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Abstract
This paperpresentsan approach to scale-invariant

image matching. Giventwo images,thegoal is to �nd
correspondencesbetweensimilar subimages,e.g., rep-
resentingsimilar objects, even when the objectsare
capturedunderlargevariationsin scale. Asin previous
work: similarity is de�nedin termsof geometric,photo-
metricandstructural propertiesof regions,andimages
are representedby segmentationtreesthat capture re-
gion propertiesandtheir recursiveembedding. Match-
ing two regionsthusamountsto matching their corre-
spondingsubtrees. Scaleinvarianceis aimedat over-
comingtwo challengesin matching two imagesof sim-
ilar objects. First, the absolutevaluesof manyobject
image propertiesmaychangewith scale. Second,some
of the�nest detailsvisible in thehigh-zoomimage may
notbevisiblein thecoarserscaleimage. We normalize
theregionpropertiesassociatedwith oneof thesubtrees
to thecorrespondingpropertiesof theroot of theother
subtree. This makes the scalesof objectsrepresented
by thetwosubtreesequal,andalsodecouplesthisscale
fromthat of theentire scene. We alsoweightcontribu-
tions of subregionsto the total similarity of their par-
ent regionsby the relativearea the subregionsoccupy
within theparents.Thisreducesthepenaltyfor not be-
ing able to match �ne-resolutiondetailspresentwithin
only one of the two regions, sincethe penaltywill be
down-weightedby therelativelysmallareaof thesede-
tails. Our experimentsdemonstrate invarianceof the
proposedalgorithmto largechangesin scale.

1. Intr oduction
This paperis aboutmatchingreal-world imagesto

identify all pairsof similar subimages,e.g.,for discov-
eringandsegmentingout any frequentlyoccurringob-
jectsbelongingto a visualcategory in a givensetof ar-
bitrary images[7]. Themaincontribution of this paper
over previouswork is theability to performthematch-
ing in a scaleinvariantmanner. Thus,we would like
an object to be matchedacrossimageseven if its size
varies– e.g.,whenimageshave beenacquiredat vary-
ing distancesfrom the object. Suchvariationsin the

scaleof capturingan object result in two main differ-
encesin theobject's imagesto whichmatchingmustbe
madeinvariant. First, theabsolutevaluesof many ob-
ject imagepropertiesmay changewith scale. Second,
someof the �nest detailsvisible in thehigh-zoomim-
agemaynot bevisible in thecoarserscaleimage.This
paperpresentsan approachin which we achieve both
of the above invariances.We extendour earlierwork
in which we performimagematchinginvariantto ob-
ject orientation,illumination,andto a limited extent,to
objectsize.

Beforeweoutlineourapproach,we �rst verybrie�y
review the large amount of related work in image
matchingbasedon region properties. Finding region
correspondencesacrossimagesis oneof thefundamen-
tal problemsin computervision. It is frequentlyen-
counteredin many vision tasks,suchasunsupervised
learningof objectmodels[7], andextractionof texture
elements(or texels)from animagetexture[2]. Mostap-
proachesuseonlygeometricandphotometricproperties
of regions. Othersimprove robustnessby additionally
accountingfor structuralpropertiesof regions. They
representimagesasgraphswhich captureregion struc-
ture,andformulateimagematchingasgraphmatching
problem.[4, 9, 5, 3, 6, 8, 7]. Somegraph-basedmethods
allow many-to-many region correspondencesto handle
possiblesplits or merging of regions,caused,e.g.,by
differencesin illuminationacrosstheimages[6, 8].

