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DISTRIBUTED TEAM FORMATION
FOR ROBOT SOCCER

SUMMARY

The field of multi-agent systems (MAS) has been an activearebearea for the last
two decades. Multi-agent systems consist of intelligeetégand their environments.
Although multi-agent systems can include environments wobots or humans, they
mostly refer to software agents within the software simatet. Researches on
MAS mostly focus on obtaining better results with multiptgeats in communication,
multi-agent learning, coordination and cooperation thagle agents.

RoboCup competitions are suitable testbeds for multi-egyestems. Annual RoboCup
competitions consist of various leagues such as roboticesdeagues in different
sizes, soccer simulations in both 2D and 3D environmenb®tn@scue environments
and at home leagues. Specifically, simulation competitazessuitable for analyzing
complicated team strategies in the face of realistic cairgs such as limitations on
observability, communication and teleoperation. As of RORoboCup 3D Soccer
Simulation League (SSL) hostédk 9 agent games ont x 21 m field and is a good

example of simulations with constraints mentioned above.

Just like real soccer games, the main objective of a humasumder team is scoring
goals against an opponent team. Efficiency of cooperatian isiportant key factor to
win a game. There are mainly two behaviors which involve evafion issues, namely,
passing the ball to a teammate or spreading out to the fieltagftp gain control of
the ball whenever needed. Both behaviors require agentsitodppropriate positions
to achieve the desired outcomes. These positions usuddlpdpeo special formations
which may dynamically change their shapes for differeniagibns during a game.
The performance of the overall team is highly dependent esdeladaptive formations
and the corresponding positions of robotic agents. Contmhuman soccer games,
there are not generic formations for humanoid soccer eslbpebecause these are also
dependent on the underlying motion model. Therefore, thefsaobility constraints
of a team plays an important role in the selection of an appatgpteam strategy.

The purpose of this thesis is to present efficient team gfiegavhich consist of two
important parts: role allocation and team formation of therds in a simulated soccer
game. Experiments are set in the RoboCup 3D SSL environi@ensgpark. Different
methods for role allocation and team formation are develoged compared with
previous works in the area, in terms of ball possession alhgadsition.

The methods developed in this thesis mainly aims distribatecisions to be made
by the agents for the team strategy and to keep computatawsas at minimum.

Robustness of the method against the communication faiigranother issue and it
is also considered in the development. Experiments aresatdlyze the developed

XVii



methods and some earlier methods. Some of these earliepdsetise supervisors
while some of them make autonomous decisions. Results diadam strategies
with distributed decisions for team formation and role editton outperform the

existing methods.
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ROBOT FUTBOLU ICIN
DAGITILMIS TAKIM FORMASYONU

OZET

Coklu etmen sistemleri son yirmi yilda oldukca aktif bir gtrama alani olusturmustur.
Etmenler, belli hedefleri gerceklestirmek amaciyla otarkararlar alip uygulayabilen
bilgisayar sistemleri olarak tanimlanabilir. Etmenledéferini gerceklestirmek icin
bulunduklar1 ¢cevreden duyulariyla algiladiklari bilgilg6z 6ninde bulundurarak
kararlar alip bunlari eyleme donustururler. Akilli etfexden olusan ¢oklu etmen
sistemleri robotlarin veya insanlarin buluducevreleri de kapsamasinajnaen,
cogunlukla yazilim etmenlerini barindiran benzetim ortamigin gelistiriimektedir.
Coklu etmen sistemlerinde etmenler karar verirken, bulidadi cevrenin yanisira
diger etmenlerin davranislarini da g6z o6ninde bulundurmakindadir. Bazi
hedeflerin gerceklestirilebilmesi icin@kr etmenlerle iletisim kurarak birlikte hareket
edilmesi gerekmektedir. Coklu etmen sistemlerindekstananalar cgunlukla birden
fazla etmenle iletisim, coklu etmengtenmesi, organizasyon, uzlasmagdedmis
problem ¢6zimi, hatalara karsi dayanikllik, koordimasye isbirlgi gibi konularda
tek etmenli sistemlerden daha iyi sonuclar elde etmegeigtasmistir.

RoboCup yarismalari c¢oklu etmen sistemleri icin uygunasia alanlardir.
RoboCup organizasyonu 1997 yilinda kurulmustur ve ké&gitegorilerde dizenledi
yarismalarla yapay zeka konusundaki calismalara ilgifirmayr amaclamaktadir.
Her yil dizenlenen RoboCup yarismalari farkl boyutlaxzot futbolu, 2 boyutlu ve
3 boyutlu ortamlarda futbol benzetimi, robot kurtarma oviar1 ve ev uygulamalari
gibi cesitli dallarda ligler icerir.  RoboCup’in temel hefd 2050 yilinda FIFA
Dunya Kupasi'ni kazanan futbol takimini yenebilecek tam@a@tonom insansi robot
takimini yaratabilmektir. Robot futbolu yarigsmalarirbazilari ¢esitli boyutlarda
insansi robotlarla (Standart Platform Ligi, 3 boyutlu foitbenzetim ligi vb.) bazilari
ise insansi olmayan ve daha hizl hareket edebilen robmt{@rta boyutlu robot
ligi, kiicik boyutlu robot ligi vb.) yapiimaktadir. Bazi lgyde yarisan takimlar
robotlarini kendi tasarlamaktadir. Bu tir liglerde taktnatejilerinden cok mekanik ve
teknolojik 6zelliklerin kullanimi énemlidir. Standartd&form Ligi ve 3 boyutlu futbol
benzetim ligi gibi liglerde ise tim takimlar 6nceden belimnis standart robotlari
kullanmak zorundadir. Bu yuzden bu tir liglerde birden dagtmenin birlikte ve
uyum iginde hareket etmesini@ayacak stratejiler onem kazanmaktadir. Ozellikle
benzetim yarismalari, gozlem, iletisim ve uzaktan yindasitlar gibi sinirlamalara
sahip karmasgsik takim stratejilerini incelemek icin oldakuygundur. RoboCup 3
boyutlu futbol benzetim ligi yukarida belirtilen kisitirsahip benzetimlere iyi bir
ornektir ve 2011 yil itibariyld4 x 21 m boyutlarinda sahadax 9 etmenli oyunlara
ev sahiplgi yapmistir.  Onumizdeki yillarda teknik gelismelerl@likte etmen
sayilarinin her takim igin 11’e ¢ikariimasi, saha boyutiargercek futbol sahalarinin
boyutlarina genisletiimesi hedeflenmektedir. RoboCupo@ubu similasyon ligi,
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gercek robotlar yerine bunlarin benzetimleriyle olugtan yazilimsal etmenleri
kullandgi icin arastirma maliyetleri acisindan da ekonomik bpiya sahiptir. Bu yapi

sayesinde RoboCup’in 2050 yil hedefini gerceklestirmeukonda insan futboluna
en yakin stratejilerin uygulanip sinanabil§cgarisma ortami RoboCup 3 boyutlu
simulasyon ligidir.

Gercgek futbol oyunlarinda oldw gibi, insansi futbol takimlarinin ana hedefi rakip
takima kars! gol atmaktir. Verimli bir igbigi sejlamak magi kazanmak icin anahtar
faktorddr. Isbirligi konusunda takim arkadasina pas atmak veya sahaya igandkt
topun kontrolini sglamak Uzere yayillmak gibi iki temel davranis vardiki
davranis da etmenlerin istenen sonucu elde etmeleri gy konumlarda olmasini
gerektirir. Bu konumlar genellikle oyundaki durumlara gdinamik olarak dgisen
Ozel diziliglerdir. Takimin genel performansi uyarlatializilislere ve bunlara ait
olan robotik etmenlerin konumlarina dledir. insanlarin oynady futbol oyununun
aksine, temeli olusturan hareket modelinglidektan dolayi insansi robot futbolunda
genel diziligler yoktur. Bu ytzden bir takimin harekétlikisitlari uygun takim
stratejisini segmede onemli bir rol oynamaktadir. Hizlrdkat edebilen robotlarla
daha genig alanlara yayilarak acik bir takim formasyonguianabilir. Fakat
insansi robotlar ginimiz teknolojisindeki kisitlamagarddolay! ¢cok hizli hareket
edememektedir. Yavas hareket eden bir robot topa sahiptakam arkadasi topu
kaybettginde uzak bir konumdaysa top kontroliiniin rakibe gecmesghep olabilir.
Aksi durumda topa sahip olan takim arkadagina fazla yalrardrobot bu robotun
hareket kabiliyetini diigtrip hata yapmasina sebep alaluL ytuzden birbirlerinin
hatalarini duzeltebilecek kadar yakin ve takim perfornrmardiisirmeyecek sekilde
konumlanmak 6nemlidir. Robotlar, konumlanma sirasindalkeakim arkadagslarina
dikkat ettgi gibi rakip takim oyuncularini da g6z éniinde bulundurahaliRobotlar,
hicum sirasinda rakiplerden uzakta durmaya calisaraip leddeye topu tasima
sirasinda olasi engellerden sakinmalidir. Savunmadaolsatlar rakip robotlara
olabilecek en yakin pozisyona gelmeli ve rakipleri engatek top kontrolindn
kendi takimina gecmesini §amalidir. Takim formasyonu olustururken séylenen tim
hususlarin dikkate alinmasi, futbolun temel amaci olaiprikima gol atma ve afji
gol sayisindan az gol yiyerek oyunu kazanma konusunda takperformansinin en
Ust seviyeye yaklasmasiniggayacaktir.

