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Abstract

We presenta "parts and structure” modelfor objectcate-
goryrecaynitionthatcanbelearntefciently andin asemi-
supervisednanner: the modelis learnt from exampleim-
agescontainingcategory instanceswithout requiring seg-
mentationfrom badgroundclutter.

Themodelis a spaiserepresentatiorof the object,and
consistsof a star topology con guration of partsmodeling
the output of a variety of feature detectos. The optimal
choice of feature types(whoserepertoire includesinterest
points,curvesandregions)is madeautomatically

In recanition, the modelmay be applied efciently in
an exhaustivemanner bypassingthe needfor feature de-
tectors, to give the globally optimal matd within a query
image. Theapproad is demonstatedon a wide variety of
catgyories, and delivers both successfutlassi cation and
localizationof the objectwithin theimage.

1. Intr oduction

A variety of modelsand methodsexist for representing,
learningandrecognizingobjectcateyoriesin images.Many
of theseare variationson the “Parts and Structure”model
introducedby FischlerandElschlage(8], thoughthe mod-
ern instantiationsuse image fragmentsand invariant re-
gions[1, 2, 3, 10, 13, 18, 19. The constellationmodel
[3, 6, 19 wasthe rst to corvincingly demonstratehat
modelscouldbe learntfrom semi-supervisednsgmented
training images(i.e. the only supervisioninformationwas
thattheimagecontainedaninstanceof the objectcatagory,
but not the locationof the instancein the image). Various
typesof categoriescouldbemodeledjncludingthosespec-
i ed by tight spatialcon gurations(suchascars)andthose
speci ed by tight appearance&xemplars(such as spotted
cats). The modelwastranslationand scaleinvariantboth
in learningandin recognition.

However, the Constellationmodel has some serious
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short-comingshamely: (i) The joint natureof the shape
modelresultsin anexponentialexplosionin computational
cost,limiting thenumberof partsandregionsperimagethat
canbe handledin learning. For N featuredetectionsand
P modelpartsthe compleity for bothlearningandrecog-
nition is O(NP). (ii) Sinceonly 20-30regionsperimage
and6 partsarepermittedby this compleity, themodelcan
only learnfrom an incredibly sparserepresentatiomnf the
image.Goodperformancas thereforehighly dependenbn
the consistentring of the interestoperator (iii) Only one
typeof interestoperator(aregion operator)vasused mak-
ing the modelvery sensitve to the natureof the class. If
the distinctive featuresof the cateyory happen,say to be
edge-basethenrelying on aregion-basedietectotis likely
to give poor results(thoughthis limitation was overcome
in later work [7]). Finally, (iv) The modelhasmary pa-
rametergresultingin over- tting unlessa large numberof
trainingimagesareused(typically 200+).

Other modelsand methodshave since beendeveloped
which have achievedsuperiomperformanceo the constella-
tion modelon atleasta subsebf the objectcateyoriesmod-
eledin [6]. Thesemodelsrangefrom bag-of-word models
(wherethewordsarevectorquantizednvariantdescriptors)
with no spatialorganization[4, 16], throughto fragment
basedmodels[2, 10, 13] with particularspatialcon gura-
tions. The methodsutilize a rangeof machinelearningap-
proache€M, SVMs andAdaboost.

In this paperwe proposea heterogeneoustar model
which maintainsthe simpletraining aspectof the constel-
lation model,andalso,like the constellatiormodel,givesa
localizationfor the recognizedbject. The modelis trans-
lation and scaleinvariantboth in learningandin recogni-
tion. Therearethreemain areasof innovation: (i) bothin
learningandrecognitionit hasa lower compleity thanthe
constellatiormodel. This enabledoth the numberof parts
and the numberof detectedfeaturesto be increasedsub-
stantially; (i) it is heterogeneouandis ableto make the



optimumselectiorof featuretypes(from apool of three,in-
cludingcurves).Thisenablest to bettermodelobjectswith
signi cant intra-classvariationin appearancdyut lessvari-
ationin outline (for examplea guitar), or vice-versa; (iii)
The recognitionstagecan usefeaturedetectorsor can be
exhaustve in the mannerof Felzenswalb andHuttenlocher
[5]. In the latter casethereis no actual detectionstage.
Ratherthe modelitself de nesthe areasof mostrelevance
usinga matchedlter. This exhaustve searchovercomes
mary falsenegativesdueto featuredrop out, andalsopoor
localizationsdueto smallfeaturedisplacemenandscaleer
rors.

