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Abstract

B We have developed a near-real-time computer system that
can locate and track a subject’s head, and then recognize the
person by comparing characteristics of the face to those of
known individuals. The computational approach taken in this
system is motlvated by both physxology and mformatxon theorv,

dimensional geometry, taking advantage of the fact

that faces

face images onto a feature space that spans the significant
variations among knewn face images. The significant features
are known as “eigenfaces,” because they are the eigenvectors
(principal components) of the set of faces; they do not neces-
sarxlv correspond to features such as eyes, ears, and noses. The

approach are that it pI( wides for the ability to learn and later
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of 2-D characteristic views. The system functions by projecting

INTRODUCTION

The face is our primary focus of attention in social in-
tercourse, playing a major role in conveying identity and

Lecoopise et AcesTinTanunsupervisedrmanner;and thatitis
easy to implement using a neural network architecture. ll

can be important. Detecting faces in photographs, for
instance, is an important problem in automating color
film development, since the effect of many enhancement
and noise reduction techniques depends on the picture




nary findings in the physiology and psychology of face  Yuille, this volume). Their strategy is based on “deform-
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decoding face images may give insight into the infor-
mation content of face images, emphasizing the signifi-
cant_local andglobaiy features: »Suchyfeaturesymayyor
may not be directly related to our intuitive notion of face
features such as the eyes, nose, lips, and hair. This may
have important implications for the use of identification
nlesenchaae Identiliterd, Phaonf (Rawcs L1088)

In the language of information theory, we want to
extract the relevant information in a face image, encode
it as efficiently as possible, and compare one face encod-
ing with a database of models encoded similarly. A simple
approach to extracting the information contained in an
image of a face is to somehow capture the variation in a
collection of face images, independent of any judgment
of features, and use this information to encode and com-
pare individual faee-imaxas

of characteristic features or eigenpictures, perhaps an
efficient way to learn and recognize faces would be to
build up the characteristic features by experience over
time and recognize particular faces by comparing the
feature weights needed to (approximately) reconstruct
them with the weights associated with known individuals.
Beck irdividne! theesfre; would be characterized by
the small set of feature or eigenpicture weights needed
to describe and reconstruct them—an extremely com-
pact representation when compared with the images
themselves.

This approach to face recognition involves the follow-
ing initialization operations:

1. Acquire an initial set of face images (the training
set).




nent analysis (or Karhunen-Loeve expansion) is to find
the vectors that best account for the distribution of face
images within the entire image space. These vectors de-
fine the subspace of face images, which we call “face
space.” Each vector is of length N°, describes an N by N
image, and is a linear combination of the original face
images. Because these vectors are the eigenvectors of
the covariance matrix corresponding to the original face
images, and because they are face-like in appearance, we
refer to them as “eigenfaces.” Some examples of eigen-
faces are shown in Figure 2.

Let the training set of face images be I'y, I';, I's, . . .,
[y. The average face of the set is defined by W =
#3¥_, T, Each face differs from the average by the
vector ®, = I';, — W _An example training set-is-showa
in Figure la, with the average face ¥ shown in Figure

is a maximum, subject to
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The vectors u, and scalars A\ are the eigenvectors and
eigenvalues, respectively, of the covariance matrix

1 M

il n=1
T
= AA

where the matrix A = [®, ®, . . . ®,]. The matrix C,
however, is N* by N°, and determining the N* eigenvec-
tors and eigenvalues is an intractable task for typical
image sizes. We need a computationally feasible method
to find these eigenvectors.

If the number of data points in the image space is leags

ey UEANG A
16 X 16 miatrix rather than a 16,384 X 16,384 matrix—
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Figure 1. (a)Face images
used as the training set.



