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Abstract—Although there are intrinsic advantages of using
pan-tilt-zoom cameras their application in automatic surveillance
systems is still scarce. The difficulty of creating background models for moving cameras and the difficulty of keeping fitted pose
and optical geometrical projection models are key reasons for
the limited use of pan-tilt-zoom cameras. Geometric calibration
is a useful tool to overcome these difficulties. Once developed the
background and projection models, it is possible to design system
simulators and surveillance methodologies similarly to the ones
commonly available for fixed cameras.
In this work we propose a method for PTZ camera autocalibration over the camera’s zoom range. This method is
based on the minimization of re-projection errors of feature
points detected in images captured by the camera at different
orientations and zoom levels. Results obtained over both synthetic
and real data show that a full zoom range, complete field of
view, pan-tilt-zoom camera calibration is possible. Also in this
work, a simulator capable of generating highly flexible, real data
only, test scenarios with multiple events having ground truth
motion is proposed. The final contribution of the present work is
a new methodology for automatic surveillance control that resorts
to tracking and prediction of targets’ trajectories to enhance
event presence awareness performance. This methodology is
presented and compared with existing ones, through experiments
conducted over real data testing scenarios with multiple events
generated through our simulator. The results obtained reveal a
great efficiency and potential of our proposed method in event
presence awareness in a given scenario.

I. INTRODUCTION
The use of pan-tilt-zoom cameras in current surveillance
systems is still scarce despite their great potential. This lack of
implementation is greatly related with their current costs and
mechanical faulty components. All these defects will come to
disappear with time and mass production justifying the effort,
made in this work, to develop automatic control methodologies
for these cameras in opposition to the current utilized manual
control. Pan-tilt-zoom cameras have the ability to acquire
high-resolution imagery and can potentially track events over
a wide range in the environment. Despite the advantages,
there is still a need for easy implementation auto-calibration
methods in order to construct vast and accurate background
models, methodologies that enable the test of surveillance
methodologies over real data scenarios with multiple events
and, finally, pan and tilt controllers still need to be designed
in a way that directly impacts the surveillance performance. In
this work experiments are conducted to assess the capabilities
of different methodologies to enable complete integration of
pan-tilt-zoom cameras in automatic surveillance systems.
The main subjects addressed in this work are pan-tiltzoom camera calibration, with estimation of intrinsic and
radial distortion parameters over the camera’s full zoom range,

creation of, real data, test scenarios with multiple events and
pan-tilt surveillance control methodologies. The surveillance
control methodologies are tested and compared resorting to
metrics originally used for fixed cameras [11].
For pan-tilt-zoom camera calibration, there are several documented methods requiring physical access to the camera,
such as the method proposed by Bouguet [3], where intrinsic
and radial distortion parameters are estimated by changing
the orientations of a chess pattern placed in front of the
camera. Past work on active camera calibration was essentially conducted for geometric calibration only. Hartley [7]
presented an auto-calibration method for stationary cameras
and later Agapito et al. [2] introduced a self-calibration method
for rotating and zooming cameras. These methods answered
the problem of geometric calibration with solutions that did
not require non-linear optimizations to achieve reasonable
intrinsic parameters estimation. In Sinha and Pollefeys [13],
a method for active pan-tilt-zoom camera calibration, using
non-linear optimization of re-projection errors, is presented.
The approach is to estimate intrinsic and radial distortion
coefficients based on imagery taken from a small range of the
camera’s FOV. In all methods presented there is no approach
which achieves accurate estimation of both intrinsic and radial
distortion parameters at low computational costs and with no
restrictions on the camera’s field-of-view used.
In this work, the approach was to use non-linear optimization of re-projection errors like in Sinha [13]. However, in
our approach, the necessary optimization steps are reduced
to two: The intrinsics and radial distortion coefficients are
first iteratively estimated at minimum zoom level and then
computed for an increasing zoom sequence.
Surveillance with fully calibrated pan-tilt-zoom cameras
involves not only video processing but also controlling the
pan and tilt angles. Collecting real data in which to perform
experiments is a complicated and error prompted task. So, due
to the difficulties associated with real data testing, past experiments on surveillance control methods, were conducted in
completely synthetic generated scenarios [14]. Our approach is
to test several control methodologies in a generated simulated
surveillance scenario with multiple active events. This scenario
is generated based, solely, in real data acquisitions. The multiple events are obtained through acquisition, segmentation and
transformation of a single sequence of a real person walking,
and are then projected in a, real data, acquired background.
Surveillance and camera control is an active research topic
as there is no clear consensus on the appropriate surveillance
methodologies for pan-tilt-zoom cameras. The great capacities
of these cameras can only be fully exploit with appropriate pan

