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Abstract

A key stepfor the effectiveuseof local image features
(i.e., highly distinctiveandrobust features)for recognition
or image matching is the appropriate groupingof feature
matches.Spatial constraints are important in this group-
ing because, during a recognition process,they allow for
thereductionof thenumberof hypothesesthatmustbever-
i�ed andalsoreducethenumberof falsepositivespresentin
each of thesehypotheses.A commonchoicefor this group-
ing task is to usethe Houghtransformon the global spa-
tial transformationparametersof thehypothesizedmatches.
Here, instead,we usesemi-localspatial constraintswhich
allow for a greater range of shapedeformations.A com-
parison with Hough transformshowsthat our methodis
more robust to both rigid and non-rigid deformations.Its
functionality is demonstratedin an exemplar-basedobject
recognitionsystemthatdealswell with severenon-rigidde-
formations.We alsoshowtheef�cacy of our �exiblespatial
groupingfor long rangemotionproblems.

1.. Intr oduction

The complexity of the imagedescriptor(alsocalledin-
dexing primitive) usedfor imagerepresentationin an ob-
ject recognitionsystemhasa greatimpacton thedesignof
a recognitionsystem(for a thoroughdiscussion,see[7]).
Complex global/semi-localimagedescriptors(e.g.,gener-
alizedcylinders[3], geons[2], superquadrics[17], among
others)reducethe complexity of the modelby decreasing
thenumberof descriptorsnecessaryfor therepresentation.
Thisallows for asparselypopulateddatabaseof modelfea-
tures,which causesa reductionin the complexity of the
searchandveri�cation steps.However, theseimagedescrip-
tors are dif�cult to extract and sensitive to partial occlu-
sion.Alternatively, simplelocal imagedescriptors(e.g.,2D
points [13]) are easyto extract, robust to rigid deforma-
tionsandpartialocclusion,but sensitiveto backgroundclut-
terandnon-rigiddeformation.Unfortunately, their low dis-
tinctivenesstypically resultsin an overpopulateddatabase
of model descriptorsdue to the large numberof descrip-
torsnecessaryto form amodel.Therefore,systemsbasedon
simplelocal descriptorshave complex searchandveri�ca-

tion steps,wherethe latterstepdependsstronglyon global
posedetermination.

In this context, thereis a recentsurgeof interestin more
complex local descriptorsthat aim at �nding a good bal-
ancebetweendetectability, robustnessto imagedeforma-
tion, anddistinctiveness.Thegoal is to increasetherobust-
nessto backgroundclutterandto reducethecomplexity of
thesearchandveri�cation steps.For example,in the liter-
aturewe �nd descriptorsbasedon: principal components
analysisof imagepatches[8, 16], Gabor �lter responses
[12], wavelet coef�cients [23], differential invariants[22],
local phasefeatures[4], and histogramsof local �lter re-
sponses[14, 20].

Nevertheless,asthesizeof thedatabaseof objectmod-
elsgrows, thefalsedetectionratesfor correspondencesbe-
tween test image featuresand databasefeaturesalso in-
creases.As a result, posedeterminationis still a neces-
sarystepfor thegroupingandveri�cation stagesin systems
basedon complex local imagedescriptors.Theuseof pose
in thegroupingstagestemsfrom thefactthatthesearchfor
similardescriptorsin thedatabaseof modelsusuallyreturns
a relatively largesetof correspondenceswherethenumber
of inliers tendsto be small. The critical point hereis cer-
tainly theexplosionof thenumberof hypothesesgenerated
dueto thelargesizeof thesetof possiblecorrespondences.
Furthermore,the detectionof multiple instancesof an ob-
ject dependson theposedetermination(i.e., eachdifferent
instancewill be groupedseparatelybasedon its pose).Fi-
nally, theveri�cation stepalsousesposein orderto reduce
thenumberof falsepositive detections.Theoverall system
thereforerelieson both correspondencesandspatialstruc-
tureto acceptahypothesis.

