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Abstract

This paper considers the problem of designing a real-
time surveillance system, equipped with a single camera on
a pan/tilt platform, to track multiple moving targets within
the camera’s field of regard. The objective is to maintain
motion trajectory information of as many of these targets
as possible, and for as long as possible. Because the cam-
era can only capture a fraction of the field of regard at any
one time, it may not be possible to track all targets of in-
terest at once. The problem can hence be viewed as one of
time-sharing a scarce resource (the camera) among multiple
contending users (the targets). For this, we propose a sys-
temarchitecture that consists of two modules: onethat han-
diesthe high-level time-allocation (target scheduling) issue
within a queuing theory framework, and another that han-
dies low-level localized detection and tracking of a target,
based on principles of recursive filtering (estimation) and
feedback control. Effective operation of the systemrelies on
ability to accurately determine the two key parameters for
each target: how much tracking time to allocate to it, and
how often to re-schedule it.

1. Introduction

Recent years have seen a continued increase in the need
for and use of automatic video surveillance, both in urban
(civilian) and military airborne applications. A surveillance
system istypically comprised of one or more video sensors
(such as cameras), each of which is mounted on a mobile
pan/tilt platform. Because the platform hardware is expen-
sive, making the most use out of each sensor is a worthy
goal. Tothisend, we consider thedesign of anovel real-time
surveillance system that uses a single cameraequipped with
pan/tilt and zoom capabilities, to’ keep track’ of asmany tar-
gets as possible for aslong as possible.

To be able to accommodate multiple targets scattered
anywhere within the camera’s field of regard (and that may

not necessarily be captured within one field of view), the
camera will need to be time-shared among multiple fields
of view, and will stay on any one FOV for only a limited
amount of time. Two main issues arise. Thefirst is, how
and whether it is possible to maintain the trgjectory of atar-
get without continuously tracking it. The second is, how
to manage the time-allocation of the camera among these
contending targets. Accordingly, the system architecturewe
describe in this paper consists of two modules that roughly
handle each one of these issues. Specifically, the two mod-
ules operatein tandem, wherein the planning modul e sel ects
onetarget at atimeto be tracked for a prescribed amount of
time, and the control/tracking module transparently tracks
the designated target within the all otted amount of time.

We shall model the planning module as a queuing sys-
tem that schedules access to a scarce resource (the cam-
eral/platform) among multiple contending users (the targets).
Two key parameters need to be specified for each user in
thismodel: itsservicetime and its think time, which respec-
tively correspond to how much time the control/tracking
module may spend on any one target, and how soon after it
was tracked a target will need to be re-acquired for track-
ing. These two parameters are not known a priori, but need
to be determined by the system. We shall propose heuristic
methods for doing this based on the error covariance of the
motion trajectory estimate provided by the control/tracking
module.

The control/tracking module, on the other hand, will be
modeled as a recursive stochastic filter to estimate the tar-
get’s motion based on noisy measurements of its positionin
the image, and a negative feedback loop to control the ori-
entation of the camera and make sure the target stayswithin
the camera's field of view during tracking.

2. Assumptions

e The platform is stationary, and is equipped with a
pan/tilt mechanism that rotate the camera. The range
of the pan and tilt rotation angles, together with the po-



sition of the camerawith respect to thetargets' surface
of motion, determine the camera’s field of regard. The
internal calibration parameters and the position of the
camera are assumed to be known at all times.

¢ Anexternal mechanism, such asaMoving Target Indi-
cator (MTI), doestheinitial detection of moving targets
inthe camera'sfield of regard and cues our systemwith
their initial 3D positions. The issue of the latent time
between when the target is detected and when it isfirst
scheduled for tracking will be dealt with appropriately
in the planning module.

e The targets are moving on a known surface and their
motion are well- behaved so that their motion is suffi-
ciently modeled with first-order dynamics.

