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Abstract

We presenta ”parts andstructure” modelfor objectcate-
goryrecognitionthatcanbelearntef�ciently andin a semi-
supervisedmanner: the modelis learnt from exampleim-
agescontainingcategory instances,without requiringseg-
mentationfrombackgroundclutter.

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

In recognition, the modelmaybe appliedef�ciently in
an exhaustivemanner, bypassingthe needfor feature de-
tectors, to give the globally optimal match within a query
image. Theapproach is demonstratedon a widevarietyof
categories,and delivers both successfulclassi�cation and
localizationof theobjectwithin theimage.

1. Intr oduction
A variety of modelsand methodsexist for representing,
learningandrecognizingobjectcategoriesin images.Many
of thesearevariationson the “PartsandStructure”model
introducedby FischlerandElschlager[8], thoughthemod-
ern instantiationsuse image fragmentsand invariant re-
gions [1, 2, 3, 10, 13, 18, 19]. The constellationmodel
[3, 6, 19] was the �rst to convincingly demonstratethat
modelscouldbe learntfrom semi-supervisedunsegmented
training images(i.e. the only supervisioninformationwas
thattheimagecontainedaninstanceof theobjectcategory,
but not the locationof the instancein the image). Various
typesof categoriescouldbemodeled,includingthosespec-
i�ed by tight spatialcon�gurations(suchascars)andthose
speci�ed by tight appearanceexemplars(suchas spotted
cats). The modelwas translationandscaleinvariantboth
in learningandin recognition.

However, the Constellationmodel has some serious

short-comings,namely: (i) The joint natureof the shape
modelresultsin anexponentialexplosionin computational
cost,limiting thenumberof partsandregionsperimagethat
canbe handledin learning. For N featuredetections,and
P modelpartsthecomplexity for both learningandrecog-
nition is O(N P ). (ii) Sinceonly 20-30regionsper image
and6 partsarepermittedby this complexity, themodelcan
only learn from an incredibly sparserepresentationof the
image.Goodperformanceis thereforehighly dependenton
theconsistent�ring of the interestoperator. (iii) Only one
typeof interestoperator(a regionoperator)wasused,mak-
ing the modelvery sensitive to the natureof the class. If
the distinctive featuresof the category happen,say, to be
edge-basedthenrelyingonaregion-baseddetectoris likely
to give poor results(thoughthis limitation was overcome
in later work [7]). Finally, (iv) The model hasmany pa-
rametersresultingin over-�tting unlessa large numberof
trainingimagesareused(typically 200+).

Other modelsand methodshave sincebeendeveloped
whichhaveachievedsuperiorperformanceto theconstella-
tion modelonat leastasubsetof theobjectcategoriesmod-
eledin [6]. Thesemodelsrangefrom bag-of-word models
(wherethewordsarevectorquantizedinvariantdescriptors)
with no spatialorganization[4, 16], throughto fragment
basedmodels[2, 10, 13] with particularspatialcon�gura-
tions. Themethodsutilize a rangeof machinelearningap-
proachesEM, SVMsandAdaboost.

In this paperwe proposea heterogeneousstar model
which maintainsthe simpletraining aspectof the constel-
lationmodel,andalso,like theconstellationmodel,givesa
localizationfor the recognizedobject. Themodelis trans-
lation andscaleinvariantboth in learningand in recogni-
tion. Therearethreemain areasof innovation: (i) both in
learningandrecognitionit hasa lower complexity thanthe
constellationmodel.This enablesboththenumberof parts
and the numberof detectedfeaturesto be increasedsub-
stantially; (ii) it is heterogeneousand is able to make the



optimumselectionof featuretypes(from apoolof three,in-
cludingcurves).Thisenablesit to bettermodelobjectswith
signi�cant intra-classvariationin appearance,but lessvari-
ation in outline (for examplea guitar), or vice-versa;(iii)
The recognitionstagecan usefeaturedetectorsor can be
exhaustive in themannerof Felzenswalb andHuttenlocher
[5]. In the latter casethere is no actualdetectionstage.
Ratherthemodelitself de�nes theareasof mostrelevance
usinga matched�lter . This exhaustive searchovercomes
many falsenegativesdueto featuredropout,andalsopoor
localizationsdueto smallfeaturedisplacementandscaleer-
rors.

