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Abstract

A new robustdensematching algorithmis introducedin
this paper. The algorithm starts from matching the most
texturedpoints,thena match propagationalgorithmis de-
velopedwith the bestfirst strategy to densifythe matches.
Next, the matching map is regularisedby using the local
geometricconstraintsencodedbyplanaraffineapplications
andbyusingtheglobalgeometricconstraintencodedbythe
fundamentalmatrix.

Two mostdistinctivefeaturesare a match propagation
strategydevelopedbyanalogyto regiongrowinganda suc-
cessiveregularisationby local and global geometriccon-
straints.Thealgorithmis efficient,robustandcancopewith
widedisparity. Thealgorithmis demonstratedonmanyreal
image pairs and applicationson image interpolation and
creatingnovelviewsarealsopresented.

1 Intr oduction

Matching techniquesare always one of the most im-
portantandmostdifficult task in computervision. Dense
matchingconsistsof establishinga maximumnumberof
pixel-to-pixel correspondencesin two images.Therehave
been many dense matching algorithms developed (e.g.
[3, 7, 2, 1, 10, 5, 11]). The most commonapproachfor
densematchingconsistsof correlatingsmall image win-
dows along the one dimensionalepipolar line within the
maximum disparity. This methodis often computation-
ally costly, suitableonly for small baseline stereoimages,
andalsodependsheavily on the epipolargeometrywhich
hasto be provided,often by off-line calibration. Most re-
centlyfrom researchersworkingonuncalibratedvision, the
epipolargeometrycould be estimatedon-line with robust
techniques[14, 13] which toleratesthe initial mismatches.
However, this modernapproachstill fails frequently for
widely separatedimagepairssincethe initial matchesare
fragileandthefundamentalmatrixsoestimatedfits oftento

subsetsof images,not thewholeimage.For instance,for a
clearbackground/foregroundscene,thefundamentalmatrix
oftenfits eitherto theclusterof pointsonthebackgroundor
thaton theforeground.

In this paper, we introducea new approachof robust
densematchingalgorithm.It startsby constructinga dense
matchingmapusinga growing/propagationschemafrom a
list of seedmatcheswhich maycontainbadmatches(Sec-
tion 2). The matchingis then regularisedusing the local
geometricconstraintsencodedby planaraffineapplications
(Section3). After local regularisationof densematching,
theglobalgeometricconstraintencodedby thefundamental
matrix is recoveredandusedto constraintthe final propa-
gation(Section4).

Thisnew approachhasconsiderableadvantagesover the
existing ones.It cancopewith wide disparitybetweenim-
agepairs. The initial seedmatchesare more tolerantfor
mismatchesaswe do not usethemto fit the global funda-
mentalmatrix, we useit only for matchpropagation. In
someextremecases,only one good seedmatch is suffi-
cientto provokeanavalanchefor thewholetexturedimages
while keepingbadseedsundeveloped.Thealgorithmis also
computationallyefficient. Thefinal fundamentalmatrix es-
timation is also reliable as the input matchesare evenly
spreadover the whole imagespace.Finally this algorithm
canstill appliesfor thenon-rigidsceneby droppingthefinal
andglobalvalidation.

2 Initial match and propagation

The basic principles of the algorithm is to start from
matchingsomepoints of interestwhich have the highest
texturenessas seedpoints to bootstrapa region growing
type algorithm,which thenpropagatesthe matchesin the
neighborhoodof seedpointsfrom themosttexturedpixels
to lesstexturedones. The algorithmthereforeconsistsof
two steps:seedselectionandpropagation.



2.1 SeedSelectionand Initial Matching

Pointsof interest[6, 12] arenaturallygoodseedpoint
candidates,as points of interestare by its very definition
imagepointswhichhavethehighesttextureness(i.e. thelo-
cal maximaof the auto-correlationfunction of the signal).
The ZNCC (zero-meannormalizedcross-correlation)cor-
relationmeasureis usedfor matchingseedsasit is invariant
to linear radiometricchanges.The
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2.2 Propagation

After obtaining the initial seedmatches,it comesour
central idea of match propagationfrom the initial seed
matches. The idea is similar to the classicregion grow-
ing methodfor imagesegmentation[9] basedon the pixel
homogeneity. Insteadof using the homogeneityproperty,
a similarity measurebasedon thecorrelationscoreis used.
Thispropagationstrategy couldalsobejustifiedastheseed
matchesarethepointsof interestwhich arethe local max-
imaof thetextureness,sothematchescouldbeextendedto
its neighborswhichhavestill strongtexturenessthoughnot
a localmaxima.

