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Abstract

We presenta simple and efficient densematchingmethodbasedon region

growing techniqueswhich canbe appliedto a wide rangeof globally tex-

turedimagedik e mary outdoorscenesOur methodcandealwith non-rigid
scenesandlarge cameramnotions. First a few highly distinctive featuredike

pointsor areasareextractedandmatchedThesenitial matchesrethenused
in a correlation-basedegion growing stepwhich propagateshe matchesn

texturedandmoreambiguousegionsof theimages.Theimplementatiorof

thealgorithmis alsogivenandis demonstratedn realimagepairs.

Keywords: DenseMatching,Region Growing, Correlation.

1 Intr oduction

Many algorithmshave beenproposedor densematching.Onepopularapproachs based
on correlation,however this kind of algorithmsis generallylimited to relatively small
disparity hencesmallcameramotion. For stereamageqdDA89], [Kos93 whoseepipolar
geometnyis known a priori, thesearctspacecanbereducedo a 1D alongepipolarines.
Imagerectificationis usuallyusedto accelerat¢he densematchingprocesshut doesnot
allow zoomingin/out of thecamera.

Another approachis optical flow [BFB94], which handlesnon-rigid scenedbut is
limited to smallerdisplacementsDifferentialtechniquegive accurateestimationof dis-
placement$or smoothimagesbut fail for texturedimagesandat depthdiscontinuities.
Area-basednatchingtechniquesrefast,but do not performwell for sub-pixel displace-
mentsor dilations. Phase-basethethodsproduceaccurateesultsoverall, but involve a
largenumberof filters.

Occlusionsareoneof themajorsourcegor wrongmatchesMost of therecentstereo
andoptical flow work consistsof incrementaimprovementso existing methodsto in-
creasespeed,accurag or reliability. Only a few authorsdirectly treatlarge occlusion
stered|IB94]. Usually, coarseo fine (e.g.[HA89]) or hierarchicale.g.[MT94]) match-
ing stratgiesseemso benecessaryo dealwith largedisparityrange.

Our algorithmusesmainly region growing technigues.Region growing is a classic
approachor sggmentationfHS85, [Mon87], andfinding shapegBra93. In its simplest
sense region growing is the processof memging neighboringpoints (or collectionsof
points)into larger regions basedon homogeneityproperties. Further a correctuse of
regionscanhelpmatchingiHJ95, [SA95], althoughtheir boundariesreunstables.
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An explicit region growing methodis introducedin the photogrammetrglomainby
[OC89 with the “Gotcha” (Gruen-Otto-ChaupLSC (Adaptatize LeastSquareCorre-
lation) algorithm. It startswith approximatepatchmatchedetweenwo SPOT satellite
imagesandrefinesthem. Their recosereddistortion parametersre usedto predictap-
proximatematchesor new patchesn the neighborhoodf thefirst match. Then,these
patchmatchesarerefinedandsoon. Complementsor building extractionarediscussed
in the samedomainby [KM96]: a pyramidalalgorithmto produceseedmatchesand
extractionof linearelementgo remove possibleblundersareproposed.

Our mainassumptioris thatthe scends globally texturedlik e mary outdoorscenes.
Non-rigid sceneslargedisparitiege.g.aquarterof view size)andcameraoomingin/out
areallowed. Thecomputatiortime is independentf ary disparitybound.

Our algorithmhastwo mainsteps.Thefirst stepextractsandmatches sparsesetof
highly distinctive features:seedpointsandseedareas Seedpointsarepointsof interest
andarematchedoy correlation.|f the scends rigid, a robusttechniqueto matchpoints
of interestthroughthe recovery of the unknovn epipolargeometrycould be used. Seed
areascompletethesematchesn the mostuniform coloredareas.We extractandmatch
themby simultaneouslynatchingandregion growing in the mostuniform coloredareas
of theimages.

