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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 is typically 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 expensive,
making the most use out of each sensor is a worthy goal. To this end,
we consider the design of a novel real-time surveillance system that uses
a single camera equipped with pan/tilt and zoom capabilities, to "keep
track’ of as many targets as possible for as long as possible.

We assume the targets are scattered anywhere within the camera’s
field of regard !, i.e. they may not necessarily be captured within one
field of view. Hence, to accommodate multiple targets at once requires
that we aim the camera at different points of the field of regard, for
limited amounts of time. Two main issues arise. The first is, how (and
whether it is possible) to maintain the trajectory of a target without con-

1The camera field of regard (FOR) is defined as the union of all fields of view over the entire
range of the pan and tilt rotation angles.
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tinuously tracking it. The second is, how to manage the time-allocation
of the camera among these contending targets.

The solution we describe in this paper consists of two independent
main modules that operate in a cyclical loop: a planning module and
a control-tracking module, as shown in the block diagram of Figure 1.1.
The planning module handles the time-allocation problem by selecting
one target at a time to be tracked for a prescribed amount of time. The
control-tracking module tracks the 3D motion of the designated target
within the allotted amount of time, based on image measurements taken
by the camera at a fixed frame rate.

The goal of the control-tracking module is to minimize the error co-
variance of the motion estimate, and to spend as little time as possible
on each target without sacrificing certainty. We design this module as a
recursive data filter and a (negative) feedback controller. The filter es-
timates the target’s motion based on noisy measurements of its position
in the image, and the feedback controller controls the orientation of the
camera to make sure the target stays within the camera’s field of view
during tracking. When successful, the control-tracking module returns
the target’s motion trajectory, which the planning module subsequently
uses to predict forward the motion of this target during the time that it
is not being tracked.

The planning module essentially schedules access to the control-tracking
module among a mazimal set of (contending) targets. We design a
scheduling scheme that is a function of two key parameters to be defined
for each target: (i) the length of each target’s time slot, and (ii) the time
between any two consecutive time slots allocated to it. Obviously, the
former corresponds to the amount of time the control-tracking module
may spend on the target, and the latter corresponds to its inter-tracking
time. In order to maximize the number of tracked targets without over-
loading the system, the proposed scheme also dynamically adjusts the
workload (number of targets handled at once) based on measured perfor-
mance of the system. Performance analysis and modeling here is done
within the framework of a single-server closed queuing model. This
model is particularly fitting, since we can view the system as a set of
users (the targets) contending over access to a scarce resource (the cam-
era).

The rest of the paper is organized as follows. In Section 2, a brief
survey of previous related work is presented. In Sections 4 and 5 we
discuss the implementation details of the control-tracking module and
planning module, respectively. In Section 6, we present the methodology
and results of simulations carried out on the system with data extracted
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Figure 1.1 System Architecture.

from real sequences. Finally, in Section 7 we give a conclusion of our
findings and directions for future work.

2. RELATED WORK

While to our knowledge the problem of using a single camera to track
multiple targets in its FOR has not been addressed before, target track-
ing is a recurrent problem in computer vision [7] [4] [9]. The scope
and approach of each attempt at this problem vary in many ways; in
terms of the number of cameras used (i.e. monocular, binocular, etc.),
whether the tracking is done in 2D or 3D, whether the camera is station-
ary or moving, the use of kinematic models and/or dynamic constraints
to represent the motion of the moving objects, the motion computation
technique (e.g. correlation matching, temporal gradients), and the mo-
tion correspondence algorithm [5]. Since we are using only one camera,
the literature on monocular tracking is of special interest to us.

Another useful body of work comes from the robotics and control
literature, specifically that regarding visual servoing and camera fixa-
tion [14] [15] [13] [2]. The problem here is: how to aim the camera such
that the projection of some desired 3D point of a moving object lies
in some desired position in the image. The solution approach usually
consists of a feedback control mechanism that uses visual information
(namely a measurement of the location of the desired feature in the im-
age) to adjust the attitude and/or position of the camera. Some of the
issues involved in this problem are handling camera jitter, as well as turn
delays (and possibly computational delays) in the control loop.

