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Abstract

This report describeshe robot, Curious Geoge, that
took part in, and won, the robot leagueof the 2007
SemanticRobotVision Challenge(SRVC), held at the
AAAI'07 conferencein Vancouer, Canada. We de-
scribethe robot hardware, the algorithmsusedduring
eachof thethreecompetiion phasesaswell asthere-
sultsobtainedby the systemduringthe competition.

Intr oduction

The SemantidRobotVision Challengg(SRV/C) is a compe-
tition in which competingobotssearcharestrictederviron-
mentand photographobjectsfrom a target list. The chal-
lengeis dividedinto threephases:

During the 30 minutetraining phase robotsarerequired
to build visual representationfor classi ers, of a previ-
ouslyunknawn list of objecs, usingonlyimagescollected
from the World Wide Weh

In the 15 minute exploration phase the robotsexamine
a contestervironment, which is constructedn a semi-
realisticfashion,and containsthe objectslisted, aswell
asotherdistractingobjects.

The nal, 30 minute phase,is the classi cation phase
whereobjectsmustbeidenti ed with semantidabelsby
matchingimagesobtainedn the rst two phases.

Performancés evaluatedby comparingheroboticsystems
classi cationoutputwith a humans labelingof the objects.

Successfullycompletingthe SR/C involves smoothin-
tegrationof dataacquisition training, obstacleavoidance
visualsearh, andobjectrecaynition. Giventhatthesetasks
spanseveralresearchdisciplines,successfuintegrationis a
formidabletask. The value ofworking on theseproblems
jointly is thatassumptionsuilt into anisolatedmethodwill
be exposedwhenit is integrated highlightingwherefurther
researchs required.In addition,thechallengewill focusre-
searctonrobotsthatcannavigatesafelyandidentify objects
in theirervironment.

Theremaindeof this reportis dividedinto ve mainsec-
tions. SectionHardware describeghe robothardware,sec-
tionsTraining Phase Exploration Phasg andClassi cation
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Figurel: The UBC robotplatform,CuriousGeoge.

Phasedescribethe algorithmsusedin the three phasesof
the systemrespectiely. Finally, we presentour realts in
thesectionContestPerformanceand nish with Concluding
Remarks

Hardware

Hardware desgn is an importantconsiderdabn when con-
structingarobotthatis targetedat operatingn aman-made
ervironment. Many extant robot platformsare limited by
height, navigation ability, and x ed direction sensorplat-
formssothatinterestingobjectsareinaccessiblefFor exam-
ple, objectslocatedon desksor bookshelesin anof ce are
often too high to be seenby a robot's cameras.Our robot
platform, Curious Geoge, was designedto have roughly
similar dimensionsand e xibility to a human,so that rel-
evant regions of the ervironment could be easily viewed
and catagyorised. The robot is an ActiveMediaPowerBot,
equippedwith a SICK LMS 200 planarrange nder. The
robot's camerasareraisedby a tower with heightapproxi-
matelyl.5m. ThecameragsremounteconaPTU-D46-17.5
pan-tiltunit from DirectedPerceptionywhich providesanef-
fective 360 gazerange.Seegure 1.

We emplgy a peripheral-foeal vision systemin order



to obtainthe high resolutionrequiredto recogniseobjects
while simultaneouslyperceving a large portion of the sur
roundingregion. This choicehasagain beenmodelledaf-
ter the humanperceptuabystem,andwasalsoinspired by
designchoicesmadein (Kragic & Bjorkman2006). For
peripheralvision, the robot hasa Bumblebeecolour stereo
camerafrom PointGrgy Researchwith 1024 768 reso-
lution, anda 60 eld-of-view that providesa low resolu-
tion suney of the ervironment. For fovealvision, the robot
hasa CanonPaverShotG?7 still image camera,with 10:0
megapixel resolution,and6 optical zoomthat allovs for
high resolutionimagingof tightly focusedregions.