2. Approach
We describehere the structureof the heterogeneousstar
model, how it is learnt from training data,and how it is
appliedto testdatafor recognition.

2.1. Star model
As in theconstellationmodelof [6], our modelhasP parts
andparameters� . From eachimagei , we extract N fea-
tureswith locationsX i ; scalesSi anddescriptorsD i . In
learning,theaimis to �nd thevalueof � thatmaximizesthe
log-likelihoodoverall images:

X

i

log p(X ; D ; Sj� ) =
X

i

log
X

h

p(X ; D ; S; hj� ) (1)

SinceN >> P, we introducean assignmentvariable,h,
to assignfeaturesto partsin themodel. We thenfactorthe
joint density:

p(X ; D ; S; hj� ) = p(D jh; � )
| {z }
Appear ance

p(X jS; h; � )
| {z }
Rel: Locations

p(Sjh; � )
| {z }
Rel: Scale

p(hj� )
| {z }

Occlusion

(2)
In [6], theappearancemodelsfor eachpartis assumedinde-
pendentbut the relative locationof themodelpartsis rep-
resentedby a joint Gaussiandensity. While this provides
themostthoroughdescription,it makesthe locationof all
partsdependenton one another. Consequently, the EM-
basedlearningscheme,which entails marginalizing over
p(hjX ; D ; S; � ), becomesan O(N P ) operation. We pro-
poseasimpli�ed con�gurationmodelin which thelocation
of themodelpart is conditionedon the locationof a land-
markpart.Underthis modelthenon-landmarkpartsarein-
dependentof oneanothergiventhe landmark.In graphical
modelterms,this is a treeof depthone,with the landmark
partbeingtheroot 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]. Figure1 illustrates
thedifferencesbetweenthefull andstarmodels.In thestar
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Figure1: (a) Fully-connectedsix part shapemodel. Each
nodeis a modelpart while the edgesrepresentthe depen-
denciesbetweenparts. (b) A six partStarmodel. Thefor-
merhascomplexity O(N P ) while thelatterhascomplexity
O(N 2P) whichmaybefurtherimprovedin recognitionby
theuseof distance-transforms[5] to O(N P).

modelthejoint probabilityof thecon�gurationaspectof the
modelmaybefactoredas:

p(X jS; h; � ) = p(xL jhL )
Y

j 6= L

p(x j jxL ; sL ; hj ; � j ) (3)

wherex j is thepositionof partj andL is thelandmarkpart.
WeadoptaGaussianmodelontherelativepositionbetween
the partsp(x j jxL ; sL ; hj ; � j ). The reduceddependencies
of this model meanthat the marginalizationin Eqn. 1 is
O(N 2P), enablingus to copewith far larger N andP in
learning.

In practicalterms,we canachieve translationinvariance
by subtractingthe locationof the landmarkpart from the
non-landmarkones.Scaleinvarianceis achievedby divid-
ing the location of the non-landmarkpartsby the locally
measuredscaleof thelandmarkpart.

It is usefulto examinewhathasbeenlost in thestarcom-
paredto the constellationmodelof [6]. In the starmodel
any of the leaf (i.e. non-landmark)partscanbe occluded,
but (asdiscussedbelow) we imposethe conditionthat the
landmarkpart mustalwaysbe present.With small N this
canleadto amodelwith arti�cially highvariance,but asN
increasesthis ceasesto be a problem(sincethe landmark
is increasinglylikely to actuallybe detected).The ability
of oneor morepartswithin the constellationmodel to be
occludedis a powerful feature: not only doesit make the
modelrobustto theinadequaciesof theregion detectorbut
it alsoassiststhe convergencepropertiesof the modelby
enablinga subsetof thepartsto be�tted ratherthanall si-
multaneously.