All initial seedmatchesare starting points of concur-
rent propagations.At eachstep,a match �<;=�5>/	 with the
bestZNCC scoreis removed from the currentsetof seed
matches.Thenwelook for new matchesin its ’matchneigh-
borhood’(seeFigure1 for its definition)andsimultaneously
addall new matchesto thecurrentsetof seedsandto theset
of acceptedmatches—underconstruction.Theneighborsof
pixels ; and > aretakento beall pixelswithin the ?A@B? win-
dow centeredat ; and > to enforcethecontinuityconstraint
of the matchingresults. For eachneighboringpixel in the
first image,weconstructa list of tentativematchcandidates
consistingof all pixels of a C.@%C window in the neigh-
borhoodof its correspondinglocationin thesecondimage.
Thus the displacementgradientlimit shouldnot exceed1
pixel.

The unicity constraintof the matchingand the termi-
nationof the processis guaranteedby choosingonly new
matchesnotyetaccepted.Sincethesearchspaceis reduced
for eachpixel, we usesmall ?.@D? windows for ZNCC.
Therefore,minor geometricchangesareallowed andarte-
factsat occludingcontoursarelimited.

We cannoticethat therisk of badpropagationis greatly
diminishedby the bestfirst strategy over all matchedseed
points. Althoughseedselectionstepseemsvery similar to
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Figure 1. Definition of neighborhood E �<;=��>F	
of pix el matc h �<;=�5>/	 . It is a set of matc hes in-
cluded in the two ?G@H? -neighborhood EJI �<;�	
and EGI ��>F	 of pix els ; and > . Possib le
matc hes for K (resp.

�
) are in the CL@*C black

frame centered at M (resp. N ). The complete
definition of E �<;=�5>/	 is O � K � M 	P� KLQREJI �<;�	P� MSQ
EJI �<>/	P�T� MVU >F	 U � KWU ;�	 Q.O:U�X ��Y�� X[Z]\TZ_^

many existing methods[14, 13] for matchingpointsof in-
terestusingcorrelation,thecrucialdifferenceis thatpropa-
gationneedsonly to take themostreliableonesratherthan
takingamaximumof them.Thismakesouralgorithmmuch
lessvulnerableto the presenceof badseedsin the initial
matches.In someextremecases,only onegoodmatchof
points of interestis sufficient to provoke an avalancheof
thewholetexturedimages.

This propagationalgorithmcanbedescribedasfollows.
Theinputof thealgorithmis theset `ba]adc of thecurrentseed
matches,thesetis implementedby aheapdatastructurefor
fastselectionof thebestmatch. The outputis an injective
displacementmappinge ;]f .

Let g � x 	 � h ;_� O0i 8 � x j �
	 U 8 � x 	 i ��� Q
O � X �5Y:	P�]� U�X ��Y_	k�T�<Yl� X 	P�T��Y�� U�X 	 Z_Z be an estimateof the lu-
minanceroughnessfor the pixel at x, which is used to
stop propagationinto insufficiently textured areas; with
g �<;�	Wm+n wheren � Y ^ Y X and Y�o 8 ��;0	po X .
Input: `ba]adc
Output: e ;Tf
while `qada]csr� t do

pull the best match �<;=� K 	 from `qadadcuwv N ;0xzy t
(Store in Localnew candidatematches)
for each � N � c 	 in E �<;=� K 	 do

if � N �P{�	 and �|{0� c 	 not in e ;]f and
s( N )>t, s( c )>t and ZNCC( N , c )>0.5

then store match � N � c 	 in
uwv N ;0x

end-if
end-for
(Store in SeedandMapgoodcandidatematches)
while

uwv N ;0x r� t do
pull the best match � N � c 	 from

uwv N ;0x
if � N �P{�	 and �|{0� c 	 not in e ;]f
then store match � N � c 	 in e ;Tf and `ba]adc
end-if

end-while
end-while



Thecomplexity of thealgorithmis } �~�x v]� �~�	5	 , where~
is thefinal numberof matchedpixels.Noticethatit isoutput
sensitive, only dependenton the numberof final matches
andindependentof disparitybound.