and tilt controllers. In this work several pan-tilt surveillance
control methodologies are presented and tested. The difference
in how image segmentation information is used, in control
feedback, enable the separation of these methods into two
major categories: Open loop and closed loop methods. Open
loop methods disregard any kind of information retrieved from
past detections and thus pan and tilt angles are generated
independently from past results. In closed loop methods the
information from previous detections is used as control feedback in order to generate appropriate pan and tilt angles to
enable tracking of specific targets. A paradigmatic approach in
closed loop methods is the image-based look-and-move, which
requires odometry-based control of the pan and tilt rotation
axis. This is widely considered in the literature [9], [14] and,
as the camera odometry information is available, it is the base
for the closed loop methods implemented.
This paper is organized as follows: in Section 1 the problem
is presented, as well as a brief discussion on the state of
the art. In Section 2 the pan-tilt-zoom scene representation
is addressed with the description of the camera model, the
cube based representation used to model the background and
the pan-tilt-zoom camera auto-calibration method developed.
The proposed method is then tested and calibration results are
provided. In Section 3 the methods used to model background
uncertainties and perform single event detection are described
and followed by the presentation of the results obtained.
Still in this Section, a description of a procedure to create
a simulated surveillance scenario with multiple real active
events is proposed. In Section 4 three documented surveillance methodologies and a new, proposed one, are presented,
evaluated and compared and, finally, in Section 5 this work is
concluded and the future work is stated. The work described
hereafter was partially published in [10].
II. SCENE REPRESENTATION
The pin-hole camera model for the perspective pan-tiltzoom camera consists of a mapping from 3D projective space
to 2D projective space. This is represented by a 3x4 rank-3
perspective matrix, P. The mapping from 3D to the image
plane takes a point X = [X Y Z 1]T to a point u = PX in
homogeneous coordinates. The matrix P may be decomposed
in P = K[R t], where t is a 3x1 vector that represents the
camera location, R is a 3x3 rotation matrix that represents
the orientation of the camera with respect to an absolute
coordinate frame (see figure 1 (a)) and Kz is a 3x3 upper
triangular matrix encompassing the intrinsic parameters of the
camera:


ku s u0
(1)
Kz =  0 kv v0 
0 0 1
where ku and kv are the magnifications in the respective u and
v directions, u0 and v0 are the coordinates of the principal
point of the camera and s is a skew parameter (in this work
we assume s = 0). The pan and tilt movements are included in
R. These movements are simply rotations about the projective
center O, which is usually chosen to be the world origin and
thus t = [0 0 0]T .

Most cameras deviate from the pin-hole model due to radial
distortion. This effect decreases with increasing focal length.
Due to radial distortion a 3D point X is projected to a point
δxd = [δxd δyd ]T . This point is deviated from the point x =
[x y]T according to the radial distortion function, Dz :

[xd yd ]T = D [x y]T ; k1 , k2 = L(r)[x y]T
(2)
p
where L(r) = (1 + k1 r2 + k2 r4 )[x y]T and r = x2 + y2 . This
radial distortion model corresponds to a simplified two coefficient version of the one proposed by Heikkila [8] where r is the
radial distance (distance from point x to the center of distortion
(xc , yc )), L(r) is a radially symmetric distortion factor and k1
and k2 are the two radial distortion coefficients considered.
For every zoom level z, Dz is parameterized by (xcz , yzc , k1z , k2z ).
In our model the principal point (u0 , v0 ) is constrained to be
the center of distortion and so, the radial distortion function
is only parameterized by coefficients k1z and k2z .
Concluding, the goal of calibrating a PTZ camera involves
estimating the unknown parameters of Kz and Dz for any pan
and tilt angles, while covering full range of optical zoom, from
z0 to zmax .
A. Cube Based Representation
There are several models to represent the background of a
pan-tilt-zoom camera such as a cylinder, a plane, a sphere or
a cube. We chose the cube based representation (see figure
1 (a)) as it enables one to have a complete spherical field of
view, 360o × 360o . Additionally this representation has limited
memory requirements as the background can be completely
represented using only six images. The cube shares the same
coordinate frame of the camera at its homing position. That
being z pointing forward, x pointing right and y pointing down.
The representation is achieved in two steps: first it is
necessary to compute a back-projection for each image point
and find the correct cube face, and finally, the back-projection
rays obtained must be projected to the right cube face ([5],
[4]).
With the knowledge of the camera’s intrinsic parameters
and the pan and tilt angle orientations used when acquiring a
specific image, it is possible to back-project each 2D image
point to a 3D world point:
[X Y Z]T = (Kz R)−1 u

(3)

