Particle Filter-based State Estimation
in a Competitive and UncertainEnvironment

Tim Laue Thomas Rofer
Universitat Bremen DFKI-Labor Bremen
Fachbereich 8 Mathematik/ Informatik Sichere Kognitive Systeme
EnriqueSchmidtStralie 5 EnriqueSchmidtStralie 5
Bremen, Germany Bremen, Germany
Tel.: +49 / (42})1 218 64 209 Tel.: +49 / (421) 218 64 200.
Fax:+49/ (421)i 218 9864 209 Fax: +49/ (421) 218 9864 200.
E-Mail: timlaue@informatik.unibremen.de E-Mail: Thomas.Roefer@dfki.de
Acknowledgements

The authors would like to thank the Deutsche Forschungsgeamaft (German Research Agency) for

supporting this wor k t MCooparagve MaobieeRobpts inglarnnic vy pr o
Environment§ as wel | as$r anhsrroeuggithontahe Col | ab Gpatat i v e R
Cognitiord .
Keywords

Robotics Noise,Modelling.

Abstract

In this paper we present the application of particle filters for state estimation on a humanaid robot
These filters are used for sédfcalization and ball tracking in a competitive soccer scenaging

robots with limited perceptual and processing capabilitesne extensions have been applied to the
basicalgorithms to adapt them to the special naddhkis domain which is a subject of high noise and
dynamic changedDifferent experimentshave been carried out to confirm the applicability #mel
precision of theapproach

Introduction

The RoboCupinitiative is an international joint project to proteaartificial intelligence and robotics.

It is an attempt to foster Al and intelligent robotics research by providing a standard problenawhere
wide range of technologies can be integrated and examined [1]. The RoboCup domain is divided into
several diffeentcategorieaand leaguesThe approaches described in this paper have been afijied
RoboCup Soccer Humanoid Kidlize League in which teanf humanoid robots play soccer against
each otherTwo important suliasksin this domain(among stable walkingaction selection, and
severabthers)are the estimation of the own pose as well as the estimation of the position and velocity
of the ball.The main source of information about the environmeintfar our applicatiori a camera

insi de t paatilt headSeuverdl properties of this sep letaccuratestate estimation become a
challenging task:

1. The robotds field of view is | imited and onl
once.

2. All perceptions are noisyerceiving false positivas also possible

3. Imperceptible changes of the environment may occur, e.g. a replacement of the ball or the
robotsby a referee.

4. The computational resources are limited, but data needs to be processedinmerealeact
successfully on changes of thevieanment caused by the opponent team.

One widespread approach for robot state estimation isMinete Carlo Localization[2]. This
probabilisticalgorithm approximatea statdoy maintaininga set of hypothesedenotedasparticlesas
well as samplesThe appoach is able to deal withoise andhontlinear changes of the environment
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(e. g. ki crebstikidnapaihg .)Biffeemtimg@lementations of this algorithm have been used
for localizationby several RoboCup teams befoeey.by [3].

In this paer, we describis applicatioron thetwo abovementioned estimation tasksthe humanoid
soccer scenarjaealized on the robots of theHluman team [&]. A closely relatedapproach for
humanoidselflocalization hagecently been published by [6], Wever using a robot with superior
perceptual capabilities. A sophisticatedut for out application demanding too high computational
effortsi approach for tracking a ball in a soccer environment was presented by [7].

By using extensions] of the basidVlonte Carlo Localizatiompproachwe show that it is possible to
compute sufficiently accurate estimates even on platform with comparably low perceptual capabilities
The results of our robot experimemtscumentthe precisiorof the approackandits peformance in
dynamic situations.

This paper is organized as follows: First, we describe the scenario to which this work applies to, i.e.
the environment as well as the robots and their perceptual capabilities. Thereafter, a short introduction
on the MonteCarlo-Localization algoritm and its extensions is giveihis is followed by the
description of their adaption and application to this doniBi® papeis concluded by a presentation

of experimental results.

