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Abstract

Robust tracking and segmentation of facesis a prerequi-
site for face analysis and recognition. In this paper, we de-
scribe an approach to this problem which is well suited to
surveillance applications with poorly constrained viewing
conditions. It integrates motion-based tracking with model-
based face detection to produce segmented face sequences
from complex scenes containing several people. The motion
of moving image contours was estimated using temporal
convolution and a temporally consistent list of moving ob-
jects was maintained. Objects were tracked using Kalman
filters. Faces were detected using a neural network. The
essence of the systemisthat the motion tracker isableto fo-
cus attention for a face detection network whilst the latter is
used to aid the tracking process.

1 Introduction

In order to analyse and recognise peoples faces in re-
alistically unconstrained environments, robust tracking and
segmentation is a prerequisite. This provides a sequence
of face images normalised with respect to scale and image-
plane trandation. Although such anormalisation processis
often treated as a separate preprocessing step, it is of course
an inherent part of face recognition. The ability of a sys-
tem to produce a normalised face sequence implies that it
recoghisesfacesas auniqueclass of objectsandin amanner
which exhibits invariance under many possible transforma-
tions. These transformations include changes in illumina-
tion, changes of aface’sorientation and positionin 3D space
relativeto the camera, and changesin the motion of theface.
The need for such invariancesiswhat makes consistent face
recognition difficult in surveillance applications.

Two broad approachesto the representation and tracking
of moving objects are motion-based and model-based. Both

* The research was in part funded by EPSRC Grant GR/K44657 and
EC Grant CHRX-CT94-0636.

methods have their relative strengths and weaknesses and
seem to be complementary [9]. Motion-based approaches
depend on arobust method for grouping visual motionscon-
sistently over time[10]. They tendto befast but do not guar-
antee that the tracked regions have any meaning. Model-
based approaches, on the other hand, can impose high-level
semantic knowledge more readily but suffer from being
computationally expensivedueto the need to copewith scal -
ing, trandlation, rotation and deformation.

In this paper, we propose a system for tracking faces
which combines motion-based and model -based representa-
tions. We suggest an integrated face detection-tracking sys-
tem with a closed-loop in which a motion-based tracker is
used to reduce the search space for a model-based face de-
tection whilst the latter is used to aid the motion tracking
and resolve ambiguities in the grouping of visual motion.
Our system outputs segmented face sequences suitable for
facerecognition from scenes containing several people. The
availability of face sequences as opposed to isolated images
then allowsthe use of temporal informationto help constrain
the recognition task [20].

It isworth noting here that in applicationssuch asH.C.1.
and access control, face detection and tracking are often
less demanding (see e.g. [19]). Thereis usualy a single
user whose face fills a large proportion of the field of view
at a resolution sufficient for localisation of facial features.
In contrast, applications in surveillance complicate the task
with poor spatial resolution and the need to handle multi-
ple moving objects in real-time sequences [4], some or all
of which may possess visible faces.

The remainder of this paper is arranged as follows. Sec-
tion 2 describes a motion-based tracking system. Section 3
briefly reviews techniquesfor face detection in static scenes
and describes the model-based matching method used by
our system. Section 4 discusses the integration of the two
techniquesand describesthe performanceof theoverall sys-
tem. Finally, in section 5 we draw some conclusionsfor use
in future work.



2 Tracking multiple motions

In surveillance applications, we should like to track sev-
eral people against acomplex background using a stationary
monochrome camera. This section describes such atracker
comprised of motion detection, grouping, temporal match-
ing and Kalman filters.

Visual motion can be best estimated at moving image
contours where such estimates are likely to be most rele-
vant and reliable [3, 7]. This can be effectively achieved
by convolving the intensity “history” of each image pixel
I(x,y,t) with the second order temporal derivative of a
Gaussian function G(t) which yields an image of temporal
zero-crossings S(z, y, t):

0?G(t)
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The motion of an edge in the image sequence then produces
such atemporal zero-crossingin S(z, y, t) at thelocation of
the edge in the middle frame of the “history” used for the
temporal convolution [7]. Global illumination changes and
even changes in the intensity level of static objects do not
result in such zero-crossings. The normal componentsof vi-
sual motion can be estimated from the partial derivatives of
S(zx,y,t)[3, 7]. Figure 1 shows an image from a sequence
of two people walking through our laboratory along with its
temporally filtered image (in the middle) and the detected
temporal zero-crossings (on the right).

