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The distance map is widely used in robotic applications which include robotic vision systems as sensorial
elements. This mapping between the pixels of the acquired image and real coordinates allows the vision
system to characterize the objects of interest, like its position or size. In this paper, we describe a tool
to create the distance map for the perspective vision systemof the RoboCup Middle Size League (MSL)
soccer team CAMBADA (Cooperative Autonomous Mobile roBots with Advanced Distributed Architec-
ture) from the University of Aveiro. With this tool, the userinput is reduced to a few parameters that can
be easily measured or obtained by the intrinsic parameters of the digital camera. This avoids measures
of angles that could otherwise be difficult for the user to acquire and seriously corrupt the distance map
if not accurate. The distance mapping approach proposed in this paper assumes that all the objects found
in the image are in one plane (the ground plane), allowing to map the real world distances in the image
pixels. From a ray-trace like perspective we solve the distance mapping problem considering some sim-
plifications without loss of usability. To simplify the problem, it was assumed that the lens and the CCD
from the camera were centered and in parallel planes, so the center of the image would be the center of the
CCD. Two more approximations were made during this approach tothe problem. First, the pan angle was
ignored, so the camera is considered to be pointing towards the front of the robot and second, the rotation
of the camera was also ignored, considering it horizontallyaligned. Experimental results are provided
showing the effectiveness of the proposed approach.

1 Introduction
The Middle Size League (MSL) competition of
RoboCup, one of the biggest worldwide robotic
competitions, is a standard real-world test for
autonomous multi-robot systems. Being a color-
coded environment, recognizing colored objects
such as the orange ball, the black obstacles, the
green field and the white lines are a basic and yet
important ability for robots (see Fig. 1).

Figure 1: An example of the CAMBADA team
playing a game of the MSL League .

One problem domain in RoboCup is the field of
Computer Vision, responsible for providing basic
information that is needed for calculating the be-
havior of the robots. Catadioptric vision systems
(often named omnidirectional vision systems) have
captured much interest in the last years, because
they allow a robot to see in all directions at the
same time without having to move itself or its
camera. However, due to the last changes in the
MSL rules, the playing field became larger, bring-
ing some problems to the omnidirectional vision
systems, particularly regarding the detection of ob-
jects at large distances.

The vision systems are used to provide the
robotic agents with information about their sur-
roundings, and therefore the position of the objects
founded in the environment. To successfully com-
plete this task, we must create a relation between
the pixels in the image (acquired by the robotic vi-
sion system) and a position in the real world. The
“Distance Mapping” is a technique widely used
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which allows to create a map between real world
positions and the pixels of the image. This tech-
nique assumes that all the objects found in the im-
age are in one plane, usually the ground plane, in
order to retrieve such information from the map-
ping process.

Note that in MSL, the perspective vision sys-
tems are a common sensorial element due to its
overall simplicity and good results. Despite the
central place occupied by the catadioptric vision
systems (Lima, Bonarini, Machado, Marchese,
Marques, Ribeiro, and Sorrenti 2001; Lu, Zheng,
Liu, and Wang 2008; Lunenburg and v.d. Ven
2008; Hafner, Lange, Lauer, and Riedmiller 2008;
Zweigle, Kappeler, Ruhr, Haussermann, Lafrenz,
Schreiber, Tamke, Rajaie, Burla, Schanz, and Levi
2007; Azevedo, Lau, Corrente, Neves, Cunha, San-
tos, Pereira, Almeida, Lopes, Pedreiras, Vieira,
Martins, Figueiredo, Silva, Filipe, and Pinheiro
2008; Neves, Corrente, and Pinho 2007), the per-
spective vision is very useful to provide informa-
tion about distant objects (Neves, Martins, and
Pinho 2008). Besides greater distance scope, the
perspective systems introduce less distortion in the
image when compared with the catadioptric sys-
tems. This is mainly due to the mirror distortion
inherent to the catadioptric systems.

With this strong dependence from the vision
systems, grows the necessity of automatic so-
lutions for vision systems calibration (Neves,
B. Cunha, and Pinheiro 2009).

