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Abstract—In this paper, we presenta new combination
of a biologically inspired attention system(VOCUS — Visual
Object detection with a CompUtational attention System)
with a robust object detection method. As an application, we
built a reliable systemfor ball recognition in the RoboCup
context. Firstly, VOCUS nds regionsof interestgenerating a
hypothesisfor possiblelocations of the ball. Secondly a fast
classi er veri es the hypothesisby detecting balls at regions
of interest. The combination of both approachesmakes the
systemhighly robust and eliminates false detections.Further -
more, the systemis quickly adaptable to balls in different
scenarios: The complex classi er is universally applicable to
balls in every context and the attention systemimpr ovesthe
performance by learning scenario-speci ¢ features quickly
from only a few training examples.

Index Terms— visual attention, object classi cation.

|. INTRODUCTION

A fundamentalproblemin the eld of roboticsis the
perceptionof the ervironment. Our work is inspired by
the biological two stageprocessof searchingor an object
in a visual scene[17]: First, human attentionis caught
by regions with object-speci c featuressuch as color or
orientations. Second, recognition processesestricted to
theseregionsverify or falsify thesehypothesesOur system
is designedafter thesetwo stages.

This paperproposesa schemdor learninganddetecting
soccerballs throughthe combinationof the computational
attention systemVOCUS with a classi er. Recognizing
soccerballs as an applicationin the Robot World Cup
SoccerGamesand Conference§RoboCup)[8] hasbeen
a tough problemto solve becauseof the lack of de nite
characteristicgdescribinga ball. Our solution is reliable,
scale-independernd color-adaptabldn the sensethat it
can be applied to balls of ary size, surface patternand
color.

Our approactconsistsof a training phase an adaptation
phase,and a detectionphase.In the training phase,the
classi er is exhaustiely trained using balls of different
sizes,colors, and surface patternsfrom a wide variety of
training images.The outputof the training is a cascadeof
classi ers that in turn consistof a set of decisiontrees.
In the adaptationphase,VOCUS is quickly adaptedto a
specialscenarioit learnsfrom few exampleimages(here:
2) the propertiesof the scenario,e.g., the color of the
ball and its intensity contrastto the ervironment. This
adaptationresultsin a set of feature weights describing
the ball in its surroundingsln the detectionphase, rst,

AndreasNuchter
University of Osnabfick
Institute for ComputerScience
Knowledg-BasedSystemdReseath Group
AlbredtstraRe28
D-490690snabiidk, Germany

Fig. 1. Therecognitionsystemconsistsof the attentionsystemvVOCUS

providing object candidatesand a classi cation system verifying the
hypothesisThe combinationyields a e xible androbust system.
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VOCUS computegegionsof interestby weightingthe im-
agefeatureswith thelearnedweights.Secondtheclassi er
is appliedto theseregions, verifying the objecthypothesis
(Fig. 1). This approachmalkes the system e xible aswell
asrobust.

The visual attention system VOCUS consists of a
bottom-uppart computingdata-drien salieny and a top-
down part and enabling goal-directedsearch.Bottom-up
salieng resultsfrom uniquenes®f features,e.g.,a black
sheepamongwhite ones,whereasop-dovn salieny uses
featuresthat belongto a speci ed tamget, e.g., red when
searchingor aredball. The bottom-uppart,alsodescribed
in [7], is basedn thewell-known modelof visualattention
by Koch& Ullman[11] usedby mary computationahtten-
tion systemdq12], [1]. It computessalienciesaccordingto
the featuresintensity orientation,and color and combines
them in a salieny map. The most salient region in this
map yields the focus of attention. The top-down part is
new: it usespreviously learnedfeatureweightsto excite
target-speci c featuresand inhibit others.

Balls are classi ed accordingto the Viola-Jonesclassi-
er [22]: The shapeof the ball is learnedby using edge-
Itered and thresholdedimages, representecoy compu-
tationally ef cient integral images[22]. The Gentle Ada
Boost learning technique[5] is usedto learn a selection
of Classi cationandRegressionTrees(CARTS) that select
anarrangementf Haarlik e featuresto classifythe object.
Several selectionsare combinedinto a cascadeof classi-
ers. This learningphaseis relatively time-consumingbut
only needsto be executedonce,sincethe classi er is then
generalenoughto apply to ary ball shapedobject.

