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Abstract

This report describesthe robot, CuriousGeorge, that
took part in, and won, the robot leagueof the 2007
SemanticRobotVision Challenge(SRVC), held at the
AAAI'07 conferencein Vancouver, Canada. We de-
scribethe robot hardware, the algorithmsusedduring
eachof thethreecompetition phases,aswell asthere-
sultsobtainedby thesystemduringthecompetition.

Intr oduction
TheSemanticRobotVision Challenge(SRVC) is a compe-
tition in whichcompetingrobotssearcharestrictedenviron-
mentandphotographobjectsfrom a target list. The chal-
lengeis dividedinto threephases:

� During the30 minutetraining phase, robotsarerequired
to build visual representationsfor classi�ers,of a previ-
ouslyunknown list of objects,usingonly imagescollected
from theWorld WideWeb.

� In the 15 minuteexploration phase, the robotsexamine
a contestenvironment,which is constructedin a semi-
realistic fashion,andcontainsthe objectslisted, aswell
asotherdistractingobjects.

� The �nal, 30 minute phase,is the classi�cation phase,
whereobjectsmustbe identi�ed with semanticlabelsby
matchingimagesobtainedin the�rst two phases.

Performanceis evaluatedby comparingtheroboticsystem's
classi�cationoutputwith ahuman's labelingof theobjects.

Successfullycompletingthe SRVC involves smoothin-
tegrationof data acquisition, training, obstacleavoidance,
visualsearch, andobjectrecognition. Giventhatthesetasks
spanseveral researchdisciplines,successfulintegrationis a
formidabletask. The value ofworking on theseproblems
jointly is thatassumptionsbuilt into anisolatedmethodwill
beexposedwhenit is integrated,highlightingwherefurther
researchis required.In addition,thechallengewill focusre-
searchonrobotsthatcannavigatesafelyandidentify objects
in their environment.

Theremainderof this reportis dividedinto � vemainsec-
tions. SectionHardware describestherobothardware,sec-
tionsTrainingPhase, ExplorationPhase, andClassi�cation
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Figure1: TheUBC robotplatform,CuriousGeorge.

Phasedescribethe algorithmsusedin the threephasesof
the systemrespectively. Finally, we presentour results in
thesectionContestPerformanceand�nish with Concluding
Remarks.

Hardware
Hardware design is an importantconsideration when con-
structinga robot thatis targetedat operatingin a man-made
environment. Many extant robot platformsare limited by
height, navigation ability, and �x ed direction sensorplat-
formssothatinterestingobjectsareinaccessible.For exam-
ple,objectslocatedon desksor bookshelvesin anof�ce are
often too high to be seenby a robot's cameras.Our robot
platform, Curious George, was designedto have roughly
similar dimensionsand �e xibility to a human,so that rel-
evant regions of the environment could be easily viewed
and categorised. The robot is an ActiveMediaPowerBot,
equippedwith a SICK LMS 200 planarrange�nder. The
robot's camerasareraisedby a tower with heightapproxi-
mately1.5m. ThecamerasaremountedonaPTU-D46-17.5
pan-tiltunit from DirectedPerception,whichprovidesanef-
fective360� gazerange.See�gure 1.

We employ a peripheral-foveal vision systemin order



to obtain the high resolutionrequiredto recogniseobjects
while simultaneouslyperceiving a large portion of the sur-
roundingregion. This choicehasagain beenmodelledaf-
ter the humanperceptualsystem,andwasalsoinspired by
designchoicesmadein (Kragic & Björkman2006). For
peripheralvision, the robot hasa Bumblebeecolour stereo
camerafrom PointGrey Research,with 1024� 768 reso-
lution, anda 60� �eld-of-view that providesa low resolu-
tion survey of theenvironment.For fovealvision, therobot
hasa CanonPowerShotG7 still imagecamera,with 10:0
megapixel resolution,and6� optical zoomthat allows for
high resolutionimagingof tightly focusedregions.