Thestarmodelalsoprovidesotherbene�ts in that it has
lessparametersso that the modelcanbe trainedon fewer
imageswithoutover-�tting occurring.

2.2. Heterogeneousfeatures
By constrainingthe modelto operatein both learningand
recognitionfrom the sparseoutputsof a featuredetector,



goodperformanceis highly dependenton thedetector�nd-
ing partsof theobjectthatarecharacteristicanddistinctive
of theclass.Themajorityof approachesusingfeature-based
methodsrely on region detectorssuchasKadir andBrady
or multi-scaleHarris [9, 11] which favor interestpointsor
circularregions.However, for certainclassessuchasbottles
or mugs,theoutlineof theobjectis moreinformative than
thetexturedregionson theinterior. Curveshave beenused
to a limited extentin previousmodelsfor objectcategories,
for examplebothFerguset al. [7] andJurie& Schmid[10]
introducecurvesasa featuretype. However, in bothcases
themodelwasconstrainedto beinghomogeneous,i.e. con-
sistingonly of curves.Herethemodelscanutilize acombi-
nationof differentfeaturesdetectors,theoptimalselection
beingmadeautomatically. Thismakestheschemefarmore
robustto thetypeof category to belearnt.
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Figure2: Outputof threedifferentfeaturedetectorson two
airplaneimages.(a) Curves.(b) Kadir & Brady. (c) Multi-
scaleHarris.

In our scheme,we have a choiceof threefeaturetypes:
Kadir & Brady; multi-scaleHarris and Curves. Figure 2
showsexamplesof these3 operatorsontwo sampleairplane
images.Thedetectorswerechosensincethey aresomewhat
complementaryin their properties:Kadir & Brady favors
circular regions; multi-scaleHarris prefersinterestpoints,
andcurveslocatetheoutlineof theobject.

To be able to learn different combinationsof features
we usethe samerepresentationfor all types. Inspiredby
theperformanceof PCA-SIFTin region matching[12], we
utilize a gradient-basedPCA approachin contrastto the
intensity-basedPCAapproachof [6]. Both theregionoper-
atorsgivealocationandscalefor eachfeature.Eachfeature
is croppedfrom the image(usinga squaremask);rescaled
to a k � k patch;hasits gradientcomputedandthennor-
malizedto remove intensitydifferences.Note that we do
not performany orientationnormalizationasin [12]. The
outcomeis a vectorof length2k2, with the�rst k elements
representingthex derivative,andthesecondk they deriva-
tives.Thederivativesarecomputedby symmetric�nite dif-
ference(croppingto avoid edgeeffects).

The normalizedgradient-patchis thenprojectedinto a
�x edPCAbasis1 of d dimensions.Two additionalmeasure-
mentsaremadefor eachgradient-patch:its unnormalized
energy andthereconstructionerrorbetweenthepoint in the
PCA basisandthe original gradient-patch.Eachregion is
thusrepresentedby a vectorof lengthd + 2.

Curve featuresareextractedin thesamemanneras[7]:
a Canny edgedetectoris run over theimage;theedgelsare
groupedinto chains; eachchain is then broken at its bi-
tangentpoints to give a curve. Sincethe chainmay have
multiplebitangentpoints,eachchainmayresultin multiple
curves(which mayoverlapin portions).Curveswhich are
verystraighttendto beuninformativeandarediscarded.

The curvesarethenrepresentedin thesameway asthe
regions. Eachcurve's locationis takenasits centroidwith
the scalebeing its length. The region aroundthe curve is
thencroppedfrom the imageandprocessedin the manner
describedabove. We usethecurve asan interestoperator,
modelingthe texturedregion aroundthecurve, ratherthan
thecurve itself. Modelingtheactualshapeof thecurve,as
wasdonein [7], provedto beuninformative, in partdueto
thedif�culty of extractingthecontoursconsistentlyenough.

