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This paper is a comparative study of three recently proposed on connectionist/neural-net techniques, where associative
algorithms for face recognition: eigenface, autoassociation memory and classification neural nets are used for face
and classification neural nets, and elastic matching. After recall, recognition, and psychology-related studies. The

these algorithms were analyzed under a common statistical d h . h is th f
decision framework, they were evaluated experimentally on four MOSt recent and comprenensive survey pernaps is that o

individual data bases, each with a moderate subject size, and a Chellappaet al. [3], which contains many of the latest
combined data base with more than a hundred different subjects. techniques, such as eigenface and elastic matching.
Analysis and experimental results indicate that the eigenface | this paper, we selected three techniques surveyed in
algorithm, which is essentially a minimum distance classifier, ' . . .
works well when lighting variation is small. Its performance [2] and [3] for comparative study and .evaluatlon, using
deteriorates significantly as lighting variation increases. The @ common face data base that contains more than 100
elastic matching algorithm, on the other hand, is insensitive to persons. The three techniques are eigenface [6], elastic
lighting, face position, and expression variations and therefore matching [9], and autoassociation and back-propagation
is more versatile. The performance of the autoassociation and neural nets [10]. These techniques are recent, have ap-
classification nets is upper bounded by that of the eigenface but f L f d ' tai
is more difficult to implement in practice. parently promising periormances, and are representative
of new trends in face recognition. For example, both
eigenface and elastic matching are presented in [3] as major
recent technigues as opposed to “earlier approaches” [3,
Section IV-C2, pp. 718-725]. All three techniques were
| INTRODUCTION reported to have recognition rates of more than 80-90%
' o ) ~ on data bases of moderate sizes (e.g., 16-50 persons).
Interest and research activities in automatic face recogni- \we pelieve this work would be a useful complement to
tion. havg increased signific.antly. over the past few years. [1]3], where the surveyed techniques were not evaluated
While this growth largely is driven by growing appli- oy 3 common data base of relatively large size. Indeed,
cation demands, such adentification for law enforce-  yhq,9h a more focused and detailed comparative study of
ment anda:juthentma_nonf_or blankmlg and se;]cquty SySte”; three important techniques, our goal is to gain more insights
accesls, a vznces ml signa anay|S|s _tec niques, sulc Afhto their underlying principles, interrelations, advantages,
wavelets and neural nets, are also important cata yStS'Iimitations, and design tradeoffs and, more generally, into

As the number of propo;ed techniques increases, SUVEYvhat the critical issues really are for an effective recognition
and evaluation becomes important. Samal and lyengar [1] algorithm

reviewed feature-based techniques, where the features are The rest of this paper is organized as follows. Section Il

related to face geometry. Valentit al. [2] is a survey provides a brief review of the three techniques and some
theoretical analysis of their strengths and limitations.
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Il. EIGENFACE, ELASTIC MATCHING, AND NEURAL NETS suppose the input face isand there ard( prestored faces

For almost all previously proposed techniques, the suc- Sk £ = 1,2,---, K. Then, one possibility is to assiga
cess of face recognition depends on the solution of two to cg, if
problems:representationand matching We now discuss

these in some detail, thereby providing a unified statistical ko =arg wmin [jx - cx] (6)

decision (pattern recognition) framework [19] for the three

techniques studied in this paper. where||-|| represents the Euclidean distancdin. If ||cy|

is normalized so thaflcy|| = ¢ for all k£, the minimum

A. Representation, Matching, and Statistical Decision distancematching in (6) simplifies t@orrelation matching
At an elementary level, the image of a face is a two-

dimensional (2-D) array of numbers, i.e., pixel gray levels. ko = arg maXA (x, cx). (7)

This can be written as

x = {z:,i € S} (1) Since distance an_d inn\_er_ produc'F amgariant to change_

of orthonormal basis, minimum distance and correlation
wheresS is a square lattice. Sometimes, however, it is more matching can be performed using any orthonormal basis and
convenient to expressas a one-dimensional (1-D) column the recognition performance will be the same. To do this,

vector of concatenated rows of pixels, i.e., simply replacex andc; in (6) or (7) byx andé;,. Similarly,
- (6) and (7) also could be used with feature vectors.
x = [z1,22, ", T () Due to such factors as viewing angle, illumination, facial

expression, distortion, and noise, the face images for a
given person can have random variations and therefore are
better modeled as a random vector. In this casaimum-
likelihood (ML) matching is often used, i.e.,

where n = ||S|| is the total number of pixels in the
image. Unless stated otherwise, we will use this 1-D
notation and letx € R", the n-dimensional Euclidean
space. For a given representation, two things are important:
discriminating powerand efficiency that is, how far apart
are the faces under the representation and how compact is ko =arg  min logp(x | ex) (8)
the representation.

