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Abstract

This paper presentsan algorithm that matdesinterest
points detectedon a pair of grey level imagestakenfrom
arbitrary pointsof view. First matding hypotheseare gen-
eratedusinga similarity measue of theinterestpoints. Hy-
pothesesre confirmedisinglocal groupsof interestpoints:
group matdesare basedon a measue definedon an affine
transformationestimateand on a correlation coeficient
computedn the intensityof theinterestpoints. Oncea re-
liable matt hasbeendeterminedor a giveninterestpoint
andthe correspondindocal group, new group matdesare
found by propagatingthe estimatedaffine transformation.
Thealgorithm hasbeenwidely testedundervariousimage
transformationsit providesdensematdesand is veryro-
bust to outliers, i.e. interestpoints geneated by noiseor
presentin only one image becauseof occlusionsor non
overlap.

1. Intr oduction

Marny computervision tasksrely on featureextraction
andmatching. For instance featurematchingcanbe used
to computea transformationbetweentwo images,to re-
constructthe geometryof a scene(asin stereweision), or
to recognizeobjectspreviously perceved. Interestpoints
i.e. pixelsthatexhibit somesingularitywith respecto their
neighborhoodarefeatureso which moreand moreatten-
tion is beingpaid: they canindeedbe easilyextracted,and
arequiterobustto signalnoise,dataacquisitionparameters
variationsandimagetransformations.

Oneof the mainapplicationof pixel matchingis stereo-
vision. Cornventionalmatchingmethod$asednlocalgrey
valueswork well in this casewherethe transformatiorbe-
tweenthetwo imagess neartheidentity. Local grey value
correlationtechniqgueshave beencomparedn [4], and an
original matchingtechnique,more robustto signal noise,
hasbeenproposedin [13]. To detectand remove false
matchesa methodusingmedianflow filter hasbeenusedin
[10] for theimagetranslatiorcase A techniquaisingsome
classicalcorrelationand relaxationto find setof matches
hasbeenproposedn [14]. All thesemethodsarevery sen-
sitive to changesn imagescale,rotation and view point:
their applicationsundervariousimage transformationss
thereforenot possible.

To extract local characteristicstable with respectto
image transformations,Gaussianderivatives and Gabor
wavelethave beenproposedl]. Gaborfeatureshave been
usedto trackfacial featurepoints[5] : in theseapproaches,
a high resolutionof spatialfrequeng andangularorienta-
tion is required,which is computationallyexpensie. Lo-
cal characteristicusing Gaussianderivatives and Gauss-
Laplaceoperatohave beenpresentedh [11]. In [7], alocal
characteristiovector using Gaussiarderivativesis defined
to retrieveimagesn a database.

We presenhereanalgorithmthatmatchesnterestpoints
betweentwo imageswithout ary prior knowledgeon the
transformatiorbetweerthe images.It hasthreeimportant
properties:it is independento variousimagetransforma-
tions, it is not sensitie to occlusionsandsignalnoise,and
it is ableto find an approximatedaffine transformatiorbe-
tweenthetwoimagesin thecasesvheresuchatransforma-
tion approximatesvell the realtransformation.It is there-
fore very versatile,and can be appliedto image mosaic-
ing, imageretrieval in adatabasegbjectrecognitionuncal-
ibratedstereccorrelationandcameramotionrecovery. The
next sectionpresentsheinteresipointsdetectior?, andsec-
tion 3 describeshe heartof the algorithm,aninterestpoint
group matchingprocedure. Section4 describeghe strat-
egy to establishmatchesverthewholeimage,andvarious
resultsarepresentedh section5.

2. Inter estpoints

Variousapproachefave beenproposedo detectstable
interestpoints[6, 2, 12,9], themostknown beingthe Harris
detectof3]. Recentlya preciseversionof this detectothas
beenintroducedin [8]: it usesGaussiarfunctionsto com-
putethe derivativesof intensity andthe two eigervaluesof
theauto-correlatiomatrixastheprincipalcurvaturesof the
auto-correlatiorfunction. Theauthorscomparedhe stabil-
ity of theformerapproachessingrepeatability a quantita-
tive evaluationcriteriawhich is the percentagef repeated
interestpointsbetweenwo images:they assessethatthe
preciseHarrisdetectomprovidesthe bestrepeatability

We thereforeusethis versionof the Harrisdetector:the
auto-correlatiomatrix is
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wherel, and I, arecomputedoy corvolving theimage
with Gaussiarderivatives.