The most common techniquesfor ball detection in
RoboCuprely on color information. In the last few years,
fastcolor segmentationalgorithmshave beendevelopedto
detectand track objectsin this scenario[10], [19]. The
communityagreedthatin the nearfuture, visual cueslike
color codingwill be removedto cometo a more realistic
setupwith robotsplaying with a “normal” soccerball [20].



Treptav andZell learnwith Ada Boostconglomerations
of Haar like classi ers and arrangethem in a cascadeo
recognizeballs without color information [20]. However,
in previouswork [16] we shav problemswith learningnon
symmetricobject patternsin differently illuminated ervi-
ronments.To overcomethis problem,we preporcessethe
input with edgedetectionandlearnedclassi cationandre-
gressiontrees(CARTSs) insteadof simple conglomerations
of featureclassi ers and accomplisheccolor-independent
ball detectionfor various balls. To reducea signi cant
amount of false detections,where the classi er marked
variousroundshapese.g.,the headsn Fig. 7, we propose
herean attentionalgorithmthat is quickly adaptedon the
spotto a speci ¢ ball. It yields several region hypotheses.
With the combinationof both systemswe eliminate the
false detectionsand identify only the intersectionof the
two classi ed setsascorrect.In this way, the ball detector
canef ciently beappliedto morecomplex imageswithout
worrying aboutfalsedetections.

The combinationof an attentionsystemwith classi ca-
tion hasalsobeendoneby Miau, Papageagiouandltti who
detectpedestrianon attentionallyfocusedimage regions
using a supportvector machinealgorithm [15]. Walther
and colleaguescombinein [23] an attentionsystemwith
the object recognizerof Lowe [14] and showv that the
recognitionresultsare improved by the attentionalfront-
end.Neverthelessall of theseapproachefocuson bottom-
up attentionanddo not enablegoal-directedsearch.To our
knowledge,thisis the rst approactcombiningatop-dovn
modulatedattentionsystemwith a classi er.

The restof the paperis structuredasfollows: First, we
describeheattentionsystemvVOCUSin sectionll. Wethen
discusdrie y the procesof learninganddetectingoallsin
sectionlll. The resultsof eachalgorithmindependenthas
well asin combinationaregivenin sectionlV and, nally,
sectionV concludeghe paper

Il. THE ATTENTION SYSTEM VOCUS

In this section, we presentthe goal-directed visual
attention system VOCUS (Visual Object detection with
a CompUtational attention System) (cf. Fig. 2). With
visual attentionwe meana selectve search-optimization
mechanismthat tunesthe visual processingmachineryto
approachan optimal con guration [21]. VOCUS consists
of a bottom-up part computing data-drven saliengy and
a top-down part enablinggoal-directedsearch.The global
salieny is determinedrom bottom-upandtop-davn cues.
In the following, we rst describethe computationof the
bottom-upandthen of the top-dovn salieng.

A. Bottom-upsaliency

1) Feature Computations: The rst stepfor computing
bottom-upsalieny is to generatémagepyramidsfor each
featureto enablecomputationson different scales.Three
featuresare considered:Intensity orientation, and color.
For the featureintensity we corvert the input imageinto
gray-scaleand generatea Gaussiarpyramid with 5 scales
Sp t0 s4 by successiely low-passltering andsubsampling
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Fig. 2. Thegoal-directedsisual attentionsystemVOCUSwith a bottom-
up part (left) and a top-davn part (right). In learn mode, target weights
arelearned(blue line arravs). Theseare usedin searchmode (red short
arrans).
the input image,i.e., scale(i + 1) hashalf the width and
height of scalei.
The intensity mapsare createdby centersurroundmech-
anisms,which computethe intensity differencesbetween
image regions and their surroundings.We compute two
kinds of maps the on-centemapsl %9 for bright regionson
dark backgroundand the off-centermaps! %: Each pixel
in thesemapsis computedby the differencebetweena
centerc andasurround (199 or vice versa(l 39). Here,c
is a pixel in oneof the scaless; to s4, is the averageof
the surroundingpixels for two differentradii. This yields
12 intensity scalemaps| % with i fonofig;s fs-40,

