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Abstract

This thesis is concerned with motion control of omnidirentl robots. From
developing a robot control system to designing differemttaalers, this thesis
focuses on achieving high control performance with comsitien of important
issues, such as actuator dynamics, actuator saturatiacoasttaints of robot sys-
tems. As a testbed, the motion control of an omnidirectionladt of the Tubingen
Attempto robot soccer team, especially the ball dribbliogtool of the soccer
robot, has been considered in this thesis.

Before designing motion control methods, a control systemhining dy-
namics and kinematics is adopted for the Attempto soccetrdihis architecture
allows to design and test low-level controllers accordmthte dynamic model and
high-level controllers based on the kinematic model sépbtaTaking actuator
saturation and actuator dynamics into account, the proposatrol system builds
a foundation to design high-level controllers with considien of the low-level
system's performance.

Based on the robot control system, path following and oaitéon tracking
problems of omnidirectional robots are addressed in tlasigh Since these two
problems are all formulated in the form of error kinematibs,designed nonlinear
controllers in this thesis can be applied to other omnidioeal robots. In order
to improve the control performance and satisfy constraofitthe robot system,
Nonlinear Model Predictive Control (NMPC) was employed ¢tve the motion
control problem of the omnidirectional robot. The desighi\ddPC scheme guar-
antees closed-loop stability. With the selected numesoaltions, the results of
real-world experiments show the feasibility of applying RE on a fast moving
omnidirectional robot and better control performance carag to the designed
nonlinear controllers.

With respect to the dribbling control problem, this thesisufses on two prob-
lems: ball tracking and ball dribbling. A robubt; Iter is rst developed to
estimate the ball's relative position and velocity withpest to a soccer robot
when the ball is pushed by the robot. The relative positiomoties whether the
ball is moving away and results in changing the robot belravad ball dribbling
and ball catching. To achieve good ball dribbling, an anedytdribbling control



strategy has been developed. With the analysis of the Inatliigement relative to
the robot, a suf cient constraint for keeping the ball is dedd, which gives clues
to choose the desired robot orientations. Then the drighilsk is achieved by
controlling a reference point denoting the desired baéister to follow a planned
path and steering the robot orientation to track the desireel This dribbling

control strategy is ful lled with the proposed nonlinear tiom control method

and the NMPC scheme. Real-world experiments show the higbrpgance and

ef ciency of the dribbling control method.



Zusammenfassung

Die Arbeit behandelt die Regelung der Bewegung eines omakitibnalen Robot-
ers. Unter Beriicksichtigung der Dynamik und Sattigung Aatriebs, werden
ein Regelungssystem und Regler mit hoher Gite entwickédt. Testumgebung
wird die Bewegungsregelung eines Roboters aus dem Tibiigempto Roboter
FulRball Team, insbesondere die Regelung des Roboters deauBdribbeln,
vorgestellt.

Um Methoden zur Bewegungsregelung vozustellen, wird eipeRmgssys-
tem angenommen, das auf die Kinematik und Dynamik des Atierfpl3ball-
roboters basiert. Diese Architektur ermoglicht die sa@Entwicklung und das
Testen von low-level Reglern fur das Dynamik-Modell undhiievel Regler fur
das Kinematik-Modell. In Anbetracht der Dynamik und Auslamy des Antriebs,
bildet das Regelsystem eine Basis fur das Design von leigdl-Reglern, die die
Gute des low-level Systems miteinbeziehen.

Auf das Regelungssystem des Roboters basierend, wird serdigbeit die
Pfadplanung und die Regelung der Orientierung behandeltieBProbleme sind
so behandelt, dass sie auch auf andere omnidirektionalet&slysteme anwend-
bar sind. Um die Reglergute zu erhohen und den Einschréggén des omnidi-
rektionalen Robotersystems gerecht zu werden, wurde hearliModel Predic-
tive Control (NMPC) eingesetzt. Das entwickelte NMPC-8ystgarantiert die
Stabilitat des geschlossen Regelkreises. Die Ergebdesexperimentellen Va-
lidierung ausgewahlter numerischer Algorithmen bewdistAnwendbarkeit von
NMPC auf sich schnell bewegenden omnidirektionalen Rahdiei verbesserter
Performanz im Vergleich zu den entwickelten nichtlinedReglern.

In Bezug auf die Regelung des Roboters den Ball zu dribbenzéntriert
sich diese Arbeit auf zwei Probleme, Ball Tracking und dabieln des Balls.
Zunachst wird ein robusteil; Filter wird erstellt, um die relative Position und
Geschwindigkeit zwischen dem Roboter und dem Ball zu zelmat Diese rela-
tive Information zeigt, ob sich der Ball vom Roboter entfeund wechselt das
Verhalten des Roboters in Ball dribbeln oder Ball annnehmé&m den Ball
verlasslich zu dribbeln, wurde eine analytische Regedatigtegie angewendet.
Durch die Analyse der relativen Bewegung des Balls zum Raldainnten Be-



iv

dingungen formuliert werden, den Ball zu fihren und eingibemte Orientierung
einzunehmen. Das Dribbeln wird durch die Regelung einesr@ezpunktes erre-
icht, der den gewiinschten Mittelpunkt des Balls angibt einén geplanten Pfad
folgt, den der Roboter mit gewiinschter Orientierung Mgtfo Diese Dribbel-
regelung wird durch die vorgestellte nichtlineare Beweagaragelung und das
NMPC-System erreicht. Experimentelle Ergebnisse zeigegmbi3e Performanz
und die Ef zienz der Dribbelregelung.
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Chapter 1

Introduction

1.1 Motivation

Wheeled Mobile Robots have received considerable atteatid achiev-ed tremen-
dous progress in industries and service robotics becaug®iof exible motion
capabilities on reasonably smooth grounds and surfaced.[1rom the view
of controllable degrees of freedom on the plane, Wheeledilgldbobots can
be categorized into two types: holonomic (or omnidireciipmobots and non-
holonomic robots. Omnidirectional robots are able to mavany direction at
any time regardless of their orientation. In contrast, ramomic robots have
less than three simultaneous degrees of freedom. The higduhguverable char-
acteristics make omnidirectional robots very attractivevheeled mobile robot
applications. For example, some kinds of omnidirectiona¢glichairs have been
developed for human assistance in public environmentsasiobsidences, of ces
and hospitals [156, 159]. In the annual RoboCup competitidrich deals with
highly dynamic environments, omnidirectional soccer itsimve been employed
successfully since 2000 in the Small Size League [29, 138]immearly all the
Middle Size League RoboCup teams in recent years [120, 19T@2refore, de-
signing high-performance motion controllers is alwaysmapartant and attractive
topic for omnidirectional robots.

Normally, mobile robot control systems are built on robotdeis. The com-
bination of kinematic and dynamic models has been widely irseobot control
systems [156, 116, 140]. The main advantage of this congstiem is that kine-
matic models have simple structure and dynamic models arplistd by only
taking the inputs of kinematic models as their output vdesb By assigning a
control task to different parts of the control system, colters for the kinematic
and dynamic models can be designed separately.

Assuming that no wheel slippage occurs, that all sensors hh accuracy

1



2 Chapter 1. Introduction

and that the ground is planar enough, kinematic models hese Wwell employed
in robot motion control. As the inputs of kinematic models arheel velocities
and outputs are linear and angular velocities, the actuigtaamics of a robot are
assumed to be fast enough to be ignored, which means thag$ived wheel ve-
locities can be achieved immediately. However, the actudtoamics are impos-
sible to be omitted in real situations, and limit and degithéeobot performance.
Moreover, motor speeds of the robot wheels are constraiMten the desired
robot wheel velocities exceed their maximum values, aotusdturation appears,
which affects the robot performance and even destroys #imlisy of the con-
trolled robot system [73, 27]. Therefore, actuator satonais another important
practical issue to be coped with when controlling mobileatsb

With respect to the nonlinear characteristics of kinemiatadels of omnidi-
rectional robots, nonlinear controllers are widely useadioieve satisfying perfor-
mance in the motion control problems, for example, in thé paliowing prob-
lem [7, 125, 53, 40, 105, 35, 98]. However, these controltarsly take robot
constraints into account, which are crucial factors cagpabldegrading the robot
performance. Moreover, only the errors between the curgdt states and the
desired states are considered in most control laws, whipgadming the control
performance by considering more information of the cortaek is ignored.

Motivated by the practical issues of controlling mobile oty this thesis is
aiming to design such motion controllers of omnidirectiora@bots: the con-
trollers are designed based on robot kinematic models ansiader actuator dy-
namics, they guarantee closed-loop stability even thougiator saturation oc-
curs, they achieve high control performance and satisfgtramts of robot sys-
tems. As a testbed, the motion control problems of an omegtional robot of
the Tubingen Attempto robot soccer team, especially ttiedb@bling problem
of the soccer robot, have been treated in this thesis.

1.2 RoboCup

The Tubingen Attempto robot soccer team belongs to the Rapdviddle Size
League.

RoboCup (Originally called Robot World Cup Initiative) is enternational re-
search and education initiative. It is an attempt to fosteard intelligent robotics
research by providing a standard problem where a wide raitgelinologies can
be integrated and examined, as well as being used for ieebpaoject-oriented
education.

For this purpose, RoboCup chose to use the soccer game asaaypdomain,
and organizes RoboCup. In order for a robot team to actuaijopm a soc-
cer game, various technologies must be incorporated,dmgudesign principles
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of autonomous agents, multi-agent collaboration, styagemgjuisition, real-time
reasoning, robotics, and sensor-fusion. RoboCup is a task team of multiple
fast-moving robots under a dynamic environment. RoboCspaifers a software
platform for research on the software aspects of RoboC2][1

After the rst public announcement in September 1993, RalppGas been
held every year from 1997 to 2008 in different places arouvedvtorld and has
become the most successful international robot tournarfeoin 38 participating
teams in the rst RoboCup held in 1997 to about 400 teams af@ participants
in RoboCup 2008, RoboCup has received more and more attanttbe areas of
robotics and arti cial intelligence, and provides an imtational platform to show
and compare the scienti ¢ progress in different teams.

The ultimate goal of the RoboCup project [138] is:

“By mid-21st century, a team of fully autonomous humanoidtrebccer play-
ers shall win the soccer game, comply with the of cial ruletod FIFA, against
the winner of the most recent World Cup.

Compared to the other four leagué&mall Size League&imulation League
Four-legged LeaguandHumanoid Leaguein the RoboCupSoccedomain, the
Middle Size leaguéMSL) was the most sophisticated league before the introduc
tion of theHumanoid League The body size of 50 cm x 50 cm x 85 cm gives
MSL robots enough space to carry powerful sensors, acgjatomputer systems
and energy supplies. With distributed intelligence, MShats are able to play
the soccer game autonomously, interacting with humaneegerVia a wireless
network, the commands of referees are submitted to the sohithh a graphical
user interface calleReferee Bojd1]. This communication network also enables
the information exchange among teammates.

From the establishment of MSL in 1999 to RoboCup 2008, the M$iot
soccer teams have achieved great progress in the hardwaslepl@ent. Partic-
ularly the robot platforms have evolved from commerciafediéntial drive sys-
tems, such as the Pioneer robot [70], to self-developed dinectional systems.
Equipped with more ef cient sensors, powerful computer actlator systems,
omnidirectional soccer robots have higher maneuverglalitd mobility. How-
ever, there were still many disappointing scenes happen#tkei past RoboCup
games, for example, many robots drove out of the boundaeg land persisted
moving in the false direction, many robots did not react @ Iblall even when it
was in the robots' neighborhood, few robots were able toldeilthe ball along
a curve. Most of these observations show that the improvenfemotion con-
trol are highly requested by the basic soccer playing skflthe RoboCup soccer
robots. One such crucial basic skill is ball dribbling, whimeans that a robot is



4 Chapter 1. Introduction

capable of handling a rolling soccer ball and maneuveritmat desired position.
Ball dribbling has been a special challenge topic in recaiidCup tournaments,
with the following setup and tasks [2]:

“Six to eight black obstacles (length/width 40 cm, height () are put at ar-
bitrary positions on the eld. The ball is put on the middletbé penalty area
line, and a robot inside the same goal. The robot should deiltfee ball into the
opposite goal within 90 seconds, while it avoids all obstatl

As the rules admit that a robot can only cover up to 30% of tHksldiame-
ter and forbid the robot to hold the ball, it is dif cult for éhrobot to handle the
ball when the ball must move along a curve. If the robot canpnotide the ball
with enough centripetal force, the ball may get lost from tbleot and towards
the outside of the curve. Therefore, dribbling control uttds the substantial re-
guirement for the robot movement to take a proper oriemntaditd exert suitable
force on the ball.

1.3 Contributions

This thesis is concerned with the motion control of an ommeittional soccer
robot and focused in particular on the dribbling controllpemn. Besides the
RoboCup domain, the control system and control methodepted in this theses
can also be applied to other omnidirectional robots. Theroaitributions of this

thesis include:

The introduction of a robot control system, which allows designer to di-
vide the control tasks into different parts and assign thedifferent levels
in the control system'’s architecture.

The consideration of robot constraints and the identi eshalyics of the
low-level system and into the controller design of the hig¥el control
system. This guarantees stability of the whole system odsjgethe system
constraints.

The formulation of the path following problem based on thiéofeing er-
ror kinematics, which makes the designed path followingtirmdmethods
independent from the speci c platforms of omnidirectionabots.

The application of Nonlinear Model Predictive Control (NMPo the robot
motion control problem, which shows good control perforgeand feasi-
bility with a fast moving omnidirectional soccer robot.
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The development of a robust; Iter to track a rolling ball when it is
dribbled by a soccer robot. Compared to a Kalman Iter in neatld ex-
periments, théd; Iter shows better performance.

The development of an analytical dribbling control strgteghich divides
the dribbling problem into path following and ball keepingplems and is
achieved with the high mobility of omnidirectional robots.

1.4 Thesis Outline

The remainder of this thesis is organized as follows:

Chapter 2 presents the hardware and software systems ofttem@o
Tubingen soccer robots, which are used as a basis for re#d wrperi-
ments.

Chapter 3 presents the motion control system of the Atterijtuingen
soccer robots, which combines the kinematic and dynamicetsaaf the
robot. With the identi cation of actuator dynamics and thebysis of ac-
tuator saturation, the overall control system builds a @ation to design
controllers with consideration of the system constraints.

Chapter 4 focuses on designing the robot motion control lafatbe path
following and orientation tracking problems. Accordingttee different
ways of choosing the desired robot position, the path fahgwproblem
is formulated in the orthogonal projection-based case aed/irtual Ve-
hicle-based case. The control laws with respect to these two fatrons
have been addressed. A PD controller was designed for atombaick the
desired orientations which takes the maximum wheel vetaeib account.

Chapter 5 addresses Nonlinear Model Predictive Control PIMapplied
to the Attempto Tubingen soccer robots. As two importagtés in the
application of NMPC, stability and numerical solutions d¥IRC are con-
sidered after introducing the mathematical formulatioMN®PC.

Chapter 6 presentstd; Iter to estimate the ball's relative position and
velocity with respect to a soccer robot, when the ball is by the robot.
The performance of thid; Iter is evaluated by comparing the estimation
values with those from a Kalman lter.

Chapter 7 addresses the dribbling control strategy of theswto Tubingen
soccer robots. The motion control laws presented in Chdpaed Chapter
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5 were used to ful Il the strategy. Their control performanis evaluated
with real world experiments.

Chapter 8 summarizes the achieved results and providesiaokon pos-
sible future research directions.

Appendix A shows some image scenarios of dribbling expertman the
robot laboratory and two scenarios in the games of RoboC0p &0Bre-
men.



Chapter 2

Robot System

This chapter presents hardware and software systems ofttmpto Tubingen
soccer robots. The newly developed components of the Attefribingen soccer
robots from 2003 to 2006 mainly consist of the omnidirectiiciobot platforms,
the omnidirectional vision system and the electro-magrietk system. The 20
ms cycle time of the new software system is a great bene tHerrbbots playing
soccer in a highly dynamic environment.

2.1 Hardware System

The Attempto Tubingen robot soccer team has evolved frdiferdntial-drive
robots to omnidirectional robots from 1997 to 2006. Aftevesal years partici-
pation in the international robot soccer competitions diferential-drive soccer
robots showed big dif culties to play against fast and agifgonents. At the
same time, the updated rules of RoboCup Middle Size Leaguaqted the im-
provement of sensors and computational systems of the rsomoets. In 2003,
the old goalkeeper based on the Pioneer 1-AT platform fikdobileRobots Inc.
[71] was renewed with a new omnidirectional platform. Afteal tests of the
omnidirectional robot at the RoboCup 2004 in Lisbon, thedyowbility perfor-
mance prompted to renew the old eld players, which werethanlthe Pioneer
2-DX platform from MobileRobots Inc.[72]. Figure 2.1 shows the Attempto
Tubingen soccer robots at the RoboCup 2006 in Bremen. Tieepat only re-
formed with the omnidirectional platforms, but also eq@@dwith new sensors
and a new computational system.
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Figure 2.1: The Attempto Tubingen soccer robots in RoboZRg6 in Bremen.

2.1.1 Platform

Considering a stable structure and the higher mobilityjantyular omnidirec-
tional robot platform was adopted for the new generatiohe#ttempto Tubingen
robot soccer team. The main feature of the platform is ti&wedish 90-degree
wheels [151] fromTRAPOROL GmbH56], which have a diameter of 80 mm as
shown in Figure 2.2. The six small rollers mounted along theeVs periphery
enable a movement of the wheel perpendicular to the norrtetimg direction of
the wheel's axis. When the three wheels are driven sepgriayethree DC mo-
tors, and the wheel-motor combinations are assembled symoaiy with 120
degrees between each other in a solid frame as illustrateégyure 2.3, an om-
nidirectional drive results. The frame can move into angciion while tracking
any orientation.

Figure 2.2: The ARG 8&wedistwheel [56].

The size of the frame is determined by choosing the disthinoe the wheel's



2.1. Hardware System 9

center to the robot center as shown in Figure 2.3. For thekgepkr| is 21 cm,
which is tting the maximum size 060 50 cn?, seen in Figure 2.4. For the
eld players, it is decreased th3:5 cm, which permits a higher rotation velocity
for ball handling.

(a) Motor frame of the goalkeeper. (b) Motor frame of a eld player.
Figure 2.3: Motor frames of the Attempto Tubingen soccéote [64].

Surrounding the frame, aluminum pro les were chosen to ferstable and
lightweight body. As it is noticed in Figure 2.3, the form diet eld player is
slightly different from the goalkeeper. There is an indéotaat the front of the
eld player with a depth of one third of the ball's diametehi$ indentation helps
keeping the ball near the center of the robot's front whenld gayer dribbles
the ball.

2.1.2 Equipment
On-Board Computer

Instead of the old computer system, which usetcbalMONSTER/P®ISA slot
CPU from JUMPtec AG [3] equipped with dntel Pentium-111850 MHz CPU and
512 MB RAM, the new on-board computer system adoftsanderbird Mini-ITX
motherboard fronkippert GmbH[55] equipped with a 2.0 GHz Intel Pentium M
processor and 1 GB RAMScienti ¢ Linux 4.0was taken as the operating system
and installed with a minimum size. In order to bring the haigkdnto a safe
state withstanding the shocks in real robot soccer gamespplrating system
codes and user programs are loaded into a 32 MB RAM disk ataneip of the
computer. This RAM disk is a specially reserved part of thmpoter's RAM and
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Figure 2.4: The size of the goalkeeper [64].

can be addressed like a normal disk drive. The computermayisteast enough to
keep a stable 20 ms cycle time of the software system with @2 Watt power
consumption.

The other new equipment in the computer system is an extétgal 802.11b
and 802.11a compatible WLAN bridge, which supports usirglEEE 802 11a
standard with a possibly higher bandwidth of 54 Mbit/s touszlthe interference
from other leagues at RoboCup tournaments.

Sensors

Because the boundary walls on the play eld had to be remowedrding to
the new rules of the RoboCup Middle Size League, the lasemsraassembled
on the old robot platform became useless for the robot seHlization. The new
omnidirectional soccer robot adopted an omnidirectiorsabn system as the sole
sensor. Supported by ef cient image processing algorithins omnidirectional
vision system has been successfully used and become arneizbt soccer teams
of the RoboCup Middle Size League.

The omnidirectional vision system of the Attempto soccérotaconsists of a
hyperbolic mirror from thd=raunhofer Institute for Autonomous Intelligent Sys-
tem [48] and aMarlin F-046C camera fromAllied Vision Technologies GmbH
[54]. The camera is assembled pointing up to the hyperbalimmwhich is on
the top of the robot as shown in Figure 2.5. The omnidireetionages of the sur-
rounding environment are transmitted to the on-board cderghrough anEEE
1394a FireWirebus system. Thdlarlin F-046C camera provides a maximum
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resolution of780 580 pixels and is able to capture and transmit images with
780 580pixels in the 16 bitYUV 4:2:2format up to 50 times per second. This
characteristic is appropriate for the target softwareetiohe of 20 ms and makes
use of the full bandwidth of thEEEE 1394a FireWirdbus system.

Figure 2.5: The omnidirectional vision system with a hymdidomirror and a
Marlin F-046C camera.

Actuator

The actuator system is composed of thREe 30DC motors with a power of
60 Watt and a maximum 8200 revolutions per minute frbfaxon Motor AG
[4]. This motor is equipped with &P 32 Cceramic planetary gear box with a
gear ratio of 18:1, and alWIR wheel encoder with 500 impulses per revolution.
Each Swedish wheel is driven by a Maxon DC motor with the maxmwheel
velocity of 1:9 m/s, which gives the robot a maximum moving velocity2dt m/s
according to the robot kinematics.

The control of DC motors is implemented by the triple motantcoller board
TMC200 developed by thEBraunhofer Institute for Autonomous Intelligent Sys-
tems[87]. This controller board has three independent chanagbgorting up
to three DC motors with a maximum continuous load of 200 Whtnot only
allows speed control, torque control, thermal motor pridd@cand operating volt-
age monitoring, but also offers plenty of feedback messafgesexample, the
actual velocity, the actual current and the odometry valliee two alternative
communication interfaces: CAN bus and RS232 serial intesfanake TMC200
easily connect to the on-board computer. All the parametitise control board
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TMC200, such as controller constants, motor parametersmauigs of operation,
can be set via the respective communication interface. TR23R serial inter-
face was chosen by the Attempto soccer robot with the set6@,600 baud rate,
which is able to handle fty commands per second and suppb&£0 ms cycle
time of the whole system.