2. Approach

We describehere the structureof the heterogeneoustar
model, how it is learntfrom training data, and how it is
appliedto testdatafor recognition.

2.1 Star model

As in the constellatiormodelof [6], our modelhasP parts
andparameters. Fromeachimagei, we extractN fea-
tureswith locationsX '; scalesS' anddescriptorsD'. In
learningtheaimisto nd thevalueof thatmaximizeshe
log-likelihoodoverall images:

X X
log p(X;D;Sj ) = log
i i h

p(X;D;S;hj) (1)

SinceN >> P, we introducean assignmentariable,h,
to assignfeaturesto partsin the model. We thenfactorthe
joint density:

p(X;D;S;hj ) = P(_Dﬂzh;_i P

(2)
In [6], theappearancmodelsfor eachpartis assumedghde-
pendentbut the relative location of the modelpartsis rep-
resentediy a joint Gaussiardensity While this provides
the mostthoroughdescription,it makesthe locationof all
parts dependenbn one another Consequentlythe EM-
basedlearning scheme,which entails mamginalizing over
p(hjX;D:;S; ), becomesan O(N ") operation. We pro-
poseasimpli ed con gurationmodelin whichthelocation
of the modelpartis conditionedon the locationof a land-
markpart. Underthis modelthe non-landmarlpartsarein-
dependentf oneanothergiventhe landmark.In graphical
modelterms,this is a tree of depthone,with the landmark
partbeingthe root node. We call this the “star” model. A
similar model, wherethe referenceframe actsas a land-
markis usedby Lowe [14] andwasstudiedin a probabilis-
tic framework by Moreelset al. [15]. Figure 1 illustrates
thedifferencedbetweerthefull andstarmodels.In thestar
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Figure1: (a) Fully-connectedsix part shapemodel. Each
nodeis a model part while the edgesrepresenthe depen-
denciesbetweerparts. (b) A six part Starmodel. Thefor-

merhascompleity O(N 7)) while thelatterhascomplexity

O(N 2P) which maybefurtherimprovedin recognitionby

theuseof distance-transformi®] to O(N P).

modelthejoint probabilityof thecon gurationaspecbf the
modelmaybefactoredas:

Y

P(XjS;h; ) = p(xLjhy)

j6L
wherex; is thepositionof partj andL is thelandmarkpart.
We adopta Gaussiaimodelontherelative positionbetween
the partsp(x; jxL;sc; hj; ). Thereduceddependencies
of this model meanthat the mamginalizationin Eqgn. 1 is
O(N?P), enablingus to copewith far largerN andP in
learning.

In practicalterms,we canachiese translationinvariance
by subtractingthe location of the landmarkpart from the
non-landmarlones. Scaleinvarianceis achieved by divid-
ing the location of the non-landmarkpartsby the locally
measuredcaleof thelandmarkpart.

It is usefulto examinewhathasbeenlostin thestarcom-
paredto the constellationmodel of [6]. In the starmodel
ary of the leaf (i.e. non-landmark)partscan be occluded,
but (asdiscussedelon) we imposethe conditionthat the
landmarkpart mustalways be present. With smallN this
canleadto amodelwith arti cially highvarianceput asN
increaseghis ceasego be a problem(sincethe landmark
is increasinglylikely to actually be detected). The ability
of one or more partswithin the constellationmodelto be
occludedis a powerful feature: not only doesit make the
modelrobustto theinadequaciesf the region detectorbut
it also assiststhe corvergencepropertiesof the model by
enablinga subsebf the partsto be tted ratherthanall si-
multaneously

The starmodelalsoprovidesotherbene tsin thatit has
lessparameterso that the modelcanbe trainedon fewer
imageswithout over- tting occurring.

p(xjjxcsscihys j)  (3)

