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ABSTRACT

This paper presents a real-time system for pedes-
trian tracking in sequences of grayscale images
acquired by a stationary CCD camera. The objec-
tive is to integrate this system with a pedestrian
control scheme for intersections. The system out-
puts the spatio-temporal coordinates of each pedes-
trian during the period the pedestrian is in the
scene. Processing is done at three levels: raw
images, blobs, and pedestrians. Our method mod-
els pedestrians as rectangular patches with a cer-
tain dynamic behavior. Kalman filtering is used to
estimate pedestrian parameters. The system was
implemented on a Datacube MaxVideo 20
equipped with a Datacube Max860 and was able to
achieve a peak performance of over 20 frames per
second. Experimental results based on indoor and
outdoor scenes demonstrated the system'’s robust-
ness under many difficult situations such as partial
and full occlusions of pedestrians.

INTRODUCTION

There is a wedth of potential applications of
pedestrian tracking. These application set certain
reguirements that should be present in the tracking
system. For example, applications pertaining to
virtual reality and performance measurement of
athletes require that certain body parts be robustly
tracked. Security monitoring, event recognition,
pedestrian counting, traffic and pedestrian control,
and traffic flow pattern identification, on the other
hand, require a coarser level of tracking in which
the emphasis is on tracking all individuals in the
scene whose bodies can be considered as single
units. Of course, a system that can perform track-
ing on all different levels simultaneoudly is highly

desirable but until now, no such system exists. A
few systems that tracked body parts of one person
[8,10,15] and two persons [5] have been devel-
oped. It remains to be seen how these systems gen-
eralizeto track an arbitrary number of pedestrians.

The work described in this paper targets the second
category of applications [6,7] (tracking the pedes-
trian as a single unit). Our goal is to integrate this
work with a pedestrian control scheme at intersec-
tions. Severa attempts have been made to track
pedestrians as single units. Baumberg and Hogg
[3] used deformable templates to track the silhou-
ette of awalking pedestrian. The advantage of their
system is that it is able to identify the pose of the
pedestrian. Tracking results were shown for one
pedestrian in the scene and the system assumed
that overlap and occlusions are minima [2].
Another use of the silhouette was made by Segen
and Pingali [12]. In their case, features on the
pedestrian silhouette were tracked and their paths
were clustered. The system ran in real-time but was
not able to deal well with temporary occlusions.
Occlusions and overlaps seem to be a primary
source of instability for many systems. Rossi and
Bozzoli [11] avoided the problem by mounting the
camera verticaly in their system which aimed to
mainly count passing pedestrians in a corridor.
Such a camera configuration, however, may not be
feasible in some cases. Our approach does not have
a restriction on the camera position. More impor-
tantly, we do not make any assumptions about
occlusions and overlaps. Occlusions and overlaps
occur very commonly in pedestrian scenes, and
hence, they cannot be ignored by a pedestrian
tracking system. Therefore, robustness in arbitrary
input scenes with arbitrary conditions is the pri-



Figure 1. Top left: background image. Bottom |eft fore-
ground. Right: difference image showing that a blob
does not always correspond to one pedestrian.

mary motivation of this work. The use of multiple
cameras can alleviate the occlusion problem. Cai
and Aggarwal [4] tracked pedestrians with multiple
cameras. The system, however, did not address the
occlusion problem in particular but rather how to
match the pedestrian across different camera
views. The switching between cameras was done
manually. Smith et al. [14] performed pedestrian
detection in real-time. The system used severa
simplistic criteria to judge whether the detected
object is a pedestrian or not but did not actualy
track pedestrians.

Our system uses a single fixed camera mounted in
an arbitrary position. We use simple rectangular
patches with a certain dynamic behavior to model
pedestrians. Overlaps and occlusions are dealt with
by alowing pedestrian models to overlap in the
image space and by maintaining their existence in
spite of the disappearance of some cues. The cues
that we use are blobs obtained by thresholding the
result of subtracting the image from the back-
ground. Shio and Sklansky [13] presented a
method for segmenting people in motion with the
use of gray scae features. This is an attractive
though costly aternative. Our choice of using
blobs obtained after background subtraction is
motivated by the efficiency of this preprocessing
step even though some information is permanently
lost. In a typical scene, a blob obtained this way
does not always correspond to a single pedestrian.
An example is shown in Figure 1. Thisis the main
source of weakness in many of the systems men-
tioned above which assume a clean one-to-one cor-
respondence between blobs and pedestrians. In our
system, we alow maximum flexibility by allowing

this relation to be many-to-many. This relation is
updated iteratively depending on the observed
blobs behavior and predictions of pedestrians
behavior. Three levels of abstractions are used.
Each level deals with a certain type of data and
retains a state of the data it produces to be used in
conjunction with the data received from the lower
level. The lowest level deals with raw images. It
receives a sequence of images and performs back-
ground subtraction producing difference images. In
the second level, which deals with blobs, difference
images are segmented to obtain blobs which are
subsequently tracked. Tracked blobs are passed on
to the pedestrians level where relations between
pedestrians and blobs as well as information about
pedestrians is inferred using previous information
about pedestriansin that level.