2.3. Learning the model
Learning a heterogeneousstar model (HSM) can be ap-
proachedin several ways. Onemethodis to learna fully
connectedconstellationmodel usingEM [6] and then re-
ducethe learntspatialmodelto a starby exhaustively try-
ing out eachof the partsas a landmark,and picking the
onewhich givesthehighestlikelihoodon thetrainingdata.
The limitation of this approachis that the fully connected
modelcanonly handlea small numberof partsanddetec-
tionsin learning.Thesecondmethod,whichweadopt,is to
learntheHSM directlyusingEM asin [6, 19], startingfrom
randomly-choseninitial conditions,enablingthelearningof
many morepartsandwith moredetections/image.

1The�x edbasiswascomputedusingpatchesextractedusingall Kadir
andBradyregionsfoundon all thetrainingimagesof Motorbikes;Faces;
Airplanes;Cars(Rear);LeopardsandCaltechbackground.



Due to the more�e xible natureof the HSM successful
learningdependson a numberof factors: First, to avoid
combinatoricsinherentin parameterspace,anorderingcon-
straintis imposedon the locationsof themodelparts(e.g.
thex-coordinatesmustbe increasing).However, to enable
thelandmarkpartto selectthemoststablefeatureontheob-
ject (recall thatwe force it to alwaysbepresent),the land-
mark is not subjectto this constraint. Additionally, each
part is only allowed to pick featuresof a pre-de�nedtype
andtheorderingconstraintonly applieswithin partsof the
sametype. This avoidsover-constrainingtheshapemodel.
Imposingtheseconstraintspreventsexact marginalization
in O(N 2P), howeverby usingef�cient searchmethods,an
approximationcanbecomputedby consideringthebestG
hypothesesin eachframe(G = 104 in our experiments).

Second,theoptimal choiceof featuretypesis madeus-
ing a validationset. For eachdataset,given a pre-de�ned
numberof parts,sevenmodelseachwith differentcombina-
tionsof typesaremodelsarelearnt: Kadir & Brady (KB);
multi-ScaleHarris (MSH); Curves(C); KB + MSH; KB +
C;MSH+ C; KB + MSH+C.In eachcase,thepartsaresplit
evenlybetweentheparttypes.In caseswherethedatasetis
small andthe validationsetwould be too small to give an
accurateestimateof theerror, theperformanceon thetrain-
ing setwasusedto selectthebestcombination.

Learningis fairly robust,exceptwhena completelyin-
appropriatechoiceof featuretypewasmadein which case
it occasionallyrefusedto convergeat all, despitemultiple
re-runs. A major advantageof the HSM is the speedof
learning. For a 6 part model with 20 detections/feature-
type/imagetheHSMtypically takes10minutestoconverge,
asopposedto the24 hoursof the fully connectedmodel–
roughlythesametime asa 12 part,100detections/feature-
type/imagewould with the HSM. Timings arefor a 2Ghz
Pentium4.

2.4. Recognitionusing features

For theHSM, aswith [6], recognitionproceedsin a similar
mannerto thelearningprocess.For a queryimage,regions
are�rst foundusingan interestoperator. The learntmodel
is thenappliedto the regionsandthe likelihoodof the re-
gionsgiven the model computed. This likelihood is then
comparedto athresholdto determineif theobjectis present
or not in theimage.

Good performanceis dependenton the features�ring
consistentlyacrossdifferent object instancesand varying
transformations.To ensurethis, oneapproachis to usea
verylargenumberof regions,howevertheproblemremains
thateachfeaturewill still be perturbedslightly in location
andscalefrom its optimal positionso degradingthe qual-
ity of thematchobtainableby themodel.We addressthese
issuesin thenext section.

2.5. Exhaustive recognitionwithout features

Relying on unbiased,cruderegion operatorsin learningis
a necessaryevil if we wish to learn without supervision:
we have no prior knowledgeof what may or may not be
informativein theimagebut weneedasparserepresentation
to reducethe complexity of the imagesuf�ciently for the
model learningto pick out consistentstructure. However
in recognition,the situation is different. Having learnt a
model, the appearancedensitiesmodel the regions of the
imagewe wish to �nd. Our exhaustive approachrelieson
thesedensitieshaving a suf�ciently tight variancethatthey
canbeusedfor soft templatematching.

