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Abstract

This paper describes a system for automatically acquiring
high-resolution images by steering a pan-tilt-zoom camera
at targets detected in a fixed camera view. The system uses
a novel method to automatically calibrate between multi-
ple cameras, estimating the homography between the cam-
eras in a home position, together with the effects of pan and
tilt controls and the expected height of a person in the im-
age. These calibrations are chained together to steer a slave
camera. In addition we describe a simple manual calibra-
tion scheme.

1. Introduction
In any computer vision application, there is some minimum
resolution for which the desired processing is practical or
effective. For instance, in face recognition, surveillance and
audio-visual speech recognition, sufficiently high resolution
images of the face are necessary for recognition (by human
or machine) to be practical. The area of coverage of such a
system is usually limited by the need for resolution.

Additional coverage can be achieved by adding cameras
at additional expense, for cameras and processing power,
and increased architectural complexity for the system. Re-
cently, high resolution cameras have offered an alternative,
but still at additional cost for cameras and processing. A
further option, explored here, is the use of zoom cameras
that use a foveation strategy to direct the sensor elements
available to a region of interest. The problem is now one of
controlling the zoom camera so that the desired behaviour
is achieved.

Here, one option is to have a single camera that tracks
regions of interest, but is oblivious to events going on be-
yond its current narrow field of view [2]. Alternatively
two-or more cameras can be combined, with one giving an
overview of the scene, from which is derived information
for the control of the zoom camera. Now the problem be-
comes one of relating the views of the two cameras. Again
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previous solutions have been proposed, including the use
of colocated cameras, whose viewpoints are assumed to be
identical, or learning a linear mapping from manually es-
tablished correspondences [10]. Previously, we have used
two or more calibrated cameras [5] to triangulate an object’s
position and determine the steering parameters for a third,
pan-tilt-zoom camera that is calibrated to the same coordi-
nate system. Kang et al. [6] have described a system that
tracks across moving and stationary cameras, but this sys-
tem also requires calibration between the cameras.

In this paper we propose two methods that allow a steer-
able camera to be automatically steered to a region of inter-
est determined from the view of a second, fixed camera, do-
ing away with both the calibration and the need for two fixed
cameras in our previous scheme. One method, described in
Section 2, uses a manual registration stage and the other,
described in Section 3 is based around a system for auto-
matically learning the homography between the cameras in
some home position, and learning the effect of pan/tilt/zoom
on the steerable camera. Combining these with a camera
control policy, we have created an automatic camera con-
trol system.

This system has been deployed in a surveillance scenario
to achieve automatic multi-resolution data. From a wide-
angle, fixed camera view, we acquire information about the
location and general behaviour of objects, but from the au-
tomatically steered zoom camera, details of the object ap-
pearance are available at much higher resolution.

2. Control without calibration
One simple way to achieve the desired link between posi-
tions in one camera’s view to steering parameters for a sec-
ond camera, is simply to set up a look-up table. We built an
initial system using this method and have used it to investi-
gate the design of an automatic camera control system be-
fore constructing an automatic calibration module that does
away with the need for the manual look-up table.

In this system, a number of cameras are available, any
of which may be fixed or steerable. The fixed cameras are
termed “masters” and in these we run our standard tracking
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algorithms that use background subtraction to detect mov-
ing objects and track these objects through occlusions to
maintain object tracks. Tracks and object appearances are
transmitted to a central database where they are available
for subsequent search and play-back. This “Smart Surveil-
lance System” is described elsewhere [4].

The system is manually calibrated by designating a num-
ber of target areas or regions of interest (particularly such
areas as entrances, high traffic areas etc.) in the master cam-
eras’ views. These target areas are associated with ’bead’
positions (p, t, z) for any or all of the slave pan-tilt-zoom
cameras. Using a graphical user interface, the operator
draws the region of interest, and steers the corresponding
slave to the bead position to establish the correspondence.

Figure 1: A master camera’s view tiled with regions of in-
terest each tied to a bead location of a slave camera. Each
slave may have such a tiling in each master view.

In operation then, the system tracks objects in the master
camera, and predicts the location forward in time using a
first order model. These locations are then compared to the
set of regions of interest for each of the slave cameras and, if
a match is found, the camera is steered to the corresponding
bead. If continuous tracking across a region is required,
individual points can be marked, as described by Zhou et
al. [10], and pan/tilt/zoom parameters interpolated.

We have built a multi-scale browsing tool (Figure 2)
that allows the high-resolution imagery to be browsed
along with track information in the database. Tracks can
be selected and replayed along with the corresponding
automatically-acquired zoomed-in multi-scale imagery, al-
lowing security operators enhanced ability to understand
situations and recognize individuals, vehicles and so on.

