntatlon of the aCS] A.J. Goldstein, L. D. Harmon, and A. B. Lesk, “Identification of human
images and are optimal in the sense of minimum mean-square faces,”Proc. IEEE, vol. 59, no. 5, pp. 748-760, May 1971.
error [9], [10]_ Denote the training set g¥ face images by [6] R. Brunelli and T. Poggio, “Face recog.nltlon: Features versus
. . . templates,”|IEEE Trans. Pattern Anal. Machine Intellyol. 15, pp.
{z1, 22, -+, zy }. The PCA is applied to the set of training  ;945>_1052 1993.
images to find thelV eigenvectors of the covariance matrix [7] 1. J. Cox, J. Ghosn, and P. N. Yianilos, “Feature-based face recognition
N > N\T 5 N ; sing mixture-distance,” irProc. IEEE Comput. Soc. Conf. Comput.
1/N zn — Z)(z, —Z)T wherez = 1/N Zy IS using P P
IN 3 nm (2n )(zn ) ; /N Xzt Zn . Vision Pattern Recognition996, pp. 209—216.
the average of the ensemble. The eigenvalues of the covariange s Lawrence, C. Lee Giles, A. C. Tsoi, and A. D. Back, “Face
matrix are calculated. recognition: A convolutional neural network approachfEE Trans.
Let ¢ be the eigenvector corresponding to tigh Neural Networksyol. 8, pp. 98-113, 1997. "
¢k. 9 .ty P 9 [9] M. A. Turk and A. P. Pentland, “Eigenfaces for recognition]”
largest eigenvalue. Thg firgy’ (SN) orthonormal vectors Cognitive Neurosciyol. 3, no. 1, pp. 71-86, Mar. 1991.
o1, -+ -, ¢ form a basis of an eigenface space. In [9], it waBO0] L. Sirovich and M. Kirby, “Low-dimensional procedure for the char-
found thatN’ = 40 is sufficient for a very good description Zitgergﬂ'c’&;’: hlugrggﬂ facesJ. Opt. Soc. Amer. Ayol. 4, no. 3, pp.
of a set of N = 115 face_ Images. _ [11] K. Fukunaga,Introduction to Statistical Pattern Recognitio@nd ed.
Eigenface-based classification is performed in two stages: Boston, MA: Academic, 1990.
1 . f . Each .. f . 12] S. Ullman and R. Basri, “Recognition by linear combinations of mod-
) _e'gen'_ eature extractlo_n. ach training face 'mage els,” IEEE Trans. Pattern Anal. Machine Intellpl. 13, pp. 992-1006,
is projected into the eigenface space as a point= 1991,
¢T(zn _ 2) where</> — [(7)17 e (/)N,], and is used as a [13] T_. Poggio and S Edelman, “A network that learns to recognize three-
feat int. Gi f . - dimensional objects,Nature,vol. 343, pp. 263—-266, 1990.
prototypg_ eature poini. iven a query 1ace Imag [14] S. Edelman and S. Duvdevani-Bar, “A model of visual recognition
be classified, its projection into the eigenface space is and categorization,” ifProc. Roy. Soc., Londor997, vol. B-352, pp.
calculated ase = ¢ (2 — 2). 1191-1202. o : _ _
T. Vetter and T. Poggio, “Linear object classes and image synthesis from

2)

Classification based on the eigenfeature vectors. THg]
simplest classification method is based on the Euclidean
distanced(z, x,) using the NN criterion. In [9], the [16]
nearest center (NC) criterion is used in which a class
is represented by the center of thg's belonging to
that class, and the classification is based on the distarit8
from x to each class center. 18]

ACKNOWLEDGMENT [19]

The authors would like to thank S. Lawrence and C. Lee
Giles for providing details of their experiments on their CNNyq;
approach.

a single example imagefEEE Trans. Pattern Anal. Machine Intell.,
vol. 19, pp. 733-742, 1997.

A. Shashua, “lllumination and view position in 3-D visual recognition,”
in Neural Inform. Processing Sysfl, Moody, S. J. Hanson, and R. L.
Lippman, Eds. San Mateo, CA: Morgan Kaufmann, vol. 4, 1992, pp.
404-411.

H. Murase and S. K. Nayar, “Visual learning and recognition of 3-D
objects from appearancdyit. J. Comput. Visioryol. 14, pp. 5-24, 1995.

A. J. O'Toole, H. Abdi, K. A. Deffenbacher, and D. Valentin, “Low-
dimensional representation of faces in higher dimensions of the face
space,”J. Opt. Soc. Amer. Ajol. 10, pp. 405-410, 1993.

M. Bichsel and A. P. Pentland, “Human face recognition and the
face image set’s topologyCVGIP: Image Understandingol. 59, pp.
254-261, 1994.

S. Lawrence and C. Lee Giles, “Convolutional neural network,” personal
communication, 1998.



