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Figure 1: An early robot dog ..1

Figure 2: .. and the technology behind it.

1 The picture shows Mu±t, a character from the Battlestar Galactica TV series.NBC, 1978-80.
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Chapter 1

In tro duction

This ¯nal report describesthe work and the resultsof oneyear'swork of the project group
442. The main topic and focus areaof research was the further development of arti¯cial
intelligenceconcepts,cooperativedecisionmaking and collaborativesolution development
by autonomousrobots. The virtual robot metaphorservesasa meansof realization for all
thesetasks. Additional supportive ¯elds of development wereenhancedimageprocessing
to allocate additional computing time for decisionmaking processesand the introduction
of an overhead ceiling camera, which will be used for automated debug purposesand
serves as an additional external control instance to enhancethe visualization of robot
internal data matched with real on-pitch situations.

1.1 Overview of the Rob oCup

RoboCup is an international initiativ e which promotesthe research and development of
Arti¯cial Intelligenceand Robotics. The main focusof this project is in playing competi-
tiv esoccerwith robots, which meansto examineand integrate technologiesof autonomous
agents, multi agent collaboration, real time planning and control and sensordata analysis
and fusion. For this purposethe ¯rst o±cial international conferenceand soccer games
wereheld in Nagoya, Japan, in 1997. Followed by Paris, Stockholm, Melbourne, Seattle,
Fukuoka and Padova, this year the 8th edition of the Robot World Cup Soccer Games
and Conferencestook placein Lisbon, Portugal.

Currently the RoboCup is alsoexpandingin two other domains: the RoboCup Rescueand
the RoboCup Junior League. Like the original RoboCup soccer, theseare also divided
into several leagues.

The gamesare important opportunities for researchersand developers to exchangetech-
nical information for advancing their own software and hardware solutions. So there is a
largedevelopment from yearto year. To keepthis development interesting,a speci¯c long-
term objective was set. The RoboCup Federationset the ultimate goal for the challenge
as follows:

\By mid-21st century, a team of fully autonomoushumanoid robot soccer
playersshall win a soccergame,observingthe o±cial rulesof the FIFA, against
the winner of the most recent World Cup."

4



CHAPTER 1. INTR ODUCTION 5

For more information we referenceto the o±cial site from the RoboCup federation.1

1.2 Overview of the pro ject group

The project group 442 (in the following just called \pro ject group") was basedon the
development and improvement of soccer playing robots. The robots that were usedare
of the type \Aib o" of the japanesemanufacturer Sony.

To enablea reasonablekind of soccer game,it is necessarythat several ¯elds of robotic
sciencelike arti¯cial intelligence, running movements, image processingand communi-
cation are combined and integrated cleverly. Therefore the soccer playing robots are of
generalinterest for science.

This project group is part of the GermanTeam,which is composedof undergraduatestu-
dents, PhD students and professorsof the HU Berlin, the TU Bremen,the TU Darmstadt
and the University of Dortmund.

The commonlydeveloped code \GT2003" of the GermanTeamwassupposedto be taken
as a basefor \GT2004" and further improved.

Becauseof a modular software-concept,it is possibleto develop parts of a program to-
gether or in competition with other universities.

1RoboCup o±cial Site: http://www.rob ocup.org/



Chapter 2

Basics

2.1 Rules of the games

The match is placedon a 4,60mx 3,10mlarge¯eld and it is playedwith an orangecolored
ball (seepicture 2.1). The goalsare 60 cm wide and colored(yellow and sky-blue).

Figure 2.1: The Playing Field

Four robots form a team which can be identi¯ed by either the red or the blue colored
tricots. At the cornersof the ¯eld there are landmarks that help the robots to localize.
The robots determine their position on the ¯eld looking at the goals and the colored
landmarks. Every landmark has a unique color-code which is composedof the colors
white, pink and either yellow or sky-blue,dependingon the whether they are on the blue
or yellow goal¶sside. A match consistsof two halves,each lasting 10 minutes. During the
half-time interval the tricots and the sideswill be switched. Further detail can be found
in the o±cial rules of the technical committee of the RoboCup.

2.2 API and operating system

In order to program the Aibo, Sony o®ersa development environment. This consistsof
the operating systemAperiosand on top of it a MiddlewareAPI-library called\Op en-R".

6



CHAPTER 2. BASICS 7

2.2.1 Ap erios

Aperios is an operating system that was developed from the operating system Apertos
and is applied in many consumerdevicesof Sony. The main characteristicsare real-time
capabilities and its object-oriented structure.

In Aperios each processis an object. Aperios enablesthe communication between two
processesby messagepassing.This is information that is sent from a transmitting object
to a receiving object. Messages consist of a Messageinf o-structure that contains
information about type and size of the Message and the adequatedata (i.e. camera-
data).

Essential is the division of the objects into Sender and Obser ver . Each object must
have the following functions (also called \En try-Points" in the following):

² construction:

{ DoInit () : initialization of an object

{ DoStart () : start sending/ observingMessages

² destruction:

{ DoStop() : stop sending/ observingof Messages

{ DoDestroy () : removing the object

² subject-speci¯c (Sender):

{ ControlHandler () : establishinga connection

{ ReadyHandler () : observingof Messages

² observer-speci¯c (Observer):

{ ConnectHandler () : establishinga connection

{ NotifyHandler () : observingof Messages

2.2.2 Op en-R

Aperios is not an operating systemdedicatedjust to robots, on top of it there is another
interface that provides the functions of the common programming of robots. This so
calledOpen-R middleware API enablesthe accessfor all sensors(camera,sensingdevices
and so on) and actors (joints, LEDs, etc.) of a robot.

Open-R is an abstract API for all kinds of robots, i.e theoretically making possibleto let
the behavior of a four-leggedrobot run on a robot with wheels.

The fundamental components of the robot like joints, the camera,the LEDs and so on
are called Primitives .

To usea sensor,the corresponding Primitive must be opened. During the initializing
of a processthe accessis activated on a sensorby Openprimitive . After that there is
the possibility by Contr olprimitive to changethe settings (i.e. camerawhite balance
adjustment). Then the data will be sent by Message and can be received by Getinf o
and Getd at a and be analysed.
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Another important feature is that the Open-R environment can also run on a personal
computer which is very comfortable for testing a robot-simulation.

2.2.3 GT2004

GT2004 is the name of the complete project on which the project group has worked
on. Since there are four universities taking part in it, there is a central CVS-Server
(Concurrent VersionsSystem,a ¯le versioncontrol systemwhich allows di®erent persons
to work on the samesourcecode ¯les) in Berlin, on which all source¯les are saved.

The structure of the complete project is laid out as follows. Each university has the
option to develop their own ideasfor sectionsof the project by themselves,to save these
seperately and becauseof the modular structure of GT2004 they can be tested against
each other.

A further aim of the modularization of GT2004 is to createan environment, where it is
possibileto test the code on a robot and alsoon a simulator running on a Windows pc.

2.3 GermanT eam soft ware architecture

Since the GermanTeam consistsof several teams on di®erent geographicallocations, a
software architecture which supports a cooperative, concurrent and parallel development
is needed.To accomplishthis goal the sourcecode to control the entire robot is divided
into encapsulatedmodules with well-de¯ned tasks and interfacesand a process-layout
whereevery processrunning on the robot is responsiblefor executinga set of modules.

2.3.1 Pro cess framew ork

Processesin GT2004are represented by classeswhich implement the system-independent
interfacePr ocess givenby the Open-Rframework. For Microsoft Windowsthe instances
are realizedas threads inside RobotControl(see 2.2.3), on the robot asAperiosprocesses.
The main routine of this classis main() and hasas return value the time in milliseconds
until the routine starts again after ¯nishing (if the value is positive) or parallel to the
running routine (if the value is negative). Processescan communicate amongeach other
through Message-Objects(see2.2.1 on the previous page) The set of processesrunning
concurrently on a systemis summarizedin a so called \Pro cess-Layout". In the current
GT2004 Process-Layout three processesare running parallelly:

1. The Cognition Pr ocess is responsible for the Image Processing(representated
by the ImagePr ocess module [2.3.2]), the Behavior Control( BehaviorContr ol
module [2.3.2]), and the Worldmodel Generation(Loca tor modules in Figure 2.2
on the following page).

2. The Motion Pr ocess task is the controlsystem instance of the robots physical
movement (MotionContr ol module [2.3.2]).

3. The Debug Pr ocess is responsiblefor the communication betweenthe robot and
RobotContr ol ( 2.4 on page10) and handlesdebugmessages.
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2.3.2 Mo dule concept

In GT2004di®erent problemsare separatedinto modules. Each module describesa set of
tasks, for examplethere is a module for processingimageinformation and onefor control-
ling the behavior. Becauseevery module has a well-de¯ned interface, di®erent solutions
can be implemented for each module and thesesolutions are switchable at runtime [5].
Figure 2.2 gives an overview over most of GT2004 modules represented by rectangles.
Betweenmodules data dependenciesare indicated by arrows. Thesedependenciesmean
that one module processesthe output data from a previous module. Data objects are
shown as ellipses.

Image

ImageProcessor

SensorDataBuffer

SensorDataProcessorCollisionDetector CameraMatrix

BodyPercept PSDPerceptCollisionPercept LandmarksPercept BallPerceptLinesPercept PlayersPerceptObstaclesPercept

RobotStateDetector ObstaclesLocator SelfLocator BallLocator PlayersLocator

BehaviorControl

RobotPoseRobotState ObstaclesModel BallPosition

TeamBallLocator

PlayerPoseCollectionTeamMessageCollection

SoundRequest LEDRequest MotionRequestHeadControlMode TeamMessageCollection

SoundControl LEDControl MotionControlHeadControl HeadMotionRequest

SoundData LEDValue JointDataBuffer

Figure 2.2: Overview of GT2004 modulesand data dependenciesbetweenthem

For examplethe BallLoca tor needsdata to calculate the ball position. The needed
data is combined in a so called BallPer cept . This percept is generatedand allocated
by the ImagePr ocessor .

Mo dule overview

The GT2004 module concept (seechapter 2.3.2)is su±cient for solving the entire task:
playing soccer. A generaloverviewof modulesand their task follows. [compareFigure 2.2]

² ImagePro cessor: recognizeobjects in cameraimagesand calculate their position
in a robot-cetric referencesystem.

² SensorDataPro cessor: collectssensor(other than camera)information, combine
and pre-calculatethem into datapackages,called\p ercepts". (e.g the CameraMa-
trix is calculated from several joint-angles and describes the relative position of
the camerato the body)



CHAPTER 2. BASICS 10

² Rob otStatePro cessor: generatesthe RobotSt ate which represents the current
state the Robot is in. The Data includes for examplewhich button is pressedor
what the position of the leg joints is.

² SpecialVision: this module performs similar tasks as the imageProcessor,but
normally is not in use. Its for special tasks like processingpicture information
which is not directly linked to playing soccer, like reading a barcode.

² CollisionDetector: tests if the robot hasa collision with an object or obstacle.

² BallLo cator: transformsdata from BallPer cepts to absolute¯eld coordinates,
taking sensornoiseinto account.

² TeamBallLo cator: Combine a set of perceptsreceived from all teammatesBal-
lLoca tors into a singleball hypothesis.

² Pla yersLo cator: calculatesthe ¯eld coordinatesof seenrobots from data provided
by the Pla yerPer cept

² SelfLo cator: calculatethe position the robot itself standson the ¯eld, in own ¯eld
coordinates.

² ObstaclesLo cator: locatesObstacleson the ¯eld and calculatestheir positionsfor
other modules.

² BehaviourCon trol: takesthe current available information about robots and en-
viroment to decideon how the robot has to act.

² HeadCon trol: controlling and timing of headmotions.

² LEDCon trol: turns LEDs (light emitting diodes)on and o®.

² MotionCon trol: controls all actors/servos of the robot.

² WalkingEngine: calculatessetsof joint anglesand motor drive speedsto createa
walking motion. This is a submodule of MotionContr ol .

² SpecialActions: calculatessets of joint anglesand motor drive speedsto create
special motion sequences(e.g.kicks, chapter 3.3.2on page18).

² SoundCon trol: processesand plays sounds.

2.4 Rob otCon trol

RobotControl is a tool, which is primarily used for the debug communication to the
robots. It is possibleto establisha connectionto one robot, or to all at the sametime,
with the goal to get the data, like camerapictures, joint anglesetc., from the robots.



CHAPTER 2. BASICS 11

Figure 2.3: Screenshotof RobotControl, the application which is usedfor debugging

2.5 Main focus of the GermanT eam

The main focus of the GermanTeamis to improve the robots¶ abilit y to play soccer. To
do so, the four member universities (Bremen, Berlin, Darmstadt and Dortmund) of the
GermanTeam are working at one single project. Until the GermanOpen, which takes
placeat the beginningof the year, each team is working autonomously, trying to improve
their own gameplay and performanceon the baseof last year`sGermanTeamcode. After
the GermanOpen the newimprovements and developments of every team aremerged,the
best candidatefor every singlemodule is selected.After this consolidationthe four teams
are working on the new GermanTeam code with the goal to win the annual RoboCup
(world championship).



Chapter 3

Tuning for the ERS-7

In October 2003 Sony introduced a new model of Aibo robots, the ERS-7. It's the
successorof the ERS-210which was usedby our precedingproject group and also was
the model we started working on.

We received our ¯rst ERS-7 in January 2004. As we had decidedto participate in the
GermanOpen 2004(the GermanOpen competition is annually taking placein Paderborn)
with the new robots we had to port the existing software to this new model. The di®er-
encesbetweenthe ERS-210and ERS-7 can be divided into two major sections: the new
hardware of the robot and the new SDK (Software Development Kit) provided by Sony
for the new robots.

Figure 3.1: Technical drawing of the front and side of the ERS-210robot. All measure-
ments are given in mm.

The new hardware and software forced us to develop a new walking gait and new kicks
which will be described later in this chapter.

12



CHAPTER 3. TUNING FOR THE ERS-7 13

3.1 New hardw are

The hardware changesSony madefor the ERS-7consistof two major categories.

1. Physical appearance

2. Internals

As for the physical appearancethe main di®erenceof the ERS-7 comparedto the older
robot is its bigger and heavier body. For examplethe extremities are about 1 cm longer
(as can be seenon ¯g. 3.1 and ¯g. 3.2) than thoseof the old robot.

Figure 3.2: Technical drawing of the front and sideof the ERS-7robot. All measurements
given in mm.

Also the head is a lot bigger and heavier than in the ERS-210robot which givesthe ro-
bot a completely di®erent barycenter. SinceSony gave the ERS-7a completely di®erent
shape, everything concerningthe robot interacting with its environment (e.g. walking,
handling the ball etc.) had to be redesigned.

Although the number of joints stayed the same,someof them changed in function or
position. Not all of the robots joints are relevant for robot soccer. (e.g. the newly de-
signedtail joints are not usedfor gameplay in RoboCup) but somechangeswere more
important. The biggestchangesthat have an impact on RoboCup concernsare the head
joints. Like in the ERS-210,there are three joints for the headmotion. On the ERS-210
thesewere: onepan joint (located inside the head), oneroll joint (also located inside the
head) and one tilt joint (located inside the robot¶s body core). On the ERS-7 the roll
joint was replacedby a secondtilt joint (located inside the head). Also the position of
the pan joint waschanged(from inside the head(ERS-210)to inside the robot body core
(ERS-7)).
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Also the motors moving all the joints of the ERS-7 have signi¯cantly more power then
their equivalent in the ERS-210. Sony did not provide any speci¯cation sheetsfor that
but our tests have shown it.

Apart from the joints the button interface was changed, too. The ERS-210had two
buttons on the head and one button on the back. All of them were physical buttons
which meansthat they had to be pressed.

The ERS-7 has four buttons: one on the head and three on the back; all of them are
electro-staticalbuttons which meansthey only have to be touched.

Sony also did somework on the robot's computer core. The ERS-7 has 64 megabyte of
physical memory which is twice the amount of RAM comparedto the ERS-210A.The
processingpower wasalsoimproved for the ERS-7,it now hasa 576MHz CPU compared
to the 384MHz CPU of the ERS-210A.The W-LAN(802.11b) which wasoptional on the
ERS-210is now built-in.

According to the technical speci¯cations the camerawas improved on the ERS-7. The
resolution of the old camerawas176x 144pixels on the UV channels(color information)
and 352 x 288 on the Y channel (brightness information). The resolution of the new
camerais 208x 160on the UV channelsand 416x 320on the Y channel. Unfortunately,
this improvement is only of limited advantage, as the cameraalso introducedpreviously
unheard of problems like lens distortion and insu±cient color correctness,which in the
end rendersthe new camera'simagesworsethan thoseof the old camera.

3.2 New SDK

Sincethe introduction of the ERS-7 into the team it showed problemsin frequent shut-
downs. One of the main causeswas "jamming" which meansa malfunction in the joints
of the robot. This occurs when the robot tries to addressa joint anglewhich cannot be
obtained physically. The ERS-7has a built-in protection to prevent the robot damaging
itself. This protection is called JamDetection. The new SDK o®erstwo new methods to
control the JamDetection. The ¯rst method is the noti¯cation of a JamDetectionThresh-
old. When the default JamDetectionThresholdvalue is too strict, the programmer can
add the following line to the ¯le VRCOMM.CFGin the folder /OPEN-R/SYSTEM/CONF/:

JamDetectionHighThreshold

But this did not solve the shutdown problems. Another method which unfortunately
includes the risk of damaging the robot is to delete the EmergencyMonitor from the
code for the robot. The EmergencyMonitor controls all processesof the robot and is
the protection against the robot damaging itself. It is responsible for any emergency
shutdown. Deleting this monitor solvesthe problemof the shutdownsof jamming, but any
other protection against problems like battery overcurrent is also deleted. This method
requirescareful controlling of the robot by its userto prevent the robot from any damage.

3.3 Soft ware changes

The new hardware forcedus to changethe software in all moduleswheremodi¯ed hard-
ware like joints or sensorsis used. On some solutions this is re°ected only in some
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parameter tuning or changes,but on others there was more work to do.

