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Abstract

This paper presentsan approach to scale-irvariant
image matting. Giventwo images,thegoalisto nd
correspondenceletweersimilar subimayes,e.g., rep-
resentingsimilar objects, even when the objectsare
captuedunderlarge variationsin scale Asin previous
work: similarity is de nedin termsof geometricphoto-
metricand structural propertiesof regions,andimages
are representecby sggmentationtreesthat captue re-
gion propertiesandtheir recursiveembeddingMatch-
ing two regionsthusamountsto matding their corre-
spondingsubtees. Scaleinvarianceis aimedat over-
comingtwo challengesin matding two imagesof sim-
ilar objects. First, the absolutevaluesof manyobject
image propertiesmaychange with scale Secondsome
of the nest detailsvisible in the high-zoommage may
notbevisiblein the coarserscaleimage. We normalize
theregion propertiesassociatedvith oneof thesubtiees
to the correspondingpropertiesof the root of the other
subtee This malkesthe scalesof objectsrepresented
by thetwo subteesequal,andalsodecoupleshis scale
fromthat of the entire scene We also weightcontribu-
tions of subiegionsto the total similarity of their par-
entregionsby the relative area the subegions occupy
within the parents. Thisreduceghe penaltyfor not be-
ing ableto matd ne-resolutiondetailspresentwithin
only one of the two regions, sincethe penaltywill be
down-weightedby therelativelysmall areaof thesede-
tails. Our experimentsdemonstate invariance of the
proposedalgorithmto large changesin scale

1. Intr oduction

This paperis aboutmatchingreal-world imagesto
identify all pairsof similar subimagese.g.,for discor-
eringandsegmentingout ary frequentlyoccurringob-
jectsbelongingto avisual cateyoryin a givensetof ar
bitrary imageq[7]. The maincontribution of this paper
over previouswork is the ability to performthe match-
ing in a scaleinvariantmanner Thus, we would like
an objectto be matchedacrossimagesevenif its size
varies— e.g.,whenimageshave beenacquiredat vary-
ing distancesrom the object. Suchvariationsin the

scaleof capturingan objectresultin two main differ-
encedn the objectsimageso which matchingmustbe
madeinvariant. First, the absolutevaluesof mary ob-
jectimagepropertiesmay changewith scale. Second,
someof the nest detailsvisible in the high-zoomim-
agemay not bevisible in the coarserscaleimage. This
paperpresentsan approachin which we achiese both
of the above invariances.We extend our earlierwork
in which we performimagematchinginvariantto ob-
jectorientation,illumination, andto a limited extent,to
objectsize.

Beforewe outlineourapproachye rst verybrie y
review the large amount of related work in image
matchingbasedon region properties. Finding region
correspondencexrossimagess oneof thefundamen-
tal problemsin computervision. It is frequentlyen-
counteredn mary vision tasks,suchasunsupervised
learningof objectmodels[7], andextractionof texture
elementgor texels)from animagetexture[2]. Mostap-
proachesiseonly geometricandphotometriqproperties
of regions. Othersimprove robustnessy additionally
accountingfor structuralpropertiesof regions. They
representmagesasgraphswhich captureregion struc-
ture, andformulateimagematchingasgraphmatching
problem.[49,5, 3, 6, 8, 7]. Somegraph-basedhethods
allow mary-to-mary region correspondencés handle
possiblesplits or memging of regions, causedg.g., by
differencesn illumination acrosgsheimages[6 8].

We de ne the goal of matchingas nding for all
regionsin one imageall similar regionsin the other
image, so the total number of matchedregions and
their associatedsimilarities are maximized. The sim-
ilarity measureis de ned in terms of the geometric
(e.g., shape,area),photometric(e.g., brightness) and
structuralpropertieqe.g.,embeddingf regionswithin
larger ones). The image and object representations
that we use here and in [7, 2, 8] have the follow-
ing major featuresrelevant to achiezing the proposed
scaleinvariance. Our image representatiorcaptures
multiscaleimagesegmentatiorvia a sggmentatiortree.
Sgymentationtree capturesthe recursve embedding
of smaller/ ner regions inside bigger/moresalientre-