Training Phase
Web-Crawler

Classi ersaretrainedusingimagesacquiredfrom Googles
ImageSearch. The searchterm we usedwasthe text sup-
plied in thelist of desiredobjects. The imagesreturnedby
Googleweregenerallyfoundto bemoreaccuratehanfrom

otherimage searchengines(i.e., the Googleimagesmore
frequentlycontainedhetargetobject),but eventheseresults
wereof signi cantly lowerqualitythanimagedatabasetyp-
ically studiedpreviously. In orderto extractasmary high
guality imagesas possible,we decidedto target product
imagesfrom commercialwebsites. Suchimagesare typi-

cally of relatively high resolution,have ahomogenouson-
distractingbackgroundaretakenwith goodlighting, and,if

they containthe target object,shav it from a view whereit

is highly recognisable.

Sincethe numberof commercialwebsiteson the Inter
netis solarge, aswasthe rangeof objectsthat could bein
thesearcHist, we didn't specify which websitesverelikely
to containcommercialimages.Instead, we useda blacklist
of websitesthat primarily containedamateurphotographic
images,suchasFlickr. Imageson thesewebsiteswerefre-
quentlyblurry, mislabelled,andif they containecthe target
objectit wasusuallysurroundedy distractorobjects.

The mostrecognisabldeatureof commercialimagesis
thepresencef ahomogenousnonochromatidackground.
Ourhomogenoudackgroundletectousedthegraph-based
image seggmenation techniqueproposedby (Felzenszwalb
& Huttenlocher2004). Their approachtreatsthe imageas
agraphwereeachpixel is a node. Theimageis sggmented
by identifying dissimilarregionsin the graphand*“cutting”
betweertheseregionsbasedon differencesn the contained
pixel intensity and position. Our work then analysedthe
size and location of theseregionsto identify if they were
the background.Eachregion wastaggedwith two metrics:

rst, aratio of the numberof pixelsin the region to theto-
tal image,andsecondaratio of the numberof pixelsin the
region that lie on the image boundaryto the total number
of boundarypixels in the image. An homogeneousack-
groundshouldoccuyy asigni cant portionof theimageand
simultaneouslyoccuyy a signi cant proportionof the im-
ageboundary Thesevaluesarethuscomparedo a pair of
thresholdso make the decisionon eachregion. If anim-
age sggmentationcontainsone or more sggmentsthat ex-
ceedboth of thesethresholdstheimageis declaredo have

anhomogeneoubBackgroundEmpiricaltestingshaovedthat
a pixel ratio of 20% andborderratio of 40%for a givenre-
gion is sufcient to detectmosthomogeneous-background
images.Images with a homogenoudackgroundverethen
labelledsothey couldbeprioritisedin theclassi cationstep.

AppearancelLearning

Learning an object appearancenodel from relatively un-
structured data poses signi cant problems, particularly
whencoupledwith the time congraintsof the competition.
Thesechallengesnclude mislabelledimages,lack of pose
information, inconsistentpose,and clutter, amongothers.
The web-cravling phasemay reducethe numberof misla-
belledimages,but it will be of little help for mary of the
otherproblems.To dealwith theseissueswe extractgrey-
scaleregionsin a similarity covariant (translation,rotation
and scale covariant) frame around difference-of-Gaussian
scale-spaceoints, and describetheseusing the SIFT de-
scriptor(Lowe 2003). For robustnessanobjectrecognition
systemshoulduseseveralkinds of featuresandwe initially
experimentedwith contourfeaturesand colour histograms
aswell. However, in the endwe abandonnetheseduethe
time constaintplacedon the learningphaseof the competi-
tion.

Initially, we attemptedusing the SIFT featuresto learn
an objectclassi er usingan approactsimilar to (Zhanget
al. 2007). However, the large within-classvariation and
low numberof exampleimagescollectedfor most of the
objectclassedavorsdirectimagematchingsimilarto (Lowe
2003). Suchdirectimagematchingcanbe computationally
intensive, so we would like to focus computationon more
promisingexampleimagesrst. Toaccomplistthis,werank
the training imageswithin eachobjectclassbasedon their
within-classsimilarity andbetween-clasdissimilarity. This
approactensureshatif thetrainingdataconsistof multiple
views or multiple modesthenthe bestimagewill from each
modewill berankednearthetop.