3.3.1 Dev elopmen t of a new walking gait

As far as new hardware was concerned,a new walking gait was required. The InvKin-
WalkingEngine was usedto develop such a gait (seechapter 3.9.1 in the GT2003 Team-
report [5]).
Basically a walk consistsof several foot positions resulting from a given parameterset of
joint anglesfor each leg. The actual walk is basedon a rectangularshape which seperated
a movement cycle into 4 phases(see¯g. 3.3):

1. ground phase

2. lifting phase

3. air phase

4. lowering phase

Figure 3.3: Step cycle: on the left sideonecan seehow the di®erent phasesbelongto the
step cycle of the robot. On the right sideonecan seethe timing of the cycle.

The aim is to ¯nd a parameter set which allows a robot to move fast from one point to
another. For the ERS-210useful parametershave already been found, but used on an
ERS-7 they werecompletely useless.

In order to ¯nd appropriate parametersquickly, the (1 + 1) evolution strategy wasused.
It belongsto the family of the (¹ + ¸ ) evolution strategies. ¹ is the number of parents
from which ¸ o®springsare generated. So in our casewe started with 1 parent, created
1 o®springand then we compared them with a ¯tness function F. A ¯tness function
is a function which is used to select individuals for mutation and crossover in the next
generation.
The evolution strategy we usedwasalsoequipped with a selfadapting mutation strength,
the so called 1/5th-rule, which meansthat on average1 of 5 o®springsshould be better
than its parent. If moreo®springsarebetter, the mutation strength will be risen. Instead
if the amount of weaker o®springsincreasestoo much, the mutation strength will be
lowered. For further information see[13].
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A movement is basically controlled by the 4-Tuple [dx; dy; dµ; dt]. dx describesthe move-
ment progressto the front or to the back, dy the progresssidewards, dµ indicates the
degreeof movement around the vertical axis of a robot, and dt speci¯es the time in which
each of the three movements should have beendone(see¯g. 3.4).

Figure 3.4: Generalmovement of a robot

There have beentwo approachesto develop a new walking gait. In both the robot starts
from one goal point and tries to reach the opposite goal point in a speci¯ed amount of
time. A goal point is de¯ned as the center point of the goal line.

First Approac h

In the ¯rst approach, the robot corrects his walk direction using its self locator, so the
movement was described as [dx; dy; dµ; dt], while dy and dµ depend on the directional
correction of the robot (see¯g. 3.5(a) on page18). Due to the fact that the hardware of
a robot is not placed absolutely symmetric, the center of gravit y is not perfectly in the
center of a robot. For this reasona robot will always have to correct its direction during
a walk.
In this approach the ¯tness of a parameter set is mesuredby the distanceg reached at
the end of a walk. So the ¯tness function of the ¯rst approach is:

F = g (3.1)

The prede¯ned time in both approaches is chosenin a way that the robot reaches the
opposite penalty areadue to the fact that the self locator has an accuracyof about § 10
cm and the friction of the ground might not be constantly the sameon the whole ¯eld.
Soa longer distanceleadsto minor errors in the measurement.

procedure of the first approach:

The robot:
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1. aligns at a goal point looking straight aheadto the opposite goal,

2. walks aheadwhile localizing and correcting its direction,

3. stopsafter a prede¯ned amount of time and localizes,

4. measuresthe reached distance and comparesit with the distance reached by the
parameterset of the parent generation,

5. movesto the nearestgoal point and restarts.

Second approac h:

The main idea of the secondapproach is to achieve a fast walk without any correction
of the direction, so the movement is given as [dx; 0; 0; dt] (see¯g. 3.5(b) on the following
page). The ¯tness function F consideresthe distance g and, in di®erenceto the ¯rst
approach, the deviation h to the real straight walk too. So the ¯tness function of the
secondapproach is

F = g ¡ ¯ ¤ h (3.2)

where ¯ weights the straightnesswhen calculating the ¯tness of a parameter set, which
allows to de¯ne the importance of the deviation during the evolution.

procedure of the second approach:

The robot:

1. aligns at a goal point looking straight aheadto the opposite goal,

2. walks aheadwithout any correction of the walk direction,

3. stopsafter a prede¯ned amount of time and localizes,

4. measuresthe reached distanceand comparesit with the result of the parent,

5. movesto the nearestgoal point and restarts.

In both approaches a parameter set of an o®spring,which is better than its parent, is
evaluated 2 - 3 times to ensurethat it is worthwhile to proceedthe evolution with that
new parameter. If this is really the case,a new generationstarts and the last o®spring
becomesa parent.

Due to the fact that the ¯rst approach allows more than only one robot to walk on the
sameplaying ¯eld at the sametime, which is not the casein the secondapproach, where
a collision cannot always be prevented without intervention by external control instances
like for examplea human, the Microsoft Hellhounds mainly focusedtheir evolution on
the ¯rst approach and achieved a 34 § 1 cm/s walk.
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(a) First approach (b) Secondapproach

Figure 3.5: Di®erent evolution approaches

3.3.2 New kic ks and MOFs

Becauseof the changesto the ERS-7,i.e. its modi¯ed physicaldimensions(seechapter 3.1
on page13), the 2003versionsof all movements were renderedine®ective: the kicks and
catcheswhich require the ball to be in front of the Aibo failed, while the kicks which need
the ball to the sideof the Aibo worked, but only barely. Thesehad to be tuned and new
movesfor the kicks with the ball in front of the Aibo had to be designed.

That is why we creatednew kicks. Normal kicks are motion ¯les from now on referredto
as \MOF" ¯les, due to their .mof ¯le extension. There are other possibilities to kick the
ball. For examplea head control (seechapter 2 on page6) mode can be created,which
lifts the head up, turns it to a side, then takes the head down and turns it to the other
side. If a ball lies in front of the Aibo, it can kick the ball with such a headcontrol mode.
Or the Aibo can simply run against the ball, inducing its momentum onto the ball.

For the GermanOpen 2004(seechapter 7.1 on page77), only MOF kicks wereused,but
motion ¯les can be used in other situations as well. For instance, while we created a
number of new kicks, we couldn't ¯nd suitable movements to be able to kick the ball
into every direction desired. So, we decidedto let the robot approach the ball, then let
them turn until they reached an angle to the ball which would allow one of our kicks
to move the ball into the desireddirection. Initially , we tried to do the turning via our
motion engine.Unfortunately though, we quickly realizedthat this enginewasnot precise
enoughwithout visual input, which could not be provided, sincethe Aibo¶sheadin these
circumstanceswasalreadyover the ball and could not seeit (see¯g. 3.3.2on the following
page). Additionally , this approach would causeseriousmaintenancework every time we
incorporated a newset of walking parameters.So,we approached this problem with mofs
aswell. We designedmof parameterswhich would turn the robot around a ¯xed point by
30, 60, 90, 120and 180degrees,respectively. This seemedto work well in our test games
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Figure 3.6: An Aibo which turns around a ball and cannot seeit. To illustrate this the
opening angleof the camerais lit.

against the ERS-210robots. Either, the new robots were fast enoughto have the turn
completed,beforeany interfering ERS-210would arrive and even if the ERS-7didn't have
the time, it would have enoughpower to push the smaller ERS-210out of the way and
complete its turn. However, in the ¯rst gamesagainst other ERS-7 robots, this didn't
work as the ERS-7swouldn't be pushed away and the kick failed. So, we eventually
decidedagainst the strategy of turning around the ball via mof special actions.

We alsousedmotion ¯les for cheering(seechapter 8 on page85).

MOF ¯le description

Short patterns of motion are written in ¯les. Such ¯les are called mof (motion ¯le) and
have the extension\ .mof". One such examplecan be seenin ¯gure 3.3.2on the following
page. In the ¯rst line of the ¯le, a name must be speci¯ed via the motion id keyword.
Every normal kick hasone label called start, theselabels are usedas entry points. More
than one label can be de¯ned to createseveral entry points. The default entry point of
a mof is speci¯ed in the ¯le \extern.mof ". The last line of a mof contains the return
instruction: \tr ansition allMotions extern start" . Betweenthe entry point and the return
instruction there are so-called\motion vectors". There are two kinds of vectors, joint
and pid vectors. Via the pid vectors pid valuesof a servo gain are set (seecapter 2 on
page6 or ¯g. 3.8 on the following page). The line starts with \pid", to mark the line as
a pid vector. Then the p, i and d valuesneedto be set. This kind of vector is only used
in wakeup motions, to switch o®and reset the joints (see¯g. 3.3.2on the next page). If
a value is irrelevant, it is marked as \don't care" with \~". More important is the joint
vector (see¯g. 3.9(a) on page21), which is usedin nearly every kick. It is a sequenceof
20 values,18 joint, 1 status, 1 time (for don't carethe \~" is used,too). Time meansthe
delay time until the next vector can start. The status value determineswhether the joint
movement is interpolated over the time value (value = 1) or as fast as the joint servos
allow (value = 0). The ¯rst three values of the joints represent the head joint values,
the ¯rst is the headTilt1, the secondthe headPan and the third the headTilt2. The next
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Label Return instraction

Joint vectorPID vector

comment

Don`t care

Kick ID (Name of the Kick)

Head value

Mouth and Tail value

Fore right leg Status (interpolate)

Time to execute

Figure 3.7: \w akeUp" mof as examplefor a motion ¯le

Pan

Tilt1

LegFR1

LegFR2

LegFR3

Roll

(a) Overview of the joints of a ERS-210

Pan

Tilt1
Tilt2

LegFR1

LegFR2

LegFR3

(b) Overview of the joints of a ERS-7

Figure 3.8: overview of the joints of ERS-210and ERS-7. The roll joint of the ERS-210
haschangedto a tilt2 joint of the ERS-7
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headTilt
headPan
neckTilt
mouth
tailPan
tailTilt
legFR1
legFR2
legFR3
legFL1
legFL2
legFL3
legHR1
legHR2
legHR3
legHL1
legHL2
legHL3
status
time

}

}
}
}
}

Haed

Left

Right

Left

Right

Fore

Hind

}
}

(a) the format of the joint data vector

"pid"
name
p value
i value
d value

Mark

Joint name (headPan, legFR1)

} PID value
(b) the format of the pid data vector

Figure 3.9: overview of the type of data vectorsof a mof ¯le.

(a) Overview of Mof Tester Dialog with
BashPrecizeas example for a motion

Motin Selector

Special Action Selector

(b) Overview of the MotionT ester dialog

Figure 3.10: mof and motion tester dialog

value is for the mouth and the next two are for the tail. Then four triplets follow, one
triplet for each leg, the ¯rst leg is the front left one, the next is front right, then behind
left and behind right. The valuesof the triplets are for the joints from core to paw (see
¯g. 3.3.2on the previouspage). To make a motion ¯le more readable,comments may be
inserted,which will start with two \ n".

Tools

RoboControl has two dialogs,usedto createnew motion ¯les, called \MOF tester" and
\Motion tester" [5]. The \MOF tester" dialog (see¯g. 3.10(a)) has an edit box and 6
buttons:

² Read

² Execute
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Pan

Roll

Pan

Tilt1
Tilt2

Tilt1

Figure 3.11: 3 headjoint values pan tilt and roll. The roll joint of the ERS-210had
changedto tilt2 in the ERS-7

² Execute in SlowMotion

² Stop

² Convert

² Mirror

The \Read" button readsthe current joint valuesof the connectedand inserts the joint
vector into the edit box, the \Execute" button sendsa motion requestwith the selected
joint vectors from the edit box to the robot, and the button called \Execute in SlowMo-
tion" multiplies a delay value from the editbox right next to the button to the motion
requestbefore it send it. The \stop" button immediately stops the Aibo's motion, the
\convert" button converts the motion into raw data which is a format that can be placed
in the sourcecode and the \mirror" button switchesthe right side joint valuesto the left
and vice versa,this can be usedto mirror a kick to the left easily to get a exactly same
kick to the right. At the beginning of the project group, there was a con°ict with the
headjoint values. Due to the ERS-7headonly having the pan joint moving sidewards (as
opposedto the ERS-210head having two, the pan and the roll) (see¯g. 3.3.2) updates
to the \MOF tester" had to be made,adapting to this new joint layout.

Usingthe \MOF tester" requiresthe useof a bug workaround. Sincein the Debugsolution
of the motion control module a bug occurs, that won't allow to reset the joint gains, the
Aibo needsto be booted with the Default solution and then switched to Debug. This
ensuresthe Aibo performsits \getup move", which automatically resetsthe gains,before
switching to debugmode.

This bug has not yet been ¯xed since it is deeply rooted in the framework. Since for
testing MOFs there needsto be a connectionestablishedwith robotcontrol anyway, this
doesnot causemuch overheadcomplications.

With the \Motion tester" dialog (See¯g. 3.10(b) on the precedingpage),motion ¯les can
be executed.Here they are called special actions. The "Motion tester" hasa combo box,
a send and a resetbutton. In the combobox, the motion type will be selectedfor special
actionssuch as specialAction and a new combobox will appear, with all available special
actions. The selectedspecialAction will be executedin a loop from a sendcommanduntil
the reset button is triggered.
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To execute a motion with the motion tester, it must be registered in the code as a
special acion, the default solution has to be selectedin the motion control module and
the behavior must be disabled (as it would overwrite any motion requestotherwise). To
register a motion, the joint vectors must be saved in a ¯le in the mof directory, the
MotionRequest.hand the extern.mof must be updated.

Tuning a mof

There are several ways to tune a movement, it can be made faster, stronger or more
precise.It is di±cult to tune a movement though, oneproblem is that often a faster kick
is softer or lessaccurate. On the other hand an opponent can disturb a slow shot more
easily. It might place itself in the shot path or push against the robot, thus interfering
with and possiblydestroying the entire motion sequence.

The \MOF tester" cannot be usedto tune a kick, becauseif the DebugMotion is running,
the enginesareweaker and slower, therefore,for each changeit is necesaryto compileand
createa new memory stick. This would take a lot of time, however, this can be improved
with a small trick: To test modi¯ed versionsof onemotion, ¯les from other motions can
be used. Somorethan onechangecanbe testedwith onecompilation. The \overwritten"
motions shouldbe carefully backed up though, sothey can be restored,oncethe modi¯ed
mof is ¯nished.

Beforemovement tuning canstart, the movement in questionmust bethoroughly analysed,
tested in several scenariosand setupsand all observations should be noted meticulously.
Often a changemakes the motions better at somescenariowhile it weakensthe motion
in another. We selectedscenarioswhich are important in gamesand de¯ned what makes
a result acceptable.Then we subsequently left out di®erent vector lines of the motion to
¯nd out which stepswere important for the result and which could be left out. Usually
we changedonly one joint vector at a time, becauseit is easierto ¯nd the right value
that way. Often when we tried to changeseveral joint values,we encountered problems
to identify the \correct wrong" value.

For examplewe have created a new backward kick called \ MSH7NewBicycle" which is
composedof three actions: 1) the catchesthe ball, 2) it lifts it up onto its neck, and 3)
it sits up and the ball rolls down the back. One problem was that the kick would take
more than 3 secondsto execute,which would break a rule called ball-holding (Rules see
sectionRules2.1 on page6). Sothe kick was in a ¯rst phasetuned that it took lessthan
3 seconds,but by doing soit becameinexact: the ball would roll backward but strew. We
consideredthis as acceptablethough, becausewe created the kick to get the ball away
from the border and the kick accomplishedthat. A secondproblem though wasthat if an
opponent knocked against our robot, it would losethe ball. This can becomea problem,
becauseif this happens near the own goal, the ball might incidentally roll into it; this
in fact occured during the AmericanOpen (see7.3.2 on page83). We have tried many
changesbut nonehassolved this problem. Eventually, we found out, that the Aibo only
lost the ball when the opponent knocked from the sidewherethe Aibo wanted to lift up
the ball from. That is why we decidedto createtwo kicks, onethat lifts the ball over the
left side and one over the right side. Despite all thesee®ortsthe kick didn't stand the
test of time as the decisionof which of the two versionsto chosedependedon a working
opponent robot detection. Unfortunately, this opponent detection could not be provided
to date, so we had to dismiss this kick as we did not want to risk scoring own goals.
(see4.3.8on page44)
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Our self-made MOFs

All the MOFs we createdfall into four categories:

1. Kicks that wereusedduring the games

2. Turn movements

3. Cheering/Audienceamusement

4. MOFs that werediscarded

The ¯rst categoryincludesall thoseMOFs that werein fact usedduring the gamesto kick
the ball in somedirection. The secondcategory includesall turning movesthat are used
to cover situations, wherethe robot is positionedinappropriately towards the ball for any
of our kicks. Thesemovements align the robot to enableit to useoneof the normal kicks.
The third categoryincludesall MOFs, that are not suited for ingameuse,but are in one
way or the other visually impressive, stunning or just too entertaining to be kept from
the public. The fourth categoryincludesall thoseMOFs that ultimately werenot usedat
all, becausethey didn't work at all, wereinferior to other movesof equalkind or rejected
becauseof no usefor the behavior becausethe situations the kick would be usefuldo not
occur frequently enoughor require a degreeof self-localization which simply cannot be
provided by current means.

MOFs we used in the games
The kicksMSH7NewBicycleFromLeft (¯g. 3.12), MSH7unswBash(¯g. 3.13), MSH7SlapLeft

(¯g. 3.14on the following page)and MSH7LeftHook (¯g. 3.15on the next page)actually
wereusedfor the games.

(a) catch ball (b) put ball to right (c) put ball in neck (d) sit and stay up

Figure 3.12: MSH7NewBicycleFromRight

(a) ready (b) catch ball (c) lift arms (d) hit ball

Figure 3.13: The MSH7unswBashwas taken from last year¶scode and adapted to the
new robot.
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(a) ready (b) lift arm (c) hit ball (d) ¯nished

Figure 3.14: The MSH7SlapLeft wascreatedto quickly move the ball from the border by
hitting it from above with the left arm.

(a) ready (b) get behind ball (side
view)

(c) get behind ball (front
view)

(d) hit ball

Figure 3.15: The MSH7LeftHook is a strong forward kick.

Turning MOFs
We created MOFs to turn around the ball for 30,60,90,120,180degreesto the left or

right and called them \MSH7Turn + direction + angle" (for instance MSH7Left90),
becausefor a few angles,especially for anglesover 90 degreeswe did not ¯nd any suitable
kicks. For the turning motions the ball must lie in front of the Aibo, then the Aibo
lifts up and holds it with its front legs, so that the opponent cannot reach the ball,
and then turns for the speci¯ed angle. We used this for testing only, due to reasons
speci¯ed above see3.3.2on page18, and replacedthem later by a special walking engine
InvKin:MSH2004TurnWithBal l (see3.3.1on page15).

