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Abstract—The security provided by video surveillance systems
in public and private places made camera networks ubiquitous.
Current systems are mostly composed by fixed cameras. The
use of pan-tilt-zoom (PTZ) cameras is increasing but at a slow
pace. PTZ cameras offer a wider field-of-view, upon control of
the pan, tilt and zoom degrees of freedom, but lack automated
surveillance services.

The automatic detection of events in PTZ cameras is one of
the steps towards the reduction of required, intensive, human-
computer interaction work for targets tracking. When one event
is detected, tracking can be started. Given the prediction of
the pose of each target, scheduling algorithms can therefore
assign visual targets to cameras and control methodologies give
instructions to the cameras. The work here described is focused
on PTZ cameras geometric and background modeling which will
be important in future works on the detection of events.

In this work, we propose the improvement of PTZ came-
ras background model, by introducing calibration methodolo-
gies suitable for this kind of cameras and a multi-resolution
backgroud model. Background subtraction methodologies are
discussed with the goal of detailing a better detection system for
PTZ cameras which can take advantage of data representations
with different resolutions for potentially interesting areas.

I. INTRODUCTION

The need of video surveillance systems in public and private
places, combined with lower costs provided by the recent
advances on video compression and communications made
camera networks ubiquitous. Nowadays, the usage of pan-tilt-
zoom (PTZ) cameras in surveillance systems is increasing but
video surveillance systems are still mainly composed by static
cameras.

Although PTZ cameras provide a better resolution and flex-
ibility in selecting different field-of-views (FOVs), their usage
in automated surveillance systems is still limited compared
to static cameras. Apart from having to deal with conven-
tional video processing challenges, like handling illumination
changes, target total or partial occlusions or geometric changes
of targets, they lack automation schemes required to take
advantage of the pan, tilt and zoom degrees of freedom,
without introducing intensive, repetitive, human labor.

Figure 1 lists common building blocks of a visual multi-
target tracking system. Detection and segmentation of objects
of interest is the first step in an automated visual event de-
tection application. Background subtraction can help with the
object detection, however, traditional background subtraction
algorithms rely on principles that are not applicable for moving
cameras. During the last years, some extensions of background
subtraction for moving cameras were created for situations
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Figure 1: General Surveillance System.

where the camera motion is known, such as stationary mounted
PTZ cameras, or for when the scene geometry is restricted, like
drone cameras. In those extensions, the background subtrac-
tion is generalized by using motion compensation.

Lately, object-specific foreground detectors have been grow-
ing in popularity. These detectors can identify objects but rely
on a training phase supported by large training datasets. When
the detector is trained, an object is found by exhaustively
scanning the image and applying the detector for each section
and scale of the image. However, it is difficult to train a
detector for appearance changes, like people changing clothes.

Background subtraction for moving cameras appears as one
interesting alternative. The targets appearance just needs to be
different from the background. For example, it is not important
whether a person uses a costume (Carnival, Halloween, etc)
making an appearance too different from a person. Another
example, parking lots, even if a car is not observed parking
or leaving, it can be detected that the car entered or left the
park.

A. Related Work

In the early 1970s, information technologies, as well
as adoption of video surveillance technologies, began to
spread [17]. Nowadays, video surveillance systems are ex-
panding quickly in Europe and North America while on China
they are already part of the society.

With the interest of society in such systems, video surveil-
lance became an active research and development (R&D)
field. Within Instituto Superior Técnico, one finds also much
R&D, and one finds in particular supervised works as the
MSc. thesis of Diogo Vicente [18], Tiago Castanheira [3],
Pedro Silva [14] and Tiago Marques [10]. These MSc. works
tackle the multiple components of a surveillance systems
namely detection, tracking and scheduling and are briefly



detailed in section II-C of chapter II. The surveillance systems
components are also described in detail in section II-C.

The work in this thesis is focused on the aspects of
background representation and subtraction. Sinha et al. [15]
provides a seminal work on PTZ cameras calibration and
Galego et al. [6], [7], proposes an automatic calibration method
for those cameras which take into account radial distortion.
Both works represent a big contribution to PTZ cameras
modeling and are detailed in chapter III.

B. Problem Formulation

Previous work using PTZ cameras in a surveillance [12] is
just another example demonstrating the difficulty of having
online detection and tracking of objects in a surveillance
system scenario.

One of the first difficulties arise from the high resolution im-
agery that a PTZ camera can generate. With all the background
images from different zoom levels available one needs to
define a good background representation to store and use them.
Multiple approaches to the camera background representation
can be explored to overcome this problem. This will be the
main problem addressed in this thesis.

Once the background model is well defined, the challenge
is to have background subtraction algorithms applied to high
resolution background models. The results of events detection
can then feed with data the tracking and scheduling algorithms
already available.