3 Checkusing local geometricconstraints

The disparity map obtainedfrom the propagationmay
still be corruptedandirregular. We assumethat the scene
surfaceis smoothenoughto beapproximatedby smallpla-
nar patches.Thus, the densematchingcanbe regularised
by locally fitting planarpatchesencodedby homographies.
Theconstructionof thematchedplanarpatchesis described
asfollows.

Thefirst imageis initially subdividedinto small regular
grid. For eachsquarepatch,weobtainall matchedpointsof
the squarefrom the densedisparitymap. A planehomog-
raphyshouldbe tentatively fitted to thesematchedpoints
of thesquareto look for potentialplanarpatches.Because
a patchis rarelya perfectplanarfacetexceptfor manufac-
turedobjects,theputative homographyfor a patchcannot
beestimatedby standardleastsquaresestimators.TheRan-
domSampleConsensus(RANSAC) method[4] is usedfor
robustestimation.

In practice,the stability of the homographyfitting de-
creaseswith thepatchsize.Ourcompromisebetweenpatch
grid resolutionandstability fitting is to fit a planaraffine
application(which countsonly 6 d.o.f insteadof 8 d.o.f of
homography)in �
@�� -pixel squares.

4 Estimate the global geometricconstraints

So far, only local geometricconstraintsare used for
matching.Theglobalgeometricconstraintencodedby the
fundamentalmatrix for the rigid sceneshouldalso be in-
tegrated. The mostpopularstrategy is to recover it at the
very beginning of the sparsematching[14, 13] within a
randomsamplingframework. Thereare two ways of in-
tegratingtheglobalconstraintfor ourapproach.Thefirst is
constrainedpropagationwhichconsistsin growing matches
if they satisfy the epipolarconstraint,while the secondis
unconstrainedpropagation.The advantageof constrained
propagationis that the bad propagationmight be stopped
earlier, but the domainof propagationis considerablyre-
duced;Even moreseriously, the fundamentalmatrix esti-
matedat this stepwith a robust methodoften tend to fit
points in a subsetof images. We adoptthereforethe un-
constrainedpropagationand the global constraintis only
imposedby thefollowing constrainedpropagation,afterthe
local regularisationwhich giveswidely spreadcorrespond-
ing pointsover thewholeimagerange.

The most direct approachto estimatethe fundamental
matrix is from a list of pixel matches�<������	 obtainedfrom

eachlocal planaraffine application> by � � >B� where �
is the middle of the correspondingsquare.Thesematches
are evenly spreadin image space(contrarily to interest
points)andthefundamentalmatrix is robustlyestimatedby
RANSAC from them. The obtainedmatchingconsensus
and fundamentalmatrix are finally improved by applying
the M-Estimatorproposedin [13] andimplementedby an
iteratedre-weightedleastsquare[15].

5 Experimentations

The matching algorithm describedabove is experi-
mentedon many imagepairs.

Figure 2. Top: initial seed matc hes. Bottom:
disparity after unconstrained propagation.

5.1 Stability of regiongrowing matching

We first comparethe densematchingmapby different
seedselectionsfor thefirst andtwentiethimageof thempeg
“flower garden”sequence(our matchinguseonly two im-
agesof thesequence).Thepair of “flower garden”images
shown on thetop row in Figure2 is very difficult to match
by classicalcorrelationor dynamicprogrammingasthedis-
parity is too strongand the orderingconstraintalong the
epipolarlinesis obviouslyviolated.

TheseedsareHarrispoints[12] matchedby X[Xb@
X[X cor-
relation(

�B�.����� Y ^ � ) andbidirectionalconsistency [5].
They aresuperimposedontheoriginalpairasshown in Fig-
ure2. Naturally, thereexistsstill falsematchesmarkedby
a squareinsteadof a crossfor goodmatches.Thedisparity
mapof densematchingafterregiongrowing is shownonthe
bottomof Figure2. It takes2.5 secondsby an UltraSparc
333MHzfor imagesizeof C_� Y @���� Y .

