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ABSTRACT

This paper presents two automated identification systems based on 3D face recognition devel oped
a TASC. They have the capability to processes mug shots, consisting of frontal and profile views,
as well as video. Both systems are discussed in terms of their advantage with respect to viewing
angle changes. The mug shot system, FaceMatcher, is based on low level pattern recognition of
geometrically normalized subimages. Theaddition of profileimagery isshownto dramatically lower
therecognition error rates of afrontal view based system. The video based system, FaceMatcher3D,
explicitly extracts the 3D pose of the head in each video frame. Low level features, such as corners,
are identified and tracked in the video stream. The feature tracks are processed by a shape from
motion algorithm which produces estimates of 3D geometry and pose. The geometry and pose
estimates are considered together with facia structure constraints, temporal constraints, and initial
pose estimates to refine knowledge of the specific face structure and its pose. Thisinformation can
be used to extract frontal and profile views from the sequence and then to geometrically normalize
them for comparison with the database. The capability to perform face recognition from video
presents important advantages over other biometric identification methods, such as finger prints or
retinal scans, because identification is now passive. Passive identification can be used not only in
traditional access control, but aso in surveillance applications.

In single view matching systems misalignment with re-
spect to view isa.common source of error. For instance,
for frontal view matchers, thetilt of the chin or the rota-
tion of the head right or left might not be exactly the same
in both views. Most controlled environment matching
algorithms have a tolerance for slight misalignmentsin

1 Introduction

Variation in viewing angle isa key issue for face recog-
nition applicationsof any kind. This paper presentstwo
systems which treat view variation for different data
scenarios. The first system addresses applications us-
ing still images taken with some knowledge of view, e.g
conditions common in frontal view matching systems.
The second system addresses surveillance applications,
in which no particular view can be assumed. In this
case, view invariance is of even greater importance.

view, however, similarity scores will always be a func-
tion of view alignment. Even for perfect matches in
identity, poor matches in view will lower recognition
scores. Thelarger the database becomes, themorelikely
that classification errors will result.

Thefirst system discussed, FaceMatcher, usesindepen-
dently taken frontal and profile views (the exact rela-



tionship between the viewsis not known) . This system
copes with view error by providing relief information
from the profile view as additional evidence about the
identity of the person. Thisisan example of copingwith
view variation in an application in which it is not possi-
ble to extract the actual pose of the head in the images
used. It isshown that thisinformation sharply reduces
the recognition errors over the frontal only system.

In surveillance applications, before any recognition al-
gorithm can be used, the head must be isolated, and the
direction of view must be explicitly computed. Com-
puting the view parameters is equivalent to computing
the rel ationship between the camera and ahead centered
coordinate system. We refer to this information as the
3D pose parameters of the head. Once the pose pa-
rameters are known, many options for the treatment of
view become available, including selection of aspects
which best match those previously stored, and specific
geometric normalization to compensate for view mis-
alignments.

The pose of any three dimensional rigid object has six
degreesof freedomincluding threetrang ational parame-
tersand threerotational parameters. Without specialized
range sensors, the passive computation of these pose pa-
rameters for the head requires multiple 2D views[1]. In
the second system, FaceMatcher3D, pose is computed
from a video sequence of the head in motion. Examples
are shown of automatic pose extraction from real video
sequences.

2 Recognition from Mug Shot Pairs

For humans, facial appearance is a very common and
reliable method of judging identity. It isfor thisreason
that most existing biographical databases contain facial
photographs of some kind. In comparison to other in-
formation likely to be stored in biographical databases
(e.g. height, weight, hair and eye color), facial images
make the most sense for use in verification of identity
because of their relative invariance over time, and ease
of passive data acquisition.