2.1 Camera control policies
In practice, we may have a complex arrangement with mul-
tiple fixed and steerable cameras. In any one camera view,
multiple objects may be being tracked. This situation then
requires a camera assignment and control policy to deter-
mine which cameras should be steered at which objects at

Figure 2: The multi-scale browser. At top left the master
view, with superimposed track information. In the centre
are two activity bars showing track activity in two different
time scales. At lower left is the close-up imagery captured
for the current track. The query interface is shown in the
lower right corner.
any given time. Such policies are application dependent,
but might be designed to optimize the following criteria:

• Observe each target at least once;
• Observe each target from as many views as possible;
• Maintain continuous tracks of objects;
• Steer the camera most likely to give a frontal face im-

age (estimated using the fixed camera view [9])
• Steer the cameras to maximize a combined quality

measure of the imagery of the targets (e.g. maximal
coverage, highest resolution, most frontal face views,
least motion blur), taking into account the objects cur-
rent and predicted appearance, behaviour, location and
the previously acquired images.

One simple policy that we have implemented assigns all
slave cameras to the first target, drawing off cameras to ad-
ditional targets as they are observed, and permuting cameras
every two seconds so that different views of each target are
obtained. Costello et al. [3] have recently investigated the
effectiveness of various time-based active camera control
policies.

2.2 Other extensions
Another scenario that we have been able to implement with
the above scheme is a one-camera system where the camera
functions as both master and slave. Here, as with any mas-
ter, regions of interest are designated for the camera, and
as with any slave, the corresponding beads are set up. In
operation, the camera starts as a master, with the tracking
system running as normal. Objects are tracked, but when a
track is predicted to enter the region of interest, the tracking
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is suspended and the camera is steered as a slave to the bead
corresponding to the activated target. The camera dwells in
the bead position for a certain time before returning to the
home position. Then the tracker and background model are
reinitialized, and the camera continues as a master until the
next target is triggered.

We have implemented such a camera as a licence plate
recorder. A normal PTZ camera surveys an entrance,
recording tracks of passing vehicles and pedestrians, which
are entered into the Smart Surveillance Index as normal.
However, when a vehicle pulls up to an entrance barrier,
it enters a region of interest, triggering the camera to zoom
in on the region where a licence plate is to be expected. One
or more images are recorded and then the camera returns to
the home position to continue wide-angle surveillance.

Similarly, we have implemented a system for environ-
ments where tracks are rare, wherein two cameras each act
as masters, and as slaves to each other. When a track is ob-
served in one camera, it continues to track the object, but the
other camera is temporarily drafted in to acquire multiscale
imagery. In this way we require no additional cameras, but
acquire multi-scale imagery at the penalty of short periods
of inattention to one camera’s view.

3 Automatic calibration for PTZ con-
trol

Steering a slave camera to a point seen by another camera
can be achieved if the 3D position of the object is inferable
(e.g. by triangulation from two cameras) and the relation
of the slave camera’s position to the coordinate frame is
known, which requires extrinsic calibration, together with
knowledge of the pan/tilt behaviour of the camera. Since
we assume only one master and no calibration, this 3D ap-
proach is not available. Calibration information is gener-
ally obtained through a supervised calibration procedure,
although Sinha and Polleyfeys [7] have shown automatic
intrinsic and extrinsic calibration of PTZ cameras with sim-
ilar viewpoints. Instead, we steer the slave camera to a
pan/tilt coordinate calculated using the series of transfor-
mations shown in Figure 3, each of which is learned auto-
matically from unlabelled training data.
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Figure 3: The sequence of transformations to allow a slave
camera to track an object tracked in the master camera’s
view.

The transformations are based on the assumption that ob-
jects are moving such that a known part of the objects moves
on a plane. In this case we assume that the lowest point of

an object is the point of contact of the foot with the ground
and that the ground is approximately planar.

3.1 Camera-to-camera calibration

The calibration of one camera relative to another is carried
out after the single manual step of having a user point the
slave camera at the same area that is viewed by the master,
i.e. so that the slave has an overview of the region in which
it will be used to track objects.

