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Abstract

In this paper we presenta densematding algorithm
which utilizes the corner and edge featuies of images to
increase the reliability and to speedup the processof
densematding of two uncalibrated images. The major
problemof classicalarea-basedlensematding algorithms
is the high computationaltime resulting from intensive
correlation calculationsfor matt candidates. Although
somemethodshave attemptedto integrate image featue
informationin the densematcing of uncalibratedimages,
most of thesemethodsare not practical and are dif cult

to implement. This paper aims at designinga hybrid
matding algorithm that preservesdisparity continuity at
the objectcontinuoussurfaceswhile discontinuityat object
boundariesare treateddifferently in the matding process.
In particular, both CPU-timeand likelyhoodof mismatbtes
are reducedwhile the implementationis kept simple and
straightforwad.
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1 Intr oduction

The problemof establishingcorrespondencesf pixelsand
otherfeaturesacrossmagesrepresenta fundamentaprob-
lem in computervision. Thisis a very dif cult taskdueto
several reasonsjn particular not every featurein oneim-
agehasa matchin the otherone. Although a large amount
of work hasbeencarriedout over the pasttwo decade®n
the matchingproblem[8, 3], densematchingremainsun-
solved andviewed asthe bottleneckfor mary applications,
such3D reconstructiorandview synthesis Becausestereo
matchingds inherentlycomplicatedandnoisesensitve, clas-
sical approacheither were limited to a sparsematching
or madeadditionalassumptionsSparsenatchingmethods,
also called feature-basednethods,extract some selected
featureg(e.g.,cornersines)in eachimagethenattemptto
establisithe matching[11 9]. The maindravbackof these
methodds the sparsenessf therecoveredinformation. On
the otherhand,densematchingaimsat matchingeachand

everypixelin oneimagewith its correspondenggixelin the
otherimage.Mostof thesemethodsarebasedn correlation
techniques[Rto evaluateregion similarities. However, be-
causecorrelationsarecalculatedntensiely in thematching
processthesemethodsaretooslow. Constraintcanbeused
to reducethe searchfor a matchin the otherimage. The
most popularoneis the epipolarconstraintresultingfrom
the calculationof the fundamentamatrix [6, 4]. Although
this constraintreduceghe searchto one-dimensiornnstead
of two, the processs still very slow. The matchingprocess
canbemadefastif two moreconstraintsthe continuityand
orderconstraintscanbeenforced.In thatcasethematching
will bedonepixel by pixel oneachepipolarline, whereeach
pixel's disparitywill bedependenbn its previousneighbor
reducingthe searchto aminimum. However, thesetwo con-
straintsarenot alwayssatis edin sterecimages.In partic-
ular, the order might be violated with transparent(oover
lapping) objectsand the continuity doesnot hold at object
physicalboundaries.The orderconstraintis lessimportant
sinceit doesnothave asigni cant effectonthe CPU-timeof
the whole matchingprocess.On the otherhand,the conti-
nuity constraints far moreimportantand,togethemwith the
epipolarconstraint,is responsibldor reducingmostof the
CPU-time. The satiskction of the continuity/discontinuity
constraintsvasaddressebly severalresearcherdn particu-
lar, somerecentenegy-basednethods[110] solve thecor-
respondenc@roblemas a minimization problemthat pre-
senediscontinuitiesatobjectboundariesHowever, thepro-
cesssiterativeandis farfrom straightforvardto implement.
Furtrhermorethe CPU-timewasnotaddressedspartof the
problem.

Themethodwe presentn this paperaddressethedense
matchingproblemin the caseof uncalibratedstereoim-
ages.We malke useof the calculatedepipolargeometryand
the continuity constraints. The latter is usedon homoge-
neougegionwhileit is relaxedatregionboundariesUnlike
enegy-basednethodspurmethodaimsatdecreasin@PU-
time while it remainssimple andstraightforvards. Images
aresggmentednto two setsof regions,theboundaryregions
andthe nonboundaryegions. The continuity constraintis
enforcedfor the latter andrelaxed for the former. In addi-



tion, simplecorrelationis usedasa similarity measurement.