Exploration Phase
Laser-BasedMapping

Therobotis equippedvith numerousensingleviceswhich
enablesafeandef cient navigationandobstacleavoidance.
The SICK LMS 200 planarlaserrange nder allows for
highly accuratedetectionof the positionof obstaclesvithin
its 180 eld of view in front of the robot. As the robot
moved through the contesternvironment, range scansand
odometryinformation were usedto createan occupanyg-
grid map(Moravec & Elfes 1985)usingan estimationpro-
cedurebasedn a Rao-Blackwellizedarticle Iter (Monte-
merlo et al. 2003). The occupang-grid was subsequently
usedto ensuresafeand ef cient navigation andto enable
planningthroughtraversableregions.
Ourteaminvesticatedthe useof a completelyvisual nav-
igation systemin placeof lasermapping. Sincethe visual
appearancef alocationis oftenmuchmoredistinctive than
its geometryvisualmappingsystemssuchas(Sim & Little
2006) offer potentialfor fastlocalisationand cowergence
overlargeareasUnderthetime andhardwareconstraintof



the SRVC, however, ourteamfoundthatthe robots cameras
neededo be constantlyusedfor objectrecognition,andthe
laserrangescansvereadequatdéor mapping.

Attention System

Theattentionsystemdenti es potentialobjects(alsoknown
asproto-objectgRensink2000))usingthe peripheralision
systemandfocuseson theseobjectsto collectdetailedim-
ageausingthefovealsystemsothatthesemagescanbefur-
ther processedor objectrecognition. Identifying potential
objectscorrectlyis a non-trivial problem, dueto the pres-
enceof confusingbackgroundsndthe vastappearancand
size variationsamongstthe itemsthat we referto asa ob-
jects. Our systemmakes useof multiple cuesto solve this
problem.Speci cally, we obtaindepthfrom stereato deter
mine structureswhich standout from oor or background,
andwe processvisual informationdirectly with a salieny
measurdo detectregionswith distinctive appearanceThis
sectionwill describethe sterecandsalieny approachei
detail,andwill describethe subsequentollectionof foveal
images.

Stereo

The Bumblebeestereocameras bundledwith softwarefor

computingdepthfrom stereo. We usethe outputdisparity
mapsto detectobstaclesand objectsof interest,by detect-
ing regionswith above- oor elevations,see gure 2. This

algorithmmalkesuseof camerdailt (variable)andelevation

(static)to transformthe disparitiesto elevationvalues.The
elevationsarethenthresholdedat 10 cm, andthe resultant
binarymapis cleanedup bya seriesof morphologicabper

ations. This helpsto remove small disparity regions,which

arelikely to be erroneousandalso lls in small gapsin

objects. The resultantobstaclemapis usedboth to avoid

bumpinginto objectsandtables,andin combinationwith

salieng to determindik ely locationsof objects.

Saliency

To detectpotentialobjectswe make useof thespectrakesid-
ual salieny measurede ned in (Hou & Zhang2007). We
extendthemeasuréo colourin amanneisimilarto (Walther
& Koch2006).Thatis, we computethe spectraresidualon
threechannels:intensity red-greenandyellow-blue. The
resultsarethencombinedoy summingthemto form asingle
saliencymap Regionsof multiple sizesare then detected
in the salieny map using the Maximally Stable Extremal
Reagion (MSER) detector(Mataset al. 2002). This detec-
tor is useful sinceit doesnot enforcea partitioning of the
scene. Instead,nestedregions can be detectedjf they are
deemedo be stable. Typically, MSERsareregionsthatare
eitherdarker or brighterthantheir surroundingshut, since
brightin the salieny mapcorrespondso high salieng, we
know thatonly bright regionsarerelevant here,andconse-
guentlywe only needto run half the MSER detector Bright
MSERsare shawvn in red and greenin gure 3. Regions
are requiredto have their smallestsalieny value above a
thresholdproportionalto the averagemageintensity(which
is justi ed sincespectrakalieny scaledinearly with inten-
sity changes).This givesus automaticadaptatiorto global
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Figure 2: Stereocomputation. Top to bottom: Left and
right inputimages,disparitymap, and obstaclemap supef
imposedon right inputimage.

illumination and contrastchanges.The regions are further
requiredto be morethan 20% smallerthanthe next larger
nestedregion, to remove regionsthat are nearly identical.
To ensurethat the salientregions are not part of the oor,
they arealsorequiredto intersecthe obstaclemap(see sec-
tion Steeo) by 20% Regionswhich passtheserestrictions
areshawvn in greenin gure 3.

