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Abstract

This paperpresentsan algorithm that matchesinterest
pointsdetectedon a pair of grey level imagestakenfrom
arbitrarypointsof view. First matchinghypothesesaregen-
eratedusinga similarity measureof theinterestpoints.Hy-
pothesesareconfirmedusinglocalgroupsof interestpoints:
groupmatchesare basedona measure definedonanaffine
transformationestimateand on a correlation coefficient
computedon theintensityof theinterestpoints.Oncea re-
liable match hasbeendeterminedfor a giveninterestpoint
andthecorrespondinglocal group,new groupmatchesare
foundby propagatingthe estimatedaffine transformation.
Thealgorithmhasbeenwidely testedundervariousimage
transformations:it providesdensematchesand is veryro-
bust to outliers, i.e. interestpointsgeneratedby noiseor
presentin only one imagebecauseof occlusionsor non
overlap.

1. Intr oduction
Many computervision tasksrely on featureextraction

andmatching.For instance,featurematchingcanbeused
to computea transformationbetweentwo images,to re-
constructthe geometryof a scene(as in stereovision), or
to recognizeobjectspreviously perceived. Interestpoints,
i.e. pixelsthatexhibit somesingularitywith respectto their
neighborhood,arefeaturesto which moreandmoreatten-
tion is beingpaid: they canindeedbeeasilyextracted,and
arequiterobustto signalnoise,dataacquisitionparameters
variationsandimagetransformations.

Oneof themainapplicationof pixel matchingis stereo-
vision. Conventionalmatchingmethodsbasedonlocalgrey
valueswork well in this case,wherethetransformationbe-
tweenthetwo imagesis neartheidentity. Localgrey value
correlationtechniqueshave beencomparedin [4], andan
original matchingtechnique,more robust to signal noise,
has beenproposedin [13]. To detectand remove false
matches,amethodusingmedianflow filter hasbeenusedin
[10] for theimagetranslationcase.A techniqueusingsome
classicalcorrelationand relaxationto find set of matches
hasbeenproposedin [14]. All thesemethodsarevery sen-
sitive to changesin imagescale,rotationand view point:
their applicationsundervarious image transformationsis
thereforenotpossible.

To extract local characteristicstable with respectto
image transformations,Gaussianderivatives and Gabor
wavelethave beenproposed[1]. Gaborfeatureshave been
usedto trackfacial featurepoints[5] : in theseapproaches,
a high resolutionof spatialfrequency andangularorienta-
tion is required,which is computationallyexpensive. Lo-
cal characteristicusing Gaussianderivatives and Gauss-
Laplaceoperatorhavebeenpresentedin [11]. In [7], a local
characteristicvectorusingGaussianderivativesis defined
to retrieve imagesin a database.

Wepresenthereanalgorithmthatmatchesinterestpoints
betweentwo imageswithout any prior knowledgeon the
transformationbetweenthe images.It hasthreeimportant
properties:it is independentto variousimagetransforma-
tions,it is not sensitive to occlusionsandsignalnoise,and
it is ableto find anapproximatedaffine transformationbe-
tweenthetwo images,in thecaseswheresuchatransforma-
tion approximateswell the real transformation.It is there-
fore very versatile,and can be appliedto imagemosaic-
ing, imageretrieval in adatabase,objectrecognition,uncal-
ibratedstereocorrelationandcameramotionrecovery. The
next sectionpresentstheinterestpointsdetection2,andsec-
tion 3 describestheheartof thealgorithm,aninterestpoint
groupmatchingprocedure. Section4 describesthe strat-
egy to establishmatchesover thewholeimage,andvarious
resultsarepresentedin section5.

2. Inter estpoints

Variousapproacheshave beenproposedto detectstable
interestpoints[6, 2,12,9], themostknownbeingtheHarris
detector[3]. Recently, a preciseversionof thisdetectorhas
beenintroducedin [8]: it usesGaussianfunctionsto com-
putethederivativesof intensity, andthetwo eigenvaluesof
theauto-correlationmatrixastheprincipalcurvaturesof the
auto-correlationfunction.Theauthorscomparedthestabil-
ity of theformerapproachesusingrepeatability, a quantita-
tive evaluationcriteriawhich is thepercentageof repeated
interestpointsbetweentwo images:they assessedthat the
preciseHarrisdetectorprovidesthebestrepeatability.

