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Abstract

A key stepfor the effectiveuseof local image features
(i.e., highly distinctiveand robustfeatues)for recanition
or image matding is the appropriate grouping of featue
matdes. Spatial constaints are importantin this group-
ing becauseduring a recanition processthey allow for
thereductionof the numberof hypothesethat mustbever
i ed andalsoreducghenumberoffalsepositivegresenin
ead of thesehypothesesA commorchoicefor this group-
ing taskis to usethe Houghtransformon the global spa-
tial transformatiorparametesofthehypothesizethatdes.
Here, instead,we usesemi-localspatial constaints which
allow for a greaterrange of shapedeformationsA com-
parison with Hough transformshowsthat our methodis
mote robust to both rigid and non-rigid deformationslts
functionalityis demonstatedin an exemplarbasedobject
recaynition systemnthat dealswell with severe non-rigid de-
formations We alsoshowthe efcacy of our exible spatial
groupingfor long range motionproblems.

1. Intr oduction

The compleity of theimagedescriptor(alsocalledin-
dexing primitive) usedfor imagerepresentatiorin an ob-
jectrecognitionsystemhasa greatimpacton the designof
a recognitionsystem(for a thoroughdiscussionsee[7]).
Comple global/semi-locaimagedescriptorqe.g.,gener
alizedcylinders|[3], geons[2], superquadric§l?7], among
others)reducethe compleity of the model by decreasing

the numberof descriptorsnecessaryor the representation.

Thisallows for a sparselypopulatecddatabasef modelfea-
tures, which causesa reductionin the compleity of the
searchtandveri cation stepsHowever, thesamagedescrip-
tors are dif cult to extract and sensitve to partial occlu-
sion.Alternatively, simplelocalimagedescriptorge.g.,2D
points [13]) are easyto extract, robust to rigid deforma-
tionsandpartialocclusion put sensitve to backgroundlut-
terandnon-rigiddeformation Unfortunately their low dis-
tinctivenesgypically resultsin an overpopulatediatabase
of model descriptorsdue to the large numberof descrip-
torsnecessarto form amodel.Thereforesystem$basemn
simplelocal descriptorshave complex searchandveri ca-

tion stepswherethe latter stepdependstronglyon global
posedetermination.

In this context, thereis arecentsumge of interestin more
comple local descriptorsthat aim at nding a good bal-
ancebetweendetectability robustnesso image deforma-
tion, anddistinctivenessThe goalis to increaseherobust-
nessto backgrounctlutterandto reducethe compleity of
the searchandveri cation steps.For example,in the liter-
aturewe nd descriptorsbasedon: principal components
analysisof image patches[8, 16|, Gabor lter responses
[12], wavelet coefcients [23], differentialinvariants[22],
local phasefeatures[4], and histogramsof local Iter re-
sponse$14, 20].

Neverthelessasthe size of the databas®f objectmod-
elsgrows, the falsedetectionratesfor correspondencese-
tween test image featuresand databasdeaturesalso in-
creasesAs a result, pose determinationis still a neces-
sarystepfor thegroupingandveri cation stagesn systems
basedn complec localimagedescriptorsThe useof pose
in thegroupingstagestemsrom thefactthatthe searchor
similar descriptorsn thedatabasef modelsusuallyreturns
arelatively large setof correspondencesherethe number
of inliers tendsto be small. The critical point hereis cer
tainly the explosionof the numberof hypothesegenerated
dueto thelarge sizeof the setof possiblecorrespondences.
Furthermorethe detectionof multiple instancesf an ob-
ject dependn the posedeterminatior(i.e., eachdifferent
instancewill be groupedseparatelypasedon its pose).Fi-
nally, the veri cation stepalsousesposein orderto reduce
the numberof falsepositive detectionsThe overall system
thereforerelieson both correspondencesnd spatialstruc-
tureto acceptahypothesis.