Thesecondstepuseghesdnitial matchedo seedadensematchingpropagationysing
abestfirst matchingstratey. Thisextendshematchego includethetexturedareasof the
image.If thescenads rigid, we canusethe epipolargeometryobtainedn thefirst stepto
constrainthe propagatiorin the secondstep. Our pixel-to-pixelspropagatiordealswith
fine texture details,and stopsjust at the occlusionbordersif they are enoughtextured.
Theresultis adensepixelic matching but it needdesscalculationghanpatch-to-patches
propagatioranddistortionparameteestimations.

Thetwo stepsof thedensematchingalgorithmarerespectrely describedn Sections
2 and3. Resultsonrealimagepairsarepresentedh Section4.

2 Initial Matching

In this sectionwe shov how to producea setof initial candidatenatchesWe first justify
thechoiceof seedhointsandseedareas Secondlywe explainhow to compareseedareas,
andfinally describeheir matchingandtheir region growing-basedxtraction.

2.1 Which featuresto choose?

Matching points of interestis now a robust processfor rigid scenesas demonstrated
for examplein [ZDFL94]. First, thesepointsareextractedandmatchedwith correlation.
Becausef noiseandnearlyrepetitve patternsarelaxationstepandnext arobustestimate
of epipolargeometryseemto be necessaryo producereliable matches.However, a set
of candidatepoint matchebtainedby simplecorrelationis sufficientto seedconcurrent
propagations.

Matchingedgesegmentsis well adaptedor polyhedralandlow texturedscenes.It
is difficult to extractandmatchsalientmatcheof edgesegmentsin our case becaus®f
ourassumptiorof texturedscenes.

Finally, it is known that segmentationis an unstableprocess.Neverthelesswe need
only to extractsomeinitial seedareamatchesA processwill be describedelov which
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producessomereliable matchesof the mostuniform coloredareasof the images. The
simultaneousiseof shapeandmeancolor comparisondetweersomeisolatedanduni-
form coloredregionsin the globally texturedimagesis sufiicient to produceconcurrent
seedareamatches.

Therefore,we use both seedareasand seedpoints. Suchseedfeaturesare only
matchedin weak distortion areashetweenthe two images. Densematchingpropaga-
tion will extendmatchingto moredifficult anddistortedregionsto match.If thescends
rigid, the epipolargeometryis recoseredwhile matchingseedpoints.

2.2 How to Compare Two SeedAreas?

First, seedareaswill not usuallybe distinguishabléf their areasaretoo small. On the
otherhand,areaswhich aretoo large are subjectto significantperspectie andsegmen-
tation distortions. Sowe limit the minimum and maximumsizesof our seedareas.In
practicejt turnsoutthatthe sameinterval of allowedvaluesis sufficientfor mary differ-
enttypesof images.Therangeinterval is 100to 2000pixelsfor all ourtests.

Two areasd and B arecomparedrery simply by their meancolor andtheir shape

J(A) — BJ+ 1B — 1(4)]
o4, B) = A+ 3]

where|A| is theareaof A, “-" indicatessetdifference,andt is the translationfrom
A’scentroidto B’s. Areasareeasilydiscriminatedy theircolorsandforms,andc allows
for alittle perspectie distortionor initial segmentationerror. Othermeasuregould be
usedsuchasthegeneralizedHausdorf measurgHJ95 or momentdBS97], but thetwo
simplemeasuresabove have provedadequatén our experiments.

2.3 Extract Candidate Matchesfor SeedAreas

This extractionis an alternatesequencef region growing and matchingstepsfor seed
areasAt thebeginning,eachpixel formsa separateegion.

During a growing step,for eachconnecte@ x 2 block of pixelsin theimagestheir
regionsarememedif their colordifferencds lessthanathreshold seeexamplesn Figure
1). Thethresholds the samefor all blocks,but increase®etweergrowing steps.

During a matchingstep,eachregion of thefirst imageis comparedo eachregion of
the seconadusingthe above criteria: candidatenatchesareacceptedf bothof theirareas
arewithin thethresholdsandtheir meancolor andshapedifferencesaresmall.