While some previous techniques represent faces in theirwhere p(x | c;) is the density ofx conditioning on its
most elementary forms of (1) or (2), many others use a being the kth person. The ML criterion minimizes the

feature vector probability of recognition error whea priori, the incoming
face is equally likely to be that of any of th& persons.
— T
() = [ix) f2(2), -+, fnl(x)] C) Furthermore, if we assume that variations in face vectors
where f1(-), f2(-), -+, fm(-) are linear or nonlinear func-  are caused by additive white Gaussian noise (AWGN), i.e.,
tionals. Since generallyn < n, feature-based representa-
tions usually are more efficient. Xk = Ck + Wi (9)

A simple way to achieve good efficiency is to use an ) ) )
alternative orthonormal basis &". Specifically, suppose ~ Where w;. is a zero-mean AWGN with powes=, then

er,es, -+, e, are an orthonormal basis. Thencan be  the ML matching becomes the minimum distance matching
expressed as of (6).
n
x — Z:i.iei ) B. Eigenface
i=1 As mentioned, alternative orthonormal bases often are
where #; —= (x,e;) (inner product) andx can be used to compress face vectors. One such basis is the
T - T ya
equivalently représented by = [£1, 20, @)% TWO Karhonen-Léve (KL) [17]. Suppqse that tht_a face vectors
examples of orthonormal basis are the natural basis &€ modeled by a random vectowith a covariance matrix
used in (2) withe; = [0,0,---,1,0,---,0]%, where

_ T
one is at theith position, and the Fourier basis = C=E[xx’]. (10)

(1/+/n)[1, 527G/ i2m(2i/n) .. ei2n(n=1)G/m]T |f for
a given orthonormal basig; are small when > m, then
the face vectok can be compressed into an-dimensional
vector

The KL bases are formed by the eigenvectors @f
Since the eigenvectors associated with the first few largest
eigenvalues have face-like images (see also Fig. 1), they
also are referred to as eigenfaces [6]. Specifically, suppose
X~ [Z1,80, -, ﬁ:nl]T. (5) the eigenvectors of areuy, u,,- - -, u,, and are associated

. . . ) with eigenvalues\; > A; > -.- > A,. Then
It is important to notice that an efficient representation does

not necessarily have good discriminating power [19]. n
In the matching problem, an incoming face is recognized X = szuz (11)
by identifying it with a prestored known face. For example, i=1
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u, To use eigenface in face recognition, we can use the

ff minimum distance matching of (6) under the KL basis
ko = arg  Lmin |x = €x||. (13)
> 'Whﬁﬂd“ To implement this, we need to find the covariance matrix
C and its eigenvectors from training data. Specifically,
—_— Mmm;ur suppose thak;,x,,---,xy are N training face vectors.

Then, by definition,C can be estimated by [11]
—_ images for

—— N
fape 2 1
2 C=E[xx!]~ N Z XpXs . (14)
T ———_ imapes for k=1
face 1

If we pack the training vectors into a matrix
Fig. 2. Efficiency does not necessarily imply discriminating

power. X = [x1,X2," ", Xp] (15)
and compression can be achieved by letting then the estimate o€ can be written as
1
m C~ —XXT 16
X Y diwg, Ko [Bydee d]h (12) N (16)
=1 To find the eigenvectors o, we just need to find the
wherem usually is selected such that is small fori > m.  eigenvectors oKX" (the factorl/N has no effect on the

The KL (eigenface) representation of (12) is well known €igenvectors). Even for images of moderate size, however,
in statistics literature as the principle component analysis this is difficult. For example, if the face vectats are from
[13]. It is optimal in the sense of efficiency—for any given 128 x 128 images [see (1) and (2)], the dimensioXaX"

m < n, (12) has the minimum mean square error among Will be 128% x 128 ~ 2.7 x 10°.