in Proc. 19" InternationalConferencen PatternRecognition(ICPR), Tampa,FL, Decembe2008

gions.Thisnaturallyfacilitatesscalebasedanalysis.To
achievetheinvarianceo objectsize,in thepastwe have
expressecatertainpropertiesof a region, corresponding
to a sggmentatiortreenode,relative to the correspond-
ing propertiesof the parentregion in the segmentation
tree.However, suchde nition of therelative properties
of aregion retainsthe dependencen the propertiesof
therootnode,i.e., ontheimagesize. In this paperwe
malke two main contributions. First we eliminatethe
mentioneddependencbky normalizingtheregion prop-
ertieswith respectto the candidateobject pair instead
of theimages.Secondwe build into the matchingpro-
cessinsensitvity to those ne level regions,which are
presentin the high-zoomimage,but have beenlost in
thecoarserscaleimage.

Overview of ProposedApproach: We extendin this
paper the basic image representationand mary-to-
mary matchingstrateyy presentedh [8]. Ourapproach
consistsof four steps.(1) As in [8], imagesarerepre-
sentedby segmentationtreesthat capturethe recursve
embeddingf regionsobtainedrom amultiscaleimage
segmentation. We associate vector of absolutegeo-
metric and photometricpropertiesof a corresponding
region to eachnodein the tree, and thus departfrom
the speci cation presentedn [8], whereonly relative
region propertiesvereused.In thesequelwewill refer
to nodeandregion,anddescendamodeandsubregion,
interchangeably(2) Similar to the stepsin [8] thatal-
low mary-to-mary matching,the segmentationtreeis
modiedby insertingnew nodesreferredto asmemers.
A merger representshe union of two sibling regions,
whoseboundariesharea part. A memer instantiates
the hypothesighata borderbetweerntwo regionsis in-
correctly detecteddueto, e.g., lighting changesetc.),
andthereforetheir union shouldbe restoredasa sepa-
rate node. Eachmemeris insertedbetweenits source
nodesandtheir parent,asa new parentof the sources,
andasanew child of thesourcesoriginalparent.Then,
to provide accesdo all descendantandera nodedur-
ing matching,andthusimprove robustnessnewn edges
are establisheetweeneachnodeandall its descen-
dants,transformingthe treeinto a DAG. (3) Note that
everynodein the DAG de nesasubgraphootedatthat
node.Thus,matchingarny two nodescanbeformulated
as nding a bijection betweertheir descendants the
correspondingubgraphs.This bijection canbe char
acterizedby a similarity measurede ned in termsof
region properties. Since our goal is to identify pairs
of regionswith similar intrinsic and structuralproper
ties, the bijection of their subregjionsneedsto presere
the original nodeconnectvity and maximizethe asso-
ciatedsimilarity. Formally, two nodesare matchedby
nding the maximum-similaritysubgraptisomorphism

betweertheir respectie subgraphsin this stepof our
approachwe modify the algorithmof [8] in two criti-
cal waysmentionedatthe beginningof this sectionand
aimedatachiesing scaleinvariance First, whenmatch-
ing two regions, i.e., two subgraphsye male the as-
sumptionthatthey represensimilar objectoccurrences
which shouldbe matched,and normalizethe absolute
region propertiesof one of the subgraphgo the corre-
spondingpropertiesof the other This modi cation ad-
dressegheproblemof objectpropertiebeingmeasured
relative to the entireimageasis the casein [8]. Sec-
ond,when nding similarity of two regions,we weight
thecontributionsof their subreionsto thesimilarity, by
theareathe subregyionsoccupy within theregions. This
modi cation helpseliminatethe direct dependeng of
similarity of two regions on the total numberof their
subrgions presentin the image. In turn, this helps
achieve the seconddesirablescalepropertymentioned
earlierin this section,sincethe penaltyfor not being
ableto match ne-resolutiondetailspresentvithin only
one of the two regionswill be down-weightedby the
rathersmall(relative) areaof thesedetails.(4) Thesub-
graphisomorphismof a visited nodepair is computed
asamaximumweightedclique of theassociatiorgraph
constructedrom the descendants.The proposedap-
proachis validatedon realimagescapturedunderlarge
scalevariations.Thefollowing sectionglescribahede-
tails of ouralgorithms.