We de�ne the goal of matchingas �nding for all
regions in one imageall similar regions in the other
image, so the total number of matchedregions and
their associatedsimilaritiesare maximized. The sim-
ilarity measureis de�ned in terms of the geometric
(e.g., shape,area),photometric(e.g., brightness),and
structuralproperties(e.g.,embeddingof regionswithin
larger ones). The image and object representations
that we use here and in [7, 2, 8] have the follow-
ing major featuresrelevant to achieving the proposed
scale invariance. Our image representationcaptures
multiscaleimagesegmentationvia a segmentationtree.
Segmentationtree capturesthe recursive embedding
of smaller/�ner regions inside bigger/moresalientre-
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gions.Thisnaturallyfacilitatesscalebasedanalysis.To
achievetheinvarianceto objectsize,in thepastwehave
expressedcertainpropertiesof a region, corresponding
to a segmentationtreenode,relative to thecorrespond-
ing propertiesof theparentregion in thesegmentation
tree.However, suchde�nition of therelativeproperties
of a region retainsthedependenceon thepropertiesof
theroot node,i.e., on the imagesize. In this paper, we
make two main contributions. First we eliminatethe
mentioneddependenceby normalizingtheregionprop-
ertieswith respectto the candidateobjectpair instead
of theimages.Second,we build into thematchingpro-
cessinsensitivity 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 representation,and many-to-
many matchingstrategy presentedin [8]. Ourapproach
consistsof four steps.(1) As in [8], imagesarerepre-
sentedby segmentationtreesthatcapturethe recursive
embeddingof regionsobtainedfrom amultiscaleimage
segmentation.We associatea vectorof absolutegeo-
metric and photometricpropertiesof a corresponding
region to eachnodein the tree, and thus departfrom
the speci�cation presentedin [8], whereonly relative
regionpropertieswereused.In thesequel,wewill refer
to nodeandregion,anddescendantnodeandsubregion,
interchangeably. (2) Similar to thestepsin [8] thatal-
low many-to-many matching,the segmentationtree is
modiedby insertingnew nodes,referredto asmergers.
A merger representsthe union of two sibling regions,
whoseboundariessharea part. A merger instantiates
thehypothesisthata borderbetweentwo regionsis in-
correctlydetected(dueto, e.g., lighting changesetc.),
andthereforetheir unionshouldbe restoredasa sepa-
ratenode. Eachmerger is insertedbetweenits source
nodesandtheir parent,asa new parentof thesources,
andasanew child of thesources'originalparent.Then,
to provide accessto all descendantsundera nodedur-
ing matching,andthusimprove robustness,new edges
are establishedbetweeneachnodeandall its descen-
dants,transformingthe treeinto a DAG. (3) Note that
everynodein theDAG de�nesasubgraphrootedat that
node.Thus,matchingany two nodescanbeformulated
as�nding a bijection betweentheir descendantsin the
correspondingsubgraphs.This bijection canbe char-
acterizedby a similarity measure,de�ned in termsof
region properties. Sinceour goal is to identify pairs
of regionswith similar intrinsic andstructuralproper-
ties, thebijectionof their subregionsneedsto preserve
the original nodeconnectivity andmaximizethe asso-
ciatedsimilarity. Formally, two nodesarematchedby
�nding themaximum-similaritysubgraphisomorphism

betweentheir respective subgraphs.In this stepof our
approach,we modify thealgorithmof [8] in two criti-
cal waysmentionedat thebeginningof thissectionand
aimedatachieving scaleinvariance.First,whenmatch-
ing two regions, i.e., two subgraphs,we make the as-
sumptionthatthey representsimilar objectoccurrences
which shouldbe matched,andnormalizethe absolute
region propertiesof oneof thesubgraphsto the corre-
spondingpropertiesof theother. This modi�cation ad-
dressestheproblemof objectpropertiesbeingmeasured
relative to the entire imageas is the casein [8]. Sec-
ond,when�nding similarity of two regions,we weight
thecontributionsof theirsubregionsto thesimilarity, by
theareathesubregionsoccupy within theregions.This
modi�cation helpseliminatethe direct dependency of
similarity of two regionson the total numberof their
subregions presentin the image. In turn, this helps
achieve the seconddesirablescalepropertymentioned
earlier in this section,sincethe penaltyfor not being
ableto match�ne-resolutiondetailspresentwithin only
one of the two regionswill be down-weightedby the
rathersmall(relative)areaof thesedetails.(4) Thesub-
graphisomorphismof a visited nodepair is computed
asamaximumweightedcliqueof theassociationgraph
constructedfrom the descendants.The proposedap-
proachis validatedon real imagescapturedunderlarge
scalevariations.Thefollowingsectionsdescribethede-
tails of ouralgorithms.