Determining the correct cube face, for which to project
each image point, is achieved by defining a latitude angle,
dependent on longitude,
named critical latitude, ϕc (θ) =
√
arctan(max(|X|, |Z|)/ X 2 + Z 2 ). By converting the 3D world
point [X Y Z]T to spherical coordinates √longitude, θ =
arctan(X/Z), and latitude, ϕ = arctan(−Y / X 2 + Z 2 ), it is
then possible to apply the rules in table I.
The final step is the mapping of each image point to its
correspondent cube face. This mapping consists in the projection of the back-projection ray previously computed to the
respective cube surface, through application of the projection
matrix, PWF = KF [RWF 03x1 ], where KF is an intrinsic matrix
characterizing the resolution of the cube faces and RWF are
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Fig. 1. Cube based representation for the background of the pan-tilt-zoom camera and coordinate frame adopted (a), spherical grid of images used for
minimum zoom camera calibration (b), back-projection of points found in three overlapping images (c) and image graph created to preform zoom sequence
calibration (d).

Condition.
ϕ ≥ ϕc (θ)
ϕ ≤ −ϕc (θ)
|ϕ| < ϕc (θ) ∧ |θ| ≤ 45o
|ϕ| < ϕc (θ) ∧ |θ| ≥ 135o
|ϕ| < ϕc (θ) ∧ 45o < θ < 135o
|ϕ| < ϕc (θ) ∧ −135o < θ < −45o

Cube Face
Top
Bottom
Front
Rear
Right
left

TABLE I
RULES FOR THE MATCHING 3D DIRECTIONS TO CUBE FACES .

rotational matrices defining optical axis orthogonal to each
cube face.
More precisely, if one considers each cube face having N ×
N pixels then:


(N + 1)/2
0
(N − 1)/2
0
(N + 1)/2 (N − 1)/2 
(4)
KF = 
0
0
1

which represents a perspective camera with a 90o × 90o field
of view and an image coordinate system such that the topleft pixel coordinate is (1, 1). The rotation matrices RWF in
essence rotate the 3D points closest to each of the faces, of
the cube, towards the front face.
In more detail, RWF is I3×3 , RotY (180o ), RotY (−90o ),
RotY (+90o ), RotX (−90o ) or RotX (+90o ) for the front, back,
left, right, top or bottom cube faces, respectively.
In summary, an image point u is mapped to a point on a
cube face uF as:
uF ∼ KF RWF R−1 K−1 u

(5)

where ∼ denotes equality up to a scale factor.
B. Calibration Methodology
The calibration method proposed consists of two steps: the
intrinsics and radial distortion coefficients are first iteratively
estimated at minimum zoom level and then computed for an
increasing zoom sequence.
The first step of our method is computing the intrinsics and
radial distortion coefficients at minimum zoom level (z0 ). To
achieve this, images are captured at various pan-tilt location
describing a spherical grid with constant pan-tilt steps (Figure
1 (b)). The acquired images have intersecting fields of view.
The intersections are described in a graph whose nodes denote

the images and the links contain the locations of corresponding
feature points. Feature points in every image are detected
and matched for all possible image pair combinations through
SIFT algorithm. This is followed by a match filtering that
excludes all matches not forming closed loops. Homographies
between every adjacent horizontal images, Hi and between
every adjacent vertical images, Vi are then robustly computed
using RANSAC-based homography estimation and nonlinear
minimization [6] (Chapter 3, p. 108). One of the images,
Ir is chosen to be the reference. Homographies Ti mapping
points from the other images Ii to Ir are computed through
composition of the previous obtained Hi and Vi homographies.
Since residual errors accumulate in the composed homographies it is not possible to build an accurate mosaic at this
point. To achieve global image alignment and an accurate
geometric calibration of the camera a non-linear optimization
of the re-projection errors of all image feature points is applied
using Levenberg-Marquardt algorithm [15]. The cost function
(See Eq. 6) used to solve this global minimization problem
is initialized with the matrix of intrinsic parameters Kz0 ,
obtained using Agapito’s method [1], and null radial distortion
coefficients ((k1 , k2 ) = (0, 0)).
m