2.2 Heterogeneoudeatures

By constrainingthe modelto operatein bothlearningand
recognitionfrom the sparseoutputsof a featuredetector



goodperformancés highly dependentn thedetectornd-
ing partsof the objectthatarecharacteristi@anddistinctive
of theclass.Themajority of approacheasingfeature-based
methodsrely on region detectorssuchasKadir and Brady
or multi-scaleHarris[9, 11] which favor interestpointsor
circularregions.However, for certainclassesuchasbottles
or mugs,the outline of the objectis moreinformative than
thetexturedregionson theinterior. Curveshave beenused
to alimited extentin previousmodelsfor objectcateories,
for exampleboth Fegusetal. [7] andJurie& Schmid[10]
introducecurvesasa featuretype. However, in both cases
themodelwasconstrainedo beinghomogeneous,.e. con-
sistingonly of curves.Herethemodelscanutilize acombi-
nationof differentfeaturesdetectorsthe optimal selection
beingmadeautomatically This makestheschemdar more
robustto thetypeof cateyoryto belearnt.

Figure2: Outputof threedifferentfeaturedetectorson two
airplaneimages.(a) Curves.(b) Kadir & Brady. (c) Multi-
scaleHarris.

In our schemewe have a choiceof threefeaturetypes:
Kadir & Brady; multi-scaleHarris and Curves. Figure 2
shavsexamplesof these3 operator®ntwo sampleairplane
images.Thedetectorsverechosersincethey aresomevhat
complementaryn their properties: Kadir & Brady favors
circular regions; multi-scaleHarris prefersinterestpoints,
andcurveslocatethe outline of the object.

To be ableto learn different combinationsof features
we usethe samerepresentatiotior all types. Inspiredby
the performanceof PCA-SIFTin region matching[12], we
utilize a gradient-basedPCA approachin contrastto the
intensity-based®CA approachof [6]. Boththeregionoper
atorsgive alocationandscalefor eachfeature.Eachfeature
is croppedfrom the image(usinga squaremask);rescaled
toak k patch;hasits gradientcomputedandthennor-
malizedto remove intensity differences.Note that we do
not performary orientationnormalizationasin [12]. The
outcomeis a vectorof length2k?, with the rst k elements
representinghex derivative,andthesecondk they deriva-
tives.Thederivativesarecomputedy symmetric nite dif-
ference(croppingto avoid edgeeffects).

The normalizedgradient-patctis then projectedinto a
x edPCAbasig of d dimensionsTwo additionalmeasure-
mentsare madefor eachgradient-patchits unnormalized
enegy andthereconstructiorerrorbetweerthe pointin the
PCA basisandthe original gradient-patch Eachregion is
thusrepresentetly a vectorof lengthd + 2.

Curve featuresare extractedin the samemanneras|[7]:
a Canry edgedetectoiis run overtheimage;theedgelsare
groupedinto chains;eachchainis then broken at its bi-
tangentpointsto give a curve. Sincethe chain may have
multiple bitangentoints,eachchainmayresultin multiple
curves(which may overlapin portions). Curveswhich are
very straighttendto beuninformative andarediscarded.

The curvesarethenrepresenteéh the sameway asthe
regions. Eachcurve's locationis taken asits centroidwith
the scalebeingits length. The region aroundthe curve is
thencroppedfrom the imageandprocessedn the manner
describedabove. We usethe curve asan interestoperatoy
modelingthe texturedregion aroundthe curve, ratherthan
the curve itself. Modelingthe actualshapeof the curve, as
wasdonein [7], provedto be uninformative,in partdueto
thedif culty of extractingthecontoursconsistentiyenough.

2.3 Learning the model

Learning a heterogeneoustar model (HSM) can be ap-
proachedn several ways. Onemethodis to learna fully
connectedconstellationmodel using EM [6] andthenre-
ducethe learntspatialmodelto a starby exhaustvely try-
ing out eachof the partsas a landmark,and picking the
onewhich givesthe highestlikelihoodon thetraining data.
The limitation of this approachs thatthe fully connected
modelcanonly handlea small numberof partsand detec-
tionsin learning.The secondnethodwhich we adopt,is to
learntheHSM directly usingeM asin [6, 19, startingfrom
randomly-chosemitial conditions.enablingthelearningof
mary morepartsandwith moredetections/image.