Training Phase
Web-Crawler
Classi�ersaretrainedusingimagesacquiredfrom Google's
ImageSearch.The searchterm we usedwasthe text sup-
plied in the list of desiredobjects.The imagesreturnedby
Googleweregenerallyfoundto bemoreaccuratethanfrom
other imagesearchengines(i.e., the Googleimagesmore
frequentlycontainedthetargetobject),but eventheseresults
wereof signi�cantly lowerqualitythanimagedatabasestyp-
ically studiedpreviously. In order to extract asmany high
quality imagesas possible,we decidedto target product
imagesfrom commercialwebsites. Suchimagesare typi-
cally of relatively high resolution,have ahomogenousnon-
distractingbackground,aretakenwith goodlighting, and,if
they containthe targetobject,show it from a view whereit
is highly recognisable.

Sincethe numberof commercialwebsiteson the Inter-
net is so large,aswasthe rangeof objectsthat couldbe in
thesearchlist, wedidn't specifywhichwebsiteswerelikely
to containcommercialimages.Instead,we useda blacklist
of websitesthat primarily containedamateurphotographic
images,suchasFlickr. Imageson thesewebsiteswerefre-
quentlyblurry, mislabelled,andif they containedthe target
objectit wasusuallysurroundedby distractorobjects.

The most recognisablefeatureof commercialimagesis
thepresenceof ahomogenous,monochromaticbackground.
Ourhomogenousbackgrounddetectorusedthegraph-based
imagesegmentation techniqueproposedby (Felzenszwalb
& Huttenlocher2004). Their approachtreatsthe imageas
a graphwereeachpixel is a node.Theimageis segmented
by identifying dissimilarregionsin thegraphand“cutting”
betweentheseregionsbasedon differencesin thecontained
pixel intensity and position. Our work then analysedthe
size and location of theseregions to identify if they were
thebackground.Eachregion wastaggedwith two metrics:
�rst, a ratio of thenumberof pixels in the region to the to-
tal image,andsecond,a ratio of thenumberof pixelsin the
region that lie on the imageboundaryto the total number
of boundarypixels in the image. An homogeneousback-
groundshouldoccupy asigni�cant portionof theimageand
simultaneouslyoccupy a signi�cant proportionof the im-
ageboundary. Thesevaluesarethuscomparedto a pair of
thresholdsto make the decisionon eachregion. If an im-
agesegmentationcontainsone or more segmentsthat ex-
ceedbothof thesethresholds,theimageis declaredto have

anhomogeneousbackground.Empiricaltestingshowedthat
a pixel ratio of 20%andborderratio of 40%for a givenre-
gion is suf�cient to detectmosthomogeneous-background
images.Images with a homogenousbackgroundwerethen
labelledsothey couldbeprioritisedin theclassi�cationstep.

AppearanceLearning
Learningan object appearancemodel from relatively un-
structured data poses signi�cant problems, particularly
whencoupledwith the time constraintsof thecompetition.
Thesechallengesincludemislabelledimages,lack of pose
information, inconsistentpose,and clutter, amongothers.
The web-crawling phasemay reducethe numberof misla-
belled images,but it will be of little help for many of the
otherproblems.To dealwith theseissues,we extractgrey-
scaleregions in a similarity covariant (translation,rotation
and scalecovariant) frame arounddifference-of-Gaussian
scale-spacepoints, and describetheseusing the SIFT de-
scriptor(Lowe 2003).For robustness,anobjectrecognition
systemshoulduseseveralkindsof features,andwe initially
experimentedwith contourfeaturesandcolour histograms
aswell. However, in theendwe abandonnedtheseduethe
timeconstaintsplacedon thelearningphaseof thecompeti-
tion.

Initially, we attemptedusing the SIFT featuresto learn
an objectclassi�er usingan approachsimilar to (Zhanget
al. 2007). However, the large within-classvariation and
low numberof example imagescollectedfor most of the
objectclassesfavorsdirectimagematchingsimilar to (Lowe
2003). Suchdirect imagematchingcanbecomputationally
intensive, so we would like to focuscomputationon more
promisingexampleimages�rst. Toaccomplishthis,werank
the training imageswithin eachobjectclassbasedon their
within-classsimilarity andbetween-classdissimilarity. This
approachensuresthatif thetrainingdataconsistsof multiple
views or multiple modesthenthebestimagewill from each
modewill berankednearthetop.