The next section describes the processing done at
the blobs level. The pedestrians level is presented
next. Finally, experimental results and conclusions
are presented.

BLOBS LEVEL

At the blobs level, blob extraction is performed by
finding connected regions of 1's in the difference
image. A number of parameters is computed for
each blob. These parameters include perimeter,
area, bounding box, and density (area divided by
bounding box area). We then use a novel approach
to track blobs regardiess of what they represent.
Our approach allows blobs to merge, split, appear,
and vanish. Robust blob tracking was necessary
since the pedestrians level relies solely on informa-
tion passed from thislevel.

Blob tracking

When a new set of blobs is computed for frame i,
an association with frame (i —1)’s set of blobs is
sought. The relation between the two sets can be
represented by an undirected bipartite graph,
G,(V,,E),whereV, = B,0B,_,. B, and B,_;
are the sets of vertices associated with the blobs in
frames i and i —1, respectively. We will refer to
this graph as a blob graph. Figure 2 shows an
example where blob 1 split into blobs 4 and 5, blob

2 and part of blob 1 merged to form blob 4, blob 3
disappeared, and blob 6 appeared.
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Figure 2. (a) Blobsinframe (i — 1) . (b) Blobsin frame
i . (c) Relationship among blobs.

The process of blob tracking is equivalent to com-
puting G, fori = 1,2,...,n, where n isthe total

number of frames. We do this by modeling the
problem as a constrained graph optimization prob-
lem where we attempt to find the graph which min-
imizes acost function [9].

PEDESTRIANS LEVEL

The input to this level istracked blobs and the out-
put is the spatio-temporal coordinates of each
pedestrian. The relationship between pedestrians
and blobs in the image is not necessarily one-to-
one. A pedestrian wearing clothes which are close
in color to the background may show up as more
than one blob. Partialy occluded pedestrians may
also result in more than one blob or even in no
blobs at all if the pedestrian is fully occluded. Two
or more pedestrians walking close to each other
may give rise to a single blob. For this reason, it
was necessary to make the pedestrians level capa-
ble of handling al the above cases. We do this by
modeling the pedestrian as arectangular patch with
a certain dynamic behavior. We found that for the
purpose of tracking, this simple model adequately
resembles the pedestrian shape and motion dynam-
ics. We now present this model in more detail and
then describe how tracking is performed.

Pedestrian model
Three different approaches for pedestrian modeling
have been attempted. The latter two are based on
the assumption that the scene has a flat ground.
Small variations in ground elevation will still be
tolerated especialy in distant areas. This restriction
can be removed if the scene topology can be deter-
mined a priori.
1. 2-D dynamics and 2-D shape:
The pedestrian is modeled as a fixed size rect-
angular patch whose dimensions are similar to

the projection of the dimensions of an average
size pedestrian located somewhere near the
middle of the scene. The patch is assumed to
move with a constant velocity in the image
coordinate system.
2-D dynamics and 3-D shape:
The pedestrian is modeled as a rectangular
patch whose dimensions depend on its location
in the image. The dimensions are equal to the
projection of the dimensions of an average size
pedestrian at the corresponding location in the
scene. As in the first approach, the patch is
assumed to move with a constant velocity in
the image coordinate system.
3. 3-D dynamics and 3-D shape:
The rectangular patch dimensions are asin the
previous approach but the patch is assumed to
move with constant velocity in the scene coor-
dinate system.
In all these approaches, the patch acceleration is
modeled as zero-mean, Gaussian noise to accom-
modate for changes in velocity. The discrete-time
dynamic system for the pedestrian model can be
described by the following equation:

Xie1 = FX¢+ vy, (1)

N

T .
where x = [x % yy| is the state vector consist-

ing of the pedestrian location, (X, y) and velocity,
(%, y), F is the transition matrix of the system,
and v, is a sequence of zero-mean, white, Gauss-

ian process noise with covariance matrix Q .

Pedestrian tracking
The next five subsections describe one tracking

cycle.