Bu tezin amacli, benzetim ortaminda oynanan futbol oyunurtdaatamasi ve
takim dizilisi olmak Uzere iki 6nemli parcadan olusan iketkakim stratejileri
sunmaktir. Rol atamasi ve takim dizilisi icin farkh yontker gelistirilmis ve
bu alandaki gecmis calismalarla beraber top konumu vektogroli konusunda
karsilastirmali testler yuratalmustir. Etmenler satiadeki rollerine gore (kaleci,
savunma, orta saha, hiicum) gruplara ayriimis ve oyunaubadunduklari gruptaki
diger etmenlerle uyumlu bir sekilde gorevlerini yerine getleri hedeflenmistir.
Takimda grup davranislari icin savunma ve hiicum seklikdgrup belirlenmis ve
etmenlerin kendi rollerine ait gorevlerin yaninda grubwavréniglarina da yardimci
olacak sekilde hareket etmeleri amaclanmigtir. Etnremigruplara ayrilmasi ile
ilgili farkh yontemler gelistirilmis ve bu ydntemlerirsonuclari incelenmistir. Bu
yontemler rollere atanmis robot sayilarininggenedgi duraggan gruplama, cesitli
durumlarin énceden tanimlapive bu durumlara goére rollerdeki robot sayilarinin
belirlendgi durum tabanh gruplama ve Bayesjrénme yontemini temel alan
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olasiliksal gruplamayi icermektedir. Takimin saha ickid@®numlanmasi ve dizilisi
icin Voronoi diyagramlarini temel alan bir yapi gelidtimistir. Bu yapi ile tim
etmenler dgitilmis bir sekilde kendi konumlarini hesaplamaktadintemi kullanan
her etmen ilk dnce topa ve kendi konumuna gére bir cokgestotmaktadir. Bu
cokgen savunma grubundaki oyuncular icin topla takimindkekalesi arasinda
rakibi durduracak sekilde, hiicum oyunculari iginse toptrafinda konumlanarak top
kontroliini sglayacak sekilde olusturulmaktadir. Daha sonraki agtaretmen, saha
icinde gordigu takim arkadaslarinin konumlarini géz éniinde bulundir&oronoi
diyagramlarinin kurallarina gore ilk olustur@ucokgeni dgistirmektedir. Bu dgisim
kendi cokgenini hesaplayan etmenlerlejeli etmenler arasinda @i parcalari
cizilmesi, dger etmenlerden bu cizgilere paralel cizgiler ¢cekilmesiratel cizgiler
cokgeni ikiye boluntyorsa bu iki parcadan etmeni icererdinnaasi gibi adimlari
icerir. Bu asama sonucunda elde edilen cokge@imlia merkezi etmenin gitmesi
gereken hedefi belirlemektedir. Bu asamalar calisma marda sirekli giincellenerek
dinamik bir formasyonun olusmasi @anmaktadir. Uygulanan yontem sayesinde
etmenler bulunduklar gruptaki @er etmenlere, onlarin hareketlerini kisittamayacak
sekilde olabildgince yaklasarak konumlanmaktadir. Takim formasyomudigirakip
oyuncularla carpismalari engellemek amaciyla bazi esgkinimi yontemleri de
uygulanmaktadir. Saha dizilisi ile amaclanan topun etdaf etkin bir konumlanma
ile top kontrolini ele gecirmek ve top rakibin kontroltinkey onlari durdurabilecek
konumlarda etmenler bulundurmaktir. Gelistirilen yanter belli bir yapi Gzerinde
birlestirilmis ve RoboCup 3 boyutlu futbol benzetim ligkimlarindan beeStanbul’'un
yazilimina eklenmistir. Yontemlerin basarimi RoboCupd@utlu futbol benzetim
liginde yarismakta olan bazi @kr takimlarin yazilimlariyla yapilan maclarla
sinanmigtir.  Basarim Olgutleri olarak topun takimlarat@adan kontrol edilme
yiizdesi ve topun bulundu konumlar incelenmistirilk 6lciit topun etrafinda diru
konumlanmanin basarimini dlgerken ikinci dl¢it topunpaahaya tasinma ytizdesini
incelemektedir. Bu yontemlerle ilgili deneyler RoboCup &ybtlu futbol benzetim
liginin yarisma ortami Simspark’ta uygulanmistir. Gélraraytz olarak da RoboCup
3 boyutlu futbol benzetim liginde 2011'de kullaniimayastenan Roboviz programi
kullaniimigtir.

Bu tez kapsaminda gelistirilen yontemler temel olarak esti@rin takim stratejisi
konusunda ayrik kararlar vermesi ve islem maliyetlersmami seviyede tutulmasini
hedeflemektedir. Yontemin iletisimde olusabilecek stata karsi dayaniklidn da
gelistirme sirasinda dikkate alinmistir. Rakipleriha&indeki dizilisleri, davraniglari
ve stratejilerine goére uyarlanabilir takim stratejilereligtirmek de tez igindeki
calismalarin amaclarindan biridir. Bu hedeflere ulasanaelistirilen yontemin
basarimi cesitli deneylerle sinanmistir. Deneylerritgre yontemlerle literattrde
mevcut bulunan yontemler Uzerinde karsilastirmal alayuratilmustir.  Onceki
yontemlerden bazilari denetci kullanirken bazilarindaestier b&imsiz kararlar
vermektedir. Denetci kullanan yontemler ¢coklu etmen stén cevresiyle ilgili
bilgileri alip incelemekte ve bu bilgileri tum etmenleretinektedir. Denetci olmayan
yontemlerde ise etmenler, ¢evre ile ilgili kendi donanmylia elde ettikleri ve djer
etmenlerden iletisim yoluyla aldiklari bilgileri kullamak tamamen otonom karar
vermek zorundadir. Sonuclar rol atamasi ve takim dizidigi ayrik kararlar veren
takim stratejilerinin 6nceki yéntemlere gore daha iyi gadini gostermektedir.
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1. INTRODUCTION

Multi-agent environments are formed from agents that angallys autonomous,
decentralized and have a local observation view of the syststead of having a
global view. Research on MAS focus on providing efficientusiohs in topics like
coordination, cooperation, communication, learningnhplag, problem solving and
organization, using multiple agents. Particularly, caagien and coordination are the

key topics for multiple agent systems.

Robot soccer [1] is the official game for RoboCup competgioh is also a suitable
test-bed that involves many issues in MAS research. Thereseweral categories
for different robot sizes and types, and also competition2D and 3D simulation

environments.

The motivation behind this thesis is the development of ieffiic cooperation and
coordination methods in the RoboCup 3D soccer simulatisir@mment, Simspark.
The proposed methods can be applied to any other robot secggonment. As
of 2011, 3D Soccer Simulation League is played with two teaingine agents.
Agents are fully autonomous humanoid robots with no sugervexistence. They
have a limited vision of the field and a limited communicatiahility. The

simulation has dynamic noise to make the environment mabstie; actions are
also non-deterministic. These challenges and presencepfnents make the 3D
Soccer Simulation League a good environment to study issuels as cooperative

team strategies.

In this thesis, team formation strategies, role allocasind group behaviors of agents
are investigated, and some methods are proposed for foraimignning strategy in
robot soccer. Role allocations are made with both commtinicand observations.
Two different groups are determined for different purposéshe game, namely
defenders and attackers. Attackers are formed for coristguan attacking formation

around the ball and scoring a goal whenever possible whitnders are for blocking

1



and constructing a defensive obstacle against the oppdeamt. Team formation
strategy for agent positioning is based on a distribute@®or cell approach, where
agents determine their cell discretely. This approach dlffers from the classic
Voronoi diagrams in construction of the cells. With the pyeed approach, agents try
to position themselves around the ball to possess it, bedaisscrucial for winning

the game.

This thesis mainly focuses on building a team formation @yat soccer which can
adapt itself according to opponent behaviors. Contrilmsthile achieving this goal
covers challenges like distribution, less computationratdistness to communication
failures. Proposed Voronoi cell approach provides a teamdtion that positions the
agents around the ball to create a crowded area. Crowdinmarhe ball aids the
team to be able to possess the ball more while carrying itémffponent area. The
algorithm is distributed so each agent executes the metbkeld without the need of a
supervisor. This adds robustness to communication beegeses can stay in the team
formation only using self field knowledge. The proposed atgm’s computational
cost is also kept low. Another contribution of the thesis lisuping the agents for
different purposes. Several methods for this purpose igqeed within the thesis and

they provided adaptive grouping of agents into defendedsattiackers.

1.1 Organization of the Thesis

The thesis is organized as following: Chapter 2 provide&dpaind to present earlier
work in the field. This section covers development environteemethods that are
used in the development. Chapter 3 explains the developad termation method,

giving the details of distributed Voronoi cell constructiand role allocation methods.
Chapter 4 gives the experimental results of comparisonsgrtie developed method
and previous work. Robustness to communication failureskso investigated in this
section. Finally, the thesis is concluded with Chapter 5taeduture work is presented

at the end.



2. BACKGROUND AND RELATED WORK

To develop an efficient team formation strategy for robotceocsome important
issues must be taken into account. Role allocation of agentseate and maintain
group formations, positioning of the agents, planning @irthbehaviors and using
a simulation environment to experiment the methods are gntleem. This chapter
explains RoboCup competitions, the simulation environintieat is used in this thesis

and the related work on the issues that are mentioned above.

2.1 RoboCup

RoboCup [1] is an international scientific initiative, whids founded in 1997.
RoboCup aims to advance the researches in the intelligbotios area. Original
goal of RoboCup is to form a team of robots that can win ag&instan soccer World
Cup champions by 2050. Since 1997, RoboCup expanded irfieatt areas. There
are four main branches in RoboCup organizations curremaiyiely RoboCup Soccer,

RoboCup Rescue, RoboCup @Home and RoboCup Junior.

RoboCup Soccer divides into various branches of leaguesafoid League is played
by robots that modelled with a human-like body structurelaunmhan-like senses. This
league consists three branches according to the size afkrobeen Size, Kid Size and
Adult Size. Middle Size League is played with a regular siasenan soccer ball and
with robots of no more than 50 cm diameter. In this leaguept®ban communicate
via a wireless network. Simulation League consists two ¢iias, 2D and 3D Soccer
Simulation Leagues. These leagues are played by softwargsagnd mainly focus on
artificial intelligence and team strategy. 3D Soccer Sitifeis played by humanoid
agents thus motion models also taken into consideratioalSize League is a highly
dynamic environment. It is a hybrid centralized/distramlitsystem and researches
on this league focus on multi-robot cooperation. Standiatfdtm League (SPL) is

played by identical robots, so software development is tig factor for the success
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of a team. Four-Legged League was the predecessor of SPthwias played by
Sony'’s AIBO robots. AIBO robots are shaped like a dog, and &placed them with

Aldebaran Robotics’s humanoid Nao robots.

RoboCup Rescue competitions are for robot rescue studigsaster scenarios and
are made in two branches: Robot League and Simulation Le&piaot league aims
to increase awareness to the challenges in search and egggligations. Issues like
mobility, mapping, planning etc. are some of the challengéiis league. Simulation
League deals with two main challenges. First one is to emuladlistic disaster
scenarios. Second challenge is to develop intelligenttagsith the capabilities to

be the main actors in a disaster scenario.

RoboCup @Home focuses on developing robotic technologibsahigh relevance to
the future domestic applications. Annual competitionstos tategory are done with
autonomous service robots in a non-standardized homeoamvent, which makes it
similar to real world home environments. Researches on Bopa@Home covers
areas like human-robot interaction, localization and nragpomputer vision, object

recognition and manipulation etc.