2.Image Representation

This sectionpresentsteps(1)—(2) of our approach.
An image is representedby the segmentationtree,
T=(V;E; ). Nodesv2V representegionsobtained
from the multiscalesegmentationalgorithm presented
in [1]. Thisalgorithmpartitionsanimageinto homoge-
neousregions, so changesn pixel intensitywithin the
region are smallerthan thoseacrossits boundary re-
gardlesof the absolutedegreeof variation. Segmenta-
tion is performedregardlesof the size,shapeandloca-
tion of regions, andtheir contrastswith the surround.
The multiscaleregions are then organizedin tree T,
wheretherootcorrespondso theentireimage andeach
edgee= (v; u)2E representtheembeddingf regionu
within v, i.e., their parent-childrelationship. Function

:V I [0;1]° associatea d-dimensionalvector .,
with every v2V, where  consistsof the following
absoluteregion properties: 1) area,2) outerring area
not occupiedby subrgions,3) meanbrightnessof the
outerring area4) orientationof the principalaxiswith
respectto the images x-axis, 5) four standardaf ne-
invariantshapeanomentsand6) centroidlocation. The
elementof | arein [0;1].

As mentionedin Sec.1, T is modi ed by insert-
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ing and appropriatelyconnectingmeigersof contigu-
ous,sibling regions,i.e., regionsthat shareboundaries
andareembeddedvithin thesameparent.Thepresence
of memersallowsaddressingheinstability of low-level
imagesegmentatiorundervaryingimagingparameters.
Next, the augmentedr is transformednto a DAG by
adding nenv edgesbetweeneachnode and all its de-
scendants.This allows consideringmatchesof all de-
scendantsindera node,even whenits direct children
cannotnd agoodmatch.We keepthesamenotationT
for thesggmentatiortreeandits correspondindpAG.

3. Scale-irvariant Graph Matching

Given two DAGs, T and T% we matchall possi-
ble pairs of nodes(v;v9)2V VC and estimatetheir
similarity, Syyo. Let fyyo="f (u; u%g denotea bijection
betweendescendants of v and u® of v The goal
of our matchingalgorithmis to nd subgraphsomor
phismf o that preseresthe original connectvity of
subgraphsootedatv andv®, andmaximizesS,o.

We de ne S,,0 in termsof region propertiesof all
descendants andu®includedin the subgraptisomor
phismf 0. Invarianceds achiezedby normalizingprop-
ertiesof thesubgraphrootedat v°to thoseof v, soasto
decouplethe (relative) propertiesof their descendents
from thoseof the entireimages,and make them com-
patible by expressingthem relative to the normalized
commonreferenceegions. To renderS,o invariantto
scalechangesye re-scalethe areaof v° to be equalto
theareaof €,o(areg= vo(areg= (areg, anduse
thesamescalingfactor to re-sizeall descendants® of
V0, € o(areg= wo(areg. Thisdecoupleshescales
of objectsrepresentetly v andv®from the scalesof the
scenesepresentethy entireT andT°. To alsoachieve
rotation-in-planeand translationinvariance,we rotate
andtranslateall descendants® underv® by the unique
deltaangleanddisplacementvhich make the orienta-
tionsandcentroidsof v andv® equal. Additionally, we
make the meanbrightnesof v andv® equal,andthen
usethe samedelta-brightnesgactorto increasgor de-
crease}hebrightnes®of descendants®. Thisaddresses
local illumination changesand decoupleshe bright-
nessof objectsrepresentetdy v andv® from the global
brightnes®f theentireimagesepresentetly T andT°.
Thereis no needto computenew shapemomentf the
resizedegions,sincethey areaf ne invariant. Thisnor-
malizationyields new properties®€,0 and €0 of region
vPandits descendants®.