Fig. 1: a) A robotof the BHumanteamin detail. b) A scene from a robot soccer match

The Domain of this Research

As aforementioned, this work is settled in a competitive robot soccer scenario. This section gives a
short introduction into the RoboCup Soccer Humanoid &itk League andescribes our robots and
their perceptual capabilities and limitations.

The RoboCup Soccer Humanoid KidSize League

In this RoboCup league, two teams of two robots each play against each otherimrxa.dmlarge
soccer field. To reduce complexity focomputer visionall elements of the environment are celor
coded: the ball is orange, one goal is yelland theother goal is blue. In the corners of the field,
additional beacons for localization are placed. The floor is an even green carpet withhitedéeld
lines (see Fig. 1At specified positionsr'o avoid disturbances with this color scheme, all robots have
to be mostly black.

! For 2008, it is intended to enlarge the field to 7.4m x 5.4ndto increasehe number of players to three per
team.



One match consists of two halves, 10 minutes each. During this time, the robots operate completely
autonomously, no huam intervention is allowed. Thalayers carto communicate with each other,
but additional external control computers are forbidden.

The Humanoid Robots

The robots have a maximum height of 60and must have human proportiofifis means that they
have towalk on two legs and fulfill a set of constraints regardimg, their center of mass and the
size of their feet. Special devices for holding or kicking the ball are not perntitteztnal sensing is

only allowed via cameras; active senssush adase range finders are not allowed.

For our research, we used the robots of odduBhan team, which participated iRoboCup
competitions in 2007; @ of these robots is shown in Fig. 1a. Each rabetjuipped witi20 servo
motors (6 per lego allow omnidirectional walking gaits3 per arm, and 2 in a pdilt unit which
carries the head). The total heigfitthe robot is 48cm; its weight is 2.5kg. It is based upon a Bioloid
construction kit whichalreadyincludes a microcontroller for controlling the semwmtors. The main
software runs an on a PDA (FujitSiemens Pocket LOOX 72@hat has128 MB RAM and an
XScale processor with 520 MHZ hese are quite limited processing capabilities, but still allow
runningthe cognitive parts of the software (includingion, the localizationalgorithms presented in
this paperand action selection) with 15 Hz and the motion control 8ftiiz.

T h e R oPeroeptbasCapabilities

Our robotds only external sensor i s a eaathater a i n
has been lead outside the case. This camera provides 15 images per second with a reg#0tgn of

240 pixels; its opening angles are ¥#5by 34.8°. This is a quite limited field of view, apparenin

Fig. 2.To keep track of the owposeasw e | | as of the ballds position,
constantly ly the pantilt unit. Currently, many teams avoid this problem by usiageras pointed at
omnidirectional mirrorgthatprovide a field of view of 360 or a set of cameras pointingdifferent

directions. Having these perceptual capabilities, localization becomes trivial. But thekanmam

like solutions will be disallowed in the future. The solutions presented in this paper anticipate these
changes.

The vision software runningxahe PDA is able to extract some basic feattiraiprovide the base for

the localization algorithms. These features (i.e. the ball and significant points on the field) are depicted

in Fig. 2.Their recognition is baseah the detection ddignificant cdor changesn the picture Since

the camerads perspective is known, it i s possi |
belong to the field and thogkatd on 6t (e. g. spectators). Neverthel
positions relativao the robot is subject to heavy noise, since the camera is on top of a walking (and
shaking) robot.

Fig.2Two i mages fr om t hdrawingslndhe tinagescdepicepereeived Slenams
of the environment: orange circles for balls, widtgs for field line elementgndyellow and blue
dots for the lower edges of goals.



Monte-Carlo Localization

This section gives an overview about the Me@tlo localization algorithm, which is the base for
both, the selfocalization and the ball tralg. Some extensions, which are crucial for the successful
application in a RoboCugcenarioare also presented.

