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Abstract. This paper describes a complete and efficient vision syseeloped
for the robotic soccer team of the University of Aveiro, CAKBA (Coopera-
tive Autonomous Mobile roBots with Advanced Distributedchitecture). The
system consists on a firewire camera mounted vertically endp of the robots.
A hyperbolic mirror placed above the camera reflects the &8eks of the field
around the robot. The omnidirectional system is used to fiedotll, the goals,
detect the presence of obstacles and the white lines, usaat bgcalization algo-
rithm. In this paper we present a set of algorithms to exte#atiently the color
information of the acquired images and, in a second phasectxhe informa-
tion of all objects of interest. Our vision system architeetuses a distributed
paradigm where the main tasks, namely image acquisitidor eatraction, ob-
ject detection and image visualization, are separatedvierakprocesses that can
run at the same time. We developed an efficient color extraetigorithm based
on lookup tables and a radial model for object detection. @uticipation in the
last national robotic contest, ROBOTICA 2007, where we habi@ined the first
place in the Medium Size League of robotic soccer, shows ffeeteness of
our algorithms. Moreover, our experiments show that théesyss fast and accu-
rate having a maximum processing time independently ofdbetrposition and
the number of objects found in the field.

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

1 Introduction

After Garry Kasparov was defeated by IBM’s Deep Blue Supergater in May 1997,
forty years of challenge in the artificial intelligence (AHmmunity came to a success-
ful conclusion. But it also was clear that a new challengetbdxk found.

"By mid-21st century, a team of fully autonomous humanoidatosoccer players
shall win the soccer game, complying with the official rulégte 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 tevelopment of artificial
intelligence and related field by providing a standard pgoblrobots 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 sulsgd#le first subgoal to be
accomplished in RoboCup is to build real and simulated reboter teams which play
reasonably well with modified rules. Even to accomplish tosl will undoubtedly
generate technologies with impact on broad range of inighsstr

One problem domain in RoboCup is the field of Computer Visitatask 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 movisgif or its camera [13,
12,10, 11]. Omnidirectional vision is the method used bytrtexms in the Middle Size
League.

The main goal of this paper is to present an efficient visiosteay for processing
the video acquired by an omnidirectional camera. The syé§isas the white lines of
the playing field, the ball, goals and obstacles. The lingb@playing field are needed
because knowing the placement of the playing field from tht'e point of view is
equal to know the position and orientation of the robot.

For finding the goals, the ball and the obstacles, lines ag&chied out radially from
the center of the image and, if some defined number of pixelseofespective colors
are found, the system saves that position associated tespective color. For finding
the white lines, color transitions from green to white ararebed for.

For color classification, the first step of our system, a Igotable (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 classification due to itcgdeharacteristics [1].
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Fig. 1. The architecture of our vision system. It is based on a nmuticess system being each
process responsible for a specific task.

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



oped and how they are connected. In Section 4 we presengibigthins 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 commsria the lower layer
are the motors, wheels, batteries and an electromechdaatar. The second layer
contains the control electronics. The third layer contairmputer. The players are
capable of holonomic motion, based on three omni-direatiosiler wheels [2].

The vision system consists on a firewire camera mountedcediytion the top of
the robots. A hyperbolic mirror placed above the cameraatstiie 360 degrees of the
field around the robot. This is the main sensor of the roboftaadised to find the ball,
the goals, detect the presence of obstacles and the whete lin

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

The software system in each player is distributed amongahews computational
units. High level functions run on the computer, in Linux oggég system with RTAI
(Real-Time Application Interface). Low level functionsnrypartly on the microcon-
trollers. A cooperative sensing approach based on a Res-Diatabase (RTDB) [4—6]
has been adopted. The RTDB is a data structure where pldarestheir 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 autzatigtiriggered
and the frame is placed in a shared memory buffer. After traither process analyzes
the acquired image for color classification, creating a neage with “color labels”
(an 8 bpp image). This image is also placed in the shared irbaffer, which is af-
terward analyzed by the object detection processes, gatligmesignated by’roc|x],
x =1,2,...N. These applications are encapsulated in separate Lineegses. Once
started, each process gets a pointer to the most recent firzege available and starts
tracking the respective object. Once finished, the regultiformation (e.g. object de-
tected or not and position) is placed in the real-time daab#&his database may be
accessed by any other processes in the system, particidaviprld state update.



