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Abstract

Nowadays, in order to make the cities more comfortable and safe,
many countries have been promoting the smart city construction.
One of the primary objectives is to realize advanced information anal-
ysis by obtaining data from various sensors connected via network.
As the main sensor of smart city, the surveillance active cameras are
widely used for crime prevention or disaster prevention. However,
separate control for each camera limits the entire system to play a
more effective function. So it is still an important task to make cam-
eras cooperate with others to improve the efficiency and convenience
of the surveillance system.

This dissertation presented a wide-area surveillance system whose
cameras are integrated organically by using a new external parameter
estimation method. In this method, an L-shaped tool is used as a
gauge, and the optical axis of the camera is adjusted to each endpoint
of the L-shaped gauge. Then we can use only the information of the
optical axis to calculate the external parameters, so that the accuracy
does not depend on the lens distortion or the image processing error.

Based on the estimated external parameters, the cameras can be
controlled to measure the spatial information of the surveillance area
and generate the 3D site model. By using the 3D spatial information,
pedestrians can be identified their spatial positions by a single PTZ
camera when they come into its view. Furthermore, based on the
spatial position coordinates, the pedestrians detected from real-time
surveillance video can be not only projected onto 3D site model,
but also tracked by multiple cameras from different directions with
different magnifications.
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Chapter 1

Introduction

1.1 Research background

Figure 1.1: Two types of surveillance camera

At present, as the main sensor of smart city construction, the use of
surveillance cameras is increasing [1]. The surveillance camera can
take and record a lot of video data for security prevention, disaster
prevention， information analysis, and so on. Most of wide-area
surveillance cameras can be classified into two types as shown in
Fig.1.1: fixed camera and active PTZ camera. The fixed camera
which can not move can cover a wide range, they can not move Fixed
cameras are often used to observe large areas. Comparing with the
fixed cameras, the active PTZ cameras have been used more and
more, because they can be used to make up for blind spots of the
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fixed camera and to pay more attention to some important targets.

Figure 1.2: An operator watching screens

When the traditional 2D surveillance systems in which the move-
ment of each camera is individually controlled are used for security,
people usually have to watch dozens of videos which are captured by
cameras installed at different positions (Fig.1.2). Further, operators
must remenber where the cameras are iinstalled.

Figure 1.3: Similar sences

However, if the number of available surveillance cameras is large,
integrating information from separate 2D images becomes difficult.
Further, if the monitored scenes are similar, such as residential, su-
permarket or hotel scenes shown in Fig.1.3, the operators will be
more easily confused, and more likely to make mistakes.

2



Even if some of the latest surveillance systems can monitor and
detect suspicious events automatically, as long as human beings have
to be involved in dealing with the events, this kind of problem still
exists. Therefore, the development of 3D visualization surveillance
systems, which can improve monitoring efficiency and reduce the
people’s cognitive load, become a significant issue.
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1.2 Research purpose

The purpose of this research is to improve availability and effective-
ness of surveillance system by integrating the multiple cameras so
that the system can complete some functions that are not available
in traditional systems.

In the proposed surveillance system, there should be the following
functions:

1. The cameras can be controlled to cooperate with each other.
The camera group fused organically can do some things that
can not be done with dispersive cameras.

2. The 3D site models of monitoring area can be reconstructed by
using system’s own cameras.

3. Moving objects such as pedestrians or vehicles can be displayed
in 3D site model dynamically so that the important information
can be concentrated. Needless to say, it is easier for the opera-
tors to concentrate their attention. However, this function also
makes sense even for the unmanned surveillance systems. For
example, when some events occurred and people want to view
the video record, the 3D videos can visually and centrally show
the information related to the events. Compared to watching
2D videos, people can more easily grasp the overall situation.

4. Specific objects can be tracked by multiple cameras. With this
function, the system can continuously provide position informa-
tion and enlarged images of the specific target. Needless to say,
it is not necessary to track all moving objects. However, because
there is always a master camera monitoring the entire region,
the system does not miss any other information when multiple
cameras are tracking a target.

The advantages of this system are summarized below:

• By controlling the system’s own surveillance cameras, the 3D
mapping reconstruction can be operated automatically. Based
on this feature, even if some parts of the surveillance area have
changed, 3D models can be updated timely and easily. The
traditional methods can not do this.
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• In our proposed surveillance system, the coordinate system of
the camera group is set as the world coordinate system, and 3D
models are generated by system’s own PTZ cameras, so the 3D
site models and the cameras are described in the same coordi-
nate system. However, in other methods, 3D models are gen-
erated separately, so they have to calculate the transformation
including scaling, translation and rotation between the world
coordinate system and the coordinate system of 3D models.

• In traditional method, at least two cameras are necessary to
measure the spatial coordinates of a target. By contrast, be-
cause the 3D site model in our system contains the spatial in-
formation of the surveillance area, it is possible to obtain the
position by only one camera. Based on the spatial coordinates
provided by one camera, moving objects can be projected onto
3D site model and tracked continuously by other cameras.
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1.3 Related works

In this section, we will introduce the related research status about the
application of 3D visualization in surveillance systems. As shown in
Fig.1.4, a 3D Surveillance Camera System [2] developed by JVCK-
ENWOOD CORPORATION simply displayed 2D videos of surveil-
lance cameras into a 3D site model. Since they did not merge the 2D
videos with the 3D model, the 2D videos were still dispersive. And
the 2D videos became too small to see clearly.

Figure 1.4: 3D surveillance system developed by Jvckenwood Corporation

In the HouseFly system [3] developed by P. DeCamp et al., multi-
ple sensors’ videos were projected onto an indoor 3D model without
separating persons.

Some systems addressed the issue of showing moving targets onto
a reconstructed 3D site model. The system developed by Y.Yang et
al. was called“ seeing as it happens”system [4]. However, as you
can see in Fig.1.5, they just projected virtual avatars onto 3D site
model instead of real people images when their system was used in
outdoor sites.
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Figure 1.5: Image of Y. Yang’ system

Figure.1.6 shows the early Video Surveillance and Monitoring
(VSAM) system [5]. In this system, selected images of interest can
be inserted into an environment 3D map. However, the virtual envi-
ronment and the targets shown by this system were unclear.

Figure 1.6: Video surveillance and monitoring system

Figure.1.7 shows the Augmented Virtual Environment (AVE) [6]
in which moving objects within the video sequence were projected
onto 3D site model. However, as you can see, because the 3D site
models were rendered by the real-time video images, there are some
vacancies on the 3D background behind moving objects.
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Figure 1.7: Augmented virtual environment system

On the other hand, 3D site models used as display platforms can
be generated in several ways. For example, CAD models used by
JVCKENWOOD CORPORATION [2] and P. DeCamp [3] were built
manually. Some image processing methods, such as Structure-from-
Motion [7, 8, 9, 10] and optical flow method [11], can be used to
generate geometrical models. In addition, by using advanced 3D
sensors such as laser scanner, LiDAR [12, 13], Kinect [14, 15] and
ZED [16], 3D site models can be generated as well.
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1.4 Outline

The dissertation contains six chapters, of which the first is the intro-
duction.