3. ASSUMPTIONS

m  The platform is stationary, and equipped with a pan/tilt mecha-
nism to rotate the camera. The internal calibration parameters



and the position of the camera are assumed to be known at all
times.

»  An external mechanism, such as a Moving Target Indicator (MTI),
does the initial detection of moving targets in the camera’s FOR
and cues our system with their initial 3D positions.

m The targets are moving on a known surface and their motions are
sufficiently modeled with first-order dynamics.

4. CONTROL-TRACKING MODULE
4.1 OVERVIEW OF OPERATION

The goal of this module is to track a given target for a prescribed
amount of time, and return the estimated motion trajectory. This task
requires acquisition (i.e. recovery) of the target track, maintaining it
for the given amount of time, and adaptively controlling (reposition-
ing) the camera so that the target remains visible throughout tracking.
The module is decomposed into three main computational sub-modules,
operating in a feedback loop as illustrated in Figure 1.2.

The target recognition sub-module determines the 2D location of the
target of interest in each image frame. This can be achieved for example
via appearance matching within a search window around the target’s
predicted position in the image. The data filter sub-module estimates
the target’s 3D motion trajectory based on noisy image measurements
provided by the detection sub-module. Here we shall use a first-order
dynamic model to represent target motion, and the Extended Kalman
Filter (EKF) algorithm to recursively estimate the parameters of this
model (i.e. position and velocity) [1] [6] [8]. Finally, the camera control
sub-module computes the rotation of the camera required to keep the
target visible during the tracking interval, based on the predicted 3D
position of the target and calibration parameters of the camera.

4.2 EXTENDED KALMAN FILTER

The Kalman filter is a recursive stochastic estimator that is known
to be optimal (in the minimum mean square, MMSE, sense) for lin-
ear systems driven by Gaussian white noise, but is otherwise only the
best linear estimator [1] [6]. Albeit there exist less restrictive (more
distribution-free) estimators, such as the condensation algorithm which
is particularly useful for multi-modal noise [10], we shall use the Kalman
filter in this paper, due to its simplicity and computational efficiency.
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Figure 1.2  Control-Tracking Module.

4.2.1 Stopping Criteria. The filter need only be iterated until
the state estimate has become consistent, which means both that the
error covariance of the state estimate has converged stochastically to
a constant value, and that its error covariance is equal to the filter-
calculated covariance Py:

lim Py = lim E{[iy - 2]’} = P.

The filter-calculated covariance Py indeed converges to a steady value
P (which corresponds to the solution of the Ricatti equation) only is
the system is stationary (time-invariant) and driven by white noise [1].
Moreover the rate of convergence depends on the magnitude of modeling
errors, observability problem and roundoff errors, all of which may cause
the filter to diverge [3].

In real data applications, we can check whether the above consistency
condition holds to within a reasonable level, in a statistical sense, via
two hypothesis tests on the innovations [1]. One test checks whether
the innovations are unbiased and consistent with the filter-calculated
covariance, and the other checks whether the innovations are white (i.e.
uncorrelated in time). The acceptance of these two hypotheses tests at
some confidence level v (7 = 95% is reasonable) can hence be used as
the filter stopping criterion.
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5. PLANNING MODULE
5.1 OVERVIEW OF OPERATION

This module implements the high-level multiplexing of the camera
among multiple targets moving anywhere within the camera’s field of
regard. For this, it shall maintain a set of candidates, the tracking set,
from which it selects one target at a time to pass on to the control-
tracking module, in some round-robin-like fashion.

As we explained in the previous section, the control-tracking mod-
ule uses a first-order dynamic model to represent target motion, and
provides an estimate of its motion trajectory of the target during the
tracking interval. The planning module can then use the final position
and velocity estimates of a target (i.e. at the last step of its tracking
interval) to predict forward its trajectory during the time that it is not
being tracked (and until the target is scheduled again for tracking). A
flowchart of the planning algorithm is depicted in Figure 1.3.