Posecan be representedising global and semi-local
models.Global posedeterminationis basedon someun-
derlyingtransform(e.g.,rigid, af ne, etc.),where,usually
the positionsestimatedor the correspondencesrerelaxed
abit sothatthe systemcanacceptsmalldeformationgrom
thechoserclassof transformqsee1, 8,12, 14, 2€]). These
methodamposea limitation on the type of objectssuitable
for recognition Speci cally, objectsthatcansuffer agreater
rangeof deformationsarenot suitable.

An alternatve approacho global posedeterminatioris
basedon semi-localposedeterminationwhich is capable



of dealingwith alargerrangeof deformationsThus,it pro-

videsan appropriatdramework for bothrigid and e xible

objects.In [21, 22], the authorsuse semi-localgeometric
constraintshut its useis limited to the veri cation stage.
Semi-localconstraintareexploredin aniterative grouping
stagein [24], but the systemreliesuponglobal constraints
for the nal veri cation.

In this paperwe presenhev methoddor featuregroup-
ing andveri cation basedn semi-localspatialconstraints.
Hence,we do not useglobal constraintdn ary stepof our
recognitionsystem.The methodinvolvestwo components,
namelypairwiseconstraintandgeometrigoredictionsThe
rst componentrepresentpairwise geometricconstraints
amongsheighboringfeaturesThe seconccomponengen-
eratespredictionsof the location, scale,and orientation
of eachfeature,basedon thesepairwise constraints.This
methodnot only enableghe groupingof imagedescriptors
thatunderwenseverenon-rigiddeformationput it alsoal-
lows for the veri cation of multiple instancef the same
objectin animage.A comparisonwith the Hough trans-
form, whichis a classicabroupingmethodbasecdn global
spatialcoherenceshows that our methodprovidesgroups
thatareconsiderablymorerobustto rigid andnon-rigidde-
formation,andtypically returnsgroupswith a greaterper
centageof inliers. An exemplarbasedrecognitionsystem
wasdevelopedio demonstrat¢heef cacy of thesemi-local
spatialconstraintgproposechere,andthe resultsshav im-
pressve resultswith respecto extremenon-rigid deforma-
tions,in additionto robustnesso illumination changespar
tial occlusionandrigid deformationThis approacthasap-
plicationsin otherareassuchaslong rangemotion prob-
lems,whichis alsodemonstratetelow.

2. Semi-localSpatial Constraints

Herewe introducethespeci ¢ semi-localconstraintsve
useandthen,in section2.2,shov how theseconstraintcan
be usedto make geometricpredictions.The pairwiserela-
tions are usedto form groupsof featuresfrom the corre-
spondenceset,andgeometrigredictionsareusedto elim-
inateremainingoutliersfrom thosegroups(seesection3),
andalsoto verify thecorrectnessf thehypothesigprovided
by eachgroup(seesectiord).

2.1. Pairwise Relations

Supposethat the local image descriptorsare extracted
from interestpoints detectedn animage ac-
cordingto alocal imagefeaturemethod.In particular each
localimagedescriptorforms a featurevector

, where is the interestpoint location,
is the modelidenti cation from which this featurewasex-
tracted, is the main orientation, is the scale,andthe
vector containsthe featurevalues.Here,we usethe lo-
cal image descriptorproposedn [5], where
is the vector of amplitudes and phases of bandpass

Iter responsesThe featuresextractedfrom a modelim-
age arethenstoredin the databaseof model features

. The similarity betweenlocal fea-
turesis computedusing normalizedphasecorrelation[9],
asfollows:

1)

where meanglotproduct,and
of . Wewishto know if asubsebf is presentn the
setof testimagefeatures extracted
fromimage .Thesetof correspondencésrepresentelly

is thecomple« conjugate

isthetop correspondencdsetweena feature
andthe databasef modelfeatures in termsof
phasecorrelation.