MOFs for cheering/audience amusement
We createdsomekicks, which arenice to watch, but really aren't of any usefor a game,

becausethey are too slow or weak or do not even work the way we intended them to. So
we did not usethem except for cheering/show-o®reasons.Such kicks include the like of
MSH7FakeKickRight/L eft, MSH7ComplicatedKick and MSH7StrangeBackSlow. Except
for thesekicks, which weredowngraded,we alsocreatedmotion ¯les for cheering,e.g. for
the DemoStick, Chapter 8 on page85, that were never meant to be used in game,but
explicitly createdfor audiencedisplay.

² MSH7FakeKickRight
The MSH7FakeKickRight catchesthe ball, then hits it with the left paw to roll it to
the right paw. Then the right paw hits the ball and only then the ball rolls forward.
Slow and unusablefor a game,but visually impressive.

² MSH7ComplicatedKick
If the Aibo executesthe MSH7ComplicatedKick it will only move one single joint
each motion step. This takes a lot of time, but it is nice to watch, becausethe
motion looks like\robot stop motion", again this wasusedfor audienceamusement
only sinceit was no good for a game.

² MSH7VanGogh
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Wealsocreateda motion, which tearsthe robot's earso®andcalledit MSH7VanGogh.
This motion was initially not meant for cheering. As the ears seriously hindered
someof our kicks (especially the MSH7NewBicyclekicks), we wanted to get rid of
the ears. Unfortunately, at gamestart the robots neededtheir earsput in placeby
o±cial ruling (see2.1 on page6). So, our only chanceof using those kicks was to
let the robot remove their earsthemselves. Sincethis action took quite sometime
(even though it wasperfectly legal), o±cials later allowed all teamsto start a game
with their earso®,soour vanGoghmove later wasdegradedto cheering/amusement
status.

Rejected MOFs
We rejectedsomeof our MOFs for di®erent reasonslike the kick not seemingdesirable

in any scenario.Such a kick is the MSH710cm, which reliably movesthe ball forward for
10 centimeters, which is of no usesincein that caseit should rather be dribbled forward.
In other casesthe kick did not work at all like the MSH7ABombBehind(the Aibo often
moved the ball in many di®erent unpredictable directions). Somekicks were superceded
by other, more e±cient MOFs like the MSH7ForwardLeft for example.



Chapter 4

Image Pro cessing

The ImageProcessormodule is analyzing the image sensordata of the robot. Mainly
objects allowed on the playing ¯eld are recognizedby the imageprocessor[seeRulebook].
So the image processoris the only module that provides input data about the vision of
a robot while playing soccer. The legacyimageprocessorfrom the GermanTeam-Release
2003is the GT2003ImageProcessor[5].

4.1 Motiv ation

One of the ¯rst tasks of the projectgroup to acquaint itself with the GT-Code was to
make several specialists of the GT2003ImageProcessormore scalable. For example the
Ball Specialist of the GT2003ImageProcessoruseda ¯xed number of points at the edge
of a given orangeball in a frame, which were taken into account to calculate the circle
which ¯ts best the seenball. It was regardedas a good enhancement to dynamically
set this value higher or lower depending on free processingtime. Neverthelessit was
just a hack to enhancethe scalability of an existing solution. In order to that it was no
surprise that soon the idea was born to implement a new, clean Image Processorfrom
scratch, which would overcomethe limitations of the existing ones. A modular concept
wasdemanded,which divided the tasksof the ImageProcessorin Ball, Goal, Landmark,
Field and Opponent detection. In this context the main idea was to give dynamically
priorit y to those tasks, which are most important in a given situation. In order to make
this possiblethe Image Processorwould have to have control over each specialist. To
guarantee even more scalability the rastersize(i. e. the amount of lines/ rows considered
in calculations) and therefore processingtime should be adjustable too, not only global
for all specialistsbut individually changeablefor each of them. All in all the new Image
Processorshould be able to dynamically switch betweenoptimal results in a reasonable
processingtime at the oneend, and fast approximative solutions at the cost of accuracy
of the detectedobjects at the other end. With this concept in mind work on the Raster
ImageProcessor(RIP) started.

At the beginningof the project we analyzedthe preconditionsof our plans to implement
a virtual robot playing soccer. We weredissapointed about the self-, ball- and opponent
localization. We found out that the most of the accuracy isn't lost in the locator so-
lutions of the German Team Release,but in the image processingsolution. Therefor it
was our aim to increasethe accuracyof the detection algorithms while decreasingtheir
misconceiving. Sinceone of our main intentions was to implement resourcesharing for

27
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the robots, we wanted to have the abilit y to schedule the work of the image processor.
The GT2003ImageProcessordid not support this feature and the most of its detection
algorithms weren't scalable.

4.1.1 Color Correction

The image provided by the ERS-7 robot isn't provided equally over all the area of the
image. Especially in the cornersof the image it is too blue and a little bit dark. So we
neededa pixel basedcolor correction. This wasn't doneby the PG, but by a faculty sta®
member. He implemented a look up table with correction values for each pixel of the
image. With this table every pixel on the imagecan be corrected. The correction can be
individually adaptedto every singleERS-7robot. This is doneby somecolorcoe±cients as
input data for the look up table creation,which arecalculatedfrom sometest imagestaken
out of several robots. Our intention was to usethis color correction directly in the scan
process,without correcting the whole image. Sincewe wanted to usethe ColorTableTSL,
we had to integrate the color correction in ColorTableTSL-Calibration-Tool. Otherwise
the color classi¯cation is defective if the robot usesthe color correction.

(a) Original image (b) Corrected image

Figure 4.1: Imageas seenby an ERS-7on the playing ¯eld

4.1.2 Supp orting Color Tables

The ColorTable module represents the classi¯cation of several color classesof interest.
That means a disjoint de¯nition of semantic colors like black, orange or pink in the
colorspace.An examplefor such a classi¯cation is shown in 4.2(b) on the following page.

The GT2003ImageProcessor was implemented for use with ColorTable64 and doesn't
support any other ColorTable-module. Sincethe GermanTeamhasmore than oneimple-
mentation of the ColorTable module, we wanted to have a imageprocessorthat supports
the ColorTablemodule in general.The two additional solutionsfor the ColorTablemodule
we wanted to useare the ColorTableTSL[8] and ColorTable32K.

4.2 EdgeDetection

To e±ciently detect the shapeof objects in an image,we¯rstly needsomefeaturepoints of
theseshapes. We call them edgepoints. Almost every detection algorithm ,we considered



CHAPTER 4. IMA GE PROCESSING 29

(a) Original image (b) Image classi¯ed by ColorTable32K

Figure 4.2: Imageas seenby an ERS-7robot on the playing ¯eld.

to implement, needssomepixelsof the object's outline. Sowe wanted to be able to detect
thesefeature points.

We de¯ne edgepoints as pixels that have a large di®erenceof brightnessand color com-
paredto their neighbours. To detect such points we wanted to usea simplekind of spatial
¯lter, that generatesan amount of edginessfor a pixel. After a few tests with di®erent
¯lters we decidedto usesomesimple¯rst derivative gradient ¯lters [9] shown in ¯gure 4.2.
The image is provided in the YUV colorspace.We useall 3 dimensionsto calculate the
edginessof one pixel. Let's seehow the horizontal edginesseh, vertical edginessev and
the crossedginessec are calculated:

eh = jh1y ¡ h2y j + jh1u ¡ h2u j + jh1v ¡ h2v j (4.1)

ev = jv1y ¡ v2y j + jv1u ¡ v2u j + jv1v ¡ v2v j (4.2)

ec =
n

eh ; if eh >e v
ev ; other wise (4.3)

Note, that ec is usually calculatedwith e2
c = horizontalgradient2 + vertical gradient2 and

the direction of the edgecanbecalculatedwith arctan(vertical gradient=horizontal gradient).
With arctan(eh=ev) we can only di®erbetweenhorizontal, vertical and squarelines.

(a) horizontal gradient ¯lter (b) vertical gradient ¯lter (c) crossgradient ¯lter

Figure 4.3: Basic gradient ¯lters - Note, that p is the consideredpixel. The greenpixels
represent the neighbourhood usedto calculate the edginess.

We combined these ¯lters with a Bresenhamline scan [2], the idea of non-maxima-
suppressionand threshold hysteresisas usedin Canny Edge Detectors [6]. This led to a
kind of edgescannerthat iterates from pixel to pixel in a given direction, while searching
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for local maxima of their edgevotes, if a edgevote is greater than the threshold et . This
edgescannercan improve the accuracyof detection algorithms and is reusablefor every
ImageProcessorsolution of the GermanTeam. We usedthe Cohen-Sutherlandalgorithm
for line clipping to be able to determine a starting point of a scan, if a scan line starts
beyond the imageborders. What would be useful, but is not implemented yet, is to use
line clipping for searching the end point of a scanline.

In order to havea ¯lter that detectsedgesthat arealignedto the scanline, weimplemented
one more ¯lter for the scans,which is shown in ¯gure 4.4. The vote of this ¯lter el is
calculatedanalogouslyto the horizontal and vertical gradient ¯lter.

Figure 4.4: Scanline ¯lter - Note, that p is the consideredpixel. The greenpixelsrepresent
the neighbourhood usedto calculate the edginess. The other highlighted pixels belongto
the scanline.

el = js1y ¡ s2y j + js1u ¡ s2u j + js1v ¡ s2v j (4.4)

Someresults of a global edgeanalysis with the GT2004EdgeDetection, that is the im-
plemetation of the ideasdescribed above, you can ¯nd in ¯gure 4.2 on the next page.

The advantagesof this edgedetection solution are:

² The performanceon blurred images.Only a large amount of blur impacts the edge
detection.

² The running time to detect edgesis low against global edgeanalysis.

² Reusablefor every solution of the ImageProcessormodule.

² Good quality/run time ratio.

The disadvantagesare:

² The threshold et must be adjusted to the amount of contrast in the image.

² Responsesa bit on noise,if the imagesare too dark.

² Di±cult to use on small objects, that are not °at, like far away balls or corner
beacons.

Somemore examplesfor the useof this edgedetection implementation can be found in
section4.3 on the following page.
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(a) original image (b) ¯ltered image without threshold hysteresis

(c) ¯ltered image with threshold hysteresis -
Note, that the detected edge points hold some
directional information about the edgethey be-
long to.

(d) ¯ltered image with threshold hysteresis -
Note, that the detected edge points hold some
color information from the original image.

Figure 4.5: Someexamplesof global edgeanalysiswith the GT2004EdgeDetection. The
wholeanalysisruns with 80Hzon an 1.5GHzcentrino laptop, without any optimizations.

4.3 Raster Image Pro cessor

In considerationof our de¯ned intentions we decided to implement a new solution for
the module ImageProcessor. It's named RasterImageProcessor,from now on, referred
to as RIP. In the following subsectionswe will give an overview how we planned and
implemented the RIP.

4.3.1 Arc hitecture

The most important intentions for the architecture were compatibilit y to the German
Team code and the reusability of the new implementation. Sinceimage processingis a
di±cult task, we thought about a redundant and modular classconcept. For example
it should be possibleto have di®erent detection algorithms for the samekind of objects
without rewriting the whole imageprocessorsolution.

Now we give a brief description of the classesthe RIP actually consistsof:

² The classRasterImageProcessor is an extensionof classImageProcessorand a con-
text for the specialistsand the strategy. It provides the imageprocessorinterfaces
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and extensionsto them like color correction or the calculated horizon line. It also
holds a collection of specialists and one strategy. The strategy is executedevery
frame.

² The classRasterStrategy is an abstract baseclassfor all strategiesof the RIP. An
implementation of this classdecideswhat pixels are scannedand delegatesa collec-
tion of specialists. It also has to provide the input data for the several specialists
(e.g. runs, feature points or even clustersof pixels or runs) it delegates.

² The classRasterSpecialist is an abstract baseclassfor all specialists of the RIP.
An implementation of this classshould provide a detection algorithm (e.g. player
detection, beacondetection).

Figure 4.6: Collaboration diagramm for classRasterImageProcessor.

² The classRDefaultStrategy is the default implementation of a RasterStrategy. It
implements two global scans. One is a simple horizontal scan, that has an higher
resolutionnearthe horizon. The other scansperpendicular to the horizon line, while
starting on the horizon line and scanningaway to the bottom.

Figure 4.7: Inheritance diagramm for classRasterSpecialist.

² The classBoxSpecialist implements a beaconand goal detection algorithm.

² The classRBallSpecialist2 implements the ball detection algorithm.

² The classRBridgeSpecialist. This specialist was written for the Open Challenge
2004and detectsthe beaconsof the platform.
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² The classREnemySpecialist is an implementation of the opponent detection algo-
rithm.

² The classRFieldSpecialist is an implementation of the line detection algorithm.

We have also written someutilit y classesand libraries that are usedby the classesde-
scribed above, all of them are reusable:

² The classGT2004EdgeDetectionimplements the algorithms for the edgedetection.

² The classRFieldStateMachine imlements a deterministic state machine that classi-
¯es edgepoints on a scanline.

² The ¯le SegmentationTools.h is a library with somecollectionslike lists.

4.3.2 Clustering

Clustering is very important for object recognitionpurposes,becauseit is easierto detect
an object from a region of pixels rather than from singlepixels. We decidedto calculate
regionswith pixels of oneor more color classes,dependendon their useagein the various
specialists of the RIP. This can be done with the image segmentation algorithm which
has beenintroducedby JamesBruce [4]. The algorithm will shortly be described in the
following:
Firstly an imageis scanedin a grid with parallel scanlines, and store the classi¯cation of
the several pixels as a subsampledimage via Run Length Encoding along the scanlines.
The scansmust be orderedto have the capability to usethe secondstep of this clustering
algorithm. If the runs, which are computedfrom the RLE, are sorted in the sameway as
they had beenencoded, we can look on two neighboured scanlinesand connectthe runs
that overlap as shown in 4.8 . To build the regions,we usea union ¯nd algorithm with
path compression[16].

(a) step 1 (b) step 2 (c) step 3

(d) step 4 (e) step 5 (f ) step6

Figure 4.8: Illustration of the region merging algorithm.
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The RLE can be calculated in linear time. The merging of the runs to regionscan also
be done in almost linear time. A disadvantage of this algorithm is, that it dependson
the color classi¯cation. If the color classi¯cation is bad the clustering of the pixels can
be defective. This is a very big problem for clustersof pixels with di®erent color classes,
becausethe color classi¯cation of blurred edgesis very di±cult. For example an edge
betweenpink and yellow can lead to an orangearea that splits an object with this two
colorsin three regions,a pink, orangeand yellow one. The pink and yellow regionscould
not be connectedbecausethe orangeregionthat represents the blurred edge,lies between
the two other regions.

We tried to handle this problem with a modi¯cation of the clustering algoritm described
above. The idea was to comparealso on further lines than the neighboured ones. The
advantage of this approach is that even clustersof pixels with di®erent color classescan
be connectedquite well. The main disadvantage is that the running time is a®ectedby
the number of neighbours we want to comparewith every line.

Instead of the RLE we used a data structure which we call a Line Pair. A Line Pair
consistsof two connectedpoints on a scanline covering pixels of oneor more colors. On
which color they start and on which they end is de¯ned in the scanstrategy of the RIP.
Basically a Line Pair extendsa run of a RLE by the additional feature of covering pixels
of morethan only onecolor class.Neverthelessit is obvious that the algorithm mentioned
above can alsobe usedto cluster Line Pairs as well.

After the union ¯nd algorithm is done, we usually provide the regionsas lists. What
could be done in the future is to integrate someadditional calculations directly in the
clustering routine (e.g. bounding box, color variance,averagecolor, mediancolor, convex
hull or centroid).

4.3.3 Ball Detection

The problem of detecting a ball in the image can be reducedto detect orangecircles in
the image. This is the main ideaof the newball detection implementation. Oneprobleme
is that the ball can be partially concealedby other objects. Another di±cult y is that a
part of a ball could lie beyond the image. Sothe algorithm for ¯nding circlesin the image
should be able to completesuch circlesand interpret them well.

To ¯lter someareasof interest we use all orangeclusters found in the area under the
horizon line as input data for the detection algorithm. Sinceonly balls are orangeon a
RoboCup playing ¯eld this is a useful and cheap ¯lter for balls. A crucial capability is
now to be able to approximate a circle for oneof thoseclustersand generatinga validit y
for the roundnessof this cluster. This can be doneby a randomizedalgorithm that needs
a collection of edgepoints ~e 2 E := f ~e0; ~e1; : : : ; ~ekg as input data to approximate the
circle and giving a validit y value for it. The authors of GT2003 already implemented a
function that calculatesa circle from 3 points [5], so obviously we have the capability to
calculatea circle from 3 points in constant time. Let ± be the arithmetic averagedistance
of all edgepoints to the circle. ~m := m(x; y) is the center of the circle and r is its radius.
We can calculate± with:

± =
P jE ¡ 1j

k=0 j j ~ek ¡ ~mj ¡ r j
jE j

(4.5)

Now we can formulate the algorithm:
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Randomized Circle Fitting Algorithm (R CFA)

input: edgePoints[],m
output: selectedCircle = null;
variables: bestDist = 10000; dist = 0; circle = null;

repeat m times:

1. Selectrandomized3 of the edgepoints and calculate the circle that lies on that 3
points.

2. Calculate the arithmetic averagedistanceof the edgepoints to the circle and store
it in dist .

3. if (dist<bestDist)
selectedCircle = circle;
bestDist = dist;

With the Randomized Circle Fitting Algorithm we are able to approximate a circle that
has the smallest±. To detect the needededgepoints E for the RCFA we implemented a
heuristic that usesthe edgescanner.

First we calculatethe bounding box b of a given cluster C. The center of b is our starting
point for the edgescans. We have a selectablenumber n of scansthat go in di®erent
directions ~dk := dk(cos2¼k

n ; sin2¼k
n ). Now we take the ¯rst detectededgepoint ~e of every

scan and put it in E. If a scan reaches the image border we'll continue with the next
scan like we ¯nd an edgepoint. By default we make 30 scansfor a cluster. After we
approximated a circle we calculate its validit y. We found two qualities of the circle:

² The roundness ®c 2 [0:::1].

² The color-pattern-consistency ¯ c 2 [0:::1].