We thereforeusethis versionof theHarrisdetector:the
auto-correlationmatrix is���������
	���
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�
�
arecomputedby convolving theimage

with Gaussianderivatives.
The eigenvalues ���! #"
� �%$ of the matrix

�
are the two

principlecurvatures,andaninterestpoint is declaredwhen
they are higher than a given threshold. We usea single
scalarvalueasa characteristicof an interestpoint & , and
denoteit thecornerness'
( :'�( �*) � �  ,+ � �� )

To measurethe resemblancebetween two repeated
points & and - in two images,the similarity ./�0&1"�- $ is
definedusingthecornerness'�( and '%2 :./�0&1"�- $ �4365078��'
(9"�':2 $3<;>=?�0'
(@"
'%2 $

Figure2 shows the evolution of the meanof the simi-
larity of repeatedpointsundervariousknown rotationand
scalechangesof theimageshown in figure1. Repeatability
is over A�B�C for any rotation,anddecreasesdown to D�B�C
percentwith a scalefactor changeof E�FHG . For thesetrans-
formations,themeanof similarity is alwaysover I�B�C , and
its standarddeviation is not greaterthan EKJ�C .

Figure1: Interestpointsdetectedon anaerialimagepair (black
“+” junctions). The transformationbetweenthe imagesis hereaLKM N

scalechange,andrepeatabilityis O NQP .
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Figure2: Evolution of the repeatability, themeansimilarity and
similarity standarddeviationwith knownrotationsandscalefactor
changes

3. Group matching procedure

Werely onthreecharacteristicstoestablishmatches: the
first one is the cornernessdefinedon eachinterestpoint.

The two otheraredefinedon the setof interestpoints in-
cludedin small local regions(referredto as local groups):
oneis the local repeatabilityof thematchedgroups,i.e the
numberof pointsthat arerepeatedin the two groups;and
the otheris a correlationcoefficient of the intensityof the
repeatedpoints. The local groupscover an imageregion
smallenoughsothatit is possibleto estimatea local affine
transformationbetweenthe two groups:the local repeata-
bility is computedusingthis affine transformation.

Our group matchingalgorithm relies on the assump-
tion that if two interestpointsmatch,their cornernessare
similar and their close neighborsare also very likely to
be matchedtogether: the repeatabilitybetweenmatched
groupsis higherthanfor any othergrouppair.

Matching candidate groups

Interest pointsOne interest point

One interest point Matching candidate points

One local group

Matching candidate prunning

Local grouping

Matching strengths computation

Local affine transformations estimation

A group match Local affine transformation

Figure3: Groupmatchingprocedure

Figure 3 summarizesthe group matchingprocedure:
given an interestpoint in the first image, all the interest
pointsin thesecondimagewhosecornernessis similar are
matchingcandidates.To determinewhich candidateis the
goodmatch,local groupsaroundthe consideredpoint and
all thecandidatesarebuilt. For eachcandidategroup,thelo-
calaffinetransformationthatyieldsthehighestrepeatability
is determined.Therepeatabilitycriteriais not sufficient to
establishavalid groupmatch:groupmatchesareconfirmed
by theestimationof correlationcoefficientcomputedonthe
intensityof therepeatedpointsin matchedgroups.

3.1.Matching candidatepruning

Let R thesetof interestpoints & in thefirst image,andS
the setof interestpoints - in the secondimage. Given

a point & takenrandomlyin R , thesubset
S ( of

S
of the

possiblematchingcandidates- for & is definedasfollows:S ( �UT -WVQ./��&1"
- $/XZY\[K] ",-U^ S�UT -  "KF_FKF
"
-9` ]
where Ya[ is a thresholdon cornernesssimilarity. The

valueof Y\[ is determinedon the basisof the figurespre-
sentedin section2: supposingthattherepeatabilitybetween



two matchedregionsof theimagesis higherthan G�B�C , sim-
ilarity mustbegreaterthan I�B�C . Empiricaltestsshow that
a valueof BbFHc�G for Y\[ is satisfying.