Chapter 2 illustrates the whole image of the proposed surveillance
system and its functions. Then, since obtaining external parameters
of cameras is the basis for all the functions, we briefly discuss the
meaning of exteral parameters.

Chapter 3 introduces the existing external parameter estimation
method. After that, we illustrate a new external parameter estima-
tion method and the evaluation experiments for this method.

Chapter 4 presents the process of 3D reconstruction and the dy-
namic 3D display function of the system.

Chapter 5 illustrates the theory of the multi-view tracking func-
tion and the experiments carried out.

Chapter 6 concludes the entire work with remark and future study.

9



Chapter 2

Proposed surveillance system

2.1 Whole image of the proposed surveillance

system

As previously described, we proposed a new surveillance system
which can achieve some functions that are not available in tradi-
tional systems. Firstly, we would like to introduce the composition
of this system.

Figure 2.1: Whole image of the proposed system
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As shown in the whole image of the proposed system(Fig.2.1),
some active cameras are connected by a network. The operator can
see not only the images taken from each camera, but also the overall
3D site model of the monitoring area in which the stereoscopic images
of the pedestrians are shown in real time.

In addition, multiple cameras can do some combination move-
ments. For example, if one camera as a master camera finds a target,
the spatial coordinates can be calculated by the master camera, so
other cameras can aim at and track the target from different direc-
tions automatically. Therefore, the multi-directional images of the
target can be obtained If the image of his/her face is necessary, the
camera which can see his/her face can take the image immediately,
furthermore, the enlarged image of the target can be acquired con-
tinuously. And even if the target leaves the field of view of master
camera, another camera will switch to master camera automatically.

Next, we will introduce the funcion composition of the system.

Figure 2.2: The composition of the system

Since all functions are performed by the cameras, the cameras are
the core of the system. As shown in Fig.2.2, by using the system’s
cameras,three functions can be achieved. First, the 3D model of
this system can be generated by the system’s own cameras, unlike
other 3D monitoring systems. It means the coordinate system of

11



the 3D model and the coordinate system of the camera group is
the same one, so that it is not necessary to tranform the coordinate
value between their coordinate systems. Second, pedestrians can be
rendering onto 3d site model in real time. So that the position of the
pedestrian can be intuitively known by just looking at the dynamic
3D site model. Third, now that the position of the pedestrian is
known, it is possible to let multiple cameras track the pedestrian from
different directions. Thus we can see that the latter two functions
are based on the 3D site model. In addition, in order to realize
these three functions, it is necessary to know the relation among the
cameras. So, as a basis for the system, the relation among cameras
should be calculated firstly. The relation among cameras mentioned
here refers to the relative position and the relative attitude, also
known as external parameters. In the next section, we will present
the knowledge of external parameters.

12



2.2 External parameters of active PTZ camera

Most of wide-area surveillance cameras can be classified into two
types: fixed camera and active PTZ (pan, tilt, zoom) camera. Since
the active PTZ camera can be used to make up for blind spots of the
fixed camera and to pay more attention to an important target, this
type of camera has been widely used.

The PTZ camera can play three movements: pan (P), tilt (T) and
zoom (Z). Although it is called an active camera, the position of the
camera is fixed and only rotational movement is possible. Generally,
roll movement around the optical axis is not necessary, so there is no
roll rotation.

Figure 2.3: VN-V686 camera

The spherical camera is the mainstream PTZ camera. In this
dissertation, we chosed the VN-V686 PTZ network camera released
by JVC to build a surveillance system. Figure 2.3 shows the camera.
It has a CCD sensor with 380,000 pixels and a 36x zoom lens. With
an accuracy of 0.03◦, it can precisely maintain camera positions even
after frequent panning and tilting. Its pan range is [0◦, 360◦] and its
tilt range is [−5◦, 185◦]. After a long period of use (more than one
week), the VN-V686 camera will automatically clear the cumulative

13



rotation error.
This type of PTZ camera has the following two characteristics.

First, the optical axis of camera passes through the rotation center
which is the intersection point of axes of pan motion and tilt motion.
Second, this kind of camera is able to provide rotation angles.

Figure 2.4: Initial coordinate system of a camera

Figure 2.4 shows the initial coordinate system o − xyz of an
active PTZ camera. The active PTZ camera performs two motions:
pan motion (right and left rotation) and tilt motion (up and down
rotation). In Figure 2.4, the optical axis of the camera is the z-axis
of the coordinate system. The rotation around the x-axis represents
the pan motion, and the rotation around the y-axis represents the
tilt motion. However, once the camera rotates, the coordinate system
will differ from its original position.

14



Figure 2.5: Coordinate system after rotation

As shown in Fig.2.5, o − xyz and o − x′y′z′ are the initial coor-
dinate system and a new one after rotating respectively. The origins
of the two coordinate systems are the same. Angle α between y′-axis
and y-axis is the rotation angle of pan motion. Angle β between x′-
axis and x-axis is the rotation angle of tilt motion. Angle β can also
be considered as the angle between z′-axis and yz-plane. In other
words, the motion from o − xyz to o − x′y′z′ can be considered as
two rotations: angle α rotation on the pan direction, and angle β ro-
tation on the tilt direction. In addition, according to the mechanism
of the camera, we can know that y′-axis is always on the yz-plane.

Assuming that there is a point P in 3D space, the relation between
the initial coordinate system and the new coordinate system can be

15



represented by the following relationship,

P=0TtP′, (2.1)

where P = (X,Y, Z, 1)T is the coordinate value in o− xyz,
P′ = (X ′, Y ′, Z ′, 1)T is the coordinate value in o − x′y′z′ of the

point P .
Due to the theory of the Euler angle, the relationship between

before and after the rotation of the coordinate system can be calcu-
lated independently by each rotation step. It means the final result
can be calculated by multiplying the result of each rotation step in
sequence. Therefore, we calculated the results of pan rotation and
tilt rotation respectively.

Figure 2.6: Pan rotation

16



When the coordinate system rotates by angle α in the pan direc-
tion as shown in Fig.2.6, the relationship can be written as P = AP′.
A is represented by Eq.2.2.

A =


1 0 0 0
0 cosα sinα 0
0 − sinα cosα 0
0 0 0 1

 (2.2)

Figure 2.7: Tilt rotation

When the coordinate system rotates by angle β in the tilt direction
as shown in Fig.2.7, the relationship can be written as P = BP′. B
is represented by Eq.2.3.

17



B =


cos β 0 sin β 0

0 1 0 0
− sin β 0 cos β 0

0 0 0 1

 (2.3)

According to the theory of the Euler angle, we can know that 0Tt

is multiplied by A and B as shown in Eq.2.4

0Tt = AB =


1 0 0 0
0 cosα sinα 0
0 − sinα cosα 0
0 0 0 1




cos β 0 sin β 0
0 1 0 0

− sin β 0 cos β 0
0 0 0 1

 (2.4)

Further, the transformation matrix 0Tt can be calculated by the
following equation.

0Tt =


cos β 0 sin β 0

− sin β sinα cosα cos β sinα 0
− sin β cosα − sinα cos β cosα 0

0 0 0 1

 (2.5)

Here, we would like to emphasize that rotation angles α and β
mentioned in this dissertation are relative to the initial coordinate
system.