While nding the subgraphisomorphismthat max-
imizes Syyo, the algorithm should match subreions
of v and v° whose differencesin region properties
are small. At the sametime, it is desirableto nd
good matchesbetweensubreions that are perceptu-

ally salient. In general,regionsthat have large inten-
sity contrastswith the surroundand occuypy large ar-
easwithin their parentregionsareperceptuallysalient.
Thus,we de ne the salieng of regionu, , asarel-
ative degreeof differencebetweenthe brightnessand

areaof u from the correspondingropertiesof parentv,

j u(brightnesy | (brightnes}j u (areg
u s SEE + e Note that

u Isinvariantto changesn scaleandillumination.
Using the above de nitions of subgraphisomor
phism f , absoluteregion properties , normalized
properties€, andregion salieny , we de ne thesim-
ilarity of two regionsv andv®as
X

euoj);

1)
where the weights oo make contritutions of
matchequ; u9 in (1) proportionalto the relative areas
they occupy within v andv®. We de ne yyou,0 asthe
total outerring areaof u andu®thatis not occupiedoy
the otherdescendantsf v andv® includedin fyo, ex-
pressedas a percentagef the total areaof v and v®,

. (outerring areg+ € o(outerring ared As men-
v(area+ € o(ared ’
tionedin Sec.1, theseweightshelp diminishthe scale

effects, sincethe weightsare small for tiny subreyions
mostaffectedby scalechanges.

From(1), thealgorithmseeksnatcheamonghede-
scendant®f v and v° whosesalienciesare high, and
differencesin normalizedgeometricand photometric
propertiesare small. As shown in [8], the maximum
similarity subgraphsomorphisnt is equalto themax-
imum weightedclique of the associationgraph con-
structedfrom all descendanpairs (u; u% of v andv®,
which canbe found by using the replicatordynamics
algorithmpresentedh [4].

Compleity of matchingtwo regions,i.e., subgraphs
each containing no more than jVj descendantsjs
O(jVj?). Note thatthe branchingfactorof ourimage
DAGsvariesfrom nodeto node,in proportionwith the
spatial variation of image structure. The DAG is not
completeand the total numberof subgraphss image
dependent.In experimentspresentedn the following
sectionwe have obsenedthatthenumberof subgraphs
within an image DAG is typically jVj=2 (almostthe
sameaswould be in a completebinarytreecontaining
jV]j nodes).Therefore compleity of matchingall pairs
of regionsfrom two DAGsis O(jVj*). It takesabout
1minin MATLAB ona2.8GHz,2GBRAM PC.

4. Results

The proposedscale-ivariant matching (SIM) is
evaluatedon 435 facesfrom Caltech-101and 80 im-
agesof UIUC 2.1D naturaltextures[2]. Caltech-101

Syvo, max

vv°uu°( ut wo J u
fyvo
(wu®2f,,0

vvouu o
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(a) Inputimageswhosetreerepresentationarematched

(b) Matchingresultsin the subsampleimagesusing[8]

(c) Matchingresultsin the subsampleimagesusingSIM

Figure 1. Unsuper vised image-to-image
matching: (b)-(c) Sample segmentation
of the image on the right in (a). Darker
shades of gray indicate higher similarity
of matched regions. SIM vyields darker
shades of faces in (c) than those in (b).

imagescontain only a single, frontally viewed face,
againstclutteredbackgroundundervarying illumina-

tion. Thetextureimagespresentadditionalchallenges:

texels are only statisticallysimilar to eachother, they
may be partially occluded,andtheir placemenis ran-
dom. When matchingCaltech-10limages,our algo-
rithm is unawvarethatthe imagescontainany common
objects(i.e., faces). Thus, Caltech-101facesare used
for unsupervise@mage-to-imagenatching.Thetexture
imagesare usedto evaluateour algorithmin a differ-
entsetting,thatof model-to-imagamatching.Sincethe

(a) Inputimages

(b) Matchingresultsin the subsampledmageusingour algorithm

Figure 2. Model-to-ima ge matching: (a)
The texel model, learned using the im-
age on the left, is matched with the
DAG of the subsampled image on the
right. (b) Darker shades of gray indicate
higher similarity between model and im-
age matches, i.e., higher condence in
texel extraction.

recurrenceof texelsin theimageis guaranteedy the
assumptiorthattheimageshowstexture,we rst learn
the hierarchicaltexel model,asin [2], andthenmatch
the texel modelwith the segmentationtree of another
imageshaving thesametexture. We reportcomparison
only with the approactof [8], for brevity, becausdhe
algorithmof [8] hasalreadybeendemonstratedb out-
performthe state-of-the-annatchingmethodson chal-
lengingbenchmarldatasetslik e Caltech-101To eval-
uatethetwo proposedmodi cationswith respecto the
approactlof [8] —namely normalizationof absolutere-
gion propertiesandsimilarity weighting—we addition-
ally presentesultsof SIM without oneof thesemodi -
cationsreferredto asSIM n andSIM .