3.2.Local grouping

Oncetheset
S ( of possiblematchingcandidatesfor &

is determined,the local groupof interestpoints de( around
thepivot & is built: de( �fT &1"�g  FKF_Fhgbi ]g  F_FKFhgbi arethe 7 closetinterestpointsof & (theneigh-
borsof & ). Similarly, j local groupsd 2?k aredetermined
for eachcandidatematchingpoint -9l in

S ( :d 2 k �mT - l "
n l  F_FKFon li ]
The neighborsaresortedaccordingto their distanceto

the pivot (
)Upge ) X F_FKF X )Wpg i )

, where
pgbq � &srtgbq ),

and the number 7 of neighborsmustbe small, so that an
affine transformationis a goodapproximationof theimage
transformationto matchthegroups.Empirically, a number
of 7 � G neighborsgivesgoodmatchingresults.

3.3.Local affine transformation estimation

To computetherepeatabilityof interestpoints,onemust
determinethe 2D transformationbetweenthe images. A
methodto estimatethis transformationusing2D projective
transformationhasbeenproposedin [15]. But in the case
of non-planarscenes,sucha transformationdoesnot exist:
only a local transformationbetweentwo small regions in
theimagescanbeapproximatelydefined.Sincetheinterest
pointsin a local groupcover a small area,the transforma-
tion betweentwo local groupscan be approximatedwith
scale,rotationandtranslationchanges,thesheareffectsbe-
ing neglected. This approximatedlocal affine transforma-
tion between

pg q and
pn_lq in thegroups( de(1"od 2 k ), is written

aspn lq �vuZpg q +xw@y{z �f|%}�~a� r ~o�h�@�~o�h�@� |%}�~\� � pg q + ��� ��o� � (1)

where z is the scalechangeand
�

the rotation angle.
Givena grouppair ( de(1"�d 2 k ), the translationw is first de-
terminedby subtractingthecoordinatesof -9l to thecoor-
dinatesof & . Thematrix

u
beingdefinedby two elements,

anequivalent“affinefeaturevector”composedof z " � is de-
fined,anda singlematchingpointspair is sufficient to de-
fine anaffine featurevector: g�q , 5���� neighborof & , canbe
matchedto n�� , � ��� neighborof - if ./��g q "�n�� $/XvY [ , andwe
have : � ��g q "
n�� $ � � z ��g q "
no� $ "
J8�� ��g q "
n�� $�$

wherez ��gbq
"
n � $ � )�pn q ))�pgbq )?"v�� ��g�q�"
n � $ � p�����b� p�b�
�p� � �?� p� � � + E

p����� and,
p�b�
� denoterespectively ����� ���� � and ��
�� ��
� � , andthe

number1 addedto the denominatorof the definition of ��
avoidstheundefinedcaseswheretheinnerproductis null.

The maximumnumberof possibleaffine vectorsfor a
group matchis 7 i : one must now find out which of the
possibleaffine vectorsis the bestfor a tentative matchbe-
tweenthegroupsd ( and d?� k (denoted����d ( "�d 2 k $ ). For
that purpose,the possibleaffine vectorsare groupedinto
classesof similar vectors. Indeed,the affine vectorsbe-
tweenmatchedpointsin a groupmatchshouldbesimilar,
andthenumberof matchedpointsin a groupmatchshould
bethehighest.Theclassof vectorssimilar to

� ��g q "�n�� $ is:� ��gbq
"�n � $ �UT � ��g�q��\ >¡_"�n � �\¢_¡ $ "_FKF_F
" � ��g�q��\ �£¤"�n � �\¢%£ $
]
The indicesin this equationareso that ��¥ �¦ ¨§ ��¥ §B and © ¥ �¦ s§ª© ¥ §«B (rememberthat neighborsare

sortedby their distanceto the pivot), andan affine vector
� ��gbq��\ >¬@"�n � �\¢_¬ $ belongsto

� ��gbq%"
n � $ if­ � ��¥ "
© ¥ $ �®)°¯ � � ��gbq��\ >¬@"
± � �\¢K¬ $0² r � ��gbq
"
± � $0²³$ ) XZY\´
where

¯
is a J¨µ¶J orthogonalweightingmatrix to ad-

just thecontrastbetweenvariationsof two affine featureel-
ements.