In this paper, we describe a tool to automatically
create the distance map for the perspective vision
system of the MSL team CAMBADA from Uni-
versity of Aveiro (called after this point ofPer-
spectiveMapCalibtool). With the proposed tool,
the user input is reduced to simple measures that
can be easily acquired. This avoids measures of an-
gles that could be difficult for the user to acquire
and seriously corrupt the distance map if not accu-
rate. We solve the distance mapping problem from
a ray-tracing approach and considering some sim-
plifications without loss of usability. The detailed
description of the tool is followed by a field test of
the tool using robots from team CAMBADA. The
results show that this tool can be used to provide a
fast calibration of the distance map without loss of
accuracy.

2 Distance Mapping
The use of a distance map image is a method
commonly used in the RoboCup domain (Cunha,
Azevedo, Lau, and Almeida 2007). This method
assumes that all the objects found in the image are
in one plane (the ground plane), allowing to map
the distances in the image with only one camera.

To simplify the problem, it was assumed that the
lens and the CCD from the camera were centered
and in parallel planes, so the center of the image
would be the center of the CCD. Two more ap-
proximations were made during this approach to
the problem. First, theθ rotation was ignored, so
the camera is considered to be pointing towards the
front of the robot and second, theϕ rotation of the
camera was also ignored, considering it horizon-
tally aligned (see Fig. 2).

Figure 2: Schematic representation of the perspec-
tive camera with its rotation axis.

To summarize, the mathematical model of this
system needs information about the camera, the
robot and the field. Some of this information,
such as thehoffset androffset represented in Fig. 3,
can be measured directly with good precision.
Other kinds of information, like thepixel height,
pixel width and thefocal length represented in
Fig. 5, may be obtained from the camera data-
sheet, given by the manufacturers. However, it is
still missing necessary information, namely the
αoffset (see Fig. 3). This information can be mea-
sured, but, in one hand, measures like thehoffset and
roffset may be used from one robot to another with-
out compromising the resulting map image and, on
the other hand, distance map results are very sensi-
ble toαoffset variations and it is very time consum-
ing to obtain good measures of this variable. One
way to overcome this time consuming process (of
measuring theαoffset in each robot) is to include an
automatic measuring process of this parameter into
thePerspectiveMapCalibtool.

In Fig. 3 and Fig. 4 it is presented a side and top
schematic view of the perspective vision system.
A schematic view of a detail over the perspective
system is presented in Fig. 5. Follows a short ex-
planation of the measures shown in these figures:

• hoffset - distance from the camera to the
ground;
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Figure 3: Robot and its perspective system schematic side view.

Figure 4: Schematic top-down view of the robot
and perspective system.

• roffset - radial distance from the camera to the
robot center;

• αoffset - angular offset of the camera alongα
axis;

• yoffset - distance from the center of the robot to
the point in the center of the image projected
on the ground;

• angαn - angle measured from theαoffset along
α axis, relative topixeln;

• angθm - angle measured from the robot front
alongθ axis, relative topixelm;

• distanceyn - distance from the center of the
robot to thepixeln, projected on the ground;

• distancexm - distance from the center of the
robot to thepixeln, projected on the ground;

• focal length - distance between lens and
CCD;

• pixeln - number of pixels (n) along a CCD
column;

• pixelm - number of pixels (m) along a CCD
row.

Using an image taken from a known position
(over the goal line, aligned with the kick-off mark,
as shown in Fig. 6), the tool acquires some samples
based on image analysis and some user input data.
The tool highlights the white lines found, asking
the user for thedistanceyn between the robot cen-
ter and the white line being processed. The search
for white lines is conducted over the central row of
the image, because theθoffset is being ignored.

Figure 6: Example of an image processed by the
tool PerspectiveMapCalib. Magenta spots in the
image show the white lines found. Orange circles
highlight the spot being processed.
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Figure 5: Schematic view of a detail over the lens, CCD and focuspoint from the perspective system. On
the left, a side view. On the right, a top-down view.

The following equation shows the relation be-
tween theyoffset and the angleαoffset, both referred
in Fig. 3,

αoffset = arctan

(

yoffset− roffset

hoffset

)

. (1)

From (1), the relation is generalized to an angle
angαn centered inαoffset,

angαn = αoffset−arctan

(

distanceyn − roffset

hoffset

)

. (2)

Attending to Fig. 5 (on the left), using simple
trigonometric rules the following equation can be
obtained, relating a generic angleangn centered in
αoffset and a pixel along a vertical column in the
CCD,

pixeln =
tan(angαn)× focal length

pixel height
. (3)

Substituting (2) in (3) results in,

pixeln =

tan

[

αoffset− arctan

(

distanceyn − roffset

hoffset

)]

×

focal length

pixel height
.

