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Abstract— State-of-the-art methods have recently achieved
impr essve performance for recognisingthe objects presentin
large databasesof pre-collectedimages. There has been much
lessfocuson building embodied systemsthat recogniseobjects
presentin the real world. This paper desciibes an intelligent
system which attempts to perform robust object recognition
in a realistic scenario, where a mobile robot moving through
an ervironment must use the imagescollected from its camera
dir ectly to recogniseobjects. To perform successfulrecognition
in this scenario, we have chosena combination of techniques
including a peripheral-foveal vision system an attention system
combining bottom-upvisual saliencywith structure from stereq
and a localisation and mappingtechnique. The resultis a highly
capable object recognition systemwhich can be easily trained
to locate the objects of intereq in a particular region, and
subsequentlybuild a spatial-semanticmap of the region. This
capability has been demonstrated during the Semantic Robot
Vision Challenge, and is further illustrated with experimental
results.

I. INTRODUCTION

A driving motivation behind much of cognitive robotics
researchtoday is the notion of a personalrobot companion
that would be capableof aiding peoplein their daily activi-
ties. Specialcasef this are systemdo carefor the elderly,
robotichomeandof ce assistantsandinteractve robottoys
for children. For eachof theseapplicationsthe humanand
robot involved must perceve and representthe world in
a similar fashion, so that they can collaborateeffectively.
Sincehumansunderstandhe world largely basedon visual
information, robotstargetedas personalcompanionsshould
also rely on visual input. A human-like visual attention
systemwould help a robot with both obstacle avoidance
(e.g.,noticing everydayobjectsit might bumpinto, andalso
spotting black-yellov warning sticker tape), and for more
naturalhuman—obot interaction (e.qg., “Robot, fetch me my
coffee mug!”).

Many of thecompetenciesequiredfor acompletelyvisual
home assistantare beyond the boundariesof current state-
of-the-artresearchln particular recognisingvisual objects
basedon their semanticmeaning,often referredto asobject
catgyory recognition,hasrecently receved extensie atten-
tion from computervision researcher§l], [2], [3], [4], [5].
The focus of much of this researchhas beenon learning
appearancdrom large databasesf static imagesor on
indexing imagesfrom the web basedon their meaning.This
scenariois signi cantly different from the one facedby a
robot in an ever-changinghome ervironmentwhere recog-
nition, navigation, planning (both for robot motion and the
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Fig. 1. The UBC robot platform.

robot's view), andinteractionmustall occursimultaneously
Roboticsresearcherbave alsorecentlyconsideregroducing
semantianapsbasedon thelocationsof objects(for example
[6]), but there are still mary remaining challengesrelated
to learningvisual representationsf objectsand integrating
thesesemanticconceptswith other robot behaiours. This
paperpresentsan integratedsolutionto mary of thesechal-
lengesanddescribesa systemwhichis capableof performing
real-world objectrecognitionin realistic scenarios.

Our efforts have been motivated and directed by the
SemanticRobotVision Challenge(SRVC) [7], recentlyheld
at the Associationfor Advancemenbf Arti cial Intelligence
(AAAI) conference.This challengeis divided into three
phases.During the training phase,robots are required to
build visual representationsf a previously unknawn list of
objectsin a shorttime frame, using only imagescollected
from the World Wide Weh In the exploration phase,the
robotsexaminea contestervironment,which is constructed
in a semi-realisticfashion,and containsthe objectslisted,
as well as other distracting objects. The nal phaseis
recognition,where objectsmustbe identi ed with semantic
labelsby matchingimagesobtainedin the rst two phases.
Performances evaluatedby comparingthe robotic systems$
classi cation outputwith a humans labeling of the objects.