The General Algorithm for Localization

The MonteCarlo algorithm for robot localization has been introduced )y If is a probabilistic
algaithm which approximates a state and its variangeabset of samples (als@ferred to as
particle3, with eachsampleconsisting of one possible state and a weight which represents the
likelihood of this stateThis is illustrated by Fig. 3.

Fig. 3: llustration of particlebased representation of the robot pose and the ball position and velocity.
Each gray box denotes one possible pose afothat; light boxes are more likely than dark box€&ke

black box shows the resulting robot pose from therfilThe dots with arrows describe the ball
samples (describing position and velocity of a ball). The orange one is the resulting ball estimate.

This algorithm ig in contrast to standard Kalmditter-based9] approache$ able to deal with non

linear ¢ate changes as well ady using an extension of the basic approath efficiently copewith

the kidnappedobot problem, i.e. replacing a robot which is not able to recognize this state change and
which has to reestimate his position.

The general algrithm i for selflocalization as well as for ball tracking taskdooks as follows
(adapted froni10], who also provide aomprehensiveescription)

1: Algorithm_MCL(X;.1, W, z, €): X{2), X«(2)
form=1toM do
x™ = motion_updaté, x.."™)
wi™ = sensor_update, x(™, e)
X0 = X0+ (™, wi™)
form=1toMdo
drawi with probability’ w;"
addx!” to X

N DR ®WN

9: returnX;

The algorihm processes the current samg@eX..; in two passes to generate antapdate sample set
X;. During the first pass, the state of each samgkemodified according to the previously performed
actionu, and thus resulting state change (lineriition_update Afterwards, the weightingy, of the
sampesis computed baseoh the current sensalata z(i.e. the percepts from the vision system in our
case)and their fit to the given sample state anddel e of theenvironmenf(line 4: sensor_updade



Both actions aré& of coursei dependnt on the curnet domain and purpose of the filter. They are
different for selflocalization and ball tracking and therefore described in detail in the according later
sections. In the second pass, the newXsés made up by randomly drawing elements fridm
proportonal to their weightThis implies that sampleshat are more likely accordingto the current
sensordataare more likely to be added (some of them even multiple times) to the new sample set
whilst those with a low weighting might drop olthis pass is dked resampling(lines 68). If no

sensor update was performed (because of no new input from the vision system) and therefore no
weightings have been computed, the resamplingistkipped

By the time, the samples are distributed around the state whatiid be estimatedt is possible to
get a result at any time.g. by weightingpased averaging of all samples

Enhancements for Resampling

In theory, this algorithm islreadysufficient toe . g . estimate a soccer robo
position and rotation on a@wo-dimensional planeboth in continuous coordinajesin practice,

problems arise when the initial pose is not known or the robot is replaced during operation. When
using a low number of samples (<100), it might take a long time usdifrgple comes close to the real

position (given the fact that the motion model is noisy ahdsthe variance of the distribution

increases by the timend gets duplicated during resampling, since the state space is too large to be
covered appropriatelyncreasing the number of samples obviously also increases the runtime of the
algorithm andtherefore shoulde avoided. One common solutidor this problemis to add new

samples which have not been drawn from a previous distribtftiwa.crucial factors i@ the source

and the number of new samples.

New samples could be added by just computing random samples inside the given state space. This
an appropriate solutiothut might also not be very efficiesince it could take too long, until a sample
comesacross an adequate positiém this domain, it is possible to compute new samples directly from
the given sensafataand thus move the distribution to the real state quite quickly. This procedure will
be described in the later sections for both-kalflization and ball tracking.