In particular, when a camera rotates to make its optical axis
pass through point P , point P ’s coordinate value can be written
as P′ = (0, 0, L, 1)T , where L is the distance from point P to the
origin of coordinate system. By substituting it for P′ in Eq.2.1, the
coordinate value of the point P in the initial coordinate system is
calculated as follow:

P=0Tt


0
0
L
1

 =


L sin β

L cos β sinα

L cos β cosα
1

 . (2.6)

The relation between two cameras’ initial coordinate systems (Fig.2.8)
is similar. For example, the initial coordinate systems of two cameras

18



are set to l−xyz and r−xyz. Pl = (Xl, Yl, Zl, 1)T and Pr = (Xr, Yr, Zr, 1)T

represent the coordinate values of point P in the two coordinate sys-
tems. Pl can be transformed to Pr by a matrix T as shown in Eq.2.7.

Pl = TPr (2.7)

Figure 2.8: Two Coordinate Systems

T is a 4×4 matrix consisting of a rotating part R and a translating
part t. R is a 3 × 3 matrix, and t is a 1 × 3 vector. It is expressed
by Eq.2.8.

T =

[
R tT

0 1

]
(2.8)

The process of solving T can be regarded as the process of exter-
nal parameter calibration between cameras. In general, the transfor-
mation matrix between two coordinate systems can be represented
by three Euler angles and three components of a translation vector.
Thus, in the minimum case, there are six unknowns in the transfor-
mation matrix. However, from algebraic calculation point of view,
we calculate twelve unknowns contained in a 3×3 rotation matrix
and a 3×1 vector. Hence, the external parameter estimation men-
tioned in this dissertation is the calculation of the twelve unknowns.
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If there are several individual cameras, we can repeate the external
parameter estimation for each camera pair.

20



Chapter 3

External parameter estimation

3.1 Existing external parameter estimation method

The methods for estimating the external parameters of cameras have
been extensively reported in the literature. However, because there
are some shortcomings，most of state-of-the-art methods are not
suitable for the scenario of wide-area surveillance system.

Figure 3.1: A checkerboard

Basically, in wide-area surveillance systems, cameras are com-
monly installed at outdoor high or far places, therefore objects in
the observing area are far away from cameras. In this case, if certain
kinds of checkerboards as shown in Fig.3.1 are used for the camera
parameter estimation based on traditional methods[18, 19, 20, 21],
even if the checkerboards are enlarged, they still often cannot be seen
clearly.
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Figure 3.2: DLT method

Another common method is to set a world coordinate system in
the observing area and use coordinate values of some target points
for calculating the external parameters of cameras. Although points
on an actual object can be regarded as target points directly, it may
be sometimes difficult to measure their coordinate values. Therefore,
some methods use structural frames and set target points on them
to get the accurate coordinate values of points.

For example, as shown in Fig.3.2,Abdel-Aziz et al. [22] used a
large frame which covers the overall space. Privanic et al. [23] used
an orthogonally contacted 3-axis frame shown in Fig.3.3, and Ki-
Young et al. [24] utilized the 3-axis frame and the movement of a
wand to do the external parameter estimation. However, if these
methods are used for outdoor surveillance cameras, it would become
unpractical because the frames should be very huge.

On the other hand, most of the existing image processing based
methods use points correspondences between image pairs to obtain
the relation between each camera pair [25, 26, 27]. Generally, the
accuracy may be strongly influenced by the distortion of lens [28, 29,
30]. And, the external parameters of a camera are affected by the
estimation of the internal parameters.

However, once a camera zooms in or out, its internal parameters
must change, so it is difficult to estimate the internal parameters
with high precision [31, 32, 33, 34, 35]. Therefore, it is also difficult
to achieve precise estimation of external parameters using the con-
ventional methods in the case of wide-area surveillance system when
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cameras should zoom in and zoom out frequently.

Figure 3.3: 3 axis frame

On account of above reasons, this dissertation proposes a sim-
ple external parameter estimation method for multiple PTZ cameras
contained in a wide-area surveillance system. With this method,
only the optical axis information is used, so that the accuracy can
be not affected by the lens distortion. Moreover, since it is not neces-
sary to calibrate the internal parameters, cameras can be operated to
zoom in/out in accordance with a user’s need during the estimation
process.
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3.2 Proposed external parameter estimation method

3.2.1 The gauge used for distance estimation

Figure 3.4: L-shaped gauge

As mentioned above, it is difficult to estimate the internal parameters
of PTZ camera with high precision. Hence, we consider to estimate
distances from target points to the camera directly, and obtain the
coordinate values of target points to calculate the external parame-
ters. It is challenging to measure the distance by only one camera
without using the internal parameters. We propose a method [36] to
calculate the distance by using an auxiliary instrument of L-shaped
gauge as shown in Fig. 3.4. This method can utilize the movabil-
ity of the PTZ camera and calculate the coordinate values of target
points without internal parameters. Moreover, comparing with the
existing methods, this gauge is simple and its placement is arbitrary.
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Figure 3.5: Flowchart of process

Figure 3.5 shows two main steps in our method, and these steps
are described in following sections.
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3.2.2 Estimation of distances

Figure 3.6: Coordinate system and L-shaped gauge

In Fig.3.6, points A, B, and C represent a L-shaped gauge used in
our proposed method. Line BA and BC have a same length and are
perpendicular. Similar to Fig.2.4, o− xyz in Fig.3.6 represents an
initial coordinate system of a PTZ camera.

Figure 3.7: Configuration of L-shaped gauge
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First, we install the L-shaped gauge in a common field of the views
of all cameras. The configuration of L-shaped gauge is arbitrary as
long as the three endpoints A, B and C can be seen very well in each
camera.

Although it is not necessary to stipulate the posture of L-shaped
gauge quantitatively, it is better to avoid extreme conditions. For
example, the L-shaped gauge should be adjusted to make the image
like Fig.3.7 (a), not like Fig.3.7 (b) (c). The rotations like Fig.3.7
(d) (e) do not matter.

Figure 3.8: Step of angle measure

After it, each camera is operated to match its optical axis to the
endpoints A, B and C one by one manually. In the figure, optical
axis is assumed to pass through the cross section of horizontal and
vertical center lines. In other words, the endpoints A, B and C are
transferred to the center of the image by rotating each camera as
shown in Fig.3.8.

l⃗A, l⃗B and l⃗C in Fig.3.6 represent the optical axis after rotating.
When the optical axis passes through the endpoint, the rotation angle
(values of pan rotation and tilt rotation) is read from the camera
encoders. This operation is called angle measure. After this step, the
values of pan (αA, αB, αC) and tilt (βA, βB, βC) for three endpoints
A, B, and C can be obtained.

In the camera initial coordinate system, vectors l⃗A, l⃗B and l⃗C can
be expressed as follows.

l⃗A = (LA sin βA, LA cos βA sinαA, LA cos βA cosαA), (3.1)
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l⃗B = (LB sin βB, LB cos βB sinαB, LB cos βB cosαB), (3.2)

l⃗C = (LC sin βC , LC cos βC sinαC , LC cos βC cosαC), (3.3)

where LA, LB and LC in the above equations are the lengths of the
vectors l⃗A, l⃗B and l⃗C .