Relating pedestrians to blobs. We use sim-
ple rules to refine the relationship between pedes-
trians and blobs. If a pedestrian was related to a
blob in frame (i —1) and that blob is related to

another blob in the ith frame (through a split,
merge, €tc.), then the pedestrian is also related to
the latter blob. More details can be found in [9].

Prediction. Given the system equation as in the
previous section, the prediction phase of the Kal-
man filter is given by the following equations:



X1 = Xy,

(2)

Pis1=FP,F +Q.

Here, X and P are the predicted state vector and
state error covariance matrix, respectively. x and

P are the previously estimated state vector and
state error covariance matrix.

Calculating pedestrian positions. This step
provides the measurements and the associated error
standard deviation for the Kalman filter. We use a
heuristic in which each pedestrian patch is moved
around its current location to cover as much as pos-
sible of the blobs related to this pedestrian. More
details can be found in [9].

Estimation. A measurement is a location in the
image coordinate system as computed in the previ-

ous subsection, z. Measurements are related to the
state vector by

zy = h(xy) +wy, 3
where h is the measurement function and w, isa

sequence of zero-mean, white, Gaussian measure-
ment noise. h isalinear function in the case of 2-
D dynamics modeling approaches and non-linear
in the third modeling approach. In the latter case,
the extended Kaman filter is used. In either case,
the standard state estimation equations for the cor-
responding filter are applied.

Refinement. At the end of the cycle, we perform
some checks to refine the pedestrian-blob relation-
ships since pedestrians have been relocated. This
step provides mechanisms for splitting pedestrians
walking past each other, pedestrian initialization,
re-acquiring blobs due to occlusions, and handling
groups of people. More details can be found in [9].

EXPERIMENTAL RESULTS

The system was implemented on the Minnesota
Vision Processing System (MVPS) which is the
image processing component of the Minnesota
Robotic Visual Tracker (MVRT). MVPS consists
of a Motorola MVME-147 SBC running real-time
operating system OS-9, a Datacube MaxVideo 20
video processor, and a Datacube Max860 vector
processor.

The three modeling approaches were tested. The 3-
D shape models performed noticeably better than
the 2-D shape model. The 3-D dynamics model,
however, only dightly outperformed the 2-D
dynamics model. The system was tested on severa
indoor and outdoor image sequences. Several out-
door sequences in different weather conditions
(sunny, cloudy, snow, etc.) have been used. In most
cases, pedestrians were tracked correctly through-
out the period they appeared in the scene. Scenar-
ios included pedestrians moving at a slow or very
high speeds, partial and full occlusions, bicycles,
and several pedestrian interactions. Interactions
between pedestrians included occlusion of one
another, repeated merging and splitting of blobs
corresponding to two or more pedestrians walking
together, pedestrians walking past each other, and
pedestrians meeting and then walking back in the
direction they came from. The system has a peak
performance of over 20 frames per second. In arel-
atively cluttered image with about 6 pedestrians,
the frame processing rate dropped down to about
14 frames per second. Figure 3 shows 12 snapshots
from a scene with snow falling. The snapshots span
a sequence of 35 seconds. We also performed a
pedestrian counting experiment for a sequence of
12 minutes in which 124 pedestrians were counted
manually. The system gave a count of 130 making
it successful by over 95%. Most of the failures
were due to bicyclists who were double counted
because the blob they generated was closer to the
size of two pedestrians. There are other cases
where the system failed. Those include highly
crowded images. Other inevitable failures occur
when a pedestrian is almost similar in color to the
background. In this case, if a pedestrian box is
tracking this pedestrian, it will be prone to clamp to
other nearby pedestrians having bigger blobs. Also,
when a pedestrian becomes totally occluded but
then reappears at an unexpected location, the
pedestrian box will loose track. Finaly, in cases
where two pedestrians walk very closely around
each other, their pedestrian boxes may get inter-
changed erroneously.

CONCLUSIONS

We presented a real-time model-based pedestrian
tracking system capable of working robustly under
many difficult circumstances such as occlusions



and ambiguities. For each pedestrian in the view of
the camera, the system produces location and
velocity information as long as the pedestrian is
visible. There are several issues that still need to be
addressed. Spatia interpretation of blobs is one
such issue. In the current system, the only spatial
attribute of blobs taken into consideration is the
blob area. The shape of the blob can give a good
clue on its contents. Use of a priori known scene
topology is another issue that can be considered.
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Figure 3. A number of snapshots from the input sequence in a snowy afternoon overlaid with pedestrian boxes shown
in black.