®c can be calculated with a modi¯cated equation out of 4.5 on the precedingpage. Let
dk be the distanceof a pixel ek to the circle. We substitute the distanceof a edgepoint
to the circle with a new value wk :=

n
1; if dk < =2
0; other wise . And we cometo:

®c =
P jE ¡ 1j

k=0 wk

jE j
(4.6)

For the color consistency, we de¯ned a pattern P that says that inside the circle is orange
and outside is green white, yellow, red, gray or blue allowed. Now we test a grid G
of 10 x 10 pixels ~pk in the area of the circle, if they meet the conditions of P. Let
ck :=

n
1; if ~pk meets the conditions in P
0; other wise be the descisionvalue for every pixel pi .

¯ c =
P jG¡ 1j

k=0 ck

jGj
(4.7)

Now we have a aproximation for a circle that can be calculated from a given cluster on
a frame and we are able to provide two validit y valuesfor the roundnessand the color-
consistency. We decidedto ¯lter balls with the help of the two validit y valuesdirectly
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in the image processor. If ®c is lessthan 0.6 or ¯ c is lessthan 0.3, we won't create a
BallPercept [5] from the detected circle. A secondtest is that (®c + ¯ c) =2 is greater
than 0.5. These threshold parameterswere tuned by hand. This is useful if the color
classi¯cation is defective and classi¯essomepixels on other objects as orange. Such a
misinterpreted cluster can than be sorted out with the validation tests. Even orange
objects that di®eronly in their shape can be sorted out quite well.

The ball detection algorithm usedin the RIP can be described as follows:

Ball Detection Algorithm

1. Sort all clustersby their size.

2. Selectthe greatestcluster Cm that hasnot beenanalyzed. If there is none,STOP.

3. Create someedgepoints with the scanheuristic described above.

4. Calculate a circle for Cm with a RCFA that has a scalablenumber of iterations to
approximate the circle.

5. Validate the circle. If the validit y valuesare high enoughfollow with step 6, other-
wise follow with step 2.

6. Create a BallPercept. STOP.

4.3.4 Beacon Detection

The main di®erencebetweenthe RIP and the GT2003/04 imageprocessoris that the im-
agesaremainly horizontally scanned.This choiceleadsto a completelydi®erent approach
for the detectionof objects, especially for beacons.The beacondetection is e®ectuatedby
a specialist called 'BoxSpecialist', whosemain characteristic is to createbounding boxes
on objects of a given color. Note that this specialist analysesthe goals too, sinceboth
have a rectangular shape and commoncolors.

The Beacon detection algorithm as used in the RIP can also be described as in the
following:

Beacon detection Algorithm:

1. Find yellow, skyblue and pink Line Pairs in the imagein the region of the horizon.

2. Cluster the collectedLine Pairs, without consideringthe colors(see4.3.2onpage33).

3. Sort the clustersin decreasingnumber of Line Pairs.

4. Sum up the length of the Line Pairs of the biggest segments, grouping them by
color. The validit y test is basedon thesevalues.

5. If the proportion of a color is too small compared to the other ones, delete the
corresponding Line Pairs.

6. Selectthe clusters containing two colors, and check if the proportions are similar.
The segments that ¯ll all the validit y criteria is then consideredas a landmark.
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As the shape of the obtained cluster is not always rectangular, we need to create a
bounding box of it. The horizon has beentaken as referencefor calculating its corners.
This approach has naturally its own limits, since the coordinates of the horizon vector
are sometimesinaccurate.
Next, the edgedetector (see4.2 on page28) is used in order to enlargethe borders of
the bounding box, and to ¯t the real landmark exactly (see4.3.4). Eventually, a beacon

Figure 4.9: A beacondetectedby the Box specialist. The points representes edges

percept is generatedusing the four cornersof the resulting bounding box, depending of
the color disposition.

4.3.5 Goal Detection

As weexplainedin the Beacondetectionsection,the RIP processesboth goalsandbeacons
together in a specialist called 'BoxSpecialist', for reasonsof e±ciency.

The only di®erencesbetweenthem are the number of colorsand the size. The following
goal detection algorithm hasalsoa commonpart with the beacondetection algorithm:

Goal detection Algorithm:

1. Find all the skyblue and the yellow Line Pairs in the imageunder the horizon.

2. Cluster them without consideringthe colors(see4.3.2on page33).

3. Sort the clustersin decreasingnumber of linepairs

4. Sum the length of the Line Pairs of the biggestclusters,grouping them by color.

5. Remove Line Pairs whosecolor is negligiblecomparedto the other color.

6. Selectthe biggestsclustershaving only onecolor, and group them by color

7. For both groups: ¯nd adjacent clustersif any, and mergethem

8. Output the biggestcluster
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Note: Step 7 of the algorithm is usefulwhenonerobot (usually the goalie) is positionned
in the middle of the goal, separatingit in two parts or more.

For the samereasonsas the beacondetector, the edgescannerenlargesthe resulting
cluster for a better result (seethe red and blue points in 4.10).

Figure 4.10: A goal detectedby the goal specialist. The red and blue points are detected
by the edgedetector.

4.3.6 Line detection

The lines situated on the ¯eld provide preciousinformation for the robot's localization.
In somecases,its position could even be determined instantly, without consideringthe
landmarks. A module able to recognizethe overall con¯guration of the ¯eld would also
be helpful for an e±cient localization. The Raster Image Processorcontains a specialist
called \RFieldSpecialist", who has beendesignedfor the tasks de¯ned above. The idea
is to represent the ¯eld geometricallyusing di®erent points:

² The four edgesof the areassurrounding the goals

² The intersectionof the middle line and the borders

² The kicko®circle (not implemented yet, due to the complexity of the task)

² The corners

Thesepoints are estimatedby intersecting the lines we ¯nd on the ¯eld.

We can seea goal corner in the previouspicture. A self-locator taking into account this
point could be very useful, especially for the goalie,becausethe localization information
is situated much closerthan the referencelandmarks, giving more preciseinformation.

But the Field Specialist has found another application in the Open Challengein Lisbon.
More exactly, it was used to help the robot to climb the ramp by recognizingthe red
line situated on it. As the ramp contains only one line, the Field Specialist has been
simpli¯ed in order to consideronly the biggestline it ¯nds. The angular value compared
to the horizontal is an indicator for the relative position of the robot (see4.4 on page53
for more details).
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Figure 4.11: The goal areacorner hasbeendetected

We will now describe the principles of the Field Specialist.

The scanning metho d
Basically, the Raster ImageProcessorusestwo scanningalgorithms:

² An horizontal one, providing the main information (goals, ball, landmarks, etc)
during the prescanphase.

² A scanningmethod perpendicular to the horizon, providing someimportant infor-
mation about the con¯guration of the ¯eld.

The reasonswhy to choosetwo scanningmethods asopposedto one,like the other image
processordoes,are the following:

² Scanningan image horizontally can be done very e±ciently, as the image points
are stored horizontally. A strategy of the RIP, called 'RDefaultStrategy2' includes
several optimizations for this task.

² A scanningmethod is appropriatewhena lot of its scanlinescanintersectthe objects
we want to recognize. For this reason,the scan lines have to be perpendicular to
the objects. Objects like the ball, the enemies,the goalsand the beaconsare not
strongly oriented, this is the reasonwhy the ¯rst scanningmethod is su±cient to
detect them well.
The red line in the open challengeis vertical most of the time, and detecting its
orientation is crucial for climbing the ramp. The horizontal scan is also the only
solution. Finally, the lines and the borders of the ¯eld are mainly horizontal, this
is the reasonthe secondscanningmethod is used.

The Field Specialist also combines the two scan methods in order to obtain the best
results in every situation.
Moreover, the secondscan method, e®ectedby a classcalled 'RFieldStateMachine', is
able to di®erentiate the linesby giving an Id to them (yellow goal, skyBlue goal, ¯eld and
border).
This information makesthe recognition of the intersectionof the center line and borders
possible.

We will now describe the line recognition algorithm.
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Figure 4.12: Di®erent intersectionpoints on the ¯eld

The Line-¯tting algorithm
The lines are repesented geometrically (with a starting and an ending point).

Input: point[];
Output: line[];

(a) the incoming list of points (b) the output lines, not necessarylinked

Figure 4.13: The input and output data of the Line-¯tting algorithm

1. First, the points needto be sorted.

Figure 4.14: the nearestpoints are linked together

For this task, a speci¯c sorting algorithm has been designed. Before explaining
it in detail, we needto de¯ne the edgesand Line Pair structures usedin the Field
Specialist. Both derive from a structure called'Figure', which contains the following
attributes:

struct Figure {
virtual int id();
virtual Vector2<int> ToConsider();
Figure* next;

}
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The ¯rst attribute is an id: it de¯nes the scanline that wasusedto ¯nd the ¯gure.
The secondone is the point to be usedin order to calculate the distancebetween
two ¯gures.
The third one is a pointer to the next ¯gure.

Now, we can de¯ne the methods formally, and the algorithm itself:

E := f f 1; f 2; : : : ; f ng : the set of ¯gures
C(f ) : the center of a ¯gure.
I (f ) : the id of a ¯gure.
s(f ) : the successorof f
S(f ) : the set of successorsstarting from f
G(f ) := f e 2 S(f ) j I (e) = I (s(f ))g
H (f ) := G(f ) [ f s(last(G(f ))g

The sorting algorithm:

Iterate the list: let e be the current element.

(a) ¯nd m := mini 2 H (e) dist(C(i ); C(e))

(b) swap s(e) and m

Complexit y of the algorithm:
In the practice, the algorithm is quasi linear, asthe number of consecutive ¯gures

having the sameid is very small (maximum 4 or 5 elements)

Here is an illustration of the algorithm:

² Red : The ¯gures (in this case,Line Pairs)

² Black : The pointers of the list

² Numbers: The id of the lines

(a) The input lines (unsorted) (b) The output lines

Figure 4.15: An illustration of the sorting algortithm using Line Pairs

2. For the secondpart of the Line-¯tting algorithm, wechoosepoints su±ciently spaced
to form a sub line. If a sequenceof sub lines de¯nes equivalent angles, they are
merged. If this sequenceis big enough,it will appear in the output.

Here are the most important parametersof the algorithm :
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Figure 4.16: A representation of the sub lines

² Step : number of points to jump in order to form a subline

² Alpha : angular tolerancerelated to the sub lines (in degrees)

² Min size: minimum number of sublinesrequired to form a line

Note that theseparametersneedto be ¯ne tuned in order to obtain a good approxi-
mation, this is the reasonwhy speci¯c parametersetshave to be de¯ned for speci¯c
applications. Here are the default parameterset values:

size:6, step :5, alpha :20

The results on the ¯eld:

² The pertinenceof the result is strongly determinedby the quality of the incoming
points. As most of them comesfrom the post scanmethod of the RIP, a good color
table is required to obtain accuratepoints in a su±cient number.

² The line recogniton is quite good as long as the parameterset is well de¯ned. Too
low value of the alpha parameter leadsto an exaggeratednumber of lines.

² As many other line detection algorithm, the cornersde¯ned by two adjacent lines
is not well recognized.This is the reasonwhy output lines are not adjacent. But
we can simply intersect them to obtain the desiredpoint.

² The anglevaluesof the sub lines (as de¯ned in 2) can sometimes°uctuate beyond
the threshold of the algorithm, although the points are more or lessplanar. In this
case,a ¯nal processingphaseis needed:distant lineshaving the sameangular value
have to be merged(a function hasbeendesignedfor this task).

² Lines situated beyond half of the ground are poorly detected, since they are too
thin to be recognizedby the color table (see4.3.6on page40).

We will now talk about the implementation of the line-¯tting algorithm. It is basedon a
library de¯ned in the ImageProcessorTools repository.
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The library "Segmen tationT ools.h"
Here is a description of the tools developed:

1. Slist : template classwho di®ersa bit from the standard implementation. It can
naturally be used in other domains than image processing. It was created since
the standard list doesn't allows to make special operations like swapping elements,
and wasn't very e±cient when a lot of elements are stored. The main di®erence
betweenit and the others lists is that the storedobjects contains the pointer to the
next element. The slist can also beenviewed as an interface that allows to do safe
operations on elements pointers.

2. Data structures representing edgesand Line Pairs. These structures derive from
a classcalled 'Figure'. The advantage is that edgesand Line Pairs can be stored
together, wich is very convenient when using several scanning methods, like the
raster image processordoes. (seethe explanation of the Line-¯tting algorithm for
more details).
The library contains several data structures for representing a Line Pair (LinePair2,
ExtLinePair, etc).

3. Geometrical functions : to compute anglevalues. The emphasishas beengiven to
calculation speed.Hereare the most important ones:

² AngleRelativeToHorizontal(point p1, point p2) : returns a number between0
and 360using trigonometric functions.

² theta2(point p1, point p2) : sameasthe precedent function, but approximated.
Note that only the ¯rst onehasbeenusedto computeanglevaluesin the Line-
¯tting algorithm.

4. Sorting functions: makes the interpretation of a seriesof ¯gures possible(corre-
sponds to the ¯rst phaseof the poly-line algorithm).

Note : The majorit y of the function de¯ned aboved have beendesignedto work with the
slist included in the library.
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4.3.7 Obstacle detection

The obstacle detection has to ¯nd somefree area between the robot and correspond-
ing obstacle points like de¯ned by the obstacle model of the GermanTeam code [5].
To provide data for this model we had to ¯ll the obstacle percept also used by the
GT2003ImageProcessor[5]. Obstaclepoints arede¯ned asbottom points of robots, goals,
bordersor unknown objects on the ¯eld.

Sincethe robots are playing on a greenplaying ¯eld the freeareais mostly green,except
there is a line betweenthe robot and a obstaclepoint on the ¯eld. Becausethe obstacle
detection of the GT2003ImageProcessor has a quite well performance, we decided to
implement the sameidea of detection algorithm like usedin the GT2003ImageProcessor.
The GT2003ImageProcessor scansperpendicular lines to the horizon and decideswith a
kind of state machine, mainly dependingon the color classesof the pixels of the scanline,
what kind of obstaclepoint has been found. The free area in front of the point is also
detected.

Wereimplemented this ideain the RasterImageProcessorby usingthe GT2004EdgeDection
to scana grid of n scanlines perpendicular to the horizon. The scanlines start on the
calculatedhorizon line, while the direction of the linespoints to the areaunder the horizon
line. To get information about the color classesof the pixels betweentwo edgepoints, we
run length encoded the color classesappearing on a scanline, while scanningfrom edge
to edge. A state machine called RFieldStateMachineis now determing the kind of edge
point found in the imagedue to reading from the color classbu®erof the edgedetection
after it found this edgepoint. After a scanline has been¯nished, all edgepoints found
on the scan line are classi¯ed and will be provided to the obstaclespercept, if they are
are classi¯edasobstaclepoints. Note, that a sidee®ectis the classi¯cation of ball points
that could be usedto detect balls in the image. Even edgepoints of lines are detected,
sincethe state machine has to seperate them from the border points. Sincewe classi¯ed
goal, border and line edgepoints with the help of the RFieldStateMachine, we are also
able to ¯ll the lines percept usedby the self locator.

Sincethe points in the lines and obstacleperceptsare represented in the ¯eld coordinate
system the image processormust perform this transformation. We mainly used a cal-
culation method that dependson the camera matrix [5] of the robot. This is not very
accurate,becausethe cameramatrix can not be approximated very accurateon a ERS-7
robot. What could be done is to optimize the approximation of the transformation from
the image coordinate system to the ¯eld coordinate system. This would improve the
accuracyof far edgepoints, that have to be provided to the lines and obstaclepercept.

4.3.8 Opp onent Detection

Opponent detection basedupon the Raster Image Processoris mainly designedfor de-
tecting Sony Aibosof type ERS-210.However it is possibleto detect Aibosof type ERS-7
with few modi¯cations to the color transitions.
Like in someother specialistsof the RIP every frame is scannedhorizontally (along the
raster) for Line Pairs. The ¯rst point indicates the transition from a non-opponent color
(green, white, orange, skyblue, yellow, nocolor) to an opponent color (red, blue, gray,
black) in the current scanline, while the secondpoint of each Line Pair indicates the
opposite transition. (In order to detect Aibos of type ERS-7 it is necessaryto consider
white as an opponent color.) After a completehorizontal scanof a given frame, all ob-
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jectsmainly consistingof opponent colorsaremaskedby Line Pairs. Note that only pixels
below the horizon are touched sinceall relevant parts of an Aibo, which are necessaryto
determine its position are located below the horizon.

Figure 4.17: On the left a masked Sony Aibo ERS-210is seen. The thick white line
illustrates the horizon, whereasthe thin white lines are the Line Pairs. A greenpoint
indicates the end of each Line Pair. A yellow point shows which point of the Line Pairs
of a given cluster is taken as footpoint. Note that the two Line Pairs near the red Aibo
(in its shadow and at the ¯eld line) do not belong to the cluster of the detected robot.
However they are not recognizedas own opponents due to their low validit y.

After this ¯rst horizontal scan,a postprocessingis neededto di®erentiate betweenLine
Pairs of di®erent opponents. This is done by a segmentation algorithm, which clusters
Line Pairs, that are closetogether.

At this time we would like to get relative positionsof the detectedopponents. Thereforea
¯xed number n of socalledfootpoints is calculated,which are the points usedfor mapping
to ¯eld coordinates. The easiestcaseis n = 1, wherefor each cluster, the point which is
furthest away from the horizon is taken as footpoint. The calculation is acceleratedby
comparingonly thosepoints, which are either on the right side (horizon rises) or on the
left side (horizon falls). This point is then mapped to ¯eld coordinates relative to the
robot, which recognizesthe opponent.

For n ¸ 2 the n farthest points from the horizon are calculated,which are then mapped
like in the casen = 1 to relative ¯eld coordinates. This leadsto the questionwhich point
to chooseas the position of the detectedopponent. In this context the Center of Gravit y
Method is used,which simply meansall coordinatesof the ¯eld points (which are nothing
elsethan 2-dimensionalvectors) are summedup and then divided by n. The resulting
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Figure 4.18: On the left again a picture of a masked Sony Aibo ERS-210, this time
using n=2 footpoints. On the right side the red squareon the playing ¯eld indicates
the approximated position of the detectedred opponent, which is calculatedaccordingto
Center of Gravit y Method.

vector is a good approximation for the real opponent position and tests have shown that
valuesbetween2 and 4 are optimal for n.