RoboCup Junior is made in three different competitions, élgroccer Challenge,
Dance Challenge and Rescue Challenge. Younger studenth whan study at
any school below grad degree can participate in these cigafe It mainly is an
introduction to RoboCup and encouragement for youngelesiisdo keep on working

on robotics.

2.2 Robot Soccer Simulation Environment

RoboCup soccer simulation competitions have two main brasic 2D SSL and
3D SSL. 2D SSL is a competition which the agents are repredesis circles in a
two-dimensional field and have the ability to move, dashp @amd kick. They are
not representations of any real robots and each agent camtexiés own strategy
to win the game. 3D SSL is played by humanoid robots in a sitimasoftware
called Simspark [2]. APPENDIX A.1 gives a detailed inforioat on Simspark.

Visualization of the simulation is provided by a graphicadltcalled Roboviz [3] since



2011. Roboviz also provides some efficient features likengithe ability to reposition
agents and the ball in runtime, changing the play mode anslidigageometric shapes
on the field for experimental issues. Figure 2.1 shows a sshex from Roboviz in a

match.

—
RoboCanes 0:0 | beeStanbul 265.0

Playmode:-PlayOn

Figure 2.1: Screenshot of an instance in a match from Roboviz. [3]

Soccer competitions are run in rcsserver3d, which is the@mwent of Simspark for
three dimensional matches. Simspark provides an envirohfoemultiplayer soccer
games of two competing teams of simulated autonomous huohagents (RoboCup
2011 3D Simulation League hosted 9 x 9 agent games on a 21x¥id).fiThe team
scoring more goals in a ten-minute-long match wins the gaBimspark uses ODE
(Open Dynamics Engine) [4] for physical agent simulatiorNafo humanoid robots
by Aldebaran Robotics [5]. The real Nao robot has a heigh7adr, a weight of 4,5
kg and 22 degrees of freedom. The robot is equipped with apsensors including a
gyroscope, an accelerometer and a force resistance paroepeach foot. Simspark
can simulate all these features and model some realistitations including sensor
and actuator noise. Figure 2.2 shows the real and simulatstw of Nao robots. The
simulator also provides limited communication among retbtough special effectors
and perceptors and visual information in the form of noisstatice and angle values

for the objects in the viewpoint of agents.
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Figure 2.2 Nao robot simulation on Simspark (left) and real Nao robigihf).

Field dimensions of rcsserver3d are 21 m by 14 m. Goals are y.0.6 m and have a
height of 0.8 m. The ball has a mass of 26 g and a radius of 0.0&ams don’'t have a
supervisor and agents have to localize themselves acgaalifag information that is

recieved by the game server. There are eight flags which argqred on each goal’'s
left and right posts and corners of the entire field. Agentel@120 degree angle of
view that is provided by their camera on their heads and drypblar coordinates of
the flags they see are retrieved at a given time. Figure 2 ®sskite rcssserver3d’s

field plan.
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Figure 2.3 Field plan of rcssserver3d [2].

Some rules of humanoid soccer are different from real sadwerto the limitations of

mobility of agents. At present, fouls are not penalized i RoboCup 3D SSL but
6



crowding the ball. According to the crowding rule, at mosotplayers are allowed
to be in the 0.8 m radius circle around the ball; only a sindgegygr from a team in a
circle with a radius of 0.4 m and at most two teammates in decwith a radius of 1

m. Failure to comply with either of these rules results in gosgtioning of an agent
out of the field. All these rules should be taken into accoarthe team strategy for

avoiding any penalties.

2.3 Multi-Robot Team Formation Strategies

Dynamic team formation problem has been investigated ifieeavork for both
humanitarian and military applications ( [6], [7]). Sucsks results of these works
have been used in RoboCup environments as well ( [8], [9]]){10Multirobot
coordination approaches used in RoboCup environmentshynme$y on continuous
communication among agents. However, RoboCup 3D SSL dogsavide a

supervisor and communication among agents is limited.

Several team formation algorithms were applied in RoboGCagrer competitions

( [11], [22], [13], [14]). [11] use Voronoi cells to positioand distribute players in
the field for RoboCup 2D SSL. Voronoi diagrams are named #fieemathematician
Georgy Voronoi, and consist of a given space and a set ofmedip) that are shaped
according to a set of point®,). Voronoi diagrams can be defined as follows: each
point p; in the space have a regiof and a region is associated with all the points
where the distance with; and the other points ip, are equal. Using this approach,
each region of a point has the same distance to the otherspairthe given space.
With the method in [11], each agent calculates its own Voraeth and moves to the
center of its own cell. Figure 2.4 shows the main cell calwoaalgorithm of [11].
Dynamically calculating the cells ensures that agentsesciroughout the field. After
the distribution is achieved, agents move to better posstlony attraction vectors and
calculate their Voronoi cells dynamically to be distribditie the field again. Even
though this method is efficient for fast-moving 2D soccerrageslower humanoid
agents in 3D SSL should maintain proximity to each other geoto gain control of

the ball quickly when it is lost. Therefore, distributingethgents throughout the field



may not result in the desired outcome in 3D SSL. Figure 2.5vshbe progress steps

in calculating the Voronoi cells with the method in [11].

// Input: an agent indexed 1
// Output: a polygon (cell) as the Voronoi Cell of input agent
// Consider the entire field as the initial Voronoi Cell of i
cell; < all the field
Point P; < position of 7
for all agents 7 # 7 do
Point P; « position of agent j
Line L « perpendicular bisector of P; and P;
Intersect L with cell;
if L intersects cell; in 0 or 1 points then
Continue
end if
// L cuts cell; into two polygons (left and right)
Polygon celly < right polygon
Polygon cell; — left polygon
if celly contains P, then
cell; — celly
else
cell; — celly
end if
end for

Figure 2.4 Voronoi cell calculation algorithm in [11].

The approach in this thesis uses Voronoi cell decompositsan [11] but differs from
this approach by its initial frame construction and its ddbpity based on the ball
location. The objective is not spreading out all playerstanfteld but constructing a

formation around the ball to easily possess it wheneveripless

[12] propose Dominant Region (DR) diagrams to create a fdona DR diagrams
look like Voronoi diagrams, but the required calculatiorbaésed on the arrival time
of all agents to their future positions. Each agent formseation based on an area
where it can reach to faster than its teammates. Players oaa im their regions in
order to be positioned on the field. With this approach, thenagvhich is closest
to the ball approaches to the ball and the others can follomhite staying in their
dominant regions. To calculate full diagram that covers e¢hére field needs an
excessive computation, so rough calculations are sugyyest¢l?] to decrease the

computational cost. Figure 2.6 shows the results of fultwation and the rough
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Figure 2.5 Steps of the progress in Voronoi cell calculation of [11].

calculation for an instance. This method can be useful in 8Bdnoid soccer but
needs a supervisor or a high communication bandwidth amungdents to calculate
a general DR diagram. Therefore, it may not be suitable feirenments with limited

communication.

(a) Detailed calculation (b) Rough calculation

Figure 2.6: Dominant Region diagrams with full and rough calculati¢i.

Situation Based Strategic Positioning (SBSP) [13] is asottbam formation approach
which uses game information including the current positibtine agent and its current
role, the selected formation for the team and the positidnstizers. Maintaining

this information, agents move to their positions accordmgheir roles. Figure 2.7
shows some positioning examples according to the ball ipasthat are provided

in [13] This method requires dynamically assigning roleshe agents during the
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game. SBSP suffers from a complicated rule-based algorithmeach a final
formation in non-deterministic and noisy environment® llRoboCup 3D SSL due

to the computation requirements.
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Figure 2.7: Situation based positioning examples according to thatagées and ball
position [13].

[14] propose a Case-Based Reasoning (CBR) method to positeoagents. Cases
represent both the action sequences and the formationsipynkethe game situations
including positions of the agents, game time, current setee CBR is an applicable
formation method but in some of the CBR methods, the casaddhe hand-coded
before and usually the number of them is limited. Some of tAR @pproaches update

their case libraries in runtime to modify cases but this isstly process.

2.4 Role Allocation

[15] presented a distributed play-based system which squoipots with plays. A play
refers to an alternative team strategy. With the play-baskdassignment algorithm
robots autonomously adapt their strategy based on thentwtage of the environment,
behavior of the opponents and the game. This method assigsto robots in a
fault-tolerant manner that minimizes role switching andayonization problems. It
puts high priority on the communication of task relevanteddthe contributions in [15]
are used in RoboCup four-legged league (Two teams of fouy &0 robots against

each other in a soccer game) in 2005 by CMDash team.
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Instead of mapping between states and joint actions, [16Vige a play-based
approach, which consists of plays. Plays provide set obraésigned to the robots. A
play specifies a plan for the team under applicable conditaord provides sequence
of steps for the team to execute. Weights of plays should laptad to match an
opponent. Also the team can change plays relying to scofreedirhe left in the game.
Three important things in this approach are applicabildgpditions, role assignments
and weights for play selection. Applicability conditiornisosv if a play is usable for
execution. Each condition is a conjunction of binary prati#s. Plays with the greatest
weight are chosen and in each play robots are assigned tofjgie roles. When
a play is selected, it continues until a new play with a greateight is available
or the current one is no longer applicable. To prevent rapahges between plays,
applicability conditions shouldn’t rapidly osscillatetive@en true and false (e.g. time
and game score can't rapidly oscillate so they can preveid changes between plays
if they are selected as applicability conditions). Figu&shows an example play used
by [15]. In this “guard” play, robots play more defensive.tidonceding a goal is more
important than scoring a goal. This play is applicable whenteam is winning and
has less players than the opponent, or the team is winningidygoals or more and
second half is played currently. ROLES tag shows the rolgasgents according to
the current count of teammate robots and WEIGHT tag showpl#yes weight value
(3 for guard play). Play selector algorithm of [15] is exesmion the team leader robot.
Play selector selects the play to be performed. The leadadbasts the current play
and the robots’ roles periodically. If a robot can't hear breadcasted play due to
failure of the team leader or a network problem, it runs aulefalay selected before.
To avoid executing this less efficient plays, team leadeukhbe changed in failure

situations with a leader selection algorithm.