The scheme,basedon Feltzenswalb et al. [5], proceeds
in two phases:�rst, theappearancedensitiesarerunexhaus-
tivelyovertheentireimage(andatdifferentscales).At each
locationandscale,wecomputethelikelihoodratio for each
part. Second,we take advantageof the Starmodelfor lo-
cationandemploy theef�cient matchingschemeproposed
by Feltzenswalb et al. [5], which enablesthe global max-
imum of both appearanceandlocationto be found within
theimage.Theglobalmatchfoundis clearlysuperiorto the
maximumover a sparsesetof regions. Additionally, it al-
lowsusto preciselylocalizetheobject(andits parts)within
theimage.See�gure 3 for anexample.

In moredetail,eachPCA basisvectoris convolvedwith
the image(employing appropriatenormalizations),sopro-
jectingeverypatchin theimageinto thePCA basis.While
this is expensive (O(k2N ), whereN is now thenumberof
pixels in the imageandk is thepatchsize)this only needs
to beperformedonceregardlessof thenumberof category
modelsthat will evaluatethe image. For a given model,
thelikelihoodratio of eachpart's appearancedensityto the
backgrounddensityis thencomputedateverylocation,giv-
ing a likelihood-ratiomap over the entire image for that
part.Thecostis O(dN ), wheretypically d << k2.

We thenintroducetheshapemodel,which by theuseof
distancetransforms[5], reducesthe costof �nding the op-
timal matchfrom O(N 2P) to O(N P). Note thatwe can-
not usethis trick in learningsincewe needto marginalize
out over all possiblematches,not just the optimal. Addi-
tionally, theef�cient matchingschemerequiresthat thelo-
cationmodelbe a tree. No orderingconstraintis applied
to thepartlocationshencetheapproximationsnecessaryin
learningarenotneeded.

3. Experiments

We investigatethe performanceof the HSM in a number
of ways: (i) we compareto the fully connectedmodel;
(ii) the effect of increasingthe numberof partsanddetec-
tions/image;(iii) thedifferencebetweenfeature-basedand
exhaustiverecognition.
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Figure3: An exampleof the exhaustive recognitionoper-
ation on a query image. (a) A mosaicquery image. (b)
First � ve descriptordensitiesof a 5 part facemodel(black
is backgrounddensity). (c) Overall matchingprobability
(redis higher).Theglobaloptimumindicatedby thewhite
circle, while the magenta+ 's show 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 shapemodelsuperimposed.Crossesindi-
catesmatchedlocationof eachpart,with thesquaresshow-
ing their scale.Theellipsesshow thevarianceof theshape
modelat 1 standarddeviation.
3.1. Datasets
Our experimentsusea variety of datasets.Evaluationof
the HSM usingfeature-baseddetectionis doneusingnine
widely varying,unnormalized,datasetssummarizedin Ta-
ble 1. While somearerelatively consistentin nature(Mo-
torbikes,Faces)otherswere collectedfrom Google's im-
agesearchandarenotnormalizedin any way soarehighly
variable(Camels,Bottles).GuitarsandHousesaretwo ad-
ditionaldatasets,thelatterof whichis highly variablein na-
ture. The negative test set consistsof a variety of scenes
aroundCaltech2. In recognition, the test was a simple
object present/absenttest with the performanceevaluated
by comparingtheequalerrorrates(p(Detection)=1-p(False
Alarm)). To testthedifferencebetweenfeature-basedand
exhaustive recognitionwhere localizationperformanceis
important,the UIUC Cars(Side)dataset[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

Totalsize 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

Table1: A comparisonbetweenthestarmodelandthefully
connectedmodelacross9 datasets,comparingtestequaler-
ror rate.All modelsused6 parts,20 Kadir & Bradydetec-
tions/image.In general,the drop in performanceis a few
percentwhenusingthesimplerstarmodel. Thehigh error
ratefor someclassesis dueto the inappropriatechoiceof
featuretype.

this casethe evaluationin recognitioninvolves localizing
multiple instancesof theobject.