3. Control/Tracking Module

The goal of this module is to track a given moving tar-
get for aprescribed amount of time, and return the estimated
motiontrajectory, which obviously requires adaptive control
of the camerato ensure that the target remains visible. The
module consists of three main computational sub-modules,
that operate in afeedback loop as follows.

e Thetarget detection module providesthelow-level im-
age operations needed to detect the target of interest,
and determine its location in the current image frame.
Theissuesinvolved in thistask have been addressed at
length in previous computer vision literature, such as
[6] [3] [4], and so we will not elaborate on it.

e The data filtering module estimates the target’s 3D
motion trgjectory based on noisy image measurements
provided by the detection module. Here we use a first-
order dynamic model for target motion, and the Ex-
tended Kalman Filter (EKF) agorithm to recursively
estimate the parameters of this model (i.e. positionand

velocity) [1] [9] [7]-

e The camera control module decides when and how to
rotate the camera, based on the estimated 3D position
of thetarget and the current position of the camera, and
taking into account the delay incurred by the actual ro-
tation. Thistask can be solved within theframework of
visua servoing, using any of the solution approaches
proposed in the past, asin [11] [12] [10].

The tracking loop halts when either the detection module
failsto recognize thetarget in theimage over a certain num-
ber of successive frames, or the filter has reached a consis-
tent estimate of the target’s motion parameters (i.e. the error
covarianceof the state estimate has converged stochastically
to a constant value), which will usually occur after a finite

amount of time, provided that thefilter does not diverge, due
tolarge modeling errorsand/or roundoff errorsor lack of ob-
servability [2] [1]. Bar-Shalom, for example, uses two hy-
pothesistests on the innovationsto determinewhen thefilter
has reached a consistent steady state to within some confi-
dencelevel [1].

4. Planning Module

This module implements the high-level multiplexing of
the cameraamong multiple targets moving anywherewithin
the camera’s field of regard. Specifically, it shall maintain a
set of candidates, the tracking set, and select one target at a
time from this set to pass on to the control/tracking modul e.

A first-order dynamic model is used to represent target
motion. The parameters of this model are estimated by the
control/tracking module while the target is being tracked, as
was explained in the previous section. The planning mod-
ule subsequently uses this model to predict forward the tar-
get’smotiontrajectory, until thetarget isscheduled again for
tracking.

The main objectives in the design of this module are to
maximize the degree of multiplexing, defined as the size of
the tracking set, and minimizethe target lossrate, i.e. main-
tain any one target in the tracking set for as long as possible
(without losing it).

The next section describes our implementation of the
planning module agorithm, which is also illustrated via a
flowchart in Figure 1.

4.1. TheAlgorithm

The following points highlight the main aspects of how
the algorithm works.

e The tracking set is initially empty. Tracking candi-
dates, consisting of newly detected targets, areinserted
into this set during the course of thealgorithm. Theini-
tial position, time of detection and an appearance de-
scription are assumed to be specified (by the external
detection mechanism) for each candidate.

e Each target in the tracking set is characterized by two
parameters: the maximum tracking time, denoted by
7, and the maximum inter-tracking time, denoted by é.
The former specifies the maximum time that the con-
trol/tracking module is allowed to spend on the target,
while the latter specifies the maximum time between
consecutive trackings of the target.

e Targetsinthetracking set are stored in a priority queue
in order of expiration time, defined as é time units
from when the target was last tracked. A target that
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Figure 1. Flow chart of planning module op-
eration.

isnot scheduled on or before its pre-computed expira-
tiontimeispresumed lost, and isimmediately removed
from the tracking set.

e The main loop of the algorithm operates as follows.
The first non-expired target in the priority queue is
passed on to the control/tracking module to be tracked
for a maximum amount of time defined by the value
of the target’s . If successful in acquiring and track-
ing the target, the control/tracking module returns an
updated estimate of its 3D motion parameters, and an
associated covariance matrix. These results are used
to update the target's parameters = and 6. Finaly,
the tracking set is augmented or reduced by one target
based on a performance analysis of the system.