The eigervalues(\, A2) of the matrix A/ arethe two
principle cunvaturesandaninterestpointis declaredvhen
they are higherthan a given threshold. We usea single
scalarvalueasa characteristiof an interestpoint P, and
denotédt thecornernessp :

cp = AT+ |

To measurethe resemblancebetweentwo repeated
points P and ) in two images,the similarity S(P, Q) is
definedusingthecornernessp andcg:

min(cp, cq)

maz(cp, cg)

S(PQ) =

Figure 2 shavs the evolution of the meanof the simi-
larity of repeatedpointsundervariousknown rotationand
scalechange®f theimageshavn in figure 1. Repeatability
is over 80% for ary rotation,and decreasedown to 30%
percentwith a scalefactor changeof 1.5. For thesetrans-
formations the meanof similarity is alwaysover 70%, and
its standardleviationis not greatethan12%.

Figurel: Interestpointsdetectecbn an aerialimagepair (black
“+” junctions). The transformatiorbetweernthe imagesis herea
1.3 scalechangeandrepeatabilityis 63%.
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Figure?2: Evolution of the repeatabilitythe meansimilarity and
similarity standardieviationwith known rotationsandscalefactor
changes

3. Group matching procedure

Werely onthreecharacteristicto establisimatches the
first oneis the cornernesdefinedon eachinterestpoint.

The two otherare definedon the setof interestpointsin-
cludedin smalllocal regions (referredto aslocal groups:
oneis thelocal repeatabilityof thematchedyroups,i.e the
numberof pointsthatarerepeatedn the two groups;and
the otheris a correlationcoeficient of the intensity of the
repeatedpoints. The local groupscover an imageregion
smallenoughsothatit is possibleto estimatea local affine
transformatiorbetweenthe two groups:the local repeata-
bility is computedusingthis affine transformation.

Our group matchingalgorithm relies on the assump-
tion thatif two interestpoints match,their cornernessre
similar and their close neighborsare also very likely to
be matchedtogether: the repeatabilitybetweenmatched
groupsis higherthanfor ary othergrouppair.
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Figure3: Groupmatchingprocedure

Figure 3 summarizeghe group matchingprocedure:
given an interestpoint in the first image, all the interest
pointsin the secondmagewhosecornernesss similar are
matchingcandidates.To determinewhich candidatds the
goodmatch,local groupsaroundthe consideredoint and
allthecandidatesrebuilt. For eachcandidateroup,thelo-
calaffinetransformationthatyieldsthe highestepeatability
is determined.The repeatabilitycriteriais not sufficient to
establishavalid groupmatch:groupmatchesreconfirmed
by theestimatiorof correlationcoeficientcomputednthe
intensityof therepeategointsin matchedgroups.

3.1.Matching candidatepruning

Let P thesetof interestpoints P in thefirstimage,and
@ the setof interestpoints ) in the secondmage. Given
apoint P takenrandomlyin P, the subsetQp of Q of the
possiblematchingcandidates) for P is definedasfollows:

QP :{Q|S(PaQ)<TC}aQEQ
={Q',....Q"}

whereT, is a thresholdon cornernessimilarity. The
value of 7. is determinedon the basisof the figurespre-
sentedn sectior2: supposindhattherepeatabilitypetween



two matchedegionsof theimagess higherthan50%, sim-
ilarity mustbe greatetthan70%. Empiricaltestsshav that
avalueof 0.65 for 7. is satisfying.

3.2.Local grouping

Oncetheset@p of possiblematchingcandidategor P
is determinedthe local groupof interestpointsGp around
thepivot P is built:

Gp={P,p1...pn}

p1 - . .pn arethen closetinterestpointsof P (theneigh-
borsof P). Similarly, K local groupsG, aredetermined

for eachcandidatematchingpoint Q* in Qp:

Gor ={Q% af ... a1}

The neighborsare sortedaccordingto their distanceto
the pivot (|| 71 [|< ... <|| Pn ||, wherep; = P — p;),
andthe numbern of neighborsmustbe small, so that an
affine transformationis a goodapproximatiorof theimage
transformatiorto matchthe groups.Empirically, a number
of n = 5 neighborggivesgoodmatchingresults.