Exploration Phase
Laser-BasedMapping
Therobotis equippedwith numeroussensingdeviceswhich
enablesafeandef�cient navigationandobstacleavoidance.
The SICK LMS 200 planar laser range�nder allows for
highly accuratedetectionof thepositionof obstacleswithin
its 180� �eld of view in front of the robot. As the robot
moved through the contestenvironment, rangescansand
odometryinformation were usedto createan occupancy-
grid map(Moravec& Elfes1985)usinganestimationpro-
cedurebasedonaRao-Blackwellizedparticle�lter (Monte-
merlo et al. 2003). The occupancy-grid wassubsequently
usedto ensuresafeand ef�cient navigation and to enable
planningthroughtraversableregions.

Our teaminvestigatedtheuseof acompletelyvisualnav-
igation systemin placeof lasermapping. Sincethe visual
appearanceof a locationis oftenmuchmoredistinctive than
its geometry, visualmappingsystemssuchas(Sim & Little
2006) offer potentialfor fast localisationand convergence
over largeareas.Underthetimeandhardwareconstraintsof



theSRVC, however, our teamfoundthatthe robot'scameras
neededto beconstantlyusedfor objectrecognition,andthe
laserrangescanswereadequatefor mapping.

Attention System
Theattentionsystemidenti�es potentialobjects(alsoknown
asproto-objects(Rensink2000))usingtheperipheralvision
system,andfocuseson theseobjectsto collectdetailedim-
agesusingthefovealsystem,sothattheseimagescanbefur-
ther processedfor objectrecognition. Identifying potential
objectscorrectly is a non-trivial problem, due to the pres-
enceof confusingbackgroundsandthevastappearanceand
sizevariationsamongstthe itemsthat we refer to asa ob-
jects. Our systemmakesuseof multiple cuesto solve this
problem.Speci�cally, we obtaindepthfrom stereoto deter-
mine structureswhich standout from �oor or background,
andwe processvisual informationdirectly with a saliency
measureto detectregionswith distinctive appearance.This
sectionwill describethe stereoandsaliency approachesin
detail,andwill describethesubsequentcollectionof foveal
images.

Stereo
TheBumblebeestereocamerais bundledwith softwarefor
computingdepthfrom stereo. We usethe outputdisparity
mapsto detectobstaclesandobjectsof interest,by detect-
ing regionswith above-�oor elevations,see�gure 2. This
algorithmmakesuseof cameratilt (variable)andelevation
(static)to transformthedisparitiesto elevationvalues.The
elevationsarethenthresholdedat 10 cm, andthe resultant
binarymapis cleanedup byaseriesof morphologicaloper-
ations.This helpsto remove smalldisparity regions,which
are likely to be erroneous,and also �lls in small gaps in
objects. The resultantobstaclemap is usedboth to avoid
bumping into objectsand tables,and in combinationwith
saliency to determinelikely locationsof objects.

Saliency
To detectpotentialobjectswemakeuseof thespectralresid-
ual saliency measurede�ned in (Hou & Zhang2007). We
extendthemeasureto colourin amannersimilar to (Walther
& Koch2006).Thatis, we computethespectralresidualon
threechannels:intensity, red-green,andyellow-blue. The
resultsarethencombinedby summingthemto form asingle
saliencymap. Regionsof multiple sizesare thendetected
in the saliency map using the Maximally StableExtremal
Region (MSER) detector(Mataset al. 2002). This detec-
tor is usefulsinceit doesnot enforcea partitioningof the
scene. Instead,nestedregionscanbe detected,if they are
deemedto bestable.Typically, MSERsareregionsthatare
eitherdarker or brighterthantheir surroundings,but, since
bright in thesaliency mapcorrespondsto high saliency, we
know thatonly bright regionsarerelevanthere,andconse-
quentlyweonly needto runhalf theMSERdetector. Bright
MSERsare shown in red and greenin �gure 3. Regions
are requiredto have their smallestsaliency value above a
thresholdproportionalto theaverageimageintensity(which
is justi�ed sincespectralsaliency scaleslinearly with inten-
sity changes).This givesusautomaticadaptationto global

Figure 2: Stereocomputation. Top to bottom: Left and
right input images,disparitymap,andobstaclemapsuper-
imposedon right input image.

illumination andcontrastchanges.The regionsarefurther
requiredto be morethan20% smallerthanthe next larger
nestedregion, to remove regions that are nearly identical.
To ensurethat the salientregionsarenot part of the �oor ,
they arealsorequiredto intersecttheobstaclemap(see sec-
tion Stereo) by 20%. Regionswhich passtheserestrictions
areshown in greenin �gure 3.