n

∑ ∑ ||uji −
K 0 ,D 0

(Kz0 ∗ , Dz0 ∗ ) = arg min
z
z

~(Kz0 Dz0 (Ri X j ; k1 , k2 ))||2

j=1 i=1

(6)
where D is a homogenization of D, defined in 2, i.e. it adds
a third coordinate thus transforming a 2-vector to a 3-vector
output, ~ is a dehomogenization function, i.e. ~([a b c]T ) =
j
[a/c b/c]T , ui are the observed features for the given image Ii ,
Ri are the rotation matrices for the respective images, m and
n are the feature-count and image-count and X j is a global
feature list. This global list is computed by correctly labeling
every 3D world point in order to have a unique description.
To perform a zoom range calibration the camera is fixed at
a certain orientation and images for progressive zoom levels
are acquired in the form of a graph as depicted in figure
1 (d). The computation steps that follow are similar to the
ones applied in the minimum zoom calibration method with
the exception of the homographies computation. In fact, there
is no need to compute initial intrinsic parameters as in the
first zoom step one has the estimate obtained as described
in the previous section. In other words homographies are
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Fig. 2. Display of different phases of the calibration method for synthetic and real data. (a) Display of synthetic camera and 3D points generated. (b), (c),
(d) and (e) Synthetic camera’s intrinsic and radial distortion parameter estimations for multiple noise levels, (f) Axis 215 PTZ camera, (g) regular grid of
images and zoom sequence used to calibrate camera for real data, (h) re-projection errors at first iteration of the method, (i) re-projection errors for the last
(30th ) iteration of the method, (j) mosaic generated with intrinsic parameters estimated from Agapito’s method and null radial distortion parameters and (k)
mosaic generated with our estimation of intrinsic and radial distortion parameters.

unnecessary. In zoom sequence calibration, parameters in Kzi
and Dzi are iteratively estimated for every zoom level i with
the starting estimates being the parameters found for zoom
level i − 1, Kzi−1 and ℜzi−1 . This second step of the calibration
method is initialized with the estimates for the parameters
obtained as result of the first step calibration method, Kz0
and Dz0 . These are the only parameters kept fixed through
the optimization process, this is to avoid radial distortion
functions being compensated in subsequent zoom levels. The
cost function (See Eq. 7) for this problem is evaluated for
every zoom level zi :
m

i

∑ ∑
K i ,D i

(Kzi ∗ , Dzi ∗ ) = arg min
z
z

j=1 k=i−1

the scope of this work did not include vignetting correction
one has, Vc (m) = 1, meaning that the vignetting directly effects
on the image, µVc (m)V (m) = µV (m) and σV2c (m)V (m) = σV2 (m) .
B. Single Event Detection
A common approach, to the problem of single event detection, is to preform background subtraction. Given memory
limitations, a simple gaussian model was chosen for the task.
This method is preformed by comparing the currently captured
image, Iuv with the corresponding image from the background
database, Buv . This comparison is preformed by computing the
log likelihood function (Eq. 8).

j

||uk − ~(Kzk Dzk (X j ; k1 , k2 ))||2

(7)
The experiments conducted with our method encompassed
both synthetic and real data. First a Canon VB-C10 PTZ
camera was simulated and four thousand 3D points were
created and randomly placed in from of it at various random
distances (Figure 2 (a)). The method was tested in the presence
of matching errors due to different noise levels applied. The
results obtained consisted of intrinsic and radial distortion
parameters estimated for an increasing zoom sequence (Figure
2 (b), (c), (d) and (e)).
For real data testing we used an Axis 215 PTZ camera
(Figure 2 (f)), and two sequences of images were captured
to calibrate the camera over its full zoom range. A regular
grid of 164 images was acquired to estimate the parameters at
minimum zoom level and then a progressive zoom sequence of
25 images was obtained with the camera at a fixed orientation
to calibrate it over its full zoom range (Figure 2 (g)). The initial
estimates at minimum zoom level result from the application
of the self-calibration method proposed by Agapito et al. [1].
These estimates produce substantial alignment errors which
are reproduced in the re-projection of matched feature points in
the first image plane (Figure 2 (h)) and result in a poor mosaic
construction (Figure 2 (j)). With our method these initial reprojection errors are rapidly minimized achieving sub-pixel
errors after 30 iterations (Figure 2 (i)). The estimates obtained
produce an improved mosaic as represented in Figure 2 (k).
III. SURVEILLANCE SCENARIO
A. Background Uncertainty Model
A background model is usually represented by the mean
value and variance of the irradiance at each background
location M, respectively µB(M) . Without vignetting correction
the “gray level” value of a background location will change
as the camera rotation changes. The values of the background
thus depend not only on image noise but also on the changes
due to vignetting in the imaged pixel V (m), which can now
be considered a random variable with mean, µV (m) , and a
variance, σV2 (m) : The background values can thus be computed
as: B(M) = L(M)V (m) + η, where η is a zero mean noise
process and L(M) denotes the radiance that is expected to be
observed at the background pixel M.
Taking expected values we get: µB(M) = L(M) µV (m) and
σ2B(M) = L2 (m) σV2 (m) + σ2η , where σ2η is the noise variance. As

