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ABSTRACT

In many robotic applications, autonomous robots must be capa-
ble of locating the objects that they have to manipulate. In the case
of autonomous soccer robots, they must, at least, be able to locate
the ball, the opponent robots and the team robots, and also tocol-
lect �eld information essential for self-localization. The recognition
of colored objects is very important for robot vision in RoboCup
Middle Size League competition. This paper describes an ef�cient
hybrid vision system developed for the robotic soccer team of the
University of Aveiro, CAMBADA (Cooperative Autonomous Mo-
bile roBots with Advanced Distributed Architecture). The hybrid
vision system integrates an omnidirectional and a perspective cam-
era. The omnidirectional sub-system is used by our localization al-
gorithm for �nding the ball, detecting the presence of obstacles and
white lines. The perspective vision is used to �nd the ball and ob-
stacles in front of the robot at larger distances, which are dif�cult
to detect using the omnidirectional vision system. In this paper, we
present a set of algorithms for ef�ciently extracting the color infor-
mation of the acquired images and, in a second phase, for extracting
the information of all objects of interest. We developed an ef�cient
color extraction algorithm based on lookup tables and we usea radial
model for object detection, both in the omnidirectional andperspec-
tive sub-system. The CAMBADA middle-size robotic soccer team
won the 2008 RoboCup World Championship and the 2007 and 2008
Portuguese Robotics Festival. These results show the effectiveness
of our algorithms. Moreover, our experiments show that the system
is fast and accurate having a constant processing time independently
of the environment around the robot, which is a desirable property
of Real-Time systems.

1. INTRODUCTION

Vision is an extremely important sense for both humans and robots,
providing detailed information about the environment. A robust vi-
sion system should be able to detect objects reliably and provide
an accurate representation of the world to higher level processes.
The vision system must also be highly ef�cient, allowing a resource-
limited agent to respond quickly to a changing environment.Each
frame acquired by a digital camera must be processed in a small,
usually �xed, amount of time. Algorithmic complexity is therefore
constrained, introducing a trade-off between processing time and the
quality of the information acquired.

The Middle Size League (MSL) competition of RoboCup is a
standard real-world test for autonomous multi-robot control. Be-
ing yet a color-coded environment, despite the recent changes intro-
duced, such as the goals without color, recognizing coloredobjects
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such as the orange ball, the black obstacles, the green �eld and the
white lines are a basic ability for robots.

One problem domain in RoboCup is the �eld of Computer Vi-
sion, responsible for providing basic information that is needed for
calculating the behavior 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 di-
rections at the same time with having to move itself or its camera
[1, 2, 3, 4, 5]. However, due to the last changes in the MSL rules,
the playing �eld became larger, bringing some problems to the om-
nidirectional vision systems, particularly regarding thedetection of
objects at large distances.

The main goal of this paper is to present an ef�cient real-time
hybrid vision system for the world champion robotic soccer team of
the University of Aveiro, CAMBADA (see Fig. 1). We propose an
hybrid vision system to process the video acquired by an omnidirec-
tional camera and a perspective camera. The system �nds the white
lines of the playing �eld (used for self-localization), theball and ob-
stacles. Our vision system architecture uses a distributedparadigm
where the main tasks, namely, image acquisition, color extraction,
object detection and image visualization, are separated into several
processes, as presented in Fig. 2.

Fig. 1. Robots used by the CAMBADA middle-size robotic soccer.

The image processing software uses radial search lines to ana-
lyze the color information. A radial search line is a line that starts
at the center of the robot, with some angle, and ends at the limit of
the image. The center of the robot in the omnidirectional subsystem
is approximately the center of the image. However, the center of the
robot in the perspective subsystem is at the bottom of the image. For
each search line, if it is found a prede�ned number of pixels classi-
�ed as a valid color, the system saves the position of the �rstpixel
associated to the respective color. For �nding the white lines, color
transitions from green to white are searched for.



Fig. 2. The architecture of the vision system, applied both to the omnidirectional and perspective subsystem.

A lookup table (LUT) is used for color classi�cation. Our sys-
tem is prepared to acquire images in RGB 24-bit, YUV 4:2:2 or
YUV 4:1:1 format, being necessary only to choose the appropriated
LUT. However, we use the HSV color space for color calibration due
to its special characteristics [6].