Comparedo (Walther& Koch2006),which canbe con-
sideredstate-of-the-arin salieng detection, the above de-
scribeddetectoroffersthreeadvantages:

1. The use of spectralsalieny and the MSER detector
malkes the algorithm an order of magnitudefaster (0:1
insteadof 3:0 seconds$n our system.)

2. The useof the MSER detectorallows usto captureboth
objectsandpartsof objects whenererthey constitutesta-
ble con gurations. This ts well with bottom-upobject
detection,since objectstypically consistof smallerob-
jects(objectparts),andwe would notwantto committo a
speci c scalebeforewe have analysedheimagedurther.
The multiple sizesalso map naturallyto differentzoom
settingsonthestill imagecamera.

3. The useof an averageintensity relatedthresholdallows
the numberof output salientregions to adaptbasedon
imagestructure.In particular our measureanreportthat
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Figure 3: Salieny computation. Top to bottom: Input

image, colour opponeng channels(int,R-G,Y-B), spectral
salieny map, detectedMSERs,and MSERssuperimposed
oninputimage.

thereare no salientregionswithin a highly uniform im-
age, such as a picture of the oor or wall. This is in
contrastto the Walthertoolbox (Walther& Koch 2006),
which, dueto its built-in normalisation,can only order
salientregions, but never decidethatthereis nothingin-
terestingn thescene.

The potentialobjectsarenot necessarilywhat onewould
normally call objects— they are equallylikely to be dis-
tracting backgroundfeaturessuch as intersectinglines on
the oor, or box corners.The purposeof salieng is merely
to restrictthetotal numberof possiblegazesto a smallerset
thatstill containsthe objectswe wantto nd. This means
thatit is absolutelyessentiathatthe attendedbotentialob-

jects are further analysedn orderto rejector verify their
statusasobjects.

Gazecontrol

In orderto actuallycentrea potentialobjectin thestill image
camerawe employ the saccadi@azecontrolalgorithmde-
scribedin (Fors€n2007). This algorithmlearnsto centrea
stereocorrespondencia the stereocamera.To insteadcen-
tre anobjectin the still imagecamerawe centrethe stereo
correspondencen theepipoles(the projectionsof cameras
opticalcentre)of thestill imagecamerdn thestereccamera.
In orderto sekectanappropriatezoomlevel, we have cal-
ibratedthe scalechange betweerthe stereocameraandthe
still imagecamerdor a x ednumberof zoomsettings.This
allows us to simulatethe effect of the zoom, by applying
the scalechangeto a detectedVISER. The tightestzoomat
whichthe MSER ts entirelyinsidetheimageis chosen.

Classi cation Phase

In the classi cationphasethe systemexaminesthe images
acquiredduringtherobotexplorationphaseandextractsthe
sameypesof featuresusedduringtraining. Thesystenthen
attemptsto matchthese testimagefeaturesto thosefrom
training images from eachobjectclass,orderingmatching
attemptsbasedon the imagerank discussedn sectionAp-
peamancelearning Thatis, at matchingattempti, thei®
rankedimagefrom all classesareattemptedIn this way we
are able to balanceour focus amongstall classesat once.
Along the way, we retainthe bestpair of training andtest
imagedfor eachobjectclass.

Thedirectimagematchingbetweeratestandtrainingim-
ageconsistf two parts:

The rst part compareghe featuresfrom a training im-
ageto the featuresin the testimage,and selectsthe top
matchfor eachtraining feature. To provide robustness
to noise,the systemnormalizesthe value ofeachmatch
by the value ofthe second-bestatchand only retains
matcheswhich exceeda threshold. After the competi-
tion, we furtherimprovedthis ratio scoreby replacingthe
second-begnatchin theimagewith thebestmatchvalue
in abackgroundmageset.