1The x edbasiswascomputedisingpatchesxtractedusingall Kadir
andBradyregionsfoundon all the trainingimagesof Motorbikes; Faces;
Airplanes;Cars(Rear);LeopardsandCaltechbackground.



Due to the more e xible natureof the HSM successful
learningdependson a numberof factors: First, to avoid
combinatoricsnherentin parametespaceanorderingcon-
straintis imposedon the locationsof the modelparts(e.g.
the x-coordinatesnustbeincreasing).However, to enable
thelandmarkpartto selectthe moststablefeatureontheob-
ject (recallthatwe forceit to alwaysbe present)the land-
mark is not subjectto this constraint. Additionally, each
partis only allowedto pick featuresof a pre-de nedtype
andthe orderingconstraintonly applieswithin partsof the
sametype. This avoids over-constraininghe shapemodel.
Imposingtheseconstraintspreventsexact mamginalization
in O(N ?P), however by usingef cient searchmethodsan
approximationcanbe computedby consideringhe bestG
hypothese# eachframe(G = 10* in our experiments).

Secondthe optimal choiceof featuretypesis madeus-
ing a validationset. For eachdatasetgiven a pre-de ned
numberof parts,sevenmodelseachwith differentcombina-
tions of typesaremodelsarelearnt: Kadir & Brady (KB);
multi-ScaleHarris (MSH); Curves(C); KB + MSH; KB +
C;MSH+ C; KB + MSH +C. In eachcasethepartsaresplit
evenly betweertheparttypes.In casesvherethe datasets
small andthe validation setwould be too small to give an
accurateestimateof the error, the performancen thetrain-
ing setwasusedto selectthe bestcombination.

Learningis fairly robust, exceptwhena completelyin-
appropriatechoiceof featuretype wasmadein which case
it occasionallyrefusedto corverge at all, despitemultiple
re-runs. A major advantageof the HSM is the speedof
learning. For a 6 part modelwith 20 detections/feature-
typel/imageheHSM typically takes10 minutesto corverge,
asopposedo the 24 hoursof the fully connectednodel—
roughlythe sametime asa 12 part, 100 detections/feature-
type/imagewould with the HSM. Timings arefor a 2Ghz
Pentium4.

2.4. Recognitionusing features

For the HSM, aswith [6], recognitionproceedsn a similar

mannetto thelearningprocessFor aqueryimage,regions

are rst foundusinganinterestoperator Thelearntmodel

is thenappliedto the regionsandthe likelihood of the re-

gions given the model computed. This likelihoodis then

comparedo athresholdo determinaf theobjectis present
or notin theimage.

Good performances dependenbn the features ring
consistentlyacrossdifferent object instancesand varying
transformations.To ensurethis, one approachis to usea
verylargenumberof regions,howevertheproblemremains
that eachfeaturewill still be perturbedslightly in location
andscalefrom its optimal position so degradingthe qual-
ity of the matchobtainableby the model. We addresghese
issuedn thenext section.

2.5. Exhaustive recognitionwithout features

Relying on unbiasedgcruderegion operatorsn learningis
a necessaryvil if we wish to learnwithout supervision:
we have no prior knowledgeof what may or may not be
informativein theimagebut we needasparseepresentation
to reducethe compleity of the imagesufciently for the
modellearningto pick out consistentstructure. However
in recognition, the situationis different. Having learnta
model, the appearancelensitiesmodel the regions of the
imagewe wish to nd. Our exhaustive approacltrelieson
thesedensitieshaving a sufciently tight variancethatthey
canbeusedfor softtemplatematching.

The schemepasedon Feltzenswlb et al. [5], proceeds
in two phases:rst, theappearancdensitiesarerunexhaus-
tively overtheentireimage(andatdifferentscales) At each
locationandscale we computethelik elihoodratio for each
part. Secondwe take advantageof the Starmodelfor lo-
cationandemploy the ef cient matchingschemeproposed
by Feltzenswlb et al. [5], which enablegthe global max-
imum of both appearancandlocationto be found within
theimage.Theglobalmatchfoundis clearlysuperiorto the
maximumover a sparsesetof regions. Additionally, it al-
lows usto preciselylocalizethe object(andits parts)within
theimage.See gure 3 for anexample.