Dribblers

The robot dribbling system consists of dribblers aimingrioréase the robot's
ability of controlling the ball. The main contribution ofidblers is exerting some
force onto the ball. This force can prevent the ball fromislidaway from the

robot when the robot has a fast rotation. The dribbling systé the Attempto

soccer robot shown in Figure 2.6 and 2.7 is based on the iatiemiof the robot

front. Three spongy blocks are pasted on the indentatiommnopdthe collisions
between the ball and the robot, and prevent the ball froningjidway. A rubber

foam pad is assembled at the top of the indentation, whichtsepeessure onto
the ball and keeps it from leaving the robot along the forwgirdction.

(a) Frontview of dribblers. (b) Side view of dribblers.

Figure 2.6: The dribbling system composed of three sponggkisi pasted on the
indentation and a rubber foam pad at the top of the indemtatio

(a) Left side view. (b) Front view. (c) Right side view.

Figure 2.7: Photos of dribblers keeping the ball.
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Kicker

The new electro-magnetic kick system shown in Figure 2.8thasadvantage
of controlling the strength of the kick, which is of bene trfpassing the ball.
The main component of the kicker system is a coil with an italice 0f9:6
mH, which is made by winding 690 circles of a magnet wire of f1® diameter
around a plastic tube of 100 mm length and 40 mm diameter. Asraiside the
coil, which is composed of a steel cylinder of 100 mm lengthylan cylinder in
the front and a thin appendix in the back. When a high currassgs through the
windings, the steel part of the rob will be accelerated ihtodoil by the produced
magnetic eld and the nylon part will move outside to kick thl.

Figure 2.8: The CAD model of the electro-magnetic kicker][64

Controlling the strength of the kick is achieved throughlfeport of the mo-
tor controller board TMC200. 6 bits of the port are used t@datne the duration
of the current ow. The other 2 bits control the voltage of #lectronic circuit to
exert 85% or 95% of the maximum value. As a consequence, ¢stoeiic circuit
enables the kicker to have 128 different strengths and tela@te the ball to a
maximum speed of nearly 10 m/s.

After kicking the ball, the kicker has to go back to the homaipon. A
rubber spring with a nearly constant spring force for a cemange of de ection
is attached to the thin appendix of the rob. This spring ie &dbfeturn the rob from
any position. To keep the rob at the home position when a kiclot requested, a
small permanent magnet is xed at the rear side of the kickane.



14 Chapter 2. Robot System

2.2 Software System

The software system of the Attempto Tubingen robot soce@mtwas designed
as a commonProgramming Interfacewhich is not only used in RoboCup tour-
naments but also suitable for other mobile robot applicetioTo simplify the
design and test, this software system consists of sevatapandent functional
processes. Utilizing a client/server architecture, tha t@nsmission among pro-
cesses allows access to data sources of each process. fidrg camputer system
uses a single processor, which matches the single data aWercurrent soft-
ware system with a global cycle time of 20 ms. When more sensioa shorter
global cycle time is required, the multi-processes sofénsrstem could support
the parallel computation on a multi-processor system. Asvshin Figure 2.9, the

—_— Lew-level drivers

=H=iee Inter-process communication
via shared memories

GCommServer @ Cooperating
,/ Object data \ Z Robots

! WLAN
Communication

’ e
EnvironmentModel |/ &
> ImageProcessor e

Saaceledion Color segmentation ImageServer
Object tracking i — | g PRSI Gp—

Self-Localization Object detection 360° images
K Landmark detection

T

=

e =i
7’

Tactics A RobotServer

Player behaviors | _ i _ _ _ __ _ _ ____ 5| Odometry data
Team behaviors Drive commands
Path planning

—»I

High-Level Layer Intermediate Layer Low-Level Layer

Figure 2.9: An overview of the software system [64].

software system can be divided into three functional levEte low-level system
aims to access all sensors' data and to perform pre-progesshe middle-level
system processes the pre-processed data from the lowslgsteim, such as ex-
tracting landmarks and obstacles from the processed imageshigh-level sys-
tem builds an environment model and ful lls the high-levehtrol of the robot,



2.2. Software System 15

for example, catching the ball, dribbling the ball and simogpa goal.

2.2.1 Low-Level System

The low-level system consists of three processes that geoatcess to the raw
sensor's data and the data from teammates [64].

ImageServeruses the open source librditydc1394{38] controlling theMar-
lin F-046C camera to capture raw images and serves the image data tpothe
cesses.

RobotServercommunicates with the TMC200 motor controller board and has
two functions. One is to act as a client of the robot controtpsslactics, receive
control commands and send them to the controller board. Trer & to work as
a server providing robot data to other processes. The r@iatidcludes the rota-
tional speed and the encoder count of the motors, which ae tascompute the
odometry information of the robot. MoreovdRpbotServer collects the battery
voltage and the kicker capacity in each second, which ardateby the process
Tactics.

CommServeris responsible for the communication with teammates. & act
as a client of the procegsvironmentModel and sends the own robot's data to
teammates. On the other hand, it receives messages frormtgasand serves
them to the higher level system.

2.2.2 Middle-Level System

The middle-level system includes only one prodesageProcessof68]. It acts

as a client ofimageServerto get the raw image data, and processes images to
extract all necessary features, such as landmarks andt®lyjedhe play eld,
then serves these features to other processes.

2.2.3 High-Level System

The high-level system is composed of two procedsegronmentModel and
Tactics.

EnvironmentModel integrates the processed image data friomagePro-
cessorand teammates' information fro@ommServerto build an environment
model of the own robot. Using the landmarks in the images ftbenomnidi-
rectional vision system, a self-localization algorithnd]&vorks to nd the robot
position in the environment model. With the objects infotima extracted from
the images, an objects tracking algorithm [66] providesittiermation of the
ball, opponents and teammates, such as their positionsedocities.
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The procesdactics focuses on the high level control problems [64]. It pro-
cesses the information froEnvironmentModel and sends driving commands to
the motor controller, such that the robot can successfidly @ soccer game in co-
operation with its teammates. For the goal keeper, a reabghavior-based sys-
tem based on simple condition-action rules was designeithwhainly depends
on the ball's position in the environment model. The sofevaf eld players uti-
lizes a hybrid control system in controlling the robot to lfudesigned behaviors,
for example, dribble, pass and shoot the ball. A path planalgorithm is also
designed to plan an ef cient collision-free path to navegtite robot movement.



Chapter 3

Robot Control System

This chapter presents the rst step of controlling a mohileat, which is to build
up a robot control system. A control system is the foundatibdesigning robot
control laws, and a suitable control system can bene t mieecontroller design
with respect to control tasks. After a short introductiomubieeled mobile robots,
the control system of the Attempto soccer robots is adddassBection 3.2. Tak-
ing a reasonable architecture, the adopted control systéhne dttempto soccer
robot consists of a high-level control system and a lowdlegatrol system, which
are based on the robot kinematic model and dynamic modgdecésely. The
robot models and corresponding control laws are detailsg@tions 3.3 and 3.4.
While the actuator characteristics may have severe impatti@control strategy
based on kinematic models, the actuator dynamics and actattiration have to
be considered as well, which are described in Section 3.5.

3.1 Wheeled Mobile Robots

Wheeled Mobile Robots have received considerable atteatid achiev-ed tremen-
dous progress in industries and service robotics becaug®iof exible motion
capabilities on reasonably smooth grounds and surfac&$.[ASvheeled mobile
robot can be modeled as a planar rigid body that rides on atraagbnumber
of wheels, some or all of which can be steered [8]. IgnorirgDOF (Degrees
of Freedom) of the wheel axles and wheel joints relative o ribbot body, a
wheeled mobile robot has maximum of three DOF: two of themvatie respect
to the translation on the plane, the other one is the rotaitiomg the vertical axis,
which is orthogonal to the plane.

The maneuverability of a wheeled mobile robot depends orelypes and
con gurations [151]. From the view of controllable DOF, wdled mobile robots
can be categorized into two types: omnidirectional (or hohaic) robots and

17
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nonholonomic robots.

Nonholonomic robots have less than three controllable ®&ause the com-
monly used wheels are unable to move parallel to their axaseXample, an uni-
cycle has only an upright wheel rolling on the plane, whidhessimplest example
of the nonholonomic wheeled mobile robot. Such constrargsnonholonomic,
i.e. they cannot be integrated to give a constraint only enr¢tbot poses [121].
With the generalized coordinat€s;y; ), the nonholonomic constraint can be
expressed as

X sin ycos =0; (3.1)

where(x;y) denotes the robot position ands the robot orientation. Nonholo-
nomic constraints allow the robot to only move forward ancidveard after chang-
ing the direction of its movement. Due to the wide applicagovironments cov-
ering from research laboratories and factories to the difélythe development of
the nonlinear control theory and practice with respect tohabonomic systems is
still an attractive and challenging research topic.

Omnidirectional robots have higher maneuverability thanholonomic robots,
because the DOF of an omnidirectional robot can be totallytroled. The
omnidirectional movement means that a robot can move in &egttn at any
time regardless of its orientation. Although the omnidii@tal mobility can be
achieved by using conventional wheels, for example casherels and steering
wheels, these designs are not truly omnidirectional bexatithe nonholonomic
nature of these wheels [43]. Therefore, true omnidireetiovheels which can
move in parallel to the direction of their axes are widelyduseomnidirectional
robot platforms, for example Swedish wheels, meccanum lsfaeel Ball wheels
[160, 36, 37]. The highly maneuverable characteristics @aakmnidirectional
robots very attractive in wheeled mobile robots appligaioFor example, some
kinds of omnidirectional wheelchairs have been developedhfiman assistance
in public environments such as residences, of ces and talsdil56, 159]. In
the annual RoboCup competition which deals with highly dgiteenvironments,
omnidirectional soccer robots have been employed extgemalcessfully since
2000 in the Small Size League [29, 133] and in nearly all thed\& Size League
RoboCup teams in recent years [120, 19, 92].

3.2 Control System

Mobile robot control systems are built on robot models. Asiraad descrip-
tion of the relationship between the forces exerted on theelghand the robot
movement, robot dynamic models have been used in many robtiot systems
[160, 158, 51, 102, 132, 157]. Taking the torque and forcéherapplied volt-
age of wheels motors as inputs and the robot linear and angcdalerations as
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outputs, dynamic models are complex in structure and relynany mechani-

cal or physical parameters. Due to dynamic variations @hbgechanges in the
robot's inertia moment and perturbations from the mecheamponents, obtain-
ing a perfect dynamic model of a mobile robot is a very harll,takich increases
the complexity of controllers based only on dynamic modglls [L48]. Another

widely adopted control system combines robot kinematitwlignamic models
[156, 116, 140]. With assignments of control tasks, cotdrslwith respect to
the kinematic and dynamic models are designed separateé/miin advantage
of this control system is that kinematic models have a simspiecture and also
simplify the dynamic model by only using the kinematic md&slglputs as output
variables.

A common architecture of control systems combing kinematid dynamic
models, Navigation-Guidance-Control (NGC), is adopteddntrol the omnidi-
rectional Attempto soccer robot, which is organized in a¢hlevel hierarchy
[103, 118]. The three levels cover the three basic problefrasmobile robot:
to know where it is, to determine suitable maneuvers forrddgasks and to exe-
cute such maneuvers as well as possible. Navigation is ngelwd the knowledge
of robot position and attitude based on the sensors measuatef@uidance is built
from high level tasks and robot kinematic models to geneatasgéred angular and
linear velocities with respect to the output of the navigasystem. Control is re-
sponsible for keeping the robot at the desired velocitiesispd by the guidance
system as close as possible. According to the hierarchicadtare, the control
system is also considered a low-level control system wharthrnands the robot
actuators, such as motor torques, based on the plannedtisidom the guid-
ance system. The guidance system is also taken as a hidlctevteol system,
whose objective is to plan the desired velocity trajectarg aend the reference
velocity to the low-level control system.

Guidance | set R Control |voltage| Robot |velocities | Robot
System | velocities { . | System " | Dynamics "| Kinematics
high-level Navigation robot
task - System states
ask_ e -

Figure 3.1: Diagram of NGC control architecture

With the assumption that no slippage of wheels occurs, ab@es have high
accuracy and the ground is planar enough, kinematic modekstheen well used
in designing robot behaviors. As the inputs of kinematic eisdre robot wheel
velocities and outputs are robot linear and angular veks;ithe actuator dynam-



20 Chapter 3. Robot Control System

ics of the robot are assumed to be fast enough to be ignorechwieans that the
desired wheel velocities can be achieved immediately. Wewéhe actuator dy-
namics is impossible to be omitted in real situations, arehéwnits and degrade
the robot performance. Moreover, motor speeds of the robeels are bounded
by saturation limits. When the desired robot wheel velesigxceed their maxi-
mum values, the actuator saturation appears which affieetsobot performance
and can even destroy the stability of the robot control syd{£3, 27]. There-
fore, actuator saturation is another important practissiié to be considered in
controlling mobile robots.

The next sections in this chapter describe the control systehe Attempto
soccer robot in detail. High-level control, low-level carif the robot kinematic
and dynamic models and the corresponding control methdtsevpresented. To
guarantee control stability, the dynamic actuator satmatnd identi ed actuator
dynamics have been considered in the control system, whieladdressed in
Section 3.5.

3.3 High-Level Control

The high-level control is based on the robot kinematic maatel works as the
guidance system in an NGC architecture. It determines thiesderobot velocities
based on the measured robot information so as to ful Il thghHevel control
tasks, then forwards these values to the robot actuatorseashjective of the
low-level control system.

3.3.1 Kinematic Model

Figure 3.2 shows the base of an Attempto soccer robot. Beside xed world
coordinate systehW g composed of axeX,, andY,,, a moving robot coordinate
systemf M g consisting of axeX,, andY,, is de ned. The angle between
the axesX,, andX,, denotes the robot orientation. Anglesand’' denote the
direction of robot motion in the world and robot coordinagstems, respectively.
Each wheel has the same distahggto the robot's center of mags. refers to
the wheel orientation in the robot coordinate system andahamstant value of

30 degrees.
The kinematic model of the robot is as follows:
2 3
cos sin O
x=4%4sin cos 0°5v; (3.2)
0 0 1

wherex is the robot velocity vectaix; y; )T with respect to the world coordinate
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Figure 3.2: Kinematics diagram of the base of an Attempoesoabot.

system, which is composed of the robot translation velggify) and the robot
rotation velocity—. The inputis a velocity vectar = (xJ;y®;! )T with respect to
the robot coordinate system, where the velocitigsindy? are along the axes,
andYy,, respectively! is the robot rotation velocity along the axis perpendicular
to the plane.

When we consider the wheel velocities, the lower level kiasenmodel of
the robot can be deduced as:

2 2 2 2ai 3
gcos( + ) gcos( ) 3sSin
x=4 ssin( + )  zZsin( ) Zcos Sg; (3.3)

whereq is the vector of wheel velocitigsy o &' . Hereq (i = 1;2;3) denotes
the i-th wheel velocity, which is equal to the wheel radiudtiplied by the wheel
angular velocity. As the motor's voltage and current ardtioh the maximum
wheel velocity is limited byy,, namelyjdj oy

It is important to notice that the transformation matrigethie kinematic mod-
els (3.2) and (3.3) are all full rank, which implies that thenislation and rotation
of the omnidirectional robot are completely decoupled, alhows the separate
control of these two movements.

3.3.2 Control Law

It is clear that the robot kinematic model is nonlinear. Whemmodel Eq. (3.2)
changes to

x = Gv,; (3.4)
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by de ning the transformation matrix &, the trigonometric functions of angle

in G show the system's nonlinearities. A3 is full rank, its inverse can be
introduced as a compensatrto exactly linearize this nonlinear model as shown
in Figure 3.3 and generates the following linearized system

X=u (3.5)

with a new input vectou = (u; U, u3g)T .

u v X

—» Compensator C » System G ——»

Figure 3.3: Linearized system with the compensé&tor

This linearized system inherits the decoupled contrdilstof robot transla-
tion and rotation. When a controll&r is designed based on this simple linear sys-
tem, the controller of the original system is generate@ Ks The overall control
loop, which consists of the nonlinear system, the compensaid the controller,
is shown in Figure 3.4, where denotes the robot state vecfeir yr )T andxy

Linearized system

Xq U v X x

—»(T—> Controller K Compensator C —» System G Integral T

Figure 3.4: Closed-loop control system.

Y

is the desired state vector.

With the simple system (3.5), linear control technologias be easily used to
design suitable controllers with respect to high-leveltoartasks. In Chapter 4,
path following and orientation tracking are chosen as héylel control tasks, and
the corresponding control laws are addressed in detail.

3.4 Low-Level Control

The low-level control is based on the robot dynamic modetales the desired
robot velocities coming from the high-level control systamcontrol objectives
and controls the real robot velocities to approach the désines as closely as
possible.
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3.4.1 Dynamic Model

The dynamic model is derived from Newton's Second Law,

mx,, = Fy; (3.6)
myy = Fy; 3.7)
|v‘ =m; (3.8)

wherex,, andy,, denote the robot translation accelerations with respettdo
world coordinate systent, is the robot rotation acceleratioR, andF, are the
forces with respect to the world coordinate system exemeti® center of gravity
of the robot,m denotes the robot mads, is the moment of inertia of the robot,
m, is the moment around the center of gravity of the robot.

When we transfer (3.6)-(3.8) into the robot coordinateesysivith the follow-
ing transformation matrix,

mR = cos  sin )
W sin cos '’

we get the following dynamic equations,

M(Xm  Ym = fx; (3.9)
M(Ym + Xm ) = fy; (3.10)

wherex,, andy,, denote the robot translation accelerations with respethdo
robot coordinate system,, andy,, are the corresponding robot translation veloc-
ities, f, andf, are the forces with respect to the robot coordinate systertezk
on the center of gravity of the robot.

fx, fy andm, can be calculated from

fy = D sin D,sin + Dg; (3.11)
fy=Djicos Dscos; (3.12)
m, =(D1+ D2+ D3)LW, (313)

whereD; fori = 1;2;3is given by the following driving system's dynamics for
each wheel [142],
lw® + C+= Kksu; rD;: (314)

D; is the driving force for each whedl,, is the moment of inertia of the wheel,
i denotes the angular position of each wheeland ®; are the corresponding
angular velocity and acceleratiom, is the driving input torque on each wheel,
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is the viscous friction factor of the wheel assemliidy,is the driving gain factor
andr is the wheel radius.

Substituting the following inverse kinematic equationereng to the rela-
tionship between wheel velocities and robot velocities,

2 , 3
sin cos Ly
g=4%4 sin cos L 2v; (3.15)
1 0 Ly

and their time derivatives into equations (3.9)-(3.14%& tlynamic model of the
robot is deduced as,

Xm = &1Xm + aym!  bi(up+ uy  2u3); (3.16)
Ym = @Y @Xm! + 30(Ur U); (3.17)
*=az! + b(uyp+ up + uyz); (3.18)

with

ar= 3cx3l, +2mr?)

a, =2mr2=(3l,, + 2mr?)

as = 3cLZ=(3l,LZ + 1,r?)
by = ki r=(3l + 2mr?)

by = ke rLw=@luLy + 1,r?):

3.4.2 Control Law

Based on the dynamic model (3.16) - (3.18), three Propatibriegral-Derivative
(PID) controllers have been adapted to steer the three wkeélack the desired
velocities independently. Figure 3.5 shows the controtbldiagram, where the
set velocities are the desired wheel velocities coming ftieeninverse kinematic
model (3.15) with the desired robot velocities. The PID colfér is implemented
by the TMC200 Triple Motorcontroller, which measures thetong and wheels'
data and controls the wheels velocities to approach theadeey as closely as
possible. The PID controller employs the following drivimgput torque to steer
each wheel, Z,

Ui = Kp €g + ki 6gd + kg€
0

where the parameteks , ki, andky, are proportional, integral and derivative gains
with respect to the i-th wheel. They are parameters and camloieed according
to the requirement of the control performance.
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Figure 3.5: Diagram of the low-level control system

3.5 Actuator In uence

An actuator is typically a mechanical device used to cormeergy into motions.
In wheeled mobile robot systems, actuators normally are@raptvhich consume
electric energy and control the wheel velocities. Actualgmamics is an impor-
tant component of robot dynamics. Especially in the caségybivelocity move-

ment and highly varying load, actuator dynamics has a higharhon the robot
performance. Based on the kinematic model, designing molotibn control laws

must assume that the robot actuator dynamics is fast enoughignored, which

means the desired input values of the kinematic model carcltieeed immedi-

ately. However, the actuator dynamics can not be completelgted due to the
materials, mechanisms and the limited power of motors. dtbeg, it is necessary
to think about the actuator in uences on the kinematic mduieded controller de-
sign. As two important aspects of the actuator, actuatoaadyos and actuator
saturation are considered in the motion control system efAtiempto soccer
robot, which will be presented in the following subsections

3.5.1 Actuator Dynamics

Actuator dynamics denotes the performance of the low-legetrol system. Al-
though the actuators are normally controlled by the loveleontroller with good
performance, the actuator dynamics might degrade the vglgstem performance,
especially in the case of high-velocity movement and higiagying load. It is
necessary to analyze the actuator dynamics and take thenagobunt in con-
troller design.

In order to learn about the actuator dynamics, actuatormyssare modeled
based on the observed input-output data. The model is iddrtased on the
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observed input-output data so that a performance critésiorinimized. Because
the full rank transformation matrix in the inverse low-legtignamics model (3.15)
denotes the outputsy, yg' and! are decoupled, the models with respect to these
three values are identi ed separately. The inputs of eachehare required ve-
locity values kg, yg. and! ¢), respectively. The outputs are the corresponding
measured values. As one commonly used parametric modehutioeegressive
moving average with exogenous variable (ARMAX) model issdmoas the iden-

ti ed model. It has the following structure:

A(2)y(t) = B(9u(t ny) + C(2)et);
A@Z) =1+ az '+ i+ a,,z "
B(z)= yz '+ 1+ b,z ™
C(2)=1+ ¢z '+ i+ cpz M

ng denotes the delay from inpui(t) to outputy(t). e(t) is white noise. z is

the shift operator resulting in *u(t) = u(t 1). ns, n, andn, are the orders of
polynomialsA(z), B (z) andC(z), respectively. To choose the optimal parameters
of this model, we use the prediction error method, whiclsttee nd the optimal

ng and parameters di(z), B(z) andC(z) such that the prediction errdt is
minimized, namely

X
= argmin  EZ
t=1

E=vo(t) A '2(B@ut n+ C(2)et));
wherey,(t) denotes the measured output data.