The pairwisegeometriaelationsarecomputedhesame
way for boththetestimageandthe modelimage.They are
composeaf thefollowing 3 measurebetweerpairsof fea-

where

turesfrom the sameimage (seeFigure?):
scale _—
distance — 2)
heading
where isthescaleof imagefeature , istheimage
positionof denoteghe principalan-
gle, isthemainorientationof feature for ,and

. The headingmeasurementonsid-
ersthemainorientation of featurevector relativetothe
displacemenbetween and

We canbuild the samepairwiserelationsbetween and

suchthat , thusforming ,

, and . The pairwise semi-local spatial
similarity is thenbasedn

scale

distance )

heading

Giventhatsmallvaluesdenotehigh similarities,we cande-
ne theweightof theconnectiorbetween in the
testimagebasedon the connectionof their respectie cor

respondences , asfollows:

4)
where is the modelindex of feature matchecdto de-
formedfeature andsimilarly for , and if

and otherwise Also, is

thepairwiseweight,whichmeanghatneighboringpointsto
within a rangeof roughly pixelsin the modelhave
higherweightin the geometricpairwise similarity, where
is determinecbasedon the maximummodel diame-
ter (in pixels). Finally, is the unnormalizedGaussian



functionde ned as
variancematrix is a

, Wherethe co-
diagonalmatrix with dis-

tance,scale,and headingvariancesnamely , , and
, respectiely, suchthat , arepre-de nedconstants,
and depend®n

the scaledoriginal distancebetweenfeaturesin the model
databasdi.e., ), which meansthat points that
arefar from eachotherin the modelhave a proportionally
largerstandarcerrorfor their relative distances.

2.2. Geometric Predictions

Consider again the set of correspondences  be-

tween , and , and that

where , and
with . Theidea

isto predict , ,and for eachfeature us-

ing the information available in the correspondenceset
and the semi-localspatial constraintsfor the databaseof
modelfeatures Moreover, pointsthat are closeto the fea-
ture being predictedshould have a higher in uence on
this predictionthan featuresfar from it. In general,note
that the following relations are true if the correspon-
denceis correct: , Where

—_— ,and .
For position prediction, we therefore build the lin-
ear system for all
, whichis thepre-
. Here, ,

andsoleit for
diction of feature position

and , is the pairwise weight, mean-
ing thatneighboringpointsto  within a rangeof roughly

pixels have higher weight in predicting the posi-
tion of the test feature.We set the value of asa
small fraction of the model diameterin pixels. Simi-
larly, the main orientationand scale predictionsare de-
ned as _

and E— _—

tively.
The similarity betweerthe predictedandobsened posi-
tion, mainorientationandscaleis computedasfollows (see

, respec-

Fig. 1): ,
where is the Gaussian function, and
diag Here, is an esti-

matefor the spatialvarianceof the predictedlocation
namely

where
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Figure 1. Example of position prediction. Given
the features from the model and their corre-
spondences , for , we want to esti-
mate the position of . Its probable location (rep-
resented by a dotted ellipsoid) is based on a Gaus-
sian distrib ution computed using the position of
the correspondences in the test and model images
and the pairwise variances estimated in
the learning stage.

Also, the variancesof the headingand scale estimates

are _ , and

. The pair

wise variances , , and are
estimatedby the samplevariancesobtainedby deform-
ing the modelimage  with the setof deformations

de nedin [6].

3. Grouping Basedon Pairwise Relations

Givena setof testimagefeaturesthe setof correspon-
dencedormedfrom the searchfor matchingfeaturedn the
databasége.g.,usingnearesheighbor)usuallygenerates
large hypothesisspacefor the recognitionsystem.Typical
groupingand veri cation stagesrely on the global spatial
con guration of featurego constrairthis hypothesispace.
An exampleof sucha groupingmethodis RANSAC [25],
which estimateghe global spatialdeformationof features.
This is a poor choicefor our purposeseredueto the ex-
tremelylow ratio betweeninliers andoutliersin the corre-
spondenceset,asalsonotedin [15]. This issueis rarely
addresseith objectrecognitionsystemsvhich usecomple
local featureswith the exceptionof [15], whereLowe se-
lectsthe generalizedHoughtransformfor thetask. The key
problemis that the Hough spacewhich is usedis a simi-
larity transformspace(i.e., a global spatialconstraint)with
largebin sizesselectedo accommodatetherspatialdefor
mations.Due to the large bin sizes,Hough clusteringfor
local featuresusually producesa large numberof groups,
whereeachgrouphasa low numberof true inliers (espe-
cially given a non-rigid deformation).Here,we proposea
new grouping approachthat is more robust to a broader
classof deformationswhich aimsat reducingthe number
of groups,where eachgroup hasa higher numberof in-
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Figure 2. Grouping based on pairwise relations.
Notice in the gure that correspondences are
semi-locall y connected, while correspondence is
not. Therefore, we form 2 cluster s, and

