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Abstract rhis work presents a realistic simulator called Reality sim for
humanoid soccer robots especially in simulation of computer vision. As virtual
training, testing and evaluating environment,simulation platforms have become
one significant componentin SoccerRobot projects.Nevertheless,the simulated
environmentin a simulationplatform usuallyhasa big gap with the realisticworld.
In order to solve this issue, we demonstratea more realistic simulation system
which is called Reality Sim with numerousreal images. with this system, the
computer vision code could be easily testedon the simulation platform. For this
purpose, an image databasewith a large quantity of images recorded in various
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cameraposesis built. Furthermore,if the cameraposeof an image is not included
in the database,an interpolation algorithm is used to reconstructa brand-new
realisticimageof that posesuchthat a realisticimagecould be providedon every
robot camera pose. Systematic empirical results illustrate the efficiency of the
approachwhile it effectively simulatesa more realisticenvironmentfor simulation
so that it satisfiesthe requirementof humanoidsoccerrobot projects.

I Introduction
The researchin this paperis basedon the humanoidleagueof soccercompetition
in RoboCup[1]. As an internationalroboticscompetition,RoboCupaims to foster
AI and intelligentroboticsresearchby providinga standardproblemwherea wide
range of technologiescan be integratedand examined.
A soccerrobotprojectis comprisedof many sub-systems,
e.g.,vision,planning
and motion.Simulationplatforms[2,3] arecontributivein developing,testingand
improving Control, ComputerVision and other relevantaspectsin robot soccer
competition. Nevertheless,the simulation environment and the real world have
large differencewhich attractsmany researchers
to put effort to lessenit. Jakobi,N
[4] proposedminimal simulationsfor evolutionaryrobotics within which controllers that meet these conditionswill successfullytransferinto reality. Tom
Ziemke [5] discussedsignificanceof a robot simulator in experimentationwith
active adaptationof non-trivialenvironments.
Juan Crist6balZagal et al. [6-8]
developeda simulator which is called UCHILSIM for RoboCup four-leggedleague, aiming at solving the so-calledreality gap. Josh C. Bongard et al. [9]. presenteda new co-evolutionaryapproach,by which algorithm, they automatically
adaptthe robot simulatorusing behaviorof the targetrobot and adaptthe behavior
of the robot using the robot simulator.In literature [10], some more methodsare
proposedto assessdiscrepancies
betweenthe simulationand the reality.
Nevertheless,the gap betweenreality and simulation platform still exists.The
papersmentionedabove mostly focus on the controlling function betweenthem.
Actually, the gap in computervision aspectis obviouslynot realisticenough,i.e.
the testingenvironmentis commonlya simulatedimage,but not the real image.In
this chapter, we develop a novel subsystem,which is called Reality Sim for
reducingthe gap betweenthe reality and simulationespeciallyin vision aspects.
First, an image databasewas built with huge mount of real images.The images
are capturedby the robot from FUmanoidsTeam [11]. The team attendedthe
Humanoid leagueof RoboCup championeach year from 2006 and had excellent
recordsof two times 2nd place and one time 3rd place.Secondly,in order to record
the imagesby three-dimensioncameraposes,the Particle Filter method is applied
for recording cameraposesof the images.The camerapose recordingproblem is
similar to the well-known robot self-localization problem. Thirdly, although
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thousandsof images recorded by camera pose are in the database,it is hardly
possible to incoqporateall camera poses. Every camera pose includes three
dimension variables-x, y coordinates and yaw angle hence it is too hard to
incorporateso many three dimensionpoints on a 400 x 600 cm2 size soccerfield
just by building a database.Once a cameraposeis not included in the database,an
interpolation method is brought to reconstruct a brand-new image. By these
approaches,the realistic image at every robot pose could be found from the
databaseor retrievedby an image interpolationalgorithm. Consequently,Reality
Sim is of great use especiallyin developingand testing vision algorithms.Likewise, the simulator is more approximateto the reaiistic world.
The remaining of the paper is organizedas follows, the cameraposerecording
method of images is explained in the secondsection,among which, the Particle
Filter algorithm is adopted. The third section iniroduces image interpolation
process.After that, experimentsare shown in the fourth section, followed by
conclusionsdrawn finally.