The physical system describedin this paper nished
rst in the robot-leagueof the 2007 SRVC. Mary of the
designchoicesand physical speci cationshave beenmade
someavhatspeci c to thatscenarioandshouldbe changedor
a more general-purposapplication.Speci cally, the SR/C



separatedhe recognitionprobleminto threephaseswhereas
running all componentsin parallel during the operational
lifetime would be desirablefor a robot companion.Also,
the strict time requirementmeantthat mapping neededto
occurasquickly aspossibleandthathighly accuratesensors
were desirable. For this reason,the mapping procedure
describedin sectionlV usesa laser range nder whereas
visual mappingsuchasthe methodof Sim et al. [8] would
be preferableboth for reasonf costand safety

The focus of this paperis a descriptionof the behaiour
used during ervironment exploration phaseof the SR/C.
The goal during this phasewas to collect numerous high-
quality views of each of the objects. Due to the time-
constraintsof the contest,theseviews had to be collected
withoutperformingobjectrecaynition, but insteadby quickly
identifying promising objects and regions, which we will
referto as potentialobjects.This pre-semantiddenti cation
of interestingregions was inspired by the model of human
visual attention proposedby Rensnk [9], where proto-
objectsare detectedsubconsciouslyn the visual periphery
and attention shifts betweentheseto allow more detailed
considerationOur potentialobject detection methodcan be
considereda simpli ed versionof objectdiscovery, suchas
the methoddescribedby Southg et al. [10], which attempts
to faithfully segment meaningful objects using numerous
cues.In comparisonye producea lessprecisesegmentation
with lesscomputationandrely on subsequentecognitionto
re ne the result.

The remainderof this paperwill provide a detailedde-
scription for each componentof our method. Section Il
describesthe hardware system. Section Ill describesthe
potentialobjectselectionmethod,which servesto directthe
attentionfor our system.This is followed by a descriptionof
the navigation, mappingand coveragealgorithmin Section
IV and then by a brief descriptionof the visual object
recognition approachin Section V. Section VI presents
resultsobtainedduring the SRVC aswell as during further
testing conductedin our lab, which provide validation of
our approachFinally, future work and perspectieswill be
discussed.

Il. HARDWARE

Hardware designis animportantconsideratiorwhencon-
structing a robot which is tamgetedat operatingin a man-
made ervironment. Many extant robot platforms are lim-
ited by height, navigation ability and x ed direction sensor
platforms, so that interesting objects are inaccessible For
example,objectslocatedon desksor bookshelesin anof ce
areoftentoo high to be seenby a robot's camerasOur robot
platform was designedto have roughly similar dimensions
and exibility to a human,so that relevant regions of the
ervironment could be easily viewed and categyorised. Our
robot is an ActiveMedia PaverBot, equippedwith a SICK
LMS 200 planarrange nder. Therobot's camerasareraised
by a tower with heightapproximatelyl.5 m. The cameras
aremountedon a PTU-D46-17.5pan-tilt unit from Directed

Perceptionwhich providesan effective 360 gazerange.See
gure 1.

We employ a peripheral-foeal vision systemin orderto
obtainthe high resolutionrequiredto recogniseobjectswhile
simultaneoushyperceving a large portion of the surrounding
region. This choicehasagain beenmodelledafterthe human
perceptuakystem,and was also inspiredby designchoices
madein [11]. For peripheralvision, the robot hasa Bum-
blebeecolour stereocamerafrom PointGrey Researchwith
1024 768resolutionanda60 eld-of-view which provides
alow resolutionsurwey of theervironment.For fovealvision,
the robot hasa CanonPowerShotG7 still image camera,
with 10:0 megapixel resolution,and6 optical zoomwhich
allows for high resolutionimagingof tightly focusedregions.

IIl. ATTENTION SYSTEM

The attentionsystemidenti es potentialobjectsusingthe
peripheralvision system,and focuseson these objectsto
collect detailed images using the foveal system, so that
theseimagescan be further processedor object recogni-
tion. ldentifying potential objectscorrectly is a non-trivial
problem,dueto the presenceof confusingbackgroundsaind
the vast appearanceand size variationsamongstthe items
that we refer to as a objects. Our system makes use of
multiple cuesto solwe this problem. Speci cally, we obtain
depth from stereoto determinestructureswhich standout
from oor or backgroundandwe processvisualinformation
directly with a salieny measureto detect regions with
distinctive appearanceThis sectionwill describethe stereo
and salieng/ approachesn detail, and will describethe
subsequentollection of foveal images.