Following this analysis, we construct the M by M matrix
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(V%) to the order of the number of images in the training
set (M). In practice, the training set of face images will
be relatively small (M < N?), and the calculations become
quite manageable. The associated eigenvalues allow us
to rank the eigenvectors according to their usefulness in
characterizing the variation among the images. Figure 2
shows the top seven eigenfaces derived from the input
images of Figure 1.




in a standard pattern recognition algorithm to find which
of a number of predefined face classes, if any, best de-
scribes the face. The simplest method for determining
which face class provides the best description of an input
face image is to find the face class & that minimizes the
Euclidian distance

(Q — Qo (8)
where_Qu. is.a_vector. deee=himm e ®ataceLiass. Tha
face classes ). are calculared by aun=im~ tha wnolen ~F

IW
l =1 WA,

adjusted input image ® = I' — W and ®r =
its projection onto face space:

= |® — @4 ©)

Thus there are four possibilities for an input image and
its pattern vector: (1) near face space and near a face
class, (2) near face space but not near a known face class

& o

soM = 40.)

with the highest associated eigenvalues. (Let M’ = 10 in
this example.)

3. Combine the normalized training set of images ac-
cording to Eq. (6) to produce the (M’" = 10) eigenfaces
Ug.

4. For each known individual, calculate the class vec
tor €. by averaging the eigenface pattern vectors {1 [from
Eq. (8)] calculated from the original (four) images of the
_0. that defines the maxi-

distance from anv face

individual. Choose_a_rhreshold
and a

class.

mim allowahle

(steps 1-4). This gives the opportunity to modify the face
space as the system encounters more instances of known
faces.

In our current system calculation of the eigenfaces is
done offline as part of the training. The recognition
currently takes about 400 msec running rather ineffi-
c1emly in Lisp on a Sur14 using face images of size 128 X

developed two schemes to locate and/or track faces, us-
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tors and eigenvalues, ang-~hansa the M. eigeavectars.
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Figure 3. An original face image and its projection onto the face space defined by the eigenfaces of Figure 2.

Motion Detecting and Head Tracking

People are constantly moving. Even while sitting, we
fidget and adjust our body position, nod our heads, look
around, and such. In the case of a single person moving
in a static environmens,“acila tatian Aetectian ~adl
tracking algorithm, depicted in Figure 5, will locate and
track the position of the head. Simple spatiotemporal
filtering (e.g., frame differencing) accentuates image lo-

7

motion 18
postulated.

After thresholding the filtered image to produce a
binary motion image, we analyze the “motion blobs” over
time to decide if the motion is caused by a person
moving and to determine head position. A few simple
rules are applied, such as “the head is the small upper
blob above a larger blob (the body),” and “head motion
must be reasonably slow and contiguous” (heads are not
expected to jump around the image erratically). Figure
6 shows an image with the head located, along with the
path of the head in the preceding sequence of frames.

The motion image also allows for an estimate of scale.
The size of the blob that is assumed to be the moving
head determines the size of the subimage to send to the
recognition stage. This subimage is rescaled to fit the
dimensions of the eigenfaces.

the presence oI a person 1S

Using “Face Space” to Locate the Face

We can also use knowledge of the face space to locate
faces in single images, either as an alternative to locating

faces from motion (e.g., if there is too little motion or
many moving objects) or as a method of achieving more
precision than is possible by use of motion tracking
alone. This method allows us to recognize the presence
of faces apart from the task of identifying them.

As seen in Figure 4, images of faces do not change
radically when projected into the face space, while the
projection of nonface images appears quite different.
This basic idea is used to dets i

i =

This distance from face space is used as a measure of
“faceness,” so the result of calculating the distance from
face space at every point in the image is a “face map”
€(x,p). Figure 7 shows an image and its face map—low
values (the dark area) indicate the presence of a face.

Unfortunately, direct application of Eq. (9) is rather
expensive. We have therefore developed a simpler, more
efficient method of calculating the face map €(x,y), which
is described as follows.