In experimentswith Caltech-10limages,we ran-
domly selecta total of 10 images,wherethe size of
oneimageis keptintact, while the remainingnine im-
agesare all equally subsampled.In eachexperiment,
the amountof image-sizereductionis increasedn in-
crementof 5%, until 80% of the original size. Fig. 1
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demonstrateasetof theseexperimentswheretheunal-
teredimage(top) is matchedo rotatedandsubsampled
images,which areall placedon a randombackground
(bottom), for brevity. As canbe seen,SIM is invari-
antto changesn scaleandillumination, in-planerota-
tion andtranslation. It improvesthe matchingresults
of [8], sincesimilarity valuesS,yo producedby SIM
over regionsrepresentingommonobjects(i.e., faces)
are larger than the similarities obtainedusing the ap-
proachof [8], while remaininglow over background
clutter This, in turn, allows usto useSIM in solving
higherlevel vision problems suchas,for example,ob-
jectdetection.Speci cally, Fig. 1 suggestshatit is pos-
sibleto selecta suitablethresholdof S,0 valuesto de-
tectoccurrencesf commonobjects(i.e.,faces)yresent
at a wide-rangeof scales. For quantitatve evaluation,
we usethe thresholdthat yields equalrecall-precision
rate,wherematchesaredeclaredastrue positivesif the
ratio of intersectiorandunion of the matchedareaand
the ground-truthareaare greaterthan 0.5. Detection
errorincludesfalsepositivesandnegatives.Fig. 3 com-
paresface detectionresults,averagedover 10 experi-
ments,obtainedusing SIM, SIM y, SIM  andthe
approachof [8]. The plotsshow that SIM is relatively
scaleinvariantup until thefaceshecomeonehalf of the
original size,andthat the slopeof increasen error of
SIM is lessthanthat of [8]. Also, SIM y yieldsthe
worstdetectiorresults sincematchingusesdirectly the
absolutepropertiesf regionswithout normalization.

In experimentswith UIUC imagetextures,the texel
modelis rst learnedfrom the unalteredmagetexture,
asin [2]. Thetexel modelis a hierarchicagraphwhose
nodesencodethe statistical propertiesof correspond-
ing texel parts,andedgescapturetheir spatialrelations.
The texel modelis matchedto the segmentationtree
of anothermrotatedand subsampledmageshaving the
sametexture. Fig. 2 shavs improvementsof our ap-
proachoverthatof [8] in thatS, 0 valuesproducedoy
SIM arelargerover regionsoccupiedby thetexelsthan
Syvo valuesobtainedusingthe approactof [8]. By us-
ing the samedetectionstratgy asbefore,we threshold
matchesof the texel model with subsampledmages,
and thus achieve texel extraction over variousscales.
Fig. 3 presentghe detectionresultsaveragedover the
80 UIUC imagetextures.As thedegreeof subsampling
increasesSIM is nearlyscaleinvariantuntil the sizeof
imagetextureis reducedo onehalf of the original, af-
ter which the slopeof increasdn texel-extractionerror
is lessthanthatof [8]. Again,SIM y yieldstheworst
texel detection.
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Figure 3. Face and texel detection using
SIM, SIM y, SIM  and approach [8].

5. Conclusion

We have presentednapproactto region-basedhi-
erarchicalimage matchingthat explicitly accountsor
changesn region structure,including their disappear
ancesgdueto scalevariations.Our experimentsdemon-
stratethatthe proposedmatchingis indeedinvariantto
awiderangeof scaleschange#n illumination,in-plane
rotation,andtranslatiorof similar objects.Experiments
alsosuggesthatour algorithmfacilitatesunsupervised
detectionof texelsin a givenimagetexture, or object-
category occurrencen anarbitrarysetof imagest
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