A. Steeo

The Bumblebeestereocamerais bundled with software
for computingdepthfrom stereo We usethe outputdisparity
mapsto detectobstaclesand objectsof interest,by detect-
ing regions with above- oor elevations, see gure 2. This
algorithm makes use of cameratilt (variable)and elevation
(static) to transformthe disparitiesto elevation values.The
elevations are then thresholdedat 10 cm, and the resultant
binary map is cleanedup by a series of morphological
operations.This helps to remove small disparity regions,
which arelikely to be erroneousandalso lls in smallgaps
in objects.The resultantobstaclemapis usedboth to avoid
bumping into objectsand tables,and in combinationwith
salieny to determinelikely locationsof objects.

B. Saliency

To detect potential objectswe malke use of the spectral
residual salieny measurede ned in [12]. We extend the
measureto colour in a mannersimilar to [13], i.e., we
computethe spectralresidualon three channels:intensity
red-green,and yellow-blue. The resultsare then combined
by summingthem to form a single saliencymap Regions
in multiple sizesarethendetectedn the salieny mapusing
the Maximally StableExtremalReagion (MSER)detectof14].
This detectoiis useful,sinceit doesnotenforcea partitioning



Fig. 2. Stereocomputation.Top to bottom: Left and right input images,
disparity map, and obstaclemap superimposean right input image.

of the scenelnstead nestedregionscanbe detectedjf they
are deemedo be stable. MSERsare regionsthat are either
darker or brighterthantheir surroundingsbut, sincebrightin
the saliengy mapcorrespondso high salieng, we know that
only bright regions are relevant here,and consequentlywve
only needto run half the MSER detector Bright MSERsare
shavn in red and greenin gure 3. Regions are required
to have their smallest salieny value above a threshold
proportionatlto the averageimageintensity(whichis justi ed

sincespectrakalieny scaledinearly with intensitychanges).

This gives us automaticadaptationto global illumination
and contrastchangesThe regions are further requiredto be
more than 20% smallerthan the next larger nestedregion,
to remove regions that are nearly identical. To ensurethat
the salientregions are not part of the oor, they are also
required intersectthe obstaclemap (see sectionlll-A) by
20% Regions which passtheserestrictionsare shovn in
greenin gure 3.

Comparedto [13], which can be consideredstate of the
artin saliengy detection the above describeddetectoroffers
threeadwantages:

1) The use of spectralsalieny and the MSER detector
malkesthe algorithman orderof magnitudefaster (0:1
insteadof 3:0 secondsn our system).

2) The use of the MSER detectorallows us to capture
both objectsand partsof objects,wheneer they con-
stitutestablecon gurations.This ts well with bottom-

Fig. 3. Salieny computation. Top to bottom: Input image, colour
opponeng channelgint,R-G,Y-B), spectralsalieny map,detectedMISERS,
and MSERssuperimposea@n input image.

up object detection, since objects typically consist
of smaller objects (object parts), and we would not
want to commit to a speci c scale before we have
analysedthe imagesfurther The multiple sizesalso
map naturally to different zoom settingson the still
imagecamera.

3) Theuseof anaverageintensityrelatedthresholdallows
usto outputzeroor mary salientregions,dependingn
the imagestructure.This is in contrastto the Walther
toolbox [13], which, dueto its built-in normalisation,
only can order salientregions, but never decidethat
thereis nothinginterestingin the scene.

Notethatthe potentialobjectsarenot necesarily whatone
would normally call objects.They are equally likely to be
distractingbackgroundeaturesge.g.,intersectinginesonthe
oor, or box cornersetc. The purposeof salieng is merely
to restrictthe total numberof possiblegazesto a smallerset



thatstill containghe objectswe wantto nd. This meanghat
it is absolutelyessentialthat the attendedpotential objects
are further analysedn orderto reject, or verify their status
asobjects.

C. Gazecontol

In orderto actuallycentrea potentialobjectin the still im-
agecamerawe employ the saccadiogaze control algorithm
describedin [15]. This algorithm learnsto centrea stereo
correspondencén the stereocamera.To insteadcentrean
objectin the still imagecamerawe have asled it to centre
the stereocorrespondencen the epipoles(the projections
of cameras optical centre)of the still image camerain the
stereocamera.

In order to selectan approprate zoom level, we have
calibratedthe scalechangebetweenthe stereocameraand
the still imagecamerafor a x ed numberof zoom settings.
This allows usto simulatethe effect of thezoom,by applying
the scalechangeto a detectedVISER. The zoom eventually
choseris thelargestonefor which the MSER still ts inside
the imageof the still imagecamera.