Luv =

−0.5(Iuv − Buv )2
− 0.5 ln(Σ2uv ) − 0.5 ln(2π)
Σ2uv

(8)

where Σ2uv denotes the background variance.
A pixel, (u, v), is first considered part of the foreground
if the log likelihood, Luv is greater than a threshold in at
least two RGB components of the image, Iuv . Then pixels
forming small objects are excluded as only objects with more
than 500 pixels are considered part of the foreground. This
later classification is preformed to attenuate differences created
by the vignetting especially in very noisy, low resolution,
background panoramas. The final step is then conducted by
applying a mean filter to the foreground image.
Experiments where carried out to detect a single active
event in an image sequence. These experiments enabled the
gathering of important data, namely the locations of the foreground pixels from the active event and their corresponding
RGB values. The background, the operational and the decision
images are respectively presented in figures 3 (a), (b) and (c),
for one iteration of an image sequence.
C. Simulated Surveillance Scenario
In order to test different surveillance control methodologies,
a method capable of generating active simulating scenarios
with multiple events gathered two image sequences is hereby
described. One image sequence describes a moving target and
the other image sequence describes the background of the
entire testing scenario. Figure 3(b), shows the moving target,
a person. The feet of the person are used to characterize the
person’s location and repositioning using 3D rigid transformations.
The background representation and the image sequence
with a moving target, allow doing background subtraction
and single event detection. The background subtraction complemented with segmentation produce a collection of 2D
image points describing a single event along all the images
in the sequence. Multiple instances of subsequences of the
original sequence can then be projected to the background
representation creating a dynamic scenario with several copies
of a single person at multiple locations. To achieve this, one
needs to be able to characterize the target’s 3D trajectory in a
world reference frame and map it to the camera frame.
The first step consists therefore in estimating the rigid
transformation between the world reference frame and the

camera (at home position) frame. More specifically, one must
identify 3D world points well distributed in the scenario, so
as to allow a good characterization of the scenario in terms
of 3D world coordinates. Additionally, at least three points
must be taken from the floor plane of the setting. All these
points will be completely characterized by their 3D world
coordinates (w X), their 2D image coordinates and the pan
and tilt orientations from which the respective image was
acquired. In figure 3 (e), the left side face of the cube based
representation of this scenario is presented along with the
collection of points whose 3D world coordinates have been
measured. Additionally, in figure 3 (f), the front face of the
same background representation is presented with three floor
points, whose 3D coordinates have also been measured. These
three points are characterized by their 3D world coordinates,
their 2D image coordinates and the respective pan and tilt
angles.
Assuming that the origins of the world and camera frame
are coincident, the mapping of 3D world points from the
world reference frame to 3D points in the camera’s reference
frame is just a simple rotation (c Rw ): c M = c Rw .w M. This
rotation, c Rw , is estimated using the 3D world coordinates
of points depicted in figure 3 (e) and the corresponding
image points back-projected to a unit sphere centered at the
camera’s location. This estimation is performed by a simple
linear transformation i.e. rotation, that best fits points in world
coordinate frame, normalized relative to the camera’s location,
to their corresponding imaged points in the camera’s reference
frame.
Using the target’s 2D trajectory, extracted from the image
sequence, is now possible to obtain the corresponding 3D
trajectory in the camera’s reference frame. To perform this
computation, it is necessary to have the 2D image point
coordinates of the mean point (m) of the target’s feet. Each
of these points can be back-projected to the floor plane
described in the camera’s coordinate frame: c Mx = b(m),
where b(m) represents the back-projection of the 2D image
points. Given the c Rw matrix, computed earlier, and the 3D
world coordinates of the three points from the scenario floor,
one is able to map the three points to the camera’s reference
frame thus achieving the floor plane pavement description.
The target’s 3D trajectory is then reconstructed by intersecting
each back-projection ray with the floor plane defined by c M1 ,
c M and c M . The 3D intersection point is obtained by solv2
3
ing equation: αc Mx = β(c M2 − c M1 ) + γ(c M3 − c M1 ) + c M1 ,
meaning that the desired point is given by the correct scaling
of its corresponding back-projection ray (αc Mx ).
A reconstructed target’s 3D trajectory is depicted in figure
3 (g).
These problems are addressed by following the procedure
depicted in figure 3 (h). The first step is to convert the 2D
image data coordinates of the event to 3D coordinates. This
is done by back-projecting the set of 2D points, obtained
through single event detection, to a plane tangent to a cylinder
orthogonal to the ground plane, with radius equal to the
distance between the target and the camera, and centered
at the camera’s position. The cylinder radius is computed
resorting to the corresponding event’s 3D trajectory points.