C. Document Structure

Section 1 introduces the problem to approach in the thesis.
Section 2 presents the pin-hole camera model followed by a
discussion on the state-of-the-art on background subtraction
methodologies. It also provides an overview of the state-of-
the-art on vision based surveillance systems. Section 3 presents
in further detail different aspects of PTZ cameras geometric
modeling such as the zoom and the radial distortion effects.
A discussion on calibration methologies for PTZ cameras is
also documented.. Section 4 describes the aspects related to
omnidirectional background representations namely the multi-
resolution representations and the memory concerns. Section
5 provides an overview of the different experiments executed
as well as the results obtained. Section 6 summarizes the
work performed and highlights the main achievements in this
work. Moreover, section 7 proposes further work to extend the
activities described in this document.

II. BACKGROUND AND RELATED WORK

In this chapter, we start by defining the model used in
all the work and some aspects regarding camera calibration.
Next we describe the state of the art regarding background
subtraction methodologies and the assumptions on which they
are supported. Lastly we introduce the context of the work in
a surveillance system ending with the focus of the thesis in
the topic of video surveillance systems.

A. Pin-hole Camera Model and Calibration

The model we will use in this work is the pin-hole model,
with the camera center of rotation fixed and coincident with the
center of projection while it is rotating and zooming. These
assumptions are valid when the PTZ camera is used in an
outdoor or in a large environment, situations where the camera
rotation is small compared to the distance to the scene being
observed.

To process each scene frames and make considerations
about the world, namely, the background, we need a function
that back-projects a pixels [u v]T , with u representing the pixel
column and v the pixel line, into world coordinates [X Y Z]T ,
assuming a Z value, and vice versa, i.e. projecting [X Y Z]T

to [u v]T .
1) Projection: In the pin-hole camera model a 3D point

X = [X Y Z]T in 3D projective plane P 3 is projected into the
camera image plane P 2 at coordinates x = [u v]T . Lower-case
letters represent 2D points while 3D points are represented by
capital letters and the image plane is represented in blue.

The relationship between the 3D point X and the image
projection x can be given by f : P 3 → P 2 such that x ∼ PX
with P a 3 by 4 rank-3 matrix denoted as camera projection
matrix given by

P = Kz [R t] , Kz =

 f z s cz
x

0 f z cz
y

0 0 1

 (1)

in which K represents the camera intrinsic parameters, R
the rotation matrix, t the translation vector and ∼ symbol
represents an equality up to a scale factor. Together, the
matrices K and t represent the camera extrinsic parameters.
The matrix K is expressed in function of s, the camera pixel
skew parameter (also named x:y pixel ratio) associated to every
camera, f the focal length and c = (cx,cy) the principal point.
Both f and c depend only on the camera zoom z therefore
they are represented as f z and cz = (cz

x,c
z
y).

The relation between a world coordinate X = [x y z 1] in
homogeneous coordinates and an image point x is given by a
3 x 4 matrix P called projection matrix, defined up to scale
by a factor λ such that

λx = PX . (2)

2) Back Projection: Given the camera equation 2, and
knowing the world coordinates of a point allows obtaining
the image coordinates in pixels. The inverse operation is not
possible since the matrix P is not a square matrix. Knowing
the image coordinates([u v]T ) in pixels we can estimate the
[X Y ] values for each Z coordinate. To overcome this, all 3D
points are defined as belonging to a line that goes through the
optical center and has the same direction of the optical ray.

3) Calibration: The main goal of camera calibration is to
find the camera matrix P since it contains all the camera
information necessary to relate x and X. The 3 x 4 matrix
P has 12 elements, but since the scale factor is arbitrary, it
has 11 degrees of freedom. There are 3N equations (3 for
each point projection) but, since each projection introduces



one additional unknown λ, we need at least 6 points in order
to have the problem well defined.

One option for the geometric calibration of a camera is
to use the Direct Linear Transformation (DLT). Section III
describes in more detail some of the available methods for
an automated and non-automated calibration of PTZ cameras
which may include DLT.

B. Background Subtraction

Background subtraction is based on the assumption that
the difference between the current image and the background
image is caused by a moving object in the scene. Most of
the scientific literature available denotes moving objects as
foreground since most of the moving objects are part of the
foreground.

In general, background subtraction requires assumptions as:
the camera and its parameters are fixed; the scene does not
have illumination changes; the background is static and no
objects move or are inserted into the background; the initial
background does not contain sleeping objects that will move
later into the foreground; the background and the foreground
can be separated by a threshold when differencing the current
images and the background. In practice, these assumptions
are usually hard to meet due to the wide range of real world
conditions.

We present three different methodologies which have some
similarities but with different concepts to reach the same
goal of obtaining a precise object segmentation. Each method
introduces an improvement over the previous one.

1) Basic Background Subtraction: With Basic Background
Subtraction (BBS), as in [11], the foreground mask is com-
puted by getting the absolute difference between the current
frame image and a static background image and comparing the
result with a threshold previously defined. All the image areas
where the result is higher than the threshold will be considered
as active areas.

The BBS has a number of drawbacks. Firstly it is not
robust to different lightning and scene conditions since the
threshold is not dynamic. Its value might be suitable for
some conditions and bad others. It also depends on previous
background estimation. While for static cameras it might be
possible to do this estimation using an empty scene as the
background, for PTZ cameras that can constantly change their
orientation and zoom level, it might be difficult to get a good
background estimation, making this method not reliable for
these cameras. Additionally, if parts of the background start
moving, like leafs of a tree, they will also be detected.