After the classification,a classset
T � ��g q "�±�� $
] is ob-

tained. The following function is usedto evaluateeach
class: ·

� � ��g q "�±�� $o$ � ¸¹¥»º  ­ � � ¥ "�© ¥ $¼ � (2)

Theaffine vectorclassthatminimizes(2) is retainedfor
thetentativegroupmatch����de(1"od 2¦k $ ,����de(1"�d 2 k $ �UT ��&¤"�- l $ "K��g q "
n�� $ "_F_FKF
"_��g q��\  ¬1"�n�� �\¢ ¬ $
]

and the repeatability1 ½¿¾ is defined for this group
match,½ ¾ � V_����de(1"�d?2 $ V .
3.4.Matching strength

Wenow haveasetof localaffinetransformationsandthe
correspondingrepeatabilityfor thepossiblegroupmatches����d ( "�d 2 k $ , -9l*^ S ( . However, sincewechosea small
numberof neighborsin a group( 7 � G ) to satisfythe as-
sumptionthat an affine transformationis a goodestimate
of thereal transformationbetweenthegroups,therepeata-
bility ½ ¾ is not discriminativeenoughto distinguishgood
andbadgroupmatches.

The strengthof a groupmatchis thereforedefinedasa
combinationof repeatability½ ¾ anda correlationscoreof
intensitybetweenrepeatedpointsin thegroupsd ( andd 2 k .
Wechosethezero-meannormalizedcross-correlationscore
(ZNCC):

1repeatabilityis herean the integernumberof repeatedpoints,not a
percentageratio.



À ������de(1"od 2 k $o$ � Á?Â¹ q º  � � ��� r � � $ � � �
� r � � $Ã Á Â¹ q º  � � ��� r � � $ � Á Â¹ q º  � � �
� r � � $ ��Ä  oÅ �
To copefor thenoisein the images,theZNCC scoreis

computedon theaverageintensityof a small ��D¨µÆD $ local
windows aroundthe repeatedinterestpoints. Thestrength
of a match� is definedasfollows:Ç ��� $ �ÉÈ ½ ¾ + À ��� $ if Ê8��� $ § YeËB else

whereY Ë is athresholdon
À ��� $ andY Ë haveto bepos-

iti ve. ½¿¾ is the numberof repeatedpointsandthe maxi-
mum valueof

À ��� $ is 1: with this definition, the group
match which has the highest repeatabilityand a ZNCC
scorehigherthan Y Ë is consideredvalid, andif two group
matcheshave the samerepeatability ½ ¾ , then they are
qualifiedby theZNCC score.

4. Inter estpoints matching algorithm

Oncea reliablegroupmatchis found by groupmatch-
ing procedure,a focussedgroupmatchingprocedureis ac-
tivated.Although thelocal affine transformationfoundfor
agroupmatchis notgloballystableonmostscenes,it is lo-
cally stable.Therefore,it is propagatedaroundthecurrent
groupmatchfound , in orderto focusthe searchof match
candidates,thusreducingboththenumberof candidatesto
checkandthepossibilityof falsematchesoccurrences.The
wholematchingalgorithmprocedureis depictedin figure4.

Second imageFirst image

Interest points Interest points
extractionextraction

First group match

Interest points Interest points

First group match
confirmation

Matched points

Global affine transformation
estimation

Local affine transformation

General group matching 

Focussed group matching

Figure4: Interestpointsmatchingalgorithm

4.1.First matching group confirmation

Since further matcheswill be establishedon the ba-
sis of the local affine transformationof the currentmatch,
the validity of the first group match is of extreme im-
portance. To make sure that the first group match is a
valid one, matchesare establishedfor a few groupsnear
the first matchedgroup: if the found matchis a real one,
matchesfor very closegroupsmusthave a very similar lo-
cal affine transformation.Thesimilarity betweenthe local
affine transformationsdefinedby thesenew groupmatches
and by the first one is evaluated. A local affine vectorÌ �mÍ ;  � "?;  � "?; �  "?; ��� " � � " � �³Î thatrepresentstheaffine
transformationof equation1 is defined,andthe similarity
betweentwo affine vectorsis qualifiedby theMahalanobis
distance:Ï Ð � Ì q " Ì � $ �mÑ � Ì q r Ì � $ ² � �  � Ì q r Ì � $ (3)

If morethanoneneighborgroupmatchproducesa local
affinevectorwhoseMahalanobiswith thefirst groupvector
is below a threshold,thefirst groupmatchis declaredasa
validone.If not,anotherinterestpointis randomlyselected
in thefirst image,andtheprocessis reiterateduntil a valid
groupmatchis found.