The system identi cation toolbox of Matlab has been usedlemntify the actu-
ator dynamic models. After comparing prediction errors 8MMAX models with
different values oh,, ny, N andn, chosen from the positive integer $&t5], the
smallest prediction errors have been found using the fatigywarameters,

[A(2);B(2); C(2); ni]

opt

Model: x| xT
A(z)=1 0642 ' 01997 2
B(z) =0:160% 1;
C(z2)=1 06444 %

Model:yg. ! yg
A(z) =1 129& ! 01821 %+ 0:493% 3;

B(z)= 001212 '+0:152% 2 0:124% 3;
C(z)=1 153% '+0:643% %
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Model:! ;! !

A(z) =1 1:84% 1+0:873& ?;
B(z) =0:0454& ! 0:0172% ?;
C(z)=1 1794 '+0:854 2

Figures 3.6, 3.7 and 3.8 show the comparisons between mateits and mea-
sured outputs with respect to the actual inputs.

Identified ARMAX model (na=2,nb=1,nc =1, nk=1)
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Figure 3.6: Identi ed model foky .

To coincide with the robot's continuous model, the identi models are trans-
formed from discrete ones into continuous ones using thie' {@@ro-order hold)
method with the sampling time of 20 ms,

879486 +58:47)

R = 1
R T (5+73:66)(s + 6:897) =’ (3.19)
2:45256 + 48:83)(s + 6:185)
o= m . 2
Yr (s+28:45)(s2 + 6:837% + 25;97)¥Rc’ (3.20)
1:667( + 45:37) 3.2

T (2+6:75%+76:11) ©

With the identi ed actuators dynamics, the guidance systedesigned in the
following motion control system.
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Figure 3.8: Identi ed model fot .
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high-level Guidance | set | Actuator |velocities| Robot |robot
task - | System |velocities | Dynamics Kinematics | states
Navigation
System

Figure 3.9: Closed-loop control system with actuator dyicam

3.5.2 Actuator Saturation

Actuator saturation occurs if the commanded wheel velesitire larger than the
maximum values, which are limited by the power of the wheet¢éars. At this
moment, the actuator can only generate the highest adies&locities, but not
the desired ones, which can severely in uence the overaltrob performance.
Although more powerful actuators can be chosen to equipotibet iplatforms, the
desired velocities coming from the high-level controllee also possible larger
than the velocities which the actuators are able to genefaedecoupled maneu-
verability of translation and rotation can be broken for amnairectional robot
losing its exible mobility. Taking the actuator saturatiento account, the robot
control system is illustrated by the following block diagra

high-level Guidance | set | .| Actuator |velocities|  Robot | robot
task - | System |velocities Dynamics Kinematics | states
Actuator
Saturation
Navigation
System

Figure 3.10: Closed-loop control system with actuator rediton and actuator
dynamics.

When the robot translation velocities are projected inewlorld coordinate
system, we get the control values of the linearized systen{E§) as

Uy = V4COS; (3.22)
U, = vgSin ; (3.23)

where denotes the robot moving direction with respect to the woddrdinate
system. Substituting equations (3.22) and (3.23) into dlewing inverse robot
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kinematics,
cos(+ ) sin( + ) Ly
q=4 cos( ) sin( ) LyOx (3.24)
sin cos L w

the wheel velocities are computed as:

2 3 2
% vacoy' )+ LuUs

4 95=4 veeof + )+ LyuzO; (3.25)
&k vgsin' + LyUus

where' is the robot moving direction with respect to the robot cauaite system
with' =

As the omnidirectional robot has the maximum velocity ofreateelq,,
namelyjqj dn, the actuator constraints are deduced as:

jvgcod’ )+ LwUs]  On; (3.26)
j vgcoq" + )+ LyUs] Qp; (3.27)
] vgsin' + LyUs] Gn; (3.28)

These three inequalities dynamically constrain the vatdie®ntrol variableyy,

' andus. Explicit analysis of the nonlinear constraints is not appg but the
actuator saturation can also be handled by allocating tbetretrobot translation
and rotation separately. In real applications, robot tedizs and rotation control
are normally assigned with priorities based on pre-desidgp@haviors. For exam-
ple, in the RoboCup scenarios, when the robot is requiredbitkia rolling ball,
the translation has to be as fast as possible. Therefor&ah&ation control has
priority over rotation control. But for catching the balldypreparing a good shot,
the rotation control is more important. With the differemiopities of translation
and rotation, the motion with higher priority should be eneslto be realized, and
the other motion must be controlled under the corresponsktigration.

When translation control has higher priority, the desiradslation velocity's
magnitudevy is assumed to be not bigger thgn in order to achieve feasible
control of the robot orientation. Based on the controllethea ofu; and u,
from equations (3.22) and (3.23), the lower and upper bouesld, anduy,

i =1;2;3) of uz with respect to each wheel can be calculated as follows,

by = Gn VacO{" ) LwUs Gn VaCOY' )= Up;
lp, = On+ vgcoy' + ) LyuUs an+ vgcoy' + )= Up;
l, = dn+ vgsSin(' ) LwyUs Oy + VgsSin(' ) = uy,:
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Then the dynamic boundary valueswfare computed as

= max(lp,; lb,; lbs) |

Lw ’
_ min (Up,; Up, ; Upy) .
= ™ :

wherel, and uy, are the lower and upper boundaries, and the resulting dontro
system has the structure shown in Figure 3.11.

V) e u, F- )
’d>®£> Controller K —» ’ 0 > 1_ 0

— dn

[

Saturation

Figure 3.11: Closed-loop of robot orientation control.

On the other hand, when the rotation control is more impoytdre input
values of andvy should be bounded by the following constraints:

lp, coy’ ) Up; (3.29)
lpb coq" + ) uy (3.30)
[, sin' Up, (3.31)
with the saturation limits o
| _ Qm LWJ I J
b - —l
Vd
_
Up = On  Lw]! J:
Vd

Figure 3.12 shows the curves of functiaces( + ), cos( ) andsin’
from left to right, with' valued from  to . Two lines denote the boundaries
with the absolute value equal tos . It can be concluded that feasible values of
' exist only when the absolute valuelgfor uy) is not less tharos , namely,

- P
G On Lwjlj _ 3
il = Vs cos = 5 (3.32)
Therefore, when is determined to control the robot rotation, should satisfy
constant (3.32) such as to get the feasible boundary vafuesaocording to the
constraints (3.29) - (3.31).
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0
@ (rad)

Figure 3.12: Solid, dotted and dashdotted curves illustiia¢ constraints from
the left wheel, the right wheel and the back wheel, Jgspelg/tivao lines show
the upper and lower boundaries with the absolute vaﬁle

3.6 Summary

This chapter presented the motion control system of then#yite soccer robot.
Considering the complex structure and dynamically vaeabéchanic and phys-
ical parameters in the robot dynamic model, a control systembining a kine-
matic and a dynamic model has been designed for our robotcdifeol system
adopts the well-known Navigation-Guidance-Control dinoe, where the kine-
matic model-based high-level control focuses on accormipigsrobot behaviors
to ful Il high-level tasks, and the low-level control is coarned with the robot
dynamic model, which takes the outputs of the high-leveltr@dras objectives
and keeps the robot with the desired movement as well astpessi

Compared with nonholonomic robots, omnidirectional rgdwve higher ma-
neuverability because of their full motion DOF on the plankhis advantage
makes omnidirectional robot attractive in wheeled mololeats applications, for
example, in the Middle Size League of RoboCup. Especialtyctbmpletely de-
coupled translation and rotation of omnidirectional rabertable the separate con-
trol of these two motions according to the requirement dedént control tasks.
However, this decoupled control strategy must assume tieatdbot actuators
are powerful enough for the desired control values and thetractuator dynam-
ics are fast enough to be ignored. For a real mobile robotmbrs can only
have limited power and the robot actuator dynamics are isiplesto be omitted.
Therefore, considering the in uences of the robot actudieramics in the robot
kinematics-based control is necessary and very important.

In sections 3.3 and 3.4, the kinematic and dynamic modelbefttempto
soccer robot and the corresponding control laws have besarided in detail. In
order to guarantee closed-loop stability and good con&diogpmance, the actua-
tor in uence has been analyzed in Section 3.5. The identaetbator dynamics
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and the dynamically calculated actuator saturation arecddo the control sys-
tem, which provides the basis of designing the robot motamntrol laws.
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Chapter 4

Robot Motion Control

Robot motion control refers to controlling the position srdrelocity of mobile
robots by servo mechanisms. The tasks of robot motion cloadidressed in the
literature can be roughly classi ed in the following threegps:

Point stabilization: a robot is required to move from aniahpoint to a goal
point with desired posture, no matter how the robot movewden these

two points;

Trajectory tracking: a robot is required to track a time pagterized refer-
ence trajectory;

Path following: a robot is required to converge to a georoagference
path.

Point stabilization

The main challenge of point stabilization lies in stabiligia nonholonomic robot
at the goal point with the desired orientation because Batadias shown in [20]
that there is no smooth or even continuous state feedbacttottaw able to solve
the point stabilization problem for such kind of robot. Thederlying reason is
nonholonomic robots can not satisfy the necessary comddfdhe point stabi-
lization problem: smooth stabilizability of a driftlesgdar system requires that
the number of inputs is equal to the number of states. As aecesice, either
discontinuous or time-varying control laws have been psegoto stabilize the
robot at the desired posture, for example, smooth timehvgrgontrol laws tak-
ing the time variable into account, piecewise continuaugtvarying control laws
keeping continuous except at the equilibrium [31, 57], yleontinuous or dis-
continuous feedback control laws composed of time-varjgedback controllers

35
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and either continuous or discontinuous controllers [5,0,3B]. With respect to
omnidirectional robots, their full DOF on the plane deteras the number of in-
puts equal to or larger than the number of states and makg@®thiestabilization
problem easier to be solved.

Trajectory tracking

Trajectory tracking is aimed to control a robot to track a-gesigned feasible
trajectory, which speci es the time evolutions of the pwmsit orientation and
translation and rotation velocities of the robot. As a neagsg condition for
the trajectory tracking problem, a feasible trajectoryhis time based solution
of the robot kinematic model with respect to a set of feasibjprit values. In
trajectory tracking, the pose and velocity at each speciiggk instant in the fu-
ture which the robot should track are exactly determined fatditate the con-
troller design, the tracking error kinematics is normallveloped as the rst
task based on the robot kinematics. Then, the trajectookitrg problem be-
comes to nd suitable control laws which asymptoticallylstize the tracking
error(x.(t)  x(t);y:(t) y(t); «(t) (1)) atzero, whergx(t);y(t); (t)) de-
notes the robot state ar{d, (t); y;(t); (t)) presents the state of the reference
trajectory. By linearizing the tracking error kinematic da&b at the equilibrium
point, the linearized system is controllable as long as &ference trajectory is
non-stationary. This implies that linear control techr@gan be used to achieve
the local stability of the trajectory tracking problem, tstample, Lyapunov stable
time-varying feedback control laws [145, 144] and chainanf based feedback
control laws [111, 115]. Besides researching the prelimyit@cal stability guar-
anteed controllers, many control laws have achieved globpdctory stabiliza-
tion, such as the nonlinear feedback controllers basedeoarthinal nonlinear er-
ror kinematics [111] or the dynamic feedback linearizedesys[30, 124]. Based
on the basic ideas of above trajectory tracking contrqgllerany variations and
improvements have been proposed in the dedicated robdgcstlire. Some of
them focus on increasing robustness due to the robot modefamties and en-
vironmental perturbations [127, 136], some try to keep @ stability and good
control performance with consideration of saturation tk@msts of the robot input
values [73, 77].

Path following

The path following problem is the other important robot rontcontrol problem,

where a robot is required to move to a geometric referende gmtlose as pos-
sible. Unlike trajectory tracking, the robot moving spesalecoupled from the
robot convergence movement in the path following problehis means the robot
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can follow the reference path with a freely de ned velocitagmitude according
to the application requirements. Therefore, trajectaagking can be regarded as
a special case of the path following problem because theatbgelocity history is
directly speci ed with time in the trajectory tracking priem. A fundamental dif-
ference between the path following problem and the trajgdtacking problem
can be demonstrated in non-minimum phase systems [7], vthete,-norm* of
the tracking error can not be decreased arbitrarily smailtHe exibility of speed
assignment allows the path following problem to have aabiy smallL ,-norm
of the following error. Moreover, transforming or combigitrajectory tracking
and path following have been studied to yield better trajgctracking perfor-
mance [42, 125]. By steering the robot speed to track a adkspeed pro le, path
following has been involved in many complex tasks, for exeEnmulti robots
formation control [53, 78], obstacle avoidance control][@3c..

In Chapter 7, path following has been formulated in the soa#got dribbling
task. The most challenging task of my research is to contraranidirectional
robot to dribble a rolling ball. During the dribbling prosgghe ball can only be
pushed but not be pulled. To decrease the ball's speed, et has to move
ahead and hinder the ball's movement. When the ball's spasddbe increased,
the robot needs to stay behind the ball and push it. This misatvarying the
ball's speed will unsmooth the robot movement and increhsepbssibility of
losing the ball. Therefore, a desired constant high speelddsen for the ball in
the path following task, which not only facilitates the rolmeotion control, but
also ensures the ball's fast moving in the RoboCup matches.

According to the omnidirectional mobility, the motion cawitof our soccer
robot can be achieved by separately controlling robot tagios and rotation.
Sections 4.2 and 4.3 introduce the control methods of rabwoistation and ro-
tation, respectively. The path following problem is takenthe task of robot
translation control. The robot rotation control concehresactuator dynamics and
actuator saturation, such as to keep a stability guaranmtgsat motion control
[99].

4.1 Nonlinear Systems Theory

Before the introduction of motion control methods, thisteetrecalls some nec-
essary theories about stability of the equilibrium poiritsanlinear systems. The
reported theorems and de nitions are borrowed from [84].

L ,-space is the set of square integrable functions.
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4.1.1 Lyapunov Stability
Suppose the autonomadis/stem
x = f(x) (4.1)

has an equilibrium point, which is assumed to be at the oagRr", i.e.f (0) = 0.
There is no loss of generality in doing so because any equilibpoint can be
shifted to the origin via a change of variables.

De nition 1 The equilibrium poink =0 of (4.1) is
stable, if for each > 0, thereis = () > Osuch that

kx(O)k< )k x(t)k<; 8t O

unstable, if it is not stable

asymptotically stable, if it is stable andcan be chosen such that

x(@)k <) lim x(1) =0

In order to demonstrate that the origin is a stable equiliiarpoint, for each
selected value of one must produce a value of possibly dependent on such
that a trajectory starting in aneighborhood of the origin will never leave the
neighborhood. Itis possible to determine stability by ekxang the derivatives of
some particular functions without having to know expligithe solution of (4.1).

4.1.2 Lyapunov's Stability Theorem

Theorem 1 Letx = 0 be an equilibrium point for (4.1) an@ R" be a domain
containingx = 0. LetV : D ! R be a continuously differentiable function such
that

V(0)=0andV(x)>0inD f 0Og (4.2)

\(x) 0inD (4.3)
Then,x = 0 is stable. Moreover, if

V(x) < 0inD f Og

thenx = 0 is asymptotically stable.

2A system in which the functioh does not depend explicitly on time.
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A functionV (x) satisfying condition (4.2) is said to Ip@sitive de nite If it satis-
es the weaker conditioVv (x) Oforx 6 0, itis said to begositive semide nite
A functionV (x) is said to benegative de niteor negative semide nitd V(x)

is positive de niteor positive semide niterespectively. A continuously differen-
tiable functionV (x) satisfying (4.2) and (4.3) is called a Lyapunov functionegaf
the Russian mathematician who laid the base of this theory.

4.1.3 Barbalat's Lemma

Lemma 1 For a time-varying system, if a Lyapunov funct(x;t) satis es the
following conditions:

1. V(x;t) is lower bounded

2. \[(x;1) is negative semide nite

3. \L(x;1t) is uniformly continuous in time (satis ed¥ is nite)
then\,(x;t)! Oast! O.

Barbalat's Lemma will be used to proof stability of the quashite horizon
nonlinear model predictive control in Section 5.3.

4.2 Translation Control

4.2.1 Path Following Problem

As one important control problem of mobile robots, pathdaling aims to nd a
feedback control law such that the robot's center of masserges asymptotically
to a geometric reference path. Unlike trajectory trackwmgich can be formulated
to decrease the error between the real robot states and siredieobot states
parameterized by time, the aim of the path following probierto decrease the
distancebetween the robot and the reference path. The differentitiens of the
distanceresults in different formulations of the path following ptem.

A kinematic level formulation of the path following problewas rst pre-
sented in [111, 143], where tltistancevalue is described in a path frame which
is moving along the given path. When the distance is equdlgcgddius of cur-
vature of the given path, the singularity problem will ocaoithis formulation.
By linearizing the formulation, the proposed controllena@nly keep the robot
locally converging to the given path. In order to get a glatzaivergence to the
given path and to avoid the singularity problem, a more gariermulation of the
path following problem was utilized in many control laws4[352, 39, 40, 105]),
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where the concept dfirtual Vehicleis introduced to refer to the robot's desired
position on the given path and a new variable is introducezbtdrol the move-
ment of theVirtual Vehicle The main difference between these controllers focuses
on the ways of controlling theirtual Vehiclés movement, which results in differ-
ent control performance of the robot following the referepath. Normally the
velocity of theVirtual Vehicleis controlled by a nonlinear controller based on the
distance errors and the characteristics of the referentte p¥ith respect to the
controlledVirtual Vehiclés velocity, the corresponding robot motion controllers
can provide the global convergence to the reference path.

Besides the variable controlling thértual Vehiclés movement, the direction
of robot translation is another important control varialniehe formulations of
the path following problem. For nonholonomic robots, theatorientation an-
gle denotes the direction of robot translation, which caly & controlled by
the robot rotation velocity around the axis perpendicuahe plane. In the case
of omnidirectional robots, robots are able to translate rantate simultaneously,
which means the robot's translation direction can be rdgdlaegardless of the
robot rotation velocity. In the next subsections, orthaggrojection-based and
Virtual Vehiclebased formulations of the path following problem have beéen
scribed. The path following control methods with respechémholonomic and
omnidirectional robots are presented in details.

4.2.2 Orthogonal Projection-based Control

Figure 4.1 illustrates the orthogonal projection-basethfdation of the path fol-
lowing problem. P denotes the reference path. Pdiis the robot's center of
mass, and poin@ is the orthogonal projection d® on the pathP. A path co-
ordinate systemhP g is composed of axes; andX ,, which are the tangent and
normal unit vectors a, respectivelyx, is the signed distance between the robot
and the pathP. s is the signed curvilinear abscissa denoting the positioQ.of

p IS the angle between ax}6; and axisxy,. Vg is the robot translation velocity,
whose direction with respect to the world coordinate systeem

Based on the previous de nitions, the path following prablean be parame-

terized as

1
S = VRCOS ; 4.4
2 R el CX, ( )
Xn = VRSIN (4.5)
=1 VR COS 4.6
e \Y R el CXq ( )
wherec s the path curvature at poi@, . is the angular error with = Dy

Iy is equal to_. Therefore, the aim of path following is to nd suitable couit
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Figure 4.1: lllustration of the orthogonal projection-bd$ormulation of the path
following problem

values ofvg and! , such that the deviatiox,, and angular error tend to zero.

According to the kinematic equations (4.4) - (4.6), two vydesed linear and
nonlinear feedback control laws for nonholonomic robotsametroduced in [32].
VR is set to be the desired translation veloeifywhich is assumed to be different
from zero. Then the task of path following is to nd a suitablg such that the
deviation distance and angular error tend to zero.

In the neighborhood of the origi(x, = 0; ¢ = 0), linearizing (4.5) and
introducing an auxiliary control variableresult in

Xpn= Vd e (4-7)
e= U (4.8)

with

T ox : (4.9)

Whenyvy is constant and different from zero, the system describeédoations
(4.7) and (4.8) is controllable and can be stabilized withfthllowing linear state
feedback controller

u=KivgXn Kojvaj e (4.10)

wherek; > 0andk, > 0. As a consequence, the closed-loop equatior,of
becomes

Xn + Kz jVgj Xn + KiVix, =0

This is a typical second-order system, whose performangeirement can be
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directly used to choose the controller paramekerandks,

2a
ki = —;
1 V§’
a2
ko= =
? Vg’

wherea and are the undamping natural frequency and the damping ratioeof
second order system, respectively.

Without the linearisation, a nonlinear feedback contral aith little differ-
ence from (4.10) can also asymptotically stabilize theagisé deviation and the
angular error to zero [32]. It is designed as

sin
u= kyvgXn €

kZ(Vd) es

e

wherek; is a positive constant andvy) is a positive continuous function when
Vg 6 0.

The disadvantage of the formulation with equations (4.4).6)is the singu-
larity problem aftcx, = 1 [143]. That limits the controller to situations, whetg
is smaller thanc— Cmax denotes the maximum curvature of the path.

Unlike nonholonomic robots, omnidirectional robots hakie tapability of
translating to any direction regardless of their orieotatiThis means the transla-
tion direction of an omnidirectional robot can be controlled directly thiave
any desired value. Therefore,can replace , to be controlled for solving the
path following problem of omnidirectional robots.

Mojaevet al. [114] presented a simple control law based on the deviation
where robot's center of mag$s is controlled to converge to the axig along an
exponential curve expressed as

Xn = Xno€XP( KX¢):

Xn, IS the initial deviation and the positive const&ametermines the convergence
speed of the deviation. Figure 4.2 shows the basic conteal.id

Differentiating (4.2.2) with respect te;, we get the tangent direction of the
exponential curve as

. = arctan( ‘%) = arctan( kx): 4.11)
t

Therefore, for a non-zero constant desired velogitythe translation velocity of
the robot in the path coordinate systémg results in

Xn = VgSin ¢ (4.12)
Xt = VgCOS ¢! (4.13)
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Figure 4.2: lllustration of path following control with axgonential convergence
trajectory.

To prove the stability of the closed-loop system, a Lyapucandidate func-
tion
1 1
V = ékdXﬁ + ék 2

e

can be considered, wheke andk are positive constants. The time derivation of
V results in

L= KgXnXp + K o e (4.14)
Substituting the time derivative of, from controller (4.11) into (4.14), we get

X

\L = KgXn X, + kk arctan( kx“)ﬁ&)z <
n

0: (4.15)

Becausex,x, = X,Vgsin(arctan( kx,)) < 0 andx, arctan(kx,) < O, this
solution of \L guarantees the global stability of the equilibrium(at = 0; ¢ =
0), which means this control law solves the path following peotn

Transforming the robot velocity into the world coordinajestemf W g, we
get the control values of the Attempto soccer robot as

Uy = V4COS;
Uy, = Vg4Sin ;

with = et p.