This paper is organized as follows. In Section 2 we describe the
general architecture of the CAMBADA robots. Section 3 presents
our vision system architecture, explaining the several modules de-
veloped and how they are connected. Section 4 presentes the al-
gorithms used to collect the color information of the imagesusing
radial search lines. In Section 5 we show how the object features are
extracted and some experimental results are also presented. Finally,
in Section 6, we draw some conclusions.

2. ARCHITECTURE OF THE ROBOTS

The CAMBADA robots (Fig. 1) were designed and completely built
in-house. The baseline for robot construction is a cylindrical en-
velope, with 485 mm in diameter. The mechanical structure ofthe
players is layered and modular. Each layer can easily be replaced by
an equivalent one. The components in the lower layer, namelymo-
tors, wheels, batteries and an electromagnetic kicker, areattached to
an aluminum plate placed 8 cm above the �oor. The second layer
contains the control electronics. The third layer containsa laptop
computer, at 22.5 cm from the �oor, an omni-directional vision sys-
tem, a frontal camera and an electronic compass, all close tothe
maximum height of 80 cm. The players are capable of holonomic
motion, based on three omni-directional roller wheels.

The robots computing system architecture follows the �ne-
grained distributed model [7] where most of the elementary func-
tions, e.g. closed loop control of complex actuators, are encapsulated
in small microcontroller based nodes, connected through a network.
A laptop node is used to execute higher-level control functions and
to facilitate the interconnection of off-the-shelf devices, e.g. cam-
eras, through standard interfaces, e.g. USB or Firewire. For this
purpose, Controller Area Network (CAN), a real-time �eldbus typi-
cal in distributed embedded systems, has been chosen. This network
is complemented with a higher-level transmission control protocol
to enhance its real-time performance, composability and fault-
tolerance, namely the FTT-CAN protocol (Flexible Time-Triggered

communication over CAN) [8].
The communication among robots and to the base station uses

the standard wireless LAN protocol IEEE 802.11x pro�ting from
large availability of complying equipment.

The software system in each player is distributed among the var-
ious computational units. High-level functions run on the computer,
a laptop PC running Linux operating system. Low-level functions
run on dedicated microcontrollers. A cooperative sensing approach
based on a Real-Time Database (RTDB) has been adopted [9]. The
RTDB is a data structure where players share their world models. It
is updated and replicated in all players in real-time.

Fig. 3. Layered software architecture of CAMBADA players [7].

A software module calledIntegrator is used to update the
world state information [10]. This is done by �ltering the raw in-
formation coming from sensors (i.e. vision, odometry, etc.) and
determining the best estimate of the position and velocity of each
object.

The software of CAMBADA players is composed of several dif-
ferent processes that have responsibility for different tasks: image
acquisition, image analysis, integration/decision and communication
with the low-level modules. The order and schedule of activation of



these processes is performed by a process manager library called
Pman. Pmanstores in a database the characteristics of each pro-
cess to activate and allows the activation of recurrent tasks, settling
phase control (through the de�nition of temporal offsets),prece-
dence restrictions, priorities, etc. ThePmanservices allow changes
in the temporal characteristics of the process schedule during run-
time [11, 12].

It is very important that all robots share the same play mode
obtained by processing the referee orders given through thereferee
box. In CAMBADA, an application inside the team's base station
checks the messages received from the referee box, and converts the
event triggered protocol of communication referee box - base sta-
tion to a state oriented playmode information that is broadcasted to
robots using the RTDB. This ensures that the delay between the re-
ception of a referee event from the referee box and its awareness by
all robots is minimized, enabling a synchronized collective behav-
ior. The general architecture of the CAMBADA robots (see Fig1)
has been described in [7]. Basically, the robot architecture is cen-
tered on a main processing unit that is responsible for the higher-
level behavior coordination, i.e. the coordination layer [13]. This
main processing unit (a laptop) processes visual information gath-
ered from the vision system, executes high-level control functions
and handles external communication with the other robots. This unit
also receives sensing information and sends actuating commands to
control the robot attitude by means of a distributed low-level sens-
ing/actuating system. The PC runs the Linux operating system. The
communication among team robots uses an adaptive TDMA trans-
mission control protocol [14] on top of IEEE 802.11b, that reduces
the probability of transmission collisions between team mates thus
reducing the communication latency. Using this transmission proto-
col a Shared Real Time Database (RTDB) is implemented.