(4)

Manipulating (4), it is possible to isolate the
αoffset in the first member, i.e.,

αoffset =

arctan

(

pixeln × pixel height

focal length

)

+

arctan

(

distanceyn − roffset

hoffset

)

.

(5)

With (5) and the samples (pairs of valuespixeln
anddistanceyn introduced by the user) previously
acquired, the valueαoffset can be found. To achieve
a better result, the toolPerspectiveMapCalibuses
a mean filter with, at least, three calculatedαoffset

angles to obtain the final result.
Using the previously discoveredαoffset angle and

with some manipulation of (4), the distance corre-
sponding to each pixel can be found using

distanceyn =

roffset+ hoffset×

tan

[

αoffset− arctan

(

pixeln × pixel height

focal length

)]

.

(6)

Through (6) it is possible to obtain the real
distanceyn of a pixel projected in the ground along
they axis.

Based on Fig. 4, the following equation can be
deduced, creating a relation between a generic an-
gleangθm and adistancexm,

angθm = arctan

(

distancexm

distanceyn

)

. (7)
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Now, relatingangθm with pixelm along thex
axis we obtain

pixelm =
tan(angθm)× focal length

pixel width
. (8)

Using (7) to substitute in (8) and manipulating
it, results in a relation between apixelm and a
distancexm, both along thex axis, i.e.,

distancexm =

arctan

(

pixelm × pixel width

focal length

)

×

distanceyn.

(9)

Summarizing, making use of (5), and some user
input, its possible to obtain theαoffset. This permits
the creation of thedistance map imageusing (9)
and (6) providing thex andy coordinates associ-
ated to eachpixel(n,m).

3 Results
To measure the reliability of this tool, tests were
made analyzing the resultingdistance map image.
To do so, the robot was moved along a prede-
fined path through the game field leaving the ball
in a known location. The ball position given by the
robot is then compared with the real position of the
ball. The results in this test may be affected by the
errors of the localization algorithm and the robot
bumps while moving, but they provide a realistic
view of the problem, recreating the RoboCup en-
vironment.

In Fig. 7 it is possible to see the robot path along
the field and the measured ball position. In Table 1,
it is presented an analysis of the data measured dur-
ing the test. Already visible in Fig 7, the average
position of the ball is near the real position, being
this result confirmed in Table 1.

Furthermore, the standard deviation of the mea-
sured ball position is low compared with the dis-
tance between the ball and the robot, which is di-
rectly related to the quality of the distance map
used. Being these measures affected by external
noise as referred above, this result is more than ac-
ceptable for its purpose, that is, to detect the ball at
long distances.

4 Conclusions
In this paper, we proposed an efficient tool to cre-
ate the distance map for the perspective vision
system of a RoboCup Middle Size League soccer
team.
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Figure 7: Experimental results obtained by the pro-
posed perspective vision system using thePerspec-
tiveMapCalibtool. In (a) the ball was positioned in
the center of the penalty mark. In (b) the ball was
positioned in the center of the goal line. The robot
has performed a defined trajectory and the position
of the ball was registered. Both axis in the graphics
are in meters.

Experiment Real Measures
Position Average Std

Penalty (2.39, 0.00) (2.47, 0.07) (0.19, 0.09)
Goal Line (4.39, 0.0) (4.27, -0.03) (0.32, 0.11)

Table 1: Some measures obtained for the experi-
ments presented in Fig. 7. All the measures are
in meters. The column under the label “Average”
means the average position where the ball was de-
tected by the robot, whereas the column under the
label “Std” means the the standard deviation of the
measured ball position.

With this tool, the user input is reduced to a few
parameters that can be easily measured or obtained
by the intrinsic parameters of the digital camera.
This avoids measures of angles that could be dif-
ficult to acquire and seriously corrupt the distance
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map if not accurate. We solved the distance map-
ping problem from a ray-tracing approach and con-
sidering some simplifications without loss of us-
ability.

The experimental results obtained in a real test
situation, show that the mapping obtained by the
proposed approach is very accurate, allowing its
use in real competition. Moreover, the prosed al-
gorithms have been used by the team in the last
competitions. The CAMBADA team distinctively
achieve the 1st place in the RoboCup 2008 and in
the Portuguese robotics open ROBOTICA 2009,
ROBOTICA 2008 and ROBOTICA 2007.
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