To calculate the face map at every pixeirof an image
I(x,y), we need to project the subimage centered at that
pixel onto face space, then subtract the projection from
the original. To project a subimage I' onto face space,
we must first subtract the mean image, resulting in ® =
I' — W With ®; being the projection of ® onto face
space; the distance measure at a given image location is
then

€ =|d - Bf°
=(® - P)'(® - Py
=®'® — PP + (D — b))
=®'P - D, \_

(10)
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Figure 7. (a) Original image. (b) The corresponding face map, where low values (dark areas) indicate the presence of a face.

genface analysis as described above does not distinguish
the face from the rest of the image. In the experiments
described in the section on Experiments with Eigenfaces,
the hackground was a significant part of the image used
to classify the faces.

To deal with this problem without having to solve
other difficult vision problems (such as robust segmen-
tation of the head). we have multiplied the input face

Images show that recognition performance decreases
quickl- ~~ sb- band sien ae cmnla ic mnicindaad Tha haad

scale the input image to multiple sizes and use the scale
that results in the smallest distance measure to face space.

Although the eigenfaces approach is not extremely
sensitive to head orientation (i.e., sideways tilt of the

head), a non-upright view will cause some performance
degradation. An accurate estimate of the head tilt will
certainly benefit the recognition. Again, two simple meth-
ods have been considered and tested. The first is t0

characterize it rather than assume it is gaussian. Nonlin-
sar natanrle acnich ac decrrihed in Flemino and Cortrell




face view. side_vi

At 110 T1ZNT ana' 1€ provile

views. Under most viewing conditions these seem to be
sufficient to recognize a face anywhere from frontal to
profile view, because the real view can be approximated
by interpolation among the fixed views.

EXPERIMENTS WITH EIGENFACES

To assess the viability of this approach to face recogni-

tinn wra hava caAacfacenad A acionnmbn el aeaa Ol

"lighting variation, 85% correct averaged over orientation

variation, and 64% correct averaged over size variation.

As can be seen from these graphs, changing lighting
conditions causes relatively few errors, while perfor-
mance drops dramatically with size change. This is not
surprising, since under lighting changes alone the neigh-
borhocuepixel correlation remains high, but under size
changes the correlation from one image to another is
largely lost. It is clear that there is a need for a multiscale
L e e v e e e &

ditions. Sixteen subjects were digitized at all combina-
tions of three head orientations, three head sizes or
scales, and three lighting conditions. A six level Gaussian
pyramid was constructed for each image, resulting in

image resolution from 512 X 512 pixels down to 16 X
16 pixels. Figure 8 shows the images from one pyramid

of 100%, 94%, and 74% respectively.

These experiments show an increase of performance
accuracy as the threshold decreases. This can be tuned
to achieve effectively perfect recognition as the threshold
tends to zero, but at the cost of many images being
rejected as unknown. The tradeoff between rejection rate




svstem. which resides on the bus of @ Sun 3 iccted as not a face, recognized as one or a gre

Jnd per familiar taces. or determined to be an unknown

holding, and sub- Recounition occurs in this syvstem at rates of up to two
1o The timages are or three tmes per sccond. Untl motion s detect

mage s not percen ed t

O be altl

moton detection

the RELATIONSHIP TO BIOLOGY AND
ther com NFI'RAT NETWORKS




cells were sensitive to identity, some to “faceness,” and

some only to particular views (such as frontal or profile).

Although we do not claim that biological systems have
“eigenface cells” or process faces in the same way as the
eigenface approach, there are a number of qualitative
similarities between our approach and current under-
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Figure 10. System diagram of
the face recognition system.

Figure 11. Three-layer linear

network for eigenface calcula-

tion. The ssgrnmetncewergims u;
are the eigenfaces, and the
hidden units reveal the projec-
tion of the input image ® onto
the eigenfaces. The output ®;
is the face space projection of
the input image.

CONCLUSION
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eigenface approach does provide a practical solution that
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rating a limited nimhor of characteristic views for each tion in biological and technical systems. Berlin: Springer-