3.2. Comparisonof HSM and full model

We comparethe HSM directly with the fully connected
model,seeinghow therecognitionperformancedropswhen
the con�guration representationis simpli�ed. The results
areshown in Table1. It is pleasingto seethat thedrop in
performanceis relatively small,only a few percentat most.
Theperformanceevenincreasesslightly in caseswherethe
shapemodelis unimportant.Figures5-8 show starmodels
for guitars,bottlesandhouses.

3.3. Heterogeneouspart experiments

Here we �x ed all models to use 6 parts and have 40
detections/feature-type/frame.Table2 shows the different
combinationsof featureswhich weretried, alongwith the
bestonepickedby meansof thetraining/validationset.We
seea dramaticdifferencein performancebetweendiffer-
ent featuretypes. It is interestingto note that several of
theclassesperformbestwith all threefeaturetypespresent.
Figure5 showsaheterogenousstarmodelfor Cars(Rear).

Dataset KB MSH C KB,MSH KB,C MSH,C KB,MSH,C
Airplanes 6.3 22.5 27.5 11.3 13.5 18.3 12.5
Bottles 24.2 23.3 17.5 24.2 20.8 15.0 17.5
Camel 25.7 20.6 26.9 24.6 24.0 22.9 24.6

Cars(Rear) 11.8 6.0 5.0 2.8 4.0 5.3 2.3
Faces 10.6 16.6 17.1 12.0 13.8 12.9 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
on testequalerror rate. Key: KB = Kadir & Brady; MSH
= Multi-scaleHarris; C = Curves. All modelshad6 parts
and40detection/feature-type/image.Figurein bold is com-
binationautomaticallychosenby training/validationset.



3.4. Number of parts and detections
Taking advantageof the ef�cient natureof the starmodel,
wenow investigatehow theperformancealtersasthenum-
berof partsandthenumberof detections/feature-type/frame
is varied. The choiceof features-typesfor eachdatasetis
�x edfor theseexperiments,usingtheoptimalcombination,
aschosenin Table2.

As the numberof partsin the modelis increased(for a
�x ed numberof detections/frame)someof the categories
show a slight changein performancebut many remaincon-
stant. Examinationof the modelsrevels that many of the
additionalpartsdo not �nd stablefeatureson the object,
suggestingthat more featureson the imageare required.
Increasingthenumberof detections/feature-type/imagein-
creasesthe error rate sincemany of the additionaldetec-
tions lie in thebackgroundof the image,so increasingthe
chancesof a falsepositive. With a suitablecombinationof
feature-typeshowever, the increasednumberof partsand
detectionsgives a more completecoverageof the object,
improving performance(e.g. Cars(Rear)wherethe error
dropsfrom 4.5%at 6 partsto 1.8%with 12 parts,using40
detections/imageof all 3 featuretypes).
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Figure 4: (a) Test equal error rate versus number of
parts, P, in the star model for 40 detections/feature-
type/image. (b) Test equalerror rate versusthe number
of detections/feature-type/image,N , for 8 part star mod-
els. In both casesthe combinationsof feature-typesused
waspickedfor eachdatasetfrom theresultsin Table2 and
�x ed.

3.5. Exhaustivesearch experiments
Wenow investigatetheperformanceof feature-basedrecog-
nition versusthe exhaustive approach. Taking the Cars
(Rear)modelshown in Figure5, we apply it exhaustively
to thesametestsetresultingin theequalerrorratedropping
from 4.5%to 1.8%. Detectionexamplesfor theexhaustive
approachareshown in Figure10, with theROC curvesfor
thetwo approachesshown in Figure11(b).