The input of controller (4.11) is the distance between p&irand the given
path, which normally can be directly obtained by the sensorthe robot. More-
over, the convergence speed is controlled only by pararketenich can be cho-
sen according to the performance requirement.
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4.2.3 Virtual Vehicle-based Control

The Virtual Vehiclebased formulation of the path following problem presehés t
kinematics of thalistancevalue between the robot and thetual Vehicle The
corresponding controller aims to decreasedistanceto zero.

Y,

W A

0

Figure 4.3: lllustration oVirtual Vehiclebased formulation of the path following
problem.

As shown in Figure 4.3, the path coordinate systéhg is located at poin®,
the center of mass of thértual Vehicle which moves along the reference p&th
and is determined by the curvilinear abscisshet vectorsR andQ describe the
positions ofR andQ in the world coordinate systetfR,, and"R, present the
transformation matrices frofM g to f W g and fromf P g to f W g, respectively,
the following relationship holds:

R=Q+"Ry( 7 (4.16)

wherexe andye denote the robot positions with respect to the path cootelina
systent Pg. Computing the time derivatives of (4.16)

u S

W — il w )Se .

Rin = "Ry o * ye P ye
and after some simpli cations, the error kinematic modelloé path following
problem is given by,

2 3 2
Xe (yec(s) 1)S_+ VR COS ¢

xe=4 ve 5=4  x.o(s)s+ Vgsin ¢ 5; (4.17)
. by d(s)s
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where the error vectox, is with respect to the path coordinate systelRry, .
presents the angular error between the robot moving diectiand the path
tangent direction, thec(s) denotes the path curvature at poiptand! , is the
corresponding angular velocity of

Itis noticed in model (4.17) that controlling is decoupled from controlling
and! ,, because the errors can stay on the equilibiixg= 0) whens approaches
Vr. Therefore, the path following problem is to nd suitabldwes ofs and! , to
minimize errorsXe, Ye and ¢, while vy is assigned with any desired velocity.

Model (4.17) is really independent of the robot platformeeTontrol values
of error kinematics (4.17) are high-level control inputstioé robot platforms.
For the omnidirectional robots, the valug can be steered directly. But for the
nonholonomic robots, the angular movement can only be cledrby ..

The direct Lyapunov function method has been used to desigonénear
controller. De ning the following Lyapunov candidate fuirem

V= Jkod+ kY2 + ok 2

where parameteils, .k, andk are positive constants, and substituting (4.17) into
the time derivation oV,

VL= KyXeXe + KyYeYe + K e e

we obtain
V= KeXe((YeC(s) 1)s+ Vg .COS e) (4.18)
+ kyye( XeC(S)S+ VR SIN o)+ K ¢ e
Whenk, = ky, = k; is selected, equation (4.18) results in
V= KkpXeS+ KpXeVR COS ¢+ KpYeVRSIN ¢+ K ¢ ! (4.19)

To keep\. being negative, the control variables of (4.17) can be de aefollows:

for non-omnidirectional robots

KyVeVR SiN
= o —2YeRSM e (4.20)
K e
S= VRCOS ¢+ KyXe; (4.21)
for omnidirectional robots
e = arctan( KuyYe); (4.22)

_ VRCOS ¢+ koXe.
IPRCCIETE (4.23)
kp(1+(k1ye)?)
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where, k; andk, are positive constants. For nonholonomic robots, comroll
(4.20) - (4.21) only gives the control value alpha, to steer the robot rotation
velocity with! =1, = o+ c¢(s)s. In order to get better following performance,
a desired approach angle shaping transient maneuvergdbegmath approach
phase has been added to direct the robot moving directioh, [192]. In the
case of omnidirectional robots, the moving directiors directly controlled with

= ¢t p, Where .isfrom controller addressed in Eq. (4.22) apds related
to the controlled valus. To control the robot translation with the desired velocity
Vg , the input values of the robot control system (3.5) are glwen

U; = V4COS;
Uy = Vgsin:

4.3 Rotation Control

Unlike the nonholonomic robot, the orientation of an omredtional robot can be
different from the direction of the robot translation vatgdy any anglé . This
relationship is denoted as= + ' . That means the robot orientation can track
any angle no matter how the robot translates. Based on tlo¢ kotematic model
(3.2), the rotation control is to nd a suitable robot rotativelocity! , which is
uz in the linearized system (3.5), such that the robot oriematonverges to the
desired value, i.e.

Jm (q(t)  ()=0; (4.24)

where 4(t) is the desired orientation.

As a simple rst-order differential system, many controlviacan be utilized
to control the robot orientation. In order to get fast trensiresponse and de-
crease overshoot, we chose the Proportional-Derivatig @@ntroller to ful l
the rotation control task, which is given by

I = kl(e + kze_), (425)

wheree is the orientation errorde ned as = 4(t) (i), e isthe correspond-
ing derivative termk; andk, are the proportional and derivative gains, respec-
tively.

As described in Chapter 3, when the robot translation corstiessigned with
higher priority, the controlled value df has to satisfy the system constraints.
Considering the saturation function

8
2Up, X1>Up
Xo= _ X1 lp X1 Up; (4.26)

lb X1<Ilp
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and its gain characteristics illustrated in Figure 4.4, ¢lesed-loop system of
controlling the robot orientation is shown in Figure 4.5.
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Figure 4.4: Saturation function and its gain charactessti
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Figure 4.5: Closed-loop of the robot orientation control.

The saturation function works as a dynamic gain blieglkwvhich has the max-
imum value of one and converges to zero when the input sagirBy computing
the transformation function of the closed-loop systenmaiit be obtained that there
exist one pole a% and one zero at 1=k,. Therefore, whelk, andk; are
positive, the stability of the closed-loop system can bergu@ed whenevel,
decreases.

The other important issue to be considered is the actuatoardics, which
has been identi ed and shown in subsection 3.5.1. As showkigare 4.6, the
dynamic system (3.21) adds another two poles to the clasguldystem and the
controller parameters are chosen again such as to guathets&bility.

0, e, il 1.667(s+4537) |6 | 1| @
—T 2 :/ : s2+6.759s+76.11 s

k

a

O

Figure 4.6: Closed-loop of the robot orientation contradlinling actuator dy-
namics.

The locus technique is used here to set the positions of @wldszeros of
the closed-loop system. Analyzing the root locus of the wbletd system, the
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necessary conditions to guarantee the closed-loop syadain be found at; > 0
andk, > 0:0515 Figure 4.7 shows the root locus of an open-loop system in the
critical situation withk, = 0:0515 where all the poles of the closed-loop system
locate in the left-half plane whatever positive valyg; is. Otherwise, whek,

is less tharD:0515 the root locus may cross the imaginary axis, and the poles of
the closed-loop system may move to the right-half plane Whegoes to zero.

Root Locus
50 : . : : . :

40

20

Imaginary Axis
o

201

40

_60 1 1 1 1 1 1
-120 -100 80 60 -40 -20 0 20

Real Axis

Figure 4.7: Root locus of robot orientation control.

4.4 Experimental Results

The control algorithms discussed above have been testadt ibot laboratory
having a half- eld of the RoboCup Middle Size league. An dighaped path is
adopted as the reference path, whose geometrical symmmetigharp changes in
curvature make the test challenging. With a scale varipptbe chosen eight-
shaped path is calculated as

Xr
Yr

1:8sin(2p); (4.27)
1:2sin(p): (4.28)

The robot was controlled to follow the eight-shaped patihaitonstant trans-
lation velocityvy = 1 m/s. In the view of orientation control, two kinds of desired
robot orientation are designed in the experiments. One aatant angle of zero
degree with respect to the world coordinate system, whialtypical test to show
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the decoupled translation and rotation of the omnidireetioobot. Another is to
compute the desired robot orientation with

d= p+0:9ceVj; (4.29)

wherecp is the path curvature at poiQ. These high values of the desired ori-
entation are employed to check the control stability whenattuator saturation
appears.

With respect to the two different formulations of the pathdaing problem,
two sets of experiments have been done with the real robgurés 4.8 and 4.9
show the results of the orthogonal projection-based chntteere the parameters
in the control algorithm were chosen ks= 2:5, k; = 4:15andk, = 3. Fig-
ures 4.10 and 4.11show the results of Wirtual Vehiclebased control taking the
following parameter&; = 2:5; k, = 2:5; k, = 2:0andk =1:0.

Figures 4.8 and 4.9 illustrate the results with respect ¢odifferent desired
robot orientations. Figures 4.8(a), 4.8(b) and 4.8(c) shethat the proposed con-
trol method steers the robot centrconverging to the given path and the robot
orientation tracking the constant value with good perfaroga The maximum
distance error is less than 0.26 m, and most angular errerless than 0.2 rad.
Figure 4.8(d) shows the measured wheel velocities are hessthe maximum
value 1:9 m/s, which means that the actuator saturation did not appédren
the desired orientation has more requirement for conti@liihe robot orientation,
the actuator saturation appeared in the second experirrefigure 4.9(d), the
measured wheel velocities reach the maximum value, whenottnat is around
the sharp turning segments of the reference path. At theseemts, the orienta-
tion errors become much bigger, but still converging to zasshown in Figure
4.9(c). The distance errors illustrated in Figure 4.9(le)aso decreasing to zero,
although the robot moves away from the reference path &ieshiarp turning seg-
ments because of slide caused by the large translation gettbroaccelerations,
which can be seen in Figure 4.9(a).

The similar following errors can be seenin gures 4.10(bj dnl1(b)), where
the Virtual Vehiclebased control method was employed. Figures 4.10(c) and
4.11(c) imply the function of the control valug which dynamically changes
the positions of th&/irtual Vehicleaccording to the following errors. In Figure
4.10(c),s slows down at the sharp turning segments of the referenbebgatuse
of the large distance errors outside the reference pathrshoiigure 4.10(a). But
in Figure 4.11(c)s increases around the sharp turning segments because of the
large orientation errors. This changedlso made the robot have a more smooth
following performance comparing to that in the case of thieagonal projection-
based control, which can be seen in gures 4.9(a) and 4.11(a)

All the experimental results show that the path followingicol methods can
guarantee closed-loop stability of the path following penl and the robot orien-
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tation can track the desired ones, even though the wheadditiekreach saturation

when the robot makes a sharp turn.
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Figure 4.8: Orthogonal projection-based path followingtcol with constant de-
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4.5 Summary

Based on the robot control system introduced in Chapteri8 ctiapter focuses
on designing the robot motion control laws. In the three dasbot motion con-
trol problems, path following has been chosen as the maitraotask of this
research. The reasons are: (1) The path following proble®sg more general
formulation. Trajectory tracking and point stabilizatioan be taken as special
cases of the path following problem. The specialties aretti@time parame-
terized desired velocities are designed in the trajectaigking problem, and the
point stabilization problem only stabilizes the robot aeatesired position with
desired posture. (2) The main research challenge in th@sthe the dribbling
control of the Attempto soccer robot, which requires that tbbot can always
keep the ball moving in a dynamic environment without anyisioins with other
objects. The adopted dribbling strategy, which will be dethin Chapter 7, in-
volves the path following formulation, where a path plandesigns a collision
free path, then the robot dribbles the ball along the refaggrath with fast speed.

The key issue of formulating the path following problem istmose the de-
sired positions on the reference path, which results iregfit formulations of
the path following problem. Orthogonal projection-based &irtual Vehicle
based formulations present the two basic categories, vénio select the static
and dynamic desired positions, respectively. For the Aptensoccer robot, the
path following control laws with respect to these two foratidns have been ad-
dressed in this chapter. The designed nonlinear contsadliex able to guarantee
the closed-loop stability, which is proven by Lyapunov'alstity theorem. Be-
sides the path following control, the omnidirectional robas another DOF to
regulate its orientation. Considering the actuator dyrcamand actuator satura-
tion detailed in Chapter 3, the designed PD controller capkke robot tracking
the desired orientations, even though the actuator goesaturation. To check
the performance of the designed control laws, real-worfgeexnents with the At-
tempto soccer robot were done in our robot laboratory. HExpental results show
the good performance of the controlled system, and the gteed closed-loop
stability regardless of the appearance of the actuatoregain.



Chapter 5

Nonlinear Model Predictive Control

With respect to the nonlinear characteristics of errorikiagc models (4.4) - (4.6)
and (4.17) of the path following problem shown in Chapter dngnnonlinear con-
trollers have been presented [7, 125, 53, 40, 105, 35, 98jveMer, they rarely
take the robot constraints into account, which are crueieldrs capable of de-
grading robot performance, even destroying control stgpd3, 27]. Moreover,
only the errors between the current robot states and theedestiates are consid-
ered in most control laws, which ignores the potential oppoty of improving
the control performance by considering more informatiothefgiven path.

Motivated by the above considerations, the Nonlinear Mé&utetlictive Con-
trol (NMPC) method has been adopted to solve the path foligwiroblem of the
Attempto soccer robots. As NMPC can easily take robot cairgy into account
and utilize the future information to get current contrgbuss, NMPC has been
used in many robotics applications. Considering the highpatational require-
ment of NMPC, some works eliminate the computations whiehreacessary to
keep control stability [13, 83, 86]. Some methods lineatimerror kinematics,
but they can only guarantee local stability [11, 149]. Maageaarchers presented
detailed analysis of NMPC with mobile robots, but their apgtions were only
in simulation [59, 88, 89]. The main contributions of thisapter are the analy-
sis and design of stability guaranteed NMPC schemes withertdo nonlinear
kinematic models, and the proof of the feasibility of apptyiNMPC to a real
omnidirectional robot [95, 79].

5.1 Introduction

The theory of the Nonlinear Model Predictive Control (NMR@) been reported
in many documentations. To give an introduction, the follaytwo sections refer
[46], where the details of NMPC could be found.

55
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Model Predictive Control (MPC), also known as Receding Eami Control
(RHC), has been an attractive optimal control law since 8#0%. For linear sys-
tems, MPC has shown its great bene t and been widely usedlumsitny, specially
in the process industries [134, 135]. As the inherent nealiities of general
systems and constraints, applying MPC to nonlinear systeithsnonlinear con-
straints is strongly motivated, and Nonlinear Model PradécControl (NMPC)
has become popular since the 1990s.

The task of NMPC is to on-line solve a nite horizon optimaintml problem
subject to the system models and constraints at each tipeBtes optimal con-
trol problem is called the open-loop optimal control prab)déecause it is solved
based on each measurement and only the rst part of the optiamarol inputs
is implemented until the new measurement becomes avail&ilele the open-
loop optimal control problem has to be solved again with te& measurements,
NMPC is a feedback control law. The basic principle of NMP&hswn in Figure
5.1. Based on the measurements at tiptbe future behavior of the system over

desired states

future predicted states X

Input sequence u

v

ZI+TC t+IT

control horizon T,

prediction horizon T, |

»
>

Figure 5.1: Principle of Nonlinear Model Predictive Conh{e5]

a prediction horizof}, is predicted, and optimal inputs during a control horizon
T. (Tc  Tp) are calculated such that a prede ned open-loop objectinetion
is optimized under the system and input constraints, thenrgh optimal input
value is taken as the current input.

Inheriting the advantages of normal optimal control lavg, formulation of
the open-loop optimal control problem in NMPC can easilydarthe system
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constraints and specify the desired control performangeridy using nite hori-
zons, NMPC avoids the complex computation in the normahagitcontrol with
an in nite horizon. But utilizing a nite horizon can make ¢hpredicted input
and state trajectories differ from the actual trajectoed=n though no model mis-
match and disturbances are present [9]. This trajectodiffeTrence results in no
stability guarantee of the closed-loop system. Theretbeestability problem has
to be emphasized in NMPC. On the other hand, to solve the mmgmeptimal
control problem of a nonlinear system is not an easy task;hwmakes the pow-
erful optimization solver very important in NMPC. The foNong sections rst
formulate the NMPC problem, and then discuss the closep-$tability problem
and numerical solutions of NMPC. At the end, the implemeoitetof NMPC in
the motion control of the Attempto soccer robot show theifelty and ef ciency
of NMPC in real-time applications.

5.2 Mathematical Formulation
A normal nonlinear system is described by the followingetiéntial equation:
x(t) = f(x(t); u(t)); (5.1)
subject to the constraints:
u(t)2U; x(t)2 X; 8 0 (5.2)

wherex(t) R" andu(t) R™ are then-dimensional state vector amd-
dimensional input vector, respectively. andU denote the sets of feasible states
and inputs, respectively. Without loss of generality, & g#ystem equilibrium is at
X(t) = 0 andu(t) = 0, it should be included in sebs andU . The basic idea of
NMPC is to iteratively execute the following steps :

1. predict the system's future behavior over a predictiorizom T, at each
time stept;

2. nd optimal inputsu(): [t;t+ T,] ! U to minimize the value of the
following objective function,

Zt+Tp
J(tx(t);u()) = : F(x( );u( ))d; (5.3)

subject to:

x() = f(x();u()); x(0) = x(0);
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u( )=u(t+Te); 8 2[t+ Tet+ Tp;
u()2U; x()2X; 8t2[tt+ Tp;

whereT, is the control horizon witi; T, F is the cost function spec-
ifying the desired control performance, the bar denotesttiepredicted
values in the future are not the same as the real values;

3. take the rst optimal input valua(t) as the current input.

The design of cost functidr directly re ects the desired control performance.
Normally, the controlled system is expected to track therdddrajectories of
system states and inputs. THusakes the form of a function of the errors between
the real and desired system states and inputs. Because siftipte form, the
standard quadratic function is often used as a cost function

FOu)=(xqg X)'Q(Xx¢ X)+(ug u)"R(ug u): (5.4)

X4 andugy denote the desired states and inputs, which are containédaindU ,
respectively. Q andR are positive de nite and symmetric weighting matrices
with corresponding dimensions. Moreover, a special foreest function, such
as a Lyapunov function, can also help to get additional reaggsconstraints for
keeping closed-loop stability.

5.3 Stability

With respect to the set-up of NMPC, the optimal control irgpate computed
based on the predicted system behavior. But in general, ridigbed system
behavior will differ from the actual closed-loop behavitthaugh no model un-
certainties and unknown disturbances occur, when a nitézba is used in the
open-loop optimal control problem [9]. It is not true thaegeated minimization
of an objective function with a nite horizon leads to an apél solution for the
minimization of the objective function over the in nite haon [17]. Therefore,
using a nite horizon in the open-loop optimal control prelyl can not guarantee
the closed-loop stability.

Many schemes have been proposed to achieve guaranteddystabhe most
intuitive way to keep closed-loop stability is using an iftehorizon in the open-
loop optimal control problem [17, 110]. It follows from Belan's Principle of
Optimality [14]: at one instance in time, the predictedei@id input trajectories
based on the solution of the open-loop optimal control prwblvith the in nite
horizon are the same as the trajectories of the closed-ksipra, and the remain-
ing trajectories of the closed-loop system after a samphigyrval are the pre-
dicted trajectories based on the optimal solution of thendpep optimal control
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problem at the next sampling instance. Although the noalirgtimal problem
with in nite horizon can be reduced to solve a Hamilton-JaieBellman partial
differential equation, the dif culties in nding such sadiilons make the in nite
horizon NMPC not practical in real applications [21]. Théat®nship between
the nite horizon length and closed-loop stability has alte®n studied. The re-
sults in [25, 147] show that for a constrained linear systéthe prediction hori-
zon is suf ciently long, the terminal stability can be imgilily satis ed. Reference
[130] presents, for a constrained discrete-time lineatesysthere always exists a
nite horizon length guaranteeing the stability withoutyaerminal penalties and
constraints. The similar research of nonlinear system wa ¢y Grimmet al.
and Jadbabaiet al. [58, 74], which show that there exists also a nite horizon
guaranteeing the stability for nonlinear model predictivatrol without terminal
penalties and constraints. But there is no general way tahigl nite horizon.

In practice, many schemes with respect to the nite horizdnRC have been
proposed [59, 24, 122, 75, 112, 113, 129, 131]. They guagaritsed-loop sta-
bility with modi cations of the normal setup of NMPC by addjra terminal con-
straint,

X(t+ Tp) 2 X; (5.5)
and/or a terminal penaltig (x(t + Tp)) in the objective function,
Z s,
J(tx();u()) = F(x( );u( ) d + E(X(t+ Tp): (5.6)

t

Because these modi cations are specially designed to kiesed-loop stability,
and have no relationship with system restrictions and p@&dnce requirements,
they are named astability constraint§107, 109].

The most simple scheme usezao terminal equalityas the constraint of the
predicted terminal state, i.ex(t + Tp) = 0. Although the implementation of
this constraint is straightforward, nding an optimal sban satisfying the zero
equality leads to a high computational burden on solvingctireesponding non-
linear optimal problem [81, 24]. Michalska and Mayne redltteezero terminal
equalityconstraint to an inequality state constraintwhich is a neighbourhood
around the origin. And dual-modecontrol law is designed to guarantee control
stability. When the system state enters the region, a lacat state feedback
controller based on a linearized system is utilized. Whensystem state is out-
side of the region, a receding horizon control law is exetid2, 113, 108].
Without switching between different controllers, a Cohtrgapunov Function
(CLF) based scheme is proposed in [129, 131]. Once a globali€abtained, the
derivative of the CLF along the predicted states and inpajsdtories is negative.
If the corresponding decrease in the value of the CLF is greéhain the decrease
in the output of a pointwise min-norm controller [131], thalslity of NMPC
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can be guaranteed. However, nding such a pointwise mimmoontroller and a
global CLF is not straightforward.

In order to lower the computational burden, some schemesveithe state
inequality constraints and add a terminal penalty into thieaive function. De
Nicolaoet al. [122] proposed an NMPC scheme guaranteeing the exponstatial
bility of the equilibrium by adding a non quadratic termistdte penalty, which is
the cost of the objective function incurred by applying aalbcstabilizing linear
controller from timet + T, to in nity. But the requirement of a large attraction re-
gion of the linear controller may not be easily satis ed. Jaloaieet al. proposed
to use a CLF based terminal penalty to achieve closed-laiplisy [75], which
is attractive because of plenty methods of obtaining a CLF.