4.2. Queuing-based Performance Evaluation

This is the adaptive component of the planning module
algorithm that monitors system performance and determines
how to adjust the workload, i.e. the tracking set, to improve
it. To thisend, we model the system with the single server
gueueshownin Figure 2, and use queuing theory framework
to determine its performance [8] [9].

In this model, customers correspond to targets, the ser-
vice center represents the control/tracking module, and the
delay center the planning module. Each customer isdelayed
for a certain period of time, called the think time in queu-
ing theory terminology, then proceeds to the service center
whereit waitsinthe server queuefor itsturn. Each customer
is serviced for no longer than a pre-specified time, called its
service requirement. Obviously, these two parameters cor-
respond to the target parameters é and =. The think time
and service requirement of all the customersin the queuing
system collectively defineitsworkload, and its performance
is computed as a function of this workload. As such, use-
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Figure 2. System Queueing Model.

ful performanceindicators of our system can hence be com-
puted based on the targets’ 6 and = parameters, namely:

e Utilization: U = 3527 - Tes

e Throughput: X = 5702 —1—
where . and é,. are the think time and service requirement
of the e-th customer, respectively.

4.3. Computation of Target Parameters

The planning algorithm above is essentially a schedul-
ing strategy that allocates targets in time dots, one target
per slot. Two parameters are instrumental to this allocation
scheme; the length of atarget’s time dot, and the time be-
tween any two consecutive slots allocated to atarget, which
respectively correspond to the two target parameters  and
8.

Asexplained section 3, tracking atarget requires that the
Kalman filter at least reach a consistent state within agiven
level of confidence. The length of time this might takeis a
random variable, and isnot easily determined apriori, with-
out actually running the Kalman filter. Therefore we simply
estimate = empirically based on observed values of the ac-
tual tracking time (i.e. the actual timethat the Kalman filter
took to reach a consistent state), denoted r,.

Theinter-tracking time é is determined heuristically as a
function of the error covariance of the predicted target po-
sition as follows. During the time that a target is not being
tracked, its motion is predicted forward based on its motion
model. However, becausethe state prediction error accumu-
lates over time, we need to determine the maximum inter-
tracking time 6 suchthat thiserror isnot 'too large’ astoim-
pedetarget re-acquisition. For this, wedeveloped aheuristic
method that computesfor any é the probability that thetarget
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will lieinside thefield of view centered at the predicted 3D
position of thetarget. Thenweused abinary search with ob-
jective function being this probability. The assumption here
of courseis that this function is strictly monotonous.

5. Experiments

To test the design and performance of our system, we
designed simulation experiments based on synthetic targets
moving on aplane. Thevariouscomputational modulespro-
posed in this paper were implemented in C++, except for
the vision sub-module, which we simulated as a’ black box’
with a certain failure rate (i.e. failure to detect the target
when it isindeed in the field of view). This experimental
framework can serve as a design tool of real implementa-
tions of the system. By setting the proper values of the var-
ious control parameters to match the surveillance situation
of interest, the framework can be used to predict the perfor-
mance of the system.

Toillustrate, we tested the system within atypical urban
surveillance setting, as afunction of camera turn delay and
video frame rate. Figure 3 below shows the results for one
performance measure, theratio of thetotal tracking of atar-
get and the total time the target has remained in the camera
field of regard.
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Figure 3. Ratio of total tracking time as a func-
tion of frame rate and camera turn delay.

6. Conclusions

This article presented the design of a novel surveillance
system for tracking multiple targets in a wide area using a
single narrow-field-of-view camera. The system so far has
only been tested off-line on synthetic data. In the future, we
aim to extend the current implementation of the system to
handle real-time operation. Alternative, more robust heuris-

tics for computing the target multiplexing parameters will
also be investigated.
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