According to the geometric relations shown in Fig.3.6, it is pos-
sible to derive the following equations.

f1 :
∣∣∣−→BA

∣∣∣2 =
∣∣∣−→lA −−→

lB

∣∣∣2 = L2 (3.4)

f2 :
∣∣∣−−→BC

∣∣∣2 =
∣∣∣−→lC −−→

lB

∣∣∣2 = L2 (3.5)

f3 :
∣∣∣−→AC∣∣∣2 =

∣∣∣−→lC −−→
lA

∣∣∣2 = 2L2 (3.6)

f4 :
−→
BA · −−→BC = (

−→
lA −−→

lB ) · (
−→
lC −−→

lB ) = 0 (3.7)

where L is the length of
−→
BA and

−−→
BC. The unknowns of these equa-

tion system are the distances LA, LB and LC .
In this dissertation, the Levenberg-Marquardt [37] method is used

to find the solution (LA, LB, LC) of this non-linear problem. If
more than one group of solutions are given, the one which makes the
total error (f1 ∼ f4) smallest should be chosen as the solution of this
equation system.

As indicated in Fig.3.5(a), at the end of Step 1, the distances from
each endpoint of the L-shaped gauge to the origin of the coordinate
system are obtained.

3.2.3 Estimation of external parameter

According to the method described previously, if the L-shaped gauge
is placed in the common field of views of cameras, it is possible to
measure the rotation angles of the three endpoints A, B and C, and
then the distances from the three endpoints to the camera can be
calculated by using those rotation angles. So, if the gauge is installed
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at m different locations, we obtain n(n = m × 3) points’ rotation
angles and distances for all cameras.

Table 3.1: Data of target points

NO.
camera-l camera-r

pan tilt distance pan tilt distance
1 lα1

lβ1
l  L1

rα1
rβ1

r  L1

2 lα2
lβ2

l  L2
rα2

rβ2
r  L2

...
...

...
...

...
...

...
ｎ lαn

lβn
l  Ln

rαn
rβn

r  Ln

The external parameters are estimated for every pair of cameras.
Here, we simply consider one camera pair. Table 3.1 is assumed to
give the data of target points for one camera pair. Two cameras in
each pair are called camera l and camera r respectively.

For example, the coordinates of target point Pn(xn, yn, zn) in two
cameras’ coordinate systems (l−xyz and r−xyz) can be determined
by the following equations because pan and tilt angles of left and
right cameras are given from their encoders, and distances lLn and
rLn from the both cameras to the point Pn are calculated by the
non-linear problem solver.

lxn
lyn
lzn
1

 =


lLn sin lβn

lLn cos lβn sin lαn
lLn cos lβn cos lαn

1

 (3.8)


rxn
ryn
rzn
1

 =


rLn sin rβn

rLn cos rβn sin rαn
rLn cos rβn cos rαn

1

 (3.9)

By Eq.2.7, the following equation can be given.
lxn
lyn
lzn
1

 =


T11 T12 T13 T14

T21 T22 T23 T24

T31 T32 T33 T34

0 0 0 1




rxn
ryn
rzn
1

 (3.10)

29



After expanding Eq.3.10, three linear equations for each target
point can be given. Since the transformation matrix T contains 12
unknowns, at least four target points are necessary. Generally, the
more target points are used for calculation, the higher accuracy is
achieved in the sense of least squares method. By using coordinate
values of n(n ≥ 4) target points, we can get the following equations.

lx1 = rx1T11 + ry1T12 + rz1T13 + T14
ly1 = rx1T21 + ry1T22 + rz1T23 + T24
lz1 = rx1T31 + ry1T32 + rz1T33 + T34

· · · · · ·
lxn = rxnT11 + rynT12 + rznT13 + T14
lyn = rxnT21 + rynT22 + rznT23 + T24
lzn = rxnT31 + rynT32 + rznT33 + T34

(3.11)

In this dissertation, the SVD (singular value decomposition) [38]
was used to solve this equation system. So far, the transformation
matrix between the initial coordinate systems of two cameras can be
known.

30



3.3 Evaluation experiments

3.3.1 Synthetic experiment

Figure 3.9: Simulation environment

As shown in Fig. 3.5, the estimation of the external parameters
is based on the distances, so that in the following experiments, the
accuracy of this distance estimation is investigated.

Figure 3.9 shows the L-shaped gauge and the coordinate system
of a camera in our simulation environment. The size of the L-shaped
gauge is set to 1 m × 1 m. It is placed at various positions. At each
position, the rotation angles of the endpoints and their true distances
from the origin can be obtained by using the coordinate values. The
rotation angles were substituted to Eqs. (8),(9),(10) and (11), to
calculate the distances. The results were compared with the true
ones.

The rotation error of VN-V686 camera is 0.03◦, so we supposed
that rotation errors of each camera used in actual experiment were
within ±0.03◦, and their resolving power were set to 0.01◦.

If a target point is very far, the distance error due to angle mis-
alignment is much bigger than the error caused by human operation
in pixel unit. Therefore, in this simulation experiment, the effect of
human operation is neglected, and the error is set in the range of
[−0.03◦, +0.03◦].

Five ranges of distances were set, which were [10m, 20m], [20m,
30m], [30m, 40m], [40m, 50m] and [50m, 60m]. In each range, the

31



distance estimation experiment was repeated 1,000 times for different
positions.

Figure 3.10: Mean error for distance estimation experiment conducted without
disturbance
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Figure 3.11: Mean error for distance estimation experiment conducted with dis-
turbance

In order to clarify the effect of the rotation angle error, the ex-
periment using rotation angles without disturbance was carried out.
Figure 3.10 shows absolute mean errors for endpoints A, B and C
respectively.

The experiment using rotation angles added with random distur-
bance varying from −0.03◦ to +0.03◦ was also carried out, The result
is shown in Fig. 3.11. As can be seen from Fig. 3.10 and Fig.
3.11, the error of the former is much smaller than that of the lat-
ter. According to Fig. 3.10, we can conclude that it is possible

33



to estimate the distance of endpoint by this method when the rota-
tion angles are provided properly. However, once the disturbance is
added, the error becomes large. Of course, there is also a tendency
that the farther the distance is, the bigger the error is.