3.3.Local affine transformation estimation

To computethe repeatabilityof interestpoints,onemust
determinethe 2D transformationbetweenthe images. A
methodto estimatethis transformatiorusing 2D projective
transformatiorhasbeenproposedn [15]. But in the case
of non-planarscenessucha transformatiordoesnot exist:
only a local transformatiorbetweentwo small regionsin
theimagescanbeapproximatelydefined.Sincetheinterest
pointsin alocal groupcover a small area,the transforma-
tion betweentwo local groupscan be approximatedvith
scalerotationandtranslatiorchangesthe sheareffectsbe-
ing neglected. This approximatedocal affine transforma-
tion betweeny; andg in thegroups(Gp, Gox), is written

as
—sinf t
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wherep is the scalechangeand ¢ the rotation angle.
Givenagrouppair (Gp, Gg+), the translationt is first de-
terminedby subtractinghe coordinateof Q* to the coor
dinatesof P. Thematrix A beingdefinedby two elements,
anequialent‘affine featurevector’composedf p, 6 is de-
fined,anda singlematchingpointspair is sufficientto de-
fine anaffine featurevector: p;, i;; neighborof P, canbe
matchedo ¢;, j:», neighborof Q if S(p;, ¢;) < ., andwe
have:

cos 6
sin 6
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i,, and,i,, denoterespectiely & ”p I and”q - andthe

numberl addedto the denominatorof the definition of ¢
avoidstheundefinedcasesvheretheinnerproductis null.
The maximumnumberof possibleaffine vectorsfor a
group matchis »™: one mustnow find out which of the
possibleaffine vectorsis the bestfor a tentative matchbe-
tweenthegroupsGp andGqx (denotedM (Gp, G« )). For
that purpose the possibleaffine vectorsare groupedinto
classesf similar vectors. Indeed,the affine vectorsbe-
tweenmatchedpointsin a groupmatchshouldbe similar,
andthe numberof matchedbointsin agroupmatchshould
bethe highest.Theclassof vectorssimilarto A(p;, ¢;) is:

C(pi’ qj) = {A(pH-Ul ) q.7+v1)7 BEEE) A(pH-UN’ q.7+vN)}
Theindicesin this equationaresothatum,+1 > um >
0 andvmy1 > v, > 0 (rememberthat neighborsare
sortedby their distanceto the pivot), andan affine vector
APt 4i+v.,.) DelONgsto C(p; , ;) if
E(tm, vm) =|| W(APitupn, Fito,) —Api,r)") 1< Tk
whereWW is a2 x 2 orthogonalweightingmatrix to ad-
justthe contrastetweervariationsof two affine featureel-
ements.
After the classification,a classset {C(p;,r;)} is ob-

tained. The following function is usedto evaluateeach
class:

N
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Theaffine vectorclassthatminimizes(2) is retainedfor
thetentatve groupmatchM (Gp, Gox ),

7 plar]

M(Gp,Gor) = {(P,Q%), (pi, 1)), - -, (Pitun: Tj+vn)}
and the repeatability Ra4 is definedfor this group
match,Rap = |M(GP,GQ) |.

3.4.Matching strength

We now have asetof localaffine transformationsindthe
correspondingepeatabilityfor the possiblegroupmatches
M(Gp,Gor), Q% € Qp. However, sincewe chosea small
numberof neighborsin a group(n = 5) to satisfythe as-
sumptionthat an affine transformationis a good estimate
of therealtransformatiorbetweernthe groups,the repeata-
bility R, is notdiscriminative enoughto distinguishgood
andbadgroupmatches.

The strengthof a groupmatchis thereforedefinedasa
combinatiorof repeatabilityR »4 anda correlationscoreof
intensitybetweenepeategbointsin thegroupsip andg .
We chosehezero-meamormalizedcross-correlatioscore
(ZNCC):

lrepeatabilityis hereanthe integernumberof repeatecpoints, not a
percentageatio.



Z(Ipl - Tp)(fqz - Tq)
Z(M(Gp.Go¥) = 2 72
[Z(Ipl - Tp)z Z(qu - Tq)Q]

To copefor the noisein the imagesthe ZNCC scoreis
computedn the averageintensityof a small (3 x 3) local
windows aroundthe repeatednterestpoints. The strength
of amatchM is definedasfollows:

Smn={§M+ﬂM>g£mn>n

whereT’; is athresholdon Z (M) andT; haveto bepos-
itive. R4 is the numberof repeateointsandthe maxi-
mum valueof Z(M) is 1: with this definition, the group
match which has the highestrepeatabilityand a ZNCC
scorehigherthan7’; is consideredsalid, andif two group
matcheshave the samerepeatability Rrq, thenthey are
qualifiedby the ZNCC score.