2) Frame Differencing: Frame differencing consists of sub-
tracting two adjacent images and then filter the stationary
background by comparing against a threshold. As previous
method, the areas where the result of the subtraction is higher
than the threshold are classified as foreground whereas the
other areas are classified as background.

This method quickly adapts to environment changes and
camera movements although when objects part of the fore-
ground stop, they will not be detected. Objects that are
uniformly colored will also be a problem when applying this

method since in this case, when we subtract the current frame
and the previous frame, only the leading and trailing edge will
be detected, leaving a lot of pixels not recorded. This behavior
makes it difficult to understand if the object is moving towards
or away from the camera.

A possible solution to improve frame differencing is a three-
frame differencing method as [19]. Now, not only the past
frame is taken into account but also a future frame. This
requires either that the algorithm is not running online or that a
motion model of the objects is known, so we can predict where
the object will be. The results will however differ depending
on the time interval between the frames selected since objects
have different sizes and will move at different speeds.

3) Motion Images Applied to Background Subtraction:
Motion history images (MHI), a concept described originally
by James W. Davis in [5] and further developed in [4]
represent a method that instead of focusing on trajectories of
the object, focuses on motion patterns. The MHI is constructed
by successively layering selected image regions on top of
each other over time. This framework allows the representation
of both the position and temporal history of moving objects
by marking each pixel with the last time instant it was
declared foreground, making it an interesting application for
background subtraction algorithms. The slowly moving objects
that are often missed by frame differencing are now taken into
account as foreground.

C. Surveillance with Pan-Tilt-Zoom Cameras

A common goal of surveillance systems is the detection
and tracking of moving targets like pedestrians, vehicles, etc,
in the environment. With the rapid growth in the number
of surveillance cameras, the demand and development of
automated methodologies for detection and tracking based on
image processing techniques also increased.

Currently, most surveillance systems are based on fixed
wide field-of-view (FOV) cameras. Wide FOV comes at the
cost of losing resolution. With the usage of PTZ cameras
in surveillance systems it is possible to adapt the FOV and
therefore the area of the environment covered by the camera.

The challenge is to find an optimal control policy for
tracking the maximum number of targets with the maximum
resolution possible. Having the PTZ parameters, namely the
three degrees of freedom for the control, the challenge of using
a scheduling policy is how the degrees of freedom can be
used in order to have a fair use of zoom level together with
a good number of targets being tracked. A study, a proposed
solution, and an implementation is provided in the MSc. thesis
of Tiago Marques [10] while on MSc. thesis of Pedro Silva
[14], a multi-target tracking algorithm is proposed.

In this work, we will focus in the first step of detection of
targets in a surveillance system where images are processed
and the detection and segmentation of objects of interest
occurs.

1) Freely Moving Cameras versus PTZ Cameras: Most of
today’s video streams are captured from moving platforms
like camera phones, cameras mounted on ground vehicles or
drones, or mounted on robots. While moving cameras, mostly



with fixed zoom, can have translations during video streams,
cameras used in video surveillance systems, like PTZ cameras,
do not usually translate and have the zoom as a degree of
freedom. PTZ cameras can be categorized as a type of moving
cameras and share some of the common problems when it
comes to background/foreground segmentation.

In [13], Sheikh et al. proposed a pixel-wise labeling of fore-
grounds and backgrounds for freely moving cameras. It uses an
orthographic camera model and assumes that the background
is the main rigid entity of the image in order to get three basic
trajectories corresponding to the camera motion. On the other
hand, Kwak et al. [8] does not use orthographic projections but
perspective ones. Motion information is explicitly determined
with the help of a particles filter to estimate poses.

In the case of PTZ cameras equipped with odometry on the
pan, tilt and zoom motion degrees of freedom, one does need
to estimate the camera motion. In other words, conventional
motion estimation methodologies based on feature tracking are
not required.

2) Background Subtraction for PTZ Cameras: Considering
static cameras, foreground can be defined as all the visual
information that is not present in the static background. For
moving cameras, like PTZ cameras, this distinction is ambigu-
ous. Several background subtraction methods were developed
in the last years.

In [5], Davis et al. introduced the concept of motion
history images where images are built by successfully layering
selected image regions on top of each other. This method
focuses on motion patterns over object trajectories.

Later, James Davis [4] developed the motion history images
concept, addressing previous problems on limited recognition
by building a gradient-based motion pyramid to extract local
motion flow directly from motion history images.

The background subtraction approaches referred in this
section are computationally inexpensive to represent, charac-
terize, and recognize target motions with fixed cameras.The
representations described here capture both the position and
temporal history of a moving object they can be used to select
the foreground and the background pixels.

In our case, we want to consider PTZ cameras, and need
therefore to deal with the background apparent motion due to
the camera motion.