2 CameraPoseCalculation
In the Reality Sim subsystem,with the purposeof returningan image at designated
pose to simulator, the camera pose was recordedpreviously. Camera pose calculation is similar with conventionalmobile robot self-localization[12] in soccer
robot scenario.For Self-localizationproblem, the robot's pose which generally
includeslocation and orientationrelatingthe environmentis estimatedfrom sensor
data. In a humanoid robot system, Self-localizationis a crucial problem since
many other modulese.g.,world model,behaviorcontrol dependson it. The camera
pose computationcould be regardedas a robot self-localizationproblem.

2.1 Particle Filter Algorithm
Many strategieshave been applied to robot seif-localizationissue, e.g., Kalman
Filter [13], grid-based method [14], Multiple Model Kalman Filters [15] and
ParticleFilter and so on. Among these,ParticleFilter is the most popular approach
due to its excellentperformancein solving robot global localization problem. As
the so-calledSequentialMonte Carlo (SMC) method [16-18], Particle Filter
representsthe estimation the state of a dynamic system by a set of "particles",
which are differently-weightedsamplesof the statespace.
The SequentialMonte Carlo (SMC) method is mainly composedof motion,
observation,resampling and state estimation.The steps of camera pose calculation, or rather, self-localizationmethod in this paper is depictedas follows,
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o Initialization with N samples:In the initialization,the weight of every sampleis
assigneda same initial value. one sample includes three variables,x, y coordinatesand yaw angle.
c Prediction: As the so-calledmotion model, in prediction step,the "predictive"
particlesare got to predict the currentposition. Suppose-r, is state(location) at
time t, y, is sensor readings at time t, ut_t is control command, like action,
velocityand so on at time t-I. u1-1is usedto predictthe positionat time t. In
this chapter, the samples generatedfrom previous frame camera pose are
introducedto predict the current position at l.
o observationmodel(update):Intherobotsoccerscenario,theobservationmodel
calcuiateswhat the robot observeswhenit is at specificlocationby the sensor.The
observationmodel P,(y,lx1)is usedto updatethe posteriorbelief p,("r,)in each
time step.The belief p,(.r,) is representedby some weightedsamples.The evaluationof the weight ai, (i = 1-M will be explainedin sectionB.
t ResampLing:Resamplingaims at eliminating samplesthat have small weights
and concentratingon the ones with large weights thereby reducing effect of
degeneracyproblem. The posterior belief p,(x,) is resampled for N" times,
a f t e r w a r d sa, n e w s a m p l es e t { i ' } L r i s g o t a n d @ f : 1 1 N , .
o State Estimating: Many measurese.g., overall averaging, best particle, etc.,
could be usedin estimatingstate[19]. In other words,computinga robot pose
via given sampleset. In this chapterwe selectwinner-take-allstrategy,i.e., best
particle method.
Figure 1 illustrates the camera pose calculation process via particle filter
methodfor one image frame.T is the maximum iterationtime. The iterationbegins
with N initialized particles.In each iteration,each sample is given a weight
according to the evaluation method which will be mentioned below and the
resamplingis afterwardsadopted.with thesesteps,the particles gradually focus
on the most probablestates.

2.2 ObsemationModel
In the whole process,the observationmodel is essentialto estimatethe weight of
samples.In this chapter,we separatelyput forward two models,i.e, distance-based
model and Gauss-based
model for seekinga more efficient model.

2.2.1 Distance-BasedModel
In this model,weightof everysampleis updatedby an evaluationfunction.Further
more, the evaluatingprocessmainly includesthree steps.Firstly, Projectingthe
field lines onto the image by camera model [20] from vision subsystemof