liers. This approachinvolvesconnecteccomponenianaly-
sisonanafnity matrix basedon the pairwiserelationsde-
scribedin (2). Giventhe correspondences betweerthe
databasef modelfeatures andthesetof testimagefea-
tures , we proceedasfollows (seeFig. 2):

1. Build theaf nity matrixbasedonthepairwisesimilar
ity measures asde nedin (4).

2. Perform a ConnectedComponentAnalysis (CCA).
The stratgyy hereis to selecta weakthreshold cca
and connectevery pair of points and for which

ceca, thusforming connectectlusters
representedly thesubmatrix  (seeFig. 2). We have
thenthesub-groupf correspondences
composedf the featuresgroupedin . Notethata
speci c clusterof correspondenceasanonly belongto
asinglemodel duetheterm in (4).

Finally, an intermediate step between the group-
ing and veri cation proceduresis a deletion of fea-
tures that are loosely clusteredto a group . This
is done by checking the geometric predictions com-
puted in section 2.2, and thresholding , thus
forming the nal sets of feature correspondences:

A comparisorbetweerour approactandthegeneralized
Houghtransformis provided next. Herethe featurecorre-
spondencebetweenthefeaturesof 2images and are
givenby theset , where , and (see
rst paragraphsec.2.1). The parametergor our grouping
methodare , , , ,

CCA , and , where s the
maximummodeldiameter The parameter$or the geomet-
ric predictionare: ,and .

For Houghclustering,we usedthe sameparametersle-
scribedin [15], wherebin sizesare setasfollows: for
rotation, factor of 2 for scale,and times the maxi-
mum model diameterfor translation,and eachhypothesis
is hashednto the 2 closestbins in eachdimensionin or-
derto reducebin boundaryeffects.For bothcasesthe min-
imum numberof correspondences form a groupis setat

of thetotalnumberof featuresxtractedfrom themodel.

The comparisonsare presentedin Fig. 3, where the
modelimageis presenteckitheron top or left of the im-
age, while the bottom/rightimage shawvs the testimage.
Thetabletitled "Pairwise Clustering' shavs the resultsfor
our method,andthe "Hough Transform'table presentghe
result for the sameimage pair using the Hough cluster
ing method.We show the correspondencdsrmedby each
groupingmethodaslines betweenthe modelandtestim-
ages.For all the caseswe only showv the groupthat clus-
teredthe highestnumberof features.

Fig. (3-a) shavs the robustnessof our methodto de-
formationsproducedby articulatedobjects.Note that the
Houghtransformonly matches pieceof the objectwhose
deformationis closeto a similarity transformationFig. (3-
b) shavs an examplewith the articulatedmodel “hedvig'
(seeFig. 6). Notice that while the Hough transformcan
only dealwith roughly rigid transform(upperpart of the
Hedvig's body), our methodis capableof clusteringHed-
vig's foot in the samegroupasthe upperpart of her body:.
We also show in Fig. (3-c) the robustnessof our method
to non-rigid deformationwith the model ‘kevin' (Fig. 6).
Here,theHoughtransformis unableto correctlyclusterthe
faces featuredn the groupwith the highestnumberof fea-
tures.