From the viewpoint of computational cost of on-line solvithgg open-loop
nonlinear optimal control problem, combining a terminahaky and terminal
constraints has been proven to be a feasible method to Itveezdmputational
burden [59, 46, 44]. The quasi-in nite horizon NMPC is one safch widely
used control schemes. With terminal constraints, the systeerminal states are
limited into a terminal region, where the terminal penaliyeg an upper bound
on the in nite horizon cost, i.e.

Z 1
F(x()u())d  EX({t+ Tp): (5.7)
t+Tp
This implies the cost value of the in nite horizon problembisunded by that of
the corresponding nite horizon problem, i.e.

yA 1 Z t+Tp
migl F(x( );u())d m(igl F(x( );u( ))d + E(x(t+ Tp));

u() ¢ u t
(5.8)
and the nite horizon extends to a quasi-in nite horizon, iain denotes the name
of this NMPC scheme. Therefore, the open-loop optimal abmiroblem of the
quasi-in nite horizon NMPC is to nd optimal inputsi( ): [t;t+ T,] ! U to
minimize the value of the following objective function,

Z t+ Tp
J(tx(t);u()) = : F(x()u())d + E(x(t+ Tp); (5.9)
subject to:
x( )= f(x();u()); x(0) = x(0); (5.10a)
u( )= u(t+ Te); 8 2 [t+ Tet+ Tp; (5.10b)
u()2U; x()2X; 8t2[tt+ Tp; (5.10c¢)

X(t+ Tp) 2 X: (5.10d)
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To guarantee the stability, the following theorem presémesnecessary condi-
tions [44]:

Theorem 5.3.1 Suppose

f : R" R™iscontinuous and satis €50;0) = 0. (0; 0) is an equilibrium
of the system,

U R™iscompacX R"isconnectedan@®;0)2 X U,

system (5.1) has a unique solution for any initial conditgn2 R" and
any piecewise continuoug ): [0;1)! U,

the cost function is continuous wiE0; 0) = 0 andF (x;u) > Ofor every
statex and inputu,

the open-loop optimal control problem has a solution at tire0,

for a continuously differentiable terminal penal(x) with E(0) = 0, and a
closedregion X including the origin, if there is a control lak(x) 2 U with
k(0) = 0 such that

E(x)+ F(x;k(x)) 0,82 ; (5.11)

the closed-loop system is asymptotically stable with tim@etion region being
the set of states for which the open-loop optimal controbpgm has a feasible
solution.

Proof: The proof consists of two steps [44]. The rst step showd thiial fea-
sibility implies feasibility afterwards. The second oneyes the decreasing of a
Lyapunov function of the closed-loop system.

Feasibility

Consider any instarnt (e.g.to), there exists an optimal solutian( ; x(t;)) with

2 tj;ti.1, of the open-loop control problem depicted in (5.9) and (%.10
Whenu ( ;x(tj)) is implemented betweet andti,; and no model mismatch
nor disturbances are present, the equatioxn(of.y) = x(ti+1;x(t);u ( ;x(t;))
holds. x(tj+1;X(ti);u ( ;x(t;)) denotes the state at tinig, resulted from the
statex(tj) and the controu ( ;x(tj)) with 2 [t;;tj+1). Furthermore, the pre-
dicted terminal state satis es(t;.,;x(t;);u ( ;x(t)) 2 . It follows from
Theorem 5.3.1 that there exists at least one i{u) for the predicted statg
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over[t; + T, tjs1 + T,]. Taking any such input we obtain an admissible input for
ti+ with 2 (0;tis (ti]:

u(;x)  2[t+ ti+ Ty

k(x( ) 2 (tLi+Tyti+ Tp+ ]
When = tj;; t; holds,u( ;X (ti+1)) is an admissible input at tinte., . This
means that admissibility at timteimplies admissibility at timé;., . Therefore, if

the open-loop control problem depicted in (5.9) and (5. H¥) &solution at = 0,
it will have a solution for alk > 0.

(S x(ti+ )= (5.12)

Convergence

Considering the following value function as a Lyapunov fime

V(x(t) =
t+Tp
FX( ;x(®);u (x(0);u (5x(t)d
+ E(x(t+ Tp;x(t);u (;x(1))); (5.13)

wherex( ;x(t);u (;x(t))) denotes the state at timeresulting from the state
x(t) and the control (t;x(t)) with t 2 [t; ). The value of the functioVv for
the statex(t;) is given by:

V(x(t)) =

t

ti+Tp

F(OXCsx(t);u (Gx(t);u (5x(t))d
+ E(X(ti + Tpix(t);u (5x(4)) - (5.14)

The cost resulting from (5.12) starting from any stafg + ;x(tj);u (;x(ti)))
with 2 (0;t+;  ti]is given by:

J(x(ti+ );e(Gx(ti+ )=
TR ixt + Gt )ieCix(t + )

+ EX(ti+  + Tpox(ti+ );a(Gx(ti+ )

ti

ti+

= ti+TpF(><( X+ ) e(x(ti+ ) a( s x(ti+ ))d
Z 1,

+ ' Fx( ;x(t+ );e(x(ti+ ) e( ;x(ti+ ))d
ti+Tp

+ E(X(ti+  + Toox(t+ );e(;x(ti+ ) (5.15)
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Substituting (5.14) into (5.15), we obtain

J(x(ti + )5 e( ;X(ti + )=

V(x(t;)) t_i FOXCx(t) e (ox(ti) e (5x(t))d
. E(x(ti + Tp o x(ti); & (5 x(1)))
ti+ +Tp
+ FOX(sx(ti+ ) e(;x(ti+ ));a( ;x(t+ ))d
ti+Tp

+ E(X(ti+  + Tpsx(ti+ )e(x(ti+ ) (5.16)

Integrating inequality (5.11) frorh + Tptot; + + T, starting fromx(t; + T,),
we obtain that the last three terms at the right side of (sat®upper bounded by
zero. Thus, the following inequality holds

J(x(ti + );U(;X(tig ) V(x(t)

COR(Cx(t)ie G e (Cx@))d  (5.17)

t

Becauset is only a feasible input fox(t; + ) but not necessary to be the optimal
input, the following inequality holds

V(x(ti+ ) \Z/(X(ti))

| FOXCox(t) e Cx));e (5x())d 0 (5.18)

t

Repeatedly using the inequality (5.18) yields

V(x(t) V(x(0) .

. F(x(5x(0); e (5x(0))); e (5;x(0))d 0 (5.19)

This inequality establishes that the value functi(x(t)) is decreasing. Con-
sidering the cost functioR is continuous and the integral term at the right side
of (5.19) is lower bounded, we can obtain that the statenverges to the origin
when time converges to in nity by using Barbalat's lemma. (This means the
closed-loop system is asymptotically stable.

It is noticed in Theorem 5.3.1, the feedback controkéx) is not used to
control the system, but used to select the suitable ternpeablty and termi-
nal constraints. Although the terminal penalty and termamastraints can be
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selected off-line, it is not a easy task. In [24, 22, 23], adyatc form terminal
penalty is selected. The terminal constraint is designsddban a linearized feed-
back controller with respect to the Jacobian linearizatibtihe original nonlinear
system. The necessary condition is that the Jacobian irati@n is stabilizable.
Without linearization, recent works in [131, 47, 59] give tldea to directly chose
the terminal penalty and terminal constraints with the ioagnonlinear system
according to Theorem 5.3.1, where the chosen terminal peattdo takes the
guadratic form and the feedback controller is also linear.

5.4 Numerical Solutions

On-line solving the open-loop nonlinear optimal contralgem plays a key role
in NMPC. Although the high computational demands of solvihg nonlinear

nite optimization problem make NMPC hard to be implemente@pplications

with fast sampling time and limited computational resosrge], many research
results show the feasibility of applying NMPC in real-timepgesses [83, 82].
Referring [46], this section introduces solution methoaisthe optimal control

problem (5.9) of the quasi-in nite NMPC subject to the caimhis in (5.10).

5.4.1 Solution Methods

In principle, there are three basic approaches.

Hamilton-Jacobi-Bellmann Partial Differential Equation s, Dynamic Pro-
gramming

This approach directly obtains a feedback control law= k(x) based
on the solution of the so called Hamilton-Jacobi-Bellmawantipl differ-
ential equations. Although the closed-loop controller kgofor the whole
horizon and is valid for every initial condition, the highroputational re-
guirement of solving such partial differential equatioinsiis this approach
only to very small dimensional systems. This is also the mativation of
researching receding horizon control laws.

Euler-Lagrange Differential Equations, Calculus of Variations, Maxi-
mum Principles

This approach utilizes the necessary conditions for camstd optimiza-
tion problems and gets a time-based control value, whicmii walid for
the speci ed initial conditiork(t). As a boundary value problem has to be
solved, the high computational burden makes this approatbuitable for
on-line implementation.
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Direct Solution Algorithm

The direct solution algorithm transfers the original cohfsroblem over
a nite horizon into a nite dimensional Nonlinear Progranmyg problem
(NLP). As the NLP can be solved with standard static optitoratech-
niques, direct solution algorithms have been proven to bst successful
for the large scale optimal control problems, and are ndynualed for cal-
culating the on-line solution of NMPC.

5.4.2 Direct Solution Algorithm

The direct solution algorithm uses a nite parameterizataf the control tra-

jectory to solve the nite dimensional NLP. The basic pargéeneation method

utilizes a piecewise constant control input on each partitver the prediction

horizon[t;t + Tp], i.e. u( ) = u(t;) with 2 [t;;t+1). When the prediction

horizon is divided by a constant intervalshown in Figure 5.2, the optimization
problem becomes

desired states

past future
x(t+27)

- L F¢+1)

predicted states

W\—\ Input sequence
u(t+7)
u(t)
t t+T t+27 t+T, t+T,

Figure 5.2: Parameterization of the direct solution fordpen-loop optimal con-
trol problem

min  J(x(t);fug; Uy uT, 9); (5.20)

fui;uz;iiu Tp 0

subject to the constraints in (5.10), wheredenotesu(t + (j 1) ) withj =

1;2;:::: 2. There are two basic solution strategies for this optindzeproblem
[16, 104].
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1. Sequential approach (single shooting)
At each sampling time, the sequential approach updates the system's fu-
ture behavior with input serias;; u,; :::ut, , and a numerical integration of

system model (5.1) based on the current system s{aje Single shooting
represents a pure sequential approach. The numericat efftie single
shooting method is highly based on the complexity of therdiszation of
the control trajectory. The solution of single shooting eleghs on the sensi-
tivity of the states with respect to the control variables. aAsmall number
of the control variables is required in solving the NLP, $enghooting is
easier to implement.

2. Simultaneous approach (multiple shooting)
The simultaneous approach solves the optimization prolblémstabiliz-
ing endpoint constraints. Multiple shooting is one of mostlely used
simultaneous approaches, where the system states at tipdirgapoints
are taken as additional optimization variables to keep = X(tj+1;Si; Ui).
Si+1 IS the system state at tinie X(tj+1;Si; u;) denotes the predicted sys-
tem states resulted from the system sgtwith the controlu;). Another
popular simultaneous approach is direct collocation, whaetails can be
found in [16, 15]. Although simultaneous approaches ardicgige to the
highly unstable systems, which direct shooting can not learttle large
number of optimization variables increases the computaticost.

5.4.3 Sequential Quadratic Programming

Sequential Quadratic Programming (SQP) is an ef cienttige method for the
solution of the NLP arising from NMPC, such as the probler@@y. Considering
an NLP as

min' ()

subject to
a( )=0;b() O

wherea 2 R"» andb 2 R" denote equality and inequality constraints, respec-
tively. SQP solves this problem based on the line searchadeirhe vector of op-
timization variables, 2 R" and the vector of multiplierg, = ( ; )x 2 R"""

are updated from iteration numbetok + 1 by

d
o= kg K k=012
Vik+1 Vk Uk Vi
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where thesearch direction(dy; ux) comes from the solution of a linearly con-
strained Quadratic Probler@P),

gQqu %dTde +r'()'d
subject to
ra( )'d+a( ,)=0; i=1;:ng
rh('d+h(y) O j=1;:5ny
based on the following quadratic approximation of the LagranL,

Xa Xa
LC: 5 )="() ia( ) ib( ), 2R"™;  2R™:
i=1 i=1
Cyk is a positive de nite approximation of the Hessi&h, of the Lagrangian
L( «; « «). The quadratic problem is solved by an iterative method to ge
dy and the corresponding multipliei .
Thestep size ¢ 2 R is obtained by minimizing a merit functiotir{e search)

d
+
Vv u v

As a suitable choice, the merit function can be an augmendgddngian as,

. xe 1,
m( 5 5 )="() @) srai()
i=1
X 1 1X ,-2 (5.21)
j23d JQ( ) érnaﬂqz() éj2K rna+j’
where the setd andK are chosen agd = fjjl1 | Np; B (Y) g,

Ma+j
k=1"f1:;ngJwithr; > 0;i =1;::;;n, + np. J
The details of basic SQP are introduced in [61, 128, 18]. &Amécesearch of
application of SQP to NMPC gives comparisons among impléatiems of SQP
with different methods, such as feasible and infeasibla pathods, sequential
and simultaneous methods and reduced and full space mdttt]s

5.5 Implementation

Based on the error kinematic models of the path followindopgm and the ori-
entation tracking problem introduced in Chapter 4, the gunasite NMPC has
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been successfully used in the motion control of the Attenspiccer robot. With
respect to the different formulations of the path followimgpblem, Subsection
5.5.1 describes the details of choosing the terminal pgraadtd terminal con-
straints of NMPC. Subsection 5.5.2 presents the numentegration method
of the robot model equations. Subsection 5.5.3 emphasizexctical issue about
computational delays in applying NMPC.

5.5.1 Terminal penalty and constraints

Orthogonal Projection-based Case

With respect to the error kinematic model (4.5) of the patifofang problem

Ye = VRSIN e (5.22)

the aim of the path following control is to driyg and . to zero. By introducing
anew inpuue; = VR Sin ¢, and combining the kinematics of the orientation error
e, the error kinematics of the robot motion is given by thedaling equations,

y_e - uel (5 23)

€ Ue2

It is clear that this model has the equilibriumyat= 0, ¢ = 0, ue; = 0 and
Uez = 0, which is a necessary condition in Theorem 5.3.1. In ordstdbilize the
errors around the equilibrium as close as possible, a gtiadivam cost function
is selected in NMPC,

F(x;u) = X.QXe+ U.RUg; (5.24)

wherexX. is the error vectofye, ), Ue is the input vectofue Ue)', Q andR
are positive diagonal matrices with corresponding dimamsi

In the quasi-in nite horizon NMPC, a terminal penalty andnténal con-
straints are required to guarantee closed-loop stabBiiged on Theorem 5.3.1,
the following terminal penalty has been chosen and addedtietobjective func-
tion,

E(t+ Tp) = :—2Lxe(t + Tp) " Xe(t + Tp); (5.25)

wherexe(t + Tp) denotes the terminal error state veafyr, eTp)T. When the
terminal feedback controller is chosen as

Ugr = Yem: (5.26)
Up = ety (5.27)
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with Oand 0, the left side of stability condition (5.11) results in

E(t+ To)+ F(t+Tp) = ( +au+ru e+

(5.28)
( +getran?) ngi
Therefore, the following inequalities
1 fu 2 O (5.29)
G2 22 * O (5.30)

make (5.28) satisfy stability condition (5.11). The teraiinontroller (5.26) and
(5.27) are only used to get the terminal constraints conisigelosed-loop stabil-
ity. They are very simple based on only two parameteed , which control
the convergence speed of errggsand .. The advantage of (5.29) and (5.30) is
that the values afy1, B2, 11, 22, and can be easily selected off-line.

On the other hand, to guarantee the existence of the terri@edback con-
trollers, the following constraint should be satis ed,

1 sin o, = - 1 (5.31)
VR
and the system constraints should not be broken, i.e.
2 3 2 ) 32 3 2 3
cos sin Ly VRCOY er, * p ) On
49,9 4 cos sin Ly 24 sin(er,+ p )° 4y O;
Cn 0 1 Ly I, Gn
(5.32)

where cr, is from the control valuei; with oy, = arcsin % I § denotes the
desired rotation velocity at the terminal tirhe Tp,.

With simple transformations, the control values of the Alp@o soccer robot
are given by

Uy = VgCOS;
Uy = Vgsin;
Us= !y Ug;
with = arcsin (& + p. (Ug;Ug)" is the rst vector of the solution of the
R

open-loop optimal control problem at each time.
Virtual Vehicle-based Case

Combining the error kinematic model (4.17) and the kineosatif the orientation
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error , the following error kinematic model having the equilibritatx, = 0
andu, = 0 comes into being,

2 3 2 32 3 2 3
Xe 0 d9)s 0~ Xe ey
4y 5=4 ¢s)s 0O 054 4y,5+4uy,5; (5.33)
. 0 0 0 ] Ue
with 2 3 2 3
Uey S+ Vg COS .
4up5=4 wgsin . 5; (5.34)
Ue3 L !

To drive the errors approaching zero, the selected costimalso has the quadratic
form,
F(x;u) = X;QXe+ USRUg; (5.35)

Xe = (Xe;Ye, e)' is the error vectorue = (Ue Uep Uez)' iS the input vectorQ
andR are positive diagonal weight matrices with correspondiimgeshsions. To
guarantee the control stability, the following Lyapunowndtion is selected as the
terminal penalty:

E(t+ Tp)= %xe(t + Tp) " Xe(t + Tp); (5.36)

wherexe(t+ Tp) = ( Xer, Yer, eTp)T denotes the terminal state. When the termi-
nal feedback controllers are designed as:

Ug = Xer, (5.37)

U= Yer (5.38)

us, = eTo) (5.39)
with parameters 0, 0, and 0, the left side of stability condition

(5.11) becomes

E(t+ Tp)+ F(t+ Tp) = Xng( + e+ Cro)+ yng( + ot )
+ eZ:Tp( + st i)
(5.40)

Therefore, the following constraints can satisfy the sitglsondition (5.11),

rn O (5.41)

P PYSR (5.42)
B3 2r33 0: (543)
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Furthermore, constraint

L
Ue
VR

1 L (5.44)
should be satis ed to obtain a reasonable input valye Moreover, the controlled
values (5.37)-(5.39) have to satisfy the system constaitiich are the bounded
wheel velocities. Combining (3.2), (5.34) and (5.37)-65,3he second part of
terminal constraints is deduced as

2 3 2 _ 32 3 2 3
(o™ cos sin Ly Xer*+ S G

49,95 4 cos sin L, o4 Yer 2 4qn,2: (5.45)
Ohn 0 1 Lw e+ !y G

Similar to the orthogonal projection-based case, the obulues of the om-
nidirectional robot are given by

U; = V4COS;
Uy, = Vg4Sin ;
Us= !y Ugg;

with = arcsin %LRZ + 5. (Ug; Ugp; Ugg) T is the rst vector of the solution of the
open-loop optimal control problem at each tinug, gives the optimal value of
which determines the desired robot position on the refergath.

5.5.2 Formulation

The single shooting approach is chosen to solve the NLP fhenNMPC formu-
lations of controlling the Attempto soccer robot becausisdbw computational
burden. The robot model has to be updated with numericajiaten to obtain
the predicted states in the future. The robot kinematic m(gi2) is discretized
as:

(k+1)= (k+!(Kk); (5.46)
xak+ 1) = K09+ ((k)) [sin( (k+1))  sin( (k)]
™ (k) (5.47)
MR( o7 1cos((k+ 1)) cos( ()]
ke )= v D peos( (k1)) cos( (W)
(5.48)

YEQ(( )) [sin( (k+1)) sin( (K)I;
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if 1 (k)=0:
Xgp(k+1) = xg(K) +[xg (k)cos( (k)) yg (k)sin( (k)] ; (5.49)
Yr(k+1) = yr(Kk) +[xR (K)sin( (k) + yg (k) cos( (k)] : (5.50)

Taking the updated robot states as well as the referenceapdttiesired robot
orientations into account, the error values in model (5&3p.33) can be conse-
guently obtained. If this update process is modeled by atimg(xc; ue), the
NMPC scheme used to solve the path following problem of thterApto soccer
robot is formulated as follows,

fue(k);ue(kml)?::ue(k+Tp)gJ(Xe(k); fue(k);ue(k+ );iue(k + Tp)g);  (5.51)

with
2
J(K) = xe(k+] )TQxe(k+j )+ue(k+(j 1) )TRue(k+(j 1) )+E(k+Ty);
= (5.52)
subject to
Xe(kK+] )= g(xe(k+(j 1) )iue(k+(j 1))); (5.53a)
Ue(K+ ] )= Ue(k+ Tc); 8j 2 E;E ; (5.53b)
c(Xe(k+j )iue(k+(j 1)) O (5.53c)
Xe(k+ Tp) 2 : (5.53d)

k denotes th&th time step. is the constant prediction sampling time. Condition
(5.53d) denotes the terminal constraints. Inequality tamd (5.53c) represents
the constraints of . andu, which are related to the robot constraints of wheel ve-
locities, and can be calculated from (5.32) or (5.45) witlinstead of the terminal
feedback control valuas; .

To solve the above open-loop optimal control problem, tHenswe donlp2-
intv-dynwritten by P. Spellucci is used. It is a general purpose meali op-
timizer and can be found dittp://plato.la.asu.edu/donlp2.htmThis optimizer
implements a quadratic programming method constraineddsgaential equal-
ity with an active set technique. When the linearly depehdeadients of active
constraints occur, a fully mixed constrained subprobleusesd alternatively. This
optimizer also uses following methods: a slightly modi egrsion of the Pantoja-
Mayne update for the Hessian of the Lagrangian, variablé skeding, an im-
proved Armijijo-type stepsize algorithm. Their details cenfound in [155, 154].
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5.5.3 Delays Compensation

Although NMPC is well studied from the theory side, to appIMRC in practice

meets some challenges. Delays are the main problem in gabeapplications,

which roughly include measurement delays, communicatedays and computa-
tional delays [45]. With respect to the controller, compiotaal delays are more
crucial for applying NMPC. It is well known that on-line sahg the nonlinear

optimization problem requires some timg at each timet, although the faster
computer and ef cient mathematical methods are used in NMRE taking com-

putational delays into account may signi cantly decredmeedontrol performance
and even lead to instability in the practical applicatiohSIMPC. A simple delay

compensation approach proposed in [45] is able to guardmeesontrol stability

which is the same as in the case without delays, which is slwwigure 5.3 and

has following steps:

desired states

—_———e e e e e —

past future
| predicted states
X(t+7°)

— x(t+7°+7)
u(t+7° +27)
Input sequence
uit+7°+17)
u(t+7°)
tot+7° 47427 t+7° 4T, t+7°+T,

Figure 5.3: Delay compensation in the open-loop optimatrodproblem

estimate the maximum computational del&yi.e. ¢ ‘,

predict the system stagt + ©) with x(t) andu(t) at time stef,
solve the open-loop optimal control problem basec@nt+ ©),
take the rst optimal control valua (t + €) as the current control input.