all possible approximations of that usem orthonormal The key to a solution is to realize that [16], through a
vectors. Here is another way to look at it: sinkgis the ~ Singular value decomposition (SVD) &, the eigenvectors
spread (variance) of the face population along direction ©f XX’ (ann by n matrix) can be found from eigenvectors
w; and since the amount of information (entropy) in a ©of X*X (an N by N matrix), which are much easier to
population increases with the spread [20], eigenfaces of OPtain since usuallyv <« (for example,V = 100 gives
(12) retain, for anym, the most amount of information reasonably good results). Specifically, suppose the rank of
in the face population. All these, however, do not mean X iS 7, 7 < N. According to linear algebra theory [X
that the KL representation is optimal in the sense of has an SVD

discrimination power, which relies more on teeparation r

between different faces (different persons) than the spread X = Z \/)\_kukv{. a7)

of all faces [19] (see also Fig. 2). k=1
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can be found in [14], the key here turns out to be an

Q§ . application of the SVD.
’ Specifically, suppose that for each training face vector
N Qf . xy, (n-dimensional),k = 1,2,.--, NV, the outputs of the
hidden layer and output layer for the autoassociation net
are, respectivelyh; (p-dimensional, usually <« »n and

: OZ T p < N) andyy, (n-dimensiona), with

hy = F(Wixw), yr= Wahg. (19)

classification net

Here, W, (p by n) and W5 (n by p) are corresponding
weight matrixes and¥'(-) is either a linear or a nonlinear
function, applied “component-by-component.” If we pack
X, Yk, andhy into matrixes as in the eigenface case [see
auto-association net hidden layer outputs (15)], then the above relations can be rewritten as
Fig. 3. Autoassociation and classification networks.

H=FW;X), Y=W,H (20)

Here, /Ay, ug, and vy are, respectively, singular values Minimizing the training error for the autoassociation net
and left and right singular vectors &. Furthermore [5], amounts to minimizing the Frobenius matrix norm

Ax are nonzero eigenvalues ¥X? andX*'X andu, (n

by one vector) and, (V by one vector) are, respectively, ) n )

the eigenvectors ofXX” and XTX. This means (by X = YIP =) lxi =yl (21)
multiplying both sides of (17) withvy) k=1

1 SinceY = W:3H, its rank is no more thap. Hence, to
uy \/TXV’“' (18) minimize the training errorY = W>H should be the best
k rank-p approximation toX, which means [14]
Hence, we can find eigenfaae, easily after findingvy, T
which is relatively easy. WoH = U,AV, (22)

where

C. Neural Nets

In principle, the popular back-propagation (BP) neural net
[15] may be trained to recognize face images directly. For are, respectively, the firgt left and right singular vectors
even a moderate image size, however, the network can bein the SVD ofX [see also (17)], which also are the figst
quite complex and, therefore, difficult to train. For example, eigenvectors ofXX? and X7X.
if the images are 12& 128, the number of inputs of the One way to achieve this optimum is to have a liné&r)
network would be 16 384. To reduce complexity, Cottrell (e.g., F(v) = ) and to set the weights to
and Fleming [10] used two BP nets, as illustrated in Fig. 3.

Up:[u17u27"'up]T7 Vp:[vlvv%"'vp]T

The first net operates in tteutoassociatioomode [14] and W =w, = U,. (23)

extracts features for the second net, which operates in the

more commorclassificationmode. Since U,, contains the firsp eigenvectors ofXX?, we
The autoassociation net hasinputs, n outputs, andp have for any inputx

hidden-layer nodes. Usuallyy <« n. The network takes

a face vectorx as an input and is trained to produce an h = W;x = U,x = [(uy,x), (uz,x), -+, (u,, x)|* =%

outputy that is a “best approximation” at. In this way,

the hidden-layer outpui constitutes a compressed version which is the same as the feature vector in the eigenface

of x, or a feature vector, and can be used as the input toapproach [see (12)].

the classification net (see Fig. 3). We need to remark, however, that the autoassociation
What is this feature vector? How good is it? Bourlard and net, when it is trained by the BP algorithm with a

Kamp [14] showed that “under the best circumstances,” nonlinear F(-), generally cannot achieve this optimal

i.e., when the sigmoidal functions at the network nodes performance [13].

are replaced by linear functions (i.e., when the network is

linear), the feature vector is the same as that produced by . .

the KL basis, or the eigenfaces, of Section 1I-B. When the D- Elastic Matching

network is nonlinear, the feature vector could deviate from  Since most face-recognition algorithms are in some sense

the best. While the details of the mathematical developmentminimum distance classifiers, it is important to consider
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more carefully how distance should be defined. In the Similarly, we can define the observed face as a vector
previous two examples (eigenface and autoassociation andield on the original image lattic®
classification nets), the distance between the observed face
x and a template (known face) is the common Euclidean x={x;,j € S} (27)
distancé
wherex; is the same type of feature vector@dut defined
on the fine-grid latticeS. To differentiate thisx from the
face image of (1), we call it théace vector field