Table 3.2: Statistical results
Range of
distance

A B C
Mean
error

Standard
deviation

Max
value

Mean
error

Standard
deviation

Max
value

Mean
error

Standard
deviation

Max
value

10 ∼ 20 0.0564 0.0514 0.3039 0.0573 0.0521 0.3079 0.0623 0.0560 0.3241
20 ∼ 30 0.1547 0.1183 0.6261 0.1567 0.1199 0.6312 0.1639 0.1253 0.6531
30 ∼ 40 0.3180 0.2411 1.4165 0.3203 0.2445 1.4326 0.3301 0.2529 1.4677
40 ∼ 50 0.5405 0.3835 2.1363 0.5427 0.3876 2.1526 0.5543 0.3961 2.1894
50 ∼ 60 0.7810 0.5603 3.0339 0.7848 0.5631 3.0364 0.7998 0.5748 3.1016

Table 3.3.1 shows the mean error, the standard deviation and
the max error for endpoints A, B and C. As you can see, when
the distance is under 30m, the mean error is rather low. As the
distance increases to range of 30m∼50m, the mean error becomes
about 1%. When the distance is from 50m to 60m, the mean error
is almost 0.8 meter. According to this result, we can see that it
is better not to place the L-shaped gauge too far away from the
cameras when the estimation is operated. However, in many wide-
area surveillance system, since cameras are commonly installed in
high places, it is usually difficult to put the gauge close to cameras.
In this dissertation, we tried to put the L-shaped gauge within 50m
when the real experiment was done.
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3.3.2 Real data experiment

Figure 3.12: Environment of actual experiment

We alse did actual experiments to inspect the proposed external pa-
rameter estimation method. For example, an experiment was carried
out in the environment shown in Figure 3.12. Three cameras (red
circles in Figure 3.12) are installed on the eighth floor of the build-
ing. Most of the objects in the field of camera view are far from the
cameras more than 40 meters. The letters L, R and O in Fig. 3.12
are code names of three cameras.
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Figure 3.13: L-shaped gauge taken by a camera

As mentioned in section 3.2, at least four target points are neces-
sary to calculate the transformation matrix T . Although, in theory,
it is believed that more points are used, the higher accuracy can be
achieved, we empirically found that if there are no great differences
among the points in terms of distance and orientation, four quiet
different typical positions for putting the L-shaped gauge is enough,
so that we had 12(4×3) points’ data to do the estimation.

The numbers in red color in Fig. 3.12 give the four locations
chosen in this experiment. For example, 1: the balcony of eighth
floor; 2: the road; 3: the third floor of the rotunda; 4: the lawn.
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Figure 3.13 shows an example that the optical axis of a camera is
matched to three endpoints of L-shaped gauge located at the road.

According to the method described in section 3.2, we estimated
three transformation matrices for three camera pairs(L and R, L
and O, R and O). When the two cameras aim at a same point, the
distance from this point to each camera can be calculated by using
the rotation angles and the transformation matrix. In other word, the
distance to any point in the common field of views can be measured.

In this dissertation, we used the camera L and R as the main
camera pair to do the distance measurement experiment. Similar to
Eqs.3.8, 3.8 and 3.10, when two cameras rotate to aim at a target
point, Eq.3.12 can be given.

DL sin βL
DL cos βL sinαL

DL cos βL cosαL

1

 = TR→L


DR sin βR

DR cos βR sinαR

DR cos βR cosαR

1

 , (3.12)

where αL, βL, αR, βR represent their rotation angles, and DL and
DR represent the distances from the target point to the Cameras
L and R. The TR→L is the transformation matrix between Camera
L and Camera R. Then, we can use the SVD method to solve this
equation to obtain the unknowns DL and DR.

Figure 3.14: Result of distance measurement
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In order to evaluate the accuracy, the obtained distances of multi-
ple points were compared with the ground truth values provided by
a laser rangefinder (LRF) as shown in Fig.3.14. From the results,
we can know that the relative displacement can be hold down to 1%
if the distance is within 60 meters.

Figure 3.15: Flowchart of multi-directional shooting

When the distance of a point is obtained by two cameras, the
coordinate of this point in each camera coordinate system should be
calculated precisely as well. Therefore, in order to further evaluate
the obtained transformation matrices, we implemented the function
of multi-directional shooting based on the distance measurement.
If the coordinate value can be calculated precisely, other cameras
can be controlled to aim at the same point from different directions
automatically. Figure.3.15 shows the process of multi-directional
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shooting experiment.

Figure 3.16: Multi-directional shooting experiment

An example of multi-directional shooting experiment is shown in
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Figure 3.16. The details of the experiment are provided below.

1. In this experiment, it is assumed that a target which needs to
be observed from different directions appears in the image of
Camera L at first. We click the target to let the system know
which one should be watched. After this step, the entire process
is done automatically. First of all, Camera L rotates to make its
optical axis aim at the target automatically. As shown in Fig.
3.16(a)-L, Camera L aims at a person sitting on the balcony
who is chosen as the target.

2. Camera L and Camera R are set to wide-angle state. And, the
Camera R rotates to make its optical axis parallel to the optical
axis of Camera L to make sure that there are large common
parts of two images. Fig. 3.16(a)-R shows the state of Camera
R after this step.

3. The position of the target in the image of Camera R is found,
and then Camera R rotates to move it to the center of the
image as shown in Fig. 3.16(b). Here, we take a 60×60 pixel
block from the center of the image of Camera L, and search
for a similar part in the image of Camera R by using a simple
template matching method.

4. Because it is assumed that the zoom motion does not affect the
position of optical axis in this dissertation, in order to improve
the accuracy, two cameras are controlled to zoom in to make
the target larger in two images. Fig. 3.16(c) shows the images
after zooming. The horizontal angles of view are about 5◦.

5. Repeat the step 3 until two cameras more precisely aim at the
same place as shown in Fig. 3.16(d). In this state, accord-
ing to Eq.(16), we calculate the coordinate values in the initial
coordinate systems of two cameras. They can be written as
(xL, yL, zL, 1)T and (xR, yR, zR, 1)T .

6. Calculate the target’s spatial coordinate value in the coordinate
system of Camera O by Eq.3.13.
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
xO
yO
zO
1

 = TL→O


xL
yL
zL
1

 or


xO
yO
zO
1

 = TR→O


xR
yR
zR
1


(3.13)

7. Camera O rotates to aim at the target. Rotation angles are
calculated by Eq.3.14.

α = arctan(
yO
zO

) , β = arctan(
xO√

yO2 + zO2
) (3.14)

In this experiment, zooming takes about 1.5s. The image template
matching takes about 0.35s. The rotation speed of the cameras is
about 200◦/s. The time spent by other calculation is less than 1ms.

Figure 3.16 shows the result of multi-directional shooting ex-
periment: first Camera L aims at a certain point, then Camera R
and Camera O can aim at the same point automatically. In Fig.
3.16(e), it can be seen that there is a small deviation from the
optical axis of Camera O to the target point. When the Camera
O aims at the point exactly, the pan and tilt values at this po-
sition are regarded as the true values. For the true position and
the result position, the vectors of optical axis can be expressed with
v⃗ = (sin β, cos β sinα, cos β cosα) and v⃗′ = (sin β′, cos β′ sinα′, cos β′ cosα′),
where α and β are the true values of pan and tilt angle, α′ and β′ are
the result values. According to the formula for scalar product of two
vectors, the error of optical axis in angle can be derived as Eq.3.15.

arccos(
v⃗ · v⃗′

|v⃗| |v⃗′|
) (3.15)
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Figure 3.17: Circle of radius 0.25m and upper body

This multi-directional shooting experiment was carrid out twenty
times for twenty points chosen randomly. The experimental results
indicate that the mean error of optical axis declination is 0.2263◦,
and the standard deviation is 0.0323◦. When a target is 60 meters
far from the camera, the error in distance caused by the optical axis
declination is about 0.25m. By considering a circle of radius 0.25m
with an upper body of person as shown in Fig.3.17, we can conclude
that if the target is a person, the optical axis of the third camera can
aim at the range of his/her upper body automatically.
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Chapter 4

The generation of 3D site model
and dynamic 3D display

4.1 Spatial position calculation for pixels

As described in Section 3.3, when two cameras make their optical
axes aim at a same point P , then Eq.3.12 can be given. If the
point’s rotation angles with respect to two cameras are known, it
is not difficult to calculate Dl and Dr, i.e., the distances from the
point to each camera. Next, the coordinate value of this point can
be obtained by using Eq.2.6.