Figurel: Treesuccessie pixel or region memgesusingmostuniformcolored2 x 2 blocks
of pixels. Thebig squards theselectedlock for amemgeprocess.
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Growing andmatchingstepsarerun severaltimesat differentcolor uniformity levels
for two reasons.Firstly, region growing is not strictly identicalin the two imagesbe-
causeof noiseandperspectie distortion: successie comparisongirenecessaryo ensure
goodmatches Secondlyit allows the sameinterval of testedthresholdgo handlemary
differenttypesof views.

3 DenseMatching Propagation

We have describedhe first stepof our algorithmin the previous section. A methodto

obtain seedpoint matcheswas cited. An algorithmwas also proposedo obtain seed
areamatches.The secondstepis now describedWe first justify the choiceof the dense
matchingpropagatiorstrategy; thenwe give the principle of the algorithm; finally the

algorithmandsomeimplementatiordetailsaregiven. For clarity, the exactlink between
thefirst andthe secondstepis explicatedin thelast partof this section.

3.1 Why DenseMatching Propagation?

Our goalis densematchingfor textured,nondifferentiableandnoisyimages We choose
a correlation-basethethodbecausét is simpleandfast. Correlationis lesssensitve to
geometriadistortionif smallwindows areused.However, matchingwith smallwindows
canbe ambiguouswith nearlyperiodictexturessuchasthoseof outdoorscenes.Thus,
a strengthconstraintis neededor reliable matching. We usethe continuity constaint:
exceptfor somepixelson the objectboundariesthe disparitymustvary smoothly Dense
matchingpropagatioris a simpleandeffective way to usethis constraintthe propagation
movescontinuoushyfrom lessambiguousnatchedo moreambiguousnes.

3.2 Principle

A disparitymap M ap storesthe region of correctpixel matches.The algorithmconsists
of growing thisregion. Let Start beasetof active pixel matchesearits boundariesAt
eachstepwe remove the bestmatch(a, A) from setStart. Match (a, A) is the seedfor
alocal propagationnew matchesn theneighborhoof (a, A) (seeFigure2) areadded
simultaneouslyo setStart andmap Map. Thesenew matcheqb, B) areaddedonly if
neitherpixel b nor B arealreadymatchedn Map.

Neighborhood of pixel a in view INeighborhood of pixel A in view 2

b B

Figure2: Definition of amatchneighborhoodTheneighborhooaf amatch(a,A)is aset
of matchesncludedin thetwo 5 x 5-neighborhoof aandA. Possiblecorrespondents
of b (resp.C) arein theblackframecenteredat B (resp.c).
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Noticethat:

e ThesetStart is alwaysincludedin theregionof correctmatchesn M ap andinitial
contentof Start.

¢ Theunicity constrainis guaranteedh M ap by our choiceof new matches.Thus,
the numberof local propagationsindthe sizeof the setStart areboundeddy the
sumof thesizeof Start’sinitial contentandthe areaof theimage.

e Choosingonly onematchin the neighborhoodf (a, A) is inadequatelt doesnot
producea real 2D propagationpecausehe sizeof the set Start cannotincrease
andsocannot containthewholeboundarie®f regionin Map in progress.

¢ Therisk of badpropagations reducecy the choiceof thebestmatch(a, A) of the
setStart.

Furthermorethe moretexturedtheimage,the lower therisk of badpropagation\We
reducetherisk by forbiddinglocal propagationn regionswhich aretoo smooth.

Propagatioris begunby initializing the setStart asmentionedn Section3.4. Propa-
gationis stoppedy imageborderstoosmoottregionsandalreadymatchedareas Occlu-
sioncontoursstopit too, if they separatéwo differenttextures.If yes,they areincluded
in bordersof afinishedpropagationn oneof theimage.

3.3 Implementation and Algorithm

Disparitymap M ap is injective. We usea heap[AHU74] for the setStart to storethe
potentialseeddor local propagationsindto selectthe bestat eachstep. The compleity
of propagationis thenO(nlog(n)), wheren is the areaof theimage. Notice thatit is
independentf ary disparitybound.

If a is a pixel, let V;(a) bethe z x z window centeredat pixel a. Let s(a) be
someestimateof the colorroughnesin A;(a) andsy bealowerthreshold We uses() to
forbid propagationnto insuficiently texturedareada, s(a) < so}. Themoreperspectie
distortionis importantbetweerthetwo views, the upperthis thresholdshouldbe.