A RealisticSimulatorfor HumanoidSoccerRobotUsins ParticleFilter
Fig. I The chart of camera
posecalculatingprocess
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FUmanoidsproject accordingto its absolutecoordinate.The projectiongreenlines
which are projectedonto the real field white lines are shown in Fig. 2. This step
comprisesa translationfrom absolutecoordinatein real world to image coordinate
on the image via the robot pose. Secondly,calculatingthe distancebetween
projection of field line and the real field line on the image by color featurein two
oppositedirections.The distancecomparingprocessis also shown in Fig. 2. The
short greenand blue lines direct from the projectionto the real field line are in two
oppositedirections.As a soccerplaying field is a relatively simple environment,
not too much featurecould be utilized; as a result,the white line on the field is one
of the most obvious featuresin this environment.In the meanwhile,contour of the
field is found to eliminate effect of inelevant data outsidethe field. Finally, as is
shown in Fig.2, for a projectionline, thereare many line-pairsfrom the projection
to real field lines, selectinga shorterone of the line pair and saving its distance
value.The sum of distancevaluesare usedto calculatethe weight of eachsample,
The weighting method is shown in Eq. (1) as follows,

$qe
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Fig.2 The distancebetween
the projectionand real field
line
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where rar is the weight of the lth sample,N is sample number, Dls;i is the jth
distanceof the ith sample,M is the distancenumberand a is a factor for adjusting
rangeof weight. Afterwards,weightsof samplesare normalizedso that the sum of
weightsequals1.

2.2.2 Gauss-BasedModel
Another observation model proposed in this chapter is Gauss-basedmodel.
Although the distance-based
model is effectivein calculatingthe weight value,it is
time-consumingwhen the smaller distanceof the two orthorhombic directionsis
detected.For this reason,the Gauss-based
observationmodel for the particle filter
method is proposedwhich is more universalfor every frame and faster than the
previousmodel.The mainly stepsof this model is shown as follows,
1. The originalimageis translatedinto a gray image.Then Gaussblurringmethod
is used afterwards.This method could effectively reduce noise and camera
artifacts.The image after Gaussbluning is shown in Fig. 3e.
2. Detectingborder of the field is usedto further decreasethe irrelevantdata.The
red line aroundthe border of the fleld in Fig. 3a is the detectedborder line.
The borderdetectionfunctionis includedin the computervision subsystemof
t h e F U m a n o i d sI l ] p r o j e c t .
3. Projecting the cameramodel line onto the image for every particle. The image
after projection is shown in Fig. 3a, b-d demonstratethe detail information of
red frames from the image in Fig. 3a in which the green projection lines are
shown.
4. Calculating accumulatedpixel valueson the projectedlines. The accumulated
value is signedto every particle as the weighting value.The weighting formula
is shown in Eq. (2),
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Fig. 3 The Gauss-based
observationmodel of the particlefilter algorithm.a is the imageafter
projection;b, c, d showsthe detail informationin red frame of the image (a); e is its Gausstransformedimage;f showsthe detectedrobot poseon the lield by particlefilter algorithm
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in whicha.liis still theweightof theith sample,
N is samplenumber,pr.r,;is thejth
pixel valueon the imageof the lth sample,M is the quantityof pixel pointsat
whichthepixel valueis calculated.
a is thefactorfor adjustingrangeof weightas
Eq. (1). Afterwards,sumof sampleweightsis normalizedto l.

2.3 Resampling
The resamplingstep is essentialto avoid the problem of degeneracyof the algorithm after several iterationsand its basic idea to eliminate particles with small
weights and concentratingon particleswith large weights.The typical resampling
algorithm namely Residualresampling[21] is adoptedin this chaprer.Considering
a representation
of currentsampleset {.4,rf },k:
1...N", which represents
the
probability density function of currentrobot pose,a new set
:
.
.N,
a'!\
l.
,ft
{xll,,
is resampledso that 4 : *ll , k,l e ll, N,] and weight all' : I lN,.