The secondpartsearchesor local geometricconsisteng

betweertheremainingfeaturematchesdy searchindor a
similarity transformatiorbetweenthe imagesto produce
a scoreusedfor classi cation. The scoreis a measuref

howv well eachtraining featureagreeswith the transfor

mation.More speci cally, a Gaussiamweightingfunction
is appliedto differenceof eachfeatures location, scale,
andarotationfrom thosesuggestedby the similarity.

The bestresultingsimilarity transformatiorbetweenthe
training views andtestimagesis alo usedto determinea
likely extent of eachobjectin theimage. This information
is usedto placeaboundingrectanglearoundmatchedmage
regions.

ContestPerformance

As mentionedearlier the2007SRV/C contestvascomposed
of threephasesweb searchgxploration,andclassi cation.
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Figure4: Recognitionresultsrecordedduringthe of cial run of the2007 SRV Contest.(a-d) High quality views obtainedby
the focusof attentionsystemallowing for correctrecognitions.(e-f) The systems bestguessesit objectsfor which no good

views wereobtained- theseareclearlyincorrect.

Theabilitiesof theintelligentsysten describedn thisreport teamsin the competitioncontainedl5 objects,andour sys-
weredemonstrateih the SRVC, whereour systemwasthe tem photographednd correctly classi ed 7 of these. The
winning entry in the robotleague. The list suppliedto the actualscoringwas madeby comparingthe boundingrect-



anglesoutputby the robots,with humandrawvn axisaligned
boundingboxes. An overlap of the boundingboxes above
75%gave 3 points,anoverlapabore 50%gave 2 points,and
anoverlapabove 25%gave 1 point.

Figure 4 demonstrateseveral of the objects correctly
classi edby oursystenduringthe nal roundof thecontest,
alongwith several of the misclassi cations.As canbe seen
by the images the contestervironmentwasnot completely
realistic, but it was sufciently complicatedto preent a
signi cant challengefor currentstate-of-the-artecognition
systemsandrequireintelligent navigation. It wasimpossi-
ble to view all candidateobjectsfrom ary singlelocation,
sorobotmotionandcollectionof multiple views of eachob-
jectwasessential Also, mary of the objectswereplacedin
highly clutteredlocationssuchastable tops, which would
causeconfusionfor saliengy methodsthat do not take into
accountthat parts of objectsmay also themseles be ob-
jects. The navigation and attentionsystemsdescribedin
sectionsAttention Systemand LaserBasedMapping were
sufciently successfulit exploring anddeterminingthe lo-
cationsof interestingobjectsto dealwith thesechallenges.

Concluding Remarks

In this report,we describedanintelligentsystemcapableof
building a detailedsemanticrepresentatiorof its erviron-
ment. Throughcarefulintegrationof componentsthis sys-
temdemonstrateeasonablysuccessfuandaccurateobject
recognitionin a quasi-realisticscenario. Signi cant work
is still neededo producea systemwhich will operatesuc-
cessfullyin more generalervironmentssuchashomes,of-
ces, andnursinghomes wherepersonatompaniorrobots
are intendedto operate. In suchenvironments,challenges
includethe level of clutter, numberof distinctobjects,non-
planarnavigation,dynamicervironmentsandneedto oper
atein realtime, amongmary others.While the currentim-
plementatiorof our systemis not sufciently sophisticated
to be successfuin theseervironmentswe believe thereare
severaladditionalcomponentsvhichwould bringthiscloser
to reality.

We believe thattheprospecbf ausefulmobilerobotcom-
panionis arealisticmediumtermgoal andthatmary of the
componentsliscussedn this reportwill be essentiato the
realizationof sucha system.It will continueto beimportant
to evaluateapproacheshat extract semanticmeaningfrom
visualscenesn realisticscenariosandalsoto integratesuch
systemawith active, mobile systemsin orderto achieve ro-
bustnessand generality The systemdescribechereis one
stepalongthis path.
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