Let d(a, b) be a measuref the imageintensity/colordifferencebetweenV3(a) and
N3(b), andvalued, be an upperthreshold. The ratio 7(a,b) = % is used
as a measureof reliability for pixel match(a,b). Matcheswith the best(the uppest)
reliabilitiesarefirst considered.

Let (74, ga,ba),0 < 74, 9a,ba < 1 bethe color of a pixel a. We usethe following
definitionsfor all ourtests:

n(a,b) = .299|r, — rp| + .587|g. — 9| + -114|bs — bp|
da,b) = + > n(a+6,b+6)
6€{—1,0,1}x{—1,0,1}
dgy = 0.07
s(a) = maz{n(a,b),b—a € {(1,0),(-1,0),(0,1),(0,-1)}}
so = 0.04

min{s(a), s(b)}
d(a,b)
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Thealgorithmis

/I First, initialize Start asmentionedn the next paragraph.
/INext, propagate:
Local +— 0
while Start # 0 do
. pull from Start thematch(a, b) whichmaximizesreliability r(a, b)
. let Local beaemptyheapof pixel matches
. Il Storein Local the potentialmatchef local propagatiorfrom match(a, b):
. for each(e, d) in {(c,d),c € Ns(a),d € N5(b),(d —b) — (c—a) € {—1,0,1} x {-1,0,1}} do
. if s(c) > sp ands(d) > sp andd(c,d) < do // andpossiblethersconstraints
.. thenstorematch(c, d) in theheapLocal
. endif
. enddo
. I/ Storein Start and M ap consistenmatche®of Local with Map:
. while Local # () do
.. pull from Local thematch(c, d) which maximizesr(c, d)
. iIf candd arenotalreadymatchedn thedisparitymap M ap
.. thenstorematch(c, d) in thedisparitymap M ap andheapStart
. endif
. enddo
enddo

If thescends rigid, we addthe epipolarconstrainfor match(c, d) in theline
if s(c) > sp ands(d) > so andd(e, d) < dy .

3.4 Link betweenthe First and SecondStep

Thetwo stepsweredescribedn the previous sections.Thefirst stepproducesandidate
matcheof seedpointsandseedareaswhich areaccurateup to afew pixels. Thesecond
stepneedscandidatepixel matcheswith pixel accuray. We combinethe two stepsusing
the following stratgy: all candidatematchesare startsof simultaneousnd concurrent
propagations.

If aseedpoint matchis accurateaboutsomepixels, it is a goodtrick to corvertit to
a setof concurrent,candidatepixel matchesof its neighborhood.Bestcandidateswill
be first selectedanda single goodoneis sufficient to provoke an avalancheof correct
matchesn the secondstep. Bad candidatesare thendiscardedf one of their pixel is
alreadymatched.

Seedareamatch (A, B) is corvertedto concurrent,candidatepixel matchesn set
Start with the simple processelow, wheret is the translationvectorwhich mapsA’s
centroidto B’s.

For eachpixel aof A’'s boundariesstorecandidatanatch(a, t(a)) in thesetStart.
For eachpixel b of B's boundariesstorecandidatamatch(—#(b), b) in thesetStart.

Althoughregion boundaryis unstablethesecandidatenatcheshave provedadequatén
our experimentdo startamatchingavalancheeffect.
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4 Experimental Results

Resultson realimagepairsare now discussed.lt shouldbe stressedhat the samepa-
rametervaluesintroducedin the variousstepsof the algorithmwere usedfor all of the
tests.

4.1 Visualizing Arbitrary DenseMatching with a Checker-Board

Sincewe teston non stereopairs, disparity cannot alwaysbe interpretedasdepth,and
it might alsobe large. Depthmapanddisplacementield arenot well adaptedo display
the results. We designeda global way to visualizedensematchedor arbitraryimages
asfollows. Pixels of the first imageare coloredwith a gray-blackchecler-board. For

eachmatchedixel of this image,we color the correspondingixel of the secondmage
with the samecolor. This makesit easyto visualizethe matchof eachsquareandits

distortion. A bestway for color displaysconsistsof blendinga red-bluechecled board
with theoriginalimages.