4. Inter estpoints matching algorithm

Oncea reliable group matchis found by group match-
ing procedurea focussedyroupmatchingprocedurds ac-
tivated. Although thelocal affine transformatiorfound for
agroupmatchis notglobally stableon mostscenesit is lo-
cally stable.Therefore|t is propagatecroundthe current
groupmatchfound, in orderto focusthe searchof match
candidatesthusreducingboththe numberof candidateso
checkandthe possibility of falsematche®ccurrencesThe
wholematchingalgorithmprocedures depictedn figure4.
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Figure4: Interestpointsmatchingalgorithm

4.1.First matching group confirmation

Since further matcheswill be establishedon the ba-
sis of the local affine transformatiorof the currentmatch,
the validity of the first group matchis of extreme im-
portance. To make sure that the first group matchis a
valid one, matchesare establishedor a few groupsnear
the first matchedgroup: if the found matchis a real one,
matchedor very closegroupsmusthave a very similar lo-
cal affine transformation.The similarity betweerthe local
affine transformationslefinedby thesenew groupmatches
and by the first one is evaluated. A local affine vector
A =[an1, a2, an, as, t5, t, ] thatrepresenttheaffine
transformatiorof equationl is defined,andthe similarity
betweentwo affine vectorsis qualifiedby the Mahalanobis
distance:

dM(.AZ',.Aj) :\/(Ai_-Aj)T A1 (Ai_-Aj) (3)

If morethanoneneighborgroupmatchproducesalocal
affine vectorwhoseMahalanobisvith thefirst groupvector
is below athreshold thefirst groupmatchis declaredasa
valid one.If not,anotherinteresipointis randomlyselected
in thefirstimage,andthe processs reiteratecuntil a valid
groupmatchis found.

4.2.Focussedyroup matching

The local affine transformationobtainedby the first
groupmatchis only valid nearthis group: it is usedto es-
timate a searchwindow in the secondimageto matchthe
interestpoints closeto the first group in the first image.
GivenamatchedyroupGp in thefirstimage thenext inter-
estpoints P’ to studyare:

{P'} = {P"[ (d(P', P) <Ta) A (A(P') € Im3)} (4)

whered(P’, P) is adistancebetweertwo interesipoints
in the first image, 7, is a thresholdon this distance,and
A(P’) arethe coordinatesof P’ in the secondimageaf-
tertheapplicationof thecurrentlocal affine transformation.
Thematchingcandidate$or apoint P’ are

Qp ={Q € Imy | Q € Wap} )

whereW 4 p1) is asearctwindow aroundA(P’). P’ and
the (small) setof matchingcandidatesare thenfed to the
groupmatchingproceduralescribedn section3. Thelocal
affine transformatiorfound after the productionof a new
groupmatchis thenchecked:its similarity to the transfor
mationof the former matchis testedwith the Mahalanobis
distancg3). If the new matchis confirmedby this test,the
currentlocal affine transformatioris updatedandthe pro-
cesds repeatedintil all interestpointsin thefirstimageare
studied.

4.3.Global affine transformation

While the local affine transformatiorestimateis propa-
gatedandupdatedit is possibleto estimatea global affine



transformationywhich is of courseanapproximatiorof the
real transformationbetweenthe images. But the global
transformationgives much precisecoordinateestimation
A(P’) in caseof almostplanarscene®r smallview point
change:it canbe usedto studythe unmatchegointsafter
theendof thefocussedsearch.A leastsquareechniquds
usedto computethe globalaffine transformatiorusing(1),
by minimizingtheaccumulate@rrore:

€ = Z(PZX — Qz)z

whereP;, Q; arethei;;, matchingpointsandx is the
affine model parametersWhenthe global affine transfor
mationbecomestable,it is usedasthetransformationd in
equationg4) and(5).

5. Results

We testedour algorithmwith alot of distortionfreeim-
age pairs of various3D scenestakenfrom positionsthat
yields variouscomplex imagetransformations.To define
the effectivenessof the algorithm, two kinds of evaluation
methodare used: for planarscenesa homography7 is
determinedthanksto a non-linearconstraintleastsquare
methodappliedon the matchednterestpointscoordinates.
Thedistancebetweerapoint p andits matchq is definedoy
|| ¢ — 7 ||, wherep = T (p). For non-planasscenestesults
are evaluatedby the distancebetweenthe epipolarline of
a pointandits matchingpoint. The fundamentamatrix 7'
thatdefinesheepipolarinesis estimatedy aleastmedian
squaranethod14]. Thedistanceas thendefinedasfollows:

dp.0)=5(p=pl+lla—il)

wherep, ¢ are the points on the correspondingepipo-
lar lines: §Fp = 0, pFTq = 0 andthe lines definedby
(p, ), (¢, q) areorthogonato theepipolarlines.