The localization ability of the exhaustive approachis
testedontheCars(Side)dataset,shown in Figure9. A fully
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Figure 5: An 8 part heterogeneousstar model for Cars
(Rear),usingall threefeaturetypes(Kadir & Brady (K);
multi-ScaleHarris (H); Curves (C)). Top left: Detection
in a test imagewith the spatialcon�guration modelover-
laid. The coloreddots indicatethe centersof regions (K
or H) chosenby thehypothesiswith thehighestlikelihood.
The thick curve in red is the curve selectedby oneof the
curve parts– theothercurve part beingunassignedin this
example.Themagentadotsandthin magentacurvesarethe
centersof regionsandcurvesassignedto the background
model.Theellipsesof thespatialmodelshow thevariance
in locationof eachpart. The landmarkdetectionis thetop
left red one. Top right : 7 patchesclosestto the meanof
theappearancedensityfor eachpart,alongwith thedeter-
minantof the variancematrix, so asto give an ideaof the
relative tightnessof eachdistribution. Thecolor of thetext
correspondsto thecolorof thedotsin theotherpanels.The
letter by eachrow indicatesthe type of eachpart. Main
panel: More detectionexamples. Sameas top left, but
without thespatialmodeloverlaid. Thesizeof thecolored
circlesindicatesthescaleof regionsin thebesthypothesis.
Thetesterrorfor this modelis 4.5%.

connectedmodel(Figures9 (a) & (b)) waslearntandthen
decomposedinto astarmodelandrunexhaustivelyoverthe
testset. An error rateof 7.8% wasachieved – a decrease
from the11.5%obtainedwith a fully connectedmodelus-
ing feature-baseddetectionin [6]. Examplesof theexhaus-
tive starmodellocalizing multiple object instancescanbe
seenin Figure9(c).
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Figure6: An 8 part model for Guitars,using40 Kadir &
Bradyfeaturesperimage.6.3%testerror
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Figure7: A 6 partmodelfor Bottles,usinga maximumof
20Harrisregionsand20Curvesperimage.14.2%testerror
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Figure8: A 10 part model for Houses,using40 Kadir &
Bradyfeaturesperimage.16.5%testerror
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Figure9: (a) & (b) A 6 partmodelCars(Side),learntusing
Kadir & Bradyfeatures.(c) Examplesof themodellocaliz-
ing multipleobjectinstancesby exhaustivesearch.



Figure 10: Detectionexamplesof the 8 part Cars(Rear)
modelfrom Figure5 beingusedexhaustively.
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Figure11: (a) Comparisonbetweenfeature-basedandex-
haustive localizationfor Cars(Side).Black recall-precision
curveis [1]; redis joint shapemodelwith feature-basedde-
tection[6] andblueis exhaustive-searchapproachwith star
model,using the model in Figure9. The equalerror rate
of 11.5%from [6] dropsto 7.8% whenusingthe exhaus-
tivesearchwith thestarmodel.(b) ROCcurvescomparing
feature-based(red) andexhaustive detection(blue) for the
8 partCars(Rear)modelin Figure5. Equalerrorimproves
from 4.5%for feature-basedto 1.8%for exhaustive.

4. Summary and Conclusions

Wehavepresenteda heterogeneousstarmodel.Thismodel
retainstheimportantcapabilitiesof theconstellationmodel
[6, 19], namelythatit is ableto learnfrom unsegmentedand
unnormalizedtraining data;and in recognitionon unseen
imagesit is able to localize the detectedmodel instance.
TheHSM outperformstheconstellationmodelonalmostall
of thesix datasetspresentedin [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 alsodemonstratedthe modelon many other ob-
ject categoriesvarying over compactnessandshape.Note

that while othermodelsandmethodshave achieved supe-
rior performanceto [6], for example[4, 13, 16, 17], they
areunableto both learn in a semi-supervisedmannerand
localizein recognition.

Thereareseveral aspectsof the model that we wish to
improve andinvestigate.First, althoughwe have restricted
themodelto a startopology, theapproachis applicableto a
tree[5], andit will beinterestingto determinewhichtopolo-
giesarebestsuitedto which type of objectcategory. Sec-
onda veri�cation stage,asusedby LeibeandSchiele[13]
wouldbedesirable.In theircasethisre�nementis responsi-
blefor a10%increasein performancerelativeto their initial
recognitionhypotheses.
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