The number of new samples might be set to a constant value. But this implicates two drawbacks: If the
distribution already approximates the state quite well, these new samples might cause a higher
variance, if their number is @ohigh. On the other hand, if the number is too low, the particle filter
might not be able to adapt to the state change fast enough. One solution to overcome this issue is the
Augmented_MCHhlgorithm proposed by6]. The following description is adapteadin [10]:

Algorithm_AugmentedMCL(X..1, W, Z, €): X@), X(2)
statiCWsiow Wrast
form=1toMdo
x™ = motion_updat@s, x.+™)
wi™ = sensor_update, x(™, e)
X0 =Xo0+ (Xt[m], Wt[m])
Wavg = Wavg + M-]\Nt[m]
Wsiow = Wslow + QlOV\(Wan - Wslow)
Weast = Wast l‘}ast(wavg' Wfast)
form=1toMdo
with probabilitymax0, 1 - Wiast/ Wgiow)} dO
add new pose t&;
else
drawil { 1 , Ndwith probabiity =~ w"
addx!” to X,

(ml

returnX;

This extension of the base algorithm keeps track of the overall weighting of the distribution over time.
This weighting decreases, if the current sensor data does not match wittirthetidis anymore, e.g.



after replacing the robot or the ballhe weighing we,, adapts slower t@uchchanges thamvis;
Through their quotient requiremendf new sampless computed(line 11) The adaptiveness of this
process is steered via the tfe@torsU,,and alas( Wi t B, ©Uss@f. lines 8 and 9).

Both, the seHocalization and the ball triing make use of thiapproachwhich is later referred to as
sensor resetting

Self-Localization

The particle filter for seHocalizatione st i mat es t H esesrthe pants orsfielplioes and

on the edges between the field and the beacons and goals as observations, and the motion estimated by
the wal king engi ne xSconsistspofithex y)-pdsiton andtd avienéitiongp o s e
on the field

Motion Model

When applying the motion update, eagf™ | Xy, needs to be moved accordi
motion An esti mat e oufis usually provided ast odosnetrsn dnttheHBiman robot

control software, the walking engine provides odometry informatiien the offsets since the last

motion updateDx,, Dy;, andDg. However, since this information is only based on the motion of the

legs, and not on the real motion of the robbts iprone to large errors. Therefore, large amounts of

noise are added to tippse of each samptkiring the motion update

A Byl 3 WG
%m 9 %(tfnl 8. R[r‘rl]%)xt +samplémax(.Dx, /Dy, /W ))8

0= —Imly A (1)
SMe HinQ @y, +samplemax(,Dy,, /. Dx, /W)
g™ =g} +Dg, +samplémax(,,Dg;. / 4|(Dx, Dy, ), / W) )

R.™ is the rotation matrix corresponding4o™. sample(x)s a unction that returns a random value

in the interval[-x,}. Al laree f actors that scale the noise rat
the current weighting of the sampk. models noise along same translational direct®describes

the influenceof motion in the orthogonal directiomy,s cal es r ot ati onal noi se
rotation. & models rotational noise based on the robots translation. And figalgnd & scale
translational and rotational noise based on the relative weighiracbfsamplew!™ defines how the

weighting of an individual sample relates to the average of all samples. It is defined as:

o wm il ~2
g’ g
\Tvt[m] =maxe’——- 1,00 (3)

S

As a result, samples with a less than avervegjghting are moved even if thelmt is not in motion at
all, allowing the samples to move toward the real position of the robot.

Sensor Model

The image processing systestognizes points on field lines and points on edges between the field
and the goals antthe beacons. All these poingse on the height of the field. Therefore, it is possible

to determine their position relative to the camera by intersecting the ray starting in the camera center
through their position in the image with the ground plane. Since the position of the calaiiva to

the ground plane is only roughly knowthe resulting relative positions of the points are prone to high
levels of noiseSince the vision systemonnecs neighboring poinisthe orientation and a minimal
length of the field line or edgareknown for most of the pointd~or each image frame, a fixed number

of such points is selected by rand{time set of observatiorzy. These points are ed to determine for

each sampldhow well the pose of the sample tecizes the current observations, resgjtin the
weightingw of the particle:



Algorithm_sensor_updag, x™, €) : w™(2)
for eachp.e | z do
M & A2, camza
Pabs=gé4 B+ R([m]%(‘ B+ R%™p O
a%,[m] 0] %,cam(_) rel &
g t = g t -~ -
Prmodel= ClOSeSt_poinPaps €)

é rror6 cam- m] -
Xe 8: Rt lR([ ] l(pabs' pmode\)

G Yerror+
,S) C"gaussiat’m
h + Xrel

m] :W[m] A aussia Xerror
W{ t OJ t’m
returnw,™
Each point is projected to the field, given the current pose of the sample and the current pose of the
camera relative to the robdline 3). Then the closest corresponding point in the field model is
determinedline 4). For this purpose, a number abtes were precomputédalledthe environment
€). They map X, y)-positionson the fieldto the closest model point. Tables exist for field lines,
green/blue edges, and green/yellow edges each of them in variants for edges of unknown orientation,
edges aing the field, and edges across the figidd also whether or not an edge is longer than a
minimum length. The latter distincion helps to separate goal points from beacon points and points on
the throwin and penalty marks from regular field lines. Figdl@ depicts a table for mapping
green/yellow edge points with unknown orientation and of any length.

,S)

Fig. 4:a) Depiction of a table mapping points to the clogesen/yellow edge. b) Samples generated
from green/blue edge points.

The differene between the closest model point and the projected measured point is rotated back to the
coordinate system relative to the cam@irge 5). As a result and given that the opening angles of the
camera are rather sma¥,, roughly corresponds to the thace error, ange.., corresponds to the

bearing error. Both error distances are transferred back into pixel distance errors by dividing them by
the forward distance to the measured point plus the height of the camera above the ground. Please note
that hese are rough approximations of tteculationsthat would be necessary, but since these
operations are performed for each sample and for each selected point, the simplifications were
necessary to achieve rdahe performance on a computer without aaflog point unit.The weight

wi™ is determinedby modeling the errors a@aussian normal distributisrbased on the computed
errorvalues and a standard deviatian(line 6).

Sensor Resetting

Since the camera only perceives a small part of the fielda#, sensor resetting has to be done with
caution. It is possible that the observations made by the robot match with several positions on the
field. Therefore, adding new samples always increases the risk that they achieve the highest weighting
for severalframes and therefore attract the whole distribution. While a largegrevents the



distribution from being to reactive, conservative valuedXgy, and U, (0.05 and 0.0505re used to
making sensor resetting a rare event.

New samples are only generated from green/yellow and green/blue edge points (i.e. goals and
beacons), because field line points are too ambiguous. Since the robot dalesagstperceive such

points, a buffer of the previous points recognized is maintain@denerate a new sample position, a

buffer entry is selected by random. Then a random point on a corresponding edge in the field model is
selectedAfterwardsarandonp o s e mat ching the measuremento6s dis
is constructed. Figure 4b shows such random poses for green/blue edge points, i.e. they result from the
blue goal and beacons.

Ball Tracking

A particle filter for tracking the ball aim® estimates the current velocity of the ball to enable the
robot to anticipate future game states, e. g. t o
case of a shot. An additional effect of the application of a filter is the smoothing lofahe | positio

estimate. The rough perceptions of the balliaespecially when walking or moving the head fast
guite noisy and wo-tltlhead to fttar erel alsohmake the detmn sklectiop more
unstableFor our application, theall stateb is a fourdimensional vecto(x, y, v, V)" with x andy
representing its position ang and v, representing its velocityThe ball position and velocity are

tracked n t he robotés coordinate system.
Motion Model

When applying the motion uptke, eactb| X;;needs t o be moved notooasr di ng
well as to its own velocity, both in relation to the last execution of the filtef(xetDy,)" be a vector

describing the translational part of the robot motndgR ' beamatrix describinghe rotation of the
coordinate system ac c dhedimenbgtweerotwo ekeeutionsoobthetfifies r ot a-
calledgi. Th e s c al \aarn dwveaske aseusatefmed parameters for controlling the amoaht

uncertainty adeldin each motion update.