Thelargest factor determining the appearance of theface

is its three dimensiona shape. Since very little infor-
mation about therelief of the face isdiscerniblereliably
from the frontal view, the profile view offers important
and virtually independent information about the shape
of the face. The system, FaceMatcher, described in
this section demonstrates that the addition of the pro-
file information reduces the recognition error rates by
approximately 40% [2]. The addition of this indepen-
dent information will effectively decrease the impact
of any systematic error in the frontal view comparison,
however, in these applications, view alignment is a key
source of error.

2.1 Algorithm Summary

The recognition process begins by extracting a model
representation from the input images. The model con-
tainsthelocation of two key feature pointsineach image
and a set of five normalized image chips. The fea
ture points are used to establish the location of the face
within the image and to perform geometric normaliza-
tion. They include the pupil centers from the frontal
view, and the tip of the nose and the tip of the chin
from the profile view. The normalization process scales
and rotates the images such that the key feature points
have a constant distance and orientation for all images
of the same view. The image chips are extracted from
the geometrically normalized frontal and profile images
and include left and right eye, nose, mouth, and central
profile. Feature pointsare extracted automatically using
morphological operators, pattern matching, and other
low level image analysis algorithmg[2]. An example of
an extracted face model is shownin Figure 1.

The comparison of atarget model with areference model
is performed based on pattern matching of the image
chips. A number of different algorithms could be used
for this purpose. The system currently uses a varia-
tion of normalized cross correlation. The images are
adjusted to have zero mean which yields a normalized
cross correlation match measure given by [3]:
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Zero mean:

where f and ¢ refer to the images begin compared, mn
is the area of the image region compared, u, and v are



Figure 1 : Original frontal and profile images with marked
features (top), and normalized subimages which
are stored in model (bottom).

the mean values of the two images, and ¢ and T are
their standard deviations. This formulation increases
the tolerance of the match to simple overall changes
in intensity. An additional term, V, representing the
variance of noise, isadded to the denominator:

(s S Sjes f9) —uv.
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Noise adjusted:

This decreases the tendency for high match scores in
areas of very low image variance.

The overall similarity score is alinear combination of
the five correlation scores. The output of the process
isaranked list of subjectsfrom the reference database,
ordered by similarity to the query subject.

2.2 Recognition Results

The FERET program (ARL/ARPA) database was used
for algorithm evaluation. The data set for a given sub-
ject includes two frontal and two profile (left and right)
images, the minimum data required for recognition test-
ing. For each subject, oneof thetwo frontal view images
was paired withtheleft profileimageto build areference
model. The second frontal view image was paired with

the right profile image to build a query model. Thereis
awide variety of image scale and lighting and a good
representation of age, ethnic background, and gender in
the database. Many of the subjects have glasses, sev-
eral have moustachesand/or beards. Althoughthere are
photographsincluded from each of three different time
periods, thereisno overlap of subjectsbetween thethree
sets. A total of 194 subjects were used for testing.

It isexpected in many face recognition applications that
several of the top candidates, not just the single top can-

didate, are presented for further human consideration.
In the presentation of results we use the concept of rank
threshold, R, whichisthe percentage of thebest database
entries to be presented as the result of the comparison.
If the “ideal” match is contained within thefirst R can-
didatesin the ranking list, we consider this a successful

recognition result. We report system performance by
giving error rate as a function of rank threshold. This
provides error rates for all choicesof R.

Our testing had two goals. Thefirst wasto quantitatively
show the value of the addition of the profile data on
recognition error rates. The second goal was isolate the
effect of incorrect feature detection from the rest of the
comparison process.

To evaluate the value of the profile data, adirect compar-
ison was made between the system performance when
using only frontal images and the system performance
when using both frontal and profile imagesfor the same
subjects. The results (Figure 2) show that the addition
of profile information substantially reduces error rates.
Using R = 5% as a reference point, recognition error
rates are 45% |lower in the profile/frontal case, yielding
acorrect recognition rate of 85%.