3. HYBRID VISION SYSTEM

This paper presents a hybrid vision system integrating an omnidi-
rectional and a perspective camera. The omnidirectional part of the
vision system [15] is based on a catadioptric con�guration imple-
mented with a �rewire camera (with a 1/3” CCD sensor and a 4.0mm
focal distance lens) and a hyperbolic mirror. The perspective cam-
era uses a low cost �rewire camera (BCL 1.2 Unibrain camera with
a 1/4” CCD sensor and a 3.6mm focal distance lens). The omnidi-
rectional camera works at 30 frames per second (fps) in YUV4:2:2
mode with a resolution of640� 480pixels. The front camera works
at 30 fps in YUV4:1:1 mode with a resolution of640� 480pixels.

The omnidirectional system is used to �nd the ball, to detectthe
presence of obstacles and white lines. The perspective vision is used
to �nd the ball and obstacles in front of the robot at larger distances,
which are dif�cult to detect using the omnidirectional vision system.

The software architecture is based on a distributed paradigm
grouping main tasks in different modules. The software can be
split in three main modules, namely theUtility Sub-System, the
Color Processing Sub-Systemand theMorphological Processing
Sub-System, as can be seen in Fig. 2. Each one of these sub-systems
labels a domain area where their processes �t, as the case ofAc-
quire ImageandDisplay Imagein the Utility Sub-System. As can
be seen inColor Processing Sub-System, proper color classi�cation
and extraction processes were developed, along with an object de-
tection process to extract information, through color analysis, from
the acquired image [16, 15]. TheMorphological Processing Sub-
System, presented in [17], are used to detect arbitrary FIFA balls,
independent of their color.

Despite the obvious differences between the omnidirectional and

the perspective sub-systems, the software architecture used in both
is the same, changing only theImage Mask & Radial Sensorsand
theDistance Mapping Image[16].

4. COLOR EXTRACTION

Image analysis in the RoboCup domain is simpli�ed, since objects
are color coded. Black robots play with an orange ball on a green
�eld that has white lines. Thus, the color of a pixel is a strong hint for
object segmentation. We exploit this fact by de�ning color classes,
using a look-up table (LUT) for fast color classi�cation. The table
consists of16 777 216entries (224 , 8 bits for red, 8 bits for green
and 8 bits for blue), each 8 bits wide, occupying 16 MBytes in total.
If another color space is used, the table size is the same, changing
only the “meaning” of each component. Each bit expresses whether
the color is within the corresponding class or not. This means that a
certain color can be assigned to several classes at the same time. To
classify a pixel, we �rst read the pixel's color and then use the color
as an index into the table. The value (8 bits) read from the table will
be called “color mask” of the pixel.

The color calibration is performed in HSV (Hue, Saturation and
Value) color space due to its special characteristics. In the current
setup, the image is acquired in RGB or YUV format and then is
converted to an image of labels using the appropriate LUT.

There are certain regions in the received images that have tobe
excluded from analysis. Regarding the omnidirectional camera, one
of them is the part in the image that re�ects the robot itself.Other
regions are the sticks that hold the mirror and the areas outside the
mirror. For that, we have an image with this con�guration that is
used by our software. An example is presented in Fig. 4. The white
pixels are the area that will be processed, black pixels willnot. Re-
garding the perspective camera, there are two regions that will not
be processed. One at the top of the image, where the objects (ball
and obstacles) are outside the �eld, and another at the bottom of the
image, where the ball and obstacles are easily detected by the omni-
directional camera. With this approach we can reduce the time spent
in the conversion and searching phases and we eliminate the problem
of �nding erroneous objects in that areas.

Fig. 4. An example of a robot mask used to select the pixels to be
processed by the omnidirectional vision sub-system. Whitepoints
represent the area that will be processed.