In order to calculate the rotation angle of any pixel on the image,
the rotation angle between two adjacent pixels should be measured.
γ shown in Fig.4.1 is the rotation angle on pan direction from the
center to the edge of the image, θ1 is the angle corresponding to one
pixel located in the center, and θ2 is the angle corresponding to one
pixel located in a peripheral area.

The resolution of the camera we used is 640×480 pixels. Assuming
that γ is 15゜, we can calculate θ1 = 0.0048◦ and θ2 = 0.0045◦.
Their difference is 0.003◦ which is much smaller than the camera’s
accuracy of 0.03◦. In the case of our experiments, γ is kept to be
smaller than 15◦, so the difference between θ1 and θ2 is always smaller
than 0.003◦. Therefore, it is considered that the difference can be
neglected. Further, since the pixel’s sizes in both horizontal and
vertical directions are the same, we assumed that each pixel has
approximately equal rotation angle θ in both horizontal and vertical
direction whether it is in the center or in the peripheral area of the
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camera image.

Figure 4.1: Rotation angles corresponding to pixels

Based on the above assumptions, θ can be measured for different
zoom values. When zoom is a specific value, we make the camera
aim at a spatial point P as shown in Fig.4.2(a), and record the
its pan value αP . Next, rotate the camera horizontally to move
P ’s projection to the edge of the image, and record the current pan
value as α1. Then, γ can be calculated as γ = αP −α1, and θ can be
calculated as θ = γ/320. We measured θ ten times during which γ
changed from 16.32◦ to 3.84◦. If the spatial point P becomes larger
than one pixel as the magnification increases, we can choose different
spatial points for this measurement.
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Figure 4.2: Relationship between the rotation angle and the image pixel

Similarly, any point’s rotation angle with respect to camera’s ini-
tial coordinate system can calculated by using its coordinates on the
image plane. For example, as shown in Fig.4.3, P1 is the projection
of a spatial point P on the image plane of Camera 1, so the rotation
angle of P can be written as:{

αP1 = α1 + θ × i
βP1 = β1 + θ × i

(4.1)

where αP1 and βP1 are the point P’s rotation angle with respect to
the initial coordinate system of Camera 1, α1 and β1 are the rotation
angles of Camera 1 with respect to its initial coordinate system, i and
j are the number of pixels from the image center to P1 in horizontal
and vertical directions respectively, and θ is the angle corresponding
to one pixel. Similarly, P ’s rotation angle with respect to Camera 2
can be calculated as well.
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Figure 4.3: Rotation angle estimation

Thus we can see that rotation angles of any pixels can be com-
puted by using their coordinate on the image plane. In summary, if
the point’s coordinates in two camera images are known, the point’s
rotation angles with respect to two cameras can be calculated. Fur-
ther, by the previous explanation, we can conclude that its coordi-
nate value in world coordinate system can be obtained.
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4.2 3D reconstruction

As previously described, the difference between proposed system and
existing systems [2, 3, 4, 5, 6] is that we appropriately use system’s
own PTZ cameras to calculate spatial information of scene and gen-
erate 3D site model. Since the cameras and the scene are fused in
one coordinate system, it is no need to do the coordinates transfor-
mation among different coordinate systems. Moreover, our system
has additional features: 1) it is enough to do the external parame-
ter estimation only once. It means that, when camera rotates, it is
not necessary to do the parameter estimation again nor to do the
self-calibration [39, 40, 41]. 2) 3D coordinate values of a point can
be calculated by only using its rotation angles with respect to two
cameras.

Figure 4.4: Block matching aided by epipolar line

As described above, two cameras in close proximity to each other
in the surveillance system can be used to calculate the spatial in-
formation of their common field of views. In order to make a dense
point cloud model, we should find corresponding points of two images
as many as possible. In this dissertation, we divided one image (left
image in Fig.4.4) into a number of blocks, and search for the similar
part for each block in the other image (right image in Fig.4.4) by
using a template matching method. Then, in order to screen the
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matched blocks, we used the epipolar line to remove false matched
blocks. For example, as shown in Fig.4.4, we calculated the equa-
tion of epipolar line which corresponds to the upper-left corner point
of the target block. If the distance between the line and the upper-
left corner point of matched block is greater than a threshold value,
it is considered a miss matching. Otherwise, we considered that the
matched block is true corresponding block, and all points of this
block are corresponding points. The block matching step was exe-
cuted many times with different segmentations of left image, so that
we can find more corresponding points.

Figure 4.5: Different segmentations for block matching

In this dissertation, the camera image resolution is 640×480 pixel,
and 40 × 40 pixel blocks were used for template matching. Figure
4.5 gives a segmentation approach: the left image was divided into
40 × 40 pixel blocks 40 times with different starting points followed
by (0,0), (1,0) … (39,0). The blocks smaller than 40 × 40 will be
discarded, and the point without matching point will be discarded
as well. If a point has multiple matching points, we took the means
of their coordinate values in the horizontal and vertical directions as
the matched location.
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Figure 4.6: Generating 3D site model with surveillance camera pairs

Therefore, if two cameras aim at the same area, and the corre-
sponding points on the two cameras’ images can be extracted, the
3D site model of this area can be generated. Furthermore, as indi-
cated in Fig.4.6, two cameras can generate the 3D site model for a
larger area though its scanning. In other words, if an area is seen
by two cameras, its 3D site model can be obtained. In this disser-
tation, the 3D site model refers to the 3D point cloud model. Each
point in the 3D point model contains the spatial information (the 3D
coordinates) and the color information.
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4.3 Position estimation by one camera

In the conventional methods, it is necessary to use multiple cam-
eras to calculate the spatial positions of targets. In this dissertation,
because 3D site models we generated contain scenes’ spatial infor-
mation, pedestrian locations can be estimated by only one camera.

Figure 4.7: Position estimation for a point

Since the 3D site model is generated by the surveillance cameras
in advance, the locations and orientations of each camera, the 3D
site models and the targets in the real world are all described in the
same coordinate system. As emphasized in previous section, it is
not necessary to do the transformations among different coordinate
systems. So that, if we want to know spatial positions of points on
the image, we can just find its corresponding position on 3D site
model.

For example, as shown in Fig.4.7, in order to find the point P ′

position in the 3D site model, substitute camera’s orientation infor-
mation (represented by α1 and β1 in Eq.(4.1)), the rotation angle
corresponding to one pixel (represented by θ in Eq.(4.1)) and coor-
dinates of P ′ on image plane into Eq.(4.1)) to locate the direction
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of vector
−−→
OP ′, and then its intersection (point P ) with the 3D site

model can be obtained easily.

Figure 4.8: Position estimation for a pedestrian

Considering that persons usually walk upright and their feet con-
tact the ground, we can obtain a person’s position if the coordinate
value of the contact point can be estimated with 3D site model. As
shown in Fig.4.8, a walking person detected from the camera im-
age is marked by a box, and point A′ is the midpoint of the bottom
of the bounding box. According to previously described, the vector−−→
OA′ can be calculated by using the rotation angles of cameras and
the off-axis angle of line OA′, furthermore, its intersection (point A)
with the 3D site model can be calculated as well. Since each point
of the 3D site model contains spatial information of real world, the
3D coordinate value of the point A can be regarded as the person’s
coordinate value.