4.2.Focussedgroup matching

The local affine transformationobtainedby the first
groupmatchis only valid nearthis group: it is usedto es-
timatea searchwindow in the secondimageto matchthe
interestpoints closeto the first group in the first image.
Givenamatchedgroup d ( in thefirst image,thenext inter-
estpoints &9Ò to studyare:T & Ò ] �mT & Ò V>�

Ï
��& Ò "
& $ÓXtYÕÔQ$ � � Ì ��& Ò $ ^ � 3 �K$�] (4)

where

Ï
��&°Ò�"
& $ is adistancebetweentwo interestpoints

in the first image, YeÔ is a thresholdon this distance,andÌ ��&°Ò $ are the coordinatesof &9Ò in the secondimageaf-
ter theapplicationof thecurrentlocalaffinetransformation.
Thematchingcandidatesfor a point &°Ò areS (?Ö �UT -U^ � 3 � V�-U^�×ÙØ/Ú ( ÖhÛ ] (5)

where×ÙØ/Ú (?Ö Û is asearchwindow around
Ì ��&°Ò $ . &9Ò and

the (small) setof matchingcandidatesare thenfed to the
groupmatchingproceduredescribedin section3. Thelocal
affine transformationfound after the productionof a new
groupmatchis thenchecked:its similarity to the transfor-
mationof the formermatchis testedwith theMahalanobis
distance(3). If thenew matchis confirmedby this test,the
currentlocal affine transformationis updatedandthe pro-
cessis repeateduntil all interestpointsin thefirst imageare
studied.

4.3.Global affine transformation

While the local affine transformationestimateis propa-
gatedandupdated,it is possibleto estimatea globalaffine



transformation,which is of courseanapproximationof the
real transformationbetweenthe images. But the global
transformationgives much precisecoordinateestimationÌ ��&9Ò $ in caseof almostplanarscenesor small view point
change:it canbeusedto studytheunmatchedpointsafter
theendof the focussedsearch.A leastsquaretechniqueis
usedto computetheglobalaffine transformationusing(1),
by minimizing theaccumulatederror

�
:�@� ¹ q ��Ü9q�Ý�rtÞ®q $ �

where Ü9q , Þ*q arethe 5���� matchingpointsand Ý is the
affine modelparameters.Whenthe global affine transfor-
mationbecomestable,it is usedasthetransformation

Ì
in

equations(4) and(5).

5. Results

We testedouralgorithmwith a lot of distortionfreeim-
agepairsof various3D scenes,takenfrom positionsthat
yields variouscomplex imagetransformations.To define
the effectivenessof the algorithm,two kindsof evaluation
methodare used: for planarscenes,a homographyß is
determinedthanksto a non-linearconstraintleastsquare
methodappliedon thematchedinterestpointscoordinates.
Thedistancebetweenapoint g andits matchn is definedby) n¿rmàg ) , where àg � ß6��g $ . For non-planarscenes,results
areevaluatedby the distancebetweenthe epipolarline of
a point andits matchingpoint. The fundamentalmatrix á
thatdefinestheepipolarlinesis estimatedby aleastmedian
squaremethod[14]. Thedistanceis thendefinedasfollows:

Ï
��g?"
n $ �âEJ � ) g*rmàg ) + ) n¿rfàn ) $ (6)

where àg?"�àn are the points on the correspondingepipo-
lar lines: ànQá1g � B�"¨àg\á ² n � B and the lines definedby��g?"�àg $ "_��n>"�àn $ areorthogonalto theepipolarlines.