2. ImageRepresentation

This sectionpresentssteps(1)–(2) of our approach.
An image is representedby the segmentationtree,
T= (V; E ;  ). Nodesv2V representregionsobtained
from the multiscalesegmentationalgorithmpresented
in [1]. Thisalgorithmpartitionsanimageinto homoge-
neousregions,sochangesin pixel intensitywithin the
region are smallerthan thoseacrossits boundary, re-
gardlessof theabsolutedegreeof variation.Segmenta-
tion is performedregardlessof thesize,shapeandloca-
tion of regions,and their contrastswith the surround.
The multiscaleregions are then organizedin tree T,
wheretherootcorrespondsto theentireimage,andeach
edgee= (v; u)2E representstheembeddingof regionu
within v, i.e., their parent-childrelationship.Function
 : V ! [0; 1]d associatesa d-dimensionalvector,  v ,
with every v2V , where v consistsof the following
absoluteregion properties:1) area,2) outer-ring area
not occupiedby subregions,3) meanbrightnessof the
outer-ring area,4) orientationof theprincipalaxiswith
respectto the image's x-axis, 5) four standardaf�ne-
invariantshapemoments,and6) centroidlocation.The
elementsof  v arein [0; 1].

As mentionedin Sec.1, T is modi�ed by insert-
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ing and appropriatelyconnectingmergersof contigu-
ous,sibling regions,i.e., regionsthat shareboundaries
andareembeddedwithin thesameparent.Thepresence
of mergersallowsaddressingtheinstabilityof low-level
imagesegmentationundervaryingimagingparameters.
Next, the augmentedT is transformedinto a DAG by
addingnew edgesbetweeneachnodeand all its de-
scendants.This allows consideringmatchesof all de-
scendantsundera node,even when its direct children
cannot�nd agoodmatch.WekeepthesamenotationT
for thesegmentationtreeandits correspondingDAG.

3. Scale-invariant Graph Matching

Given two DAGs, T and T 0, we match all possi-
ble pairs of nodes(v; v0)2V � V 0, and estimatetheir
similarity, Svv0. Let f vv0= f (u; u0)g denotea bijection
betweendescendantsu of v and u0 of v0. The goal
of our matchingalgorithmis to �nd subgraphisomor-
phism f vv0 that preserves the original connectivity of
subgraphsrootedat v andv0, andmaximizesSvv0.

We de�ne Svv0 in termsof region propertiesof all
descendantsu andu0 includedin thesubgraphisomor-
phismf vv0. Invarianceisachievedbynormalizingprop-
ertiesof thesubgraphrootedatv0 to thoseof v, soasto
decouplethe (relative) propertiesof their descendents
from thoseof the entire images,andmake themcom-
patible by expressingthem relative to the normalized
commonreferenceregions. To renderSvv0 invariantto
scalechanges,we re-scaletheareaof v0 to beequalto
theareaof e v0(area)= � �  v0(area)=  v (area), anduse
thesamescalingfactor� to re-sizeall descendantsu0of
v0, e u0(area)= � �  u0(area). Thisdecouplesthescales
of objectsrepresentedby v andv0 from thescalesof the
scenesrepresentedby entireT andT 0. To alsoachieve
rotation-in-planeand translationinvariance,we rotate
andtranslateall descendantsu0 underv0 by theunique
deltaangleanddisplacementwhich make the orienta-
tionsandcentroidsof v andv0 equal.Additionally, we
make the meanbrightnessof v andv0 equal,andthen
usethesamedelta-brightnessfactorto increase(or de-
crease)thebrightnessof descendantsu0. Thisaddresses
local illumination changes,and decouplesthe bright-
nessof objectsrepresentedby v andv0 from theglobal
brightnessof theentireimagesrepresentedby T andT 0.
Thereis noneedto computenew shapemomentsof the
resizedregions,sincethey areaf�ne invariant.Thisnor-
malizationyieldsnew propertiese v0 and e u0 of region
v0 andits descendantsu0.