Our second goal wasto separate the errorsin detection of
the normalization features (pupil centers, nose and chin
tip) from the performance of the underlying compari-
son method. The feature extraction module is the most
complex part of the system. Its capabilities determine
essentially what types of images the system can ingest.
Any automated feature extraction systemwill contribute
to the general error rate of the system asawhole.

The effects of feature localization on the system perfor-
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Figure 2 : Comparison with frontal only system.

mance were examined through the use of an additional
model database constructed from the sameimages, how-
ever, the four normalization features were located in-
teractively in each data set using the computer mouse.
Figure 3 shows error rates vs R threshold for both the
automated feature |ocation database and manual feature
location database. Using the same R = 5% reference
point, the error rates using interactive feature location
were below 2%, corresponding to a correct recognition
rate of above 98%. In general, errors in automatic fea
ture detection increased system recognition error rates
by approx. 10% across most values of R.

Theresidual error inthe system (2-5%at B = 5%) were
due to view variation and large expression changes.

Thisanalysis showsthe critical role of feature point de-
tection in the recognition system. In the video based
system which is described in the following section, a
great deal more information is available for the feature
location modules. Other improvements to the Face-
Matcher system are also being addressed which should
improve the normalization feature extraction including
probabilistic evidence fusion and improved initial head
scale estimation.

It isimportant to note, however, that applications which
can afford a small amount of interaction (selection of 4
points per data set) can eliminatethis source of error and
greatly simplify the system at the same time.
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Figure 3 Performance with and without feature extraction
error for normalization features.

3 Poseextraction from Video
Sequences

Images taken in unstructured environmentswill include
many viewing angles. In order to effectively compare
faces on the basis of image pattern data, the viewing an-
gle (or equivalently, head pose) must be explicitly taken
into account. What data is required to compute head
pose? Pose extraction from a single 2D image is only
possible if a well defined 3D model of the object ex-
ists[4, 5, 6], which it does not in most face recognition
applications. Pose computation from three dimensional
data, however, is a smple matter of geometry. Passive
computation of three dimensional datafrom two dimen-
sional data of arigid object is possible through the use
of stereo or structure from motion techniques [7, 5, §].
The FaceMatcher3D system uses video segquences and
structure from motion techniques because only a sin-
gleuncalibrated sensor isrequired. This method isalso
attractive because video cameras are already available
in many locations for the purposes of surveillance (e.g.
ATM'’s, many passport control gates).

3.1 Algorithm Summary

The pose extraction agorithm includes three key steps:

o Feature selection



¢ Featuretracking
¢ Computation of Structure and Pose

The third step, a structure from motion algorithm, is
addressed first because itsrequirementsdrive the design
of the other steps.

The structure from motion algorithm used in the Face-
Matcher3D systemis based on the factorization method
presented by Tomasi and Kanade [8]. The algorithm
takesasinput a set of feature tracks. Each track consists
of an array of 2D image locations, one for each frame,
showing the path which a 3D point on the surface of a
rigid object takesfrom frame to frame. From thisinfor-
mation a solutionis provided for both the 3D location of
the points (structure) and the relationship between the
object and the camera (pose).

The job of automatically selecting and tracking the
points for input to the factorization algorithm is com-
plex. The features tracked must correspond to surface
points on a rigid object. Image features corresponding
to occluding boundaries, shadows, and motion indepen-
dent from the head, e.g. torso or other objects in the
scene, violate this assumption and will act as a source
of error.

The basic feature selection method [9] identifies local
image patterns containing edgesin more than one direc-
tion. These are identified by examining the eigen values
of the matrix
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where W isasmall local image region (15x15 pixels).
Two strong eigen values of ' are a good indication of
strong gradientsin multipledirectionsand hence corner-
like features. A threshold on the minimum eigen value
of ¢ isused as a specific selection criteria.

Thislow level feature selection algorithm has been aug-
mented with knowledge of the application domain. An
initial pose selection algorithm provides an estimate of
likely frontal views in the image stream. This estimate
is used to locate the head initially, and limit the feature
selection to the central head region.