To extract the color information of the image we use radial
search lines instead of processing the whole image. A radialsearch
line is a line that starts at the center of the robot, with someangle,
and ends at the limit of the image. The center of the robot in the



omnidirectional subsystem is approximately the center of the image
(Fig. 5). In the perspective subsystem, the center of the robot is
located at the bottom of the image (Fig. 6). The search lines are
constructed based on the Bresenham line algorithm [18]. These
search lines are constructed once, when the application starts, and
saved in a structure in order to improve the access to these pixels in
the color extraction module. For each search line, we iterate through
its pixels to search for two things: transitions between twocolors
and areas with speci�c colors.

Fig. 5. The position of the radial search lines used in the omnidirec-
tional vision sub-system.

Fig. 6. The position of the radial search lines used in the perspective
vision sub-system.

The use of radial search lines accelerates the process of object
detection due to the fact that we only process about 30% of thevalid
pixels. This approach has a processing time almost constant, in-
dependently of the information around the robot, being a desirable
property in Real-Time Systems. This happens because the system
processes almost the same number of pixels in each frame. Regard-
ing the omnidirectional vision sub-system, there is another advan-
tage due to the fact that the use of omnidirectional vision dif�cult
the detection of the objects using, for example, their bounding box.
In this case, it is more desirable to use the distance and angle, which
are inherent to the radial search lines.

We developed an algorithm to detect areas of a speci�c color

which eliminates the possible noise that could appear in theimage.
For each radial scanline, it is performed a median �ltering procedure
as described next. Each time that a pixel is found with a colorof
interest, we analyze the pixels that follows (a prede�ned number)
and if we don't �nd more pixels of that color we discard the pixel
found and continue. When we �nd a prede�ned number of pixels
with that color, we consider that the search line has this color.

In order to improve the previous algorithm, we created an algo-
rithm to recover lost orange pixels due to the ball shadow cast over
itself. As soon as we �nd a valid orange pixel in the radial sensor, the
shadow recovery algorithm tries to search for darker orangepixels
previously discarded in the color segmentation analysis. This search
is conducted, in each radial sensor, starting in the �rst orange pixel
found in direction to the center of the robot, limited to a maximum
number of pixels. For each pixel analyzed, a wide color spacecom-
parison is performed in order to accept darker orange pixels. Once a
different color is found or the maximum number of pixels is reached,
the search in the current sensor is completed and the search proceeds
to the next sensor. In Fig. 10 we can see the pixels recovered by this
algorithm (orange pixels in the original image).

To accelerate the process of calculating the position of theob-
jects, we put the color information found in each search lineinto a
list of colors. We are interested in the �rst pixel (in the correspond-
ing search line) where the color was found and the number of pixels
with that color that have been found in the search line. Then,us-
ing the previous information, we separate the information of each
color into blobs (Fig. 10 and 11 shows some examples). After this,
it is calculated the blob descriptor that will be used for theobject
detection module, which consists in the following information:

� Average distance to the robot;

� Mass center;

� Angular width;

� Number of pixels;

� Number of green pixels between blob and the robot;

� Number of pixels after blob.

5. OBJECT DETECTION

The objects of interest that are present in the RoboCup environment
are: a ball, obstacles (other robots) and the green �eld withwhite
lines. Currently, our system detects ef�ciently all these objects with
a set of simple algorithms that, using the color informationcollected
by the radial search lines, calculate the object position and / or their
limits in an angular representation (distance and angle).

The algorithm that searches for the transitions between green
pixels and white pixels is described as follows. If a non-green pixel
is found, we will look for a small window in the “future”, and count
the number of non-green pixels and of white pixels. Next, we look
for a small window in the “past” and a small window in the “future”
and count the number of green pixels. If these values are greater than
a prede�ned threshold, we consider this point as a transition. This
algorithm is illustrated in Fig. 7.

The transition points detected are used for the robot localization.
All the points detected are sent to the Real-time Database, afterward
used by the localization process.

To detect the ball, we use the following algorithm:

1. Separate the orange information into blobs.

2. For each blob, calculate the information described in thepre-
vious section.
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Fig. 7. An example of a transition. “G” means green pixel, “W”
means white pixel and “X” means pixel with a color different from
green or white.

3. Perform a �rst validation of the orange blobs using the infor-
mation about the green pixels after and before the blob.