While �nding the subgraphisomorphismthat max-
imizes Svv0, the algorithm should match subregions
of v and v0 whose differencesin region properties
are small. At the sametime, it is desirableto �nd
good matchesbetweensubregions that are perceptu-

ally salient. In general,regions that have large inten-
sity contrastswith the surroundand occupy large ar-
easwithin their parentregionsareperceptuallysalient.
Thus,we de�ne the saliency of region u, � u , asa rel-
ative degreeof differencebetweenthe brightnessand
areaof u from thecorrespondingpropertiesof parentv,
� u , j  u (brightness) �  v (brightness) j

255 +  u (area)
 v (area) . Note that

� u is invariantto changesin scaleandillumination.
Using the above de�nitions of subgraphisomor-

phism f , absoluteregion properties , normalized
propertiese , andregion saliency � , we de�ne thesim-
ilarity of two regionsv andv0 as

Svv0, max
f v v 0

X

(u;u 0)2 f v v 0

� vv0uu 0(� u + � u0 � j u � e u0j);

(1)
where the weights � vv0uu 0 make contributions of
matches(u; u0) in (1) proportionalto the relative areas
they occupy within v andv0. We de�ne � vv0uu 0 asthe
total outer-ring areaof u andu0 that is not occupiedby
theotherdescendantsof v andv0 includedin f vv0, ex-
pressedas a percentageof the total areaof v and v0,

� vv0uu 0 ,  u (outer-ring area)+ e u 0(outer-ring area)
 v (area)+ e v 0(area)

. As men-

tionedin Sec.1, theseweightshelp diminish thescale
effects,sincetheweightsaresmall for tiny subregions
mostaffectedby scalechanges.

From(1), thealgorithmseeksmatchesamongthede-
scendantsof v and v0 whosesalienciesare high, and
differencesin normalizedgeometricand photometric
propertiesare small. As shown in [8], the maximum
similarity subgraphisomorphismf is equalto themax-
imum weightedclique of the associationgraph con-
structedfrom all descendantpairs (u; u0) of v andv0,
which can be found by using the replicatordynamics
algorithmpresentedin [4].

Complexity of matchingtwo regions,i.e.,subgraphs
each containing no more than jV j descendants,is
O(jV j2). Note that the branchingfactorof our image
DAGsvariesfrom nodeto node,in proportionwith the
spatialvariation of imagestructure. The DAG is not
completeand the total numberof subgraphsis image
dependent.In experimentspresentedin the following
section,wehaveobservedthatthenumberof subgraphs
within an imageDAG is typically jV j=2 (almost the
sameaswould be in a completebinary treecontaining
jV j nodes).Therefore,complexity of matchingall pairs
of regionsfrom two DAGs is O(jV j4). It takesabout
1min in MATLAB ona 2.8GHz,2GBRAM PC.

4. Results

The proposedscale-invariant matching (SIM) is
evaluatedon 435 facesfrom Caltech-101,and80 im-
agesof UIUC 2.1D naturaltextures[2]. Caltech-101
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(a) Input imageswhosetreerepresentationsarematched

(b) Matchingresultsin thesubsampledimagesusing[8]

(c) Matchingresultsin thesubsampledimagesusingSIM

Figure 1. Unsuper vised image-to-ima ge
matc hing: (b)-(c) Sample segmentation
of the image on the right in (a). Darker
shades of gray indicate higher similarity
of matc hed regions. SIM yields darker
shades of faces in (c) than those in (b).

imagescontain only a single, frontally viewed face,
againstclutteredbackground,undervarying illumina-
tion. Thetexture imagespresentadditionalchallenges:
texels areonly statisticallysimilar to eachother, they
may be partially occluded,andtheir placementis ran-
dom. When matchingCaltech-101images,our algo-
rithm is unawarethat the imagescontainany common
objects(i.e., faces). Thus,Caltech-101facesareused
for unsupervisedimage-to-imagematching.Thetexture
imagesareusedto evaluateour algorithm in a differ-
entsetting,thatof model-to-imagematching.Sincethe

(a) Input images

(b) Matchingresultsin thesubsampledimageusingouralgorithm

Figure 2. Model-to-ima ge matc hing: (a)
The texel model, learned using the im-
age on the left, is matc hed with the
DAG of the subsampled image on the
right. (b) Darker shades of gray indicate
higher similarity between model and im-
age matc hes, i.e., higher con�dence in
texel extraction.

recurrenceof texels in the imageis guaranteedby the
assumptionthattheimageshows texture,we �rst learn
the hierarchicaltexel model,asin [2], andthenmatch
the texel modelwith the segmentationtreeof another
imageshowing thesametexture.Wereportcomparison
only with theapproachof [8], for brevity, becausethe
algorithmof [8] hasalreadybeendemonstratedto out-
performthestate-of-the-artmatchingmethodson chal-
lengingbenchmarkdatasets,like Caltech-101.To eval-
uatethetwo proposedmodi�cationswith respectto the
approachof [8] – namely, normalizationof absolutere-
gionproperties,andsimilarity weighting– weaddition-
ally presentresultsof SIM withoutoneof thesemodi�-
cations,referredto asSIM� N andSIM� W .

