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Abstract. This paper describes a complete and ef cient vision system developed
for the robotic soccer team of the University of Aveiro, CAMBADA (C&up-

tive Autonomous Mobile roBots with Advanced Distributed Architecture)e Th
system consists on a rewire camera mounted vertically on the top of thesob

A hyperbolic mirror placed above the camera re ects the 360 degifdbe celd
around the robot. The omnidirectional system is used to nd the ball, thisgoa
detect the presence of obstacles and the white lines, used by our localegtie
rithm. In this paper we present a set of algorithms to extract ef cientlyctiier
information of the acquired images and, in a second phase, extractfonea

tion of all objects of interest. Our vision system architecture uses a distibute
paradigm where the main tasks, namely image acquisition, color extractien,
ject detection and image visualization, are separated in several pesdbascan
run at the same time. We developed an ef cient color extraction algorithsedd

on lookup tables and a radial model for object detection. Our participatithre

last national robotic contest, ROBOTICA 2007, where we have obtairedsh
place in the Medium Size League of robotic soccer, shows the effeetgenf
our algorithms. Moreover, our experiments show that the system iaridsiccu-
rate having a maximum processing time independently of the robot positibn a
the number of objects found in the eld.

Keywords: Robotics; robotic soccer; computer vision; object rectignj omnidi-
rectional vision; color classi cation.

1 Introduction

After Garry Kasparov was defeated by IBM's Deep Blue Supengoter in May 1997,
forty years of challenge in the arti cial intelligence (A¢dpmmunity came to a success-
ful conclusion. But it also was clear that a new challengetbazk found.

"By mid-21st century, a team of fully autonomous humanoidatosoccer players
shall win the soccer game, complying with the of cial ruletbe FIFA, against the
winner of the most recent World Cup.” This is how the ultimgtal was stated by the
RoboCup Initiative, founded in 1997, with the aim to fostex levelopment of arti cial
intelligence and related eld by providing a standard peshl robots that play soccer.

It will take decades of efforts, if not centuries, to accoisiplthis goal. It is not
feasible, with the current technologies, to reach this goany near term. However,
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this goal can easily create a series of well directed subgddde rst subgoal to be
accomplished in RoboCup is to build real and simulated reboter teams which play
reasonably well with modi ed rules. Even to accomplish thizal will undoubtedly
generate technologies with impact on broad range of iniggstr

One problem domain in RoboCup is the eld of Computer Visilistask is to pro-
vide basic information that is needed to calculate the bieha¥ the robots. Especially
omnidirectional vision systems have become interestinthénlast years, allowing a
robot to see in all directions at the same time without movisglf or its camera [13,
12,10, 11]. Omnidirectional vision is the method used byttesms in the Middle Size
League.

The main goal of this paper is to present an ef cient visiosteyn for processing
the video acquired by an omnidirectional camera. The systelsithe white lines of
the playing eld, the ball, goals and obstacles. The linethefplaying eld are needed
because knowing the placement of the playing eld from thieotts point of view is
equal to know the position and orientation of the robot.

For nding the goals, the ball and the obstacles, lines astated out radially from
the center of the image and, if some de ned number of pixelthefrespective colors
are found, the system saves that position associated tespective color. For nding
the white lines, color transitions from green to white ararsbed for.

For color classi cation, the rst step of our system, a logktable (LUT) is used.
Our system is prepared to acquire images in RGB 24-bit, YW&/24or YUV 4:1:1
format, being necessary only to choose the appropriated M&Tuse the HSV color
space for color calibration and classi cation due to its@pkcharacteristics [1].
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Fig. 1. The architecture of our vision system. It is based on a multi-processmyseing each
process responsible for a speci ¢ task.

This paper is organized as follows. In Section 2 we deschibelesign of our robots.
Section 3 presents our vision system architecture, eXplathe several modules devel-



oped and how they are connected. In Section 4 we presengbiéthins used to collect
the color information of the image using radial search linesSection 5 we describe
how the object features are extracted. Finally, in Sectiomesdraw some conclusions
and propose future work.

2 Robot overview

CAMBADA players were designed and completely built in-heu¥he baseline for
robot construction is a cylindrical envelope, with 485 mndiameter. The mechanical
structure of the players is layered and modular. The commusnia the lower layer
are the motors, wheels, batteries and an electromechddatar. The second layer
contains the control electronics. The third layer conta@romputer. The players are
capable of holonomic motion, based on three omni-direatiosiler wheels [2].