Excitation
map

and f3;7g.
The maps for eachi are summedup by inter-scale
addition , i.e., all mapsareresizedto scale2 andthen

addeEIup pixel by pixel yielding the intensityfeaturemaps
10= " 19

To obtain the orientation maps, four oriented Gabor
pyramids are created,detecting barlike featuresof the

orientations = f0 ;45 ;90 ;135 g. The maps2 to 4

of each pyramid are summedup by inter-scale addition

yielding 4 orientationfeaturemapsO°.

To computethe color feature maps, the color image
is rst corvertedinto the uniform CIE LAB color space
[2]. It representsolors similar to humanperception.The
three parametersin the model representthe luminance
of the color (L), its position betweenred and green (A)
and its position betweenyellow and blue (B). From the
LAB image, a color image pyramid P ag iS generated,
from which four color pyramids Pr, Pg, Pg, and Py
are computedfor the colorsred, green,blue, and yellow.
The mapsof thesepyramidsshow to which degreea color
is representedn an image, i.e., the mapsin Pr showv
the brightestvaluesat red regions and the darkest values
at greenregions. Luminanceis alreadyconsideredn the
intensity maps,so we ignore this channelhere. The pixel
value Pr:s (X; y) in maps of pyramid Pr is obtainedby
the distancebetweenthe correspondingpixel P ag (X; )
andthe prototypefor redr = (ra;rp) = (255;127). Since
PLag (X; y) is of thefogm (pa; po), thisyields: Prs (X; ¥) =
i(Pa;Po); (rasTo)ii = (Pa ra)2+ (P rp):




On these pyramids, the color contrastis computedby
on-centetoff-surrourd differencesyielding 24 color scale
mapsC%. with  fred greer biug yellowg; s f S2-S49, and

f3;79. The mapsof eachcgplor are inter-scale added
into 4 color featuremapsC° = s: ¢ s .

2) Fusing Saliencies: All featuremapsof one feature
are combinedinto a ggnspicuity map yelding one map

r eachfeature:l =, W(19), O = W(Q9%, C =

W (C?). The bottom-up salieny map Sp, is nally
determinedy fusingthe conspicuitymaps:Sp, = W(l)+
W (0O) + W(C)

Theexclusivity weightingW is averyimportantstrateyy
since it enablesthe increaseof the impact of relevant
maps.Otherwise,a region peakingout in a single feature
would be lost in the bulk of mapsand no pop-outwould
be possible.In our contet, important maps are those
that have few highly salient peaks.For weighting maps
accordingto the numberof peaks,eachmapM is divided
by the squareroot of the numberof IBcaI maximam that
exceeda thresholdt: W(M) = M="m 8m :m > t
Furthermore,the maps are normalized after summation
relative to the largestvalue within the summedmaps.This
yields advantage®over the normalizationrelative to a x ed
value (detailsin [7]).

3) The Focus of Attention (FOA): To determinethe
most salientlocation in Sy, the point of maximal acti-
vationis located.Startingfrom this point, region growing
recursvely nds all neighborswith similar valueswithin a
thresholdandthe FOA is directedto thisregion. Finally, the
salientregion is inhibited in the salieny map by zeroing,
enablingthe computationof the next FOA.

B. Top-downsaliency

1) Learning mode: In learning mode, the user marks
a rectanglein a training image specifyingthe region that
hasto be learned.Then, VOCUS computesthe bottom-
up salieny map and the most salient region inside the
rectangle So,the systemis ableto determineautomatically
whatis importantin a speci ed region. It concentratesn
partsthat are most salientand disregardsthe background
or lesssalientparts.