Here are the results of the two tests, which were conductedto measurethe accuracyof
the calculateddistance:

DistanceT est 1: The detecting robot has a ¯xed position in the yellow goal and looks
straight to the skyblue goal. The opponent is placedat the line betweenthe recognizing
robot and the skybluegoal in a measureddistanceof 50, 100,150,200and 250cm, which
meansthe opponent is always seenat an angleof 0±.

Table 4.1: DistanceTest 1 (all distancesin cm)

real distance COG n = 4 COG n = 2 COG n = 1 Frame
50 51,4 49,6 49,4 27
100 115,9 106,8 105,5 322
150 173,4 163,3 161,6 596
200 227,9 211,8 207,7 927
250 328,3 295,9 284,1 1109

DistanceT est 2: The detecting robot has a ¯xed position in the yellow goal and looks
straight to the skyblue goal. The opponent is placednear the left border of the playing
¯eld in a measureddistanceof 50, 100,150,200and 250cm.
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Figure 4.19: The table of DistanceTest1 asdiagram. The closerthe calculatedlinesareto
the blue line, which indicatesthe real, measureddistance,the better is the approximation.

Table 4.2: DistanceTest 2 (all distancesin cm)

real distance COG n = 4 COG n = 2 COG n = 1 Frame
50 54,6 53,3 51,4 2
100 107,1 101,7 97 715
150 159,7 150,7 147,1 1240
200 209,3 196,6 184,9 1874
250 N/A N/A N/A N/A

Figure 4.20: The table of DistanceTest2 asdiagram. The closerthe calculatedlinesareto
the blue line, which indicatesthe real, measureddistance,the better is the approximation.
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Additionally a validit y for the recognizedclusters is calculated in the post processing.
Basically the amount of red and blue pixels in the cluster masked by Line Pairs and the
calculateddistanceare taken into account for that. Each cluster is only recognizedasan
opponent if the calculatedvalidit y exceedsa certain threshold.

Problems in the performance

One problem detecting opponent robots mentioned in chapter 4.3.8 on page 44 is the
condition of the generatedplayer percepts(comparechapter 2.3.2on page9).

A singleplayer percept represents a position of a robot on the ¯eld. It is basedupon one
coordinate which is assumedto be in the middle of the robot. A rectanglesurroundsthis
position.
The problemis that thoseperceptsaregeneratedon n coordinatescalculatedin the image
processing,which are the n farthest points to the horizon of an opponent. In consequence
of this a percept doesnot represent a playersposition accurately.

Another handicap might be the condition of an above mentioned line pair. A Line Pair
starts on every color which apears in a robot, in the current solution red, blue, gray or
black. To invoke on gray or black color implicates that all dark areasget consideredin
the opponent detection, for exampleshadowsor background. Further, opponent segments
can get extendedby such darker scopes. Resulting disadvantagesare "ghost" opponents
(¯g. 4.3.8 on the next pageand ¯g. 4.3.8 on the following page), not detectedones(see
¯g. 4.3.8on page50) or considerationof imagespace,wherein no opponent color can be
found(see¯g. 4.17on page45).
Blue robots, especially of type ERS-210are harder to detect becauseof the closedistance
betweenblue and black color in the three-dimensionalYUV color space(¯g. 4.21on the
next page)and a not perfectly adjusted color segmentation as a result of it, which is not
unusual dependent on current lightning conditions.
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Figure 4.21: appearanceof blue and black color in the YUV color space

Summary of disadvantages:

1. Currently used percetpscalculated on farthest points to the horizon basically do
only approximate player positions

2. Closeopponents are not consideredyet

3. Line Pairs do sometimescover areason the image without opponent color in or
around them.

(a) Original image (b) Segmented image with
debug drawings

Figure 4.22: "Ghost" (marked by the black circle) opponents detectedin the background.

(a) Original image (b) Segmented image with
debug drawings

Figure 4.23: "Ghost" (marked by the black circle) opponents detecteddue to rough color
segmentation

4.3.9 Other Approac hes to Opp onent Detection

Unfortunately the ¯rst and the secondpoint mentioned above have not beenconsidered
in the following approach for the opponent detection yet. The main di®erencebetween
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(a) Original image (b) Segmented image with
debug drawings

Figure 4.24: Two opponents detectedas one. (marked by the black circle)

the ¯rst and the alternative solution is the way of collecting Line Pairs and the way to
cluster them.
Line Pairs usedin this approach represent a consecutive line of pixel and are de¯ned as
a 3-Tuple (x1; x2; y). The point (x1; y) marks the starting, the point (x2; y) the ending
point of the Line Pair. On which color they start and on which they end is de¯ned in the
strategy of the RIP.

The algorithm distinguishestwo kinds of Line Pairs:

² Line Pairs consistingof opponent color only

² Line Pairs consistingof gray color only

The collected Line Pairs have to be clustered to create player percepts. Therefore an
alternative cluster algorithm has beencreated. The basic idea of this algorithm relies in
reducingthe search spacefor coherent Line Pairs to their commonhorizontal position, so
the vertical position hasnot to be consideredin this clustering.
An opponent cluster is de¯ned as a 6-Tuple ((x1; x2; c;g; d; (x; y)):

² x1: Starting horizontal position

² x2: Ending horizontal position

² c: Amount of opponent coloredLine Pairs

² g: Amount of gray coloredLine Pairs

² d: Greatest distanceto the horizon

² (x; y): Coordinatesof the furthest point to the horizon

A 1-dimensionalarray A[ ] = f A[0]; : : : ; A[n ¡ 1]g, n = imagewidth, stores information
of horizontal starting and ending positions of all collected Line Pairs to support the
algorithm.
Starting positions increment, ending positions decrement the array by an equal value.
By this, the array A[ ] re°ects the appearanceof Line Pairs related to the horizontal x-axis
of an image. Fig. 4.25on the following pageshows a possiblesituation on the array after
a coherent group of Line Pairs would have beencollected.
When all Line Pairs are collected,the horizontal starting and ending of opponent cluster
have to be found on A[ ] as those interval pairs [i; j ], who meet the following equations:
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S =
jX

k= i

A[k] = 0 ^ A[i ]; A[j ] 6= 0 ^ 0 · i < j < n (4.8)

To proof the existenceof S in formular eqa:condition,we just needto know that if A[ ]
gets incremented on a position k1 by a value v, it will also be decremented by the same
value v on a later position k2 > k1.

To ¯nd all interval pairs, the valuesof A[ ] areaddedup beginningfrom 0 to n. As de¯ned
in formular 4.8 an interval starts if S 6= 0 and endsif S = 0 again. Coherent positions of
Line Pairs related to the x¡ axis can now be detectedby ¯nding the zeropoints of S.
In ¯g. 4.26 on the following page,S is displayed after calculation on A[ ] such as shown
in ¯g. 4.25.
By knowing all interval pairs, A[ ] can be transferred to a look up table providing the
relevant segment number for a horizontal value x1 or x2 (see¯g. 4.27 on the following
page). Now every Line Pair can be assignedto its cluster it belongsto by looking up the
relevant cluster number in A[ ] asA[x1] or A[x2]. Finally the farthest point to the horizon
of each cluster is calculated,which are usedto createplayer percepts.

Figure 4.25: Array A[ ] after Line Pairs werecollected. The x-axis displays the scanline,
the y-axis shows the amount of startings (positive) or endings(negative) of an amount
of Line Pairs in the image. Gray squaresstand for an increment/decrement, which has
taken place.
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Figure 4.26: the behavior of the sum-function applied on A[ ] beginningfrom A[i] to A[j].
For example: S(k) = 4.

Figure 4.27: Array A[ ] in its ¯nal state provides the segment number for each x-value.

In the following the algorithm is described as pseudocode:

Alternativ e Clustering of Line Pairs:

input: Line Pairs;
output: opponent segments;
variables: array A[ ] ;

during the scan:

1. Collect all Line Pairs (x1; x2; y) and increment/decrement A[ ] :

after the scan:

1. Find interval pairs [i,j] on A[ ] ;

2. Convert A[ ] to a look up table providing the relevant cluster number;

3. Create opponent cluster via A[ ] ;

4. Create player percetpsvia furthest point to horizon.
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Problems in the performance

Actually the cluster algorithm introducedin this chapter would work properly on a scan
parallel to the horizon,which hasnot beenimplemented yet. To realizesuch scanwouldn't
be a problem,but within the lack of time at the endof this project group the development
has beenstopped for now. The algorithm is though not incompatible to a scanparallel
to the image,but the bigger the angleis betweenthe horizon and the x-axis of the image,
the lesspreciseare the horizontal borders of a cluster. At least for the reasonsabove
mentioned this approach hasnever beentested on a robot yet.

4.4 Image Pro cessing for the Op en Challenge

In the following subsectionswewill givea brief descriptionfor the deployment of the image
processingfor the Open Challenge. A detailed description of the Open Chanllengeyou
can¯nd in subsection7.3.2on page83. Wehad to implement newdetectionalgorithms for
climbing the ramp of the platform and ¯nding the featurepoints of the platform, which the
robots had to bite with their mouths. As the imageprocessingsolution we usedthe RIP.
For the localization on the ¯eld we used a modi¯cation of the GT2003ImageProcessor
as the image processingsolution. We switched between the two solutions, becausewe
wanted to get the best performancethroughout the open challenge.

4.4.1 Clim bing the ramp

In this part of the challenge,we had to facethe following di±culties:

² Finding the position situated in front of the ramp

² Turning until the robot facesthe ramp

² Climbing the ramp while staying in its middle

The Field specialist of the RIP intervenesduring the two last phasesof the process,
guiding the robot by using the red line.
This problem consistsof searching a linear segment of red color, and to determine its
angle. The position of the lowest point of the line is a good indicator of the relative
position of the robot.

We alsoneedthe two following parameters:

® : the angleof the red line (in degrees)
¯ : the relativ position of the lowest point in the X axis (0.5 corresponds to the middle)

The robot must thus be permanently in such a position that (®; ¯ ) = (90; 0:5). If not,
the parameters(®0; ¯ 0) = (90 ¡ ®; 0:5 ¡ ¯ ) are usedto correct its tra jectory.

4.4.2 Platform Beacon Detection

The four robots, that should move a platform that remotely resembled a Middle Size
LeagueRobot, must ¯rstly detect somefeaturepoints of the platform, which they canbite
with their mouths. Two rails at the sideof the platform shouldbe the objects, wherethe
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(a) (®; ¯ ) = (38; 0:7) (b) (®; ¯ ) = (73; 0:55)

Figure 4.28: The output of the red line detector

robots had to bite in. Since the mouth of an ERS-7 robot is not very large, the pipes
must be comparatively thin. Another problem was, that the mouth of the robot only
will ¯t to a rail, if the robot standsalmost perpendicular to it. So we marked each bite
point for the robots with a coloredbeaconon the pipe and a vertical line centered to the
beaconbehind it. An illustration of a beaconis shown in 4.29 on the following page. A
picture of the original platform we usedat the Open Challengeyou can ¯nd in ¯gure 7.2
on page84. The idea was that the robot can localize itself relative to the platform, by
analyzing the colorsof the beacons,the sizeof the beacons,the direction to the center of
the beacon,and the distanceof the vertical line to the center of the beacon.So we have
to calculate the following variables,that are de¯ned in the ¯eld coordinate system:

² p - The position of a beacon,relative to the platform.

² d - The distanceof a beaconto the robot.

² ® - The angle included by the vector from the beaconcenter to the robot and the
perpendicular to the beacon.

² ° - The angle,wherethe robot detectedthe beaconcenter, relative to the angleof
his body.

Every beaconhas two colored regionsof the samesize. Sincewe gave every beaconan
unique color con¯guration, a robot has someinformation about the position p of this
beacon(see4.4.2).

left side right side position of the bite mark
orange skyblue front-left
skyblue orange rear-left
yellow skyblue front-right
skyblue yellow rear-right

Table 4.3: Color con¯gurations of the platform beacons

Since the color con¯guration of the platform beaconsis analogousto the color con¯g-
uration of the landmarks on the playing ¯eld, we used a modi¯cation of the detection
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Figure 4.29: Illustration of a platform beacon.

algorithm explained in 4.3.4 on page 36. The modi¯cation was that we searched with
the samealgorithm for landmarks,which are alignedwith the horizon and have the color
con¯guration of the platform beacons.After a beaconhas beendetected,a scanabove
the beaconis made,to detect the position of the vertical line behind the beacon.

Wecalculatedthe distanced of the beaconsby their height. The angle° canbecalculated
directly from the position of the beaconcenter in the imageand the camera matrix, which
represents the position and orientation of the camera. The angle® can be calculatedby
analyzing the width of the beaconand the distance between the vertical line and the
beaconcenter in the image. We took advantage of the fact, that a robot can know the
measurements of the beaconsin the real world.

After the variablesp ,d, ® and ° for a detectedbeaconhave beencalculated,the informa-
tion are provided in a model that considersthe odometry data of the robot. All resulting
variablesare provided to the XABSL-Engine as XABSL-Input-Symbols [12].



Chapter 5

Resource Scheduling

Creating a virtual robot which constitutesasa singleinterfaceto a team of soccerplaying
robots wasoneof the main aims of the project group. In our approach every singlerobot
of the team represents itself as a coequal actuator to the virtual robot. Thus resource
sharingis a substantial part of this approach. As the term resourcescoversa wide rangeof
di®erent meaningswe had to examineinitially which kind of resourceswere to be shared
and how they wereto be implemented into the GT-framework. We distinguishedbetween
three kinds or levels of resources:the robot as a whole, processedinformation and raw
hardware like actuators or sensors.
On the level of sharing robots asa whole we developed the dynamic team tactics (DTT) .
This concept allows to de¯ne high level team-tasks without the need for caring about
allocating jobs to singlerobots. DTT is described in the next section.
The level of sharingprocessedinformation wasalreadyexistent in the GT-framework when
we started with our project group. Sinceevery robot hasto processthe samekind of data
while playing soccer,e.g. detecting the ball, broadcastingthe resulting information to the
other teammatesproves to be the most feasibleway. The processedinformation of the
other robots helps to verify the information which was processedlocally and is therefore
valuable at any time. On this aspect we decidedto maintain the given solution of the
GT-framework.
To be able to shareraw hardware we introduceda new module to the GT-framework, the
resource scheduler module. It enablesa robot to sharehis own hardware resourcesand
to requestremote hardware resourcesfrom other robots, e.g. buttons, walking-requests,
sound-output,etc. Eventhough this modulewasnot usedin our e®ortto createthe virtual
robot we wanted to implement solutions for every level of resourcesharing postulated by
us.

5.1 Dynamic Team Tactics

As aforementioned we developed the dynamic team tactics to comply with the needsof
sharing robots as a whole. The virtual robot metaphor in mind, we wanted to create a
systemwhich enablesus to expressthe behavior of the robot soccer team without caring
about the distribution of the di®erent tasks to special robots. The virtual robot should
get its assignment and the distribution to his actuators schould be done automatically.
Furthermore we wanted the systemto be robust againsta broken or split network and to
be scaleableconcerningthe number of robots and the number of the available processed

56
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information. Our decisionfor theserequirements was basedmainly upon three reasons.
First, as we started with our project group fairly no one knew anything about robot
soccer and thus we had to rely on the information given to us by our supervisors and
predecessorsand the information gainedat the workshop in Velbert. Among this, oneof
the frequently recurring topics was network communication, its importance and its not
quite sempiternalstabilit y.
Second,we had a lot of ideas to improve the existing image processing,e.g. detecting
enemies(see4.3.8on page44), for which we preparedour resourcesharingsystem. As we
did not know if all of our ideaswould be accomplished,we designedthe systemto adapt
smoothly to new available information.
Third, the rules ( 2.1 on page 6) of a robot soccer game contain penalties where the
punishedrobot is taken o®the ¯eld for 30 seconds.As this can happen in pretty serious
situations, e.g. just before kicking a goal or while defendingthe own penalty area, we
wanted the systemto adapt instantly by reallocating the tasks to the remaining robots
automatically.
In addition to theserather technical requirements we wanted a systemwhich enablesus
to distribute its development among a variable number of personsas we had a lot of
man-power in our project group. Further we wanted to preserve the possibility to usethe
long lasting and ¯eld tested XABSL architecture as basisof our new behavior.

5.1.1 Overview on Dynamic Team Tactics

In our e®ort to ¯nd a viable behavior strategy that ¯ts the above-mentioned criteria, we
developed a dynamic systemthat delegatesits tasks,or aswe decidedto call it: options,
amongthe pool of available robots. The systemdelegatesevery option to the robot best
suited for it , it adapts to a varying number of robots and always selectsa set of options
that ¯ts the overall gamesituation best.
An option shouldbeviewedasan atomic action that a robot canperform, such aswalking
to a speci¯c position, kicking the ball, turning to search the ball and similar things.
Every singleoption is related to a XABSL ¯le which allows us to useexisting behaviour
features - which meansthe already existing abilities of the robots as well as the entire
XABSL architecture. This partitioning into singleoptions provides the abilit y to spread
the development and especially the testing of the behavior among separatedpersonsor
teams. As an example,one team can develop the kicking of the robot and another team
can develop pass-playing in parallel. Meanwhile a third team could work on the option
ratings (which are introducedbelow) for thoseoptions.
Additionally we created the possibility to group several options in an option class, a
container for similar options. Assumethere is a simplekick option class,then any number
of developerscancreatenewkicksandadd them independently to this option classwithout
the needof changingthe behavior de¯nition. This modularit y of our approach makesthe
development and testing of distributed behavior more fail-safeand suitable for big teams
like the GermanTeamor even our project group itself (see5.1.1on the following page).
During a game,all robots continuously evaluate how well they can perform every single

of thoseoptions and producea rating between0 (very hard to perform) to 100(very easy
to perform). So, for example,a robot that is far away from the ball will assigna very
low value for the kickBall option, while a robot that standsnext to the ball will assigna
high rating. An option rating can useany information it needswhich is calculatedby the
robot. If, for example,an opponent detection is developed, than it is easyto add this new
information to the option ratings and do somethingmore sensefullthan kicking (maybe
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Figure 5.1: Overview of the DTT- Structure

pushing) when you are in front of an opponent. Thus the integration of new processed
information is separatedof the singlebehavior options which continuesreducing sources
of error and givesmore°exibilit y whendevelopingmultiple behavior strategiesin parallel.
All theseratings will be broadcastedso that all robots have all other robot's information
aswell. This data isn't synchronizedbut will be ranked down via an agingalgorithm over
time, as it gets outdated. We decidedto usebroadcastingto comply with our aforesaid
requirements. If, for example,a network split occurs, the robots will build up separated
teams accordingto the network breakdown and theseseparatedteams will perform the
tasks which they can do best and which are most wanted by the behavior de¯nition.
As an additional layer of control, wehaveaddedglobal analysers, that provide the behavior
enginewith a more general level of information, including information about the game
score,o®ensive or defensive gamesituations and other global kinds of information. The
actual behavior of the robots will be determined in so-calledTactic Entries (see5.1 on
the next page). Each of theseentries consistsof up to n options or option classes,one
for every possiblerobot in the team. Imagine a single tactic entry as a representation
of a certain gamesituation. Each option in a tactic entry can be weighted. This weight
represents the importanceof this option in such a certain gamesituation. For examplethe
tactic entry could describe a gamesituation in front of the opponent goal. There would
be certainly an option for kicking the ball, maybe an option for walking to a supporting
position, an option for walking to a defendingposition and an option for staying inside
the own goal (goalie option). The kick-ball option in this situation should get a higher
weight than the go-to-supporting-position option which itself should get a higher weight
than the go-to-defend-position option. The weights provide an order amongthe options
of a tactic entry and de¯ne thereby how the options are distributed amongthe robots if
the number of robots is lessthan the number of options in a tactic entry, e.g. through a
penalizedrobot. Besidesthe weights for each option in a tactic entry, each of the options
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NR. DTT option weight allowed robots
0
1
2
...
n

tactic entry weight
global analyzer type

...