In experimentswith Caltech-101images,we ran-
domly selecta total of 10 images,where the size of
oneimageis kept intact,while the remainingnine im-
agesare all equallysubsampled.In eachexperiment,
the amountof image-sizereductionis increasedin in-
crementsof 5%, until 80% of the original size. Fig. 1
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demonstratesasetof theseexperiments,wheretheunal-
teredimage(top) is matchedto rotatedandsubsampled
images,which areall placedon a randombackground
(bottom), for brevity. As can be seen,SIM is invari-
ant to changesin scaleandillumination, in-planerota-
tion and translation. It improvesthe matchingresults
of [8], sincesimilarity valuesSvv0 producedby SIM
over regionsrepresentingcommonobjects(i.e., faces)
are larger than the similarities obtainedusing the ap-
proachof [8], while remaininglow over background
clutter. This, in turn, allows us to useSIM in solving
higher-level vision problems,suchas,for example,ob-
jectdetection.Speci�cally, Fig.1 suggeststhatit is pos-
sibleto selecta suitablethresholdof Svv0 valuesto de-
tectoccurrencesof commonobjects(i.e., faces)present
at a wide-rangeof scales.For quantitative evaluation,
we usethe thresholdthat yields equalrecall-precision
rate,wherematchesaredeclaredastruepositivesif the
ratio of intersectionandunionof thematchedareaand
the ground-truthareaare greaterthan 0.5. Detection
errorincludesfalsepositivesandnegatives.Fig.3 com-
paresfacedetectionresults,averagedover 10 experi-
ments,obtainedusingSIM, SIM� N , SIM� W andthe
approachof [8]. The plotsshow thatSIM is relatively
scaleinvariantupuntil thefacesbecomeonehalf of the
original size,andthat the slopeof increasein error of
SIM is lessthan that of [8]. Also, SIM� N yields the
worstdetectionresults,sincematchingusesdirectly the
absolutepropertiesof regionswithout normalization.

In experimentswith UIUC imagetextures,the texel
modelis �rst learnedfrom theunalteredimagetexture,
asin [2]. Thetexel modelis ahierarchicalgraphwhose
nodesencodethe statisticalpropertiesof correspond-
ing texel parts,andedgescapturetheirspatialrelations.
The texel model is matchedto the segmentationtree
of anotherrotatedandsubsampledimageshowing the
sametexture. Fig. 2 shows improvementsof our ap-
proachover thatof [8] in thatSvv0 valuesproducedby
SIM arelargerover regionsoccupiedby thetexelsthan
Svv0 valuesobtainedusingtheapproachof [8]. By us-
ing thesamedetectionstrategy asbefore,we threshold
matchesof the texel model with subsampledimages,
and thus achieve texel extraction over variousscales.
Fig. 3 presentsthe detectionresultsaveragedover the
80UIUC imagetextures.As thedegreeof subsampling
increases,SIM is nearlyscaleinvariantuntil thesizeof
imagetextureis reducedto onehalf of theoriginal, af-
ter which theslopeof increasein texel-extractionerror
is lessthanthatof [8]. Again,SIM� N yieldstheworst
texel detection.
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Figure 3. Face and texel detection using
SIM, SIM� N , SIM� W and appr oach [8].

5. Conclusion

We have presentedanapproachto region-based,hi-
erarchicalimagematchingthat explicitly accountsfor
changesin region structure,including their disappear-
ances,dueto scalevariations.Ourexperimentsdemon-
stratethat theproposedmatchingis indeedinvariantto
awiderangeof scales,changesin illumination,in-plane
rotation,andtranslationof similarobjects.Experiments
alsosuggestthatour algorithmfacilitatesunsupervised
detectionof texels in a given imagetexture,or object-
categoryoccurrencesin anarbitrarysetof images.1
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