In moredetail,eachPCA basisvectoris corvolvedwith
theimage(employing appropriatenormalizations)so pro-
jectingevery patchin theimageinto the PCA basis.While
thisis expensie (O(k?N ), whereN is now the numberof
pixelsin theimageandk is the patchsize)this only needs
to be performedonceregardlesof the numberof category
modelsthat will evaluatethe image. For a given model,
thelikelihoodratio of eachpart's appearancdensityto the
backgroundiensityis thencomputedat everylocation,giv-
ing a likelihood-ratiomap over the entire image for that
part. Thecostis O(dN ), wheretypically d << k2.

We thenintroducethe shapemodel,which by the useof
distancetransforms[}, reduceshe costof nding the op-
timal matchfrom O(N 2P) to O(N P). Notethatwe can-
not usethis trick in learningsincewe needto maminalize
out over all possiblematchesnot just the optimal. Addi-
tionally, the ef cient matchingschemeaequiresthatthe lo-
cationmodelbe a tree. No orderingconstraintis applied
to the partlocationshencethe approximationsiecessaryn
learningarenotneeded.

3. Experiments

We investigatethe performanceof the HSM in a number
of ways: (i) we compareto the fully connectedmodel;
(i) the effect of increasingthe numberof partsanddetec-
tions/imagejiii) the differencebetweenfeature-basednd
exhaustie recognition.
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Figure 3: An exampleof the exhaustve recognitionoper

ation on a queryimage. (a) A mosaicqueryimage. (b)

First ve descriptordensitiesof a5 partfacemodel(black
is backgrounddensity). (c) Overall matchingprobability
(redis higher). The global optimumindicatedby the white

circle, while the magentat+ 's shav the maximumof each
part's response. Note they are not in the samelocation,
illustrating the effect of the shapeterm. (d) Close-upof

optimal t with shapemodelsuperimposedCrossesndi-

catesmatchedocationof eachpart,with the squareshaow-

ing their scale.The ellipsesshav the varianceof the shape
modelat 1 standardieviation.

3.1 Datasets

Our experimentsuse a variety of datasets.Evaluation of
the HSM usingfeature-basedetectionis doneusingnine
widely varying, unnormalizeddatasetsummarizedn Ta-
ble 1. While somearerelatively consistenin nature(Mo-
torbikes, Faces)otherswere collectedfrom Googles im-
agesearchandarenotnormalizedn ary way soarehighly
variable(Camels Bottles). GuitarsandHousesaretwo ad-
ditionaldatasetsthelatterof whichis highly variablein na-
ture. The neggative testsetconsistsof a variety of scenes
around Caltecl. In recognition, the test was a simple
object present/absertest with the performanceevaluated
by comparingthe equalerrorrates(p(Detection)=1-p(Blse
Alarm)). To testthe differencebetweenfeature-basednd
exhaustve recognitionwhere localization performanceis
important,the UIUC Cars(Side)datase{1] wasused. In

2All datasetsare available at http://www.robots.ox.ac.uk/"vgg/
data.html  and at http://www.vision.caltech.edu/html- files/
archive.html

Total size Full model Starmodel

Dataset of dataset | testerror(%) | testerror(%)
Airplanes 800 6.4 6.8
Bottles 247 23.6 27.5
Camels 350 23.0 25.7
Cars(Rear) 900 15.8 12.3
Faces 435 9.7 11.9
Guitars 800 7.6 8.3
Houses 800 19.0 21.1
Leopards 200 12.0 15.0
Motorbikes 900 2.7 4.0

Tablel: A comparisorbetweerthestarmodelandthefully

connectednodelacros® datasetssomparingestequaler

ror rate. All modelsused6 parts,20 Kadir & Brady detec-
tions/image.In generalthe dropin performancds a few

percentwhenusingthe simplerstarmodel. The high error
ratefor someclassess dueto the inappropriatechoiceof

featuretype.

this casethe evaluationin recognitioninvolveslocalizing
multiple instance®f the object.

