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Abstract

In this paper, we present a densematching algorithm
which utilizes the corner and edge features of images to
increase the reliability and to speedup the processof
densematching of two uncalibrated images. The major
problemof classicalarea-baseddensematchingalgorithms
is the high computationaltime resulting from intensive
correlation calculations for match candidates. Although
somemethodshave attemptedto integrate image feature
informationin the densematching of uncalibratedimages,
most of thesemethodsare not practical and are dif�cult
to implement. This paper aims at designing a hybrid
matching algorithm that preservesdisparity continuity at
theobjectcontinuoussurfaceswhile discontinuityat object
boundariesare treateddifferently in the matching process.
In particular, bothCPU-timeandlikelyhoodof mismatches
are reducedwhile the implementationis kept simpleand
straightforward.
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1 Intr oduction

Theproblemof establishingcorrespondencesof pixelsand
otherfeaturesacrossimagesrepresentsa fundamentalprob-
lem in computervision. This is a very dif�cult taskdueto
several reasons,in particular, not every featurein one im-
agehasa matchin theotherone. Althougha largeamount
of work hasbeencarriedout over the pasttwo decadeson
the matchingproblem[8, 3], densematchingremainsun-
solvedandviewedasthebottleneckfor many applications,
such3D reconstructionandview synthesis.Becausestereo
matchingis inherentlycomplicatedandnoisesensitive,clas-
sical approacheseither were limited to a sparsematching
or madeadditionalassumptions.Sparsematchingmethods,
also called feature-basedmethods,extract someselected
features(e.g.,corners,lines) in eachimagethenattemptto
establishthematching[11, 9]. Themaindrawbackof these
methodsis thesparsenessof therecoveredinformation.On
theotherhand,densematchingaimsat matchingeachand

everypixel in oneimagewith its correspondencepixel in the
otherimage.Mostof thesemethodsarebasedoncorrelation
techniques[2] to evaluateregion similarities. However, be-
causecorrelationsarecalculatedintensively in thematching
process,thesemethodsaretooslow. Constraintscanbeused
to reducethe searchfor a matchin the other image. The
most popularone is the epipolarconstraintresultingfrom
thecalculationof the fundamentalmatrix [6, 4]. Although
this constraintreducesthesearchto one-dimensioninstead
of two, theprocessis still very slow. Thematchingprocess
canbemadefastif two moreconstraints,thecontinuityand
orderconstraints,canbeenforced.In thatcase,thematching
will bedonepixel by pixel oneachepipolarline,whereeach
pixel's disparitywill bedependenton its previousneighbor
reducingthesearchto aminimum.However, thesetwo con-
straintsarenot alwayssatis�ed in stereoimages.In partic-
ular, the ordermight be violatedwith transparent(orover-
lapping)objectsandthe continuity doesnot hold at object
physicalboundaries.Theorderconstraintis lessimportant
sinceit doesnothaveasigni�cant effectontheCPU-timeof
thewhole matchingprocess.On theotherhand,the conti-
nuity constraintis farmoreimportantand,togetherwith the
epipolarconstraint,is responsiblefor reducingmostof the
CPU-time. The satisfactionof the continuity/discontinuity
constraintswasaddressedby severalresearchers.In particu-
lar, somerecentenergy-basedmethods[1, 10] solve thecor-
respondenceproblemasa minimizationproblemthat pre-
servediscontinuitiesatobjectboundaries.However, thepro-
cessis iterativeandis farfromstraightforwardto implement.
Furtrhermore,theCPU-timewasnotaddressedaspartof the
problem.

Themethodwepresentin thispaperaddressesthedense
matchingproblem in the caseof uncalibratedstereoim-
ages.We make useof thecalculatedepipolargeometryand
the continuity constraints. The latter is usedon homoge-
neousregionwhile it is relaxedatregionboundaries.Unlike
energy-basedmethods,ourmethodaimsatdecreasingCPU-
time while it remainssimpleandstraightforwards. Images
aresegmentedinto two setsof regions,theboundaryregions
andthe nonboundaryregions. The continuity constraintis
enforcedfor the latter andrelaxed for the former. In addi-



tion, simplecorrelationis usedasasimilarity measurement.