3 Image Reconstruction
Although a great amount of images are stored in image database, it is yet
impossibleto compriseall cameraposes.Sincefor the whole 400 x 600 cm2 size
soccerfield and three dimensionspose-r,y coordinatesand yaw angle,720,000of
posesare needed.It is hard to traverseevery camerapose in such a huge state
spacejust by building an image database.Oncethe simulationplatforrn calls for an
image which is not included in the database,an image interpolationis invoked tb
interpolatea brand-newimage and return it back. In mathematicalfield, Interpolation meansa constructionof new data pointswithin the rangeof a discreteset of
known data points. The data are obtainedby samplingor experimentation.In this
chapter, regressionanalysis [22] is adopted to interpolate a new image by its
nearby images.
The reconstructedimage will be interpolatedby its nearestneighborimages.In
order to find out the correlation of camera poses between the two images, a
regression function is defined, i.e. a mathematic model is built. After that,
unknown parametersin the model are estimated from sample data.
A regressionmodel relatingZto a functionof X,Y and B is shown as follows,

z : f ( x,Y,ß)

( 3)

Z is a dependentvariable, X and Y are independentvariables,B is unknown
parametermatrix,/is model function. In order to estimateunknown parametersB,
a solution to minimize the distancebetweenthe measuredand predictedvaluesof
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the variable { Least-Squares[23, 24] is used. Once B is estimated,/ could be
calculatedby the model function.
According to this model, the function/for interyolatingamong imagesis given
as follows,
1

ao ßo
Y.

Y2

ut ßr
uz [Jz
at ßt

^l

Y1

(4)

XtYt

uq ßq

Y2

as ßs

v2

As is shown in Eq. (4), (Xr,Yr) are pixel pointssampledfrom cameraposeof
nearby image. Whereas,(Xz,Y) are correspondingpoints on current robot pose.
The a1 and B, are respectivelyunknown parameters.Firstly, the corresponding
samplepoint pair (Xr, Yr) and (X2,Y) Ne separatelyselectedfrom the nearby
image and image of current camerapose.After finding the relation between the
image coordinate and absolute coordinate, the pixel values on image whose
absolutecoordinatevalue are the same are used as sample data. Secondly,Least
squaresmethod 122, 231 is adopted for estimating model parametersu; and B,
subsequently.After the parametersare estimated,the model is built. Thirdly,
(Xz, Y) points are calculatedfrom the model and they are furthermoreinterpolated
onto current robot image. Afterwards, the correlation between the two camera
posesis found. Furthermore,if some pixels on image which belong to curent
robotposedo not havecorrelationwith nearbyimage,it could not be assignedinto
any value. For this kind of pixel points, a reversemodel, namely a model from
currentcameraposeto its nearbyimageis built and the corresponding
RGB values
of pixels from nearby image is assignedto these pixels subsequently.The
reconstructed
imagesis shown in Fig. 4b.
Up to now, the main frame of the systemis depicted.Previously,building an
image databasein which images are recordedby camera pose. Then when the
simulation platform cal1san image at some camera pose from Reality Sim, an
image in the databaseor a reconstrr,rcted
new image is returned.

(cl
Fig. 4 a Is the interpolatedimage;b is its nearbyimage;c showsthe robot poseon the field
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Fig. 5 Systemchart

Thesystemchartis shownin Fig. 5. Thissystemcouldbe efficientlyutilizedin
testingthe visioncodeon simulator.

4 ExperimentalResults
In the experiment,both of the two robot platforms-2OO9and 2011 platform of
FUmanoidssoccerrobot project which separatelyparticipatedthe Robocup 2009
[11], 2010 [ 1] and RoboCup 2011 l25l are adopted.One robot in the FUmanoids
team 2009 is shown in Fig. 6a and the image capturedby this robot is shown in
Fig. 6b. Figure 6c and d shows the robot-Annain FUmanoids team 2011 and the
captured image. Both of the captured images are 480 x 640 pixel size. The
experimentenvironmentis shown in Table 1. Figure 7 is the simulation platform
of FUmanoidsproject.
An image databaseis built at first. The robot soccer field [26] which is
400 x 600 cm2 size is shown in Fig. 8. The images are captured by a fish-eye
camera equipped on the robot which covers a full range of 180 x 90o. For
building database,a robot from FUmanoidssoccerrobot team moved successively
and randomly on the soccer field. In the meanwhile, are captured images. To
measurethe validity of our approach,a groundtruth database,the imagesin which
are capturedevery 30 cm interval and manually recordedby camerapose is utilized as ground truth.
In the databaseabout 10,000 images are indexed by camera pose. They are
tagged by pose information, x, y coordinates,yaw, pitch and roll angle. As is
depictedin part II, Particle filter algorithm is putted to use for tagging the images
by robot pose.
Figure 9 illustratesthe processof particle number selectionfor particle filter
algorithm. The accuracy of the method increaseswith the number of samples.
However, increasedparticle quantity causesmore processingtime. While the
particle number is up to 1,000, the varying of the averageerror is not obvious.
Consideringtime consumingand precision,samplenumber is set to 800. For this
experiment,the Gauss-based
observationmodel is adopted.
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{b}