In the elastic matching approach, the distad¢e x) is
While easy to compute, it also has some shortcomings. defined through a “best match” betweerand x. Specifi-
For example, wherx is exactly the same as; except  cally, a match between andx can be described uniquely

d(x,¢) = [lx —cl|.

for a shift and dilation (i.e., affine transformatioml)x, c) through amappingbetweenS; and S, denoted by
will not be zero and can even be quite large. As another
example, suppose thatis a “smiling” version ofc (local M:S; —S. (28)

transformations/deformations); thé(ix, ¢) will also not be

zero. Last, it is often desirable ferto have a much smaller  Fig. 4(c) shows two such mappings (it also shows a graph-
dimension than that ok. For example, one may want the jcal way to visualize a mapping). Without restriction, the
template to contain only information about key points in total number of such mappings iss|[IS:1l. For example,

the face (e.g., the edges that define the eyes and mouth). Ifvhen S, is five by five andS is ten by ten (very moderate
such cases, the Euclidean distance is not well defined.  sjzes), the total number of mappingg19x10)3*5 = 10°°.

From these observations, it is desirable to have a distance As a distance measure for face recognition, the best match
measure that is “invariant” to common face transformations we want is one that preserves features and local geometry.
and does not require andx to have the same dimension.  Suppose that € S; andj = M(:) € S. Feature preserving
One such approach is the elastic matching algorithm pro- means that; is not too different frome;. An example of
posed by Ladest al. [9], which has roots in aspect-graph |ocal geometry to be preserved is the local (spatial) distance.
matching [22]. That is, ifi; andi, are close irS;, so shouldj; = M(é;)

To describe this algorithm, we start by defining a new and j, = M(i,) in S. Last, the match is called elastic
type of representation for the face template, as illustrated in since the preservation can bpproximaterather tharexact
Fig. 4. LetS be the original two-dimensional image lattice (rigid). Using the graphical scheme in Fig. 4(c), this means

[see (1)]. Then, the face template is/ector field that latticeS; can be “stretched” unevenly.
The quality of different matches can be evaluated using
c={c;,i €81} (24) an energy function. The one used by Ladgsl. [9], for
example, is

where S; is a lattice embedded i8 andc; is a feature
vector at positiors. Normally, S; is much coarser and E(M) — (ci,xj)
smaller thanS [see Fig. 4(a)]. The idea is that should M) =) el
contain only the most critical information about the face.
Many choices exist for the feature vectots In this FA D [ —i2) = (=) (29)
work, the Gabor features of Ladext al. [9] were used. (41,22)
Let the image from which the templateis constructed be
denoted asy (defined overS) and let

%

In this equation, the first sum runs ov&y, the second sum
runs over all;; and¢; that are neighbors i8,, andj, j;,
G = [t o2 mT 25 and j, are positions irS that are mapped from, 7;, and

12, respectively. The term in the first sum is small when
x,; ~ c¢; (feature preserving) and the term in the second
sum is small whery; — j» ~ i1 — iy (preserving local
distance and ordering).

For a given energy function, the best match is one with
the minimum energy. Due to the large humber of possible
¢ = (G * )il (26) matches, however, this might be difficult to obtain in finite

time. Hence, an approximate solution has to be found. In

where  represents convolution and the absolute value is [9]: this is achieved in two stagesigid matching and
taken component by component. The Gabor feateygso- Qeformable match|.ngn rigid matchingc is moved around
vide multiscale edge strengths at positiorh perceptually 1" X like conventional template matching and, at each

salient part of an image tends to have a laligg|. position, [|c — x| is calculated. Herex’ is the part of
x that, after being matched with, does not lead to any

be a vector whose components are 2-D Gabor filters with
various center frequencies, bandwidths, and orientations
[9]. Then, ¢; consists of the magnitude of Gabor filter
outputs sampled at positiane Sy, i.e., [see Fig. 4(b)]

1This distance is sometimes computed using an alternative orthonormal  2For example, “one position to the left” is not the same as “one position
basis ag|x — ¢,||. to the right,” even though they correspond to the same distances.
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same for X but on a finer grid
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visualization: no
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visualization:
with deformation

©

Fig. 4. Elastic matching. (a) lllustration b and S;. (b) The template and face vector fields.
(c) Examples of mappings.