PLAY Guard

APPLICABLE winning fewerPlayers

APPLICABLE secondHalf winningBy20rMoreGoals

ROLES 1 Goalkeeper

ROLES 2 Goalkeeper Defender

ROLES 3 Goalkeeper Defender Independent

ROLES 4 Goalkeeper Defender Midfielder Independent
WEIGHT 3

Figure 2.8 An example play from the playbook in [16].
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2.5 Group Formation and Planning

Forming groups with different purposes in the team of agestslly results in a better
team performance. [16] introduce a method which coordstite agents within each
group by explicit communication. Forming groups with opdinmumber of agents
can prevent unnecessary crowds. Therefore, agents inmatiffgroups can achieve
multiple tasks which might help completing those tasksefiastWhile inter-group

communication is kept limited, intra group communicati@mands are high.

[14] presents a case-based approach for cooperative aziention, which relies
on storage, retrieval and adaption of example cases. The foeais is on cases of
coordinated attacking passes between robots in the presdémefending opponents
in a robot soccer game. A case describes the state of th@emant and the actions
to perform in that state. Case representation is distilgadidetween controllable
and uncontrollable indexing features corresponding tgtstions of ball, team and
opponents. Uncontrollable features are opponent positm the continuous ball
features. Controllable features are teammates’ posidodghe cost of moving robots
from current situation to match the case. In Case-BasedoRemscases are recorded
and state of the world is modeled at a given time and a sudassion is prescribed.
Solution description in the cases indicates which actitvesrobot should perform.
Retrieval process assigns robots to actions and then tha shiares its individual
intentions to act via coordination mechanism. Case redliand reuse steps are done
with robots’ communication and sharing their internal esaand actions. Figure 2.9
(a) shows an example case and it's symmetrics in the work 4f [Eigure 2.9 (b)
describes the case representation P (B: ball position, GI'$sS@lour, Tm: Teammate
positions, Opp: Opponent positions), Solution Descriptand case scope K. Case
scope gives two radius values to shape an elliptic area éogitten elements of a case.

If that element is inside its scope, than that case beconpEalple for planning.

In [17], Degree of Possession notion is used with case-basasoning, which
measures the nature of possession and who possesses tidba#l degrees added to
the case similarity measurements for case selection. Hnergx degrees with integer
parameter values. Three degrees are considered as nopgasponent’s clear control

of the ball and team’s clear control of the ball with apprafgiparameters. The other
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Figure 2.9 An example case and it's symmetric cases in [14].

three are the same considerations but with a scrum in positmt a clear position. So
the latter three has lower Degree of Possession valuesd$ersiailarity. [17] divided
the soccer field into 30 regions. The purpose of the team isngdvom region 0

(team’s goal) to region 29 (opponent’s goal) with reasomabkes.

[18] used case-based reasoning within an adaptive manmehisl work, agents are
taught with the behaviors of agents from previous matchegjuke match log files.
The agents calculate a case distance value for an instaramaripare with it's case

library and tries to use the most similar case with the otigena

[19] used a method similar to [14] but added some featuresases instead of
just using positions and scopes. These features are obhttineugh observations
and used in case representation. Some features from [19kar&efenders back"
which holds the number of defenders in defensive zone, C&feimbalance™ which
holds the difference of numbers between team defendersramp attackers and team
attackers-opponent defenders and "effective attackehsthwholds the number of

attackers that can affect the game.

In [20], a hybrid method of case-based reasoning and gealgiicithms is proposed.

Figure 2.10 shows the structure of the hybrid approach ih [R@presented cases are
evaluated with the conventional genetic algorithm to obtaetter cases. If genetic
algorithm gives a good result, that case is stored. Casevatrand reuse steps are
performed after the genetic algorithm. In this hybrid methbere is also a rule-based
structure for robustness. Rules are given by humans ane ibéist retrieved case is
under a threshold value, a plan from the rule base is selémtedrforming instead of

the case.
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Figure 2.1Q The structure of the hybrid approach [20].

[21] used Petri Net Plans (PNP) [22] to design cooperativeabers for robots, based
on Joint Commitments Theory [23]. Joint Commitments Thesays that a set of team
members are committed to the execution of a cooperativevimhand they should

continue their individual action until one of the these atinds come up: behavior’s
conclusion with success, behavior becomes irrevelant bawer’s conclusion is

impossible. Petri Net Plans are basically a tool for gragphiepresentation of
plans, based on Petri Nets [24]. Petri Nets are behaviowseptation frameworks
allowing the design of highly expressive plans in dynamartiplly observable and
unpredictable environments. They include actions andsitians for representing
a plan. To increase modularity and readability, sub-plaars e used in PNPs. A
sub-plan is used in the main plan as an ordinary action bigentthere is also a set of
actions. So when a transition for a sub-plan is executednitisl place is reached.

With the sub-plan’s end transition, a transition to anotpkice in the main place
occurs. Multi-robot plans can also be represented in PNRgleSrobot PNPs with

synchronization constraints between different robotsnfar multi-robot PNP. There
are two operators for synchronization: hardsync and soétsyHardsync relies on a
single robot sync primitive, and it creates a communicaliiok between two robots

to exchange info and synchorinze the execution. Softsyesmbneed a single robot
sync primitive, each robot notifies the other one if they endetion and unless the

notify comes, robots continue to do other tasks to wait tikemobne. [21] combined
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PNPs with Joint Commitments Theory to create a PNP basedaedadesign for
passing between robots. Figure 2.11 shows the multi-roNét for passing behavior

in [24].

Figure 2.11 Multi-robot PNP for passing behavior. [21]

2.6 Allocating Required Number of Robots for a Task

In [25], gathering with multiple robots in a place probleminsestigated. Robots
have four different states which they perform differenkgaswvait, look, compute and
move. "Wait" makes the robots idle and not perform anythinglook" state, robots
observe their environment. In "compute” task they computé their observation
inputs to calculate the destination. In "move”, they movéh&ir calculated target. In
this approach, robots observe the other robots and decileyifare the most suitable
one for a task. If all the tasks can be done faster by the otimuts, it starts to
observe the environment to find another task. If the robditcstn’t find a task, it
becomes idle and waits for a task but after a given waiting fithey start to observe
the environment again. With this approach, required nurabxabots for the gathering

task is determined discretely by the robots.

[26] proposed an auction mechanism for task allocation iestue domain. The
environment is a disaster area and there are several fireeeomap of the area.
Fire brigade agents calculate time cost to help the burnirigibgs they could help.
All costs from the agents are send to an auction mechanisgurd-2.12 shows the
auctioning for fire brigades in an example disaster area. duwion mechanism
allocates fire brigades to the fires and ensures to reach maxmumber of burning

areas, all of them, if possible. Second priority of the medra is to select the fire
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brigades with the least time cost for an area. With the giwerdiions, task allocation

of the agents is planned to be achieved with the optimum nuoftibem.

{(A,B,10),
(D.E,7),
(B.4)}

{(C.D,E,12),
(A7), (C4),
(CES$)}

{{A,B,C,14), (C)D,9),
(B.,E,10), (B, 4)}

{(B,D,6),
(C.3),

Bidder5 {(A,E,7), (E4),

B.4)}

Figure 2.12 Auctioning mechanism of fire brigades in [26]

[27] proposed a probabilistic robot count selection for atflef robots. Later they
used the algorithm in their work for deployment strategyj [#Beet size is determined
with energy and time constraints. In some situations robatshave low energy and
recharge might be needed. This energy constraints are aafeithe algorithm with
a probabilistic distribution and robots decide on taskssatering the energy level

probabilities and the time costs for doing a task.
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3. DISTRIBUTED TEAM FORMATION

The proposed distributed team formation strategy invofees sequential processes
to determine a target for an agent. Figure 3.1 presents them@dules for the team
strategy. Initially two groups, namely attackers and deéégs, are formed by using a
group formation strategy [29]. The role of each agent isri@tged based on these
groups. The attackers group involves the forward and thdiehdér agents while the
defenders group involves only the defender agents. Thetimddprmation method in
this thesis relies on the construction of Voronoi cells,ahlare generated distinctly by
each agent that has the role of midfielder or defender. Theexseaof these cells form
the initial targets for these agents. Target locations aadified by applying Potential
Fields Method [30] for obstacle avoidance and path planridegause controlling the
ball is crucial in soccer, its location is used in cell inization and forming groups.
All agents except goalkeeper continuously send their tiostscto control the ball and
they decide on the forward agent role according to the inngmost information and

a self-calculation.

Field Knowledge

\ 4
Voronoi Cell | Group Formation
Construction | Method
¥ AGENT
Obstacle Current Target
Avoidance with P Position
Potential Fields Calculation

Target Position

Figure 3.1 General structure of the distributed team formation metho
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The Partial Fourier Series (PFS) model is used as the motmaehfor RoboCup
3D SSL beeStanbul team software [31], which is also used perxents for the
methods proposed in this thesis. Different types of bodyiongt including straight
walks (forward, back, diagonal and side walk), inward tuonfward turn, rotate,
kick and stand-up are available for agents. Figure 3.2 shbe/sverall two-layered
software architecture of beeStanbul team [32]. Serverrlages rcssnet library for
communication with Simspark server, which is also provitlgdSimspark. Agent
model layer uses the abilities of agents to localize thewesebn the field, create
strategies and plans, process the information about theoenvent and move along
the field.

SimSpark
E

/ Server Layer \
I |
l |
| Server |
| Parser .. |
[ Communication |
| > > |
l |
| /
N 1. -—————_ e /

—-—_ -t - -—--—---—-"-----"—----—-—-—--—--—---------rF— - - —_-"—_—-_-—- N
/ Agent Layer

y

Agent
Communication

-~ - LI E

> Behaviour

World Model [ Agent Model » Walking Engine

a

>

> Planner

y

4

Vision

h 4

Team Strategy —

Localization

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Figure 3.2 Overall software architecture of beeStanbul team [32].
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Based on the assigned role of an agent, the correspondinggslés activated. Each
plan has a set of behaviors which activate a set of motiongur€&i3.3 shows the
decomposition of an example plan (dribble-to-goal) for gard that has the forward
role. In a plan, lower level components are hierarchicadiyvated by selection at a
higher level. At the lowest level, primitive actions areestéd and the corresponding
motion commands are sent to the server. In low level comjonistmessages received

from the server are parsed, refined and passed to the higle&s s useful information.

Role »> forward

'

dribble-to-goal

Plan

\ 4

move-to-target | dribble-to-target

Behaviors

\4

kick-to-goal

inward
turn

diagonal walk

outward side walk kick
turn

Motions

forward walk stand-up
rotate

backward walk

Figure 3.3 The decomposition of an example plan for an agent that rexfotiward
role.