The vision system consists on a rewire camera mounted aadlyi on the top of
the robots. A hyperbolic mirror placed above the cameraats ¢he 360 degrees of the
eld around the robot. This is the main sensor of the robotiadiglused to nd the ball,
the goals, detect the presence of obstacles and the whéte lin

The robots computing system architecture follows the mahg distributed model
[7] where most of the elementary functions are encapsulatethall microcontroller-
based nodes, connected through a network. A PC-based noeskedso execute higher-
level control functions and to facilitate the interconneatof off-the-shelf devices, e.g.
cameras, through standard interfaces, e.g. Firewire.H®mpurpose, Controller Area
Network (CAN) has been chosen [3]. The communication amobgts uses the stan-
dard wireless LAN protocol IEEE 802.11x pro ting from largeailability of comply-
ing equipment.

The software system in each player is distributed amongadhews computational
units. High level functions run on the computer, in Linux cggeng system with RTAI
(Real-Time Application Interface). Low level functionsnrypartly on the microcon-
trollers. A cooperative sensing approach based on a Re#-Diatabase (RTDB) [4-6]
has been adopted. The RTDB is a data structure where pldanestheir world models.
It is updated and replicated in all players in real-time.

3 Vision system architecture

A modular multi-process architecture was adopted for osiowi system (see Fig. 1).
When a new frame is ready to download, one process is autathatidggered
and the frame is placed in a shared memory buffer. After Hradther process analyzes

the acquired image for color classi cation, creating a nevage with “color labels”
(an 8 bpp image). This image is also placed in the shared irhaffer, which is af-
terward analyzed by the object detection processes, gatigrilesignated b roc[x],

x =1;2;:::N. These applications are encapsulated in separate Lingegses. Once
started, each process gets a pointer to the most recent finzege available and starts
tracking the respective object. Once nished, the resgltiformation (e.g. object de-
tected or not and position) is placed in the real-time daeab@his database may be
accessed by any other processes in the system, particidavprid state update.



The activation of the distinct image-processing actigiiecarried out by a process
manager. Scheduling of vision related processes reliekenel-time features of the
Linux kernel, namely the FIFO scheduler and priorities. s level, Linux executes
each process to completion, unless the process blocks oeésnpted by other pro-
cess with higher real-time priority. This ensures that ttacpsses are executed strictly
according to their priority with full preemption.

4 Color extraction
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Fig. 2. On the left, an example of a robot mask. White points represent the aeaithbe
processed. On the right, the position of the radial search lines.
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Image analysis in the RoboCup domain is simpli ed, sincezoty are color coded.
Black robots play with an orange ball on a green eld that halkoyv and blue goals and
white lines. Thus, a pixel's color is a strong hint for objeegmentation. We exploit this
fact by de ning color classes, using a look-up table (LUT) fast color classi cation.
The table consists of 16777216 entri@&*( 8 bits for red, 8 bits for green and 8 bits
for blue), each 8 bits wide, occupying 16 MB in total. If anetttolor space is used,
the table size is the same, changing only the “meaning” ofi eatponent. Each bit
expresses whether the color is within the correspondirgsalanot. This means that a
certain color can be assigned to several classes at the saedo classify a pixel, we
rst read the pixel's color and then use the color as an indéa the table. The value (8
bits) read from the table will be called “color mask” of thexgl.

The color calibration is done in HSV (Hue, Saturation andigakcolor space due to
its special characteristics. In our system, the image isieed| in RGB or YUV format
and then is converted to HSV using an appropriate conversiatine.

There are certain regions in the received image that have &xtluded from anal-
ysis. One of them is the part in the image that re ects the tatself. Other regions
are the sticks that hold the mirror and the areas outside thhemtor that, we have an
image with this con guration that is used by our software. &@ample is presented in
Fig. 2. The white pixels are the area that will be processkedkipixels will not. With



this approach we can reduce the time spent in the converaeearching phases and
we eliminate the problem of nding erroneous objects in thaas.

To extract the color information of the image we use radiafsle lines to analyze
the color information instead of processing all the imadg@s Bpproach has two main
advantages. First, that of accelerating the process dueetfatt that we only process
about 30% of the valid pixels. Second, the use of omnidioeeti vision dif cults the
detection of the objects using, for example, their boundiox. In this case, it is more
desirable to use the distance and angle. The proposed appnaa a processing time
almost constant, independently of the information arour&rbbot, being a desirable
property in Real-Time Systems. This is due to the fact thasifstem processes almost
the same number of pixels in each frame.

Aradial search line is a line that starts in the center of thmt with some angle and
ends in the limit of the image (see the image on the right of BigThey are constructed
based on the Bresenham line algorithm [8, 9]. For each séiaeshwe iterate through
its pixels to search for two things: transitions between ¢aiors and areas with speci ¢
colors.