The update according to the velogityovides a preliminary resui,, y,)":

268 M0, a8 é‘éamp'éf (vif“l v&t“ll)g .
& 0 &m0 aim § -- 4)
B0 HNe @0 (i

Through the addition of a random term, the uncertainty of the position increases dependent on the
curren velocity of the ballAfterwards, the position is adapted to the robots motion:

o [m]~

ax™ @ axoa oasap(a/DxtDy)o
é(tm]g_ DRt % %)y(t ai) [ |§ tx O (5)
(fﬁ’t[ k2 pr G+ ampe'|DxtD)/t)|)
Again, a term of uncertainty is added; this time depending on the speed of the robot.
Finally, the robot déds mot iballnvelobity sogether with @ termnot or por
uncertainty dependant on the absolute velocity:
[ g asa Vi vim 1y
%[[mlo OR* aé/[”‘-? Ev[}v[y;”li)g (6)
Gy ytl c 17 Ve )—
In addition to this straighft or war d model , another feature for di

has been implemented. Through oftecwrringi hardly perceivablé robot instabilities, the sensing

of the ball position is subject of strong variations which cannot be distinguished from real ball
motions. This might produce and advance samples with high speeds and thus let the distributio
become too fluctuatingn fact, the ball is not moving most of the time during a humanoid robot

soccer match. This situation can be consideredhagkinga subset of all samples as Aoovable.

When generating new samples (cf. subsecBensor Resetty), a subset of these will receive a flag

which prevents all updates considering ball velesifThrough the constant resampling process, these
samples stabilize the distribution in case of |y



Sen®r Model

To compute a weighng for each sample, its current position is set in relation to the currently
perceived ball position. If no ball is perceived, this stépas well as the following resampling sfiep
skipped.Let d, and(}, be the distance aritle angle to the observed ball aidndU, the distance and
angle to of the currently processed ball sample, then the weightitan be computed as follows:

w, = gaussia({d, - d, |.s4) @aussiafa, - a,|,S,) 7

The implementation usedifferent standard deviation§y and Uy since most noise occur® the
perception of the distance to thall; in general, the angle is perceived quite precisely

Sensor Resetting

Since the ball is a unique feature, itiisn contrast to selfocalizationi quite easy to generate new
sampledby just using the current perceptitimatis often close to the real state of the bldldomains

of low noise, the perception often even serves directly as information for the later action selection; a
filtering of the position is not neededh our implematation, the robot always stores all ball
perceptions made during the last time (déwo seconds)Whenever a newsample neesito be
generatedtwo perceptiong, andp, (with p, having been stored at a later point of time thgnare
randomly drawn fronmthe set. From these perceptions, a velocity for the new samfjht be
computed directly. An actuglosition is determined by using gnd the velocity as the ball velocity

update equation in subsectibtotion Model

The resampling of the ball trackjrfilter strongly benefits from the possibility to add a dynamic
number of new samples as described in the subsdetibancements for Resamplitigthe ball isnot

moving on thefield for a longertime, only very few omo new samples need twe replacedn the
distribution. When it starts moving (after a kick), the distribution needs to be adapted quite quickly.
This mechanism is depicted in Fig.lB.addition it needs to be mentioned that during a robot soccer
match situations occur, in which the roltas lost track of the ball completely (e.g. after having been
fallendown). When perceiving the ball again, this resampling feature also helps to reestablish a proper
distribution quite fast.
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Fig. 5:Number of new samples in a sequence of consecut@itons of the ball tracking algorithm

In a simulated experiment, the ball has bimemediatelyreplaced three times (frames 20, 50, and 80).