In the following figures, ”wrong matches”are repre-
sentedby a cross,”good matches”by a square. For pla-
narscenes,the tolerancelimit of thedistancesis setasthe
summationof themeandistanceandtwo timesthestandard
deviation of their distribution2, and for non-planarscenes
thetoleranceis setto E�FHG pixel.

Figure5 presentsthe matchingresultsfor anaerial im-
agepair. In this case,the elevationof thecamerais much
biggerthanthescenedepthvariation:thescenecanbecon-
sideredplanar, andthe projective transformationdefinesa
preciserelation:themeanandstandarddeviationof thedis-
tancesareverysmall(1.35and1.07pixel). In thisexample,
computationtime is JbFHD�ã 3.

Thesceneof theimagesof figure6 is obviouslynot pla-
nar: falsematchesaredetectedusingthe fundamentalma-
trix (computationtime is here BbFHI�ã ). Theaerial imagesof
figure7 have beentakenfrom analtitudeof about J�B�3 by

2Notethatif asceneis notcompletelyplanar, amoreflexibletolerance
limit canbeappliedaccordingto thedistribution

3Computationtimes are estimatedon a Sun Ultra 10 Sparcstation
throughoutthissection
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Figure5: Matchingresultsfor a ä:å_å,æ/ä%å_å aerialimagepair, with
a
L�ç å�è rotationand1.4scalechange.Thebottomright imagerep-

resentsthematchedinterestpointsof thetopright image(squares)
with thetopleft imagematchedpoints(dots),aftertheapplication
of theprojective transformation.Thedistribution of thedistances
betweenmatchedpointsafter the applicationof this transforma-
tion is displayedon the bottom left. é_O M ç#P of the matchesare
valid here.

a cameramountedon a balloon. Althoughthe imagequal-
ity is poor (dueto a long videocable),only 7 matchesare
wrongout of 68 goodmatches.Theimagesin figure8 are
down-sampledto a E_ê�J*µëJ�G�c size,which doesnot disturb
at all thealgorithm,sinceit only reducesthenumberof in-
terestpoints.

Finally, figure 9 shows the resultson a ìíA�B�µtcQì>B in-
doorsceneimagepair. No matcheshave beenestablished
on the manwho moved betweenthe acquisitions:indeed,
no matchesconsistentwith the affine transformationesti-
mateswerepossibledoestablish.Finally, wetestedvarious
caseswith nooverlapbetweenthetwo images:nomatches
wereever produced.

The time performanceof the algorithmdependson the
sizeof theoverlapregionbetweenthetwo images:whenthe
overlapis big (asin stereopairsfor instance),afirst matchis
quickly established.But whentheoverlapis verysmall,the
algorithmcanspendquitea lot of time to establishthefirst
groupmatch,by checkingrandomlyinterestpointsuntil a
good matchis found. Oncea first group matchis estab-
lished,theremainingtime is proportionalto thenumberof
actualmatchesin the image. Of course,time performance
is dramaticallyenhancedif an initial estimateof the image
transformationis available.

6. Summary

Wepresentedaninterestpointmatchingalgorithmwhich
is robustundervariousimagetransformations.It reliesona
single characteristicdefinedon interestpoints and on lo-
cal groupsof interestpoints. Cornernesssimilarity and
a measurebasedon repeatabilityandintensitycorrelation
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Figure6: Matchingof a ä_î%O/æ@î:OKé imagepairwith asmalltrans-
lation and a big panoramicrotation. ï N�M O P of the matchesare
goodmatches.

Figure7: Matchingof äKî:Oeæ,î:OKé aerialimagepair, with animpor-
tant rotationandsmall scale,translationandview point changes.éKï M î P of thematchesaregoodmatches,thecomputationtime isç�M N#ð

.

scorebetweenrepeatedinterestpointsis usedto matchlo-
cal groups. To definerepeatabilityamonglocal groups,a
local affine transformationestimationmethodis proposed,
and to assessthe validity of a group match, a matching
strengththatcombinesthetwo groupscharacteristicsis de-
fined. Oncethe algorithmis initialized, anefficient candi-
dateselectionbasedon the local affine transformationfo-
cusesthe matchsearch.Testson real imageshave shown
goodmatchingresults:wrongmatchesseldomexceedJ�B�C ,
andthealgorithmworksin very differentconditions.
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