Wethenmanuallyselectfour seedmatchesfrom thepre-
viousonesandshow themon the left of Figure3. The re-
sulting matchgrowing is displayon the right of Figure3.



Figure 3. Left: Four manuall y selected seed
matc hes. Right: the resulting disparity map.

Figure 4. Left: 4 selected seeds and 158 false
matc hes. Right: the resulting disparity map.

Eachseedmatchis sufficient to provoke an avalancheof
correctmatchesin eachof thefour isolatedandtexturedar-
eas.The matchedareascover roughly thesamesurfaceas
thatobtainedwith theautomaticseedsin Figure2 and �(�0�
of matchedareasarecommonbetweentwo methods.

To thesemanuallyselectedmatches,158 falsematches
with good normalizedcorrelationscore(

��������� Y ^ � )
areadded.Still � Y � of thematchedareasarecommonwith
theautomaticseedsin Figure2.

Fromtheaboveexperiments,weseethatthematchprop-
agationis robustw.r.t. theinitial seedselection.

5.2 Comparing with Image-Matching

We show the advantageof unconstrainedpropagation
to calculatethe fundamentalmatrix for the previous big
cameramovement,by comparingour resultswith thoseof
Image-Matching[14]. Image-Matchingestimatesa fun-
damentalmatrix ��� from leastmediansquareusing seed
matchesby correlationandrelaxation.Thedefaultparame-
tersof Image-Matchingareused.In particular, its correla-
tion stepis moreconservativethanoursbecausebig X]?�@
X]?
windows areusedwith thesameZNCC threshold(0.8). It
follows that thereare no seedmatchesin the flowers be-
causethegeometricdistortionbetweenimagesis toostrong
(top of Figure5), andthe resulting � � is too badto allow
constrainedpropagationin flowerson the bottomright of
thetrunk(bottomleft of Figure5) in spiteof sub-pixelaccu-
racy for seeds.Our densematchingis only pixel accuracy,
but unconstrainedpropagationfrom thesameseedsfills the
full andcommonregionsin thetwo images.It follows that

our resultingfundamentalmatrix �,� is betterin theseareas
than ��� andit is shown by allowing constrainedpropaga-
tionseverywhere(bottomright of Figure5).

Figure 5. Top: Image-Matching seed matc hes.
Bottom left: ��� -constrained propagation.
Bottom right: ��� -constrained propagation.

5.3 Applications

Wehaveusedtheresultof ourdensematchingalgorithm
andfundamentalmatrix estimationfor imageinterpolation
[8] (left Figure6 andFigure8) andsurfacereconstruction
(right Figure6 andFigure7). In bothcases,the rendering
is improvedwith a meshwhich explicitly modelshalf oc-
cludedareasandgradientedges(automaticbuilding). As
expected,theprecisionof thereconstructiondecreaseswith
the depth(Figure 6). In Figure 7, the faceprofile seems
to becorrectbut thehairsaredifficult to match.Thealgo-
rithm parametersarethesamesfor all examples,exceptfor
thedifferentfacesin Figure8 undersimilarconditions(pro-
videdby [11]): theregionsof interestfor seedmatchesare
reducedto limit badseeds.Many exemplesareavailableat
ourWebsitehttp://www.inrialpes.fr/movi/pub/Demos.

6 Conclusionand futur e work

We have presenteda new methodof densematchingal-
gorithm. The main contributions are twofold. A match
region growing techniqueinspiredfrom the region grow-
ing for imagesegmentationallows to matchimportantar-
easacrosstwo images. Both local and global geometric
constraintsareintegrated.Unlike theexisting methods,the
global constraintis recoveredandusedafter local regular-
isation. The methodhasbeenexperimentedon many real
imagepairsincludingwidedisparityandtheapplicationfor
image interpolationand novel view synthesisis convinc-
ing. Actually we areinvestigatingdifferentmultiresolution



strategies,smoothnessconstraintsfor propagation,andalso
work on multiplesimages.

Figure 6. Interpolation and surface recon-
struction for the “flo wer garden”’ image pair .

Figure 7. Herve image pair and the recon-
structed surface .
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