The number of new samples always immediately increases and soon after drops when the distribution
fits the newsensor readings. A total of 40 samples has been used; this means that about 25% of the
whole set get replaced. Afterwards, the ball was moved around the field (frame 100 and following).
Again, somd comparablyjoweri peaks indicate changes of the mottrection.

Experimental Results

To evaluate the approaches described in this paper, several experiments have been carried out. One of
the humanoid robots and a ball were plaaed movedn a standard field (see Figr). To measure

the correctness and pré si on of the robotds estimates, an e
information has been set up. A camera, installed four meters above the field, provides a complete
overview of the scenaridts images are processed by the vision system-8fmart[11], a RoboCup



team from the Small Size League, where a global vision is the current standard. To identify the robot
and its orientation, an additional marker had to be placed on tophafdd (see Fighb.

a)m

Fig. 6: The experimental setup) The robot on a standard soccer field. b) A close view on the robot
carrying the marker for tracking.

Self-Localization

To evaluate the selbcalization, the robot was controlled around on the field using a joystick for

slightly more than two minutesvhi e t he robot 6s head was continuou
back During this ti me, 2000 i mages were processe
updated.Figure 7 shows the trajectory traveled as well as the trajectanprding the robb 6 s

odometry calculdon (cf. Fig. &) and when integrating ext®l sensor readings (cf. Figh)7

a)E b)

Fig. 7: Experiment conducted for sdicalization. The real trajectory the robot walked with up to
5cm/s is shown in blue. a) The trajectagly based on odometry calculation (in black). b) The
estmated trajectory based on the delfalization module (in black).
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Fig. 8: Position errors in mm during the 2000 frames of the experiment depicted in Fig. 7b.



I n the exper i me nas estimatedeusingd® gartiles. Hive edge pwints were used
during the sensor update was quite large (0.9) so that differences in the weights of the particles are
kept small, resulting in a rather stable distribution of particlasting the 2000 franse of the
experimenthe mean distance error wa89 cm, i.e. 3% of the length of the field or 5.6% of its width.
Fig. 8 shows the distribution of the error over time. In fact, thealiewi is typically higher when the
features used for localization a@r faway or out of sight. The former is for instance the case when the
robot faces the goain the other half of the field, while the lattergp@ns when the robot is close to
the sidelines and simply looks over them. In both cases, the robot has maayao odometry only,
which is notvery precise, as shown in Fica.7

In a second experiment the same data was fed into thlsalization system, but 500 framegre

skipped, simulating a kithpped robot situatiofcf. Fig. 9. It took the robot abou20 seconds to re
establish its positiolM| t hough t hi s seems to be quite a whil e
only pan back and forth about six times during this pedbdime. Since kidapping of a robot

happens rarely during games, the paeders of the selbcalization nethodare tuned towards stability

rather than quick adaptation.
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Fig. 9: Experiment ora kidnapped robot. Using the saragperimentadata asshownin Fig. 8 but
skipping the frames 500 to 10dDistance error again in mm

Ball Tracking

To measure the precision of the ball tracking, the robot has been placed at the center circle of the field
and the ball has been moved constantly aramnedalf of the field. This has been done vithim pole

which is not perceivableythe r obot 6s vi si on system. The whol e
Fig. 10a . During the experiment, the robotds head
matches, i.e. the robot tries to keep the ball in sight most of time, but occaslonk#lyaround to

keep localized. To avoid evaluation errors which result from changes of the ball velocity during a
localization phase, we only consideraaled completéracks We define a track as a sequence of ball
observations which is at least twoceads long and does not have any gaps (phases without any
perception of a ball) longer than 300ms. In Bigh, an example track is shown.

a) b)

Fig. 10: Experiment conducted for ball tracking: a) The trajectory, along which the ball was moved
and peceived by the ground truth vision, is depicted as a gray line. b) A single track observed by the
robot. The real motion is again depicted in gray. The single perceptions are shown as red dots. The
black line shows the estimated ball trajectory.