IV. SPATIAL REPRESENTATION

An embodied recognition system must do more than
simply recognisingsemanticallymeaningful objects which
aredirectly in its eld of view at a single momentin time.
It must additionally move safely through its ervironment,
recordthe locationsof detectedbjects,andplanits motions
to discover new objects.Thatis, it mustbe ableto represent
spatial-semantiinformation. Our systemaccomplisheghis
by: building a geometricmap representatiorof the space
it has so far encounteredusing this map to guide further
planningand exploration; covering the spacewith the visual
attentionsystemto searchfor objects;annotatingobjectsin
the map when they are rst discovered; and updating the
object locations and propertiesover time by looking-back
from differentviewpoints. This sectionwill describeeachof
thesecomponentsn detail.

A. GeometricMapping

Our systemperforms mapping with FastSLAM, a Rao-
Blackwellized Particle Filter implementéion [16], which
builds a probabilisticoccupang grid [17] basedon the laser
range nderreadingsandthe robots odometry andtracksthe
robot's position within the map. An occupang grid is well
suitedto guide navigation and planning tasksfor a mobile
robotmaving ona at surface sinceit mirrorstheinherently
2D nature of this environment. We have implementeda
layeredplanning architecturewhere goals proposedby one
of the high level behaiours describeelon areachieved by
following a lower level pathproducedby A -searchthrough
theoccupang grid. Finally, the VectorField Histogramlocal
plannerdescribedby Borensteinet al. [18] is usedfor local
obstacleavoidanceandto adaptto dynamicchangesn the
ervironment.

B. Exploration Planning

We employ the frontier basedexploration techniquede-
scribedby Yamauchiet al. [19] to quickly cover the erviron-
mentwith the laserscannerand producean initial map.As
is illustratedin gure 4(a),afrontier is de ned asthe border
betweenexplored and uneplored space.For our system,
thesefrontiers will be the locationsjust beyond the range
of the laserscans,andin the lasershadavs createdbehind
objectsor aroundcorners.The frontier planning technique
identi es candidatelocations where laser scanswould be
mostlikely to uncover new regionsto explore. First, one of
thesepromisinglocationsis chosenthenthe robot movesto
this location,andthe mapis updatedThis processs iterated,
until all regions have beenexplored.

C. Coverage Planning

Eachtime aregion of the ervironmentis obseredwith the
peripheralcamerathe attentionsystemhasthe opportunity
to detect potential objects within that area. In order to
maximisetheseopportunities the camerashouldbe pointed
in directionswhich cover asmuchnew territory aspossible.
We use an iterated greedy searchbasedon visible area
weightedby the numberof previous obsenations,to select
favourable directions. This approachcausesthe camerato
cover the ervironmentroughly uniformly and give an equal
chanceof detectingpotentialobjectsin ary location.

D. ObjectPersistency

The set of available object posesin visual training data
collectedfrom the web is often incomplete.One tendsto
get thecharacteristic views [20] (e.g., a shoeis normally
photographedrom the side,andhardly ever from the front),
ratherthan a uniform samplingof views. In orderto recog-
nise objects from such limited training data, we attempt
to direct the foveal cameratowards previously detected
potentialobjectsfrom various vievs. This behaiour ensures
that the objectis recognisedeven if the training data is
biasedtowards one, or a small numberof viewpoints. To
allow collectionof highly distinctive viewpoints,the previous
views of an objectvote for nearbyanglesinto a histogram
with valuesin therange[0; 2 ], andhistogrambinswith low
scoresare selected.That is, views from a completely new
direction are favoured over thosefrom similar angles.We
again employ greedysearctover histogranvaluesanditerate
the procedurdo obtainroughly uniform coverageof viewing
anglesOnceadirectionis selectedthe hierarchicalplanning
methodmaovesthe robotto the desiredviewing positionand
a foveal imageis collected.Figure 4(b) shavs an example
of a path producedduring this behaiour.