In orderto shawv the ef cacy of our approachwith re-
spectto rigid deformation,we consideredhe long range
motion problemusingthe WadhamandMerton college se-
guenceglownloadedfrom the U. Oxford's Visual Geome-
try Group's web page.In this problem,we consideredhe
groupsformed by our approachand Hough transformto
computethe F matrix [10]. We use RANSAC [25] in or-
derto estimater, andapplythefollowing errormeasurdo
calculatehenumberof inliers: afeatures considereénin-
lier if its locationis within 4 pixelsof theepipolarline com-
putedwith the F matrix.

Fig. 4 illustratesan exampleof the epipolarlines com-
putedfrom theimagepair Wadhaml and5 usingbothclus-
tering methodslIn Fig. 5, we presentthe proportionof in-
liers in termsof the setsize producedby eachgrouping
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Figure 3. Comparison between our grouping
method (left column) and Hough clustering (right
column). The lines represent the feature corre-
spondences that were grouped together by each
method. (a) Note that while almost all features be-
tween the model (top) and the deformed model
(bottom) can be clustered in the same group us-
ing our method, Hough clustering can only group
features that suff ered a roughl y rigid deformation.
(b) Our method is able to cluster the foot features
of the model (left) in the same group as the upper
body features. Since Hough transf orm assumes a
roughl y rigid deformation, it fails to place the foot
features in the same group as the upper body fea-
tures. (c) While our method is capable of cluster -
ing the features in the same group, Hough cluster -
ing fails.

method.The curves were obtainedby varying all the pa-
rametersof our groupingmethodandvaryingthe bin sizes
of the Houghtransform.Notice that for setsof equalsize,
theuseof pairwiseclusteringfor rejectingoutliersgenerally
providesa higherinlier ratio thanHoughtransform,which
indicatesa betterrobustnesso rigid deformations.

Finally, it is worth noting that the time compleity of
our clusteringalgorithmis , Where isthemaximum
numberof correspondencdsetweerfeaturesn thetestim-
agewith featuresin a singlemodel,andfor Houghcluster
ing, the compleity is . For the examplesshavn
above,we had , andboth groupingalgorithms
exhibitedcomparableunningtimes.

4. Veri cation

In orderto assesthehypothesishataparticularobjectis
presenin animage,we proposea veri cation stagebased

Pairwise Clustering

Figure 4. Epipolar lines computed from the algo-
rithm described in [10] using the initial set of cor-
respondences given by each clustering method
(i.e., pairwise clustering and Hough).
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Figure 5. Proportion of inlier s from the sets (of
varying size) provided by each of the clustering
methods.

on a probabilisticframework that usesnot only the corre-
spondencem termsof phasecorrelation put alsothe semi-
local spatialconstraintsTheobjectrecognitionmethodcan
bedividedinto thetrainingandtestingmodes Assumethat
thereis apool of images thatis dividedinto 2
sets,namelythe modelandrandomimagesets.The model
imagessetis , while the randomimagesset
is . During thetrainingmode,we take each
modelimageandlearnthe following featuredistributions:
a) on , .e., the probability of observingphase
correlation giventhatthefeature is atruematch
for thefeature ;b) of , i.e.,the probability of
observingphasecorrelation giventhatthe feature
is afalsematchfor thefeature ; andc) featureposition,
mainorientation,andscaleuncertaintiesWe alsolearnthe
featuredetectability 4ot , which is the probability that
an interestpoint is detectedn the testimageat the same
objectneighborhoodocation of feature . on, get, and
the uncertaintiesrelearnedusinga setof imagedeforma-



tionsasdescribedn [6], while g is learnedusingtheran-
domimagesset.