4. Validate the remain orange blobs according to the experimen-
tal data illustrated in Fig. 8 and 9.

5. Using the history of the last ball positions, choose the best
candidate blob. The position of the ball is the mass center of
the blob.
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Fig. 8. Experimental results comparing the number of pixels for the
ball according to the distance to the robot for the perspective camera.
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Fig. 9. Experimental results comparing the number of pixels for the
ball according to the distance to the robot for the omnidirectional
camera.

In order to avoid false positive errors in ball detection, a ball
validation system was implemented. Experimental data regarding

the number of pixels of a ball as a function of its distance to the robot
is displayed in Figs. 8 and 9. Based on these data, we established a
minimum limit of pixels, varying linearly with the distance, that an
orange blob should have in order to be considered a ball candidate.
The behavior of the acquired data, for the omnidirectional camera,
around distance 120, is due to some occlusion of the ball by the
mirror holding structure. This method, besides simple, is robust, fast
and easy to implement.

To calculate the position of the obstacles around the robot,we
use the following algorithm:

1. Separate the black information into blobs.

2. If the angular width of one blob is greater than 10 degrees,
split the blob into smaller blobs, in order to obtain an accurate
information about obstacles.

3. Calculate the information for each blob.

4. The position of the obstacle is given by the distance of the
blob relatively to the robot. The limits of the obstacle are
obtained using the angular width of the blob.

In Figs. 10 and 11 we present some examples of acquired im-
ages, their correspondent segmented images and the detected color
blobs. As we can see, the objects are correctly detected (seethe
marks in the images on the right of the �gures).

The proposed hybrid vision system has a constant processing
time, independently of the environment around the robot, rounding
10 ms for the omnidirectional subsystem and 6 ms for the perspec-
tive subsystem, being the most part of the time spent in the color
classi�cation and in the color extraction modules. Each of the sub-
systems needs approximately 30 MBytes of memory. These results
have been obtained using a laptop with an Intel Core 2 duo at 2.0
GHz and 1 GB of memory.

6. CONCLUSIONS

This paper presents the hybrid vision system developed for the
CAMBADA middle-size robotic soccer team. The hybrid vision
system integrates an omnidirectional and a perspective camera. We
presented several algorithms for image acquisition and processing.
The CAMBADA team won the 2007 and 2008 Portuguese Robotics
Open and ranked 5th in the 2007 RoboCup World Championship.
More recently, the CAMBADA team won the 2008 RoboCup World
Championship, demonstrating the effectiveness of the proposed
architecture in a competition environment.

Being a color coded environment, recognizing colored objects
in the context of the RoboCup MSL competition, such as the orange
ball, the black obstacles, the green �eld and the white lines, are a ba-
sic ability for robots. Therefore, our system de�nes different color
classes corresponding to the objects. The 24 bit pixel coloris used as
an index to a 16 MBytes lookup table which contains the classi�ca-
tion of each possible color in a 8 bit entry. Each bit speci�eswhether
that color lays within the corresponding color class.

The processing system is divided into two phases: color extrac-
tion, using radial search lines, and object detection, using speci�c
algorithms. The objects involved are: a ball, obstacles andwhite
lines. The processing time and the accuracy obtained in the object
detection con�rms the effectiveness of our system.

The proposed system is still under development, in particular
with the aim of recognizing objects using morphological informa-
tion. In the RoboCup MSL the color codes tend to disappear. The
color of the ball is the next color scheduled to disappear. Therefore,
in [17] we proposed a solution to detect balls independentlyof their



Fig. 10. On the left, examples of original images acquired by the perspective vision sub-system. In the center, the corresponding image of
labels. On the right, the color blobs detected in the images.Marks over the ball point to the mass center. The cyan marks are the position of
the obstacles.

Fig. 11. On the left, examples of original images acquired by the omnidirectional vision sub-system. In the center, the corresponding image
of labels. On the right, the color blobs detected in the images. Marks over the ball point to the mass center. The several marks near the white
lines (magenta) are the position of the white lines. The cyanmarks are the position of the obstacles.

color. This solution is based on a morphological analysis ofthe im-
age, being strictly directed to detect round objects in the �eld, in this
case the ball. Although the method proposed in [17] is under devel-
opment, the preliminary experimental results are very encouraging.
Using this image processing system, the CAMBADA team ranked

2nd in the mandatory challenge at RoboCup 2008, where the robots
should play with an arbitrary standard FIFA ball.
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