2 Densematching algorithm

2.1 A basicalgorithm

Beforedesigningthe targetedversionof our matchingalgo-
rithm, we startedwith a basiconewhich consistsof three
stepsandcanbesummarizeasfollows. (1) Cornersareex-
tractedfrom bothimageshenmatchedisingZNCC! corre-
lation. Givenacornerin theleftimage thesearcHor its cor-
respondingcornerin the right imagewaslimited to a small
setof cornerswithin the searchwindow. Only matcheccor
nerswith very high correlationvalueswere keptto ensure
reliability. (2) This smallsetof matchedcornersis usedto
calculatethe epipolargeometry[T. Althoughthis rst step
is crucial,its CPU-timewasnot signi cant, andcanbe ne-
glected,comparedo the densematchingof the whole im-
age. (3) Finally, for eachpixel in the left imagewe search
for its matchoverits correspondingpipolarline andwithin
somesearchwindow.

From our experimentsand as predicted,this simple al-
gorithm hadtwo major drawbacks the matchingwastoo
slow andthereweretoo mary mismatchesThesetwo prob-
lemsareindeedrelated. If the searchareais reducedthen
both the cpu-timeand the likelyhoodfor a mismatchwill
be decreasedThe searchareacanbe reducedf eachpixel
in the left image possessea good guessfor its disparity
This disparityguesscansimply bethedisparityof the clos-
estmatchedcornersincesuchinterestpointsaremorereli-
ablein matching.However, thedisparityguessasednim-
ageinterestpointsis not alwaysa goodguess For instance,
givenapixel locatedon anobject,theclosestorner(interest
point) to this pixel may be actually locatedon a different
objectandthereforejt might have a very differentdepthin
the scene.The searchregion thatwill be guessedbasedon
this interestpoint's disparity might not include the correct
match.

2.2 A newhybrid algorithm

Becausalisparityguessebasenly oninterestpointssuch
as cornersproved to be nonefcient, we have considered
here using anotherimportanttype of image features: the
edges . Edgeshave advantage®over interestpointssincethe
bordersof objectsin a scenegenerateedgesn mostcases.
Theknowledgeof the edgeinformationallows usto locate
the areawherepossiblesharpdisparitychangesnay occur
By sggmentingtheimageinto edgeandnon-edgeareaswe
canapplydifferentmatchingstratgiesoverthesetwo types
of areador optimalresults.
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A o w diagramof our approachs showvn in Figure 1.
First, edgesare extractedfrom the left imagewhich is di-
vided into two setsof regions,edgeandnon-edgeregions.
Then,we matchall pixels belongingto the edgeregions of
theleft imageto their correspondingpixelsin theright im-
agewithout the continuity constraint.Finally, non-edgere-
gionsarematchedusinganotheralgorithmthatenforceshe
continuity constraint.
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Figurel: The o w diagramof our hybrid approach.

2.2.1 Matching EdgeArea

We have extractededgesfrom our imagesusing Deriches
edgedetector[5], downloadedfrom the INRIA web site.
Becausedhe edgedetectionprocesamight miss someedge
points,we have postprocessethe obtainededgedy a sim-
ple thickening process. This will ensurethat at leastall

boundarypixels,eventhe onesmissedby the edgedetector
areincluded.lt is saferto labela non-edgepixel asanedge
pixel thanthe otherway around. Figure2 shavs a testim-

age theoutputof Derichesedgedetectoland,thethickened
edgeareawe extractedfrom theimage.Notethatthe CPU-
time overheador edgedetectionis negligible comparedo



theamountof CPU-timefor thewhole matchingprocess.

Figure2: An image,extractededgesand, thickenededge
areas.