Next, weights are determinedfor the featureand con-
spicuity maps,indicating how importanta featureis in the
speci ed region. The weightsare the quotientof the mean
salieng in the target region m, andin the background
M(mage r)- Wi = M=Mgmage r): This computation
considersnot only which featuresare the strongestin the
region of interest,it regardsalso which featuresseparate
the bestregion from the restof the image.

Several training images: Learning weights from one
single training image usually yields good resultsif the
target object occursin all testimagesin a similar way;,
i.e., on a similar background.To enablea more stable
recognition even on varying backgroundswe determine
the averageweightsfrom several training imagesby com-
%uting the geometricmeanof the weights,i.e., W;. (1..n) =

" 1”:1 w;i;j ; wheren is the numberof training images.

Fig. 3. Left: Sobel lter appliedto a coloredimageandthenthresholded.
Right: Edge line, diagonal,centersurroundand45 featuresareusedfor
classi cation.

An algorithmfor choosingthe trainingimagesis proposed
in [6]. It showved that, usually evenin complex scenarios
5 training imagessufce; for ball detection,alreadytwo
training imagesyieldedthe bestperformance.

2) Search mode: In searchmode, rstly the bottom-up
salieny map is computed.Additionally, we determinea
top-dovn salieny map that competeswith the bottom-up
map for salieny. The top-davn map is composedof an
excitation andan inhibition map. The excitationmapE is
the weightedsum of all feature mapsthat are important
for the learnedobject, namely the featureswith weights
greaterthan 1. The inhibition map| containsthe feature
mapsthatare not presentn the learnedobject,namelythe
featureswith weightssmallerthan 1:

P

E = i f(v"\,/il?g) 8i:w > 1;
P ]

| = —@gwn Map) 8itw; < L

j(Wj)

Thetop-davn salieny mapSyq) is obtainedoy: Siiqy =
E I. The nal salieny map S is composedas a
combinationof bottom-upandtop-down in uences. When
fusing the maps,it is possibleto determinethe degreeto
which eachmap contributesby weightingthe mapswith a
top-davn factort 2 [0::1]: S= (1 t) Sy +t Spd)-

With t = 1, VOCUS looks only for the specied
target. With t < 1, alsobottom-upcueshave anin uence
and may divert the focus of attention. This is also an
important mechanismin humanvisual attention.E.g., a
personsuddenlyenteringa room catchesmmediatelyour
attention, independentlyof the task. For the application
discussedn this paper we alwaysuset = 1 andusethe
bottom-upsalieny only to learntheweightsof thetraining
objects.Thus,the robotfocusests attentioncompletelyon
the ball and not to play foul on otherrobots.

I1l. COLOR-INDEPENDENT BALL CLASSIFICATION

In this sectionwe brie y discussthe classi er for ball
detection that is applied to the foci of attention. The
algorithm hererefersto previous work discussedn [16],
which was inspired by Viola and Jones'boostedcascade
of simpleclassi ersfor fastfacedetection[22)].

A. Color InvarianceusingLinear Image Filters

The problemwith recognizinggeneralshapessuchas
balls,asin our particularcasejs the numberof possibilities
in the visual appearancef a ball. A ball cantake on ary
color andsizeand may have ary patternon its surface.In
order to generalizethe conceptof a ball, the initial goal
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Fig. 4. Left: Computationof featurevaluesF in the shadedregion is
basedon the four upperrectanglesMiddle: Calculationof the rotated
integral imagel ; . Right: Four lookupsin the rotatedintegral imageare
requiredto computethe featurevalue a rotatedfeatureF; .

wasto eliminateany color informationin the dataimages
representinghe balls.

To detectthe edgesin the image,we uselinear image
Iters followed by a thresholdto eliminate noise data,
which would thenbe given asinput to the classi er, which
in turn handlesdifferencesin size, pattern,lighting, etc.
For this paper we are using a Sobel lIter, as described
in [4].

In orderto eliminatethe color informationin theimages,
we apply the Iter to the coloredimage and then use a
thresholdt to include ary pixel in ary of the 3 color
channelsthat crossedthe thresholdt value in the output
image. The resulting image is a binary image including
the thresholdedpixels of the 3 color channels A typical
outputimageof this techniqueis showvn in Fig. 3 (left).