V. OBJECT RECOGNITION

While we focuson robot explorationandimagecollection
in this paperit is alsoimportantto brie y discusour method
for subsequentlyecognisingobjectsin theimages.This sec-
tion will outline our approachfor training objectclassi ers
andfor evaluatingtheseon theimagescollectedby our robot.
The currentobjectrecognitionsubsystentollectsits training



Fig. 4. Pathsare plannedto achieve numerousgoals.(a) Path towardsfrontier of unexplored space(indicatedby blue dots) allow for exploration. (b) A

pathto anotherclearview of an object(indicatedby a yellow dot) canbe usedto obtain multiple views. Legend:+ startof path.

datafrom imagesreturnedby text-basedqueriesto internet
imagesearctenginesThesesearchresultswill likely contain
numerousmagescontainingthe desiredobject,but will also
almost certainly contain some mislabelledimages,cartoon
representation®f the object, and extensve clutter. Such
unstructuredmagedatamakeslearninganobjectappearance
model quite challenging particularlywhen coupledwith the
time constraintsof the competition.Heurisic re-rankingof
the imagescan focus attentionon more usefulimages.Our
systemusescolourhistogramanalysisto demoteimageswith
few colours, which are likely to be anartist's renderings
and promotesunclutteredimageswith homogeneou$ack-
groundsusing colour image segmentation.

Unfortunately the training datawill remain challenging
even after such processing,so general classi er learning
approachessuch as Zhang et al. [21] were found to be
ineffective. It wasstill possibleto recognisegparticularimages
using the local feature matching approachdescribedby
Lowe [22]. So, our training phasecurrently consistsof a
computationof SIFT featuresand their geometricrelations
for the training examples. Of course, this method is as
likely to match incorrectly labelled imagesas the correct
ones.So, we searchfor consisteng in the training set by
evaluatingpairwisesimilarity. Imageswhich mutually agree
uponobjectappearancare ranked highly and aretried rst
for recognition.

Our recognition system searchesfor matching features
betweentraining and test images.Thesematchingfeatures
allow us to detectobjects and evaluate the con dence in
the detections.That is, a large nhumber of geometrically
consistenfeaturematchesndicatesa high likelihoodthatthe
objectis presenin theimage.If multipleimagesarelabelled
as containing a particular object, the system outputs the
one with the highestcon dence. The locationsof matched
featuredn the robots imagesareusedto determinghelikely
position and extent of the objectand producea bounding
box. The quality of the boundingboxes (comparedto ones
manually dravn by the judges)were usedto determinethe

end of path.

scoreat the SemanticRobot Vision Challenge.

VI. EXPERIMENTAL RESULTS
A. SemantidVapping

The combinationof techniquesdescribedn the previous
sectionsendav a mobile agentwith the ability to explore
its ervironment and to recognisethe objectsit discovers.
This behaiour can be easily extendedto spatial-semantic
mappingby back-projectingthe recognisedobjectsinto the
robot's map representatiorof the world. In our case,the
probabilistic occupang grid constructedfrom laser range
scansfed through the FastSLAM algorithm can be aug-
mentedwith thelocationsof visual objects.For example, g-
ure 5(b) and5(c) illustrate the locationsof objectsmatching
the labels “robosapien”, “basketball”’, and “recycling bin”.
Theobjectrecognitionsubsystemvasprovidedwith between
2 and4 exampleviews of eachobject,see gure 5(a) for an
example. Each of the objectswas recognisedirom various
locations, giving several piecesof information about the
objectspositions,and allowing for collection of humerous
views which canbe usedfor recognitionor future matching.
We ervision that the types of mapsillustrated here could
be easily usedin a human-robotinteraction systemwhere
the humanoperatorwould be ableto relay commanddo the
robotin semanticallymeaningfulterms.