Becauseedges might representphysical boundaries,
their disparitymight vary in a considerablandabruptway.
Therefore,eachedgepixel from the left imageis matched
to its correspondingpixel in the right imageby an exhaus-
tive searchoveranepipolarline andwithin aninterval. One
hasto notethatedgepixelsaremuchricherin texture than
otherimagepixelsandtherefore their matchingis morere-
liable. In particulay mismatchesrevery unlikely for edge
pixels when epipolargeometryis used. Furthermore the
CPU-timeis keptlow sincethe edgepixels represenbnly
a fraction of the whole imagepixels. Figure 3 shows the
matchededgeregionsthatwe have obtained(whats shavn
is therightimage).

Figure3: Matchingresultof theedgeregions.

2.2.2 Matching Non-edgeArea

The non-edgeregions are the remainderof the image,ob-
tainedby subtractingedgeregionsfrom the originalimage.
To matchnon-edgeegionsin theleftimage,we rst needo
introducethetermof non-edgesggment.Sincethematching
is carriedoutalongepipolarlines,we de ne anon-edgeseg-
mentasa sequencef non-edgepixels on an epipolarline,
delimitedby two edgeareas.As shavn on Figure4, white
areagepresentheedgeregionsandgrayareaghenon-edge
regions. Considerthe points and along
anepipolarline thatcrosseshe wholeimage.Onecannote
thatwe have threenon-edgesggmentsnamelythesggments
, and,

Figure4: Non-edgesggments de nition

Since every pixel from non-edgeregions belongsto a
certainnon-edgesggment thematchingof non-edgeegions
of theimagecanbeviewedasthe matchingof all non-edge
segmentson all theepipolarlines. Obviously the matcheof
the pixels of a non-edgesegmentmustlie on the samecor-
respondingepipolarline in the otherimage. Furthermore,
sincenon-edgeregions consistof smoothsurfaceswithout
abruptdisparity changeswe canenforceall the following
constraints:order, continuity and uniqguenessAs a conse-
guence the searchareafor the matchingis drasticallyre-
duced. In addition, the likelihood of a mismatchbecomes
extremelysmall.

2.2.3 Enforcing All Constraints

Considerthe matchingprocesof a non-edgesggment  of
theleft imageto its correspondingixelsin theright image.
Let beanarrayof pixelsdenotingthe pixelsof seg-
ment andlet bethecorrespondingpipolarline in the
rightimage.If we have amatchedpair of pixelssuchas

wherewe referto
therefelencematd, and ,
We have thefollowing

asthereferencepoint, its match
) thereferencepair.

Theabove sayshatthereferenceoint'srightimmediate
neighboron the epipolarline matchegheimmediateneigh-
bor right of the referencematch,while ignoringthe scaling
thatoccursin animage.

As the order constraintstates the order of matchingis
preseredalongthe epipolarline, which meanshata pixel

locatedright of the referencepoint mustbe matchedo a
pixel locatedright of the referencamatch. Moreover, since



we are matchingnon-edgeregions, where disparity varies
smoothlythedisparityof is almostthesameasthedispar
ity of thereferencepoint. Therefore thematchof should
be aneighborof thereferencanatchonthe sameside.

However, consideringscalechangesof the image, we
needto adda mamgin , sothatthe matchingrelationship
becomes:

where .

This represents small neighborhoodaroundthe ref-
erencematch.We choose which meanghattherefer
encepoint'simmediateneighborshouldfall into the region
of lessthan3 pixel onthe samesideof the referencematch.
This is a thresholdthat dependson how muchthe second
imagehasstretchedr shrunkwith respecto the rst one.
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Figure 5: Using the epipolay continuity and order con-
straintsto matchnon-edgesegments.

As shown in Figure5, if pixels and represent ref-

erencepair, thenthe candidatematchof pixel must
be aroundthe right neighborhoodf lying of the epipolar
line. Usingourthreshold , thematchof belongs

to thethree-elemenset , , .