There are three different planners designed for four difieroles. Forward planner
uses a FSM that moves to the ball regardless of the teammateshwoses an
appropriate action from kick and dribble behaviors. Goafler planner always stays
in team’s penalty area and tries to form an obstacle agapmireents to prevent them
from scoring. Final planner is a FSM both used by defendedshaidfielders. Figure
3.4 shows the FSM for midfielders and defenders. Only diffeeein the FSM for
both roles is the target calculation using Voronoi cellsichtwill be explained in this

chapter.
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Figure 3.4 Finite State Machine for the agents with midfielder or dd&nrole.

3.1 Group Formation Methods

The current setup of the RoboCup 3D SSL involves nine teayeptan each team.
A single player is assigned to the goalkeeper role. Theegjyain this thesis divides
the rest of the team into two groups, namely, defenders aadkatrs, for offensive
and defensive strategies. Attackers are formed for coctgtigian attacking formation
around the ball and scoring a goal whenever possible. Thiggnvolves the forward
agent and the midfielders which usually target to controllikk and score a goal.
Defenders are formed for blocking and constructing a défensbstacle against the
opponent team. This strategy prevents the opponent teamsitoring. Two different
methods are used to achieve group formation, namely staticcase-based group

formation.

The maximum bandwidth for RoboCup 3D SSL agents is 20 bytessfich cycle which
can be used by a single agent. This communication channddeaised by a single
agent to send role assignments for group formations. Thikegper is selected as the
captain of the team because it has the widest line of sigliteofield. The time period
to communicate is shared effectively by each agent. Thekgepkr is responsible to
send group formation messages according to the resulteatabe-based grouping
method while other agents send their costs to reach at thedsition. If agents fail
to communicate with each other, they behave according tofielel knowledge and

observations.
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Figure 3.5 shows each agent’s role selection strategy andkitision for joining to
a group (¢ i*" lowest Euclidean distance between the ball and the agerttsein
viewpoint, d: Euclidean distance between the agent and aliglb the maximum
number of attackers). The agent that is closest to the bsifjas itself the forward
role and directly looks for ball possession to score agahestopponent. The other
agents in the attackers group take midfielder role and fotloevforward agent in a
close proximity for handling passes or failures. The deéeagosition themselves
at a distance behind the ball to defend the goal. Goalkeapgmeiously sends the
ball position and the numbers of the teammates that are goibg in attackers group
according to the case-based grouping method. If a playesshsanumber in the
latest message string, it positions itself as one of thelkata. Otherwise, it takes
the defender role. If the goalkeeper fails to send messagbe tothers due to falling
down or any other reason, it sends a failure message to infloem. If the other
players don’t hear any messages or hear the failure medsayeact on their behalf
through observation. In this case, five players closestad#il assign themselves the
attackers group and three players the defenders group atia stanner. If a player
observes five teammates that are closer to the ball than, itsatts like a defender
and uses a defensive Voronoi cell calculation method. lrofiposite situation, it acts
as either the forward agent or a midfielder agent. Midfieldgnés calculate Voronoi

cells to determine their targets while the forward agereatly targets the ball.

3.1.1 Static group formation

This group formation method is used to have a fixed number @ih lattacker
and defender groups. In this method, there are five attackmisthree defenders
regardless of the game situation. These numbers are datginaiccording to the
previous experiments and don’'t change in runtime. Goakkesepnds messages of
five teammates that are closest to the ball. Closest one @iffthbecomes the forward
and rest of them are assigned to midfielder roles to condtrattVoronoi cells. Three
teammates that aren’t on the attacker message are assgdeteaders and calculate

their defensive Voronoi cells.
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Figure 3.5 FSM for agents’ group formation behavior according to e captain
messages or observations.

3.1.2 Case-based group formation

A case-based group formation method [29] is used to detertheanumber of defender
agents and midfielder agents dynamically. Since two agemtsassigned to the

goalkeeper and the forward roles, the remaining seven sgeatto be assigned to
these roles. Instead of using a predetermined number feethades, a case-based

method is applied to determine the best separation.

The current game score and the positions of agents and tharealonsidered in the
problem description of cases. The general structure okdaséown in Equatio(8.1).

Each case corresponds to a certain number of agents forddefeand midfielders.
For example, if the team is losing in the middle of the gametemayers could be
assigned as midfielders to tie the game with more attackertsgdnile taking the risk

of conceding a goal.
Case= (Ball Position Game ScorgAgent Positions

(3.2
Number of midfielderdfNumber of defenders)

The case library initially involves 12 predetermined casésch are allowed to be

modified in runtime according to the success of applying them

22



3.1.3 Probabilistic group formation

Adaptivity against opponents is beneficial in robot soccéiraining the agents
with information from previous experiments can provide eeuitable decisions for
group formation. To achieve a team that adapts itself agogrtb the opponents,
a probabilistic learning model is implemented. An iteratprobabilistic learning
algorithm based on Bayesian reasoning is used for this rdethdayesian reasoning,

for hypothesis: and observation:

e P(h) is the prior probability of hypothesis
e P(hlo) is the likelihood probability

e P(olh) is the posterior probability

In the proposed method, the best hypothesis is the one wethitihest probability,
given the observations of the domain. Equati@?2) shows the formula of the
probability of hypothesis:, given the observation set of & is an element of the

set of all the hypotheses on the domain, giveiiias

hlo)P(h)

P(hjo) = 2 n (3.2

SinceP (o) value is the same for all the hypothesis because it is thecuobservation
of the environment, hypothesis with the maximum formulalbafound with Equation
(3.3). This is called maximum a posteriori hypothesis and showherequation below

aShJ\/[AP.

harap = argmax(P(o|lh;)P(h;)) ,h; € H (3.9

For the group selection, there are eight different hypashbscause one agent is
defined as goalkeeper and one is the forward, so the remaeien agents can be
assigned in eight ways (seven defender - none midfielder ne wefender - seven
midfielder). P(h;) is called the prior probability for hypothesis These values are

given to the algorithm at the start of the game and changeseonlith success or
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failure of the hypothesis. Prior values for the hypothesis(®(XdYm) means the
prior probability for X defenders and Y midfieldersf(7d0m) = 0.05, P(6d1m) =
0.1, P(5d2m) = 0.15, P(4d3m) = 0.2, P(3d4m) = 0.2, P(2d5m) = 0.15, P(1d6m)

= 0.1, P(0d7m) = 0.05. These values ensure that extreme situations likgraisg

all the agents for midfielder or defender has a lower proligt@hd has less chance
to be selecteda parameter is used to train prior probability values of hjneses and
defined as 0.007P(o|h;) is the likelihood of the formula and these values are obthine

by training of the team against the opponents.

An initial training phase is executed for learning. Tennmag matches were run
to gather likelihood values. Likelihoods are always updatethin the algorithm,

thus algorithm is still trained while being executed in nm&s. Observations for the
algorithm include the ball position and the positions offbt@#ammate and opponent
agents. Algorithm 1 explains the probabilistic group setecmethod that uses an
iterative learning, which is implemented to the beeStatdmuin software. The method
is called with 2 s periods. In each period a new hypothesigcsdeéd and prior and

likelihood probabilities are updated.

Algorithm 1 takes the ball position, the agent positiond, foasition from last iteration
and seen agent counts from teams. The field is divided ineethix 14 areas and
agent positions are defined according to the area they ara ithe algorithm, prior
probability value for the previous selected hypothesispdated first. If the ball is
1 m closer to the opponent goal than the previous iteratigppthesis is ranked as
successful and it’'s prior probability is increased dyparameter. To keep the total
prior probability value at 1, other hypotheses’ prior proitity values are decreased
by /7. If the hypothesis is not ranked as successful prior prdibals decreased
by o and others are increased by7. After that likelihood probabilities are updated
according to the observations. These values refer to thegu®statistics that counts
percentage of different observations seen before usingdleeted hypothesis. After
the updates, new hypothesis selection phase starts. Ifs@@mate count or opponent
count is below 5, hypothesis with the highest prior valuecieated. If both of seen

agent counts are equal to or higher than 5, hypothesis wathitthest multiplication of
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prior and likelihood probabilities is selected. The hypadis that is selected according

to the second condition can also be called as maximum a pmstgrpothesis.

Input:
Ppg: the ball’'s current seen positigh,, b,)
Pp,: the ball's position from previous updatk,,, b,, )
Pr,: the current position of teammat€yiy;,, pry )
Py, the current position of opponent,i., Poiy)
tc: seen teammate count
oc. seen opponent count
o: combined and encoded observations®f (P, andFp,)
P(h;): current prior probability of hypothesis i
P(olh;): current likelihood probability of hypothesis i
pk : previous hypothesis

Output:
k : selected hypothesis

/1l Prior probability update

if (b;) > (bpz) + 1 mthen

P(hpr) = P(hye) + o

foreach k where k # pk do

end

end

else

P(hyi) = P(hyi) - o

foreach k£ where k # pk do

end

end

/'l Likelihood probability update
13 update P(o|h,y)

14 if tc < 5 0r oc < 5 then

15 | return k where P(hy) is maxz(P(h;))

16 end

17 else

18 | return k where P(hy)XP(o|hy) is max(P(h;)xP(olh;))
19 end

© 00 N O g b~ W N P
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Algorithm 1: Iterative probabilistic learning algorithm based on Bages
reasoning for selecting the maximum a posteriori hypothesi
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3.2 Distributed Target Selection by Adaptive Voronoi Cell Gnstruction

The midfielder and defender agents need to position theesdlw maintaining
close proximity to the forward agent and defending the geapectively. This is
accomplished by a distributed Voronoi cell constructioprapch in which each agent
calculates its own cell independently from that of the athérherefore, every agent

has a differently shaped cell and these can overlap.

In conventional Voronoi diagram computation, Fortune Altfon (FA) [33] is used.
The approach in this thesis differs from FA in the constautf the final cell. The
initial cell is constructed by considering the ball locatend then, iteratively narrowed
down to get the final cell for the agent. In FA, the lines thanstouct the cells
are perpendicular bisectors of the line segment betweenntede locations. In the
approach of this thesis, a line from the corresponding tearaiposition parallel to the
perpendicular bisector is used. The main procedure foritelmlited cell construction

approach for each agent is given in Algorithm 2.