deformation ofS;. This is illustrated in Fig. 4(d). Once a In deformable matching, latticB; is stretched through
minimum distance position is found, an initial matBii random local perturbations tdI, to reduce further the
is defined and has energy(My) [see Fig. 4(d)]. energy function. This is illustrated in Fig. 4(e). Here, a

1428 PROCEEDINGS OF THE IEEE, VOL. 85, NO. 9, SEPTEMBER 1997



PR EEE P L
e ,-_.-..-".'_.-'_.-"-"_.- A
Fr s .I'.I'_.I_i.-_a-__.l'..l S PR

R R T R e R et
i HEAEEE o e

7 7
A Ao

dedormasion maspisg on X

Tr Fr ....-.-- el
PEAS NP EE RSP EE S F L EE
¥ '-':.'.l":‘--—' e x
'."r "_-:.": PR TR T T r.,:"
:
X
(d)

Fig. 4. (Continued.)Elastic matching. (d) Stage 1 of elastic matchifig:and X. (e) Stage 2 of
elastic matching: local deformation. (f) Place a coarse-8rid‘by hand” on X.

random local perturbation td1, amounts to the follow- E. Three Recent Techniques

Ing. Atick et al's recent work [23], [24] is a significant

» Pick a point inS; at random, denoted as extension to the eigenface. Its basic idea, as shown in

« Suppose thatMy(i) = j. Select at random a point Fig. 5, is to model the frontal (physical) human face as a
j' € S that is (spatially) close tg. Let M{(¢) = 5/, surfacez = f(z,y) in a 3-D space and recover it from its
where M is the match after perturbation. Notice that 2-D image/(z,y). This problem, known as “shape from

for any i’ # 4,7 € Sy, M}(i') = M(i'). shading,” is generally an ill-posed inverse problem since

the image-formation process (from the physigdle,y)

to I(z,y)) is many-to-one. Traditionally, this problem is

solved by imposing smoothness constraints on the estimate

. of f(x,y) [27]. Such constraints are too weak to produce
d(e, x) = E(M") good results for real-world objects, however, such as faces,

which have more specific structures than just being smooth.
and used for face recognition through a minimum distance Atick et al’s rather ingenious idea is to expandz,y)
classifier like (6). with respect to a set of eigensurfacés(x,y)} called
Last, there is the question of face template/model con- eigenheadsi.e.,

struction. An automated scheme has been shown to work

quite well [18]. Although the idea of this scheme is simple

and interesting, its description is tedious and, therefore, can Fla,y) =m(z,y) + > frdr(z,y) (30)

be found in the Appendix. k

After the deformable matching converges to a mappifig
the distance betweer andc is taken as
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20

y). (a) Face surface. (b)

)

y) and its face imagé(z

The image of the face surface, illuminated from the side.

Fig. 5. A synthetic physical face surfagg

this leads to better results, since now the

)

3

Indeed

wherem(z,y) is a mean image. The mean image and the needed.

is constrained to be in the subspace

Y

7

T

(

eigenheads are obtained from training samples (laser scangstimate of f

which contains surfaces that

not only are smooth but also look like real face surfaces.
shading The eigenhead has a significant advantage over the eigen-

of human faces) and usually, only a small number of them spanned by the eigenheads

are needed (compression property).

from-

Using the representation of (30), the shape
problem becomes that of finding coefficienfg from

face (which amounts to the eigenrepresentatior et ).
That is, f(x,y), if it can be recovered, is theeal face

I(z,y). Since the number of;’s is very small, the problem

PROCEEDINGS OF THE IEEE, VOL. 85, NO. 9, SEPTEMBER 1997

becomes well posed, and smoothness constraints are noand is independent of the image-formation process (illu-
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Table 1 The Original Data Bases and Their Variations

Database | Subject | Variation| Total
MIT 16 27 432
Olivetti 40 10 400
Weizmann 28 30 840
Bern 30 10 300

mination, etc.). Hence, eigenhead-based face recognition
could be significantly more robust. The eigenhead approach,
however, also has a problem (as does the eigenface): it
cannot deal effectively with rotation. One possible solution
is to introduce a 3-D rotation parameter in the Atiekal.
formulation.