3.2 Comparisonof HSM and full model

We comparethe HSM directly with the fully connected
model,seeinghow therecognitionperformancelropswhen
the con guration representatioris simpli ed. The results
areshawvn in Tablel. It is pleasingto seethatthe dropin
performancaes relatively small,only afew percentat most.
Theperformancevenincreaseslightly in casesvherethe
shapemodelis unimportant.Figures5-8 shav starmodels
for guitars,bottlesandhouses.

3.3 Heterogeneougpart experiments

Here we x ed all modelsto use 6 parts and have 40
detections/feature-type/framd@able 2 shaws the different
combinationsof featureswhich weretried, alongwith the
bestonepickedby meansof thetraining/validationset. We
seea dramaticdifferencein performancebetweendiffer-
ent featuretypes. It is interestingto note that several of
theclassegperformbestwith all threefeaturetypespresent.
Figure5 shavs a heterogenoustarmodelfor Cars(Rear).

Dataset KB MSH C KB,MSH KB,C MSH,C KB,MSH,C
Airplanes 6.3 22.5 275 113 135 18.3 125
Bottles 24.2 23.3 175 24.2 20.8 15.0 175
Camel 25.7 20.6 26.9 24.6 24.0 22.9 24.6
Cars(Rear) 118 6.0 5.0 2.8 4.0 5.3 2.3
Faces 10.6 16.6 7.1 12.0 13.8 129 10.6
Guitars 6.3 12.8 26.0 8.5 9.3 18.8 12.0
Houses 17.0 22,5 36.5 20.8 23.8 26.3 20.5
Leopards 14.0 18.0 45.0 13.0 23.0 23.0 18.0
Motorbikes 3.3 3.8 8.8 3.0 3.3 3.8 3.5

Table2: Theeffect of usinga combinationof featuretypes
ontestequalerrorrate. Key: KB = Kadir & Brady; MSH
= Multi-scale Harris; C = Curves. All modelshad 6 parts
and40 detection/feature-type/imagEigurein boldis com-
binationautomaticallychoserby training/validationset.



3.4. Number of parts and detections

Taking advantageof the ef cient natureof the starmodel,
we now investigatehow the performancealtersasthe num-

berof partsandthenumberof detections/feature-type/frame

is varied. The choiceof features-typesor eachdataseis
x edfor theseexperimentsusingthe optimalcombination,
aschoserin Table2.

As the numberof partsin the modelis increasedfor a
x ed numberof detections/frameyomeof the catgories
shaw aslightchangedn performancéout mary remaincon-
stant. Examinationof the modelsrevels that mary of the
additionalpartsdo not nd stablefeatureson the object,
suggestinghat more featureson the image are required.
Increasinghe numberof detections/feature-type/image
creasedghe error rate sincemary of the additional detec-
tionslie in the backgroundf the image,soincreasingthe
chancef afalsepositive. With a suitablecombinationof
feature-typeshowever, the increasechumberof partsand
detectionsgives a more completecoverageof the object,
improving performancege.g. Cars (Rear) wherethe error
dropsfrom 4.5%at 6 partsto 1.8%with 12 parts,using40
detections/imagef all 3 featuretypes).

== Motorbikes =* Faces Houses
Airplanes Leopards == Guitars
25r == CarsRear —# Camels - Botlles

Airplanes Leopards -~ Guitars

%
== Motorbikes =* Faces Houses
—#- CarsRear -#- Camels -# Bottles

i %0 g
Number of detections/image

§ § 10
Number of parts

(@) (b)
Figure 4: (a) Test equal error rate versus number of
parts, P, in the star model for 40 detections/feature-

type/image. (b) Testequalerror rate versusthe number
of detections/feature-type/imagh,, for 8 part star mod-
els. In both caseghe combinationsof feature-typesised
waspickedfor eachdatasefrom theresultsin Table2 and
X ed.

3.5, Exhaustive seaich experiments

We now investigategheperformancef feature-baserkecog-
nition versusthe exhaustve approach. Taking the Cars
(Rear)modelshavn in Figure5, we apply it exhaustvely
to thesametestsetresultingin theequalerrorratedropping
from 4.5%to 1.8%. Detectionexamplesfor the exhaustie
approachareshowvn in Figure 10, with the ROC curvesfor
thetwo approacheshavnin Figure11(b).