This edge detectionand thresholdingtechniqueis ap-
plied to all imagesusedasinput to the training of the Haar
classi er. Thetrainingprocesss describedn thefollowing
subsections.

B. Feature Detectionusing Integral Images

There are mary motivations for using featuresrather
thanpixelsdirectly. For mobilerobots,a critical motivation
is that feature based systemsoperate much faster than
pixel basedsystems[22]. The featuresare called Haar
like, since they follow the same structure as the Haar
basis, i.e., step functions introduced by Alfred Haar to
de ne wavelets. They are also usedin [13], [3], [20],
[22]. Fig. 3 (right) shaws the eleven basisfeatures,i.e.,
edge line, diagonalandcentersurroundfeaturesThe base
resolutionof the objectdetectoris 30 30 pixels, thus,the
setof possiblefeaturesin this areais very large (642592
featuressee[13] for calculationdetails).A single feature
is effectively computedon input images using integral
images[22], alsoknown as summedareatables[13]. An
integral image!l is an intermediaterepresentatiorior the
image and containsthe sum of gray scalepixel valuesof
imageN with heighty andwidth x, i.e.,

(% y) = N (x%y9:
x0=0 y0=0

The integral imageis computedrecursvely, by the formu-
las: 1 (x;y) = 1Oy D+1(x Ly)+N(xy) I(x
Ly Dwithl( Ly) =1 1)=1( 1 1)=0,
thereforerequiringonly one scanover the input data. This
intermediaterepresentatioh (x; y) allows the computation
of arectanglefeaturevalueat (x; y) with heightandwidth
(h; w) usingfour referencegseeFig. 4 (left)):
I(x;y)+ I (x+ w;y+ h)
I(x;y+h) 1(x+ w;y):

F(x;y;h;w) =

Shi(x)>0

Fig. 5. Left: A Classication and Regression Tree with 4 splits.
Accordingto the speci c lter appliedto the imageinput sectionx, the
outputof thetree,ht (x) is calculateddependingon the thresholdvalues.
Right: A cascadef CARTSs [16]. ht(x) is determineddependingon the
paththroughthe tree.

For the computationof the rotated features,Lienhart
et. al. introducedrotatedsummedareatablesthat contain
the sum of the pixels of the rectanglerotated by 45
with the bottom-mostcorner at (x; y) and extending till
the boundariesof the image (see Fig. 4 (middle and
right)) [13]:

¥ Xix® i
lr(x;y) = N (x%y9:

x0=0  y°=0

The rotatedintegral imagel ;, is computedrecursvely, i.e.,
r(xy)=1,(x Ly D+I.(x+Ly 1) I,(x;y 2)+
N(x;y) + N(x;y 1) usingthe startvaluesl( 1;y) =
Ih(x; D=1, 2)=1,(1 1=1,(1 2)=0.
Four table lookupsare requiredto computethe pixel sum
of ary rotatedrectanglewith the formula:

Fryshiw) = I (x+w  hiy+w+h
I, (x hyy+h 1)

D+ 1 (xy 1)
Ir(x+w;y+w 1)

Sincethe featuresare compositionsof rectanglesthey are
computedwith several lookupsand subtractionsveighted
with the areaof the black andwhite rectangles.

To detectafeature athresholds required.This threshold
is automaticallydeterminedduring a tting processsuch
that a minimum number of examplesare misclassi ed.
Furthermore,the return values(; ) of the featureare
determined,suchthat the error on the examplesis mini-
mized. The examplesare givenin a setof imagesthat are
classi ed as positive or negative samples.The setis also
usedin the learningphasethatis brie y describednext.

C. LearningClassi cation Functions

1) Classi cation and RegressionTrees: For all 642592
possible features a Classi cation and Regression Tree
(CART) is created.CART analysisis a form of binary
recursve partitioning. Each node is split into two child
nodes,in which casethe original nodeis called a parent
node.The term recursve refersto the fact that the binary
partitioning processis applied over and over to reacha
given numberof splits (4 in this case).In orderto nd the
bestpossiblesplit featuresall possiblesplitsarecalculated,
aswell asall possiblereturn valuesto be usedin a split
node.The programseekso maximizethe average“purity”
of the two child nodesusing the misclassi cation error
measureFig. 5 (left) shovs a CART classi er.