3.2.1 Cell formation

Algorithm 2 takes ball position, current position of the agthat runs the algorithm
and the agent’s teammate positions as input. It also takes trarameters that are
given before for calculations. Those parameters are thpamtiof team’s current goal
line for defensive Voronoi cell calculation, and distarioats for cell initialization and

the crowding rule. Cell initialization distance limit, wdti is represented within the
algorithm, is defined as 4 meters and used to define the lerigtil® edges of the
initial cell and drawn as 2 m to the left and 2 m to the right of #igent. Length

of the other two edges change according to the distance betie agent and the
ball. The reason thdtis defined as 4 meters is to avoid unnecessary calculations fo
the teammates that are far away and also suit to the crowdlagparameter, which

is 2 m. With 2 meters to the left and the right of the agent, géhisrno need for
crowding precautions unless an agent is closer than 2 m. @ingwule distance limit

is represented as in the algorithm and given the value of 2 m, because agent that
is closer to another agent than 1 m might crowd the area antignesl out of the

field as a penalty. With the current motion model, the ageatét change direction

26



instantly. To suit the response time, calculations for ciog rule precautions start
when an agent comes closer than 2 m, which definesitiparameter. After getting
the inputs and the parameters, initial cell is calculatelder® are two different types
of initial cells according to the role of the agent. Defersdéraw a line between their
position and the midpoint of the team goal line center andbidlé position, while

midfielders draw it between their position and the ball posit This line is used for

the initial cell's edge calculations. Two edges are drawralpel to this line with the

same length, one &2 m to the left and one i$/2 m to the right of it. One of the
other edge connects the two other, with being perpenditigactor to the others and
including agent’s position. Last edge connects the remgifiiee corners two each
other and complete the initial cell. The cell structure foe initial cell is stored in

the memory as set of edges for calculations, like the latigrutated cells. After the
initialization of the cell, a loop for each teammate in thewipoint of the agent begins
and alters the cell with the calculations within the loop.tHére is no teammate in
the view point, initial cell becomes the final cell. In eacltleyof the loop, if the seen
agent’s distance is bigger than 2 m., there is no need forveding rule precaution and
a line is drawn form the seen agent’s position where the Brerpendicular bisector
of a line between the agent and the seen one. If the seen aggaser than 1 m and
still not positioned out with a penalty, same line is drawratial to the previous one,
but 1 m away from the seen agent to make the agent back off fnenother. If the

seen agent’s distance is between 1 m and 2 m, the line stihwgrdparallel to the first

one, but it is drawn from where the midpoint of the line betavée agent and this line
is 1 m away from the seen agent. After the line is drawn with @fitbese three rules,
intersections of the line with the current cell is examinédhere is no intersection,
the cell remains the same for the next cycle. If it intersaats the cell, it divides the

cell into two different cell, because shape of the cell isaglsva convex polygon. In
this situation, the cell that contains the agent is seleftiethe next cycle. After all

the iterations in this loop, shape of the final cell is deteredi Center of this cell is
calculated with the average of it's vertice coordinatesis Bimple calculation works
for the convex polygons so it can be used in this algorithrha#t a low computational
cost thus helps the algorithm’s simplicity. Finally the tams altered with Potential

Fields method and this makes a minor change to the cell cemtavoiding collisions
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Input:
Pg: the ball’s last seen positidp,, b,)
P;: the current position of; (piy, piy)
Pg: the midpoint of the team’s goal line
Ps: the initial cell start point
[: the distance limit for cell initialization (4 m)
m.: the distance limit for the crowding rule (2 m)
Output:
cell;, . the Voronoi cell fora,,
c. the center otell;,
t,: target destination afy,
L;: Line betweernl;; andL;,
mp,: Slope ofL;
if agent = midfielder then
| Ps=Pg
end
if agent = defender then
\ Ps = (Pg+ Pg)/2
end
Lg: Line betweenPs and P, (Lo, Ps, Lo = Py)
Lq: Line betweenl; andL,, where (L, L L), Ps € Ly,
11 diSt(Lll, ng) = diSt(Lll, PS) = diSt(ng, Ps) = l/2
12 Lo: Line betweenly; and Lo, where (Ly L L) , Py € Lo,
13 diSt(Lgl, ng) = diSt(Lgl, PS) = diSt(LQQ, Ps) = l/2
14 Ls: Line betweenl,; andL,,, wheremy, = my,
15 L,: Line betweenl,, andLs,, wheremy, = my,
16 createcell;, (enclosed area betweén , L, , L3 andL,)
17 foreach Teammate (a; # a4) in point of view do
18 p: Coordinate to draw line according &
19 L,: Line betweenP;, and P,
20 if dist(Py, P;) > m then

© 00 N o O b~ W N PP
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21 ‘ D = Di

22 end

23 else ifdist( Py, P;) < m/2 then

24 | p=axwherex € L,, dist(z, P;) = m/2

25 end

26 else

27 | p=azwherex € L,, dist(z, P;) = dist(Py, P;) —m/2
28 end

29 | createline Lwherepec L,L 1L,
30 if L intersects cell;, then

31 ‘ cell, = cell; (j € 1,2 and P, € cell;)
32 end
33 end

34 calculate center coordinate afell;, (¢)
35 calculatet, by alteringc according to obstacles using Potential Fields

Algorithm 2: Voronoi cell construction for agem,
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with opponent players. After this alterations, the altezedter cell becomes the target

for the agent and this target is given as output to the agplarsming algorithm.

The time complexity of the algorithm i©(n?) wheren is the number of agents
in the team. Figure 3.6 shows the iterations for calculatimg final cell and the
corresponding target as the center of this cell for agent#g Which is a midfielder
and draws its initial cell according to the ball position. A&ntioned before, only
teammates in the viewpoint of the agent are considered. Tée that is out of
as's point of view is shown as the shaded area. Figure 3.6 (aysltloe initial cell
construction by considering the ball positiaF). In Figure 3.6 (b), (c), and (d), the
cell is modified according to the locations @f, ag, as andag, respectively. The line
for ag doesn’t have any intersection points with the current selif doesn’t make any
changes in the cell. The final Voronoi cell @f is shown with the red frame and the

center of that cell is marked with a red point in Figure 3.6 (d)

Algorithm 2 is used for both midfielders and defenders. Deéea create their cells
with the same algorithm, but their initial cell is calculdtaccording to the midpoint
of the line connecting the ball position and the center otdaen’s goal position while
midfielders use the ball location. Figure 3.7 shows theah{iigure 3.7 (a)) and final
(Figure 3.7 (b)) cells of a defended-{ in defensive Voronoi cell calculation. Grey
point shows the midpoint of the line between the ball and ¢aet goal's center. Red
point indicates the center of the Voronoi cell. Only the lfoea, intersects with the

cell of a7 so the only modification in the cell is caused by it.

3.2.2 Crowding rule

After constructing the cell for itself, each agent deteresithe center of the cell as its
new target. Agents become closer to each other by usingttaiegy, which is more

beneficial for attacking in soccer. However, RoboCup 3D S2lglie have some rules
to prevent crowding an area with multiple agents. Accordmthese rules, a player
is repositioned out of the field if it is in a circle that has dites of 1 meter with two

other teammate players. In order to overcome the situattmrevthere is a teammate
closer than 2 m, the cell is adjusted to keep at least 1 m distaom that teammate.

Applying these alterations on the construction of a cedl,dlstance to any teammate is
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Figure 3.6. Step-by-step calculation of the Voronoi cell foy.

guaranteed to be greater than 1 m. In RoboCup 3D SSL, eachlzagea 120 degrees
angle of view. Therefore, agents only consider the postiohteammates they can
see and the ball’'s last seen position to construct theirndreells. Euclidean distance
is used for distance calculations. Equat{@m) shows the distance formula for two

coordinates A(z1,y1), B(xs,y2)) that is used in Algorithm 2.

dist(A, B) = \/(z1 — 12)2 + (y1 — y2)? (3.9
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Figure 3.7: Initial and final cell for a defender agent|.
3.2.3 Target selection

Agents continually form their Voronoi cells and move towéndir targets. Due to the
distributed calculation of cells, a complete diagram isfoomned. Cells of different

agents may overlap in some situations, but the relevanaptiens taken to overcome
the crowding rule and the Potential Fields Method ensurasstltte targets are not too

close to each other. This approach also protects agentsciothisions.
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4. EXPERIMENTAL RESULTS

Two sets of experiments are set to analyze the performantkleoproposed team
strategy. Experiments are set in the Simspark environneeaintlyze the overall
performance of the approach as compared to existing mettaodks particulary its
robustness to communication failunessserver3d is used for the simulation, which
is the official server software for RoboCup 3D SSL competiiand RoboViz [3] as

a visualization tool.

4.1 Algorithm Comparisons in Terms of Ball Possession and Bition

In soccer game, keeping possession of the ball is one of thékeors for scoring a
goal. The first experiment targets to analyze this issue lamdverage position of the
ball in the field. Ball position fields are determined by diwviglthe 14 x 21 m field
horizontally into 3 equal areas (defense, midfield and fotvaeachi4 x 7 m. The area
next to the team'’s goal is called the defense area, the axttortbe opponent’s goal is
called the forward area and the area between these two feetlde midfield area. The
proposed method that uses group formation with probaicilisarning is compared to
case-based group formation, the earlier method Situatase® Strategic Positioning
(SBSP) that is used in RoboCup German Open 2011 competitiprizeeStanbul
team, the Voronoi cell based method which uses a static grgugirategy instead
of case-based grouping and Dynamic Positioning based oondgorCells (DPVC)
method [11]. In DPVC, Voronoi cells are used to scatter trengégthroughout the field.
In SBSP, each agent has a predetermined role and they shapsgifms according to
predefined positions around the ball based on their roldshé&bpproaches are applied

on the latest motion model of the beeStanbul team software.

RoboCup 2011 binaries of Nao Team Humboldt [34] and FC Paftiegms are used
as an opponent because the motion model of these teams aeeitlepeed to that

of beeStanbul's PFS model. Also they have successful detemsam formation
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strategies which blocks the opponent. Ten games are ruion@&iéh method against
Nao Team Humboldt and FC Portugal. A snapshot is shown inr€igul from an
instance during these games where the blue agents are fretambul team and the
red agents from Nao Team Humboldt. This figure also illusgdhe Voronoi cell of
each midfielder agent in beeStanbul. In Figure 4.1 blue moliggndicate the cells of
the agents and red circles indicate their centers. The ajesdst to the ball assigns
itself the forward role while the rest of them are assignethéomidfielder role in the
attackers group. As can be seen from the figure, the Vorotisi @emidfielders may
overlap as it is allowed. However, target positions as thaers of these cells are

always different if agents see each other.

beeStanbul 0:0 NaoTH
Playmode: PlayOn

Figure 4.1 An instance from a game using rcssserver3d of Simsparkiriaulation
and RoboViz for the visualization.