This method is easy to implement and guarantees controlistabrhe same
idea can also be utilized to deal with the measurement dalaygommunication
delays.
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5.6 Experimental Results

Real-world experiments with the Attempto soccer robot Haeen done to test the
performance of the designed NMPC schemes. The set-up ofimgus is the
same as that in Section 4.4. The parameters used in the orthbpgrojection-
based NMPC were chosen as

04 O 02 O
Q= 0 10 ° R= 0 01 ° =20
The parameters in thértual Vehiclebased NMPC chosen the following values
2 3 2 3
12 0 O 008 0 O
Q=40 14 05:R=4 0 01 05; = = =20
0O 0 14 0O 0 01

The control horizon was chosen same as the prediction hoviaih T, = T, =
3 , where the prediction sampling timewas assigned with special values in
different experiments.

Figures 5.4 and 5.5 show the results with respect to the gothal projection-
based NMPC. Figures 5.6 and 5.7 illustrate the results wegpect to th&irtual
Vehiclebased NMPC. Comparing the following errors shown in guted(b),
5.5(b) and 5.6(b) with those shown in Section 4.4, it can e dbat NMPC
has similar performance in the robot translation contrat, letter performance
in the robot orientation control. Moreover, the robot tiadepaths shown in g-
ures 5.4(a), 5.5(a) and 5.6(a) are smoother than thoseotledtby the nonlinear
control methods described in Chapter 4. Especially arobedharp turning seg-
ments of the reference path, NMPC has handled the dif cultyhearp tuning in
advance. This smooth control performance can make a greattier the robot
dribbling control task. In the view of NMPC's formulatiorheé weighting matri-
ces can be used to specify the control performance, for ebeaihapge elements in
Q emphasize the path following errors in the objective fuorttiarge elements in
R make the controlled values more important. But designiegribighting matri-
ces has to compromise among different requirements of thigaigerformance.
Figures 5.4(d), 5.5(d), 5.6(d) and 5.7(d) imply the whedbeities are always
bounded by the maximum valded m/s. As the most important issue, computa-
tional times of NMPC are shown in gures 5.4(c), 5.5(c) anél(6). The average
and maximal values imply the computational time are acddetay the robot mo-
tion control problem. In the fourth experiment, thietual Vehiclebased NMPC
did not achieve good performance. The high value of desoledtrorientation, i.e.

¢ = p +0:5cpv3, makes the orientation tracking more dif cult, especiatythe
sharp turning segments of the reference path. The NMPC shequires long
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computational time with the average value of 0.1081 s andniidwamum value of
0.65 s, which results a long time interval between successmtrol commands
and an unsmooth robot trajectory.

Distance error
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Figure 5.4: Orthogonal projection-based path followingtcol with the constant
desired robot orientation d degree. The prediction sampling timeand the
estimated computational dela§were selected as= ¢ =0:2s. The maximum
and average computational time of NMPC are 0.168 s and 0,08Sectively.
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Figure 5.5: Orthogonal projection-based path followingtecol with the desired

robot orientation determined by =

p + 0:9cov3. The selected prediction

sampling time was = 0:2 s and the estimated computational del&yas chosen

as ¢ = 0:25s. The maximum and average computational time of NMPC are

0.399 s and 0.0879 s, respectively.
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Figure 5.6:Virtual Vehiclebased path following control with the constant desired
robot orientation oD degree. The selected prediction sampling time was0:2

s and the estimated computational deldywas chosen as® = 0:25s. The
maximum and average computational time of NMPC are 0.22 sCad@O1 s,
respectively.
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Figure 5.7: Virtual Vehiclebased path following control with the desired robot
orientation determined byy = p + 0:5c,v3. The selected prediction sampling
time was = 0:2 s and the estimated computational deldywas chosen as

¢ =0:25s. The maximum and average computational time of NMPC ae 9.6
and 0.1081 s, respectively.
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5.7 Summary

This chapter addresses the successfully used NonlineaeNfoddictive Control
of the Attempto soccer robot. The main reasons for utiliZiMgPC come from
two aspects. The rst one is that the robot constraints aadtimtrol performance
speci cation can be easily considered in NMPC. The otherisrfeom the con-
cerned control task in this work, which is the robot follogia reference path and
tracking desired orientations. While the reference path @esired orientations
are pre-designed, it is possible to use more of this knowsrmnétion to improve
the control performance.

After introducing the mathematical formulation of NMPCetbtability prob-
lem and numerical solutions of NMPC have been emphasizeddtidh 5.3 and
5.4. These two issues are very important in the applicaticdiPC. The control
stability has to be guaranteed with additional effort, lseathe normal setup of
NMPC only considers a nite prediction horizon and can noaantee closed-
loop stability. Moreover, on-line solving the open-looptiagal control problem
for a nonlinear system requires long computational timackvis the main block
for applying NMPC in fast systems and requires ef cient nuiced solutions.
The main contribution of the work presented in this chapsethat NMPC has
been successfully used to solve the path following and taiem tracking prob-
lems for a fast moving omnidirectional wheeled robot, wiaeecontrol tasks are
formulated in the NMPC's framework, the closed-loop sti&pis guaranteed by
designing suitable terminal constraints and penaltiecantputational delays are
considered by using a delay compensation method.

All solutions are shown by real-world experiments with thieefnpto soccer
robot. The more interesting point is that the robot travétepgctories controlled
by NMPC are smoother than those controlled by the nonlineatrcllers ad-
dressed in Chapter 4. This advantage plays a great role dfritiding control of
the soccer robot, which will be addressed in Chapter 7. Astimeed above, the
computational burden is a block of using NMPC with a long jr&on horizon.
Finding and applying more powerful optimization methodsti a hard task in
NMPC. Although the stability problem currently is quite W&blved , nding bet-
ter terminal constraints and penalties to increase thebiégsof the open-loop
optimal control problem is still an active topic in the resgaof NMPC.
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Chapter 6

Ball Tracking

In the robot control system described in Chapter 3, the g system is in
charge of the knowledge of robot position and heading basdtdesensor mea-
surements. The software system of the Attempto soccer noded animage-
Processorprocess to extract landmarks and objects from images &phy the
omnidirectional vision system. AEBnvironmentModel process in the software
system estimates the robot pose on the eld with a self-leatibn algorithm
[64], and locates objects in a world coordinate system [Bécause misreadings
and failures in the image processing may occur and objeetstities can not be
obtained by image processing directly, an object trackiggréghm is designed
in the EnvironmentModel process. The task of object tracking aims to model
an object's movement based on a series of past and presestiraggnts of the
object's position, in order to decrease the measuremenrtssof the object's posi-
tion, obtain the object's current velocity, even predia tibject's movement over
a short time horizon.

Locating the ball's position and predicting the ball's mowent are central for
a soccer robot and the cooperation of a robot soccer teanh. g&fdd knowledge
of the ball's status relative to the robot, the robot canamé a suitable behavior
to achieve a good control of the rolling ball, for exampletcbathe ball, push
it around obstacles, and shoot it into the goal. The balktrerproblem in the
RoboCup domain is challenging due to the interactions batvike robots and
the ball. Especially when the ball is dribbled by a robot, ttegjuent interac-
tions usually result in a highly non-linear movement of tladl,kand it is dif cult
to precisely estimate the interactions. Moreover, the mremsent accuracy of
the ball's position is also limited by sensors and corresiopon signal processing
algorithms.

This chapter focuses on tracking a rolling ball when it issenutively pushed
by an Attempto soccer robot [101]. After a short overview!lwd telated work,
two lter techniques, the Kalman Iter and thid, lIter, are addressed in sections
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6.2 and 6.3, respectively. Considering that the assumptidthe process noise
and measurement noise are hardly satis ed in the dribblnoggss, théd, Iter
was successfully implemented in ball tracking with the Atpto soccer robot,
which is presented in Section 6.4. Taking the Kalman ltermasenchmark, the
comparison of the experimental results with the Kalmanr k@d theH; Iter
are discussed in Section 6.5.

6.1 Related Work

The Kalman lIter is the most widely used technology to estienthe ball's po-
sition and velocity in the RoboCup domain [12, 49, 52, 1416]1&here the
ball is assumed to have a linear movement and the variatitalt$ velocity is
modeled as random noise. The Kalman Iter provides ef ciand convenient
minimum-mean-square-error solutions for the state esiimaroblem, consider-
ing that both the process noise and the measurement noise w@irget system are
assumed as Gaussian with known statistical properties n\iiesball's movement
is tracked in polar coordinates [90] or modeled with nordingynamics incorpo-
rating the retardation of a ball on the carpet [80], the ed¢ehKalman Iters
can be used for the ball tracking problem. Besides a singé, multiple model
lters based on Kalman Iters revealed better performantesaome applications.
For example, the Interacting Multiple Model (IMM) algonthutilizes a Kalman
Iter for each mode of the target's movement model [66], theldple Hypothe-
sis Tracking (MHT) algorithm keeps a set of object hypotlesach hypothesis
corresponding to a Kalman lIter describes a unique real cljg46]. However,
in practical situations, the noise of the target system aedmeasurement usu-
ally do not satisfy the Gaussian assumption, and the naasistats is usually not
available.

To avoid the Gaussian assumption and estimate the statesoofliaear pro-
cess, particle Iters [91, 123] and a predictive model basedhod [94] have been
applied in object tracking in the RoboCup domain. Althougga sample-based
representation makes patrticle Iters more robust and traatgr parameters en-
able the predictive model to react to jerky changes of théslbalovement, the
increased memory consumption and computational complmake these meth-
ods inef cient for higher-dimensional estimation problem

Motivated by the possibilities to avoid assumed statispecaperties of noises
and simultaneously reduce the computational cost, a rdtustter was imple-
mented for the Attempto soccer robots to track a rolling daling the dribbling
process. Thél, Iter does not require a priori knowledge of the noise stats
It only assumes that the noise signals have nite energy.h&tdame time, the
proposedH; Iter has similar recursive equations to those of the Kalnigar,
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and thus it inherits the ef ciency and accuracy of Kalmareris.

6.2 Kalman Filter

The Kalman lter is used to estimate the state2 R" of the following general
linear discrete-time process,

Xk+1 = AX i+ Buy + wy;
with a measurement 2 R™ given by
Yi = CXy + Vi;

wherek is the index of the time step. The known matridesB andC have
corresponding dimensions, and may remain constant or ehargpch time step.
Variablesw andv represent the process noise and the measurement noise, re-
spectively. They are assumed to be independent of eacharbdrave Gaussian
probability distributions with zero means, i.e.

p(w) N(0;Q): (6.1)
p(v) N(O;R): (6.2)

The process noise covariand®@ and measurement noise covarianBecan be
different at each time step, but they are mostly assumed tom&tant in practice.

With de nitions of thea priori state estimat&, 2 R" at time stegk based
on the knowledge of the process prior to time ske@nd thea posterioristate
estimater, 2 R" at time stegk incorporating all the knowledge of the process
including the measuremept, the goal of the Kalman Iter is to minimize the
covariance of tha posterioriestimation error,

P = Elecer]; (6.3)

whereex = Xx Ry is thea posterioriestimation error.
The solution of the Kalman Iter involves two steps. The prtihn step aims
to obtain thea priori estimations of the state and the error covariance,

kk =Akk 1+ BUk 1
P, = AP ;AT +Q;

. .. . . . T
whereP, is thea priori estimation error covariance de ned Bg = Ele, e, |].
€, = Xk R, Isthea priori estimation error.
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The correction step is responsible for getting improaeposterioriestima-
tions with a weighted difference between the measuremneand a measurement
predictionC®,,

Ky=P,CT(CP,CT+R) % (6.4)
R = kk + Ki(yx Ckk); (6.5)
Pk:(| KkC)Pk: (66)

Matrix K is called again or blending factorand results from minimizing (6.3).
Normally, thegain is computed by substituting equation (6.5) into (6.3) artd se
ting the derivation with respect # equal to zero. A more detailed derivation of
K can be found in [106].

As long as the noises satisfy the assumptions (6.1) and (6&a posteriori
state estimaté&, and thea posterioriestimation error covariandey re ect the
mean and variance of the state distribution, respectively:

ElXk] = Rg;
E[(xk R)(Xk  R)']= Py

6.3 Hi Filter

The optimality of the Kalman lIter relies on the knowledgetbk statistical prop-
erties of the noisew andv. Although the Gaussian assumption can be approx-
imated and suitable covariance matri€g@ndR can be chosen by trial and er-
ror, the resulting Kalman Iter can not guarantee to achiaveertain level of
performance. Unlike the Kalman lIter obtaining the minimurariance of the
estimation error, théd,; Iter obtains the minimal effect of the worst noise on
the estimation error. Thie, Iter is robust against the noise and gives an upper
boundary on the estimation errors based on the assumptemde disturbance
energy no matter what the noise distributions are.

Consider the following linear system:

X1 = ArXy + Brwy;
Yi = CiXk + Vi;

wherex, 2 R", wx 2 R™, yx 2 RP andvy 2 RP. Ay; By andCy are matrices
with appropriate dimension§A ; Bi) is controllable andCy; A ) is detectable.
Compared to the Kalman Iter aiming to estimate the systeatesty, the H;
Iter concerns a linear combination o :

Zk = LgXk:
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The output matriXd_y is selected by the user according to different applications
The H; Iter computes the estimated stazg based on the measuremest,
whereyy = fyx;0 k Ng, and evaluates the estimation error by a perfor-
mance measuremedtwhich can be regarded as an energy gain:

ka 2kk2Q
J k=0 :

R
kXo koki 1+
k=0

2 2
kakW ot + kaka 1

HereinN is the size of the measurement hista@y; po; W «; V « are the weight-
ing matrices for the estimation error, the initial conditicghe process noise and
the measurement noise, respectively. Moreo@r, 0, p,* > 0, W > 0,
Vi > 0and((Xo %o);Wi;Vvk) 6 0 . The notationkxks, is dened as

kxkszk = X} QyXx. The denominator of can be considered as the energy of
the unknown noises, and the numerator is the energy of tiraagin error. The
H, Iter aims to provide a uniformly small estimation erreg = z, 2y for any
Wy; Vk 2 L, andxg 2 R", such that the energy gainis bounded by a prescribed
value:

supd < 1=

wheresup denotes the supremum afd is the noise attenuation level with>

0. This formulation leads to the robustness oflthe Iter, because the estimation

energy gain is limited byt= no matter what the bounded energy noises are.
To solve this optimal estimatiah due to the bounded energy gaintheH,

Iter can be interpreted as minimaxproblem [150]

) 1
min max J= ——kxo Rok® .+
2 (Wk:VkiXo) 2 Po

1 X

2 k=0

1
kzi  2ckg, = kwikgy o+ kvikg

where the estimation valdg plays against the bounded energy noisgandv.
“min” stands for minimization and “max” denotes maximizati

Many strategies have been proposed for solvingfirimaxproblem [119,
62]. Reference [150] proposed a linear quadratic game appravhich gave a
complete solution to thisinimaxproblem without checking the positive de nite-
ness and inertia of the Riccati difference equations foryestep. This approach
is implemented through recursive updating the Iter ghiip, the solutionP of
the Riccati difference equations, and the state estimatiowith the following
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updating equations:

Qi = Ly QuLy;
He= AP | QP+ CIV, CPy ‘CIV, %
Rk = ARk 1+ Hi(Yk  CkAxRk 1),
2 = LiRy;
P = APy | QyPy+ CpV, 'CPy AT+ B W BT

wherePgy = poandPy > 0. lis the identity matrix with corresponding dimen-
sions.

Apparently, these recursive equations have similar foomtisdse of the classic
Kalman Iter. Although the statistics of noiseg, andv, are not required in the
H, lter, tuning the weight matrice€; po; W «; V k should be done carefully,
because these values determine the estimation error iretf@mance criterion.
The weight matrice8V \; V « can be chosen according to the experience with the
noise. For example, if the noise is known to be smaller than the noigeW
should have smaller elements than thosé&/Qfand vice versap, is based on
the initial estimation error. If the initial estimatiat, has higher creditability,
po should be small. Similarly, if estimations of some elementihe state have
received more attention, or some elements have bigger moagrin their physical
de nition, the corresponding elements in the mat€) can be set larger than
others. The performance criterionis hoped to be as large as possible. Yet too
large may make some eigenvalues of the maRilarger than one, which makes
theH, Iter's mathematical deviation become invalid. Therefptiee estimation
error of theH, Iter can not be arbitrarily small.

6.4 Implementation

To implement theH; Iter, the ball's movement is modeled by the following
linear discrete system,

Pk+1 = Pk + T,
1
Pesr = P+ PT + ékaz;

wherep is the position of the ball, whilp andp are the velocity and acceleration
of the ball, respectively.T is the sampling interval anll is the index of the
sampling time. De ning a state vecta consisting of the position and velocity
asxyx = [p«; p¢J, and taking the ball's position as the measurement valwe, th
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ball's movement is described by:

T T2z
Xk+1 = 0 1 Xk + T Uk, (67)
Y= 1 0 Xy (6.8)

where the system input equals the acceleratign which is completely deter-
mined by the friction of the ground and the pushing operafiiom the robot. In
practice situation, equation (6.7) can not give the presiate values because of
the noise due to the rugged carpet ground. The precise owdjuds can not be
obtained from equation (6.8), since measurement noisedses the reliability of
the measured data. Therefore, the ball's model should ted@eps noisev and
measurement noiseinto account,

« 1T o + T2=2 U+ Wo:
k+1 — O 1 k T k ks
Vo= 1 0 Xxy+ vi:

Several effects, such as the friction of the ground, the nminvlen the robot
collides with the ball and the corresponding effect of théision on the ball's
movement can not be obtained exactly, so the system impstnot available
when the robot is dribbling the ball. Howevarcan be taken as additional process
noise and uni ed with the process noise Then a more realistic system model is
deduced as

T2=2
T
Xk + Vi (6.10)

Xk+1 = Xy + Wi; (6.9)

F oOr

~

1

Yk = 0

In the context of théd; Iter, Ly is speci ed as an identity matrix in this case,
because the ball's location and velocity are all requiredg@stimated, i.e.

Zx = Xk-

6.5 Experimental Results

The ball's observation data come from the omnidirectionsion system of the
Attempto soccer robots. Pointing up towards a hyperbolitanimounted on the
top of a robot, an AVT Marlin F-046C color camera can captureainding im-

ages of a robot up to 50 times per second. After obtainingetlcetor images,
a color calibration process maps the colors to differendsda in the RoboCup
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Figure 6.1: An Attempto soccer robot with an orange match bal

domain and extracts the landmarks and objects from the isaagjben, a dis-
tance calibration process transfers pixel positions inrtiege into the real world
coordinate system [67].

While the object detection algorithm always outputs thd'detlative posi-
tion to the robot, the ball's relative position and veloaitith respect to the robot
coordinate system can be estimated directly by using this lodlservation val-
ues. When the ball's absolute position and velocity are ireqy the estimated
ball's relative values can be transformed into the worldrdowate system using
the robot orientation values. Figure 6.2 illustrates thiésbaosition in the robot
coordinate system.

Figure 6.2: Ball's relative positio(xg'; yg') in the robot coordinate system.

To prove the feasibility and the robustness oflthe Iter in the ball tracking
problem, two real experiments with an Attempto soccer robee performed in
the robot laboratory. Figure 6.1 shows an Attempto socdeotrwith an orange
ball. Considering the limited size of the robot laboratdahg soccer robot was
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controlled to dribble the ball along a linear path and a dacpath. The following
commands were sent to the robot in these two experimenpectgely:

a) xg =1:5m=s;yg =0;! =0;
b x§ =0:8m=s;yg =0; ! =0:5rad=s:

In case a), the robot drives linearly with a speed of 1.5 mtase b), it forwards
along a circle with a speed of 0.8 m/s. The ball did not slidayafwom the robot
during the whole dribbling process because of the consexatillisions with the
robot. At every sampling time, twH; Iters estimated the x and y components
of the ball's relative position and velocity with respecttte robot coordinate
frame. The noise attenuation level and weight matricesgomating the x and y
components of the ball's movement in both cases were chastailaws:

30 0004 ., _ 001 O

X — Nl X — . X — . X — .

—2.0, pO_ 30 2 le_ O 0.01 er_lr k_101
10 Q05 01 O

y—1-5 nY = oY = . Y—10-vY =1 -

15 p5= 50 o8 QU= g gp WIT10Vi=1:

To evaluate the performance of thie Iter, a Kalman Iter with assumed
noise variance was selected as a benchmark to estimate ltsepbaition and
velocity with the same observation values. The initialrestion error covariance
matricesP, and the probability distributions of the process noise dredmea-
surement noise were chosen by trial and error. The followsrgmeters gave the
optimal estimations:

0:01 00001
P5= 0003 0oos  PW9 N(0;0:01); p(v¥) N(0;0:0001);
0:01 Q0001
y - Co(wY
Po= o001 aqoos  PW)

Figure 6.3(a) show the traveled paths of the robot and theirb#these two
experiments. The results illustrated in gures 6.4 and G&sthat theH, Iter
eliminated the high frequency components of the measureamehestimated the
ball's relative positions and velocities successfully.eTéstimated ball's relative
positions shown in gures 6.4(b) and 6.5(b) imply that thdl dal not slide away
from the robot, while the maximum position along tig, direction is far from
the boundary value 0.15 m. Figures 6.4(a), 6.4(b), 6.5(@)6ab(b) show that the
estimated ball's relative positions from thl Iter are slightly better than those
from the Kalman Iter. Moreover, gures 6.4(c), 6.4(d), @& and 6.5(d) show
that theH, Iter gave smoother estimations of the ball's relative vatees than
the Kalman lter.

N (0;1); p(v¥) N(0O;0:0001)
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6.6 Summary

In this chapter, a robust; Iter is adopted to estimate the ball's relative position
and velocity when the ball is dibbled by a soccer robot. Untike Kalman lter,
which relies on suitable assumptions of noise variancesHth Iter does not
require a priori knowledge about the statistical propsrtitthe process noise and
the measurement noise, but only depends on the assumptititeaioise power.
The Kalman lIter aims to minimize the expected estimatioroecovariance and
yields maximume-likelihood estimations, while thly  Iter minimizes the worst
possible effects of noise on the estimation errors. Thisayuaes that, if noise is
small in energy, the estimation error will be as small as ipss The recursive
equations of thél, Iter have similar forms to those of the Kalman lIter, thusgh
H; has similarly low computational cost and is feasible foll teae estimation
problems.