For each frame, the detected temporal zero-crossingsare
clustered. Each cluster should correspond to a moving ob-
ject although in practice thisis not always the case with ob-
jects occasionally splitting into several clusters or separate
objects merging into a single cluster. In the current imple-
mentation, clustering is performed using only the Euclidean
distances between thetemporal zero-crossings. Each cluster
ismodelled by its centroid and the standard deviations of its
zero-crossings in the directions of the = and y image axes.
Obviously, modelling the spatial extent of an object by as-
suming a Gaussian distribution of moving edge pixelsis a
crude approximation. A more detailed shape model could
be used (e.g. [24]). A temporally consistent list of clus-
tersis maintained by performing time-symmetric matching
[25]. Forward matching selectsthe nearest cluster inthe cur-
rent frame whilst reverse matching selects the oldest candi-
date cluster. Inthismanner, clustersare consistently tracked
even if they are sometimes erroneoudy split into several
smaller clusters. Given asufficiently highratio of framerate
to image-plane velocity, normal components of visual mo-
tion can be used to improve the clustering process and in
particular to help segment occluding objects with differing
visua motions.

In our system, Kalman filters are used to robustly track
theclustersin thecluster list based on measurementsof their

S(x,y,t) = « I(x,y,1)

position, motion and shape. The coordinates of a cluster’'s
centroid are modelled by a system model describing its po-
sition, velocity and acceleration. For the 2 coordinate (and
similarly for i), an update conditionisgiven by [11, 15, 27]:
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Where vace and vpos are noise covariancesfor assumptions
about constant accel eration and position estimation. A mea-
surement model is given by

Zkt+1 = Xk+1 + W

where xi 1 iSthe actual state vector at time ¢, and w is
a noise covariance vector for measurement errors. zy 1 is
the observation vector at time ;. Clusters can be simply
modelled as having constant height (h¢) and width (wg). An
appropriate system model is
hir1 = hg +vn, W1 = wg + vy

where v, and v,, are system noise, and the corresponding
measurement model is then given by

2kl = M1 +u, 2pp1 = Wrr1 +u

where u iS measurement noise.

The bounding box of a cluster isonly initialised after the
cluster has been tracked for four frames. A cluster is then
assigned a “persistence” parameter, p, and will be main-
tained even in the absence of a matching cluster for up to
p frames!. This allows objects to be tracked for short pe-
riods of time despite clustering errors or an absence of de-
tected motion. The left-most image in Figure 1 shows an
example of estimated bounding boxes for the tracked ob-
jectsand their “heads’. The system successfully tracks mul-
tiple moving objectsin the absence of occluding motions. It
has been implemented using a Datacube with MaxVideo250
board for acquisition, image sampling, spatial and temporal
convolution. The system can currently track objects at ap-
proximately 5Hz with a spatial resolution of 189 x 144 pix-
els.

Tracking faces based on motion information aloneis of -
ten insufficient and computationally under-constrained, es-
pecially with multiple objects moving closely or under oc-
clusions. If itisassumed that atracked objectisaperson, the
location of the head can be estimated relative to the tracked

LCurrently, p is set to 10. Thisislargely dependent on the frame rate of
the video signals.



Figure 1. The motion-based tracker. Left: An image from a sequence taken in our lab with bounding
boxes for the tracked people and their heads overlaid. Centre: Theimage after temporal convolution.

Right: Detected temporal zero-crossings.

bounding box using some simple heuristics, as shown in
Figure 1. However, such acrude approach can beeasily bro-
ken down under most operational conditionsin surveillance.
Anadditional “face model” hasto be present in order to con-
strain the problem.

3 Modd-based face detection

Ideally, techniques for face detection are desired to per-
form across a range of lighting conditions, spatial scales,
head poses and at least small changes in image-plane ori-
entation. They should also detect faces irrespective of hair-
style, facial expression and the presence or absence of spec-
taclesand make-up. Herewe give abrief review of methods
employed for face detection in static scenes before describ-
ing the method used in our system whichis designed to find
facesin dynamic scenes.