2 Densematching algorithm

2.1 A basicalgorithm

Beforedesigningthetargetedversionof our matchingalgo-
rithm, we startedwith a basiconewhich consistsof three
stepsandcanbesummarizedasfollows. (1) Cornersareex-
tractedfrom bothimagesthenmatchedusingZNCC1 corre-
lation. Givenacornerin theleft image,thesearchfor its cor-
respondingcornerin theright imagewaslimited to a small
setof cornerswithin thesearchwindow. Only matchedcor-
nerswith very high correlationvalueswerekept to ensure
reliability. (2) This small setof matchedcornersis usedto
calculatetheepipolargeometry[7]. Although this �rst step
is crucial, its CPU-timewasnot signi�cant, andcanbene-
glected,comparedto the densematchingof the whole im-
age. (3) Finally, for eachpixel in the left imagewe search
for its matchover its correspondingepipolarline andwithin
somesearchwindow.

From our experimentsandaspredicted,this simpleal-
gorithm hadtwo major drawbacks: the matchingwas too
slow andthereweretoomany mismatches.Thesetwo prob-
lemsareindeedrelated. If thesearchareais reduced,then
both the cpu-timeand the likelyhoodfor a mismatchwill
bedecreased.Thesearchareacanbereducedif eachpixel
in the left imagepossessesa good guessfor its disparity.
This disparityguesscansimply bethedisparityof theclos-
estmatchedcornersincesuchinterestpointsaremorereli-
ablein matching.However, thedisparityguessbasedonim-
ageinterestpointsis notalwaysa goodguess.For instance,
givenapixel locatedonanobject,theclosestcorner(interest
point) to this pixel may be actually locatedon a different
objectandtherefore,it might have a very differentdepthin
thescene.Thesearchregion thatwill beguessedbasedon
this interestpoint's disparitymight not includethe correct
match.

2.2 A newhybrid algorithm

Becausedisparityguessesbasedonly oninterestpointssuch
as cornersproved to be nonef�cient, we have considered
hereusing anotherimportant type of image features: the
edges.Edgeshave advantagesover interestpointssincethe
bordersof objectsin a scenegenerateedgesin mostcases.
Theknowledgeof theedgeinformationallows us to locate
theareawherepossiblesharpdisparitychangesmayoccur.
By segmentingtheimageinto edgeandnon-edgeareas,we
canapplydifferentmatchingstrategiesover thesetwo types
of areasfor optimalresults.

1ZeroMeanNormalizedCrossCorrelation

A �o w diagramof our approachis shown in Figure1.
First, edgesareextractedfrom the left imagewhich is di-
vided into two setsof regions,edgeandnon-edgeregions.
Then,we matchall pixelsbelongingto theedgeregionsof
the left imageto their correspondingpixels in the right im-
agewithout thecontinuityconstraint.Finally, non-edgere-
gionsarematchedusinganotheralgorithmthatenforcesthe
continuityconstraint.
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Figure1: The�o w diagramof ourhybridapproach.

2.2.1 Matching EdgeAr ea

We have extractededgesfrom our imagesusingDeriche's
edgedetector[5], downloadedfrom the INRIA web site.
Becausethe edgedetectionprocessmight misssomeedge
points,we have postprocessedtheobtainededgesby a sim-
ple thickening process. This will ensurethat at leastall
boundarypixels,eventheonesmissedby theedgedetector,
areincluded.It is saferto labela non-edgepixel asanedge
pixel thantheotherway around.Figure2 shows a testim-
age,theoutputof Deriche'sedgedetectorand,thethickened
edgeareawe extractedfrom theimage.NotethattheCPU-
time overheadfor edgedetectionis negligible comparedto



theamountof CPU-timefor thewholematchingprocess.

Figure2: An image,extractededgesand, thickenededge
areas.

Becauseedgesmight representphysical boundaries,
their disparitymight vary in a considerableandabruptway.
Therefore,eachedgepixel from the left imageis matched
to its correspondingpixel in the right imageby an exhaus-
tivesearchoveranepipolarline andwithin aninterval. One
hasto notethatedgepixelsaremuchricher in texture than
otherimagepixelsandtherefore,their matchingis morere-
liable. In particular, mismatchesarevery unlikely for edge
pixels when epipolargeometryis used. Furthermore,the
CPU-timeis kept low sincethe edgepixels representonly
a fraction of the whole imagepixels. Figure3 shows the
matchededgeregionsthatwe have obtained(whatis shown
is theright image).

Figure3: Matchingresultof theedgeregions.