We assume that the ground in the area viewed is approx-
imately planar, and thus that a linear transform (a homog-
raphy) is sufficient to map gound plane points in the view
of the master into points in the view of the second camera.
The system learns this homography automatically using a
method based on that of Stauffer and Tieu [8]:

The homography, H , is chosen as the homography that
best matches a set of points, (x, y), on the ground plane in
one image to the positions, (x′, y′), of those same points
when seen from the other camera.
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x̂

ẑ
(1)
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ŷ

ẑ
(2)
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Such pairs of corresponding points are obtained by using
our tracking system. In a short training phase, The Smart
Surveillance Engine is applied to the views of both cameras
simultaneously, so that object tracks are obtained from ob-
jects seen in both views. The SSE is run for a short time
(an hour or 100 tracks has proved sufficient) and the tracks
stored, as usual in a database.

Tracks from the database are processed so that only
tracks of sufficient duration (at least 100 frames) are re-
tained and parts of tracks that take place when no track is
visible in the other view are discarded as they can have no
corresponding points.

The homography is determined using a RANSAC pro-
cedure whereby sets of three tracks are randomly selected
from one view. For each track a simultaneous track in
the other view is selected and points with the same time-
stamp are assumed to correspond. Using these correspond-
ing points, the least-squares fit homography is estimated
and this is applied to all the points in the database with cor-
respondences. The number whose image under the homog-
raphy fall close to the corresponding simultaneous point are
counted. We then iterate (500 iterations) retaining the ho-
mography with the highest number of matches as the best
fit. As Stauffer and Tieu point out, if there are multiple
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tracks at the same time, a correspondence is harder to deter-
mine, so we bias the sampling distribution towards tracks
that have only one possible corresponding track, as well as
biasing towards long tracks.

Figure 4 shows an example of the automatically deter-
mined homographies between two views based on track cor-
respondences.

3.2 Pan-tilt calibration
To be able to steer the pan-tilt-zoom camera automatically
to a determined point, the system needs to know the effect of
the pan, tilt and zoom controls. These can be derived from
manufacturer’s specifications, in terms of degrees, which
also requires the focal length of the camera to be known.
However, to be able to deal with unknown, uncalibrated
cameras, or cameras whose specifications may change with
time, we have created a system that automatically learns the
mapping from pan/tilt commands to image motion. A simi-
lar method learns the effect of zoom controls but is not used
by this system.

The system begins by steering each camera to the known
home position where the camera correspondence homogra-
phy was trained. Here, a point tracker is initialized by find-
ing corners. Then the camera is issued a set of pan & tilt
commands, (p, t), to move it in a known pattern around the
home position, while patches around the points are tracked
with a Lucas Kanade tracker [1]. RANSAC is again used to
find the affine transform that best fits the points’ motions,
making the fit robust to mismatches and points that are ob-
scured by objects in the scene during this calibration proce-
dure. For each pan/tilt pair the motion, (x′

− x′

0
, y′

− y′

0
),

of the optic centre, (x′

0
, y′

0
), is recorded. After completing

a pattern (we use a spiral and twelve-armed star configura-
tions repeated until the motion has moved the optic centre
beyond the original view’s boundary), a least-squares linear
transform T is fit to all the points:

(

p

t

)

= T


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x′
− x′

0

y′
− y′

0

1



 . (4)

Figure 5 shows the measured x displacement plotted
against pan and tilt coordinates for the spiral part of the
training pattern.

3.3 Head tracking
The above calibration allows us to map image points on the
ground plane of one view into steering parameters for the
other camera to foveate on the same point. Unfortunately, it
is rare for the region of interest to lie in the ground plane. If
the regions of interest were of a uniform height the homog-
raphy could be learned on the plane where the regions of
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Figure 5: Estimated displacement x′ plotted against pan and
tilt position for the spiral part of the training pattern.
interest lay (e.g. we could learn the homography between
the planes in which all heads lay). Here we wish the system
to zoom-in on pedestrians’ heads, regardless of height, and
approximate the head position with the highest pixel in a
tracked object. To determine this location in the slave view,
we use a system to find the mapping between object height
h in the master image and height h′ in the slave image. We
assume that for a given foot location, the height of an object
in the slave view is proportional to the height in the master
view, and that the head and foot pixels will each closely cor-
respond in two different views (i.e. the objects are tall and
thin). The factor of proportionality depends on the location
of the object, so we estimate the transform A = (a0, a1, a2)
such that

h′ = h A





x

y

1



 , (5)

where (x, y) is the object’s position in the master image.
The transformation A is estimated by a least-squares fit on
the set of training tracks used to determine the homography,
using only the points for which the homography determines
the correct correspondence. For the moment, cameras are
assumed to be aligned (and have small distortion) so that
heads are assumed to lie vertically above the feet. A more
complex mapping can be learned if this is not true.