Static faces can be detected based upon simple shapein-
formation by using ellipse fitting or eigen-silhouettes [14,
22]. However, arobust method should incorporateinforma:
tion regarding the internal structure of faces. The property
of facial symmetry hasbeen used to align faces[14]. Colour
provides a useful cue through the detection of natural skin
tones[23, 29] and texture measures have al so been incorpo-
rated [5]. The detection of local facial features (e.g. eyes,
nose, lips) using photometric measurements appears to be
unreliable and must be coupled with a model of the spatia
arrangement of these features[2, 12]. At low spatial resolu-
tion such an approach would be even less robust.

A morepromising approach for our purposesisthe use of
photometric representations which model faces as pointsin
large multi-dimensional hyperspaces. The spatial arrange-
ment of facial featuresisthen implicitly encoded within an
“holigtic” representation of the internal structure of a face.
In this detection framework, image patches are classified
as either ‘face’ or ‘non-face’ vectors. A naive example of
this approach could be the use of template matching of raw

image intensities. Turk and Pentland [28, 18] suggested
matching linear combinations of “elgenfaces’ asamorero-
bust aternative. In a refinement, probability density esti-
mates for a “face class’ were obtained using either Gaus-
sian or Mixture-of-Gaussians density modelsin a principal
sub-space of the image hyperspace [17]. Several classifiers
have aso been trained using images that contain non-face
aswell asface patternsin order to more accurately estimate
the distribution boundaries of the face class. For example,
Burel and Carel [1] used a vector quantization network to
cluster face and non-face data while Sung and Poggio [26]
used 12 Gaussian clusters (6 face and 6 non-face) to model
the face class distribution. Both used a multi-layer percep-
tron (MLP) to classify theclustered data. Inordertoobtaina
low false-positiverate?, non-facepatternslying near thetrue
decision boundary were needed. These patternslie “close’
to the distribution of face patterns and are therefore easily
confused. Theintuitiveideaisthat aclassifier with decision
boundariestrained to cope with these difficult non-face pat-
terns will also be able to correctly classify easier non-face
patternslying “further” from face patternsin representation
gpace. Such confusable non-face patterns can be selected
using an iterative training method in which patterns incor-
rectly classified as faces are included in the training set for
futuretraining iterations[16, 1, 26, 21].

A weakness inherent in all these “holistic” methods is
the representation of images as raster vectors without any
coding for 2D topology or local spatial arrangement. Neu-
ral networks with locally connected receptive fields (RF's)
have been suggested as a way to build in such knowledge.
Fogelman-Soulie et al. [8] employed weight-sharing RF's
as used in time-delay neural networks to extract local fea-
turesirrespective of position on the input image. Rowley et
al. [21] trained an MLP with square and horizontally elon-
gated RF's obtaining good resullts.

2False-positive rate is defined as the fraction of non-face patterns incor-
rectly classified as face patterns.



Figure 2. Left: Example output from a neural network based static face detector at a given scale.
Erroneous detections occur due to “face-like” patterns. Right: Example output when the motion-
based tracker and the model-based face detector are combined.

Our system uses a similar approach to that of Rowley et
al.. A network was trained to detect frontal or near-frontal
views. Other networks could be similarly trained to detect
faces at different pose angles in order to build a hierarchi-
cal view-based detector exhibiting pose invariance. Face
training images were normalised with respect to orientation
and scale as described in [21]. An ova mask was applied
to the resulting images (see Figure 3). The remaining win-
dows consisted of 320 pixels. Both Sung and Poggio [26]
and Rowley et al. [21] used alinear shading correction and
histogram equalisation. Since we wished to minimise the
amount of preprocessing needed during network operation
we merely subtracted the mean intensity and divided by the
standard deviation of the intensity valuesin the window.
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Figure 3. Examples of the face images used
for training the neural network. The lower
image shows the mask used.