The tracking set is initially empty. Tracking candidates, consisting of
moving objects that are independently detected by the external detec-
tion mechanism, will be inserted into this set as necessary, as we shall
explain shortly. The detection mechanism presumably provides the ini-
tial position and time of detection for each candidate. Each target in the
tracking set is characterized by two parameters. The maximum tracking
time, denoted by 7, specifies the maximum time that the control-tracking
module is allowed to spend on the target. The maximum inter-tracking
time, denoted by 6, specifies the maximum time the target can be left
un-tracked. Finally, the tracking set is implemented as a priority queue,
in which targets are stored in order of expiration time, defined as é time
units from when the target was last tracked; A target that is not sched-
uled on or before its pre-computed expiration time is presumed lost, and
is removed from the tracking set.

In the following two sections, we discuss the algorithm’s two main
computational modules in more detail. The first computes the two char-
acteristic parameters of each target (7 and §), and the other computes
system performance and adjusts the tracking set accordingly.

5.2 COMPUTATION OF TARGET
PARAMETERS
5.2.1 Maximum Tracking Time. This parameter is an upper

bound on the amount of time the control-tracking module needs to spend
on a target. As discussed in Section 4.2.1, this is determined by how long
the Kalman filter takes to reach a consistent state (at a given level of
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Figure 1.3 Flow chart of planning module.

confidence). Because we cannot determine this value a priori, instead
we estimate it empirically as follows. When a target is first added to
the tracking set, its 7 is initialized to some large value 7,,4,. Then,
after each time the target is tracked, we set 7 to the median of all the
actual tracking times (i.e. the time that the Kalman filter took to reach
a consistent state) observed so far for that target.

5.2.2 Maximum Inter-tracking Time. When a target is not
being tracked, its motion trajectory (and error covariance) is predicted
forward until it is scheduled again for tracking. Prediction error accu-
mulates over time due to uncertainty of the motion model, and at some
point will become so large as to impede target re-acquisition upon its
next visit to the server. Obviously, re-acquisition is possible only if the
actual position of the target is inside the camera’s field of view at this
time. As such, we shall define ¢ as the largest inter-tracking interval such
that the target can still be found within FOV (X5) with some confidence
1 — a, namely:

6 = Max {Pr{Xy € FOV(Xp)}>1-a})

where X, and X}, denote the true and predicted positions respectively at
time &, Iy, the error covariance of the latter, and FOV (X) the camera’s
field of view when its optical axis is aligned with X

Since prediction error increases over time, and assuming the area of
the field of view does not increase over time significantly enough, the
probability v, = Pr{X; € FOV(Xk)} is a decreasing function of k. In
other words, our confidence in detecting the target within the predicted
field of view diminishes over time. Thus, 6 can be determined via a
binary search on k, with v, as the objective function, and using some
appropriate initial search interval [k, Kmaz]-



Exact evaluation of 41 in real-time can be prohibitively expensive, as
it requires integration of the probability density function of X}, over the
FOV area, and the latter generally takes on the shape of an irregular
quadrangle. We circumvent the need for this expensive computation
by exploiting a property of the iso-probability contours of the Gaussian
distribution. Namely, assuming the Gaussian white noise assumption
holds, X has a bivariate GGaussian distribution with mean Xk and error
covariance 1. Furthermore, for any bivariate random variable y with
mean ju, the (1 — a)100% iso-probability contours are ellipses with the
following property:

Priy=p" S (y-p <)) =1-a

where X2 (a) is the (1 — a)100% percentile of the Chi-square distribu-
tion. Thus we shall instead binary-search for the largest k£ such that
the (1 —a)100%-contour is circumscribed within FOV(X}), a relatively
straightforward task, so that v, > 1 — a, as desired.

5.3 QUEUING-BASED PERFORMANCE
ANALYSIS

This is the adaptive component of the planning module algorithm
that dynamically adjusts the tracking set in order to maximize system
performance.