The activation of the distinct image-processing actigitiecarried out by a process
manager. Scheduling of vision related processes relieke@neal-time features of the
Linux kernel, namely the FIFO scheduler and priorities. Wit tievel, 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 repitegenarea that will be
processed. On the right, the position of the radial seangsli
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Image analysis in the RoboCup domain is simplified, sinceatbjare color coded.
Black robots play with an orange ball on a green field that leflew and blue goals and
white lines. Thus, a pixel’s color is a strong hint for objsegmentation. We exploit this
fact by defining color classes, using a look-up table (LUT)fést color classification.
The table consists of 16777216 entri@d*( 8 bits for red, 8 bits for green and 8 bits
for blue), each 8 bits wide, occupying 16 MB in total. If anetltolor space is used,
the table size is the same, changing only the “meaning” ofi eaenponent. Each bit
expresses whether the color is within the correspondirgs@anot. This means that a
certain color can be assigned to several classes at the saed0 classify a pixel, we
first read the pixel's color and then use the color as an indiexthe 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 conversigine.

There are certain regions in the received image that have &xtluded from anal-
ysis. One of them is the part in the image that reflects thetridbelf. Other regions
are the sticks that hold the mirror and the areas outside itremror that, we have an
image with this configuration that is used by our software.eXample is presented in
Fig. 2. The white pixels are the area that will be processkatkipixels will not. With



this approach we can reduce the time spent in the convenstbeearching phases and
we eliminate the problem of finding erroneous objects in #nass.

To extract the color information of the image we use radiatse lines to analyze
the color information instead of processing all the imagd@sBpproach has two main
advantages. First, that of accelerating the process duetfatt that we only process
about 30% of the valid pixels. Second, the use of omnidioaeti vision difficults the
detection of the objects using, for example, their bounthoxg In this case, it is more
desirable to use the distance and angle. The proposed apgnaa a processing time
almost constant, independently of the information arolnedrbbot, being a desirable
property in Real-Time Systems. This is due to the fact thastfstem 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 sdiakshwe iterate through
its pixels to search for two things: transitions between¢woiors and areas with specific
colors.

We developed an algorithm to detect areas of a specific cdiahneliminates 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 gféted number) and if we
don't find more pixels of that color we “forget” the pixel fod@nd continue. When we
find a predefined number of pixels with that color, we consitiat the search line has
this color.

To accelerate the process of calculating the position obHjects, we put the color
information found, in each search line, into a list of coldfée are interested in the
first pixel (in the respective search line) where the colos feaind 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 davabs (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 greegipand white pixels is
described as follows. If a non green pixel is found, we witikdor a small window in
the “future” and count the number of non green pixels and thaber of white pixels.
Next, we look for a small window in the “past” and a small wimdm the future and
countthe number of green pixels. If these values are grifsara predefined threshold,
we consider this point as a transition. This algorithm igsitated in Fig. 4.



Fig. 3. An example of the blobs found in two images. On the left, thgional images. On the right,
the blobs found. For each blob, we calculate useful infoimnathat is used later to calculate the
position of each object.
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Fig. 4. An example of a transition. “G” means green pixels, “W” mearste pixels and “X”
means pixels with a color different from green or white.

5 Object detection

The objects of interest that are present in the RoboCup amvient are: a ball, two
goals, obstacles (other robots) and the green field withediniés. Currently, our system
detects efficiently all these objects with a set of simpl@gatgms that, using the color
information collected by the radial search lines, calaithe object position and / or
their limits in an angular representation (distance andegng

The transition points detected in the color extraction phar® 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 imptiegious section.

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

4. Choose the first blob as candidate. The position of théstide mass center of the
blob.

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

1. Ignore the information related to radial search linesohliave 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 greefsgiedore the blob by
descending order, using their angular width as measure.

5. Choose the first blob as candidate for each goal. Theitiposs 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 tlksttpoint to shoot. To
calculate it, we split the blob chosen into several slices, éhoose the one with most
pixels blue or yellow. The best point to shoot is the massearasitthe slice chosen.

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

1. Separate the orange 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 abddtacles.

3. Calculate the information for each blob.

4. The position of the obstacle is given by the distance ofullbb 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 anddheespondent
segmented images. As we can see, the objects are corretdbtatk(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 obtaintaiROBOTICA 2007
competition prove the effectiveness of our system reggrttie object detection and
robot self-localization.



Fig. 5.0n the left, examples of original images. On the right, threesponding processed images.
Marks in the blue and yellow goals mean the position of the (gEanter) and the possible points
to shoot. The mark over the ball points to the mass centers@&beral marks near the white lines
(magenta) are the position of the white lines. The cyan mar&she position of the obstacles.

The objects in RoboCup are color coded. Therefore, our sysiefines different
color classes corresponding to the objects. The 24 bit gialar is used as an index
to a 16 MBytes lookup table which contains the classificatibeach possible color in
a 8 hit entry. Each bit specifies whether that color lays withie corresponding color
class.



The processing system is divided in two phases: color eiraaising radial search
lines, and object detection, using specific algorithms. dbiects involved are: a ball,
two goals, obstacles and white lines. The processing tirddtemaccuracy obtained in
the object detection confirms the effectiveness of our syste

As future work, we are developing new algorithms for cameih@olor calibration,
in particular autonomous algorithms. Moreover, we are maprg 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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