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

Givena pair of matchecpixels

we have

where thesamenon-edgesegment.
Sincethe sharpdisparity changesonly occur at edges
andby de nition anon-edgesegmenthasno edgepixels,we
can concludethat the disparity within a non-edgesegment
respectghe continuity constraint. Therefore the disparity
of thereferencepair providesanaccurateébasefor matching
otherpixelson the samesegment. To matcha certainpixel,
the searchareacanbe locatedby the disparity of reference
pair plusits offsetfrom thereferencepoint. The searcharea
for acandidatenatchis now restrictedo arangeof veryfew
pixels (threeif we set ). Within this limited area,we
canthensimply choosethe local maximaof the correlation
function to selectthe bestmatch. On Figure 5, the search
areafor point is obtainedby addingthe offset to the
referencealisparity . Thesizeof searchareais equalto

2.2.4 SelectingReferencePair

The accurag of the disparityfor the referencepair is crit-
ical to the matchingof the other pixels on the samenon-
edgesement. Sincethe searchareafor a candidatematch
is limited to a very small numberof pixels, the resultwill
be greatly effectedby the locationof this small area. This
locationis basednthedisparityvalueof thereferencepair.
Thereforewe needto adoptareliablestrategy to securehe
accuray of thereferencepair.

A con dencemeasureanda thresholdare usedfor this
purpose. This con dence measures basedon the neigh-
borhoodof the candidatereferencematch. Thatis, if we
can have a certainnumberof good matchessuccessiely,
the lastoneof thesematchesds selectedasareferencepair.
The measureof a goodmatchis the thresholdvalue of the
correlationscore.

The selectionof a referencepair is requiredin two sit-
uations. First at the beginning of eachnon-edgeseggment
becausea referencepair shouldbe determinedfor match-
ing the following otherpixels. However, the referencepair
needso berefreshedo avoid accumulatednisalignments.
Thesmoothlychangingdisparitycouldbeaccumulatedver
a certainrangeand may causethe searchareato be drifted
away from the correctmatch. Therefore,over a wide non-
edgesggment,we do not usethe samereferencepair. In-
steada new referencepair is establishe@achtime the ref-
erencepixel becomedgar away from the currentpixel to be
matchedThis distancerepresentanotherthresholcthatwe
canuseto avoid the drifting phenomena.An exampleis
shawvn in Figure4. Theinitial referencepoint for the non-
edgesegment is . However, because istoolong,



weintroducedanothereferencgpoint . Although isnot
the beginning of the non-edgesegment,it is usedto refresh
thereferenceadisparity

3 Experimental Results

Castlescene.

Headscene.
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Figure6: Thefour testimagepairswe have used.

Theresultsof any matchingalgorithmwill bedif cult to
evaluatein the absencef groundtruth. Thisis alwaysthe
casewhenreal imagesare used. In theseexperimentswe
have choserto shaw theresultsby re-constructingheright
imageusingtheleft imagepixels,the calculateddisparities
andtheimagegrey level values.Althoughthis might notbe
thebestway to demonstrat¢he accuray of the matchingiit
is agoodwayto shaw thevisualcorrectnessf thematching

results. In particular shouldthe calculatedmatchingcon-
tain a lot of mismatchesthe re-constructedmagewill not
look coherent. Therefore,our resultsare demonstratedy
displayingthe re-constructedight image. In addition, we
have addedan interpolationstepto ll-up the gapsfor vi-
sualpurposenly. Thesegapsresultedfrom nonmatched
pixelsbecausef their low correlationscoresor, becaus®f
otherreasons.Theinterpolationprocessve have usedwas
averysimpleone.Whenapixelin there-constructeimage
doesnot have a match(sucta pixel represents hole) while
its immediateneighborshave matchesjts grey-level value
is interpolatedrom theseimmediateneighbors(ateasttwo
immediateneighborsare required). This simpleinterpola-
tion processs repeatedh few timesuntil no suchpixelsre-
main. Therefore the resultsof our matchingalgorithmare
shawvn with two images.There-constructedghtimageand
its enhancedersionaftertheinterpolationprocess.