2) GentleAdaBoostfor CARTs: The GentleAda Boost
Algorithm [5] is usedto selecta set of simple CARTs
to achieve a given detectionand error rate [13]. In the
following, a detectionis referredto as a hit and an error
asa falsealarm.

The learning is basedon N weighted training exam-
ples(x1;y1);:::; (XN ;YN ), Wherex; arethe imagesand
yi 2 f 1; 1g,| 2 f1;:::;Ng the classi ed output. At
the beginning of the Iearnmg phasethe weights w; are
initialized with w; = 1=N. The following three stepsare
repeatedo selectCARTSs until a given detectionrated is
reached:

1) Every classier, i.e., a CART, is t to the data.
Herebythe error e is calculatedwith respectto the
weightsw; .

2) The best CART h; is chosenfor the classi cation
function. The countert is incremented.

3) The weightsare updatedwith w; = wj;
andrenormalized.

The nal outputof the classi er is S|gr( tTl h¢(x)) >

0, with h{(x) theweightedreturnvalueof the CART. Next,
a cascadébasedon theseclassi ersis built.

e Yihu(xi)

D. The Cascadeof Classi ers

The performanceof a classi er is not suitablefor object
classi cation, sinceit producesa high hit rate,e.g.,0.999,
but also a high error rate, e.g., 0.5. Neverthelessthe hit
rate is much higher than the error rate. To constructan
overall goodclassi er, several classi ersare arrangedn a
cascadei.e., a degeneratediecisiontree.In every stageof
the cascadea decisionis madewhethertheimagecontains
the object or not. This computationreducesboth rates.
Sincethe hit rateis closeto one,their multiplicationresults
alsoin a value closeto one, while the multiplication of
the smallererror ratesapproachezero. Furthermore this
speedaup the whole classi cation process.

An overall effective cascadeis learned by a simple
iterative method.For every stagethe classi cationfunction
h(x) is learned,until the requiredhit rateis reachedThe
processcontinueswith the next stageusing the correct
classi ed positive and the currently misclassi ed negative
examples.The numberof CARTs usedin eachclassi er
may increasewith additionalstages.

IV. EXPERIMENTS AND RESULTS

First the performanceof the classi er is shavn. Then,
the attentionalgorithmis additionally appliedto adaptthe
detectionandto reducethe falsepositives.

A. Resultsof the classi er alone

The ball detection cascadewas learned with a total
of 1000 images,with complex scenesincluded in the
training set, and tested by using three soccer balls of
differentcolorsandpatternsThe procesof generatinghe
cascadeof classi ers is relatively time-consumingbut it
only needsto be executedonce,provided a good cascade
is generatedrig. 6 shavs detectionresultson ve different
kinds of balls, thusthe CARTs form a correctdependeng

Fig. 6. Five differentkind of balls are detectedby the classi er.

of features.Since only the upper two balls (white and
yellow/red ball) andthe red one givenin Fig. 7 wereused
for learning,the gure demonstratethe classi er's ability
to generalizeto all balls.

For eachkind of ball we ran the test with 60 images,
making a total of 180 testimages.The resultsin Tablel
reveal how mary red, white or yellow/red balls were
correctly classi ed or not detectedaswell asthe number
of false positives for eachball. The problemswe were
facingwith this approachwasthe dif culty to differentiate
betweensoccerballs and other sphericalobjects(Fig. 7).

TABLE |
DETECTION RATE OF THE CASCADE OF CLASSIFIER DEPENDING ON

THE USED NUMBER OF STAGES. THE CASCADE WITH 10 STAGESWAS
USED FOR THE EXPERIMENTSWITH THE ATTENTION SYSTEM.