Comparedto (Walther& Koch2006),which canbecon-
sideredstate-of-the-artin saliency detection,the above de-
scribeddetectoroffersthreeadvantages:

1. The use of spectral saliency and the MSER detector
makes the algorithman orderof magnitudefaster. (0:1
insteadof 3:0 secondsin oursystem.)

2. The useof theMSER detectorallows us to captureboth
objectsandpartsof objects,whenever they constitutesta-
ble con�gurations. This �ts well with bottom-upobject
detection,sinceobjectstypically consistof smallerob-
jects(objectparts),andwewouldnotwantto committo a
speci�c scalebeforewehaveanalysedtheimagesfurther.
The multiple sizesalsomapnaturally to differentzoom
settingson thestill imagecamera.

3. The useof an averageintensity relatedthresholdallows
the numberof output salient regions to adaptbasedon
imagestructure.In particular, ourmeasurecanreportthat



Figure 3: Saliency computation. Top to bottom: Input
image,colour opponency channels(int,R-G,Y-B), spectral
saliency map,detectedMSERs,andMSERssuperimposed
on input image.

thereareno salientregionswithin a highly uniform im-
age, suchas a picture of the �oor or wall. This is in
contrastto the Walthertoolbox (Walther& Koch 2006),
which, due to its built-in normalisation,can only order
salientregions,but never decidethat thereis nothingin-
terestingin thescene.

Thepotentialobjectsarenot necessarilywhatonewould
normally call objects— they are equally likely to be dis-
tracting backgroundfeaturessuchas intersectinglines on
the�oor , or box corners.Thepurposeof saliency is merely
to restrictthetotal numberof possiblegazesto asmallerset
that still containsthe objectswe want to �nd. This means
that it is absolutelyessentialthat theattendedpotentialob-

jects are further analysedin order to reject or verify their
statusasobjects.

Gazecontrol
In orderto actuallycentreapotentialobjectin thestill image
camera,we employ thesaccadicgazecontrolalgorithmde-
scribedin (Forsśen2007).This algorithmlearnsto centrea
stereocorrespondencein thestereocamera.To insteadcen-
tre anobjectin thestill imagecamera,we centrethestereo
correspondenceon theepipoles(theprojectionsof camera's
opticalcentre)of thestill imagecamerain thestereocamera.

In orderto selectanappropriatezoomlevel, we have cal-
ibratedthescalechangebetweenthestereocameraandthe
still imagecamerafor a �x ednumberof zoomsettings.This
allows us to simulatethe effect of the zoom, by applying
thescalechangeto a detectedMSER.Thetightestzoomat
which theMSER�ts entirelyinsidetheimageis chosen.

Classi�cation Phase
In theclassi�cationphase,thesystemexaminesthe images
acquiredduringtherobotexplorationphase,andextractsthe
sametypesof featuresusedduringtraining.Thesystemthen
attemptsto matchthese test imagefeaturesto thosefrom
training images from eachobjectclass,orderingmatching
attemptsbasedon the imagerank discussedin sectionAp-
pearanceLearning. That is, at matchingattempti , the i th

rankedimagefrom all classesareattempted.In thiswaywe
are able to balanceour focus amongstall classesat once.
Along the way, we retain the bestpair of training andtest
imagesfor eachobjectclass.

Thedirectimagematchingbetweenatestandtrainingim-
ageconsistsof two parts:
� The �rst part comparesthe featuresfrom a training im-

ageto the featuresin the test image,andselectsthe top
matchfor eachtraining feature. To provide robustness
to noise,the systemnormalizesthe value ofeachmatch
by the value of the second-bestmatchand only retains
matcheswhich exceeda threshold. After the competi-
tion, wefurtherimprovedthis ratioscoreby replacingthe
second-bestmatchin theimagewith thebestmatchvalue
in abackgroundimageset.