Posecan be representedusing global and semi-local
models.Global posedeterminationis basedon someun-
derlying transform(e.g.,rigid, af�ne, etc.),where,usually,
thepositionsestimatedfor thecorrespondencesarerelaxed
abit sothatthesystemcanacceptsmalldeformationsfrom
thechosenclassof transforms(see[1, 8, 12, 14, 26]). These
methodsimposea limitation on thetypeof objectssuitable
for recognition.Speci�cally, objectsthatcansufferagreater
rangeof deformationsarenot suitable.

An alternative approachto globalposedeterminationis
basedon semi-localposedetermination,which is capable



of dealingwith a largerrangeof deformations.Thus,it pro-
videsan appropriateframework for both rigid and�e xible
objects.In [21, 22], the authorsusesemi-localgeometric
constraints,but its useis limited to the veri�cation stage.
Semi-localconstraintsareexploredin aniterativegrouping
stagein [24], but thesystemreliesuponglobal constraints
for the�nal veri�cation.

In thispaper, wepresentnew methodsfor featuregroup-
ing andveri�cation basedonsemi-localspatialconstraints.
Hence,we do not useglobalconstraintsin any stepof our
recognitionsystem.Themethodinvolvestwo components,
namelypairwiseconstraintsandgeometricpredictions.The
�rst componentrepresentspairwisegeometricconstraints
amongstneighboringfeatures.Thesecondcomponentgen-
eratespredictionsof the location, scale,and orientation
of eachfeature,basedon thesepairwiseconstraints.This
methodnot only enablesthegroupingof imagedescriptors
thatunderwentseverenon-rigiddeformation,but it alsoal-
lows for the veri�cation of multiple instancesof the same
object in an image.A comparisonwith the Hough trans-
form, which is aclassicalgroupingmethodbasedonglobal
spatialcoherence,shows that our methodprovidesgroups
thatareconsiderablymorerobustto rigid andnon-rigidde-
formation,andtypically returnsgroupswith a greaterper-
centageof inliers. An exemplar-basedrecognitionsystem
wasdevelopedto demonstratetheef�cacy of thesemi-local
spatialconstraintsproposedhere,andthe resultsshow im-
pressive resultswith respectto extremenon-rigiddeforma-
tions,in additionto robustnessto illuminationchanges,par-
tial occlusion,andrigid deformation.Thisapproachhasap-
plicationsin otherareas,suchaslong rangemotion prob-
lems,which is alsodemonstratedbelow.

2.. Semi-localSpatial Constraints

Herewe introducethespeci�c semi-localconstraintswe
useandthen,in section2.2,show how theseconstraintscan
be usedto make geometricpredictions.The pairwiserela-
tions are usedto form groupsof featuresfrom the corre-
spondencesset,andgeometricpredictionsareusedto elim-
inateremainingoutliersfrom thosegroups(seesection3),
andalsoto verify thecorrectnessof thehypothesisprovided
by eachgroup(seesection4).

2.1. Pairwise Relations

Supposethat the local imagedescriptorsare extracted
from interestpoints ���������
	�� detectedin an image 
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cordingto a local imagefeaturemethod.In particular, each
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Figure 1. Example of position prediction. Given
the features from the model MONQPSR and their corre-
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� with the setof deformationse<g

de�ned in [6].

3.. Grouping Basedon Pairwise Relations

Givena setof testimagefeatures,thesetof correspon-
dencesformedfrom thesearchfor matchingfeaturesin the
database(e.g.,usingnearestneighbor)usuallygeneratesa
large hypothesisspacefor the recognitionsystem.Typical
groupingandveri�cation stagesrely on the global spatial
con�gurationof featuresto constrainthis hypothesisspace.
An exampleof sucha groupingmethodis RANSAC [25],
which estimatestheglobalspatialdeformationof features.
This is a poor choicefor our purposesheredueto the ex-
tremelylow ratio betweeninliers andoutliersin thecorre-
spondencesset,asalso notedin [15]. This issueis rarely
addressedin objectrecognitionsystemswhichusecomplex
local features,with the exceptionof [15], whereLowe se-
lectsthegeneralizedHoughtransformfor thetask.Thekey
problemis that the Houghspacewhich is usedis a simi-
larity transformspace(i.e.,a globalspatialconstraint)with
largebin sizesselectedto accommodateotherspatialdefor-
mations.Due to the large bin sizes,Houghclusteringfor
local featuresusuallyproducesa large numberof groups,
whereeachgrouphasa low numberof true inliers (espe-
cially given a non-rigid deformation).Here,we proposea
new groupingapproachthat is more robust to a broader
classof deformations,which aimsat reducingthe number
of groups,whereeachgroup hasa higher numberof in-
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For Houghclustering,we usedthesameparametersde-