In two real-world experiments, where the ball was pushedeoutively by an
omnidirectional soccer robot, the performance ofkthe Iter was evaluated by
comparing the estimation values to those of the Kalman. Ifne results of the
estimated ball's relative positions and velocities shoat theH; Iter eliminates
the high frequency noise components of the measuremengsénthtes the ball's
position and velocity robustly during the pushing procédthough theH; Iter
involves regulating some weighting matrices, the real diesperimental results
show that it has better performance than a Kalman Iter arditidependence of
noise statistics makes ti&; Iter more robust.



Chapter 7
Dribbling Control

For a soccer robot, ball control is one of the most importawk essential skills.
Concerning offensive and defensive tactics, controllimg ball consists of three
tasks. The rst task denotes ball capturing, where a robabls to catch the ball
whenever the ball is moving or resting. The second taskseteball dribbling,
which involves the maneuvering of the ball through conseewnd short con-
tacts of a robot in a n environment with dynamic obstaclese fhiird one is ball
keeping, which enables a soccer robot to prevent the batl breing stolen by the
opponents.

Compared to other tasks, ball dribbling is more importaotrfithe offensive
standpoint, because a soccer robot has to control the koot a goal after
catching the ball. Moreover, dribbling control is more dbaging than the normal
motion control of an autonomous robot, while dribbling cohhas to consider
the ball's movement in steering the robot movement. AlthHoeficient dribbling
mechanisms help a soccer robot to achieve a good dribblilgddsign and exe-
cution of appropriate dribbling strategies have attraetteintion in the RoboCup
robot soccer teams.

The dribbling process is actually a consecutive impact ggemf high fre-
quency and low magnitude. Because of the dif culty of detiging the impact
time, the contact position, and corresponding impact inces many RoboCup
teams either use a simple model to approximate the intergatr let the soccer
robot learn the dribbling skills where the interaction igasled as a black-box
system.

In dribbling learning, arti cial neural networks (ANN) havbeen adopted by
many RoboCup teams [26, 63, 117], because they are able toxapate an ar-
bitrary function by learning from observed data. Normathe inputs of an ANN
refer to the environment information, such as the positmhihe robot and the
ball, the positions of opponents, the direction of the gaat so on. The outputs
of the ANN are the desired robot actions, for example, thee@sobot velocities
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and accelerations. The selection of a suitable structuféd given the training
data is not straightforward. Especially using a real roliog, training process
has to start with positioning the ball and the robot at aapytrpositions of the
play eld. Then, all measurements are recorded, which i®¥edd by training an
ANN based on suitable learning algorithms. The whole pregenerally needs
a very long time to obtain a trained ANN with optimal performeca. Therefore,
most soccer robot teams use adequate simulators to achteves@erable faster
training time. Simulators have the advantage of not beimgtained to time lim-
itations, such as to tune the parameters of the ANN and thmeifgpalgorithms
for an optimal performance. Although the learning procedugne ts from sim-
ulators, many problems occur in real experiments when #irdd ANN is used
on real robots. It is because the trained ANN is constraied small subset
of robot behaviors. For example, the interactions betweerbat and the ball
are dif cult to describe in mathematical terms when the rothabbles the ball.
As a result, the learning method directly operating on relbts with ef cient
learning algorithms became attractive recently. Conogrfearning algorithms,
reinforcement learning became popular for learning of epogbot behaviors, as
it dose not need the correct input/output pairs, but onlyinf@mation about the
behaviors' success or failure [137, 76, 50, 60]. As a sudakapplication, an off-
line neural ttedQ iteration scheme based reinforcement learning approagh ha
been proposed in [137] to learn the dribbling on a real soad®st. This learning
method allows the application of advanced supervised ilegmethods, and has
a faster convergence than the on-line gradient descenoeheth

Learning the dribbling of a soccer robot avoids building pbem physical
models, but the learning process requires a long time andtsea high compu-
tational cost, especially when there is a large number adrpaters to optimize.
Moreover, the collection of training data is dif cult to bempleted. In a new en-
vironment, new training data may result in a new learningpess. Therefore, an
analytical dribbling control method is necessary to desedhe time spent on de-
signing a dribbling controller. Damat al. addressed some analytical constraints
for a nonholonomic soccer robot dribbling a rolling ball #8]. Based on a sim-
ple description of the interaction between the robot andtik these constraints
are used to avoid loosing the ball by limiting the robot ttatisn and rotation
velocities. Another analytical method is presented in \GRh respect to an om-
nidirectional soccer robot. It approximates the interacty a spring kinematic
model, and assumes that the ball does not leave the robolvmajtsacompresses
the spring. According to this assumption, the robot is adlgd to track the de-
sired poses, which are computed from the ball's desireédtajy based on the
suitable values of a weight factor and a damping ratio.

To avoid the long learning process, this work focuses ongiésgy an ana-
lytical dribbling control method for the Attempto soccebod. Inspired by [28],
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a constraint of robot movement in the dribbling process feging the ball is

deduced by analyzing the force exerted on the ball. Withcadeting the inter-

action between a robot and the ball during the dribbling ess¢the analysis of
the relative movement of the ball with respect to the robstilts in the dribbling

control method. It accomplishes the dribbling task by idtroing a reference
point to follow a given path and keeping the ball near thimpsimultaneously
[97, 96, 100].

7.1 Dribbling Mechanisms

The dribbling system of a soccer robot is composed of drisblghich are built
of special materials to increase the robot's ability of colting the ball. The main
contribution of dribblers is to exert a certain amount otconto the ball. The
force can not only give a backwards spin to the ball such tebgll can move
back when it loses contact with the robot, but also preveatoidl from sliding
away from the robot when the robot rotates quickly.

Designing dribbling mechanisms of soccer robots in the RalpoMiddle Size
League has to obey the following rules [1]:

During a game the ball must not enter the convex hull of a rddyoimore
than a third of its diameter except when the robot is stoppiegball;

Forces exerted onto the ball that hinder the ball from ratgtin its natu-
ral direction of rotation are allowed for no more than fourcsmds and a
maximal distance of movement of one meter.

Considering many hardware challenges in the RoboCup Mi&ite League,
most teams pay more attention to improving and executingpting strategies.
They mostly adopt simple and exible dribbling systems. $t&s dribblers are
widely adopted by the Middle Size League teams due to thelsimpchanisms.
As illustrated in gures 7.1(c), 7.1(d), 7.0(e) and 7.0(bassive dribblers have
no actuators such as motors and gears to be controlled lgcbue in uence the
ball's movement by special structures and materials. leotaimprove the drib-
bling capability, some teams designed active dribblerdias/s in Figures 7.1(a)
and 7.1(b), usually represented by wheels which are cdatrbly DC motors to
in uence the ball's rotation.

Consisting of dribblers built from materials with high fiien properties and
good damping qualities, the popular dribbling system isgiesd with a concave
front and a top component. The concave shape either stemmstfr® concave
front of the robot base as shown in gures 7.1(a), 7.1(b)(&).@nd 7.0(f), or is
formed with some separated dribblers, which are illustrategures 7.1(c) and
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7.1(d). The main bene t of the concave shape is that the laallbe easily forced
toward the center of the robot front. The contribution of the component is to
exert pressure onto the ball from the above, such as to kedpathfrom rolling
away. The top component can consist of active wheels, plastis or a rubber
string, as shown in gures 7.1(c) - 7.0(f), respectively.

The dribbler system of the Attempto soccer robot is showniguie 7.0(f).
There are three spongy blocks attached to the concave &rdiantp the collisions
of the ball and to prevent the ball from sliding away from tlodat. A rubber
foam pad is assembled at a higher position, which exertspresonto the ball
and keep it from leaving the robot along the lateral and lamatgnal directions.
The advantage of this dribbling system is that the biggeinfasize enables the
robot to easily capture the ball.

7.2 Dribbling Analysis

In a dribbling task, the main challenge is that the ball stidug kept and be
pushed by a robot when the robot moves and passes obstadileisliriy control
needs to consider not only the robot's movement, but alsd#ts movement.
Therefore, it is necessary to analyze the relative movetremieen the robot and
the ball. When the ball is considered as a mass [iotated at the sphere center,
the relationship between the ball's accelerations obskirvéhe world coordinate
system and the robot coordinate system is described asvillo

ag =ar+ag+2! vg+L g+t (0 rg): (7.1)

ar denotes the robot's translation acceleration observedémorld coordinate
system.ag andag are the ball's accelerations observed in the world and robot
coordinate systems, respectively.and! are the robot rotation velocity and the
corresponding rotation acceleratiofffy andrg' are the ball's velocity and position
observed in the robot coordinate system, respectively.7Ih)( the tern!
vg is called Coriolis' acceleration; the term  rg' is due to the robot rotation
acceleration; thetertn (! rg') is called centripetal acceleration, which always
points towards the axis of robot rotation.

Multiplying (7.1) by the mass of the bathg, the extended Newton's second
law with respect to the robot coordinate system is given by

FE = Fg + Fin; (7.2)

whereFg = mgag andFg = mgag. Fg is the vector sum of all the exter-
nal force acting on the ball with respect to the world cooatinsystem.Fg is
composed of the force exerted by the robot and the frictiawéen the ball and
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(a) CAMBADA robot 2007. One
active wheel presses on the ball
from above. Two inactive wheels
are mounted on the front of the
robot base.

(c) Tribots robot 2006. The dribbling
system consists of four rubber cylin-
drical bars representing the corners
of an isosceles trapezoid.

(b) Tech United Eindhoven robot

2008 . Two active wheels act as top
dribblers, which can change the con-
tact points on the ball and drive the
ball in the longitudinal and lateral di-

rections.

(d) Hibikino-Musashi robot 2006.
The Dribblers are similar to those of
the Tribots robot, but the upper two
dribblers have a at form.
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(e) Cops robot 2006. Four short (f) Attempto robot 2006. A rub-
mental bars are used. A rubber spring ber foam pad is assembled above the
is connected between the upper two concave robot front. Three spongy
dribblers to damp collisions of the blocks are attached to the robot front
ball. to improve the damping property.

Figure 7.0: Soccer robots of the RoboCup Middle Size League

the oor. F§' = mgaf is the vector sum of the force with respect to the robot
coordinate systent;, is the inertial force calculated as

Fn= mgar mg(2! wvg+0L rg+! (0 r): (7.3)

Equation (7.2) implies that not only the external force dabahe inertial force
is exerted on the ball, when the ball is observed in the robotdinate system.
The inertial force stems from the acceleration of the refeeecoordinate system,
which is the robot coordinate system. Although the inefbate manifests itself
as a real force, it is not the real one while it results fromrtbe-inertial reference
coordinate system but not from interactions with other bedi

If the ball is moving along a curve with a clockwise turnings@®wn in Figure
7.1, itisonly possibltle for the robot to keep the ball if thecl®F ' has nonpositive

projection on the lindL , which is parallel to the left border of the robot's front.
That yields
(F)g, =(Fs+ Fin)y, O (7.4)

When the ball follows a curve, the external fofl€g can be projected on the
tangent and normal directions of the curve. The tangentfhactn be calculated
asF; = mga; with a acceleratioma;. The normal parE, is pointing to the center
of curvature and has the magnituigkes cv3j. cis the curvature of the curve and
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Figure 7.1: The ball's relative position in the robot coorale system. Three
spongy blocks are pasted on the robot's front to increasdritteon. PointE
denotes the desired position of the ball's cerder

vg is the ball's moving velocityF;, is related to the ball's relative state and the
robot movement. Inequality (7.4) represents the congtidimobot movement
in the dribbling process, under which the robot can keep #ienboving along
curved paths avoiding losing the ball. The analysis prestabove assumes that
the robot rotates in the clockwise direction, but similaulés can be obtained in
the non-clockwise case. However, the constraint (7.4) caie easily satis ed.
While the interaction between the robot and the ball is diftdto be modeled
in mathematical equations, it is hard to analytically detiee the desired robot
movement, which guarantees suitable force exerted on théenkthe dribbling
process.

Based on the analysis of the relative movement between tharukthe robot,
an analytical dribbling control strategy is designed fa Attempto soccer robot.
Considering the fully free mobility of the omnidirectionaibot, the dribbling
control strategy assigns different tasks to the transiatentrol and rotation con-
trol of the robot. Without exact modeling the interactiomvioeen the ball and the
robot, the analytical results yield an ef cient conditiohtbe robot movement for
a successful dribbling control.

7.3 Dribbling Control Strategy

In an environment with obstacles, the dribbling controlijpeon considered here
refers to a robot moving along some obstacle free paths amrngthe ball in the
whole dribbling process. Figure 7.2 illustrates an idetiation in the dribbling
process, where the ball moves along a cutvand the ball's centeB matches
pointE located at the front of the robot. Poitis depicted in Figure 7.1, which
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has a xed distancé. to the robot's center of mad® and the coordinatéL; 0)

in the robot coordinate system. Since pdiis the ideal position of the ball's
centerB, the dribbling control can be formulated to control pokntto follow
the desired path and keep the ball near p&rgimultaneously. With respect to
the advantage of the omnidirectional robot, i.e. the delsmlipontrollability of
translation and rotation, the dribbling control strategy e achieved by assign-
ing the path following task and the ball keeping task to tHsotdranslation and
rotation control, respectively. The following contentghins subsection will detail
the dribbling control strategy from the aspects of the cal#td kinematic system,
the translation control of poiriE* and the rotation control of the robot.

Figure 7.2: Force analysis in an ideal dribbling situatiwhere the ball's center
B moves along a curve and matches pd&rnbcated at the front of the robot.
denotes the angular deviation betweeand ¢, i.e. = Pp.

7.3.1 Kinematic model in dribbling control

The de nition of pointE implies that it has a xed coordinaig; 0) with respect
to the robot coordinate system, which results in the ratatigp between poir
and the robot center of maBsde ned as,

Xg = Xgp + L cos; (7.5)

Ye = Yr *+ Lsin ; (7.6)
wherexg andyg denote the position of poirE with respect to the world coor-
dinate system. Substituting the robot kinematic model)(B/® the following
derivatives of (7.5) and (7.6),

Xg = Xg L! sin; (7.7)

Ye = Yr t L! cos; (7.8)
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the kinematic model of Poiri is given by

XE = XR€OS  ygsin Ll sin; (7.9)
YE = Xg Sin + yRcos + L! cos; (7.10)

wherexg andyg denote the poinE's velocity with respect to the world coordi-
nate system.

Combining pointE's kinematics with the robot rotation, the following system
is employed in the dribbling control strategy,

2 3 2 _ .32 3
Xg cos sin L sin XR
4y:5=4sin cos Lcos 54yn5; (7.11)
_ 0 0 1 !

This system has the same inputs as those of the robot kinematel (3.2), but

the outputs consist of poirlE's velocity and robot rotation velocity. Note that
the transformation matrix in (7.11) is also full rank, whieteans the decoupled
controllability of translation and rotation is inherited@herefore, the control of

point E to follow the reference path and the robot orientation tokihe desired

orientations can be achieved separately.

7.3.2 Translation Control

The path following problem of poirfE can be solved with the presented control
methods of Chapter 4. The two input$ andyg' in (7.11) can completely control
the values okg andyg whatever the value df is. During the dribbling process,
the ball can only be pushed but not be pulled. To decreasedilie $peed, the
robot has to move ahead and to hinder the ball's movement. nWe ball's
speed is required to increase, the robot needs to stay b#teniall and push
it. Therefore, varying the ball's speed will unsmooth thbabmovement and
increase the possibility of the robot to lose the ball. Indhiebling strategy, the
ball is required to move along a reference path with a higbhstant speed, which
not only facilitates the robot motion control, but also ersua fast movement of
the ball in the RoboCup matches.

7.3.3 Rotation Control

Besides the robot translation control, the degree of freedbrobot rotation can
be used to keep the ball near pdint\When point is controlled along areference
path, pointE's acceleration with respect to the world coordinate systegiven
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by

xg = CVZ sin( p); (7.12)
ye = cvZcos(  p): (7.13)

Vg is point E's velocity,c and p are the curvature and tangent direction at the
position of pointE on the reference path. Differentiating (7.5) and (7.6) &wic
yields,

Xe =g Ll sin L! 2cos; (7.14)
ye =g+ Ll cos L! ?sin: (7.15)

The robot acceleration can be directly calculated from {gBis acceleration with
the following equations,

xg = Cvsin(  p)+ Llsin +L!?cos; (7.16)
Yr = CVZ sin( p) L! cos + L! ?sin: (7.17)

Xxr andyr denote the robot translation acceleration with respedteontorld co-
ordinate system.

Substituting (7.16) and (7.17) into the projection of (7ritp the robot coor-
dinate system, the ball's kinematics is determined as,

XP =«gm CBsin(  p) LIZ+21yDR+ ly P+ 12D, (7.18)
Y8 =4m CVcos( p)+ LL 20 x@ IxF+ Py (7.19)

wherexg andyg' denote the ball's position with respect to the robot coaatikn
system.xg', yg', Xg andyg' are the corresponding velocities and accelerations.
Xsm andyg, denote the projection of vectag in the robot coordinate system,
 is the robot rotation acceleration. Itis noticed in (7.18) &7.19) that the ball's
states with respect to the robot coordinate system arendieted by the robot
orientation, the robot rotation velocity and rotation dec&tion.ve is determined
by the translation controlc and p are derived from the pre-designed reference
path.

According to the constraint (7.4) of the robot to keep thé, bl is required
to be less and equal to zero along the axis, andyg' is required to drive the
ball to the position of poinE. When the ball is near poirE, which means
xgsyg) (L 0) and(xg;ye) ! (0;0), (7.18) and (7.19) have the following
approximations:

X§  Xgm  CVE sin( P); (7.20)
Yo Yem CVcos(  p); (7.21)
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where the robot orientation plays an important role on adliig the ball's rela-
tive accelerationxg' andyg'. Because the robot can only push the ball, the value
of = p is bounded to the interval 5 5. If has the same sign
as that ofc, the inertial acceleration cvZ sin( ) always points in the negative
direction of the axiX ,, which presses the ball to the robot. However, the inertial
acceleration cvZ cos( ) causes the ball to slide away from the robot. There-
fore, selecting  with the same sign of can be bene cial for the ball keeping
task. But the magnitude of is a trade-off between the inertial accelerations

cv2sin( )and cvZcos( ). If is larger, there is more pressure on the
ball but less force to prevent the ball from sliding away, st versa.

On the other handg,, andyg, refer to the external force acting on the ball,
which is mainly in uenced by the robot movement. Althougle tinteraction be-
tween the robot and the ball is hard to know, the angular tievia as shownin
Figure 7.2 is necessary for the robot to provide the ball eitbugh pushing force
F; and centripetal forc&,. Moreover, has a relationship with the centripetal
acceleratiorcvZ .

As a consequence of above analysis, is selected proportional to the cen-
tripetal acceleration with a positive parameter

=k cvi: (7.22)
This results in the following desired robot orientation
d= b+ ko (7.23)

Then, the rotation control problem is to steer the robotraagon to track the
desired ones.

7.4 Following a Static Path

In the dribbling task, a pre-designed reference path cdartbe ball's position
and the target position through the free space on the plaly \When obstacles are
static or move slowly, a static path can be adopted in the etiobbling process.
To test the performance of the dribbling strategy, a sirdedgath and an eight-
shaped path were chosen for the dribbling task, becauseatlyeng curvature
and symmetry of these paths are complex enough to validat®bot's agility of
dribbling a rolling ball. Considering the space limitatiohthe robot laboratory,
the sinusoidal path is parameterized as,

Xr = P
Yy = sin(1:5p);
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and the eight-shaped path is given by,

Xy
Yr

1:8sin(2p);
1:0sin(p):

p is a scale variable. Also the value @R was chosen fok , which determines
the following desired robot orientation

4= +0:20v:

The NMPC method was utilized here to ful Il the dribbling doal task, while
the results presented in Chapter 5 show that the NMPC approat not only
keep the robot working under the system constraints, botgds smooth travel-
ing trajectories of the robot by specifying the correspagdbbjective function.
Compared to the control problem presented in Chapter 5, thedifference is
that pointE is controlled in the path following problem instead of théabcen-
ter of massR. To reduce the computational burden of NMPC, the orthogonal
projection-based formulation of the path following prablevas adopted, where
only one control variable ¢ is required. Therefore, the NMPC method aims to
nd suitable values of ¢ and! , such that poinE follows a reference path and
the robot orientation tracks the desired orientation. Tmmfilation of the NMPC
approach is described by equations (5.51) - (5.53). Thefapstion is from 5.24,
the terminal penalty is from 5.25 and terminal constraimésdesigned as 5.29 -
5.32. . denotes the moving direction of poi&t with respect to the path coor-
dinate system, which generates the desired moving vedsatti pointE in the
world coordinate system as follows,

VE COS( e+ p); (7.24)
VESIN( ¢+ p): (7.25)

Xg
Ye

Substituting (7.24) and (7.25) into (7.7) and (7.8), theutspof the linearized
kinematic model (3.5), which are the desired translatidonciges of the robot in
the robot coordinate system, are given by,

Up = XR = VECOS( et p)+ LI sin; (7.26)
m

Up=Yr = VesSin( ¢+ ) L! cos: (7.27)

We chose the values dfm/s and0:8 m/s forvg in the experiments with the
sinusoidal reference path and the eight-shaped refereatbe nespectively. The
same parameters of the NMPC approach were used in the twamegmgs, which

are
03 0 02 O

Q= 09 o5 'R* o 01 ° =2:0
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The control horizon was chosen the same as the predictiandmowith Tp =
T. = 3 . The prediction sampling time and the estimated computational delay
¢ were selectedas=0:2sand ©=0:25s.