In theseexperimentswe have testedour methodon four
pairs of real imagesshovn on Figure 6. The edgesgen-
eratedfrom Deriches edgedetectorwherethickenedwith
threepixelsto obtainour edgeregions. Theresultsaresum-
marizedin Figures7, 8, 9 and 10. Theseresultsare very
goodcomparedo theresults(noshavn in this paper)from
the basicalgorithmwe have describedn Paragrapt.1. In
particular the visual correctnesss of excellentquality, es-
pecially after interpolation. We have shavn the different
resultswith different correlationwindow size to seehow
the quality evolves. Although we cannotdraw ary serious
conclusionusingasmallsizecorrelationwindow is enough
wheninterpolationis carriedout. Table (1) compareghe
CPU-timefor the differentimagesandfor the differentcor-
relationwindow sizes. One cannotethatthe interpolation
overheads very smallandthatthe correlationwindow size
hasa majoreffect onthe CPU-time.In addition,the ZNCC
correlationfunction, we have used s oneof themostCPU-
time expensve but it hasnumerousadvantagesover other
much simpler correlationfunctions. The CPU-time pro-
videdin Table(1) wasobtainedwith alow-endsunworksta-
tion. Thistime canbereducedy two third if the programs
arerunonarecentPentiummachine Forinstancethe CPU-
time would beonly threesecondgor the meter scemevhen
thecorrelationwindow sizeis

4 Conclusion

In this paperwe proposedfastalgorithmfor densematch-
ing of uncalibratedmages. The algorithm utilizes image
edgefeaturego increaseeliability andto speed-upprocess-
ing time. Because&dgesn animagerevealalot of informa-
tion ontheimagestructureandindicatelocationsof possible
abruptdisparitychangesthey have allowedusto sggmentan
imageinto two setsof regions: edgeregionsandnon-edge
regions. Thus,two differentapproache$or matchingwere
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Figure7: Matchingresultsusinghybrid approactor Castle

scenewithoutandwith interpolation. Figure8: Matchingresultsusinghybrid approacHor Head
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Figure9: Matchingresultsusinghybrid approachor Tree  Figure10: Matchingresultsusinghybrid approacHor Me-
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Castlescengimagesize )
correlation window size

no interpolation | 53s 77s 113s 171s
inter polation 54s 78s 114s 172s
Headscengimagesize )

correlation window size

nointerpolation | 27s  41ls 72s 119s
inter polation 27s  41s 73s 120s
Treescengimagesize )

correlation window size

no interpolation | 12s 21s 46s 77s
inter polation 12s 21s 47s 78s
Metersceng(imagesize )

correlation window size

no inter polation 9s 14s 28s 44s

inter polation 9s 14s 29s 45s

Tablel: CPU-time,in secondsfor all four examples.

usedfor thesewo differentsetsof regions. Theedgeregions
werematchedusingcorrelationsandthe epipolarconstraint
only. This hasprovento besufcient to obtainveryreliable
matchingresultson the edgeregionsbecauseheseregions
arevery rich in texture. Furthermoregdgeregionsdo not
representnostof theimagepixelsandtherefore do notin-
volve a lot of processingime. On the otherhand,for the
restof the imagethatis madeup of non-edgeregions, the
matchingapproachusedcorrelationstogetherwith all the
three constraints;the epipolar continuity and, order con-
straints.Enforcingall theseconstrainton non-edgeegions
allowedusto achieve atleasttwo goals.First, thelikelihood
of amismatchto happerwasdrasticallyreducedecaus¢he
searchfor a matchin the otherimagewasreducedo a few
pixels(threein our case). Second the processingime for
the searchwasreducedaswell sincethe correlationscores
werecalculatednthreepixelsonly, resultingin afastdense
matchingprocessFurthermorethealgorithmwaskeptsim-
ple andstraightforwardto implement.
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