{c}

Fig. 6 a Robot-Eveof FUmanoids2009platform;b The imagecapturedby Eve; c robot-Anna
of FUmanoids
20ll platform;d The imagecapturedby Anna

Table I Experimental
environments

Developing
environment

Parameters

PC configuration
Operationsystem
Programming
language
Development
environment

Intel i5 2.5 GHz, RAM 4 GB
Ubuntu10.l0
C++ & OpenCV1.0
EclipseHelios3.6

Fig, 7 The simulation
platformof FUmanoids
project

Fig. 8 A resultof camera
poserecording

To evaluatethe effects of two observationmodels, the correspondingexperiment results are shown in Table 2. The Gauss-based
observationmodel shows a
smalleraverageerror and obviously shortercomputationtime. For this experiment,
the particlenumberequals800. In the meanwhile, *1,000 is assignedto factor a
in formula (1) and (2). The initial vaiuesof the samplesare set accordingto pose
of the first frame o[ an image sequence.
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Fig. 9 Selectionof particlenumber

Table 2 Comparisonof two
likelihoodmeasures

Method

Averageenor (cm)

Averagetime (s)

Distance-based
Gauss-based

18.5

1.76
0.85

l 8 .r

Fig. 10 a A sampleof the
simulatedimage; b A sample
of the interpolatedimage

Another experiment for evaluating recording method by particle filter algorithm, a robot moving route is drawn in Fig. 10. The robot movesfrom the middle
of one side of the field to the other side of the field straightlyjust like the route of
ground truth data.Contrastingwith ground truth data,the averagedistanceerror is
18.51cm. An essentialaspectwhich causesthe error is that if lines are very far
away from the robot, it is hard to recognizethe color of the line exactly.
The following experimentis relevantto imageinterpolation.Figure 8 showsthe
comparisonof the simulatedimage and the interpolatedimage. compared with the
real image, the interpolatedimage is obviously more realistic.
The point-pair (X, I) for interpolationis selectedby scanningthe whole soccer
field at 25 cm x 25 cm intervals.In this experiment,a routeofrobot poseis selected
as is shown in Fig. 11. In the experiment,the robot movesfrom (0, 3, 0) to (8, 6, 4)
continuously.The variablesof 3-D poserespectivelystandsfor x, y coordinatesand
yaw angle.The imagesat every robot poseare shown in following Fig. 12.
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Fig. 11 The path of robot
pose
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Fig. 12 An imagesequence
whentherobotposes
changes
successively
from(0,3,0) to (g,6,4).
(thesequence
is from left to right,imagesarefromtheFUmanoids
platform2009.)
As is shownin Fig. 12,when robotposemovingcontinuousfrom (0, 3,0) to (8,
6, 4), the image at current poseis returnedto the system.By imagesinterpolation,
the images vary continuouslyand smoothiy.The above experimentsdemonstrate
the whole systemprovides a more realistic world for the simulation platform.

5 Conclusion
In this chapterwe presenteda simulationsubsystem-Reality
Sim which is utilized
mainly in testing vision code in simulationplatform of a Humanoid soccerrobot
project. In this system,great quantitiesof real images are capturedby the robot
camera and stored in an image database.Besidesrecording the camera pose by
camera model and Particle Filter method, an image interpolation method is
adoptedto get the images which are not included in database.With this system
when a robot moves smoothly on the simulatedsoccer field, an image at current
posewill be returnedimmediately.This work efficientlysatisfiesthe needof vision
code testing and extendsthe applicationareaof simulationplatform. In the future,
we will enrich this systemto make it even more realistic.
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