In their recent work, Moghaddaset al. [25] proposed an
interesting elastic matching technique that can be viewed |
as an alternative to that described in Section II-D. The idea
here is to consider two images as 2-D surfaces in a 3-
D space. For example, imagEz,y) can be considered
as a surfacez = I(z,y) or (x,v,I(z,y)). A match
is obtained by deforming one surface so that its shape
becomes close to that of the other surface. The deforming
dynamics are controlled by a set physically motivated
differential equations. Moghaddarat al. [25] reported
improved recognition performance over sim@lé distance ¥
classifiers (such as the eigenface). Since the face image 3 o, B
is used in the matching, however, the result still may be B
sensitive to lighting variation (just as the eigenface is).

Last, Kunget al. [26] proposed a neural-net technique
and tested it on a subset of the Army Research Lab- Fig- 6. Examples of faces in the data bases.
oratory FERET data base (using 200 persons, two im-
ages/person). The neural net, called the decision-basetResearch LaBthe Weizmann Institute of Science, and Bern
neural net (DDBN), classifies its input, which is, basi- yniversity? As detailed in Table 1, the number of subjects
cally, a preprocessed and subsampled(8) face image.  in each data base ranges from 16 to 40, resulting in a total
From a mathematical point of view, the DDBN com- of 114. For each subject, there are ten to 30 pictures and, as
putes (Gaussian-type) likelihood functions and implements shown in Fig. 6, they often contain significant variations in
the ML classification rule of (8). Very high recognition  scale and viewing angle. Since the eigenface and neural-net
rates were reported (96-99%). It would be of interest to techniques generally require the images to be of the same
understand how much the good performance is due toscale and viewing angle, the data bases were “trimmed”
preprocessing and how much of it is due to the neural net. gych that inside each trimmed data base, all images are
frontal view and have roughly the same scale. As detailed
in Table 2, the four trimmed data bases still have a total
of 114 subjects but for each subject, there are now two

The eigenface, autoassociation and classification netsito three pictures with variations in lighting, background,
and elastic matChlng algorlthms were tested in face- and express|0n The four trimmed data bawere also
recognition experiments. Here, the results are presentedcombined to generate a single data base. Since the four
and discussed, starting with the data bases used. data bases have different scales (even thowighin each

data base the pictures have roughly the same scale), scale
normalization was used such that in the combined data base,
A. Data Bases all images have roughly the same scale.

Since most of the data bases available to us were of
moderate subject sizg, we used four data bases to achieve scopyrightt 1996, ORL, All Rights Reserved.
a reasonably large size. The data bases were those of the 4copyrightD 1995, University of Bern, All Rights Reserved.
Massachusetts Institute of Technology (MIT), the Olivetti  SHereafter, “four data bases.”

Ill. EXPERIMENTAL RESULTS
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Table 3 The Implementation Details. (a) Eigenface. (b) Elastic
Matching. (c) The Autoassociation and Classification Networks

Table 2 The “Trimmed” Data Bases and Their Variations

Database Subject | Variation | Total

MIT 16 3 48 Database Number of Eigenfaces Used
Olivetti 40 2 80 MIT 15
Weizmann 28 3 84 Olivetti 39
Bern 30 2 60 Weizmann 27
Combined 114 2,3 272 Bern 29
Combined 113

@
Size of Template NodepSpacing in Lambda Node De_formation
ixels Range in Pixels
7x10 10 0.0003 11x11

* For all databases

(b)

Database

Number of Hidden Layer
Nodes in Auto-Association
Net

Number of Input/Output

Nodes in Classification Net

MIT

16

16

Olivetti

40

40

Weizmann

28

28

Bern

30

30

* No hidden layers in classification nets

The number of input/output nodes in the auto-association net is 23x28 for all
databases.

For both of the auto-association and classification nets, the learning rate is 0.4, and the
minimum error is 0.0002, and the maximum number of training cycle is 100,000.

©

Table 4 Classification Results for Four Individual Data Bases

Fig. 7. Examples of faces in the Weizmann data base.
Auto-Association
Elastic Matching [and Classification
Networks

Database Eigenface

B. Experimental Results

The eigenface, autoassociation and classification nets;,
and elastic matching algorithms were run on each of the Ofivetti
four individual data bases as well as on the combined data y.imann
base. The former was intended to test these algorithms’
robustness over different data bases, while the latter was Bem
intended to test these algorithms’ efficacy on a relatively
large data base (in terms of the number of subjects).

In the experiments, the images were divided into training the Weizmann data base. The training set in our studies was
and test sets. To describe how the training samples wereformed by picking, for each subject, the picture taken under
picked, we first need to describe how the data bases aresetting 1. Implementation details of the three algorithms are
organized. The four individual data bases (MIT, Olivetti, Ssummarized in Table 3.