3) PTZ Cameras Modeling and Background Representa-
tion: Previous dissertations on tracking and scheduling with
PTZ cameras was already developed in Instituto Superior
Técnico. In Tiago Castanheira MSc. thesis [3], it is proposed
an automatic system to track buses in a parking lot by using an
Extended Kalman Filter (EKF). The EKF revealed satisfactory
results for position estimation although all the testing was only
done under a simulation environment. A multi-target visual
tracker with the help of PTZ cameras is presented in Pedro
Silva MSc. thesis [14]. The tracker combines kernel-based and
particle filter trackers using a tridimensional target model. An
heuristic scheduling algorithm to coordinate a set of cameras is
also developed. In the case of Tiago Marques MSc. thesis[10],
an information theory approach is used to solve the scheduling
and control problems.

Regarding cameras calibration, previous work on PTZ ca-
meras automatic calibration was developed by Galego et al. [6]
regarding radiometric effects inherent in the operation of
those cameras. From the same author, in [7], a method for
PTZ cameras auto-calibration over the cameras zoom range is
proposed.

The MSc. thesis of Diogo Leite [9] also proposed an
automatic calibration method over the camera’s zoom range
and a new methodology for automatic surveillance control for
tracking and prediction targets trajectories based on memory
of past events is presented.

D. Focus of the Thesis

In the thesis the focus will be in proposing an improved
background model that allows the complete FOV represen-
tation of a PTZ camera. The model defined should provide
a satisfactory framework for events detection so that, in the
future, the detection algorithm could provide data to previ-
ously developed algorithms on multi-targets tracking and PTZ
scheduling and control algorithms like the ones presented in
this section. To accomplish the background model a good
study of PTZ cameras geometric model is need.

III. PAN-TILT-ZOOM CAMERAS GEOMETRIC MODELING

With this section, we introduce the constrains added by
having a camera that can zoom in and out and how the
radial distortion effect is noticeable for different zooms. The
modeling of this aspects is essential to ensure a precise
background representation is obtained.

A. Zoom Model

Differently from cameras with fixed optics, PTZ cameras
allow zoom in/out operations. From a geometric point of view,
the zoom transformation can be seen as an 2D homography.

Assuming a pin-hole camera model, given a set of points
x and x′, image of X but taken at two different time instants
by a camera that is zooming, we can compute a projective
transformation that maps each x to x′. These points, x and
x′, are related to X as x = K[R t]X and x′ = K′[R′ t]X where
t = 0. Therefore, x′=R′R−1K−1x. The matrix K is the camera
intrinsic matrix for a particular zoom level. If we assume the
camera is zooming with a fixed center of projection, we can
write x′ = K′K−1x.

The 2D homography can be written as Hzoom = K′K−1.

B. Radial Distortion Model

Many cameras, including PTZ cameras at minumum zoom,
will slightly deviate from the pin-hole model due to radial
distortion. Figure 2 was acquired with an Axis 5512 PTZ
Camera at the maximum zoom out level (0%) when showing a
chess calibration pattern in front of the camera and illustrates
how noticeable the distortion of the lens is, in particular in
the image corners. The red lines placed afterwards on top of
the pattern represent a grid with the same size of the chess
squares and illustrate in an easier way the effect of radial



Figure 2: Image acquired with Axis 5512 PTZ Camera at the
maximum zoom out level (0%) with a perfect grid overlay in
red color.

distortion. It is visible that the chess pattern squares are not
squares anymore in the image acquired.

Radial distortion is therefore an important subject to model
before introducing the PTZ camera images into further pro-
cessing algorithms, such as the construction of a panoramic
background representation.

The radial distortion makes a 3D point X be projected to
a point xd = [xd yd ]

T different from the expected, undistorted,
point xu = [x y]T . The point is deviated according to a radial
distortion function L where[

xd
xd

]
= L(r)

[
x
y

]
,r =

√
x2 + y2,L(r) = 1+ l1r2 + l2r4 (3)

with r being the radial distance, the distance from point xu
to the center of distortion (x0,y0). The point xd can then be
written as

xd = (1+ k1 ‖xu‖2 + k2 ‖xu‖4)(xu− x0)+ x0 . (4)

The radial distortion for each zoom level, Lz, can be
parameterized by (xz

c,y
z
c,k

z
1,k

z
2). Constraining the principal

point (cx,cy) to be equal to the distortion center x0 = [x0 yc],
the radial distortion function for each zoom level can be
parameterized by the coefficients kz

1 and kz
2.

C. Camera Calibration based on a Standard Toolbox

Another important aspect to model in PTZ cameras is the
instrinsics parameters of a camera. Jean Ives Bouguet’s [1]
developed a method that estimates the intrinsic parameters of a
camera by capturing images of a planar chess pattern at various
orientations. The developed method outputs not only the focal
length and the principal point but also the skew coefficient and
the radial distortion.

This method is considered a manual method since it needs
a person to go in the front of the camera with the pattern and
later on, a person to identify the points of the pattern in the
image. Automatic methods for camera calibration are available
and documented by Agapito et al. [2] and Galego et al. [7]
but due to the lack of textured regions in our test environment,
those methods described were not suitable in several regions.