In the following figures, "wrong matches”are repre-
sentedby a cross,”good matches”by a square. For pla-
narscenesthe tolerancdimit of the distancess setasthe
summatiorof themeandistanceandtwo timesthe standard
deviation of their distribution?, and for non-planarscenes
thetolerancds setto 1.5 pixel.

Figure5 presentghe matchingresultsfor an aerialim-
agepair. In this case the elevation of the camerais much
biggerthanthescenedepthvariation:thescenecanbecon-
sideredplanar andthe projectie transformatiordefinesa
preciserelation:the meanandstandardieviation of thedis-
tancesareverysmall(1.35and1.07pixel). In thisexample,
computatiortimeis 2.3s°.

The sceneof theimagesof figure6 is obviously not pla-
nar: falsematchesaredetectedusingthe fundamentama-
trix (computationtime is here0.7s). The aerialimagesof
figure 7 have beentakenfrom an altitudeof about20m by

2Notethatif ascends notcompletelyplanat a moreflexibletolerance
limit canbeappliedaccordingo thedistribution

3Computationtimes are estimatedon a Sun Ultra 10 Sparc station
throughouthis section
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Figure5: Matchingresultsfor a500 x 500 aerialimagepair, with
a140° rotationandl.4scalechange Thebottomrightimagerep-
resentshematchednterestpointsof thetoprightimage(squares)
with thetopleft imagematchedpoints(dots),aftertheapplication
of the projective transformation.Thedistribution of the distances
betweenmatchedpoints after the applicationof this transforma-
tion is displayedon the bottomleft. 86.4% of the matchesare
valid here.

a cameramountedon a balloon. Althoughtheimagequal-
ity is poor (dueto a long video cable),only 7 matchesare
wrongout of 68 goodmatches.Theimagesin figure 8 are
down-sampledo a 192 x 256 size,which doesnot disturb
atall thealgorithm,sinceit only reduceghe numberof in-
terestpoints.

Finally, figure 9 shaws the resultson a 480 x 640 in-
door sceneimagepair. No matcheshave beenestablished
on the manwho moved betweenthe acquisitions:indeed,
no matchesconsistenwith the affine transformatioresti-
mateswerepossibledo establish Finally, we testedvarious
casesvith no overlapbetweerthetwo images:no matches
wereever produced.

The time performanceof the algorithmdependon the
sizeof theoverlapregionbetweerthetwo imageswhenthe
overlapis big (asin steregairsfor instance)afirst matchis
quickly establishedBut whenthe overlapis very small,the
algorithmcanspendquitealot of time to establishthefirst
groupmatch,by checkingrandomlyinterestpointsuntil a
good matchis found. Oncea first group matchis estab-
lished,the remainingtime is proportionatlto the numberof
actualmatchesn theimage. Of course time performance
is dramaticallyenhancedf aninitial estimateof theimage
transformationis available.

6. Summary

Wepresentedninteresipointmatchingalgorithmwhich
is robustundervariousimagetransformationsilt reliesona
single characteristiddefinedon interestpoints and on lo-
cal groupsof interestpoints. Cornernesssimilarity and
a measurebasedon repeatabilityand intensity correlation
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Figure6: Matchingof a576 x 768 imagepairwith asmalltrans-
lation and a big panoramicrotation. 93.6% of the matchesare
goodmatches.

Figure7: Matchingof 576 x 768 aerialimagepair, with animpor
tantrotationandsmall scale translationandview point changes.
89.7% of the matchesaregoodmatchesthe computatiortime is
4.3s.

scorebetweerrepeatednterestpointsis usedto matchlo-
cal groups. To definerepeatabilityamonglocal groups,a
local affine transformatiorestimationmethodis proposed,
and to assesghe validity of a group match, a matching
strengththatcombineghetwo groupscharacteristicss de-
fined. Oncethe algorithmis initialized, an efficient candi-
dateselectionbasedon the local affine transformatiorfo-
cusesthe matchsearch. Testson realimageshave shavn
goodmatchingresults:wrongmatcheseldomexceed20%,
andthealgorithmworksin very differentconditions.
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