Weizmann, and Bern) have the same organization, and the The results of the face-recognition experiments are sum-
combined data base, being the combination of the four, marized in Tables 4 and 5, from which the following can
also has that organization. Specifically, in each data basebe observed.

every subject is photographed under a numbesatfings 1) On the Four Individual Data Bases:

say, settingsl,2,.--, K. Here, a setting amounts to a « The eigenface did very well on the MIT data base
particular combination of lighting, background, etc. Setting (97% recognition) and the Bern data base (87%)). Its
1 is usually taken as the “standard.” Fig. 7 shows the performance on the two other individual data bases
pictures of two subjects under three different settings from was somewhat less satisfactory. To understand why,

MIT 97% 97% 72%

80% 80% 20%

84% 100% MNM%

87% 93% 43%
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Table 5 Classification Results for the Combined Data Bases

Eigenface Elastic Matching

66% 93%

we first recall that the eigenface is essentially a
technique that implements the minimum distance
classifier of (6), which is optimal if the lighting
variation between the training and testing sam-
ples can be modeled as zero-mean AWGN [see
(8) and (9)]. It might still work if the mean is
nonzero but small. When the lighting variation is
not small and is spatiall varying, however, as it is
for the Weizmann data base (Fig. 7), the zero-mean
AWGN model of (9) is invalid and the minimum
distance classifier can deviate significantly from
the optimal ML classifier of (8), thereby resulting
in significant performance deterioration. A more
intuitive explanation: when the lighting variation
is not small, it could introduce a large bias in the
distance calculation. In such cases, the distance
between two face images is dominated by the
difference in their lighting conditions rather than
the differences between the two faces, thereby
rendering the distance an unreliable measure for
face recognition. Brunelli and Poggio [21] proposed
to take the derivative of the images to reduce
biases caused by lighting change. When the lighting
change is spatially varying, however—for example,
half bright and half dark, as in the Weizmann data
base (Fig. 7)—the derivative will introduce its own
biases at the boundary of the lighting change.

The elastic matching did very well on all data
bases (93—-100% recognition) except on the Olivetti,
where its performance was acceptable (80% recog-
nition). The Olivetti data base contains some scale
and rotation variations (see the last row of Fig. 6),
while our current elastic matching software could
deal only with position, lighting, and expression
variations. While competitive to the eigenface on all
data bases, it did particularly well on the Weizmann

ever, contain significant lighting variations. Second,
this technique also requires a lot of preprocessing;
for example, that the images be cut so that they
only contain faces but not background. This was
not done since the other two techniques do not have
such requirements. Indeed, the only preprocessing
done was a subsampling of the images to reduce the
number of input nodes in the autoassociation net
(the original image size is too large for the net to
be trained within a reasonable amount of computer
time). Third, the autoassociation and classification
nets were nonlinear and contain many nodes and
weights. It is possible that after a very long training
period, the weights still did not converge to the
optimal eigenface solution described in Section II-
C. Last, from the analysis of Section II-C, the
performance of the autoassociation and classifica-
tion nets is upper bounded by that of the eigenface.

2) On the Combined Data Base:
« The performance of the eigenface deteriorated con-

siderably, to 66% recognition. This is because there
are significant lighting variationbetweenthe four
data bases that make up the combined data base
in addition to the lighting variationsvithin each
individual data base. As a result, the lighting-
change-related distance biases are much larger for
the combined data base than those for the four
individual data bases, This makes image distance a
highly unreliable measure of face differences (see
also the discussion of the eigenface’s performance
on individual data bases).

The elastic matching performed well, with 93%

recognition. The main reason for this robust per-
formance is that the elastic matching is relatively
insensitive to the various lighting changes described
above.

The autoassociation and classification nets were
not tested on the combined data base since they
were unlikely to achieve dramatically better per-
formance than that on the individual data bases but
doing so would have required significantly more
computation effort.

data base (100% versus the eigenface's 84%) Two C. Advantages and Disadvantages

factors contributed to this good performance. First,

the Gabor features, being the output of bandpass
filters, are closely related to derivatives and are

therefore less sensitive to lighting change. Second,
the elastic matching uses features only at key points
of an image rather than the entire image. Hence
biases at other points in the image do not contribute
to the distance calculation.