Table 4.1 and 4.2 show the overall results of methods withksonation of group
formation methods and Voronoi cells against Nao Team Hudtkasidd FC Portugal
respectively. Table 4.3 and 4.4 show the results of SBSP &d®dDmethods against
the same teams with the same order. These results illugtrate the approach
that used probabilistic formation method outperforms thevious approaches and
DPVC in terms of ball possession, keeping control of the lbakl carrying the
ball to the opponent’'s area. The approach that uses Vorails combined with
a static grouping method also gives good results but usirgsa-based method for

grouping further improves the overall performance. Acaagdo these results, the key
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factors for the success of the proposed team strategy castbé &s the distributed
online construction of Voronoi cells and dynamic positranito the centers of these
cells. Even when the forward agent falls over during an kithy this approach,

midfielders maintain close proximity with the forward agant regain control of the

ball. Communication is also used to dynamically form ateacknd defender groups.
Another advantage of the new approach is the unpredidiabflthe team strategy as a
competitive strategy. There are not fixed formations thatlsalearned and predicted
by the opponent during a game.

Table 4.1 Comparison among the Voronoi cell based methods used iStaebul
team software against Nao Team Humboldt in terms of ballggssn and

ball position.
Distributed Voronoi Distributed Voronoi Distributed Varoi
Approach with Approach with Approach with
probabilistic learning case-based grouping  static grogipi
Ball Possession  55.35712% 53.23177% 52.92768%
Ratio (0 =0.04172) ¢ =0.04441) ¢ =0.08248)
Ball in 17.65291% 15.95018% 17.11815%
Own Area (0 =0.09266) ¢ =0.04423) ¢ =0.11013)
Ball in 30.30576% 37.48712% 38.37606%
Midfield (0 =0.09335) ¢ =0.08912) ¢ =0.14637)
Ball in 52.04133% 46.56270% 44.50579%
Opponent Area (o = 0.09490) ¢ =0.11047) ¢ =0.18259)

Table 4.2 Comparison among the Voronoi cell based methods used iStaebul
team software against FC Portugal in terms of ball possessi ball

position.
Group formation Group formation Group formation
approach with approach with approach with
probabilistic learning case-based method static method
Ball Possession  54.69275% 53.69744% 51.41621%
Ratio (0 =0.04059) ¢ =0.04118) ¢ =0.03747)
Ball in 30.03812% 33.03172% 36.63184%
Own Area (0 =0.07485) ¢ =0.07557) ¢ =0.18176)
Ball in 22.64490% 24.56132% 31.85806%
Midfield (0 =0.05850) ¢ =0.09621) ¢ =0.15092)
Ball in 47.31698% 42.40696% 31.51010%
Opponent Area (o =0.12993) ¢ =0.14406) ¢ =0.17559)

As expected, the performance of DPVC is better than that &S terms of carrying

the ball to the opponent’s area due to the dynamism. In SBSFh® other hand,
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predetermined formations are easy to be predicted by thenmm in a later time step
during the game. However, ball possession performance ®MDIB worse than that
of SBSP because it scatters the agents throughout the fietdat case, if the motion
model of the agents is not fast enough, they may not respalgsizgain the control of

the ball when it is lost.

Table 4.3 Comparison among DPVC and SBSP methods used in beeStaaml t
software against Nao Team Humboldt in terms of ball poseasand ball
position.

DPVC SBSP

Ball Possession Ratip 47.83140%  50.45958%
(0 =0.07796) & =0.06877)
Ball in Own Area 27.76341%  37.04670%
(0 =0.13851) ¢ =0.18277)
Ball in Midfield 31.74228%  33.22326%
(0 =0.11037) ¢ =0.10827)
Ball in Opponent Area 40.49431%  29.73004%
(0 =0.13937) ¢ =0.24710)

Table 4.4 Comparison among DPVC and SBSP methods used in beeStaal t
software against FC Portugal in terms of ball possessiorbatigbosition.

DPVC SBSP

Ball Possession Ratip 46.91492%  48.85773%
(0 =0.03807) ¢ =0.05240)
Ball in Own Area 52.05741% 45.50916%
(0 =0.11720) ¢ =0.14566)
Ball in Midfield 34.85669%  28.68214%
(0 =0.04263) ¢ =0.08804)
Ball in Opponent Area 13.08590%  25.80870%
(0 =0.08210) ¢ =0.06980)

4.2 Probabilistic Learning Experiments

The method that uses iterative probabilistic learning @ilgon based on Bayesian
reasoning, combined with Voronoi cells is tested for groajeation decisions. As
mentioned in Chapter 3, the method always trains itself wev observations online.
Before these, each defender-midfielder ratio is traineti Wit matches to give more
appropriate results on selection. Three sets of prior fntibas are used for the tests.

For each set, 10 matches are made to analyse which hypotredesd to be selected
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by the team. As explained in the third section, prior valuesgven as:P(7d0m) =
0.05, P(6d1m) = 0.1, P(5d2m) = 0.15, P(4d3m) = 0.2, P(3d4m) = 0.2, P(2d5m)

= 0.15, P(1dém) = 0.1, P(0d7m) = 0.05 for the first set. Figure 4.2 shows the
defender-midfielder selection percentage statisticseiomtatches against Nao Team
Humboldt for the first set. "D" represents defender and "Mitesents midfielder on
the figure (3D4M means 3 defenders and 4 midfielders are sdlémt that instance).
Selection is made with 2 second periods in a match. Resudtg gtat 3D4M selection
is made mostly and 4D3M follows it closely. These two hypsthédnas the highest
prior probabilities and selection of these two is reasamabhe hypotheses with less
defenders are selected slightly more than the hypothesbdess midfielders. This

means the team mostly stayed on the opponent field, thus chéetedefenders.
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10

0 -

max(P(h) x P(o]h)) %

7M0D 6M1D 5M2D 4M3D 3M4D 2M5D 1M6D OM7D
Midfielder - Defender Selection

Figure 4.2 Defender-midfielder selection statistics for probabidisearning method
for the first set of prior probabilities.

In the second set of prior probabilities, each hypothegis/sn the same value, which
equals to 0.125. Results of this set is shown in Figure 4.3ufeshow that there is
a tendency to select the hypothesis with 3 defenders and fletdigts or 4 defenders

and 3 midfielders.

Third set is the reverse of the first set, so prior probabil#tiues are:P(7d0m) = 0.2,
P(6d1m) = 0.15, P(5d2m) = 0.1, P(4d3m) = 0.05, P(3d4m) = 0.05, P(2d5m) =
0.1, P(1d6m) = 0.15,P(0d7m) = 0.2 . Results of the third set is given in Figure 4.4.
Prior values are changed according to their success inmmerdis mentioned before.
But likelihood values are obtained entirely from the prembservations and the

observations can lead to wrong selections with unreasenaimr probability values

37



100
90
80
70
60
50
40
30
20
10

max(P(h) x P(o| h)) %

7M0D  6M1D 5M2D 4M3D 3M4D 2M5D 1M6D OM7D
Midfielder - Defender Selection

Figure 4.3 Defender-midfielder selection statistics for probabtidisearning method
for the second set of prior probabilities.

like this set. To improve the performance with this set ordtieers, likelihood values

can be altered by human experts.
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max(P(h) x P(o|h)) %

Figure 4.4 Defender-midfielder selection statistics for probahiitearning method
for the third set of prior probabilities.

4.3 Robustness to Communication Failures

In the third set of experiments, we measure the performaimmeranethod for different
message loss rates (Figure 4.5). Figure 4.5 (a) shows avgoay difference (positive
values show the scores in favor of beeStanbul team) and &g (b) indicates
average ball possession ratio of beeStanbul team. In ress3d, a team is allowed
to send a message periodically in 0.06 seconds. In the d¢umgementation of
this thesis, all the available messaging periods are usedder to perform better.

In this experiment, communication is manually switched lzdsed on the message
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loss rate to simulate communication failure. The reporesillts indicate that the
method is robust to communication failures for most of th&ances. Even for no
communication cases, agents can still make decisions dndai@ their Voronoi cells
based on observations and they position themselves to @getarget locations for
maintaining an efficient formation. This is achieved by tisributed implementation
of Voronoi cell construction. However, as expected, bakgassion performance is

degraded gradually with the worst value as 47.7%.
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Figure 4.5 Test results for each message loss rate presented as thgesef 5 games
against Nao Team Humboldt.
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5. CONCLUSIONS AND FUTURE WORK

Adaptive team formation methods for RoboCup 3D Soccer Sitran League is
presented in this thesis. Previous works on the researeéhaasesurveyed and the
distributed team formation approach is explained. Mairrepgh in this thesis uses a
variation of Voronoi cells to position the agents. Voronelis have been used for team
formation in a previous approach within RoboCup competgibut in this approach,
computations are made by a supervisor thus the method isstabdted. There are
some other approaches like Dominant Region diagrams or-Based Reasoning for
positioning the robots but they aren’t completely disttdaiand fully observation or
a high-bandwidth communication is needed for these meth&isce RoboCup 3D
SSL only provides partially observation and limited commeation for the agents,
these methods can't be used effectively for the given doniiere are some simpler
methods like Situation Based Strategic Positioning angllqgaek based positioning
and planning but these methods need human contributiorefdithg the plays or roles
thus they are not adaptive. RoboCup 3D SSL is a non-detestinjmoisy environment
with the presence of an opponent team and adaptivity prewadeetter performance

for teams.

Voronoi Cell decomposition method in this thesis is combirveith a grouping
algorithm to make the team strategy more efficient. Adaptfeeonoi Diagrams
are combined with different group formation methods cdigtbby an agent (i.e.,
goalkeeper) through explicit communication. The agergsiasided into defender and
attacker groups according to this agent’s messages. Tat seéenumber of agents in
both groups, different algorithms are suggested. Firsti®tiee static grouping which
the number of agents for the groups are pre-determined aesndachange while
playing. Second method uses a case-based approach whicgdgzronore adaptivity
for grouping. Cases are pre-determined by the user andegbdatording to the agent

and ball positions. A case determines the number of agentiefenders and attackers
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for an instance in the match. Last suggested approach ugesiBa Learning method
for group selection, so human contribution isn’t necessdtlg this approach. With

this method, probability to select the number of agents fier groups are updated
through observations. The agent count hypothesis thas ghe highest probability

value is selected according to the observations.