D. Calibration Based on Focal Length Parameter

An alternative method to Jean-Yves Bouguet Camera Cal-
ibration Toolbox to obtain the focal length parameter in

function of the zoom level of a PTZ camera is based on real
world measurements with a measure tape.

From the relation between a world coordinate X = [X Y Z]
and an image point x = [x y z] described in equation 5, focal
length value can be estimate knowing the X and Z coordinate
of a world point and the respective u image point.

u
v
1

=

Su 0 0
0 Sv 0
cx cy 1

X
Y
Z

⇔{λu = SuX

λ = Z
⇔ Su =

Z
X

u (5)

E. Calibration based on a Grid on the Ground Plane

Following previous section, where a calibration method-
ology is based in scene measures, we propose a calibration
methodology for a PTZ camera based on a calibration pattern
placed in the ground floor which estimates the intrisics of the
camera given the camera height, the distance from the camera
to the pattern and the tilt angle of the camera.
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Figure 3: Referentials used in the calibration method proposed
with the use of a calibration pattern.

In the setup it is assume the X-axis of the calibration pattern
referential is parallel to the X-axis of the camera referential
(in a ab notation where b represents the axis in a referential
then we must have px // cx) which in practice is obtained
by enforcing that the X-axis of the camera is parallel to the
ground plane. In other words it means that the camera just tilts
on an axis parallel to the ground plane or that the camera does
not roll with respect to the ground plane. Figure 3 illustrates
the referentials used in the setup.

From the assumption that the X-axis of the camera refer-
ential is parallel to the ground plane referential the remaining
referentials are built accordingly. The main world reference
frame, {w1}, is constructed by first projecting the origin of the
camera referential to the ground plane at the origin, defining
that the X-axis of the world referential is parallel to the X-
axis of the camera referential (cx // ground plane). Next, we
define the Z-axis in the world referential to be on the ground
and on the plane with the X-axis of the X-axis of the pattern
referential being parallel to the X-axis of world referential.The
X-axis of the pattern is therefore parallel to the X-axis of the
world referential (px // w1x) and the Z-axis of the pattern
referential is parallel to the Z-axis of the world referential
(pz // w1z).



Recalling Equation 1 that maps a 3D data point into a 2D
image point if the extrinsics of the camera are defined by
a series of transformations based on the camera height, the
distance from the camera to the pattern and tilt of the camera
we can write a 2D image point by

m∼ K [R | t]p︸ ︷︷ ︸
cTp

M, cTp =
cTw1

w1Tw2
wTp (6)

where the transformations cTw1 , w1Tw2 and w2Tp are defined in
function of the distance d1, the distance from the origin of the
pattern referential, pO, to the origin of the {w1} referential,
w1O, along the Z-axis of the {w1} referential (or Z-Axis of
{p} referential), the distance d2, defined as the distance from
the origin of {p} referential, pO, to the origin of the {w1}
referential along the X-axis of the {w1} referential (or X-
Axis of {p} referential), the distance h is the camera height
relatively to the ground and lastly of the angle θ which
represents the tilt angle (Figure 3).

If we define a 3D point in the pattern as pM =
[i.∆x 0 j.∆z 1]′ a 2D point m=(i, j) in the image can therefore
be defined as

m∼ K

(
Rx(θ)

i.∆x
0

j.∆z

+Rx(θ)

d2
h
d1

) (7)

where ∆x and ∆z are the calibration pattern rectangles sizes
horizontally and vertically, respectively.

In Equation 7 both the image points and the world points
were measured leaving the intrinsics matrix K and the angle θ

as the unknowns. Since the angle θ can be measured from the
camera when acquiring the image of the calibration pattern,
Equation 7 can be used to solve a optimization problem and
find the best values for the intrinsic matrix.

F. Radial Distortion Estimation with Line Fitting

Since we are dealing with a variable zoom camera and
therefore a variable focal length parameter, for low zoom
levels, where the focal length has the lowest values, the radial
distortion effect is noticeable.

This section describes a procedure based in line fitting in
order to estimate a good approximation of the radial distortion.

If we take figure 2 to have the squares matching the red lines
we can create an optimization problem in which the radial
distortion coefficients are tweaked so the points x and xd are
as closest as possible.

Defining the optimization problem as a line fitting problem,
each red line which contains a set of undistorted points defined
by a linear equation and each set of distorted points which
should belong to the line must have the lowest possible
deviation from that line. The described logic is applied to both
the horizontal and vertical lines.

IV. PAN-TILT-ZOOM CAMERAS BACKGROUND MODELING

On chapter II we described some background subtraction
methodologies. All of them had an important element in
common: the correct estimation of the background. Without

the background well defined, the foreground identification will
also fail. For PTZ cameras, most of the assumptions made
in section II-B are not valid. We have now three degrees of
freedom - pan, tilt and zoom - which have to be considered
to build a correct background representation.