4.2 Results

We shaw in Figure3 thatasingleseedpointmatchis sufiicientfor texturedscenego start
a densematchingpropagation(1.5son a Ultra SFARC 300Mhz). Our visual matching
checlerboardsuggestshatthe majority of the matchesaregood.

Large occludedareasoccurin the secondscene(cf. Figure4). The samedetection
andcorrelationas[ZDFL94] areusedwithoutrelaxationor epipolarconstraintfo produce
seedpoint matches Eachisolated texturedregion shouldcontainat leastonegoodseed
point matchto be matched.Usercanmanuallyaddsomeseedpoint matchego improve
thefinal result.

Thethird scenes arivulet (cf. Figure5b), with a blurredregion neartheright bottom
corner Coloredlmagedimensionsare512 x 768. 151 seedpoint (resp.408 seedarea)
matchesare extractedand matchedin 5s (resp. 14s). Automatic seedpoint and seed
areamatchesrestartof concurrenpropagationsywhich produce238460matchesn 19s.
Epipolarconstraintimits badpropagationsFurther thereis only seedareado startthe
propagationn theblurredregion.

We shaow finally extractionsof seedcareamatchesloneandtheresultingpropagations
in Figure6. Our methodhasbeentestedsuccessfubn mary otherstexturedimagepairs.

Figure3: Efficiengy of unconstrainegropagatiorfor a textured,camerazoomingimage
pair. We manuallyseta singleseedpoint matchnearthe centerof thetextured Yosemite
2-16imagepair (a), with 1-2 pixel accuray andshow theresultingpropagatior{b). Only

texturedareasarematched.
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Figure4: Minimal setof seedmatchegqa), large displacementandsomeuserhelp (b).
Automaticpoint seeding(a) producesnorethanonegoodmatchfor eachtextured,iso-
latedregion. Thus,theresultingpropagatiorfunconstrainedills eachof them(a,b).User
caninteract:we manuallyaddto automaticseedmatches singleoneonthetrunkbottom
(b) to matchit correctly

(d)

Figure5: Rivuletimagepair (a), automaticseedpoint andareamatchegb), comparison
betweerunconstrainedc) andepipolarconstrainedd) propagation Epipolarconstraint
limits bad propagationsespeciallyin the blurredright down. In this blurredarea,seed
areasnatchesrenecessarjo startpropagations.
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5 Conclusion

A new methodhasbeenproposedor densematchingtwo textured imageslike mary
outdoorsscenesThealgorithmhastwo main steps.First, we extractandmatchinterest
points. Seedareamatchescompletethesematchesn the mostuniform coloredareasof
theimages.Seconda correlation-basethatchpropagations startedrom theseseedsto
producea densematchingcaoveringonly sufiiciently texturedareasof theimages.

We have successfullytestedthe algorithm on real image pairs with large displace-
ments. Runningtime is acceptableandindependenof ary disparity bound. Rigidity
constraintis not indispensabldéor enoughtexturedareas put limits badpropagationsn
low texturedones. If automaticseedingis insufficient, usercanadd simply new seed
pointmatchego improve theresultingpropagation However, our methodis not suitable
for nontexturedimagedik e indoorscenesindmanugcturedbjects:thedensematching
propagations immediatelystopped.

- -
v -
’ x,:, w
-
- ad
> . =~
v ke
a\ Al
? 1 z J
p
afe anl
¥ .
¥ 2, -. ® = U:
o . se 4 kN .t -
- ‘§ ., % . PR . *
.~ . AY 7 5y ~ )
- A .4 =
™ G BL T By
- & .t
3 i >
& i k3 - 4-:\ % . .
» o
Vo, F T, ‘
4‘5.:"‘,51 2, = .
P LY » G v
‘S GRTe v, > R ESn O
N e [ -
- 4 ang -
ot . ;3 - > . - - 4 :“P P
. ot K - LN
L R & ~ A . . =
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andtheresulting(unconstrainedpropagations.
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