As each collection of 2D points, describing an event at a
specific time instant, has a 3D trajectory point associated,
it is possible to determine the cylinder radius by simply
computing the distance from this 3D trajectory point to the
projection of the camera’s position in the floor plane. By
projecting the 2D image points characterizing an event to
the plane tangent to this cylinder, the generated person will
always appear undistorted in the created scenario. Finally some
transformations need to be done, to the 3D points obtained, in
order to generate the event in the desired location in the cube
based background representation. This is achieved by applying
a rotation, around the y axis (∆θ), and a translation along the
z axis (∆d), to the 3D points projected in the place.
In the experiments conducted, a scenario was generated
resorting only to one active event image sequence lasting 140
seconds, from which subsets were projected in the scenario
thus creating an active simulated scenario with duration measurable in time units (1 t.u. = 0.60 seconds). In figure 3 (i),
a panorama obtained from time unit 8 of a, 115 time unit
(69 second), action scenario is presented. In this scenario a
total of 26 targets are displayed throughout its duration, from
which a maximum of five appear in the same time instant.
These events are projected from −20o to 90o pan, relative to
the camera’s home location, and as far as 2.5 meters from the
camera relative to their original position i.e. projection with
no transformations.
IV. SURVEILLANCE METHODOLOGIES
There are several methodologies used to control a pantilt-zoom camera. In this work four control methods are
implemented: Random Search (RaS), Rotation Search (RoS),
Lock and Random Search (LRS) and Timed Lock and Random
Search (TLRS). The first two are open loop algorithms and
the later two are closed loop algorithms, i.e. the camera´s
orientation control depends on past segmentation results.
A. Random Search (RaS)
The Random Search algorithm performs random control on
the pan-tilt camera. This means the pan and tilt angles are
generated from a uniform distribution and thus, the camera
moves randomly trying to find events. This makes it the simplest method possible to control a pan-tilt camera. If one event
is found in iteration i the information regarding this detection
is not used in the next iteration, i + 1. In fact, in iteration i + 1
the pan and tilt angles are generated independently from the
ones that produced the detection in the previous iteration. A
random uniform distribution was used to generate the angles,
to guarantee all orientations have equal probability of being
chosen.
B. Rotation Search (RoS)
In the Rotation Search, as in the Random Search (Section
IV-A), a detection in iteration i does not influence the control
for iteration i + 1. The main difference between these two
open loop control methods is that the Rotation Search uses
a pattern control motion. This motion emulates the movement
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Fig. 3. Results from the single event detection method applied with the background (a), the operational (b) and the decision (c) images. Trajectory pattern
followed by target in the image sequence acquisition (d) and cube faces with points used to calibrate them (e), and to re-construct target’s 3D world coordinate
trajectories in the camera’s reference frame (f). Re-constructed 3D target trajectory (g). Transformations necessary to project events in cube based representation
(h) and panorama retrieved from a generated, multi event, simulated scenario (i).

of an active radar as the tilt angle is kept constant and the pan
angle is iteratively increased at a constant step thus creating
the patterned rotation control motion. The mindset behind this
method is that the camera can be installed in a way that events
occur in a well defined pan range thus discarding vertical
motion.
C. Lock and Random Search (LRS)
n the Lock and Random Search method when a target is
found in a frame, the pan and tilt angles are updated so the
object is centered in the next frame. The method is based
on the principle that if an object whose centroid, [u v]T , is
detected at time instant t, then there is a high probability that
the same object will appear at a neighborhood of that position,
[u + εu v + εv ]T , at time instant t + δt, provided δt is small
enough. This method thus comprises two types of control.
More precisely, if a target is found in the frame the method
enters the tracking phase as the pan and tilt angles are updated
in order to keep the detected object centered in the next frame.
On the other hand, if no target is locked the method enters the
searching mode. In this phase the control behaves similar to
RaS as the pan and tilt angles are randomly generated, until

some detection is made.
D. Timed Lock and Random Search (TLRS)
The mindset behind the Timed Lock and Random Search
method is that it is not necessary for an object to be in the
camera’s FOV for the camera to be aware of its presence. More
precisely, if some active event is detected by the camera during
a specific time interval, it is possible to learn its movement
and so, all its future actions can be estimated allowing the
camera to search for other events while keeping the knowledge
of the original one. In TLRS when a target is detected it is
only tracked for some few time units. After that, the camera
releases the tracking and starts to randomly search for new
events. While doing this new search, new trackings can be
started, and the positions of the already stated trackings are
estimated for the subsequent time instants. This estimation is
based on the Kalman Filter prediction process as described
later in this section. When the predictions reach a certain
threshold variance, the controller switches back to tracking
the original objects. When the switching back, two situation
can arise: the target is still in the scenario and thus the camera
tracks it for some more (e.g. two) time units or, the target is