The proposed Voronoi cell-based formation generation otkethequires less
computational cost than the standard Voronoi Diagram geiogr. The ball position
is also taken into account during these calculations. Agyealculate their Voronoi
cells in a distributed manner. If they are attackers, they ta be crowded around
the ball to possess it. Agents try to position themselvewéen team’s goal and the
ball to prevent opponent attacks, if they are defenders. aloutate Voronoi cells,
agents create an initial cell according to the ball positiod their position. After the
initialization, the cell is altered according to teammabsipons. With these changes,
agents try to be at a similar distance with every teammatg she. While keeping
the distance, their cells continuously change and they gams#ion near ball if they
are midfielders, and a position between the ball and theiri§tizey are defenders.
Algorithm also provides precautions for the crowding rufecompetitions which
penalties the agents that are too crowded in an area. Afeetatiget is selected, it

is altered with Potential Fields method for obstacle avouga

The proposed methods are compared among themselves andeadiee methods
("Situation Based Strategic Positioning” and "Dynamicif@sing Based on Voronoi
Cells"). The results illustrate that the proposed appraadiperforms the previous
approaches in terms of ball possession and ball positiorih&uexperiments showed
that the Voronoi cell based method is also robust to the coniration failures and
it can still be efficient when no communication available. eTitobustness of the
algorithm is provided with making the agents decide on tlegn observations in
failure situations. Group selection statistics are alsestigated for the method that

uses Bayesian Learning for grouping the agents.

In the future work, the team leader is planned to be changei@termine the group
behaviors dynamically in run time. In order to provide a &etormation, the captain

role is planned to be assigned to the agent that has the bglst ahview on the

42



field dynamically. Agent positions could be added into thessagies to improve the
partial observation ability of the agents. Experimentsiatended to be expanded
with comparisons with other RoboCup teams. Motion modelspekd’s effect on the

method is also planned to be examined.
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APPENDIX A.1

Simspark is the official simulation server of the RoboCup 3@xcr Simulation
League. It is a physical multi-agent 3D simulation softwabased on Spark
application framework. Spark is a generic and flexible ptaissimulation system
for different kinds of simulations. Simspark allows usevscteate new simulation
environments with a scene description language. Simsparkdecessor was a two
dimensional simulator which modelled the agents and tHabdlat spheres, thus lacks
realistic physical environment. In 2004, Simspark waststato be used for official
competitions. In first version players were modelled as sgshe With the further
developments, agents are currently models of humanoid Nbots by Aldebaran
Robotics.

Simulation process is hosted by the Simspark server, calgs$erver3d. Environment
is represented by states and rcssserver3d continuouslgtagodhe state within
"Simulation Update Loop". Each object in the environmerd peoperties like speed,
angular velocity, position etc. which are controlled bygadibody physical simulation.
Properties of the objects are updated according to thetefbécollisions, applies drag,
gravity etc. that are resolved by the physical simulatiohe Server also keeps track
of agent processes in the environment. In each cycle of tineuidtion Update Loop",
server receives and sends sensor information for all theosemf the agents. Server
can render the simulation and monitor it internally. It césbasend streaming data to
remote monitor processes to be rendered externally.

SimSpark - cycle 1 cycle 2 cycle 3 cycle 4

———————— > R U u
Sense message  action message SenseAgent ActAgent Think

Figure A.1: "Simulation Update Loop" synchronization diagram betwé&mspark
and the agents. [2]

"Simulation Update Loop" has two different modes, namelygk-threaded and
multi-threaded mode. Figure A.1 shows the synchronizatitagram between
Simspark and the agents. Action message that is send by #m agn,, cycle
will be acknowledged by the server im + 1), cycle. Figure A.2 (a) and (b)
shows the diagrams for single-threaded mode and multatie@ mode, respectively.
Single-threaded mode has a main loop which cycles throwaghicle, sense agent,
act agent and end cycle events continuously. Each cycldidars 0.02 s, and if
simulation runs faster than this duration, server waitd tlme end of it. If simulation
runs slower it can ignore interaction with agents and camtiwith physics updates.
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If it is very slow, server gives a warning and gives up catghihe cycle time.
Different from single-threaded mode where SimControlNogerform one by one,
multi-threaded mode has SimControlNodes that responsdifi@rent parts of the
simulation and run in parallel. SimControlNode interactishwhe physics engine
through the active scene.

:SimulationServer | :SimControlNode I :Sense | :SimulationServer ‘ :Sense :SimControlNode
Run Loop J Run Loop )
StartCycle() PrePhysicsUpdate()
synchronism
lhommmeee
PhysicsUpdate() StartCycle()
komeoeo oo L
SenseAgent() ]
e SenseCycle()
—
o oo
ActAgent()
kommmeeooo oo ||
ActAgent()
| EndCycle()
P koo oo
synchronism
koo L
TimedWait() PostPhysicsUpdate()
e Ko mmmm o=
Step)
PrePhysicsUpdate()
PhysisUpdate()
é oo
PostPhysicsUpdate()
T EndCyde)
L< 777777777
koo
(a) (b)

Figure A.2: Single-thread and multi-thread mode diagrams of "SinnutatJpdate
Loop". [2]

Message format of the Simspark is shaped by symbolic expres§S-expressions)
that are also used in the Lisp family programming languagesxpressions are easy
to parse and to be read by humans for debugging purposesatygssase the default
ASCII character set and each byte represents one charattes. server connects
with the agents on TCP port 3100. Agents sends a Create@ffectssage and an
InitEffector message, respectively to connect to the seiMeese messages are going
to be explained below with the other agent effector typeserAfonnection, the server
sends messages that contain the output of the agent pescepid receives effector
messages by the agents.

Agents can be programmed with various ways and on variogg@noming languages.
Agents communicate with the server via TCP protocol and ibfawsare manages to
use TCP socket communication, it can run on Simspark. FiguBehows the control
and data flow diagram of Simspark. Simspark server commteascaith the agents
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via TCP protocol and it also communicates with "Zeitgeidg fnanager for object
and memory management. Zeitgeist communicates with "Opgramics Engine"
(ODE), which handles the physics engine issues.

: . - - . Internal
Physics Object / Memory Simulation Engine Agent |<—> Agent #3
Engine Management single-threaded Interface <
mainloop< L
. UDP/TCP
ODE Zeitgeist multi-th Agent Agent #4
Interface
| S— S— ——1
e '
: uf)lnot‘r'ol tfilaot'a' : Agent #1 Agent #2

Figure A.3: Control and data flow diagram of Simspark. [2]

As mentioned before, Nao robots by Aldebaran Robotics ameitly used as agents
in Robocup 3D Soccer Simulation competitions. Nao has a 5height and 4.5 kg
weight with 22 degrees of freedom. Figure A.4 shows the anwptaf a Nao robot.

Nao robots have various perceptors, which allows them aweaee of their model
state and the environment. They also have effectors thavalthem to perform
actions within the simulation. Perceptors are divided itwo categories: general
perceptors and soccer perceptors. General perceptorppliedato all simulations
while soccer perceptors are specific for the soccer conmp&tit There are six types of
general perceptors, namely GyroRate Perceptor, HingeBenaeptor, UniversalJoint
Perceptor, Touch Perceptor, ForceResistance Perceptdxaelerometer. GyroRate
Perceptor receives information about the change in otientaof a body. This
information is hold with angular velocities along the thimees of freedom of the
corresponding body. HingeJoint Perceptor delivers anfflarmation of single-axis
hinge joints. Nao robots have 22 hinge joint perceptors. velsialJoint Perceptor
delivers angle information of two axis universal joints.dsalon’t have any universal
joints so this perceptor isn’t used currently. Touch Petmepeceive information for
collisions with the other simulation objects. This percemlso isn’'t used currently
on the server. There are two ForceResistance Perceptons thed feet of robots and
delivers information about the force that acts on the bodgceferometer measures
the acceleration of the agent and it considers gravity incttraputation. There are
four types of soccer perceptors: Vision Perceptor, Gante $tarceptor, AgentState
Perceptor and Hear Perceptor. Vision perceptor receifesmation about the seen
objects in the environment. These objects are the agerdshah, field lines and
markers on the field. There are currently eight markers. Bduhem are on the
corners of the field and four of them are on the both goal'sgostsion perceptor
is restricted to 120 degrees of view and is at the center ofsNa&ad. Information
about the objects are given as the distance, horizontaladitddal angle to the center
of the object. Figure A.5 shows the polar vision perceptibthe agents. Vision
perception has some noise values to improve realistic sitioul. Camera position is
changed with a uniformly distributed error between -0.00%md 0.005 m on each
axis and it remains the same for the entire match. There soedghamic noise values
normally distributed around 0.0 for distance, horizontad #atitudal angle valuesr
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Figure A.4: Nao’s anatomy. [2]

values for these dynamic noise factors are 0.0965, 0.12850&a80,respectively.
GameState Perceptor receives information about the dugaene state. States are the
play modes like corner kicks, goal kicks, throw ins etc. Ehare currently 18 game
states for the matches. AgentState Perceptor holds infammaf agents’ internal
state like body temperature and battery state. These vateesurrently constant and
doesn’t change in the matches. Hear Perceptor receivesagessom other players.
Currently messages are restricted to a maximum capacit® blys and agents can
only communicate via the server. If more than one agentssseredsages on the same
cycle to the server only earliest one can be heard. If thesplalgo send a message on
the same cycle it only hears itself.

@ = horizontal angle - visible object

9 = vertical angle delta-z

"'\‘ delta-y

camera delta-x view direction

Figure A.5: Polar vision perception of the agents. [2]
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Effectors of the agents are also categorized in general accks effectors, like the
perceptors. There are four general effectors (Create ti6ffeElingeJoint Effector,
UniversalJoint Effector and Synchronize Effector) andeéhisoccer effectors (Init
Effector, Beam Effector and Say Effector). Create Effedsoused by the agent to
advice to the server for creating the physical represamtatiith the other effectors
and perceptors. HingeJoint Effector holds the names anshibeds of the hinges with
a single axis. There are 22 hinge joint effectors for NaosvéisalJoint Effector holds
the names and the angles of the hinges with two degrees diireeNao doesn’t have
any universal joint, so this effector is not used currerflynchronize Effector is used
in "agent sync mode". In this mode, server waits for all thersg to connect with
a sync message to end a cycle and proceed to the next one ffaatde initializes a
newly created agent on the field. It holds the agent’s nameénamber. Beam Effector
is used to position an agent to a coordinate on the field béfierstart of the game or
second half. Say Effector is used to send messages to theagiats. The restrictions
that are mentioned with the Hear Perceptor are also aplitds effector.
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