In summary, if a pedestrian is shot by one camera of the surveil-
lance system, his/her coordinates can be calculated. Not only that,
by using the 3D coordinates, other cameras in this system can be
controlled to track him/her from different directions.
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Figure 4.9: Experiment of distance estimation

In order to test the accuracy of this method, we did a distance
measurement experiment. Here, we just compared the distances mea-
sured by different methods, because the accuracy of distances can
represent the accuracy of spatial positions. Figure.4.9(a) shows the
experimental site, the approximate position of two cameras and one
target point. Ten similar target points are set on the ground. Fig-
ure.4.9(b) shows the layout of two cameras used in this experiment,
which were mounted on tripods. The distance between two cameras
was about 10 meters.

Table 4.1: Results of distance measurement

No.
Truth
values

Distances measured by
two cameras (error)

Distances measured by
one camera (error)

1 16.54 16.7355 (0.1955) 16.8705 (0.3305)
2 17.66 17.5166 (0.1434) 17.3008 (0.3592)
3 17.58 17.3268 (0.2532) 17.3460 (0.2340)
4 16.83 16.6666 (0.1634) 16.4588 (0.3712)
5 17.05 16.9274 (0.1226) 16.6770 (0.3730)
6 21.00 20.9778 (0.0222) 21.4445 (0.4445)
7 18.28 18.5629 (0.2829) 18.5730 (0.2930
8 21.75 21.6736 (0.0764) 21.4789 (0.2711)
9 23.96 23.8794 (0.0806) 24.3582 (0.3982)
10 25.97 25.7810 (0.1890) 26.3904 (0.4204)

One camera’s coordinate system was set as the world coordinate
system. Then we measured the distances from target points to the
origin of the world coordinate system with different methods. Firstly,
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we measured the distances with a laser range finder. The data mea-
sured by the laser range finder was used as true value. Next, accord-
ing to the methods described above, we measured the distances with
the camera pair and only one camera separately. The results are
shown in the Table.4.1. As we can see, the accuracy of two cameras
measurement is higher than the accuracy of one camera measure-
ment, and the error of two cameras measurement does not change
so much as the distance changes. On the other hand, the error of
one camera measurement is relatively large, the largest one is almost
equal to the width of an adult upper body. The low camera height
is considered to be a major cause of the large error. Because the low
height causes the viewing angle to be small, so that the target points
was not easily observed on the camera image.
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4.4 Experiment of dynamic 3D display

4.4.1 Experiment of 3D model generation

According to the method described above, the single-camera geolo-
cation and multi-view tracking can be achieved based on the 3D site
models, so we tried to generate the 3D site models on scences. First
of all, we made two cameras aim at the same point to obtain the
maximum common field of views. Next, we generated the 3D site
model by using a template matching method to find dense corre-
sponding points. Finally, we removed the noise points and smoothed
the rest 3D points with a Gaussian filter of σ = 5.0.

Figure 4.10: 3D site model for a lawn field
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Figure 4.11: 3D site model for a road

Figure 4.10 and Fig.4.11 show two experiments of 3D site model
generation with different zoom values. The two upper images in
Fig.4.10 are lawn images taken from a camera pair, and lower one
is the 3D site model generated by these two images. As you can see,
except for the edge portion, the reconstructed surface of this lawn is
relatively flat.

Comparing with Fig.4.10, the scene in Fig.4.11 is a little com-
plicated. As shown in Fig.4.11, some of left and upper parts cannot
be matched. And, as for the first floor wall and the second floor
aisle in the right side of images, there are some empty parts because
they are not seen by two cameras due to the limitation of camera
orientations. Even so, the ground and the brown wall, as the major
part of this picture, are almost reconstructed.

4.4.2 3D dynamic display experiment

Based on these 3D site models and the spatial information they con-
tain, we carried out 3D dynamic display experiment.
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The purpose of 3D dynamic visualization is not only to provide
an intuitive way of monitoring areas, but also to test whether the
spatial coordinate values of targets can be calculated accurately by
using the method described above.

Figure 4.12: Rendering a pedestrian onto 3D environment

As discussed in Section 4.3, by using the 3D site model, we can
calculate the spatial positions of walking persons even if they are
shot by only one camera. Figure 4.12 illustrates that a moving
person is detected from every frame of original video and rendered
onto a 3D site model. In this dissertation, we rendered the detected
target image as a planar box at appropriate positions in the 3D site
model. Here, we used MHI (motion history image) method to detect
moving persons, and the orientation and velocity of the target can
also be estimated by the method. We present MHI method in detail
in the next chapter.

56



Figure 4.13: Visualization of pedestrians with different orientation and magnifica-
tion on a lawn field
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Figure 4.14: Visualization of pedestrians with different orientation and magnifica-
tion on a road

We carried out the 3D dynamic display experiments in two differ-
ent scenes. Walking persons were detected and their bounding boxes
with textured images (from camera video frames) were projected onto
the 3D site models. In order to test that the pedestrian location can
be estimated with different camera orientation and magnification, we
constantly changed camera orientation and the magnification during
the experiments. In both Fig.4.13 and Fig.4.14, the left columns
show the surveillance video images with different rotation angles and
zoom values, and the right ones show the real-time dynamic 3D site
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models in which pedestrians’ images are projected on. From these
results, we can conclude that even if the camera’s orientation and
zoom value changes, the position of pedestrians can be calculated
correctly, and the pedestrians can be rendered at correct locations
in the 3D site model.
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Chapter 5

Multi-view tracking

5.1 Extraction of pedestrians

As mentioned in Chapter 4, we used motion history image (MHI)
method to extract pedestrians from the frames of camera vedio. By
calculating the corresponding points in 3D site model, the 3D coor-
dinate values of pedestrians can be obtained.

The motion history image (MHI) proposed by Bobick and Davis
[42] utilizes motion shape information of a video to recognize actions.
In MHI, pixel intensity is a function of the temporal history of motion
at that point. Given an action video, the MHI Hτ can be obtained
as follows. (1) Extract a binary image sequence D(x, y, t) which
indicates the regions of motion. D(x, y, t) can be obtained by frame
differentiating, where x, y show the position and t shows the index
of frames. (2) Based on B(x,y,t), the motion history image is defined
as

Hτ (x, y, t) =

{
τ, if D (x, y, t) = 1

max(0, Hτ(x, y, t− 1) − δ), otherwise
(5.1)

where τ is the maximum duration a motion is stored, δ is the decay
parameter.

The result of MHI is a scalar-valued image where more recently
moving pixels are brighter. Fig.5.1 shows an example of the motion
history image method. Figure 5.1(a) is a binary image obtained by
frame differentiating. Figure 5.1(b) is a motion history image in
which noise points are removed.
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Figure 5.1: Example of MHI

By finding the contours in motion history image, the moving per-
son can be marked with a box as shown in Fig. 5.2.