Table 5.1: Structure of a tactic entry

can be restricted for somerobots. This feature was introducedas the rules 2.1 on page6
demanda dedicatedrobot to be the goalie. Thus the other robots of the team should be
never advisedto executethe goalie option.
As the singleoptions in a tactic entry, the tactic entry itself hasa weight which represents
its importance among the set of tactic entries building the behavior de¯nition. Though
theseweights are actually ¯xed valuesduring a game,we envisioned theseweights to be
actively modi¯ed during a gamethrough a learning algorithm which rewards successful
tactic entries and punishesthe unsuccessfulones.
Additionally each tactic entry hasa property list. Thesepropertiescharacterizethe tactic
entry towardsthe globalanalyzersthrough a setof typesprovided by each globalanalyzer.
For examplethe O®ensive/DefensiveAnalyzer provides the typeso®ensive, neutral and
defensive. Each tactic entry is characterizedby oneof thesethree types. During runtime
each global analyzergeneratesa weight for each type which is applied to the tactic entries
accordingly. Thus the global analyzersprovide a convenient way to createcomplex and
fuzzy setsof tactic entries which are selected by global gamesituation.
To decidewhich option shouldbe executed,each robot calculatesall possiblerobot/tactic
entry combinations and determinesa scorefor each permutation by multiplying the option
ratings of the options in the tactic entry with their weights and sumtheseresults. The sum
is then multiplied subsequently with the tactic entry weight and the weights generated
by the global analyzers.For a team of four robots 24 scoresare generatedfor each tactic
entry. Up to 100 tactic entries are a reasonableamount for playing robot soccer so that
an overall amount of 2400scoresare calculated. As long as all robots have reasonably
synchronous ratings, all robots should calculate the sametactic entry with maximum
score,choosetheir assignedoption in this entry and perform it. The tactic entries span
a decisionspacewhich is very smooth and well formed. Even if the option ratings get
a little bit asynchronous, the selectedtactic entries resemble one another. Even with a
total network breakdown each robot will choosethe option which it can perform best.
This robustnessis oneof the outstanding qualities of DTT.
To give an idea of how this rating works, we will give a short (and simpli¯ed) example.
Table 5.2 on the next pageshows the option-rating of two robots for the three options
KickToGoal, GoToOwnGoal and GoToCenter.
Table 5.3 on the following pageshows two tactic entries for two robots including all the
weights neededto calculate the ¯nal scoring.
Table 5.4 on page 61 shows the calculation of the scoresfor all Tactic Entries and all
robot-permutations. The systemwill decideto let robot1 kick the ball to the goal and let
robot2 go to the own goal, asentry1 for the permutation [robot1, robot2] hasthe highest
score.
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KickToGoal GoToOwnGoal GoToCenter
robot1 60 0 75
robot2 0 100 20

Table 5.2: Example for an Ootion-rating of two robots for three options (robot2 is the
Goalie, thereforeit is only allowed to go into goalieposition)

entry1 KickToGoal[10] GoToOwnGoal[5] global weight: 2
entry2 GoToCenter[8] GoToOwnGoal[5] global weight: 1

Table5.3: Examplefor two tactic entries. The correspondingweights aregivenin brackets

5.1.2 Files, Folders and Implemen tation

In this part an overview of the used¯les will be provided aswell asa brief description of
their function.

Tools/DynamicT eamTactic

The folder Tools/DynamicTeamTactics includesall auxiliary and baseclasses.

² RateableOptions.h/.cpp
The header¯le de¯nes the auxiliary RateableOptionsclass. It includes numerous
enums and tool methods that provide information on Options, OptionClassesas
well as OptionRating-, TacticChoser-and GlobalAnalyser-Engines.

² CollectedBeliefs.h/.cpp
These¯les de¯ne the SingleBeliefsand CollectedBeliefsclasses.SingleBeliefsis a
container for a single robot¶s option ratings. CollectedBeliefsembracesall robots¶
ratings. Its update() method transfers theseratings from the TeamMessageCollec-
tion to the SingelBeliefarray. The broadcast() method transfers the own ratings
into the TeamMessageCollection.

² TacticEntry.h/.cpp
These ¯les de¯ne the TacticEntry and TacticEntryArra y classes.TacticEntry in-
cludesa singletactic entry, TacticEntryArra y contains a number of tactic entries.

² OptionRating.h
De¯nes the OptionRating class. Inheriting from BehaviorControlIn terfaces,it is the
baseclassfor all option rating engines.BehaviorControlIn terfacesallows accessto
all system data, the referenceto CollectedBeliefsprovides a way to store ratings
from the OptionRating-Engine. Also it has a virtual void rateOptions() method,
that all child classesmust implement.

² TacticChooser.h
De¯nesthe TacticChooserclass.Inheriting from BehaviorControlIn terfaces,it is the
baseclassfor all tactic choserengines.It includesa referenceto CollectedBeliefsas
well. It has a virtual RateableOptions::optionsIDchooseOption() method, that all
child classesmust implement.

² GlobalAnalyser.h
De¯nes the GlobalAnalyser class. Inheriting from BehaviorControlIn terfaces,it is
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permutations [robot1, robot2] [robot2, robot1]

entry1
60¤ 10+ 100¤ 5 = 1100

1100¤ 2 = 2200
0 ¤ 10+ 0 ¤ 5 = 0

0 ¤ 2 = 0

entry2
75¤ 8 + 100¤ 5 = 1100

1100¤ 1 = 1100
20¤ 8 + 0 ¤ 5 = 160

160¤ 1 = 160

Table 5.4: The calculation of the scorescorresponding to the data given in 5.2 on the
precedingpageand 5.3 on the previouspage

the baseclassfor all global analyserengines. Its virtual void update() and virtual
doublegetWeight(RateableOptions::TacticEntryTypeID tacticEntryType)methodsmust
be implemented by all child classes.

Mo dules/Beha viorCon trol/GT2004Beha viorCon trol/GT2004DTT

² DefaultOptionRating.h/.cpp
DefaultOptionRating implements our current versionof the option ratings.

² DefaultTacticChooser.h/.cpp
In this ¯le we implemented a tactic chooserfor the DTT system.

² O®DefAnalyser.h/.cpp
This ¯le provides the o®ensive/defensive global analyzercurrently used.

² GoalieCoach.h/.cpp
This ¯le provides the goaliecoach global analyzercurrently used.

5.1.3 Working with DTT

After we developed this basic behavior-engine, we started to implement it within the
GermanTeamframework. Sincethere are only 4 robots in oneteam, we decidedto brute-
force all 24 possiblerobot-option combinations instead of developing more sophisticated
algorithms that might have polynomial calculation time in the number of teammembers.
Thereforethe enginewas quite easyto implement.
As above-mentioned, DTT allowed us to spread the behavior work over di®erent sub-
groupsof our project group wherethesesubgroupswereable to develop their tasksquite
independently from each other.

Figure 5.2 on the following page shows the GT2004 RobotControl dialog called tactic
designer that is provided by the DTT-engine to edit and add new tactic-entries. This
tactic entries are saved into a ¯le nameddefault.dtt and copiedto the stick1. The tactic
designerdisplays the set of tactic entries in a tree structure which can be edited directly
with a click-wait-click schemeor by selectingan appropriate value in a list box placed
above the tree view. The list box changesits content interactively dependingon the type
of the selecteditem in the tree view.
Since it's quite hard to directly observe the reasonfor a misbehavior during a running
gameon the playing ¯eld, we implemented a real-time option-rating viewer (see¯gure 5.3
on page 63) in the framework. It displays the current ratings for all options and the
tactic-entry every robot haschosen.By using thesetools, we wereable to start the work

1stick: short for Sony Memory Stick - a removable memory storagechip usedby the Aib o robots
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Figure 5.2: A screenshot of the tactic-entry editing window. The entries currently loaded
de¯ne the behavior for the open challenge(see7.3.2on page83).
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Figure 5.3: This window shows all the current option-ratings of the four robots in real-
time. The visible options are thoseneededfor the open challenge(see7.3.2on page83).
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on the tactical behavior of our robot soccer team. After a few attempts, we found out
that the global analyzersare a very useful and strong tool to organizesubsetsof tactic
entries. The ¯rst global analyzerwe implemented wasthe o®ense/defenseanalyzer,which
made it a lot easierto createan o®ensive and a defensive focus in the strategy. In fact,
it's quite simple to decide if the team is in the o®enseor the defensejust by having a
look at the ball-position. If the ball is in the own half, the team has to play defensively,
o®ensively otherwise.

Basedon this engine,we set up a gameagainst the GermanTeamcode from Padova. In
that gameDTT was resonablefor the positioning of the robots and the old behavior for
the other actions. Both teams were ERS-210and had the samecolor table, so the only
di®erencewas the behavior. We had several testing gameswith this setup and the DTT
basedteam won 4 out of 5 games.After theseencouragingresults,we decidedto migrate
more of the old behavior solutions to DTT. To do so, we had to focus especially on the
option ratings, becausethey are the corepart of the entire system.

5.1.4 The inner workings of option ratings

An option rating is basically a relation, that is assigningnumbers between0 and 100 to
di®erent options basedon the current sensordata and the decisionsthe team has made
before. The GoToBall rating is a good example describing how an easy option rating
works.
Our ¯rst approach for the GoToBall rating was a simple, linear formula:

max(0; min (100; ¡ 0:1 ¤ d + 100))

The min/max part of the formula simply ensuresthat all ratings are within the range
of 0 to 100, the real rating is done by 0.1*d+100, where d is the distanceof the ball to
the robot in millimeters. If the distanceis 0, the rating is 100. The rating will fall down
linearly with d and reach its minimum (0) at a distance of 1000mm as can be seenin
¯gure 5.4 on the following page.

On the one hand, theselinear ratings are very easyto calculate, but on the other hand,
they are quite hard to handle in situations that allow di®erent tactics. In those cases,
linear ratings su®erfrom the noisy input data of a robot and can lead to change the
chosentactic every other frame which meansa behavior that is basedon linear option
ratings is not stable.
The ¯rst tuning approach to the linear option ratings was to usemultiple input variables
instead of only one. In the exampleof the GoToBall rating, we added the angle to the
ball to the rating (if a robot looks straight to the ball, it has a better GoToBall rating
than a robot that hasto rotate to be able to approach the ball). Thesechangeslead to a
better behavior when the ball was positioned right betweentwo robots. Another change
we intended to incorporate was to take the positions of the opponents into account. Un-
fortunately this was not possible,becausethe behavior module was never supplied with
information about the opponent¶s positions (see4.3.8on page44 for details).
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Figure 5.4: Example of a very simple, linear option rating for GoToBall
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Figure 5.5: The 'theoretical optimal' option rating for GoToBall

Becausepolynomial functions are not easyto tune, we usedquadratic or cubic ratings
only very seldom. Instead we combined di®erent linear ratings into one. This led to a
linear approximation of the desired rating in di®erent value-segments. The ¯gures 5.5
and 5.6 on the next pageshow this technique in greater detail.

Apart from thesecontinuous ratings, we usedeven simpler ones(i.e: when ball in range
from 0 to 50 mm: rate to 100,for greaterdistances:rate to 0). Thesewerevery usefulfor
the re°exing goaliewe implemented basedon DTT, becausethe re°exing is only triggered
if the following four conditions are ful¯lled:

1. ball is closerthan a speci¯ed distance

2. ball¶s speedexceedsspeci¯ed threshold

3. ball¶s moving direction is inside speci¯ed anglerange
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Figure 5.6: A linear approximation of the rating shown in 5.5 on the precedingpage.

4. time sincelast own re°ex movement above a speci¯ed threshold

5.2 Scheduler Mo dule In tegration

The development and implementation of the resourcescheduler module completesthe
integration of our resourcesharing task into the GT-framework. With this module it is
possibleto sharethe hardware of a robot on a very low level.
Wemadethe experiencethat this featureis not constantly usedwhile playing soccer. Since
every robot on the soccer¯eld facesthe sameproblems,e.g. detecting the ball, the load
on every singlerobot is typically similar. Thus information that may be usefuland could
be extracted from the sensordata of another robot is normally calculated by this latter
robot anyway. Directly sharing hardware of a robot on such a low level is more suitable
for debuggingpurposes.In that caseit is possibleto usebutton and sensorinput, LEDs
and soundoutput of a robot to remote control and monitor another robot. As this case
is still not so frequent, we decidedto implement this kind of resourcesharing in a request
and grant fashion. For that reasonthe teammessagestructure wasexpandedto notify the
other robots about the resourcesa singlerobot wants to share,to requesta resourceof an-
other robot and to senda return value to the requestingrobot. To notify the other robots
about the resourcesa robot is willing to share,the outgoingSharedResourcesTeamMessage
was added to the TeamMessageCollection. For requestinga sharedresourcethe outgo-
ingRequestResourceTeamMessagearray was added to the TeamMessageCollection. For
each teammate the array provides an entry. To return requesteddata and sendingac-
knoledgements to the requestingrobots the outgoingReturnResourceTeamMessagearray
was added to the TeamMessage-collection. Like the outgoingRequestResourceTeamMes-
sagethe array providesan entry for each teammate. As an exampleassumethe following
situation: robot A wants to shareits sensorinformation stored in the sensordata bu®er.
To do that, it just sets the isShared[rtSensorDataBu®er]member of the outgoingShare-
dResourcesTeamMessageto true. This messageis automatically transferred to all other
robots. One of theserobots, e.g. robot B, wants to request the sensordata from robot
A. Having just received the SharedResourcesTeamMessagefrom robot A it knows that
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Figure 5.7: state machine of sensoslave

robot A is willing to sharethe resourceit wants to request. By setting the type member
of the outgoingRequestResourceTeamMessage[A]to rtSensorDataBu®er, robot B request
this sensordata bu®erresourcefrom robot A. Oncethis Messageis received by robot A,
robot A sendsits current sensordata bu®erback to robot B via the outgoingReturnRe-
sourceTeamMessage[B].
As we thought about using the resourcescheduler module mainly for providing debug
assistance,our solution for the scheduler module usesthe ¯rst come, ¯rst served ap-
proach. Due to the modular concept of the GT-framework it is possibleto implement
other scheduling strategiesif required in a plain way as new solutions for this module.

5.2.1 Senso - a sample application

To demonstratethe mode of operation of the resourceschedulermodule we implemented
a distributed versionof the gamesenso2.
Sensoworks as follows: the computer plays a sequenceof light and sound signals and
the human player has to repeat this sequenceby pressingthe appropriate buttons. By
increasingthe number of light and soundsignalsin the sequenceeach level, the degreeof
di±cult y increasescontinually.
In our implementation of senso,onerobot usesthe LEDs, buttons and the sound-output
of a variable number3 of other robots to play the sequenceof light and soundsignalsand
to get information about the correct repetition of this sequence.The state machine of
the slave robots is expectedly simple (see¯gure 5.7). At the pushing of the headbutton
the robot switchesinto a state where it sharesits LED, soundand button resources.As
aforementioned the main robot recognizesthe sharedresourcesof the other robots and
generatesa corresponding light and soundsequence.Afterwards this sequenceis played
on the other robots and the main robot waits for the correct input of the player. If the
player fails, the gamestopsand a new gamecan be started by pressingthe back button
of the main robot. If the player succeeds,the sequenceof the next level is generatedand
played. At the beginning of each level the main robot checks for new robots willing to
share their resourcesand robots which deny sharing their resourcesrespectively. Thus
the number of robots which participate in the gamecanalter from level to level completly
seamlessy.

2Also known as Simon Says.
3Currently up to three other robots are supported.
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5.2.2 Conclusion

The sensoexamplemakes,unlike debugging,heavy useof the resourceschedulermodule.
Under theseconditions we encountered additional needof network bandwidth causedby
the request and grant scheme of the resourcescheduler module even though the used
scheme is quite simple structured. In contrast to one packet each 500msused by the
aforementioned dynamic team tactics we had to increasethe sendingrate to one packet
each 75msto establisha °uid game. As the actual GT-framework limits the communica-
tion speedto onepacket per frame of the cognition process(which runs typically between
20 to 25 fps), especially sendingpictures comesalong with big delays. In this regard we
evaluated the operating expenseof modifying the GT-framework to minimize thosedelays
and cameto the result, that it would be a disproportional e®ortneededto do so.
We assessthis as a further indicator that resourcescheduling on such a low level is not
assuitable for a complextask like playing soccerasapproacheslike dynamic team tactics
which are situated on a signi¯cantly higher level.



Chapter 6

Ceiling Camera

One of the tasks of our project group was to develop a model for automatic situation
analysis. As described in the previous chapters, many di®erent methods, like opponent
detection, Dynamic Team Tactics, automatic learning of new kicks etc. were tried and
implemented on the robot. But all thesemethodssu®erfrom onecommonproblem: noisy
and impreciserobot hardware. While there can't be anything doneagainst this problem
in the actual game,a higher precisionlocalization, ball detection and enemy recognition
is a crucial feature for most automated learning tasks.