The experimental results with respect to the two refereratbspare shown
in gures 7.3 and 7.4. Figures 7.3(a) and 7.4(a) show theeteal/paths of the
ball and the robot. The dribbling errors are illustratedgures 7.3(b) and 7.4(b),
where the maximum deviation from poitto its projection on the reference path
is less thar®:1 m and the largest angular errors with respect to the robentation
are not more tha@:4rad. Figures 7.3(c), 7.3(d), 7.4(c) and 7.4(d) show thedtk
ball's relative positions with respect to the robot cooedesystem based dih,
Iters. They imply that the ball was kept during the driblgiprocesses, while
the relative x-positions are mostly less than 0.4 m, anddlagive y-positions are
far from the boundary value 0.15 m. Figures 7.3(e), 7.4(&)f)fand 7.4(f) show
the performance of the NMPC approach. The wheel velocitieekept under
the boundary valué:9m/s. Although the computational time is more tHaR s
in some cases, the average computational time®:882 s and0:091s in both
experiments, which is appropriate for dribbling the balthwihe speed of and
0:8 m/s, respectively.
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Figure 7.3: The NMPC-based dribbling control along the stdal reference
path.
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Figure 7.4: The NMPC-based dribbling control along the egjfaped reference
path.
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7.5 Following a Dynamic Path

The RoboCup match is a highly dynamic environment involvimgving soccer

robots and the ball. Although some situations enable a rabdtibble the ball

along a static path and shoot a goal, the planned path sheuigpdated with

respect to the changed environment most of the time. Theradoibbling the ball

along a dynamically planned path is more essential andso#fegreat challenge
for the soccer robot.

7.5.1 Path Planning

The path planning method presented by Weigel et al [161]ed usthe Attempto
soccer robot, which is one of the most ef cient path planrapgproaches in the
RoboCup domain. This method is based on the potential etthrigque, and
is able to navigate a robot out of a local minimum by introdigca grid-based
planning method. Moreover, it is able to design a smooth pgtheversing the
positions of the target and the start position. The follaysubsections present
more details of this path planning method.

7.5.2 Potential Field based Planner

Khatib [85] rst reported a potential eld for path planningf mobile robots.
The idea behind the approach is to navigate a mobile robotcasrged particle
moving in a magnetic eld. This article is attracted to peles with the same sign
and repelled by particles with the opposite sign. In a padéraid, a robot has an
attractive potential to the target and repulsive potesiti@ay from obstacles and
eld boundaries. The planned moving direction of the rolsoaiong the negative
gradient of the potential eld, which always points to thesgimn with lower
potential.

Each positionrx = (x;y) in the potential eld is composed of an attractive
potential wellpr (x) and repulsive potential barrieps; (x) andpg; (X). pr(X)
is computed around the targgt= ( 0x; 9y). Po.i(0i) andpg; (b;) are around the
obstacle®; = (o;;0y;) and the eld boundarieb; = (b ;lb,), respectively.

A conic well is chosen to model the attractive potential wilat is,

pr(x) = rkdrk; (7.28)

wherekdtk = kd gk, k k denotes the Euclidean norm. The corresponding
negative gradient is calculated as

ropr(x)= kd:de; (7.29)
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which causes the robot to move towards the target.
Repulsive potential barriers drive the robot away from abtlets and eld
boundaries. For the obstadg the repulsive potential is computed as

8 ) ,
3 0i (X) kdo:i (X)k o
Po;i (X) = 3 ojii O mz M—lcz)- 20 < kdo;i(X)k2 <M (% (7.30)
' 0 MZ k do;i(x)k*;
which is reversely proportional to the distanags.(x)k = kx o;k. To keep
Po:i (X) continuous akdo;i(x)k2 = 2, a normalization parameter, is intro-
duced with
_ M3 731
O~ T, o5 - .
ME 3

o is the minimum distance used to hindas.(x) from increasing in nitely.
For the positions having less distance thanto an obstacle, the corresponding
potential barrier has the maximum valug. When obstacles are assumed to have
aradiuso, o canbe chosen as

o=Tlotrprt ] (7.32)

whererg is the robot radius andis a security distance. Moreover, a maximum
distanceM is de ned to reduce the amount of local minima resulting frareld
containing many obstacles. If the obstacles are far away tre robot, they do
not in uence the robot movement. The negative gradient efrépulsive potential
Po:i IS given by

8

> Zﬁ;do;i (x) if 2 < kdoi(X)k*<M 3

0: (X
" Poi(¥) = (0;0) it kdoy (0K 3 (7.33)
' _kdoi(x)k*  ME

Besides obstacles, the play eld in RoboCup is limited by taary lines.
All boundaries are considered as potential barriers, wheysa sive potentials are
computed similar to those of the obstacles.

8 .
3 B; (X) kdg; (x)k B
Pe;j (X) = s B s m Wz B < kdg (XK <MZ  (7.34)

0 MZ k dg; (X)k*;

wheredg; =(0;y b,)anddg; =(x b ;O0)arewithrespecttothe boundary
in the x-direction and y-direction, respectively. The nafiration parameterg



110 Chapter 7. Dribbling Control

is de ned as

_ Mg § .
VESS

The minimum distanceg is only concerned with the robot radius and a secu-

rity distance ,

B (7.35)

B=Irt : (736)
The negative gradient @k (X), r ps; (X), is calculated as

E 2yt (x) if - § < kd (X)k* <M 3
P ()= (0:0) it kdey (OKE 3 (7.37)

_kdgy (X)k* M2

Merging the attractive and repulsive potentials, the nalgntial eld has the
following potential:

X X
PX)=pr(X)+  poi(X)+  pg; (X): (7.38)

i i

The negative gradient ¢ (x) is also a superposition of the negative gradients in
each potential eld, i.e.

X X
rP(Xx)=r pr(x) r Po;i (X) r pe; (x): (7.39)

i i

7.5.3 Grid-based Planner

Although the negative gradient direction P (Xx) navigates the robot towards the
target and away from obstacles and eld boundaries, a logainmum problem
may occur when a robot is trapped in a dead end. Thereforéauefor a robot
to escape local minima are required. The grid-based plasaerexample of such
methods, which divides the whole space into square-shajdajls and designs
a path composed of a set of grid cell's centers. The gradiesgoid cell's center
at position(u; v) is approximated by evaluating the local potential eld as

grad(u;v)=2i[P(u+1;v) P(u 1,v);P(u;v+1l) P(u;v 1)]T

with a positive parameter. If the next grid cell's center directed by P (x)
goes into a local minimum, a recursive best- rst searchaststl and terminated
if either an adjacent grid cell with a lower potential or theget cell is found.
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7.5.4 Experimental Results

To test the dribbling control method, some real world expents were done in
the robot laboratory. The size of the play eld%l 4:2 m?, which is nearly
the size of the old half play eld of the RoboCup Middle Sizadgie. A soccer
robot was required to dribble the ball to the target eld waith colliding with one

or two moving obstacles. At the start, the robot and the balewstatic, and the
robot was placed with an arbitrary orientation. The targdt was de ned by a
circle centered af3; 1) having the radius of 0.3 m. The obstacles moved to and
fro along a linear path of nearly m length. The path was chosen such that it
crosses the direction connecting the ball's initial pasitand the target eld. The
moving speed of the obstacles wag m/s.

As pointE is controlled to follow a reference path in the dribblingaségy,
the path planner was set to design a collision-free path iot gofrom its current
position to the target. Then the nonlinear motion controthud introduced in
Chapter 4 and the NMPC law addressed in Chapter 5 were usée iexperi-
ments. For the path following control of poiRt, the orthogonal projection-based
formulation was adopted. The desired velocity of pd&intvas selected akm/s.

Table 7.5.4 shows the selected values of the path planreeesieters. Because

T 0 B [ ro Mo Mg
11004 1|2 10° [ 30cm|30cm|5cm| 80cm| 50cm| 10

Table 7.1: Parameter values used in the path planner.

of the discretization of the grid, the planed path is veryasgtedged. To smooth
the path, the average over the st path points from the path poif is used to
calculate the tangent direction,; of the path at poinP;, i.e.

10 1

Pi = a Pj Pi:

j=i

The value oim was chosen as 10 in the experiments. When the number of points
on the designed path is less tham m takes the value of the number of path
points. The curvature of the path at poihtis approximated by

G=Klpi pi1);

wherek. is a positive parameter and selected as 0.5 in the expesment

To verify the performance of the dribbling control strateggveral initial po-
sitions of the ball were tested in the experiments as showfigare 7.5. The
choice of initial positions considered the size of the labory and the trajectories
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of obstacles’ movement, such that the obstacles' moveneatiyrhave in uence
on the dribbling tasks. Table 7.5.4 gives a summary of theexgental results.
In the case of one moving obstacle, the nonlinear motionrobntethod and the
NMPC method were tested. In 15 experiments with differenialpositions, the
NMPC-based dribbling control performed 9 successful dnigs, and the non-
linear motion control-based dribbling control succeed2dirhes. The successful
ratios are60% and 80% respectively. But the computational time of NMPC is
much longer than the one of the nonlinear motion control wettlas the aver-
age computational time of eight experiments based on eaunotanethod are
0:138s and0:0387s, respectively. When there were two moving obstacles, only
the nonlinear motion control method yielded appropriasalts. In 15 tests, the
robot succeeded 10 times to dribble the ball from the inji@gition to the tar-
get eld. The success ratio i86:7%. Moveover, the computational time also
remains very short ( average valu®:8392s). These experimental results show
that the dribbling control strategy worked ef ciently andcgessfully in the drib-
bling tasks, and the nonlinear motion control-based dirigldontrol shows better
performance than the NMPC-based one.

One Obstacle One Obstacle Two Obstacles
(NMPC) (Nonlinear Control)| (Nonlinear Control)
Number of 15 15 15
experiments
Number of 9 12 10
successes
Success 60 80 66.7
ratio (%)
Computational 0.138 0.0387 0.0392
time (s)
Failure reason planned paths: 6 planned paths:3 | control method: 2
planned paths: 3

Table 7.2: Summary of experimental results. In the last rdailare reason *“
planned paths” means dribbling experiments failed becafifee big change of
two successive planned paths, a failure reason “contrdioaédenotes dribbling
experiments failed because the dribbling control methablrdit give ef cient

control values.

Figures 7.6, 7.7 and 7.8 show the detailed results of thresessful dribbling
experiments. The traveled paths of the robot and the balyjures 7.6(a), 7.7(a)
and 7.8(a) show that the robot successfully dribbled thetbahe target eld,
although the moving obstacles in uenced the dribbling s Figures 7.6(c),
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4.5F
4k

Y (m)

3 4
X (m)

(a) Initial positions of the ball in the NMPC-based ex-
periments with one moving obstacle.

Y (m)

3 4
X (m)

(b) Initial positions of the ball in the nonlinear motion
control-based experiments with one moving obstacle.
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4
35 * * * *
., x K ¥ .
3t *
*
gzs— . \ \ .
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(c) Initial positions of the ball in the nonlinear motion
control-based experiments with two moving obstacles.

Figure 7.5: Initial positions of the ball and the desired mgvtrajectories of
obstacles in the experiments. The star symbols denote tleib@ial positions,
which were randomly chosen in each experiment. The linesd®t two small
circles are the desired moving trajectories of the obssaclEhe dotted circles
show the target area.
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7.6(d), 7.7(c), 7.7(d), 7.8(c) and 7.8(d) show Itered tela positions of the ball
using theH; Iter. These results indicate that the robot always suceeleith
keeping the ball in the dribbling process. Figures 7.6(bj(ly) and 7.8(b) show
the NMPC method is of higher computational complexity tHanonlinear con-
trol method. This is the main reason that the NMPC-baseddlinidp control has
a lower success ratio in the experiments. When the contitakes a longer com-
putational time, the robot reacts to a changing environmaorie slowly. This
delay may lead the robot and the ball near the moving obstadleen the new
planned path may have a sharp turning from the old plannedtthn in order to
avoid the collision with the obstacles. This sharp turniegults in a big change of
two successive planned paths. Therefore, this big changlewfied path requires
very sharp turns of the robot, which causes the ball to shekeydrom the robot.
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Figure 7.6: Experimental results of the NMPC-based drizhbtiontrol with one
moving obstacle.
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Figure 7.7: Experimental results of the nonlinear motiontoaler-based drib-
bling control with one moving obstacle.
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7.6 Summary

This chapter addressed the dribbling control problem oémito soccer robots.
From a hardware perspective, the dribbling mechanism umsiinediRoboCup Mid-
dle Size League teams is mostly designed with a concave draht top compo-
nent, which help forcing the ball towards the center of theots front and pre-
venting the ball from rolling away. Although active dribldemay improve ball
handling, passive dribbling mechanisms are widely usectoehse the complex
hardware construction. The passive dribbling mechanisthefttempto soccer
robot also consists in a concave form and a top componentsddwally designed
bigger facing size enables the robot to easily catch the ball

The main challenge of dribbling control is the dif culty of deling the in-
teractions between the robot and the ball, because it is toapdedict the fric-
tion coef cients and collisions between these two objeétshough some teams
take the interactions as a black-box system and use an ANNotehit, the te-
dious process of collecting the training data and trainimgANN motivates our
research of designing an analytical dribbling controllar the Attempto soccer
robots. Unlike the usual motion controller taking the robentter of mass as the
controlled object, a reference point represented by thieetklsall's center is used
as the controlled object in the addressed dribbling costrategy. Analyzing the
ball's movement related to the robot, a suf cient consttah keeping the ball
is deduced, which indicates an appropriate choice for tis&retk robot orienta-
tions. Making use of the advantage of omnidirectional reboe. the decoupled
translation and rotation, the dribbling task is achieveddytrolling the reference
point to follow a pre-designed path and steering the robienteation to track the
desired orientations simultaneously.

The dribbling strategy was ful lled with the nonlinear moti control method
introduced in Chapter 4 and the nonlinear model predictiv@rol scheme ad-
dressed in Chapter 5. Real experiments showed the highrpenfice and ef-
ciency of the dribbling control strategy. Comparing thedwnotion control
methods, the nonlinear motion control proved to be more @akeqin relation
to performance and run-time ef ciency due to its low compiataal time. But
the nonlinear model predictive control method showed vexydgperformance in
the case of ball dribbling along static paths. Besides ngagements in the robot
laboratory, the dribbling strategy was successfully usgdhle Attempto soccer
robots in the RoboCup 2006 in Bremen and revealed very goddrpgance. Ap-
pendix A shows some image sequences of the dribbling expatsiiaken in the
laboratory and during the games of the RoboCup 2006 in Bremen



Chapter 8

Conclusions and Future Work

This thesis is concerned with motion control of omnidirentl robots. Con-
sidering important issues of mobile robots, such as aatuBtoamics, actuator
saturation and constraints of robot systems, this thesisss on achieving high
control performance. As a testbed, the motion control ofranidirectional robot
of the Tubingen Attempto robot soccer team, especiallyo#dedribbling control
of the soccer robot, has been considered in this thesis.

8.1 Conclusions

Before designing motion control methods, a control systemhining dynamics
and kinematics is adopted for the Attempto soccer robot.s Bnchitecture al-
lows to design high-level controllers based on the kineomratbdel and low-level
controllers according to the dynamic model. Although ther&rchy enables to
design and test the control law of each level's system sé&ggrdhe in uence
between each level has to be considered. For example, thddvigl controller
design has to take into account the performance of the lgel-ntrolled sys-
tem. Taking actuator saturation and actuator dynamicsantount, the control
system presented in Chapter 3 builds a foundation to desigmlével controllers
with consideration of the low-level system's performance.

Based on the robot control system, path following of ommeiclional robots
was addressed in Chapter 4. The other two basic problem$of motion con-
trol, trajectory tracking and point stabilization, can legarded as special cases
of the path following problem. The specialties are that thsid time param-
eterized velocities are designed in the trajectory tragkiroblem, and the point
stabilization problem only needs to stabilize the robotra desired pose. Ac-
cording to different ways of choosing the desired robot fpmss$ on the reference
path, two formulations of the path following problem for oiginectional robots

119
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have been introduced, i.e. the orthogonal projectiondbésenulation and the
Virtual Vehiclebased formulation. Nonlinear controllers for these tworfola-
tions are designed based on Lyapunov's stability theorestha formulations of
the path following problem are only based on the path foll@merrors, but do
not depend on speci ¢ robot platforms, the proposed coletr®lcan be applied
to other omnidirectional robots. Besides the path follgvoontrol, an omnidi-
rectional robot has another degree of freedom to contradrientation. A PD
controller was designed to keep the robot tracking the désrientations even
though the actuators reach saturation.

Although the proposed nonlinear motion controllers gutearclosed-loop
stability even though actuator saturation appears, ttseséili an opportunity to
improve the control performance by considering more infation about the given
path. In Chapter 5, Nonlinear Model Predictive Control (N&)Rvas adopted to
the motion control problem of the Attempto soccer robot. @kesigned NMPC
scheme guarantees closed-loop stability by choosing fhebéeiterminal penalty
and constraints. With the selected numerical solutiores réisults of real-world
experiments show the feasibility of applying NMPC on a fasving omnidirec-
tional robot and better control performance, compareddamtinlinear controllers
addressed in Chapter 4.

Before considering the dribbling control problem, thisdiserst focused on
tracking the ball's relative position with respect to a sacwbot when the ball
is pushed by the robot. The relative position denotes winékieeball is moving
away from the robot and results in changing the robot behswabball dribbling
and ball catching. Arobusi, Iter was developed to estimate the ball's relative
position and velocity, which does not require a priori kneade about the statisti-
cal properties of the process noise and the measuremest o ly depends on
the assumption of nite noise power. The performance ofHhe Iter was eval-
uated and compared to a Kalman Iter. Although the perforogaaf these two

Iters is similar, the independence of noise statistics pmkheH, Iter more
robust.

For the dribbling problem, this thesis focuses on desigminglytical drib-
bling control methods. With the analysis of the ball's mowsrelative to the
robot, a suf cient constraint of keeping the ball is deducethich indicates an
appropriate choice for the desired robot orientations. nTihe dribbling task is
achieved by controlling a reference point denoting therdddiall's center to fol-
low a pre-designed path and steering the robot orientatitratk the desired ori-
entations. Thanks to the decoupled mobility of the omn@diomal soccer robot,
these two subtasks can be assigned to the control of the tr@imsiation and ro-
tation, respectively. This dribbling control strategy is fed with the nonlinear
motion control method introduced in Chapter 4 and the NMPAt@s® addressed
in Chapter 5. Real experiments in the robot laboratory siaitgh performance
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and ef ciency of the dribbling control strategy. Moreovénge dribbling control
strategy was successfully used by the Attempto soccer saidRoboCup 2006
in Bremen and revealed very good performance, where theerefe point was
controlled to follow the desired moving direction, and m&hite the robot orien-
tation was controlled to track the desired orientation witPD controller.

Overall, the results in this thesis provide solutions tortiaion control prob-
lem of an omnidirectional soccer robot. The control system eontrol meth-
ods presented in this thesis can also be applied to otherdimactional robots.
Moreover, several results addressed in this thesis oféeopiportunity for further
research.

8.2 Future Work

In the control system, the motion controllers are designased on the robot
kinematic model and take actuator dynamics and the maximbeeiwelocity
into account. Real-world experimental results show thedgoerformance of the
controlled system and the guaranteed closed-loop stabégardless of the ap-
pearance of the actuator saturation. However, there aee imtiportant issues that
can be coped with to improve the robot motion control, fomagée, modeling the
wheel slippage on the ground and taking the maximum wheafiootacceleration
into account.

The NMPC scheme was successfully used in controlling theemewt of the
Attempto soccer robot. Its good control performance is shimvithe experiments
in Chapter 5. However, nding more ef cient NMPC schemeslie applications
of controlling fast moving robots is still an attractive easch direction. The main
dif culty of applying NMPC is the computational effort, wblh was shown in the
experimental results of dribbling control against movirgsiacles. Therefore,
to nd and to apply more powerful optimization methods isuggqd by NMPC
schemes. Although the stability problem is quite well sdieairrently, nding
better terminal constraints and penalties to increasedasilfility of the open-
loop optimal control problem is still an active topic in NMRP€search.

To achieve more pro cient dribbling, the rst attempt mighe to design more
advanced dribbling mechanisms, for example, using actil@krs, mounting
special sensors to measure collisions between the robothanblall. Although
the dribbling strategy presented in this thesis servesdsigting analytical drib-
bling controllers, there are also controller parametenseed of adaption. This
denotes another future research of combining the dribldorgrol strategy with
learning methods to obtain the optimal values of these patenst Moreover,
the dribbling strategy depends on a planned path. The patingt used in this
work only designs a collision-free path without considgtne constraints of suc-
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cessful dribbling. As a consequence, some designed patks/Bay sharp turns,
which always result in the ball sliding away from the robohefefore, merging
the constraints of dribbling into the path planner is aldorf@ work.



Appendix A

Dribbling Control Results

This appendix shows image scenarios of dribbling experimierthe robot labo-
ratory with a size ob:1  4:2 m?. Two scenarios in the games of the RoboCup
2006 in Bremen are illustrated at the end.

123
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1 5.
2 6.
3. 7
4. 8

Figure A.1: Scenarios of the NMPC-based dribbling contlohg the sinusoidal
reference path described in 7.4.
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1 5.
2 6.
3. 7
4 8

Figure A.2: Scenarios of the NMPC-based dribbling contiohg the eight-
shaped reference path described in 7.4.
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Figure A.3: Scenarios of a successful dribbling experiniasted on the NMPC
method with one moving obstacle. The line of asterisks dentite planned path.
The solid circle denotes the opponent. The dotted circlevshibe target eld.
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Figure A.4: Scenarios of a failing dribbling experiment &&n the NMPC
method with one moving obstacle. The line of asterisks denibte planned path.
The solid circle denotes the opponent. The dotted circlevshibe target eld. In
the third image, the robot was required to turn nearly 180eakgto follow the
planned path. The resulting sharp turning of the robot leadtie loss of the ball.
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control method with one moving obstacle. The line of asksridenotes the
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Figure A.8: Scenarios of a failing dribbling experiment &&®on the nonlinear
control method with two moving obstacles. The line of astesidenotes the
planned path. In the fourth image, the robot was requirediio more than 90
degrees for following the planned path. The resulting shamping of the robot
lead to the loss of the ball.
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Figure A.9: Scenarios of a successful dribbling in the gageErest the Brain-
stormers Tribots at the RoboCup World Cup 2006 in Bremen. Attempto
soccer robot No. 5 makes two full rotations around the badihield it from the
opponents at the beginning and the end of the scenarios.eBatthe two rota-
tions, the robot dribbles the ball to approach the goal. Tiegies are sorted from
left to right and from top to bottom.
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Figure A.10: Scenarios of a successful dribbling in the gageenst the AIS/BIT
robots at the RoboCup World Cup 2006 in Bremen. The Attempteer robot
No. 5 catches the ball in the neighborhood of two opponenitshigs the ball out
of this tight situation, avoids the third approaching opganand nally shoots
towards the goal. The images are sorted from left to rightfeord top to bottom.
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