2.2.2 Matching Non-edgeAr ea

The non-edgeregionsare the remainderof the image,ob-
tainedby subtractingedgeregionsfrom theoriginal image.
To matchnon-edgeregionsin theleft image,we�rst needto
introducethetermof non-edgesegment.Sincethematching
is carriedoutalongepipolarlines,wede�ne anon-edgeseg-
mentasa sequenceof non-edgepixelson an epipolarline,
delimitedby two edgeareas.As shown on Figure4, white
areasrepresenttheedgeregionsandgrayareasthenon-edge
regions. Considerthepoints
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anepipolarline thatcrossesthewholeimage.Onecannote
thatwehavethreenon-edgesegments;namelythesegments
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Figure4: Non-edgesegments: de�nition

Sinceevery pixel from non-edgeregions belongsto a
certainnon-edgesegment,thematchingof non-edgeregions
of theimagecanbeviewedasthematchingof all non-edge
segmentsonall theepipolarlines.Obviouslythematchesof
thepixelsof a non-edgesegmentmustlie on thesamecor-
respondingepipolarline in the other image. Furthermore,
sincenon-edgeregionsconsistof smoothsurfaceswithout
abruptdisparitychanges,we canenforceall the following
constraints:order, continuity anduniqueness.As a conse-
quence,the searchareafor the matchingis drasticallyre-
duced. In addition, the likelihoodof a mismatchbecomes
extremelysmall.

2.2.3 Enforcing All Constraints

Considerthematchingprocessof a non-edgesegment � of
theleft imageto its correspondingpixelsin theright image.
Let ��� ��� beanarrayof pixelsdenotingthe � pixelsof seg-
ment � andlet � be thecorrespondingepipolarline in the
right image.If we havea matchedpair of pixelssuchas

��� ����������� � �

wherewe referto ��� ��� asthereferencepoint, its match ��� � �

thereferencematch, and !"��� ��� , ��� � � ) thereferencepair.
We have thefollowing

��� �$#&%'�$���(��� ��#&%'�*)

Theabovesaysthatthereferencepoint'sright immediate
neighboron theepipolarline matchestheimmediateneigh-
bor right of thereferencematch,while ignoringthescaling
thatoccursin animage.

As the orderconstraintstates,the orderof matchingis
preservedalongtheepipolarline, which meansthata pixel

+ locatedright of the referencepoint mustbematchedto a
pixel locatedright of thereferencematch.Moreover, since



we arematchingnon-edgeregions,wheredisparity varies
smoothly, thedisparityof + is almostthesameasthedispar-
ity of thereferencepoint. Therefore,thematchof + should
beaneighborof thereferencematchon thesameside.

However, consideringscalechangesof the image,we
needto adda margin , , so that the matchingrelationship
becomes:

��� ��#&%'�$���(��� ��#&%�#-, �

�

where,/.10

�

%

�

)2)3) 4 .
This , representsa small neighborhoodaroundthe ref-

erencematch.Wechoose4�5&6 whichmeansthattherefer-
encepoint's immediateneighborshouldfall into theregion
of lessthan3 pixel on thesamesideof thereferencematch.
This is a thresholdthat dependson how much the second
imagehasstretchedor shrunkwith respectto the�rst one.
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Figure 5: Using the epipolar, continuity and order con-
straintsto matchnon-edgesegments.

As shown in Figure5, if pixels � and � representa ref-
erencepair, then the candidatematchof pixel �
#7% must
bearoundtheright neighborhoodof � lying of theepipolar
line. Usingour threshold4�586 , thematchof �9#:% belongs
to thethree-elementset ;<��#&% , ��#>= , ��#>6@? .

Now, we canapply this methodto the A ' th neighborof
the referencepoint within the samenon-edgesegmentas
follows:

Givena pair of matchedpixels

��� ���$���(��� � �

�

we have

��� ��#-A$�$���B��� ��#CA�#>,D�

�

where ��� ��#CA$�

�

��� ���9. thesamenon-edgesegment.
Sincethe sharpdisparity changesonly occur at edges

andby de�nition anon-edgesegmenthasnoedgepixels,we
canconcludethat the disparitywithin a non-edgesegment
respectsthe continuity constraint. Therefore,the disparity
of thereferencepair providesanaccuratebasefor matching
otherpixelson thesamesegment.To matcha certainpixel,
thesearchareacanbe locatedby thedisparityof reference
pairplusits offsetfrom thereferencepoint. Thesearcharea
for acandidatematchis now restrictedto arangeof veryfew
pixels(threeif we set 4�5E6 ). Within this limited area,we
canthensimply choosethelocal maximaof thecorrelation
function to selectthe bestmatch. On Figure5, the search
areafor point + is obtainedby addingthe offset A to the
referencedisparity , . Thesizeof searchareais equalto 4 .