The localization ability of the exhaustve approachis
testedontheCars(Side)datasetshavnin Figure9. A fully
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Figure 5: An 8 part heterogeneoustar model for Cars
(Rear),usingall threefeaturetypes(Kadir & Brady (K);
multi-ScaleHarris (H); Curves (C)). Top left: Detection
in a testimagewith the spatialcon guration model over-
laid. The coloreddotsindicatethe centersof regions (K
or H) choserby the hypothesisvith the highestlikelihood.
The thick curve in redis the curve selectedby one of the
curve parts— the othercurve partbeingunassignedn this
example.The magentalotsandthin magentaurvesarethe
centersof regionsand curvesassignedo the background
model. The ellipsesof the spatialmodelshav the variance
in locationof eachpart. The landmarkdetectionis the top
left red one. Top right: 7 patchesclosestto the meanof
the appearanceensityfor eachpart, alongwith the deter
minantof the variancematrix, so asto give anideaof the
relative tightnessof eachdistribution. The color of thetext
correspondso thecolor of thedotsin the otherpanels.The
letter by eachrow indicatesthe type of eachpart. Main
panel More detectionexamples. Sameas top left, but
without the spatialmodeloverlaid. The sizeof the colored
circlesindicatesthe scaleof regionsin the besthypothesis.
Thetesterrorfor this modelis 4.5%.

connectednodel(Figures9 (a) & (b)) waslearntandthen
decomposeihto a starmodelandrun exhaustvely overthe
testset. An errorrate of 7.8% wasachieved— a decrease
from the 11.5%obtainedwith a fully connectednodelus-
ing feature-basedetectionin [6]. Examplesf the exhaus-
tive starmodellocalizing multiple objectinstancesanbe
seenin Figure9(c).
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Figure9: (a) & (b) A 6 partmodelCars(Side),learntusing
Kadir & Bradyfeatures(c) Exampleof themodellocaliz-
ing multiple objectinstancedy exhaustie search.
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Figure 10: Detectionexamplesof the 8 part Cars(Rear)
modelfrom Figure5 beingusedexhaustvely.
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Figure11: (a) Comparisorbetweenfeature-basednd ex-
haustvelocalizationfor Cars(Side).Black recall-precision
cuneis [1]; redis joint shapemodelwith feature-basede-
tection[6] andblueis exhaustve-searctapproactwith star
model, usingthe modelin Figure9. The equalerror rate
of 11.5%from [6] dropsto 7.8% when usingthe exhaus-
tive searchwith the starmodel. (b) ROC curvescomparing
feature-basedred) and exhaustve detection(blue) for the
8 partCars(Rear)modelin Figure5. Equalerrorimproves
from 4.5%for feature-basetb 1.8%for exhaustve.

4. Summary and Conclusions

We have presenteé heterogeneoustarmodel. This model
retainstheimportantcapabilitiesof the constellatiormodel
[6, 19], namelythatit is ableto learnfrom unsgmentecand
unnormalizedraining data; and in recognitionon unseen
imagesit is able to localize the detectedmodel instance.
TheHSM outperformgheconstellatiormodelonalmostall
of the six datasetpresentedn [6]. It is alsofasterto learn,
andfasterto recognizedueto theO(N 2P) or O(N P) com-
plexity ratherthanthe O(N P) of the constellationmodel.
We have also demonstratedhe model on mary other ob-
ject categyoriesvarying over compactnesandshape.Note

that while other modelsand methodshave achieved supe-
rior performanceo [6], for example[4, 13, 16, 17], they
are unableto both learnin a semi-supervisedhannerand
localizein recognition.

Thereare several aspectof the modelthat we wish to
improve andinvestigate.First, althoughwe have restricted
themodelto a startopology, the approachs applicableto a
tree[5], andit will beinterestingo determinavhichtopolo-
giesarebestsuitedto which type of objectcategory. Sec-
ond a veri cation stage asusedby Leibe and Schiele[13]
wouldbedesirableln theircasehisre nementis responsi-
blefor al0%increasen performanceelativeto theirinitial
recognitionhypotheses.
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