A. Background Representation

To make an omnidirectional representation we only need to
pan and tilt the camera. The zoom is also a degree of freedom
that can be explored to improve the representation of the scene.
An option is to have multiple levels of zoom included in the
omnidirectional representation.

1 frame WxH

min. zoom (max. FOV)

1 frame WxH

medium zoom

1 frame WxH

max. zoom (min. FOV)

Figure 4: Zooming camera resolution representation.

In a real scenario, a camera that allows the zoom operation
but does not pan neither tilts, can fill one complete pyramid
and leaves partially empty other neighbor pyramids. In fig-
ure 4, a zooming camera is presented to illustrate how the
resolution and the FOV are related in such cameras.

In figure 5, the zooming camera defines multiple (side-by-
side) pyramids although it can only fill them partially, as the
camera is assumed here to be just zooming in or out without
pan and/or tilt.
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Figure 5: Zooming allows multiple FOVs and allows the
definition of multiple pyramids.

A pan-tilt-zoom camera allows defining multiple pyramids
(as the zoom-only camera) and allows filling the complete
FOV in the pyramids. Figure 6 illustrates the advantage of
having a PTZ camera to represent the complete FOV. It is
worth noting that some data will be redundant. Frame f4 is
redundant given f1 in opposite to f6. Frame f5 is partially
redundant given f2. A balance in the acquisition must be done,
interpolating data when possible.

B. Setting-up in a Real Scenario

In some environments, e.g. outdoors, large portions of
the scene may contain regions which are not desired to be
monitored.
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Figure 6: Zoom (lens) fixed camera allows acquiring frames
f1, f2, f3 and f4 but not f5, f6 and many others not represented
in the image. To directly acquire f6, a camera rotation is
needed.

For instance, in a surveillance system of an outdoor parking
lot, the sky or the walls do not require a high detail in
comparison to objects of interest, like cars or people. To avoid
representing those parts, two possible approaches can help in
the decision of zooming or not. One, described in [16], is to
avoid zooming into textureless regions like for example the
sky, walls, roads. The second is to capture the depth value of
each pixel and decide according its value. Regions like the
sky or buildings far away do not need to be zoomed in. In
order to have the corresponding depth value for each pixel of
the scene, we need an auxiliary depth measuring device. The
auxiliary device can be a camera used to calibrate the on-site
PTZ camera during the setup of system and later it can be
used to work in parallel with the main PTZ camera and get
the depth values.

In the impossibility of having an analysis regarding the
texture of the scene prior or during the acquisition, saving
the images acquired from all the zoom levels provides the
flexibility to decide later which regions are useful for the
needed applications. With this option we can provide a om-
nidirectional background representation for each zoom level
used.

C. Omnidirectional Background Representation

To represent the background of a PTZ camera we pick
the cube representation since it handles a complete spherical
FOV, 360◦ x 360◦, as opposed to the planar or cylindric
representations.

Two main functions are needed to use the background
model: first the computation of a back-projection for each
image point and then the back-projections of those points in
the cube faces [6].

1) Back Projection and Identification of the Correct Cube
Face: If we know the camera intrinsic parameters and the
pan and tilt angle orientations used for acquiring the specific
image, we can back-project a 2D point into a 3D using the
equation

[X Y Z]T = (K R)−1m (8)

with K being the intrinsic parameters matrix and R the rotation
matrix. To obtain the 2D coordinates of a 3D point on the face
of the cube, we need firstly to determine which right face of
the cube to project the point.

Knowing the 3D point information and the size of a cube
face, we can find a latitude angle, dependent on longitude,
known as critical latitude, ϕc, which indicates whether the
optical may be pointing to the top or bottom faces.

Given the critical latitude and by converting the 3D point co-
ordinates to spherical coordinates longitude, θ= arctan(X/Z),
and latitude, ϕ = arctan(−Y/

√
X2 +Z2), we can determine

which face of the cube corresponds a specific point.
2) Projection to a Cube Face: Now that we know the

cube faces for each point, the next step is the mapping of
those points into the corresponding cube faces. The mapping
corresponds to the projection of the back-projection of the
previously computed image points using a projection matrix
PWF = KF

[
RWF 03×1

]
where KF is an intrinsic matrix

characterizing the resolution of the cubes faces and RWF are
rotational matrices defining optical axis orthogonal to each
cube face.

An image point m is therefore mapped on a cube face mFi

as mFi ∼KFRWFR−1K−1mi.

V. BACKGROUND SUBTRACTION ON THE
OMNIDIRECTIONAL REPRESENTATION

The omnidirectional background representation introduced
in the previous section allows to collect image data acquired
by the pan-tilt-zoom camera, during background construction.
In an installation phase, or upon required updates due to scene
changes, the pan-tilt-zoom sweeps along the ranges of the pan,
tilt and zoom degrees of freedom and integrates the acquired
images.

During operation, one acquires one image at a specific
setting of pan-tilt-zoom and then reads from the background
representation a corresponding image with the same settings.
This allows using the background methodologies introduced
in chapter 2.