Oneexampleis the current method of automatedkick learning. The robot hasto localize
itself on the ¯eld, ¯nd the ball, kick it, and try to estimate the ball's new position after
the kick. If doneon the robot hardwarealone,all thesemeasurements arenoisy, and have
accuraciesthat are in the 10sof centimeters range. Also localizing and ¯nding the ball
takesa lot of time, and repeatedkicking stressesthe robot hardware.

Other problemswere due to the introduction of the new ERS-7 model. The self-locator
was originally developed and tuned for the ERS-210,and performed badly on the new
robot model. While the original authors had useda laserscannermounted at the sideof
the ¯eld to gain ground truth about the robots' position [5], we had no such technologies
at our hand. Without ground truth, tuning the self locator turned into a matter of
guesswork and drawing conclusionsfrom the robots' behavior.

To easethe situation, a plan for implementing a ceilingmounted camerawasdevised.The
camerashould be able to capture the complete playing ¯eld, and enableus to directly
measurepositions, distancesand velocities on the ¯eld.

The development plan consistedof two parts:

² Implement a realtime, interactive ceiling cameraview, that can be shown in the
RobotControl ¯eld view. To directly evaluate the robot's performanceit should be
possibleto overlay the robots' debugdrawings, to seeboth ground truth and debug
data in direct correspondence.

² Implement a ceiling cameraoracle that can automatically recognizeand measure
the robots' and ball's position on the playing ¯eld. A network server should be
developed, so that the oracle has to run on only one computer in the arena. This
oracle could also be used for various other tasks like automatic evolution of new
behavior, testing the obstacle and opponent detection code and learning of new
kicks.

69
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The two part plan seemedto be the best way to implement the desiredtools, because
it divides the task into smaller, not-too-di±cult development steps. As we will see,the
secondstep is directly basedon the ¯rst one,and can strongly bene¯t from code reuse.

Using a camera for precisemeasurement of distancesisn't as easy as one might think
at ¯rst. Camera pictures mainly su®er from two problems: lens distortion (because
lensesaren't perfect) and perspective distortion (becausethe camerasometimescan't be
mounted exactly above the middle of the ¯eld). The two are alsoknown as the intrinsic
and extrinsic parametersof a camerasetup.

6.1 Lens distortion correction

After evaluating di®erent cameramodels,it becameclear that a wide-anglelensis needed
for the given size of the playing ¯eld and the limited mounting height. By using a
wide-anglelens, it is possibleto capture the entire playing ¯eld with only one camera
mounted above the center of the ¯eld. As a downside, wide-anglelensesoften exhibit
pronouncedlensdistortion (alsoknown as¯sh-eye e®ect), that hasto be correctedbefore
the picture can be usedfor measurements. An exampleof this ¯sh-eye e®ectcan be seen
in Figure 6.1(a) on the following page.

The topic of distortion correction for cameralenseshasbeenwidely researched sincethe
early 1950sbecauseof its importance for aerial photometry. Clarke and Fryer [7] give a
good overview of the history and theory of distortion correction. In the last years,many
methods weredeveloped for automatic and semi-automaticestimation of lensparameters;
after evaluating someof the methods, we chosethe lens distortion model presented on
J. Bouguet's website [1] (which is basedon a popular paper on lensdistortion correction
written by D.C. Brown [3]).

The reasonsweremainly easeof use{ there's a completecalibration toolkit for MATLAB
written by the authors of the website,and the calibration canbe donesemi-automatically
by taking shots of a checkerboard pattern (seeFigure 6.1(a) on the next page) under
di®erent angles. According to the authors, subpixel accurate distortion correction is
achievable without problems.

The intrinsic distortion model usedby our software has the following parameters:

² Focal length: The focal length in pixels stored in (f x ; f y)

² Principal poin t: The principal point coordinates (cx ; cy)

² Skew coe±cien t: Angle betweenx and y axis, ®

² Distortions: Radial and tangential coe±cients, (k1; : : : ; k5)

Let (x; y) be the coordinatesof a pixel in the original cameraimage. Let

x0 =
x ¡ cx

f x

y0 =
y ¡ cy

f y

r =
q

x02 + y02 (6.1)
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(a) Calibration object - note that the checkerboard's
edge appears bent though it is perfectly straight in
reality

(b) Intrinsic parameters estimated by the MATLAB
toolkit. The small arrows show the pixel displace-
ments due to the lens distortion.

Figure 6.1: Lensdistortion correction

Then x0; y0 are the normalizedimagecoordinates. We can now write down the distortion
model as a set of three correction terms:

² Radial distortion

¢ r x = (k1r 2 + k2r 4 + k5r 6)x0

¢ r y = (k1r 2 + k2r 4 + k5r 6)y0 (6.2)

k1; k2; k5 are alsoknown as the 2nd, 4th and 6th order radial distortion coe±cients.
(¢ r x ; ¢ r y) is the o®setfrom the optimal pixel for a given distancefrom the center
of projection.

² Tangential distortion

¢ tx = 2k3x0y0+ k4(r 2 + 2x02)

¢ ty = 2k4x0y0+ k3(r 2 + 2y02) (6.3)

k3; k4 are known as the tangential distortion coe±cients. The tangential distortion
is due to "decentering", or imperfect centering of the lens components and other
manufacturing defectsin a compound lens.
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² A±ne distortion

undist x = f x (x0+ ¢ r x + ¢ tx + ®(y0+ ¢ r y + ¢ ty)) + cx

undist y = f y(y0+ ¢ r y + ¢ ty) + cy (6.4)

® is known asthe skewcoe±cient , and canaccount for non-rectangularpixel sensors.

(undist x ; undist y) is ¯nally the undistorted imagecoordinate of the original point (x; y).

All theseparameterscan be estimatedsemi-automaticallyby using the MATLAB toolkit
provided by the website authors. Normally, 10 to 15 shots of a referencecheckerboard
pattern are enoughto give a good estimate for most of the parameters. Figure 6.1(b)
on the precedingpageshows the result of a run for one of our wide-anglecameras.The
arrows in the top of the ¯gure show the displacement of the pixels. A pixel that should
lie at the start of an arrow under optimal conditions is distorted to the end of it by the
lens. The small circle in the center depictsthe estimatedcenter of projection vs. the ideal
center depictedas a small cross.All estimatedparameters(completewith error bounds)
can be seenin the bottom half of the ¯gure.

6.1.1 Reduced distortion mo dels

As stated on Bouguet's website, a reducedmodel is often su±cient for modern CMOS
and CCD camerasAccording to it, modern lensesdo not exhibit noticeable tangential
distortion, and are usually using a rectangular pixel sensorwhich makesskew correction
unnecessary. (In fact, a secondradial order only model canoften givea fair approximation
for small cameras).

After doing sometests with reduceddistortions models, it becameclear that there are
almost no performancegainswhenusinga reducedmodel on modern computers{ and as
we'll seelater on, the model only needsto be evaluated oncein a preprocessingstep. So
we opted for implementing the full distortion model supported by the MATLAB toolkit
anyway.

6.2 Perspectiv e correction

Ideally, the camerawould be mounted directly above the middle of the ¯eld, and in a
height that usesthe whole image area to capture the playing ¯eld. Unfortunately, this
often can't be donein practice. It's complicatedenoughto exactly align the camerain the
lab, but under competition conditions it's next to impossible. Competitions are usually
quite busy, the ¯eld will be moved or may still be under construction, and often there is
no possibility to mount the cameraabove the ¯eld. As a compromise,a camerastand at
the sideof the ¯eld is often the only viable option for getting pictures from the ¯eld.

Taking pictures from non-optimal positionswill always introduceperspectivewarping and
foreshortening. While perspective texture mapping is widely usedin computer graphics,
we needto invert the process,and basically undo the mapping that is introducedby the
camera'sposition.

Heckbert [11] givesa nice introduction into the di®erent typesof texture mappings. We
will use a 2-D projective mapping to model the perspective distortions of our ceiling
camera.
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Projective mappingscan be written as rational linear mappings:

x =
au + bv+ c
gu + hv + i

; y =
du + ev+ f
gu + hv + i

(6.5)

where(u; v) is a sourcepixel in cameraimagecoordinates,and (x; y) receivesthe undis-
torted pixel coordinates.

Or more easily in 2 dimensionalhomogenousmatrix notation:

(x0; y0; w) = (u0; v0; q)

0

B
@

a d g
b e h
c f i

1

C
A (6.6)

where(x; y) = (x0=w; y0=w) for w 6= 0, and (u; v) = (u0=q; v0=q) for q 6= 0. (See[10] for a
completediscussionof homogenouscoordinates).

As can be seenin Equation 6.6, a perspective texture mapping has 9 degreesof freedom
(a : : : i ). Becauseany linear multiple 6= 0 of a homogenouspoint mapsto the samepoint
in normal coordinates, we can reducethe equation to 8 degreesof freedomby assuming
i = 1 without lossof generality.

In our application, we chooseto implement an interactive texture mapper. The usercan
de¯ne a sourceand destination quadrilateral, to align the image of the playing ¯eld to
the desiredcoordinates. The two quadrilaterals consist of four coordinates each, which
yields 8 user-setparametersin total.

To infer the 8 parametersof a projective mapping from thesecoordinates,a 8x8 systemof
equationscanbe set up and solved by gaussianeleminationor similar methods. However,
becausewe wanted to avoid the subtle complexity of implementing an equationsolver, we
opted for an easiercomposition basedmethod as introducedin Heckbert's paper.

u

v

0
0

1

1

case 2 case 1

case 3

Figure 6.2: Texture mapping as a composition of simpler mappings

Projective mappings de¯ne a bijective mapping between two coordinate spaces. Even
more remarkable is the fact that the inverse of a projective mapping, is a projective
mapping. The inversetransform can simply be calculated by taking the inverseof the
homogenousmatrix.

Becauseof this, every projective mapping between two arbitrary quadrilaterals can be
decomposedinto a mapping from the sourcequadrilateral to a unit square,and then from
a unit squareto the destination quadrilateral (seeFigure 6.2).

Fortunately the parametersfor the ¯rst case(unit squareto quadrilateral) canbe directly
calculatedby algebraicmethodswithout any explicit equationsystemsolving. The second
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case(quadrilateral to unit square)can be solved in exactly the sameway, but with an
additional matrix inversionat the end of the calculation. The ¯nal composite third case
(quadrilateral to quadrilateral) is then calculated by a matrix multiplication of the ¯rst
two cases.

(a) Original image (b) Corrected image

Figure 6.3: Ceiling cameraimageof the playing ¯eld

6.3 Implemen tation

After all the equationsand complexity of lens distortion and perspective correction, the
most important question was, if all this can be implemented e±ciently enough for re-
altime processing. Calculating a complete lens- and perspective corrected image takes
approximately 100msfor a 640x480imageon a 3 GHz Pentium IV. While this seemsto
be quite fast, it isn't fast enoughto keepup with the framerate of modern cameras.

Luckily, the displacement map doesn't changeafter the intrinsic and extrinsic parameters
are set and can thus be calculated in a preprocessingstep. The ceiling cameraview can
then use this map to do the actual warp (which is much faster than re-evaluating the
formulas for each pixel).

6.4 User in terface

One of the main goals was an easy to use interface. Working with the ceiling camera
should be easyand fun, becauseit will be one of the building blocks for the work of the
following project group. As mentioned in the previous sections,we chosean interactive
warping approach1.

The ceilingcameraview is fully integratedinto the RobotControl application. All relevant
settingscanbedonein the Ceiling camera settingsdialog, which canbe found in the View
menu (seeFigure 6.4 on the next page).

The context menu of the playing ¯eld view hasbeenextendedwith a ceiling cameraentry.
Enabling this item will show the undistorted cameraimagesuperimposedon the playing
¯eld.

1 Heckbert already suggestedsuch an interactive application in his original paper, but the computing
power was too limited to actually implement this on consumerhardware in 1989.
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Figure 6.4: Integration of the ceiling camerauser interface in RobotControl

The left side of the screenshotshows the actual camerasettings dialog. The user can
selecta cameraconnectedto the computer, and can adjust its settings (like brightness
or frame rate) and image format by using the corresponding buttons. After a camera
hasbeenselected,the usercan enter the intrinsic distortion parametersby using the edit
boxes or, more conveniently, by importing a parameter ¯le generatedby the MATLAB
toolkit.

After the intrinsic parametershave been set, a click on Showmarquee will enable the
perspective warp edit marquee(the red quadrilateral with the four orange handles as
shown in Figure 6.4). The parametersof the perspective warp are completely controlled
by interacting with the marquee.The four orangehandlesare called reference points.

Typically the userwill ¯rst move the referencepoints to someeasily identi¯able features
in the cameraimage. This can be done by dragging the referencepoints while holding
down oneof the shift keyson the keyboard. The playing ¯eld corners,or the goal posts
are somegood points to select.
In the secondstep, the user will drag the referencepoints to the corresponding points
of the debugdrawing. This can be doneby simply dragging around the referencepoints
without holding down any modi¯er keys.

Thesetwo stepscan be iterated until the cameraimageand the debugdrawing match up
against each other as shown in Figure 6.4.

Unfortunately it's possibleto get stuck in a deadend, when someof the referencepoints
are moved very closeto each other, or form a degeneratequadrilateral (like a point, line
or triangle). The resetbutton in the ceiling camerasettingsdialog will help in thesecases,
by resetting the marqueeto a default mapping.

6.5 Towards an automated oracle

As laid out in the ¯rst sectionof this chapter, the ceiling cameraoverlay is only the ¯rst
stepin leveragingthe ceilingcamerafor the RoboCup. The secondstepis the development
of an automatedoracle,that candetect the robots' position and orientation in the camera
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image,and provide this information to the actual robots on the ¯eld. Becausewriting the
cameraoverlay did take far more time than expected, this work is left for the following
project group.

We think that it would be best to develop a stand-aloneapplication that can run on
oneof the serversof our arena,and provide the oracledata over a client/server protocol.
Someparts of this task arealready¯nished { an early stand-aloneprototype of the ceiling
cameraoverlay was developed by using the Intel IPL[ 14], and somefunctions taken from
the OpenCV library [15]. The next project group shouldbe able to back-port someof the
functions from the integrated RobotControl versionto this stand-aloneprogram without
much e®ort(the intrinsics dialog,MATLAB import functionality and perspectivemarquee
should be easily reusable).

When we worked with the ceiling cameraoverlay, it becameclear, that the quality of
normal consumergradewebcamslike our Philips QuickCam Pro (already oneof the best
modelson the market) might not besu±cient for automatedimageprocessing.The robots
often appear as a greyish blob, without any easily detectablefeatures. The poor quality
of cheapwide-anglelensescombined with the small imagesensorsizeof the cameraand
video compressionneededfor slow USB 1.1 connectionscontribute to the bad quality.

The next project group shouldevaluate industrial quality imageprocessingcameras,that
are readily available with 1 / 2" image sensors,USB 2.0, and resolutions in excessof
1280x1024pixels at 50 frames per second. Somecare must be taken when choosing a
wide-anglelens,becauseat the time of this report somerule changesconcerningenlarging
the ¯eld wherein active discussion.
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Comp etitions

7.1 German Op en 2004

The German Open1 is an international competition of Robot Soccer. This year it has
taken place in the Heinz-Nixdorf-Museum in Paderborn from 01.April 2004 - 04.April
2004. Many teamstook part in the following leagues:

² Middle SizeLeague

² Small SizeLeague

² SONY-LeggedLeague

² RescueSimulation League

² SoccerSimulation League

² Junior League

In addition to the Microsoft Hellhounds, 7 other teams competed in the Sony-Legged
League.Someof them with the new ERS-7,someteamswith the old ERS-210and some
teams even had both kind of robots in their team. It can be suggestedthat the new
robots are head and shouldersabove the old ones, which is true both physically and
metaphorically, but in table 7.1 on the following pageit can be shown that local solutions
can be more important than expectedat ¯rst sight: The Hamburg Dog Bots usedthe old
ERS-210only, but their performancewas better than expected, since they played with
the GT2003-Code from the last year, which was only slightly modi¯ed.

The dynamicteam tactics (see5.1on page56) wereusedfor the ¯rst time at a competition.
One of the most apparent and noticeable features of the dynamic team tactics at the
German Open 2004was the behaviour around the ball.
The situation of two or more robots from the same team ¯ghting for the ball would
seldomlyoccur, insteadof that teammateswalked to oppositeareasof the ¯eld, intending
to receive a pass. During the gamesthough it turned out that the dynamic team tactics
have not beentuned enough.The main problem wasthe decisiontime the robots needed
to determine which robot was to move to the ball. Although the robots saw the ball

1German Open o±cial Site: http://www.ais.fraunhofer.de/GO/2004/
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and calculatedsocalled ball percepts,which was indicated by their shakingtails, several
secondswerewastedsometimes.

However, in the preliminary round the Microsoft Hellhoundshad to play against the later
championand the later third placedteam,neverthelessthey couldachievea great4th place
overall. A closedefeat in the semi-¯nals (3:4 against the later 2nd placed Darmst adt
Dribbling Dackels 2) stopped the run to the ¯nal.

Competition-results:

Games Team1 Score Team2
Round Robin Microsoft Hellhounds 4 : 0 Les Tr ois Mousquet aieres
Round Robin Micr osoft Hellhounds 0 : 6 Ham burg Dog Bots
Round Robin Micr osoft Hellhounds 1 : 2 Aib o Team Hum boldt
Quarter Finals Microsoft Hellhounds 4 : 3 Bremen Byters
SemiFinals Micr osoft Hellhounds 3 : 4 Darmstadt Dribbling Dackels
Gamefor 3rd Place Micr osoft Hellhounds 0 : 6 Ham burg Dog Bots

Table7.1: The resultsof the TeamMicr osoft Hellhounds at the GermanOpen 2004

7.2 Op ens 2004

Besidethe German Open in early April, the Microsoft Hellhoundsparticipated in three
further national opens. The Australian Openon April 16th, the US Open from April 24th
to 27th and the JapanOpen from May 1st to 4th. As representativ e and ¯eld operator we
sent Andr¶e Osterhuesto the Australian and to the Japan Open. Walter Nistico, Arth ur
Cesarzand Bernd Schmidt went to the American Open.
During theseevents a team of several peoplestayed awake in the nights and supported
the peopleat the chmpionshipsvia the internet. We earnedmuch experiencefrom this
and we wereable to improve our codeasa result of the competition with the international
teams. Without this experiencewe would have had much moreproblemsduring the world
championshipRoboCup 2004.
At the Australian Open we achieved the third placein the competition, at the American
Open we achieved the fourth placeand at the Japan Open we achieved a secondplacein
the technical challenge.