B. SR/C ContestPerformance

As mentionedearlier the 2007 SR/C contestwas com-
posedof three phases:web search,exploration, and clas-
si cation. The abilities of the intelligent systemdescribed
in this paperwere demonstratedn the SR/C, where our
systemwas the winning entty in the robot league.Figure
6 demonstrateseveral of the objects correctly classi ed
by our systemduring the nal round of the contest,along
with several of the misclassi cations As canbe seenby the
imagesthe contestiervironmentwasnot completelyrealistic,
but it was sufciently complicatedto presenta signi cant
challengefor currentstateof the art recognitionsystemslt



Fig. 5. Combiningthe spatialawarenesgprovided by SLAM with objectrecognition,meaningfulobjectlabelscan be assignedo locationsin the map.
(a) Training datafor object“robosapien”.(b) Overview photo of the room the robot is exploring. (c) The mapwith three objects,andthe locationsfrom

which they were obsered. Legend:

wasimpossibleto view all candidateobjectsfrom ary single
location, so robot motion and collection of multiple views
of eachobjectwasessential Also, mary of the objectswere
placedin highly clutteredlocationssuchastabletops,which
would causeconfusionfor salieny methodshatdo not take
into accountthat parts of objectsmay also themseles be
objects. The navigation and attention systemsdescribedin
sectionslll and IV weresufciently successfuht exploring
and determiningthe locationsof interestingobjectsto deal
with thesechallenges.

VIlI. CONCLUSIONS

In this paper we degribed an intelligent systemcapable
of building a detailedsemanticrepresentationf its erviron-
ment. Through careful integration of componentsthis sys-
tem demonstrateseasonablysuccessfulnd accurateobject
recognitionin a quasi-realisticscenario.However, thereis
still signi cant work neededo producea systemwhich will
operatesuccessfullyin more generalervironmentssuch as
homes,of ces, and nursinghomes wherepersonalkcompan-
ion robots are intendedto operate.ln such ervironments,
challengesinclude the level of clutter, numberof distinct
objects,challenging3-D navigation, dynamicervironments,
andneedto operatein realtime, amongmary others.While
the currentimplementationof our systemis not sufciently
sophisticatedto be successfulin these ervironments, we
believe thereareseveraladditionalcomponentsvhich would
bring this closerto reality.

The objectpersistencability is usefulfor looking backat
previously seenobjectswhile moving about,andthusto get
new views of objects.Thesenew views can be used,either
to establishobjectidentity in caseswherethis fails from a
particular view, or to extend the objectmodelswith more
training examples,and thus make them more robust.

Onlineandlife-long learningareboth promisingdirections
towardsdevelopinga truly usefulhomecompaniorwhich is

robot poseswhereobjectswere rst seen,

object“basketball’, object“recycling bin”, r object“robosapien”.

able to interactwith peopleand visually ground objectsof

commoninterest.A large challengeto sucha systemis to

learn to recognisethe set of objectsand classeswhich are
useful in the particular scenario ofinterest. This problem
is confoundedby the fact that the set of such objects
will change andfurther, that their appearancemay change
over time. Adaptationis clearly neededto overcomethese
challengesbut aneven strongercommentcanbe made.lt is,

in mary casesaneasiewvisualtaskto recognisebjectswhen
trainedin the particularcircumstancesind on the particular
objects which will be required during operation. Active

training dataacquisitionasfacilitatedby objectpersistencés

neededto extend the crude modelsobtainedfrom the web,

and to adaptto changingobject appearances.g., due to

wear and tear Of course,thereis a non-trivial amountof

overheadeffort involved in constantlyre-traininga mobile

agent,however, this overheadmay be offset by the improved

performancewhich could be achieved.

Contt is a currently untappedsource of information
which can be usedto aid the spatial-semantigecognition
task.Contextual informationsuchasthe type of room being
examinedwould helpto prioritise recognitioneffort towards
those objects likely to be present.Spatial contet allows
preferenceo be givento searchindgor anobjectat the height
andpositionat which it is normally found. Someinteresting
attemptsto incorporatecontext usingthe gist descriptor{23]
aregivenin [24].

We believe that the prospectof a useful mobile robot
companionis a realistic medium term goal and that mary
of the componentdiscussedn this paperwill be essential
to the realization of such a system.It will continue to
be importantto evaluate approacheghat extract semantic
meaningfrom visual scenesn realisticscenariosandalsoto
integratesuchsystemswith active, mobile systemsjn order
to achieve robustnessand generality The systemdescribed
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(b)

Fig. 6. Recognitionresultsrecordedduring the of cial run of the 2007 SRV Contest.(a-d) High quality views obtainedby the focus of attentionsystem,
allowing for correctrecognitions.(e-f) The systems$ bestguessest objectsfor which no goodviews were obtained- theseare clearly incorrect.

hereis one stepalongthis path.
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