Figure 4 shows for each view the predicted height and
position of an object that is a twelfth of the image height,
when the object is placed at points on a regular grid through-
out the other view.

4 Experiments
To validate the performance of the tracker, we operated it
for a period with the slave camera remaining at a wide an-
gle (the “home position” zoom whereby the slave’s field
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Figure 4: The learned camera homographies. Top row: the views of the two cameras. Bottom row: View of the other camera
mapped to match the view above with the learned homography. In the top images, are shown the estimated positions and
heights of objects placed on a regular grid in the other view, and with a height of an twelfth of the image height.
of view was approximately the same as the master’s). Ev-
ery half second while the slave is tracking an object, a still
frame from the slave’s video is stored. 455 of these frames
were examined (from 30 single-person tracks) and the cen-
tre of the tracked head was marked. In an ideal system the
head would be in the centre of the frame (though we actu-
ally only try to predict the location of the top of the head).
From these images, for any given zoom value, we can count
the number for which the head would still be visible in the
frame, and thus estimate the probability for a tracked target
to be kept in field for a chosen zoom policy. Figure 6 shows
the relative position of the head in the frame for each of the
frames. Table 1 shows the probability of observing a head
for a given zoom ratio, together with the approximate head
size at that zoom ratio.
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Figure 6: Distribution of head locations within the recorded
frames ±0.5 being the image boundaries. The head was not
visible in five (of 455) frames.

Zoom Factor Probability % Head area
1.0 98.9 8
1.5 97.1 20
2.0 89.0 32
2.5 72.1 50
3.0 55.6 72
4.0 30.3 128
5.0 17.6 200
6.0 11.2 288
8.0 7.0 512

10.0 4.8 800

Table 1: Probability of observing a head for a given zoom
ratio, together with the approximate head area in pixels.

A fixed camera would also achieve less than 100% cov-
erage simply because there are areas visible in the master
view that are beyond the edge of the slave view. We see
that 89% coverage can be achieved with a 2× zoom. Over-
all accuracy is influenced by errors in segmentation (both
foot position and object height), errors at each stage in the
coordinate transformations, failures in the ground plane as-
sumption and due to lag in the camera control system. (For
these experiments Sensormatic VII dome surveillance cam-
eras were used, controlled by serial commands). Since these
rates are per frame, and many images are acquired per track,
the probability of observing a head close-up of a given track
is much higher.

The component of error due to homography miscalcula-
tion was estimated by calculating a homography on a set of
hand-marked points. Over two different pairs of views, the

5



average pixel error between point positions calculated using
the automatic and hand-estimated homographies was 5.0
pixels and the maximum error was 10.6 pixels (estimated
on a uniform sampling of pixels in one view whose image
would be visible in the second view).

To estimate the combined error due to homography and
pan/tilt map estimation error, we conducted a simple test of
steering the slave to a small number of ground plane points
designated in the master image, and measuring the displace-
ment between the corresponding point and the centre of the
slave image for each, with no segmentation error, tracking
noise, camera control delays or height prediction errors (but
some human error in the localization). The error distribu-
tion is shown in Figure 7. This gives an RMS error of 24.0,
vs 58.0 pixels (on 320 × 240 images) for the head position
error of the full tracking system.
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Figure 7: Distribution of intended target position relative to
frame centre (±0.5 being the image boundaries.)

5 Conclusions and further work
We have described two methods to steer pan-tilt-zoom cam-
eras to automatically follow targets tracked in a master cam-
era view, neither of which requires extrinsic or intrinsic cal-
ibration. One system requires the manual setting up of a
set of “beads”, the other uses a fully automatic method to
calibrate systems of multiple cameras. The system is gen-
eral, supporting arbitrary combinations of master & slave
cameras, even allowing cameras to perform both roles ac-
cording to the current situation. We have conducted per-
formance experiments and experimented with a few camera
control policies out of a large space of possibilities. There
is much scope for investigation of camera control policies
for different applications.

The automatic system performs well, affording a signif-
icant magnification over a wide area. Because of tracking
noise, the pan/tilt controls are noisy, and we are currently
introducing a Kalman filter to smooth the tracking and pre-
diction. With smoother camera control, it is hoped that im-
age registration can be applied in the slave’s video stream

to allow closed-loop feedback control to track objects in the
close-up view. Currently master cameras operate indepen-
dently, but we are investigating multi-camera tracking al-
gorithms that would correctly handle tracks for the same
object in different views.

A further planned refinement of the system is to model
the scene with greater accuracy, for instance allowing piece-
wise homographies between the two views for greater accu-
racy on non-planar scenes.
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