7.3 Rob oCup 2004

By the year 2050,
developa team of fully autonomoushumanoid robots that canwin againstthe
human world champion team in soccer.

This is the topmost milestoneof the international research andeducationinitiativ eRoboCup.
Its main objective is to provide a standardproblemwherea wide rangeof technologiescan

2member of the GT2004 Team
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be examinedand integrated. Playing soccer is a new benchmark for arti¯cial intelligence
and robotic engineeringand replacesthe chessbenchmark of the last decades.
Furthermore the annual world championshipsprovide an opportunit y to meet with sci-
entists and robotic engineersfrom around the world to compareand share the newest
developments in robotic science.In addition to this RoboCup tries to inspire and entice
children on the topic of robotics and computer sciencewith RoboCup Junior.
This year the championshipstook place in Lisbon, Portugal. With 346 teams from 37
countries and a total of 1600participants a newrecordnumber in the history of RoboCup
wasachieved. We participated in the Sony 4-leggedRobot Leagueaspart of the German-
Teamwhich is constituted by members of the universitiesof Berlin, Bremen,Darmstadt
and Dortmund.

7.3.1 WE ARE THE CHAMPIONS!!

Twenty-four teamswereregisteredfor the RoboCup2004Tournament of the Four-Legged-
League. The organisationdivided them into four groupswith six teams each. Group A
consistedof only ¯v e teams becauseteam "Wright Eagles" did not take part and all
matchesagainst this team had beencanceled.Five gameshad to be played in the round
robin for each team. After thesegamesthe two bestteamsof each grouphad to participate
in the play-o®s(see7.2).

Group A Group B Group C Group D
ARAIBO Hamburg DogBots CMPack'04 ASURA
Les 3 Mousquetaires Jollie Pochie Dutch Aibo Team Baby Tigers
UChile 1 Metrobots FC Portus GeorgiaTech
Upennalizers Nubots Mi-Pal GermanTeam
UT Austin Villa SPQR TecRAMS-Mexico rUNSWift
- UW Huskies UTS Unleashed! TeamChaos

Table 7.2: The drawing of Round Robin of the Four-Legged-Leagueof RoboCup 2004in
Lisbon

Round Robin: Game One

For the GermanTeamthe tournament started with a major gameagainstthe former world
champion rUNSWift. After the ¯rst half, which wasovershadowed by technical problems
on both sides,the Australian team led with 2:1 goals. During halftime the problemswere
solved and the GermanTeam won with 4:2 goalsafter a tensesecondhalf. This victory
was important for the whole team. One of the major opponents had beendefeatedand
onebig step had beendonetowards the quarter ¯nal.

The gameshowed several problemsof the team play and the team behavior. After the
gamea team meeting was held to analyzeand solve the problems. The team members
were splitted into groups to work on solutions. The GermanTeam focusedon the image
processing,the kickengine,the team behavior and the goalkeeper behavior.

² Vision and Imagepro cessing: The imageprocessingindicated problems in the
ball recognition. The ball was good recognizedin the distance, but closeto the
robot it showed problemswhen the ball disappearedfrom sight. The main problem
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wasestimating the direction the ball wasrolling to, which wasneededto calculateits
estimatedposition. The localisation alsoshowed weaknesses,but with an improved
color table theseproblemsweresolved eventually.

² Kic kengine: The game against rUNSWift revealed several situations where the
GermanTeam robots could make a good kick. However, the kick engine did not
activate a kick, although an appropriate kick was registeredfor most of theseocca-
sions. Again training sessionshad to be madeto solve this problem. Thereby it was
shown how important a realistic environment wasfor thesetests. For exampleit was
important to use the maximum walking speedfor approaching the ball before the
kick. Specialkicks for speci¯c situations in the gameweremissing. Additional kicks
had to be createdfor thesesituations and trained and registeredfor the kickengine.

² Team behavior: The positioning of the robots left spacefor improvements. In
somesituations of the game the robots did not get a chance to scorebecauseof
wrong positioning, especially when the opponent wasoutnumberedin his own half.
The transitions betweenthe defensive and the o®ensive behavior were not e±cient
enough. And in somesituations the worsepositioned robot tried to get to the ball
insteadof the better positionedAibo. This mainly occured,whenrobot A wascloser
to the ball than robot B, but was obstructed by an opponent robot. The optimal
choice would have been, that robot B tried to get to the ball. Instead, robot A
kept wrestling with the opponent's robot, while B idly waited in a passreceiving
position.

² Goalk eeper behavior: The goalkeeper had di±culties with its localization. This
problem occurred becauseinitially the GT2003 Self Locator was used. In the ¯rst
game the goalkeeper several times stood too far behind the goalposts to seethe
landmarks correct. With the completion and introduction of the GT2004 Self Lo-
cator, this problem vanished. Another task was to improve on the re°ex behavior.
The re°exeshelp the goalkeeper to react to fast incoming balls. The robot had to
quickly spreadits legsfor a short time to intercept balls, which would elseroll into
the goal. The re°ex behavior worked in the gamebut showed spacefor improve-
ments concerningoptimal timing. The third task of the goalkeeper behavior wasits
generalbehavior. The robot showed weaknessesin clearing the ball in front of the
goal. Optimal timing was the main issuehereas well.

Round Robin: Game Tw o

In the secondgame the GermanTeam met Team Chaos and defeated them with 13:0
goals. In this game the di®erencesbetween the ERS-210and the ERS-7 were clearly
shown. Becauseof the strongermotors of the ERS-7against the ERS-210,it is faster and
kicks stronger. In the gamethis was proven by the GermanTeam robots. They reached
the ball faster every time, even when the opponent had kick-o®. The team behavior
showed improvement sincethe ¯rst game. The Robots positioned themselvesbetter and
took advantage of the weaknessesof the opponent team.

Round Robin: Game Three

The third gamewas against the winner of the Japan Open 2004: Asura. The gamewas
expected to be as challenging as the ¯rst game against rUNSWift. But the opponent
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robots did not comeinto play against the GermanTeam behavior. The gameended6:1
for the German Team.

Round Robin: Game Four

GeorgiaTech Yellow Jackets was the opponent of the fourth game. The American team
showed an overall poor performance.At halftime the scorewas6:0 for the GermanTeam.
Becauseof technical problemsand their inferiorit y againstthe GermanTeamthey decided
to concedeand gave up in secondhalf. The tournament o±cials ruled to count the second
half as the ¯rst one,accordingto the o±cial tournament rules. So, the ¯nal scoreof this
gamewas 12:0 for the GermanTeam.

Round Robin: Game Fiv e

The last gameof the group was against the Japaneseteam Baby Tigers. The defensive
skills of the Baby Tigers were a challenge for the GermanTeam robots. But with the
kickengineimprovements and the team behavior the gameendedwith 7:0 goals for the
GermanTeam.

Group A Group B Group C Group D
1. Up ennalizers 1. Nub ots 1. UTS Unleashed! 1. GermanT eam
2. UT Austin Villa 2. Ham burg DogBots 2. CMP ack'04 2. rUNSWift
3. ARAIBO 3. Jollie Pochie 3. FC Portus 3. ASURA
4. Les 3 Mousquetaires 4. UW Huskies 4. Dutch Aibo Team 4. Baby Tigers
5. UChile 1 5. SPQR 5. Mi-Pal 5. GeorgiaTech
- 6. Metrobots 6. TecRAMS-Mexico 6. TeamChaos

Table 7.3: The results after Round Robin of the Four-Legged-Leagueof RoboCup 2004
in Lisbon. Highlighted teamswerequali¯ed for the Quarter-Final.

Quarter-Final

As the winner of Group D the GermanTeamhad to play against the secondof Group C,
CM Pack'04 (see7.3). This gamewas consideredas the revengefor the quarter ¯nal of
the RoboCup 2003in Padova. In that match, the Americansstopped the GermanTeam
after a tensethirt y minute long penalty shootout. This gamewas di®erent, though. The
GermanTeamwassuperior and got in the leadby two goalsearly in the game.CMPack¶04
useda timeout for changing the gamesticks for a di®erent set. This did not show the
expectede®ectand the gameended9:0for the GermanTeam. The American team did not
get in front of the GermanTeamgoal long enoughto kick, but the o®ensivebehavior of the
GermanTeam was by far superior against the American goalkeeper. The GermanTeam
attended the semi-¯nal of the RoboCup competition for the ¯rst time in their third
RoboCup participation. The main goal of the GermanTeamwasachieved (see7.4 on the
following page).
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Up ennalizers 4:1 Hamburg DogBots
UTS Unleashed! 9:1 rUNSWift
Nub ots 6:5 UT Austin Villa
GermanT eam 9:0 CM Pack'04

Table 7.4: The results of the Quarter-Final of the Four-Legged-Leagueof RoboCup 2004
in Lisbon. Highlighted teamswerequali¯ed for the Semi-Final.

Semi-Final

The semi-¯nal against the Australian team Nubots begantight asexpected. The Nubots
got early in the leadwith the 1:0. But after this shock the GermanTeambehavior showed
its strength. The o®ensivlyplaying robots turned the game.The newgoalkeeper behavior
showed its skill. Many times the goalkeeper clearedthe ball from the GermanTeamgoal.
The timing of re°exesand ball clearancewas nearly optimal and the localisation of the
goalkeeper in front of the goalwasperfectall the time. Becauseof theseimprovements the
Australian team kicked the ball into the German goal only once. The semi-¯nal ended
9:2 for the GermanTeam and earned respect by the opponent UTS Unleashed! of the
upcoming ¯nal (see7.5).

Upennalizers 1:5 UTS Unleashed!
Nubots 2:9 GermanT eam

Table 7.5: The results of the Semi-Final of the Four-Legged-Leagueof RoboCup 2004in
Lisbon. Highlighted teamswerequali¯ed for the Final.

Final

As all participants of the RoboCup Four-leggedleagueagreed,the ¯nal washeld between
the two best teams of the tournament. The Australian Team UTS Unleashed! was the
winner of the Australian Open 2004and like the GermanTeam winner of their group in
Round Robin. Both teamswereundefeatedin this tournament, both teamsled the game
statistics, mostgoalsscoredand the goalsscored/concededratio. Like in the semi-¯nal the
Australian team got in the leadwith 1:0. Just asin the semi-¯nal the GermanTeamcould
equalizethe score.This gamedeveloped into the most exciting gameof the championship,
asUTS Unleashed!got in the leadagainwith 2:1. Just beforehalftime the Germansscored
and the gamewasevenagain. The tight scoreprovided tensionfor the secondhalf. In this
half the Germansgot a better start than the Australians. For the ¯rst time of this game
the GermanTeamgot in the lead with 3:2. The robots of UTS Unleashed!failed several
times against the Germangoalkeeper and the Germanrobots scoredagain. After this 4:2
the Germansgot several chancesfor the 5:, but they failed. The Australian defenceproved
their skill by standing well positioned. With a felicitous pass-play, which they already
showed in their demonstration for the OpenChallenge,they started the kick to the 4:3.
The German lead was decreasedto onegoal, but the robots of the GermanTeamquickly
retaliated and scoredagain for the ¯nal 5:3. The last minutes showed no advantage for
any team. After the gameendedthe GermanTeambecameWorld Champion 2004of the
RoboCup (see7.6 on the following page,7.7 on the next pageand 7.1 on page84).
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Upennalizers 4:5 Nub ots

Table7.6: The result of the match for third placeof the Four-Legged-Leagueof RoboCup
2004in Lisbon.

UTS Unleashed! 3:5 GermanT eam

Table7.7: The result of the Final of the Four-Legged-Leagueof RoboCup 2004in Lisbon.
The GermanTeamwon the World Championship.

7.3.2 Op en Challenge

Next to the soccercompetitions in the Sony 4-leggedRobot Leaguethe teamscompeted
also in sometechnical challenges.One of thesechallengeswas the newly introducedopen
challenge which was intended to enablethe teams to present and demonstrateparts of
their research in a creative and entertaining way.
The university of Dortmund was responsible for the contribution to the open challenge
for the GermanTeam. We decided to create a scenariowhich should demonstrate our
research on cooperative behavior and cameup with the following idea:
One of our robots should kick a goal with a ball from the Mid-Size Leagueof RoboCup.
To accomplishthis task, the robot has to cooperate with four more robots of our team
and has to transform thereby into a virtual Mid-Size Leaguerobot.
For this transformation we built a cart with rails at the sidesand a ramp to climb on
the cart. The main robot stays on the top of the cart, meanwhile four other robots were
staying at the sidesof the cart biting into the rails. In this mannerwe literally visualized
the virtual robot metaphor usedby us so far.
The robot staying on the top of the cart localizeditself, searched for the orangeball and
generatedthe walking requestsfor the four cart-moving robots. Theserobots were not
able to localize for themselves since they were looking directly towards the sidesof the
cart. In this situation they weresimply representing actuators of the main robot.
Almost every team in Lisbon which saw this demonstration was truly impressedand
entertained. Accordingly we achieved the ¯rst placein the open challengecompetition by
a great margin.
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Figure 7.1: GermanTeammembers in Lisbon

Figure 7.2: The Open Challengecontribution of the germanteam



Chapter 8

Side Pro jects

8.1 World State Pla yer

It turned out in the project group, that the development of an e±cient behavior is an
important and substantial part of the work. Next to evolving new ideasfor the behavior
the implementation requiresextensive tests and error analyses.Specially the analysisof
the resultsof the tests is di±cult to manage,becauseof the many sourcesof errorswhich
the behavior o®ers. In addition to errors in strategy or generalerrors in the code the
behavior causeproblems with wrong sensorinterpretation. For the development of an
e±cient behavior it is important to verify the correct evaluation of sensordata the Aibo
getsduring tests. A wrong analysiscan pretend or cover bugsin the strategy. According
to this problem it would help the developer to seeall important sensorand world data
together on the screen.The comparisonof thesedata enablesthe estimation of possible
causesof errors in the behavior. A correct interpretation of the sensorand world data
eliminatesoneof the possiblesourcesof errors.

Robot Control provides the Log-Player. The Log-Player supports recordingof log¯les on
the Aibo and playing them in Robot Control. Every sensorand world data of the robot
can be stored in a log¯le and for this reasonbe usedfor debugging. This debug-datais
called on Robot Control with debugkeys. The Log-Player is limited to record and play
the log¯le of the current selectedrobot instead of all playing robots. This is satisfactory
for example to calibrate a new colortable, but according to the description above it is
inadequatefor debugginga new behavior.

For behavior debuggingan enhancedlog¯le player is neededwhich maintains the support
of up to four log¯les. This extension would cover a whole team which is neededfor
developing the teambehavior. The addition of support for the four opponent Aibos is
not neededbecausethe development of a new behavior is tested in gamesagainst the
old tested behavior of last year. Furthermore, comparisonwith reality is helpful for the
developer. It helps ¯nding errors in the world model. In someoccasionsall Aibos su®er
from the sameerror and without an imageof the real world model theseerrors would be
undiscoverable. According to this it is necessaryto have a videoof the testgamerecorded.
Helpful is a ceilingcamerawhich providesan overviewof the game.Additionally the world
model data in Robot Control is shown from a similar point of view. The comparisonwith
a ceiling camerawould be much easierthan with a normal camerawhich only ¯lms parts
of the playing ¯eld.

The project group attended to this problem and developed the World State Player. The

85
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World StatePlayer is an enhancement of the Log-Player. The World StatePlayer supports
the recording and playing of up to four di®erent log¯les. In addition the play back of a
video and a mergedworld state of all four log¯les is maintained. The mergedworld state
is helpful for the comparisonwith the video. It providesthe sameview asa ceiling camera
and shows all world model data on the ¯eld, but many times this ¯eld is too complex.
According to this each log¯le is alsoshown separatelyon a separate¯eld in the window.
The World State Player providesa toolbar with additional functions. Next to playing and
recording it supports the skipping of frames in the log¯les and video and a slidebar for
direct point accessin the log¯le. Next to the toolbar four text¯elds contain the current
time stamp of each log¯le.

8.2 Demo Stic k

Nowadays scienceconsistsnot only of research and publications, but also of explaining
and legitimating itself towards the public. Additionally and in correlation to thosepub-
lic relations young peoplehave to be enthused for scienceto build the next generation
of scientists. Thereforewe have to present our research topics in a more attractiv e and
pictorial way, abstracting from scienti¯c complexity and details and using more or less
self explaining demonstrations.Thesewere the reasonsthat led us to the creation of the
demostick1. It is a non interactive program which shows someball handling abilities of
our robots. The spaceneededby the robot whenexecutingthe demostick is rather small,
thus it can be run on educationalevents, pressconferences,exhibitions, etc.
As an eye-catcher the robot is able to put the ball on his back and to juggle with the ball
in this position. Sinceall the spectacular movements are localized it makes it easyfor
photographersto get somegood shots for their newspapersor tv-reports.
Of coursea prede¯ned sequenceof movements, even if it is quite spectacular, isn¶t so-
phisticated science. But pictures which illustrate headlinesof our ¯eld of research, like
teaching robots to play soccer, can help to get the attention neededto gather interest in
the public.

8.3 Walking on a Leash

Another nice demonstration of our research is a robot walking on a leash. Actually the
used technique is a spin-o®of the open challenge. In the challengewe used a kind of
feedback loop to stabilize the headposition of a robot while biting into the rail of the cart
and moving. Usedfor walking on a leash the dog starts turning when the leashand thus
the headis moved to oneside. Additionally we extendedthis feedback loop by a vertical
component which is usedto control the walking speedof the robot. As the headis lifted
by pulling the leashthe robot increasesits speedand if the leashis releasedand thus the
headis loweredthe robot decreasesits speedagain.
Like the demo stick walking on a leash is a bene¯cial demonstration to draw someone's
attention to the ¯eld of robotic research and especially to encouragechildren to focuson
robotics and sciencein general.

1a stick is the memory media of our robots
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