Fromthe training mode,we build the databasef mod-
els,namely , wherethe modelfeaturesareformed
by the ltered setof features (see[6]), for example

. In the testingmode,we take a
testimage , where (i.e., isnotin the
pool of imagesusedin the learningstage),extract its lo-
calfeatures , searcHor similarlocal
featuredn the databasef featuresthusforming the setof
correspondences . Giventhe correspondencegie
performthe groupingprocedurdorming the setof clusters

. Eachclusteris a hypothesighata particu-
lar objectis presentn theimage,soour goalis to determine
if ary of theclusters representaninstanceof the object

. From the computationof the af nity matrix (4), we
know thatall thefeaturelusteredn thesamegroupmatch
featurefrom thesameobject . We only procesgroups

with aminimumnumberof correspondenceket
us rst de ne the set of pairingsfor all model features
from group ,as

s.t. . Thereforewe wantto
de ne the posterior , Where representshe
geometriccon guration of features(i.e., their position
scale , andmain orientation ), which canbe de ned as
(usingBayesrule):

®)
where meansour prior expectationthat a speci ¢
modelis presentand . Noticethat

representshe global spatialcon guration given

, whichwe treatto be similar to andcancel

thesetermsfrom (5). The probabilisticformulation, based
on[18], is asfollows:

1. , Where
we have thefollowing 2 cases:
@) :
det det on
(6)
(b)
and
det on
(7
where is thevectorof position,main

orientation, and scale predictedfor testimage
feature givenits correspondence
suchthat

2. , wherewe
have thefollowing 2 cases:

(@)

off
(8)
wherethe number representshe average
numberof interestpoints pertestimagedivided
by the sizeof theimage(se€[5]);

(b)
and

off I

©)
In the lastterm, we assumeuniform distribution
of position, main orientation,and scalegiven a
backgroundeature.

Finally, we accepta hypothesisf ,
andthe maximumdistancebetweentestimagefeaturesis
biggerthan a threshold, i.e., assuming is the position
of testimage feature with , We require

(this is doneto avoid a large

numberof featuresall in asmallareaof theimage).
5. Results

We consideredhe problemof exemplarbasedecogni-
tion using a databasef 15 objectsshowvn in Fig. 6, and
we usethe sameparameteraluesasdescribedn section3.
Also, the prior expectationthata speci ¢ modelis present

, andthe maximumdistancebetweertest
imagefeaturesmustbe at least , Where is
the maximum model diameter Our databaséhasroughly
10,000features which were extractedfrom the objectsin
Fig. 6 duringthelearningstage Ourtests(Fig. 7) werecon-
ceivedto demonstratéhe ability of our systemto dealwith
non-rigid/rigid deformationspartial occlusion,andbright-
nesschangesFinally, we alsoshov an experimenton the
long rangemotion problem,wherethe model” eet' is be-
ing Imed by a handheld cameraGiventhe imageon the
top-left cornerof Fig. 8, we try to nd the modelthrough-
outthesequencdn this casewe usedthematchcorrespon-
dencego estimatehe parametersf theaf ne transformof
the modelsilhouette]5], but notethattheseparametersre
usedonly for displayandnotfor veri cation.

6. Conclusions

We presentechovel methodsfor featureclusteringand
veri cation basedn semi-localspatialconstraintsTheuse
of spatialconstraintds necessaryo reducethe numberof
object matchinghypothesedo investigateand alsoto in-
creasethe numberof inliers in eachhypothesisAlthough
less restrictive than global spatial constraints,semi-local
spatial constraintsare shavn to be adequateor systems



Figure 6. Model database . From top to bottom,
left to right: baking soda, kevin, plastic toy [11],
snake of cans, rice snaps [11], nestle shred dies
[11], hedvig, tiger, tetley tea box, eet, dudek,
torso, vaseline [19], tissue box, and wooden toy
[19].

basedn compleclocal featuresMoreover, semi-localcon-
straintsare ableto copewith a broaderrangeof deforma-
tions.

Thefeatureclusteringmethodproposedereis shovn to
be consistenthbetterthanthe Houghtransformwhendeal-
ing with rigid andnon-rigid deformationsThe functional-
ity of this methodis shavn with anexemplarbasedecog-
nition andlong rangemotion tasks,which illustrateits ro-
bustnessn termsof a wide rangeof imagedeformationsit
is interestingto notethatthis systemmight alsobe adapted
to categorizationproblemsgiventhe falsepositive detected
in Fig. (7-e),whichwill beconsideredor futureresearch.
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