The zoom degree of freedom in practice is limited to a
small range, chosen to allow detecting scene changes, e.g.
humans moving, with a number of pixels larger than a min-
imum threshold. The sweeping of the pan-tilt-zoom degrees
of freedom implies acquiring multiple values for each point
(pixel) of the cube face, which are then averaged to the fill
the pixel value.

In other words, the omnidirectional background representa-
tion allows to collect image data acquired at multiple zoom
levels, but only saves according to the resolution chosen for
the cube faces. The choice of the resolution of the cube
faces involves a tradeoff between accuracy and model memory.
Choosing a large resolution allows saving background images
acquired at higher zoom levels with almost no loss of data.
However, the required computer memory necessary to hold the
cube faces also grows fast.

VI. EXPERIMENTS AND RESULTS

In this chapter, following the methods for PTZ camera
calibration described in section III, we present the results of
running algorithms based on the described methologies for
camera calibration in a real scenario setup at Computer and
Robot Vision Lab, Técnico Lisboa. During all the experiments



described in this chapter, the PTZ camera used was AXIS 5512
PTZ Camera.

A. Camera Calibration based on a Standard Toolbox

The first results are based on the calibration method which
uses Jean-Yves Bouguet Camera Calibration Toolbox for
MATLAB, described in section III-C.

The toolbox requires a prior acquisition of a set of images
with a calibration pattern. Computing the calibration values
for each zoom level with this method is very time consuming
so most of the values are interpolated from the acquired data.

Figure 7 shows the resulting curves for the principal point
and radial distortion parameters. The focal length calibration
parameter results are shown later in figure 8

(a)

(b)

Figure 7: Principal point calibration parameter, cc, evolution
(a) and radial distortion calibration parameter, kc, evolution (b)
for Axis 5512 PTZ Camera zoom range with the respective
error per point.

Focal length, which represents the distance between the
center of the lens and its focus, as expected, increases when
the zoom level also increases.

The principal point represents the intersection of the optical
axis and the image plane. The point is very often the center
of the image plane or it is close to it. In the values obtained
this behavior is not observed.

As seen in equation 4 the higher the values of radial
distortion, the bigger is the difference between the expected

projection point and the real and observed projected point. As
the zoom increases, in this experience the radial distortion
increases significantly which will lead to a big difference
between the undistorted point and the distorted point observed.
The order of magnitude of the values does not match since
the expected difference from the undistorted point to the
distorted point is around 1-2 pixels and with a radial distortion
coefficient of more than 0.5 it is not possible to reach that
difference.

Sinha et. al [15] presented the results of a successfully
calibration done for two distinct PTZ cameras which highlights
the unexpected values obtained in the calibration done with
Jean-Yves Bouguet Camera Calibration Toolbox. Although the
focal length follows the same behaviour as the calibration done
in [15] both the principal point and the radial distortion have
unexpected behaviors for higher zoom levels.

Some reasons as the 3D noise from the calibration pattern
due to curling of the pattern or 2D noise resultant of imprecise
corners detection, low light or image compression can be
the culprit of the not expected values. On the other side, it
is possible that the Jean-Yves Bouguet Camera Calibration
Toolbox could not be suitable for calibration of high zoom
levels as the toolbox requires distinguishable poses of the
calibration pattern and, at high zoom levels, it struggles to
understand the difference between poses.

B. Focal Length Single Parameter Calibration

To measure different focal length values the bar is set at
different distances from the camera. The measures start at a
distance, in the ground plane, from the camera to the bar, of 2
meters to 15,5 meters, the physically possible distance in the
laboratory. The results of the focal length parameter can be
found in figure 8.

As expected, the focal length increases as the zoom level
increases. It is worth nothing that moving the bar around 11 to
13 meters from the camera produced a low zoom level change
possibly due to the digital zoom of the camera which allows
the camera to crop an image in a centered area with the same
aspect ratio as the original image, keeping the same zoom
level.

C. Calibration based on a Grid on the Ground Plane

The results for the focal length parameter obtained after
solving an optimization problem based on Equation 7 to find
a solution for our unknown, the intrinsics matrix can be found
in figure 8 along with previous experiences results.

The results obtained with this methodology confirm the
suspicion raised in section VI-B regarding the calibration
values obtained with the Yves Bouguet Camera Calibration
Toolbox for high zoom levels. With the two experiences
detailed in sections VI-B and VI-C we prove that for high
zoom levels the toolbox does not provide a good estimation
of the intrinsics parameters of AXIS 5512 PTZ camera.

D. Radial Distortion Estimation with Line Fitting

For the figure 2 presented in previous chapter, after the
optimization problem we obtain figure 9 which illustrates the
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Figure 8: Focal length parameter value evolution with different
calibration methods for Axis 5512 PTZ camera zoom range.

initial pattern grid (inner grid) and the resulting grid (outer
grid) after line fitting.
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Figure 9: Initial pattern grid (inner grid) and the resulting grid
(outer grid) after line fitting for maximum zoom out.

For this specific example we obtain the results displayed in
table I.

Table I: Measures obtained after solving the line fitting opti-
mization problem.