Because our system can be viewed as multiple users (targets) con-
tending for access to one scarce resource (the camera), we shall use the
single-server closed queuing system shown in Figure 1.4 to model its per-
formance. Performance modeling is a powerful tool in systems analysis.
It is useful for predicting the values of performance measures of a system
from a set of workload parameter values [11] [12].

In this queuing model, customers correspond to targets, the service
center represents the control-tracking module, and the delay center the
planning module. Each customer remains for a certain period of time
in the delay center, then proceeds to the service center where it waits
in the server queue for its turn (on a First-In-First-Out basis). Finally,
once a customer is serviced it either goes back to the delay center (if it
needs more rounds of service), or exits the system altogether.

The queueing system is defined by its input parameters and perfor-
mance indicators. The input parameters are the Think Time, T;, defined
as the average time a customer remains at the delay center, the Service
Requirement, S;, defined as the average amount of time a customer needs
in any one visit to the server, and the Degree of Multiprogramming, N,
defined as the number of customers present in the system at once, and
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Figure 1.4 System Queueing Model.

hence corresponds to the number of targets in the tracking set. The
workload of the system is collectively defined by the think time and ser-
vice requirement values of all customers currently in the system. The
performance indicators of interest to us are the Server Utilization, U, de-
fined as the percentage of time the server is being used, during a given
time, and the Response Time, W, defined for each customer as the av-
erage time elapsed between when the customer enters the queue and the
time it is serviced.

In order to control (adjust) the degree of multiprogramming to max-
imize the performance of the system without overloading the system,
we devise an iterative algorithm wherein the workload is initialized by
setting S; = 7 and 1; = 6; — Wyrax for each customer (1 < ¢ < N).
Wharax is an initial guess of the maximum response time. T; is initial-
ized this way so that é; < T; + W,, as desired. The algorithm iterates
for a given maximum number of iterations, or until it reaches steady
state, i.e. when Ve¢,6; = T; — W; and U > Upax. Uprax is a design
parameter specifying the upper bound on system utilization. The Mean
Value Analysis (MVA) [11][12] is a technique used to determine the val-
ues of the various performance measures as a function of the workload
parameter values.

6. EXPERIMENTS

The methods developed herein were implemented in C++ and tested
on a Dual Pentium processor. For current lack of the hardware nec-
essary for real-time operation (i.e. a controlable pan/tilt camera), we
simulated our system with synthetic data as well as data extracted from
real video sequences. This data constitutes the actual (i.e. ’ground
truth’) 3D trajectories of the targets, which are then 'perturbed’ to ob-
tain the measurements that drive the data filter. Obviously this data
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replaces the vision sub-module. In the sequel, we shall only explain the
simulations done with real sequences, because they are more interesting
(and because of space limitations).

The video sequence depicts a typical urban outdoor surveillance set-
ting, wherein eleven people are walking randomly, in different directions,
at a various paces in a more or less linear fashion. The camera used has
a wide-angle field of view (a focal length of 67mm and image size of
720x480 pixels), and is kept stationary throughout the sequence. The
actual target trajectories in the sequence were determined via a simple
2D detection tracking algorithm (see for example [7]). The results were
subsequently inspected by hand to correct any errors in the algorithm.
In order to simulate the switching of the camera viewpoint, we let the
actual field of view be the (virtual) camera FOR, and the image plane be
50x30 pixels (instead of the actual 720x480) corresponding to a virtual
narrow field of view. Figure 1.5 shows the virtual fields of view (the
yellow quadrangles), with their centers connected by the red poly-line,
over the first 100 frames of the sequence.

Figure 1.5 Virtual field of view of the camera for the first 100 frames of the sequence.

6.0.1 Results. Figure 1.7 below shows a plot of the degree of
multiplexing throughout the sequence, and Figure 1.6 shows the trajec-
tories of two of the tracked targets. The red line represents the actual
trajectory and the green line represents the filter-estimated trajectory.
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(a) First target. (b) Second target.

Figure 1.6 Estimated and measured trajectories of two of the multiplexed targets.
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Figure 1.7 Degree of multiplexing vs. time.

7. CONCLUSIONS

This paper 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 two target parameters will also be investigated.
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