From the analysis of Section Il and the experimen-
tal results presented above, what are the relative advan-
tages/disadvantages of the three techniques studied in this

From Section Il, the recognition performance of the

' eigenface should be the same as the minimum distance
classifier of (6), since the Euclidean distance is invariant
to changes of orthonormal basis. As the minimum distance

The performance of the autoassociation and classi- classifier, it works well when the face images have rela-
fication nets was not satisfactory. There are several tively small lighting and moderate expression variations.
contributing factors. First, to have good perfor- The weakness of this technique is that its performance
mance, this technique requires that the lighting deteriorates when face-position and lighting variations in
variations be small. All but the MIT data base, how- the images cannot be characterized as “very small.” Indeed,
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if the eigenface is used in a practical system, a front end image, are used. The performance of the autoassociation
that provides scale, position, and lighting compensations and classification nets is upper bounded by that of the
is needed. Does the eigenface offer any computational eigenface but is more difficult to implement in practice.
advantages (efficiency)? The answer is: it depends. If all For future work, it would be of interest to investigate
the face images in the data base are already stored asvays to make the elastic matching more computationally
eigenfeature vectors and if the dimension of these vectors isefficient.
not large, the answer is yes. On the other hand, if the images
are stored as images, using (6) directly requires much lessAppENDIX
computation time.

The most important advantage of elastic matching is that
it is relatively insensitive to variations in lighting, face

Since in any realistic applications a face data base usually
contains a large number of individuals (e.g., more than 100
in our work), it is desirable to automate the process of

position, and expression. While such robustness comes fromconstructing face templates. According to [18], this can be
the use of the Gabor features, the rigid matching stage, yone by using the following simple procedure.
and the deformable matching stage, it also comes from the

fact that only information at key positions of the image,
rather than the entire image, is used in the face template.
Another advantage of the elastic matching is easy data base 1) Pick the face image of an individual and generate a
expansion: when a new subject (new template) is added, face vector field using Gabor filters, as in (26). Denote
there is no need to modify templates already in the data this vector field as.

base. This may not be the case for the eigenface: when new 2)
subjects are added to a face data base, the eigenfaces may
need to be recalculated, unless one assumes that the existing
eigenfaces are “universal,” an assumption that may or may ,
not be valid. A disadvantage of the elastic matching is that 3) Collect the feature vectors at vertices$f to form

it may require more computational effort than the eigenface. the templatec.

Its superior performance, however, seems to justify the 4) Pick another face image (of a different person) and

A. Automated Template Extraction

Place a coarse-grid latticg®;, “by hand” onx such
that the vertices are close to important facial features
such as the eyes [see Fig. 4(f)].

additional computational effort. Furthermore, techniques generate a face vector field, denotedyas

such as multiresolution processing can be investigated to 5) Perform template matching between thgenerated

make it more efficient. in steps 1)-3) withy using the rigid matching of
Last, the performance of the autoassociation and clas- Section 1I-D.

sification nets is upper bounded by that of the eigenface 6)
approach (see Section II-C). Due to practical implementa-
tion difficulties, however, the eigenface algorithm is the
more preferable of the two.

When a best match is found, collect the feature
vectors at vertices dof; to form the template of.

7) Repeat steps 4)-6).

A face template generated according to the above proce-
dure can be further improved by noticing that if the grid of
S is allowed to deform, the feature vectors in the template

In this paper, a comparative study has been performedyjl| correspond more precisely with key facial features.
for three of the latest face-recognition techniques, namely, Specifically, letc be the template generated from a face
eigenface, autoassociation and classification networks, andector fieldx using the above procedure. An improved
elastic matching. First, these techniques were analyzedcan be found by finding the best match betweemnd
under a statistical decision framework. Then they were x ysing the deformable matching operation of Section II-
evaluated experimentally on four different data bases of p. Notice, however, that the energy function needs to be

moderate subject size and a combined data base of morgjifferent. Specifically, leM be a mapping betweey, and
than 100 subjects. Our results indicate that the eigenface al-g. The energy function should be

gorithm, which is essentially a minimum distance classifier,

works well when lighting variation is small. Its performance EM) = - Z 1| (31)
deteriorates significantly as lighting variation increases. @

The reason for this deterioration is that lighting variation where the sum is over alle S;, j = M (i), andc; = X;.
introduces biases in distance calculations. When such biaseshis energy function has an intuitive appesl: should be

are large, the image distance is no longer a reliable measurejeformed in such a way that the vertices correspond to
of face difference. The elastic matching algorithm, on the points in the image where the Gabor features (i_e_, edge

other hand, is insensitive to lighting, face-position, and features) are more prominent (i.e., large ||).
expression variations and therefore is more versatile. This

owes to the Gabor features, which are insensitive to lighting Recerences
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