2.2.4 SelectingReferencePair

The accuracy of the disparityfor the referencepair is crit-
ical to the matchingof the other pixels on the samenon-
edgesegment. Sincethesearchareafor a candidatematch
is limited to a very small numberof pixels, the resultwill
be greatlyeffectedby the locationof this small area. This
locationis basedon thedisparityvalueof thereferencepair.
Therefore,weneedto adopta reliablestrategy to securethe
accuracy of thereferencepair.

A con�dencemeasureanda thresholdareusedfor this
purpose. This con�dencemeasureis basedon the neigh-
borhoodof the candidatereferencematch. That is, if we
can have a certainnumberof good matchessuccessively,
thelastoneof thesematchesis selectedasa referencepair.
The measureof a goodmatchis the thresholdvalueof the
correlationscore.

The selectionof a referencepair is requiredin two sit-
uations. First at the beginning of eachnon-edgesegment
becausea referencepair shouldbe determinedfor match-
ing the following otherpixels. However, the referencepair
needsto berefreshedto avoid accumulatedmisalignments.
Thesmoothlychangingdisparitycouldbeaccumulatedover
a certainrangeandmaycausethesearchareato bedrifted
away from the correctmatch. Therefore,over a wide non-
edgesegment,we do not usethe samereferencepair. In-
stead,a new referencepair is establishedeachtime theref-
erencepixel becomesfar away from thecurrentpixel to be
matched.Thisdistancerepresentsanotherthresholdthatwe
can useto avoid the drifting phenomena.An example is
shown in Figure4. The initial referencepoint for thenon-
edgesegment

�


 is
�

. However, because
�


 is too long,



weintroducedanotherreferencepoint F . Although F is not
thebeginningof thenon-edgesegment,it is usedto refresh
thereferencedisparity.

3 Experimental Results

Castlescene.

Headscene.

Treescene

Meterscene

Figure6: Thefour testimagepairswehaveused.

Theresultsof any matchingalgorithmwill bedif�cult to
evaluatein theabsenceof groundtruth. This is alwaysthe
casewhenreal imagesareused. In theseexperimentswe
have chosento show theresultsby re-constructingtheright
imageusingthe left imagepixels,thecalculateddisparities
andtheimagegrey level values.Althoughthis might notbe
thebestway to demonstratetheaccuracy of thematching,it
is agoodwayto show thevisualcorrectnessof thematching

results. In particular, shouldthe calculatedmatchingcon-
tain a lot of mismatches,the re-constructedimagewill not
look coherent.Therefore,our resultsaredemonstratedby
displayingthe re-constructedright image. In addition,we
have addedan interpolationstepto �ll-up the gapsfor vi-
sualpurposesonly. Thesegapsresultedfrom nonmatched
pixelsbecauseof their low correlationscoresor, becauseof
otherreasons.The interpolationprocesswe have usedwas
averysimpleone.Whenapixel in there-constructedimage
doesnot have a match(sucha pixel representsa hole)while
its immediateneighborshave matches,its grey-level value
is interpolatedfrom theseimmediateneighbors(atleasttwo
immediateneighborsarerequired). This simple interpola-
tion processis repeateda few timesuntil no suchpixelsre-
main. Therefore,the resultsof our matchingalgorithmare
shown with two images.There-constructedright imageand
its enhancedversionaftertheinterpolationprocess.