Oncethefeatures have been selected they are tracked by
modeling the motion of the feature window as asimple
trandation. The displacement of the feature window
is computed by minimizing the error residue between
frames based on this model [10]. Although the trans-
lation model is more simplistic than the actual image
change expected over time (e.g. it doesn’t include rota-
tion or scale changes) it is quite effective over the small
interframe distances typical in video rate sequences.

Two further steps are taken to minimize the inclusion of
points not representative of rigid surface motion. The
first is an affine criteria used to monitor longer term
changes in the feature window [9]. Including affine
transformations allows for amore accurate and realistic
trackingmodel. To examinethelikelihoodthat afeature
window has been tracked correctly, we can compareit’s
origina values with those of its final tracked position.
The affine transform which best modelsthe relationship
between the two windowsis computed. Thistransform
isapplied to the original window, and the result is com-
pared with the window in the actual tracked position.
Low similarity is indicative of occlusion. A threshold
can be used to remove these features from further con-
sideration.

In addition to the affine similarity criteria, nonrigid fea-
tures are identified by comparing the actual observed
tracks with those estimated by the computed pose and
structure [1]. Features with large position residuals are
removed and the pose and structure are recomputed.
This method is effective at removing features not rep-
resenting true surface points, e.g. image windows con-
taining edges from more than one object.

3.2 Resaults

The pose extraction algorithm has been tested using the
FERET Program video database, which was collected
by TASC. Figure 4 shows an example of features which
were automatically selected and successfully tracked
through a 22 frame sequence.

These feature tracks were processed by the structure
from motion algorithm to produce a pose estimates at
each frame, as well as the 3D locations of the points.



Figure 4 : First and last frames of a 22 frame sequence
showing tracked feature windows.

Asisrepresented in Figure 4, the movement represented
in the sequence is a rotation to the left about the Y
axis (vertical) with very little motion about the X axis
(throughthe ears) or Z axis. The pose extracted matches
this expectation, indicating final rotation angles of 0.7
degrees about X, 37.9 degrees about Y, and 0.5 degrees
about Z.

A model wasgenerated from the extracted 3D pointsus-
ing 2D Delaunay triangul ation to providethetopol ogy of
the points. Image data from a single frames was texture
mapped onto the polygonal model for visual evaluation.
This model is shown in Figure 5 at two different view-
ing angles. These viewsdemonstratethe accuracy of the
model. In particular, the eye sockets are set back with
respect to the nose, and the overall face shapeis gently
curved.

Because of the difficulty measuring the true pose of
a human head, additional experiments have been per-
formed for the purposes of testing pose accuracy. Video
sequences were taken of inanimate objects on rotating
platforms. These experimentsindicate +2 degree accu-
racy in pose computations.

4 Summary

FaceMatcher and FaceMatcher3D provide automated
face recognition technology valuable in a wide range
of input scenarios. The FaceMatcher system is for use
with still images in applications where an approximate
knowledge of view angle is available. Testing of this
system on the FERET Program 200 person database
demonstrates a clear quantitative advantage in consid-

Figure 5 Two different views of the 3D model generated
from the above tracks.

ering profile data in addition to the classic frontal view.
Testing also shows that applications which can tolerate
a small amount of interaction during the matching pro-
cess (clicking on two standard points in each image)
can simultaneously eliminate a major source of error in
recognition and greatly ssimplify the installed system.

FaceMatcher3D hasthe capability of 3D pose extraction
from video sequences of a moving subject. Thisinfor-
mation enables both extraction of key posesfrom video
sequences, and matching from video to video. The ex-
traction of key pose frames is valuable both in creating
still databases from surveillance videos, or for matching
live data against a database containing only still im-
ages. The 3D model extracted by FaceMatcher3D also
providesvaluableinformationto adjust the extracted im-
agery to form a better match in view than is available
directly from the video frame data.
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