We developed an algorithm to detect areas of a speci ¢ coluclwveliminates the
possible noise that could appear in the image. Each timeatipatel is found with a
color of interest, we analyze the pixels that follows (a predd number) and if we
don't nd more pixels of that color we “forget” the pixel fowhand continue. When we
nd a prede ned number of pixels with that color, we considkat the search line has
this color.

To accelerate the process of calculating the position obbjects, we put the color
information found, in each search line, into a list of coldige are interested in the
rst pixel (in the respective search line) where the colorsviaund and the number of
pixels with that color found in the search line. Then, usimgprevious information, we
separate the information of each color into sets that we danebs (see Fig. 3). For
each blob some useful information is calculated that wilphe the detection of each
object:

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.

The algorithm to search for the transitions between greeglpand white pixels is
described as follows. If a non green pixel is found, we wilkdor a small window in
the “future” and count the number of non green pixels and tivalver of white pixels.
Next, we look for a small window in the “past” and a small wimdm the future and
count the number of green pixels. If these values are grteara prede ned threshold,
we consider this point as a transition. This algorithm issitated in Fig. 4.



Fig. 3. An example of the blobs found in two images. On the left, the original imaeshe right,
the blobs found. For each blob, we calculate useful information thaed lager to calculate the
position of each object.
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Fig. 4. An example of a transition. “G” means green pixels, “W” means white pizals “X”
means pixels with a color different from green or white.

5 Object detection

The objects of interest that are present in the RoboCup @mvient are: a ball, two
goals, obstacles (other robots) and the green eld withediites. Currently, our system
detects ef ciently all these objects with a set of simpleaithms that, using the color
information collected by the radial search lines, calaitfie object position and / or
their limits in an angular representation (distance andegng

The transition points detected in the color extraction pra® used for the robot
localization. All the points detected are sent to the ReaétDatabase, 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 irptiegious section.

3. Sort the orange blobs that have some green pixels befaftesrthe blob by de-
scending order, using their number of orange pixels as measu

4. Choose the rstblob as candidate. The position of theibdlie mass center of the
blob.

Regarding the goals, we are interested in three points:aheeg the right post and
the left post. To do that, we use the following algorithm:

1. Ignore the information related to radial search lineschtiiave both blue and yel-
low information (they correspond to the land marks).

2. Separate the valid blue and yellow information into blobs

3. Calculate the information for each blob.

4. Sort the yellow and the blue blobs that have some greefsgiefore the blob by
descending order, using their angular width as measure.

5. Choose the rst blob as candidate for each goal. Theirtigosis given by the
distance of the blob relatively to the robot.

6. The right post and the left post is given by the positiorhefgoal and the angular
width of the blob.

Another important information regarding the goals, is tlkstkpoint to shoot. To
calculate it, we split the blob chosen into several slicag, ghoose the one with most
pixels blue or yellow. The best point to shoot is the massarasftthe slice chosen.

To calculate the position of the obstacles around the robetuse the following
algorithm:

1. Separate the black information into blobs.

2. If the angular width of one blob is greater than 10 degreessplit the blob into
smaller blobs, in order to obtain better information abdudtacles.

3. Calculate the information for each blob.

4. The position of the obstacle is given by the distance ofollbb relatively to the
robot. We are also interested in the limits of the obstactetarobtain that we use
the angular width of the blob.

In Fig. 5 we present some examples of acquired images anddteespondent
segmented images. As we can see, the objects are correttbtatk(see the marks in
images on the right).

6 Final remarks

This paper presents the omnidirectional vision systemtthatbeen developed for the
CAMBADA team. We present several algorithms for image asitjon and processing.
The experiments already made and the last results obtainttk iROBOTICA 2007
competition prove the effectiveness of our system reggrthie object detection and
robot self-localization.



Fig. 5.0n the left, examples of original images. On the right, the correspondatggsed images.
Marks in the blue and yellow goals mean the position of the goal (centetthambssible points
to shoot. The mark over the ball points to the mass center. The sevata near the white lines
(magenta) are the position of the white lines. The cyan marks are the pafitioe obstacles.

The objects in RoboCup are color coded. Therefore, our sysienes different
color classes corresponding to the objects. The 24 bit miakr is used as an index
to a 16 MBytes lookup table which contains the classi catifreach possible color in
a 8 hit entry. Each bit speci es whether that color lays witttie corresponding color
class.



The processing system is divided in two phases: color eitraaising radial search
lines, and object detection, using speci c algorithms. Bgects involved are: a ball,
two goals, obstacles and white lines. The processing tirddgtemaccuracy obtained in
the object detection con rms the effectiveness of our syste

As future work, we are developing new algorithms for cameh@olor calibration,
in particular autonomous algorithms. Moreover, we are g the presented algo-
rithms in order to use the shape of the objects instead ofjusity the color information
to improve the object recognition.
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