Zoom
level
(%)

Radial
distortion
coefficient

(k1)

Radial
distortion
coefficient

(k2)

Horizontal
principal

point
(pixels)

Vertical
principal

point
(pixels)

Focal
length

(meters)

0 0,4625 -0,6165 352,0015 287,9988 408,6720
5 -0,0655 0,0123 352,0544 287,8751 409,8461

The values obtained are within the expected order of mag-
nitude and as expected, the values decrease as the zoom values
increase.

VII. OMNIDIRECTIONAL BACKGROUND REPRESENTATION

As described in section IV-C, we chose a cube as the
solution to represent a scene in an omnidirectional way. For
the purpose of testing this solution for different zoom levels

(a) (b)

Figure 10: Cube mosaic and calibration for a zoom level of
40% considering the radial distortion effects (left) and not
taking into account the radial distortion (right).

and the effects of a good calibration, this section introduces
two experiments.

In the first experiment, Diogo Leite [9] used a single dataset
with two different calibration parameters. These experiences
were performed to assess the importance of having a calibra-
tion which takes into account radial distortion described in
III-B for lower zoom levels. When radial distortion was not
modeled the results are noticeable different comparing to the
results including radial distortion. The visual appearance of
the mosaic improved clearly.

In the second experiment we use all the knowledge acquired
with previous experiments with camera calibration for differ-
ent zoom levels of a PTZ camera, detailed in section VI-A,
VI-B and VI-C, to build a cube mosaic with higher resolution
using images acquired with a higher zoom levels.

Examples of the cube mosaics using a calibration based
on Jean-Yves Bouguet Camera Calibration Toolbox for a
zoom level of 40% allows testing this calibration solution and
reiterate the conclusion of previous section which states that
the calibration toolbox is not suitable for higher zoom levels.

Figure 10 (a) illustrates a section of cube mosaic and
calibration for a zoom level of 40% without considering the
radial distortion effects while figure 10 (b) illustrates the
same conditions of zoom but considering the radial distortion
effects. The differences are barely visible due either to a bad
calibration or because the radial distortion effects start to be
negligible when having higher zoom values as proved by Sinha
et. al [15] and in this work with the results obtained in section
VI-D and table I.

VIII. BACKGROUND SUBTRACTION WITH
PAN-TILT-ZOOM CAMERAS

To illustrate that background subtraction methods can be
applied to the mosaics of 40% zoom level obtained, figure
11 presents two mosaics obtained after applying the manual
calibration methods based on manual measures to build the
cube representation of a scene where a USB drive is placed
on top of table and later disappears. Figure 11 also shows
the result of applying Basic Background Subtraction to both
mosaics. Although the object we want to detect is very small



and the mosaics are not exactly stitched together, it is possible
to detect the object being removed from one instant to another
since we are leveraging the increased resolution due to the
higher zoom of the camera.

Mosaic without object Mosaic with object Detected pixels

Figure 11: Results of a background subtraction algorithm on
mosaics using datasets 181002t4 (no object) and 181002t5
(with the object) acquired with 40% of zoom.

IX. CONCLUSION AND FUTURE WORK

The work described in this report explored three main sub-
jects applied to surveillance systems based on PTZ cameras:
background subtraction methodologies, camera calibration and
omnidirectional background representations. The first subject
described the basics of background subtraction and identified
the problems of extending to moving (rotating and zooming)
cameras, with the same performance, some of the methodolo-
gies already developed for static cameras.

The second subject was tackled since a background rep-
resentation could not be done without the camera calibrated.
In our work, due to the lack of textured regions in our test
environment, automatic calibration methods described were
not suitable in several regions. To perform the calibration of
the AXIS 5512 PTZ camera available at the test environment
in function of the zoom level, several alternatives based on
calibration patterns and real measures at the environment were
studied.

Jean-Yves Bouguet Camera Calibration Toolbox showed to
be a good alternative for low zoom values but providing incor-
rect values for high zoom levels possibly due to the 3D noise
from the calibration pattern, 2D noise resultant of imprecise
corners detection, low light or image compression. For higher
zoom levels the calibration of the focal length parameter based
in real environment measures and the calibration based on a
calibration pattern on the floor proved to be a good but slower
alternative to automatic methods. The results obtained follow
the same behavior as previous experiments developed by Sinha
et al. [15].

As referred, the definition of an omnidirectional background
model is a major component in this project. The work of Sinha
et al. [16] is seminal on the aspect that pan-tilt-zooms cameras
were used to construct an high resolution scene representation.

We were able to create a simple framework for multi-
resolution omnidirectional representations of the background
without taking into consideration the memory size problems
but using the calibration methods supported by manual mea-
sures of the scene to project the images into a cubic represen-
tation of the environment. With those representations it was

proved to be possible to run a simple background subtraction
algorithm.

Future work, namely the development of the dissertation
work, is focused on extending multi-resolution omnidirectional
representations of the background to events detection algo-
rithms. This work shows that is possible to build background
representations even with the lack of textured regions. A
solution to solve the memory size problems resulting from
such representations is a topic which needs more time and
research investment.
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