One thousand face images were assembled from vari-
ous face databases most of which were publicly available
(see Acknowledgements). The mgjority of faces came from
the Usenix face database. Non-face patterns were extracted
from a database containing 70 images of indoor and out-
door scenes. The training set was expanded by rotating the
facesthrough 10° and scaling them to 90% and 110%. This
forced the network to learn tolerance to small amounts of
scaling and rotation in theimage-plane. Invarianceto larger
changesin scale was obtained by using the network to scan
imagesin apyramid. A total of 9000 face imageswere used

duringtraining. Some examplescan beseeninFigure 3. An
MLP was trained using back-propagation with iterative se-
lection of false-positive non-face patterns.

The left image in Figure 2 shows the output of a neural
network when used to scan an image at one particular scale.
Thisexampleillustrates some of the weaknessesinherentin
this form of static scene detector. Since an image contains
avery large number of network sized patches, the detector
must achieve extremely low false-positive rates. The num-
ber of false-positives can be reduced by discarding isolated
detections and merging overlapping ones [21]. However,
there will always exist non-face image patches which when
taken out of their spatial and temporal context appear “face-
like”

4 Tracking faces

Face detection by matching all possible sub-imageswith
a2D model iscomputationally infeasiblein dynamic scenes.
In our system, motion-based tracking is used to focus atten-
tion for this matching process. Motion prediction provides
both the scale and the location for the face matching. Face
pose could also be estimated using prediction since thisalso
varies smoothly over time. The matching process need not
localise the face correctly in every frame in order to track it
successfully.

A further benefit of combining motion-based tracking
with model-based matching is the ability to provide feed-
back from the matching process to the tracking process. A
good face match could be used to stabilise the tracker by,
for example, estimating the measurement noiseon-line. The
matching process can a so help to resolve ambiguitieswhich
arise during motion grouping. For example, a cluster which
is consistently found to possess two heads should probably
be split into two clusters.

Once a person is being tracked, their face is searched for
within the estimated head region. Once detected, the face



Figure 4. Example output frames from our system. The three bounding boxes are the object and
head bounding boxes estimated by the motion-based tracker and the face detected in combination

with the model-based face detector.

is tracked using the neural network until such time as sev-
eral frames el apse without astrong face match occurring. At
thispoint, the faceisagain searched for within the estimated
head region of the associated motion cluster.

Figure 4 shows an example of output from the system.
Three bounding boxes are overlaid on the sequence. The
outermost two are the object and head bounding boxesas es-
timated by the motion-based tracker. The innermost box is
produced in combination with the model-based face detec-
tor. Once afaceisdetected it can be tracked despite inaccu-
rate motion clustering and resulting erroneous head region
estimation.

5 Conclusions

This paper has dealt with the task of tracking faces in
complex scenes such as arise in surveillance applications.
A real-time multi-motion tracker was implemented using
Kalman filters to track objects as groups of temporal zero-
crossings. This was combined with a model-based neu-
ral network face detector. Motion-based and model-based
representations provide two complementary approaches to
the tracking problem which when combined ultimately as a
closed-loop system yield more robust solutions than either
approachinisolation. Such asystem hasbeen described and
demonstrated.

Darrell et al. describe a face tracking system for use in
an interactive room which is similar in some respects [6].
Our system isdesigned with adifferent set of applicationsin
mind and as such is based upon a rather different set of as-
sumptions and objectives. It relieson asingle, fixed, uncal-
ibrated, wide-angle, monochrome camera. It does not build
any explicit model of the background and it can track more
than one person at atime.

We are currently investigating the performance of face
recognition based upon the segmented face sequences out-
put by the tracker. Howell and Buxton report some prelim-

inary results[13].

Future work will also be concerned with closer inte-
gration of the motion and model-based approaches as well
as improving their performances in isolation. A number
of avenues for improvement of the face detector suggest
themselves. These include the use of weight-sharing to en-
force symmetry and determination of good receptive field
(RF) structures. Certain RF configurationscould lend them-
selves to real-time implementation on our pipeline hard-
ware. Models for other face views such as 3/4 and pro-
file would increase the robustness of the tracking system by
providing good pattern matches in a higher proportion of
frames. Better mechanismsfor providing feedback from the
model-based matching to the Kalman filters and the group-
ing processes also merit further investigation.
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