# stages| Correct | Not Detected| FalsePos.

red ball 52/60 8/60 114
white ball 9 48/60 12/60 70
yel/red ball 57/60 3/60 108
Total 157/180 23/180 292

red ball 45/60 15/60 52
white ball 10 44/60 16/60 45
yel/red ball 57/60 3/60 63
Total 146/180 34/180 160

red ball 45/60 15/60 51
white ball 11 42/60 18/60 47
yel/red ball 56/60 4/60 65
Total 143/180 37/180 163

red ball 44/60 16/60 26
white ball 12 29/60 31/60 31
yel/red ball 37/60 23/60 23
Total 110/180 70/180 80

The detectionrate of the classi er is adjustablej.e., a
lower numberof stagef the cascadéncreaseshe number
of detectionghits), but alsothe amountof falsedetections.
By combiningthe classi er andthe attentionalgorithmthe
falsepositive detectionrate will be reduced.

B. Combiningthe classi er and the attentionalgorithm

The outputof the combinationof the two algorithmsis
the intersectionof bothresultsets.The balls detectedmust
be found both by the ball classi er aswell asthe attention
algorithm.First, the foci arefoundin theimage.Then,the
classi er tries to detectballs at thesespeci ¢ regions.The
resultsof the combinationare showvn in Tablell. The test
datais composedf a setof 60 realistic RoboCupimages
for eachball, wherethereis exactly oneball in eachimage.
Thesewere taken with backgroundsof different lighting
(color) andcompleity. The classi er searchesreasof the

rst 5 foci found by the attentionalgorithm.

The combinationis very useful in eliminating false
positivesin images.Thisis shavnin Fig. 7, wherethefalse



TABLE I
DETECTION RATE OF COMBINED ALGORITHM. COLUMN 2
(ATTENTION) SHOWS WHICH OF THE 5 FOCI POINTSTO THE BALL

(AVERAGE).
Att. Classi er only Att. andClass.
Found | FalsePos.| Found | FalsePos.
redBall | 1.0 45/60 52 45/60 3
white ball [ 1.0 44/60 45 41/60 0
yel/redb. 1.2 57/60 63 55/60 20
Total | 1.07 | 146/180 160 141/180 23

Fig. 7. Top: Inputimagesincluding roundobjects.Middle: Falsealarms
in ltered images.Bottom left: Falsepositives eliminated,ball not found.
Bottom right: Falsedetectionseliminated.

positives we were suffering from with the classi er alone
areeliminated.Thefocusof attentionis calculatedn cal.5

sec.andthe classi cation at theseregion of interestneeds
200 ms (image size: 240 320, Pentium-M 1.7 GHz).

The bulk of the running time of VOCUS is taken up by

the feature computations.These may be parallelized by

splitting up the processingto several CPUs [9] or with

dedicatedhardware [18] what makesthe systemreal-time
capable We considerthis for future work.

V. CONCLUSIONS

Using the visual attention system VOCUS combined
with a fast classi er, we have designeda robust ball
detectionsystemwith a very low misclassi cation rate,
even in comple, clutteredimages.Due to the use of an
edgedetectionSobel Iter and a thresholdto preprocess
the training imagesfor the cascadethe classi er is color-
invariant, leaving the color to be learnedby the attention
system.Assuming short-termprior knowledge about the
ball to be usedfor a RoboCupmatch,VOCUS s quickly
adjustedto the ball with very few images.

The succes®f the algorithmis reachedby only search-
ing for balls in regions hypothesizedby the attention
algorithm to contain the ball, thereby eliminating false
positives. Although the algorithm missesa few balls, what

we are concernedwith is how it will perform in the
RoboCupervironment.In this case,the reliability of the
algorithm seemsto be sufcient. Even if the ball is not
detectedn onein every 5 pictures,for example,the robot
will still be ableto follow it quite con dently.

Needlessto say much work remainsto be done: As
the detectionof regions of interestis currently relatively
slow comparedto the ball detection,the next stepis to
work on increasingthe ef ciency of the attentionsystem
andthereforeof the whole detectionschemeln additionit
is plannedto enhancehe presentedalgorithmsby adding
time dependenbehaior either by using standardracking
with particle Iters or by usinga time dependenattention
control.
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