� Thesecondpartsearchesfor local geometricconsistency
betweentheremainingfeaturematchesby searchingfor a
similarity transformationbetweenthe imagesto produce
a scoreusedfor classi�cation. Thescoreis a measureof
how well eachtraining featureagreeswith the transfor-
mation.Morespeci�cally, aGaussianweightingfunction
is appliedto differenceof eachfeature's location,scale,
anda rotationfrom thosesuggestedby thesimilarity.
The bestresultingsimilarity transformationbetweenthe

training views and test imagesis also usedto determinea
likely extentof eachobjectin the image. This information
is usedto placeaboundingrectanglearoundmatchedimage
regions.

ContestPerformance
As mentionedearlier, the2007SRVC contestwascomposed
of threephases:websearch,exploration,andclassi�cation.



(a) (b)
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Figure4: Recognitionresultsrecordedduringtheof�cial run of the2007SRV Contest.(a-d)High quality views obtainedby
the focusof attentionsystem,allowing for correctrecognitions.(e-f) Thesystem's bestguessesat objectsfor which no good
viewswereobtained– theseareclearlyincorrect.

Theabilitiesof theintelligentsystem describedin thisreport
weredemonstratedin theSRVC, whereour systemwasthe
winning entry in the robot league.The list suppliedto the

teamsin thecompetitioncontained15 objects,andour sys-
tem photographedandcorrectlyclassi�ed 7 of these. The
actualscoringwasmadeby comparingthe boundingrect-



anglesoutputby therobots,with humandrawn axisaligned
boundingboxes. An overlapof the boundingboxesabove
75%gave3 points,anoverlapabove50%gave2 points,and
anoverlapabove25%gave1 point.

Figure 4 demonstratesseveral of the objects correctly
classi�edby oursystemduringthe�nal roundof thecontest,
alongwith severalof themisclassi�cations.As canbeseen
by the images,thecontestenvironmentwasnot completely
realistic, but it was suf�ciently complicatedto present a
signi�cant challengefor currentstate-of-the-artrecognition
systemsandrequireintelligent navigation. It wasimpossi-
ble to view all candidateobjectsfrom any single location,
sorobotmotionandcollectionof multipleviewsof eachob-
ject wasessential.Also, many of theobjectswereplacedin
highly clutteredlocationssuchas table tops,which would
causeconfusionfor saliency methodsthat do not take into
accountthat partsof objectsmay also themselves be ob-
jects. The navigation and attentionsystemsdescribedin
sectionsAttentionSystemand Laser-BasedMapping were
suf�ciently successfulat exploring anddeterminingthe lo-
cationsof interestingobjectsto dealwith thesechallenges.

Concluding Remarks
In this report,we describedanintelligentsystemcapableof
building a detailedsemanticrepresentationof its environ-
ment. Throughcarefulintegrationof components,this sys-
temdemonstratesreasonablysuccessfulandaccurateobject
recognitionin a quasi-realisticscenario. Signi�cant work
is still neededto producea systemwhich will operatesuc-
cessfullyin moregeneralenvironmentssuchashomes,of-
�ces, andnursinghomes, wherepersonalcompanionrobots
are intendedto operate. In suchenvironments,challenges
includethelevel of clutter, numberof distinctobjects,non-
planarnavigation,dynamicenvironments,andneedto oper-
atein real time, amongmany others.While thecurrentim-
plementationof our systemis not suf�ciently sophisticated
to besuccessfulin theseenvironments,we believe thereare
severaladditionalcomponentswhichwouldbringthiscloser
to reality.

Webelievethattheprospectof ausefulmobilerobotcom-
panionis a realisticmediumtermgoalandthatmany of the
componentsdiscussedin this reportwill beessentialto the
realizationof suchasystem.It will continueto beimportant
to evaluateapproachesthat extract semanticmeaningfrom
visualscenesin realisticscenarios,andalsoto integratesuch
systemswith active,mobilesystems,in orderto achieve ro-
bustnessandgenerality. The systemdescribedhereis one
stepalongthispath.
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