In theseexperiments,wehavetestedourmethodon four
pairs of real imagesshown on Figure 6. The edgesgen-
eratedfrom Deriche's edgedetectorwherethickenedwith
threepixelsto obtainouredgeregions.Theresultsaresum-
marizedin Figures7, 8, 9 and10. Theseresultsarevery
goodcomparedto theresults(notshown in this paper)from
thebasicalgorithmwe have describedin Paragraph2.1. In
particular, thevisual correctnessis of excellentquality, es-
pecially after interpolation. We have shown the different
resultswith different correlationwindow size to seehow
the quality evolves. Although we cannotdraw any serious
conclusion,usingasmallsizecorrelationwindow is enough
when interpolationis carriedout. Table (1) comparesthe
CPU-timefor thedifferentimagesandfor thedifferentcor-
relationwindow sizes. Onecannotethat the interpolation
overheadis verysmallandthatthecorrelationwindow size
hasa majoreffect on theCPU-time.In addition,theZNCC
correlationfunction,wehaveused,is oneof themostCPU-
time expensive but it hasnumerousadvantagesover other
much simpler correlationfunctions. The CPU-time pro-
videdin Table(1) wasobtainedwith alow-endsunworksta-
tion. This time canbereducedby two third if theprograms
arerunonarecentPentiummachine.For instance,theCPU-
timewouldbeonly threesecondsfor themeter scemewhen
thecorrelationwindow sizeis G�H�G .

4 Conclusion

In thispaper, weproposedafastalgorithmfor densematch-
ing of uncalibratedimages. The algorithm utilizes image
edgefeaturesto increasereliability andto speed-upprocess-
ing time. Becauseedgesin animagereveala lot of informa-
tion ontheimagestructureandindicatelocationsof possible
abruptdisparitychanges,they haveallowedustosegmentan
imageinto two setsof regions: edgeregionsandnon-edge
regions. Thus,two differentapproachesfor matchingwere



correlationwindowsize G�H1G

correlationwindow IJH1I

correlationwindow %K%LHM%K%

correlationwindow %NG�HM%NG

Figure7: Matchingresultsusinghybridapproachfor Castle
scene;withoutandwith interpolation.

correlationwindow G�H1G

correlationwindow IJH�I

correlationwindow % %�HO% %

correlationwindow %PGJHO%PG

Figure8: Matchingresultsusinghybrid approachfor Head
scene;without andwith interpolation.



correlationwindow G�H�G

correlationwindow IJH1I

correlationwindow %K%LHM%K%

correlationwindow %NG�HM%NG

Figure9: Matchingresultsusinghybrid approachfor Tree
scene;withoutandwith interpolation.

correlationwindow G�H1G

correlationwindow IJH�I

correlationwindow % %�HO% %

correlationwindow %PGJHO%PG

Figure10: Matchingresultsusinghybrid approachfor Me-
terscene;withoutandwith interpolation.



Castlescene(imagesize GKIRQ�H�6 S T )
correlation window size

G�H1G IJH�I % %�HO% % %NG�HM%NG

no interpolation 53s 77s 113s 171s
interpolation 54s 78s 114s 172s

Headscene(imagesize 6 S T�H�= S S )
correlation window size

G�H1G IJH�I % %�HO% % %NG�HM%NG

no interpolation 27s 41s 72s 119s
interpolation 27s 41s 73s 120s

Treescene(imagesize = G Q�H�= 6 6 )
correlation window size

G�H1G IJH�I % %�HO% % %NG�HM%NG

no interpolation 12s 21s 46s 77s
interpolation 12s 21s 47s 78s

Meterscene(imagesize = G QJH1=RTU0 )
correlation window size

G�H1G IJH�I % %�HO% % %NG�HM%NG

no interpolation 9s 14s 28s 44s
interpolation 9s 14s 29s 45s

Table1: CPU-time,in seconds,for all four examples.

usedfor thesetwo differentsetsof regions.Theedgeregions
werematchedusingcorrelationsandtheepipolarconstraint
only. Thishasprovento besuf�cient to obtainvery reliable
matchingresultson theedgeregionsbecausetheseregions
arevery rich in texture. Furthermore,edgeregionsdo not
representmostof theimagepixelsandtherefore,do not in-
volve a lot of processingtime. On the otherhand,for the
restof the imagethat is madeup of non-edgeregions,the
matchingapproachusedcorrelationstogetherwith all the
threeconstraints;the epipolar, continuity and, order con-
straints.Enforcingall theseconstraintsonnon-edgeregions
allowedusto achieveat leasttwo goals.First, thelikelihood
of amismatchto happenwasdrasticallyreducedbecausethe
searchfor a matchin theotherimagewasreducedto a few
pixels(threein our case). Second,the processingtime for
thesearchwasreducedaswell sincethecorrelationscores
werecalculatedonthreepixelsonly, resultingin afastdense
matchingprocess.Furthermore,thealgorithmwaskeptsim-
pleandstraightforwardto implement.
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