(a) Panorama from the 115 t.u. scenario (iteration 71)
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Fig. 4. Images used in the surveillance methodologies experiments and results obtained. (a) Example of panorama retrieved from the simulated scenario used
for testing and images acquired with several horizontal field-of-views (b), (c), (d) and (e) from a fixed camera orientation. (f), (g), (h) and (j) Results obtained
for the 115 t.u. scenario for RaS, RoS, LRS and TLRS. Cyan lines indicate the time that a target is visible in the complete field of view of the pan-tilt camera,
the blue dots indicate targets detected by the camera. (i) Results obtained for the four methods over the same scenario for increasing horizontal field-of-views

not there anymore. This last situation may be associated to
false detection errors as the target may have disappeared from
the scenario while predictions of its state were still being done.
The prediction of multiple targets locations is done through
implementation of Kalman filtering. In this work, it is applied
by the TLRS method whenever track on any given target is
released by the camera, making it necessary to predict its next
movements.
The Kalman Filter comprises two different phases: predict
and update. In this work, it is applied based on the last two
known positions of a target to estimate its future trajectory.
This prediction process is performed until a measure of the
quality of the estimation, based on the covariance, reaches a
certain threshold. When the prediction process is initialized
there are two real measurements available: the last known,
normalized, positions of the target in 3D coordinates of the
camera frame, M−1 = [X−1 Y−1 Z−1 ]T and Mo = [Xo Yo Zo ]T
and thus it is possible to compute the displacement between
them, dMo = Mo − M−1 .
M̂i = M̂i−1 + t.d M̃i−1

(9)

where M̂i is the current state estimate, M̂i−1 is the last
state estimation (when i = 1 we set M̂i−1 equal to the first
observation), t is the discrete time interval between states (in
our case t is always equal to one) and d M̃i is the normal
distribution of the displacement (d M̃i ∼ N (dMo , σo )), i.e.
speed, of the specific target, between time instants i − 1 and i.
Each predicting step can thus be described as M̂i =
F.M̂i−1 + G.d M̃i−1 , where F is a 3x3 identity matrix and
G = [1 1 1]T .
The quality of this estimation is determined by computing
the covariance between the current
and the last

 2 state estimate
σ
σ.σ̂
.
observed state Σ(Mo , M̂i ) =
σ̂.σ σ̂2
In fact, the covariance matrix is a generalization of the
concept of variance and so it is possible to retrieve the variance
of the estimate, σ̂2 , which is the real measure of its quality. It
is when σ̂2 exceeds a certain threshold, T , that the estimation
process is terminated, culminating with the camera trying to
track the target again. This threshold is defined according to
the three-sigma rule [12], i.e. T = 3σo , meaning an estimate
is considered bad if its variance exceeds three times the value
of the standard deviation of the normal distribution of the
displacement, i.e. σ̂2 > 3σo
E. Experiments and Results
Two experiments were conducted with the described surveillance control modalities and, to better describe their capacities,
we adopted the percentage of Events Found (%EF) metric:
%EF = 100 ×

∑Ni=1 CD(Ii )
N
∑i=1 CT (Ii ) + ∑Ni=1 CT (I¯i )

(10)

where CD(Ii ) denotes the number of correct detections in
image Ii , CT (Ii ) is the ground truth number of objects in the
image and CT (I¯i ) is a factor that accounts for objects in the
pan-tilt camera’s complete FOV that are not detected in image
Ii .

EF (%)
RaS
RoS
LRS
TLRS

86 t.u. scene
20.89
17.19
52.43
57.81

115 t.u. scene
22.83
22.83
37.41
45.78

TABLE II
P ERCENTAGE OF E VENTS F OUND (%EF ) COMPUTED FOR THE R ANDOM
S EARCH , ROTATION S EARCH , L OCK AND R ANDOM S EARCH AND
S ENTINEL S EARCH METHODS . T WO ACTION SCENARIOS WHERE USED
AND THE CAMERA’ S HORIZONTAL FOV WAS KEPT AT 51.6o .