Figure 5.2: Marking a moving person

It can be seen in Fig. 5.2 that the trajectory of the person in a
period of time is all included in the box. Since the motion history
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image contains the movement information in a period of time, it can
be used to estimate the pedestrian’s movement direction and speed.

Figure 5.3: MHI of a pedestrian

Figure 5.3 shows a pedestrian’s motion history image which is
made by 10 frames of original video. In addition, the decay parameter
δ is 25, so the brightest pixels are 255, the second bright pixels are
230.

Figure 5.4: Adjacent pixels and corresponding vectors

In this research, we estimate the direction by counting the number
of pixels whose value is 255 in the neighbors of each pixel whose value
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is 230. Specifically, as shown in Fig.5.4, assume that each adjacent
pixel corresponds to a vector represented by 1,2,3· · ·8 respectively.
The vectors are set to 1:(−

√
2
2 ,

√
2
2 ), 2:(0,1), 3: (

√
2
2 ,

√
2
2 ), 4:(-1,0), 5:

(1,0), 6: (−
√
2
2 ,−

√
2
2 ), 7: (0,-1), 8: (

√
2
2 ,−

√
2
2 ).

The following example shows how to calculate the direction of
motion. Assume the numbers of vector 5,7,and 8 are 20, the numbers
of the rest vectors are 0, the number of pixel of value 230 is 25, so
the motion vector of the target can calcultate as M⃗ = [20 × (1, 0) +

20 × (0,−1) + 20 × (
√
2
2 ,−

√
2
2 )]/25 ≈ (1.71,−1.71). So the motion

vector for 10 frames (about 1/3 second) can be calculated.
Furthermore, by using the motion vector, the locationcan of the

pedestrian after a short time can be predicted. As shown in Fig.5.5,
the white circles show the predicted positions of the feet after about
one second.

Figure 5.5: Position prediction
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5.2 Multi-view tracking experiment

Figure 5.6: Multi-view tracking

Based on the reconstructed 3D site models and the 3D dynamic
display experiment, we realized a multi-view tracking function. As
shown in Fig.5.6, we used the master camera to calculate a pedes-
trian’s position projected onto the ground (shown as point A). Then,
a length of t (t is set to 1.5m) is added to the point A in the vertical
direction to get the approximate location of pedestrian’s upper body
(shown as point B). Next, the slave camera is controlled to aim at
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the point B. Then, we can repeat the above steps for each frame
of the master camera to achieve a continuous tracking. As shown
in Fig.5.7 and Fig.5.8, in order to cover a large area, the master
camera is set to wide-angle state to get a wide field of view and the
slave camera with telephoto state can get enlarged images so that it
can see more details.

Figure 5.7: Tracking example 1
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Figure 5.8: Tracking example 2

In the actual experiments, we can see that the optical axis could
not aim at pedestrian’s waist stably, but floated in the range from
chest to thigh. That’s because the targets are far from the cameras
more than 50 meters, so the camera rotation error causes a relatively
large effect.

Comparing with other long distance tracking methods [43, 44, 45,
46, 47], our method has two features:
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1. even if the line of sight of the slave camera is blocked, the track-
ing can be continued so long as the master camera can see the
target;

2. the slave camera’s deviation angles do not affect the tracking.
It means that the slave cameras can track the target from quite
different directions.

These features are derived from the reason that the slave cam-
era controls its tracking based on 3D locations rather than images.
Furthermore, this method also has another advantage. For the tra-
ditional methods which use image information to track a target, the
camera often zooms in to see more clearly. However, if the target is
relatively fast, it is likely to run out of the camera’s field of vision.
In contrast to it, because the main camera which provides the target
location maintaines a large field of vision, it reduces the likelihood
of missing targets

Figure 5.9: The site of the experiment

Although the coordinates of the pedestrian can be calculated by
only master camera, the master camera must remain stationary.
When the target moves out of the master camera’s field of vision
or is blocked, tracking has to stop even if the other cameras can still
see the target. So in order to track the target continuously, the sys-
tem needs to achieve the camera switching function. It means that
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once the target disappears from the field of view of the main camera,
the other camera which can see the target becomes the main camera,
so that the coordinates of the target can continue to be obtained.

Figure 5.9 shows the experiment site and the locations of three
cameras. As you can see, each camera has a limited field of view.

Figure 5.10: Master camera switching experiment

Figure 5.10 shows the process of continual tracking experiment.
In Figure 5.10(a), camera 2 is the master camera, camera 1 and
camera 3 are aiming at the pedestrian. However, line of sight of the
camera 3 is blocked by the wall, so that the target is not visible in
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the image taken by camera 3. As shown in Figure 5.10(b), when
the pedestrian moves out of camera 2’s filed of view and camera 3
can see him, the camera 3 becomes the master camera, and camera
2 becomes slave camera. In Figure 5.10(c), camera 1 and camera 2
ara aiming at the target, but only camera 1 can see him. Then, when
the pedestrian move out of the wall as shown in Figure 5.10(d),
camera 2 can see him again, and camera 1 and 2 can track him from
different directions.

As illustrated above, in this experiment, because the master cam-
era can be changed automatically and the slave cameras can aim at
the target continuously, as long as one camera can see the target, the
coordinate value of this target will be not lost.
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Chapter 6

Conclusion

This dissertation presented a wide-area surveillance system based on
multiple PTZ surveillance cameras.

In the conventional surveillance systems, each camera is indepen-
dently controlled, and the operators have to watch multi-view 2D
videos captured by dozens of cameras, so that the burden on the
operators is heavy. In order to improve the surveillance efficiency
considerably, it is necessary to integrate cameras installed at differ-
ent positions by estimating their external parameters which refer to
the relative position and the relative attitude.

In this dissertation, we proposed a new external parameter estima-
tion method which aims at the features of the active PTZ camera. In
this method, by using the L-shaped gauge, it is possible to estimate
the external parameters based on the information of the optical axis,
and avoid distortion of the lens and the displacement of correspond-
ing points in conventional image processing method. In addition,
since it is not necessary to calibrate the internal parameters, cam-
eras can be operated to zoom in/out in accordance with a user’s need
during the estimation process. Once the external parameters are de-
termined by this novel method, it is then possible to coordinate the
motion of cameras.

Based on the calibrated external parameters, the cameras can
be controlled to measure the spatial information of the surveillance
area and generate its 3D site model. Then, in order to make good
use of 3D site model and expand the use of surveillance system, we
implemented the following two functions: dynamic 3D display and
multi-view tracking.
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The dynamic 3D display function means that the pedestrians can
be displayed in a 3D representation in real time. With this function,
the operator can master the overall situation of the surveillance area
by just watching the 3D site model. Therefore, it can provide a more
intuitive feeling and reduce the operator’s cognitive load.

With the multi-view tracking function, one camera as the master
camera provides the coordinate value of the target, other cameras
can aim at the target automatically. If the target moves out of the
field of view of the master camera, the camera which can still see the
target is converted to the master camera so that it can continue to
provide the coordinate value, thereby the target can be tracked by
relays of multiple cameras.

Future work of this research includes the improvements on 3D site
model, such as making models of wider scenarios and improving the
integrity of the models. Moreover, some recognition techniques will
be adopted to achieve 3D trajectory recording for specific persons.
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