In the first experiment, the four methods are applied to two
simulated scenarios, lasting 86 and 115 time units, while the
camera’s horizontal field-of-view is kept constant at 51.6o .
Results are depicted, for each method, to assess the detections made versus the real presence of a given event.
After presenting these results the four methods are compared
resorting to the percentage of Events Found (%EF), computed
as in equation 10.
In Table II the percentage of events found (%EF) results,
obtained for each method in the two simulated scenarios tested,
are presented. As expected the open loop control methods (RaS
and RoS) clearly lose in event presence awareness to the closed
loop methods (LRS and TLRS). These results show that the
rotation search has the worst results from all the methods. In
fact, the best it achieves is to match the detection efficiency of
the RaS in the 115 t.u. scenario, as in the other it loses to it
by performing approximately 3% less detections. The RoS is
prompted to achieve better results if the targets moves along
with the rotation of the camera at a patterned movement. As
long as the targets move in random positions in the scenario,
describing random trajectories, the RaS method achieves better
results from the two open loop methods tested.
In experiment 2 the four surveillance methods were applied
to the 115 t.u. simulated scenario for different camera’s
horizontal field of views. More precisely, ten experiments were
made for each method ranging from a horizontal FOV of 10o
to one of 100o . In figure 4, a scenario panorama is presented
along with images acquired, in a specific camera orientation,
for four of the different horizontal field-of-views tested.
The results obtained (figure 4 (j)) confirm the closed loop
control methodology as the most efficient in terms of event
presence awareness. In fact, the closed loop methods achieve
far better results as they are always ahead RaS and RoS
by approximately 10%. The difference is greater when the
field-of-view takes intermidiate values (hFOV ε [40o , 70o ]).
Although RaS and RoS clearly lose, there is no real indication
of which, of these two, achieves best results, they achieve
very similar %EF values. As stated, the closed loop methods
achieve far better results than both the RaS and RoS. However,
between LRS and TLRS, and contrary to the open loop
methodologies, there is a clear separation in event presence
awareness efficiency. When the FOV is very narrow, in the
order of 10o to 30o , they achieve similar results as there is no
real advantage taken by the TLRS in searching the scenario
for more targets, because the probability of finding events by
randomly searching the scene, with a narrow FOV, becomes
very small. As soon as the FOV starts to increase, the TLRS

improves, becoming clearly ahead of LRS in terms of event
presence awareness. This situation is clear in the transition
from a field of view of 40o to one of 50o . The difference
achieved, for subsequent FOVs, reflects the actions of the
predictor. More precisely, as the field of view increases, also
increases the probability that, in TLSR, novel events are found
right after target tracking is suspended. This situation creates a
scenario in which the camera is aware of more targets, without
actually having them in its FOV, as multiple events are being
just predicted. The potential of TLRS is thus very high, more
so, if one realizes the LRS tends to saturate around 40%, while
Timed Lock and Random Search continues to increase past
50%.
V. CONCLUSION
The work described in this thesis consists of three main
subjects: pan-tilt-zoom camera auto-calibration, creation of
real data simulated scenarios with multiple active events,
and surveillance control methodologies using target tracking.
The first subject, PTZ camera auto-calibration, encompassed
estimating intrinsic and radial distortion parameters over the
camera’s full zoom range. This task culminated in the generation of a cube based representation of a 360o × 180o scenario
captured by the camera. These results allowed then to approach
the next subjects namely creating real-data based test-scenarios
and designing intelligent PTZ camera controllers capable of
tracking active events and, simultaneously, achieving good
event presence awareness results.
A well known documented method had already focused in
geometric auto-calibration of PTZ cameras [1]. However, it
aimed solely to estimate intrinsic parameters, not including radial distortion, and thus, its application produced considerable
errors. Another, well known approach to auto-calibrate these
cameras, addressing estimation of both intrinsic and radial
distortion parameters, was considered [13]. This method only
uses a small fraction of a pan-tilt-zoom camera’s field-of-view
and so our approach was to create a method that, while based
on the same principles allows using complete FOV of the PTZ
camera.
The task of designing a surveillance control methodology
for a PTZ camera was initially blocked by the difficulty
in defining a real data test setting scenario on which to
experiment and compare several such approaches. Related
work suggested using synthesized abstract scenarios [14] as, at
the same time, two major difficulties were avoided: complex
real data acquisitions became unnecessary as well as camera
geometric calibration. In this work, however, the approach was
to use only real data, so a methodology, to create a real-data
based simulated scenario with multiple events, was proposed.
The proposed methodology produced highly flexible simulated
scenarios with multiple events, through simple data acquisitions, and, by supporting it on a cube based representation,
created the conditions to manipulate camera characteristics as
desired.
With the establishment of a base setting on where to test
surveillance methodologies, the focus of this work turned to
the creation of a PTZ camera controller that, while encompassing target tracking, explored human characteristics to achieve

an efficient automatic surveillance system. In [14], several
control methodologies were already addressed, however, their
application on our testing scenarios was found to be inefficient
as some were too simple and others too rigid in their concept.
In this work a surveillance methodology that explored memory
of past events was proposed. This approach achieved significantly better results than the documented methods tested.
Future work on the problems addressed will focus mainly on
the design and implementation of new automatic surveillance
methodologies, for PTZ cameras, with efficient application
on real world scenarios. The mindset is to adapt known
concepts, largely adopted by humans in their day-to-day life,
and enhance them resorting to the vast memory resources
currently available.
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