scribedin [15], wherebin sizesaresetasfollows: �
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mum modeldiameterfor translation,andeachhypothesis
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derto reducebin boundaryeffects.For bothcases,themin-
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��� of thetotalnumberof featuresextractedfrom themodel.
The comparisonsare presentedin Fig. 3, where the

model imageis presentedeither on top or left of the im-
age,while the bottom/right image shows the test image.
The tabletitled `PairwiseClustering'shows the resultsfor
our method,andthe `HoughTransform' tablepresentsthe
result for the sameimage pair using the Hough cluster-
ing method.We show thecorrespondencesformedby each
groupingmethodas lines betweenthe modelandtest im-
ages.For all the cases,we only show the groupthat clus-
teredthehighestnumberof features.

Fig. (3-a) shows the robustnessof our methodto de-
formationsproducedby articulatedobjects.Note that the
Houghtransformonly matchesa pieceof theobjectwhose
deformationis closeto a similarity transformation.Fig. (3-
b) shows an examplewith the articulatedmodel `hedvig'
(seeFig. 6). Notice that while the Hough transformcan
only deal with roughly rigid transform(upperpart of the
Hedvig's body), our methodis capableof clusteringHed-
vig's foot in thesamegroupastheupperpartof herbody.
We also show in Fig. (3-c) the robustnessof our method
to non-rigid deformationwith the model `kevin' (Fig. 6).
Here,theHoughtransformis unableto correctlyclusterthe
face's featuresin thegroupwith thehighestnumberof fea-
tures.

In order to show the ef�cacy of our approachwith re-
spectto rigid deformation,we consideredthe long range
motionproblemusingtheWadhamandMertoncollegese-
quencesdownloadedfrom theU. Oxford's VisualGeome-
try Group's web page.In this problem,we consideredthe
groupsformed by our approachand Hough transformto
computethe F matrix [10]. We useRANSAC [25] in or-
derto estimateF, andapplythefollowing errormeasureto
calculatethenumberof inliers:afeatureis consideredanin-
lier if its locationis within 4 pixelsof theepipolarline com-
putedwith theF matrix.

Fig. 4 illustratesan exampleof the epipolarlines com-
putedfrom theimagepairWadham1 and5 usingbothclus-
teringmethods.In Fig. 5, we presentthe proportionof in-
liers in termsof the set size producedby eachgrouping



Pairwise Clustering Hough Transform

(a)

(b)

(c)

Figure 3. Comparison between our grouping
method (left column) and Hough clustering (right
column). The lines represent the feature corre-
spondences that were grouped tog ether by each
method. (a) Note that while almost all features be-
tween the model (top) and the deformed model
(bottom) can be clustered in the same group us-
ing our method, Hough clustering can onl y group
features that suff ered a roughl y rigid deformation.
(b) Our method is able to cluster the foot features
of the model (left) in the same group as the upper
bod y features. Since Hough transf orm assumes a
roughl y rigid deformation, it fails to place the foot
features in the same group as the upper bod y fea-
tures. (c) While our method is capab le of cluster -
ing the features in the same group, Hough cluster -
ing fails.

method.The curveswere obtainedby varying all the pa-
rametersof our groupingmethodandvaryingthebin sizes
of the Houghtransform.Notice that for setsof equalsize,
theuseof pairwiseclusteringfor rejectingoutliersgenerally
providesa higherinlier ratio thanHoughtransform,which
indicatesa betterrobustnessto rigid deformations.

Finally, it is worth noting that the time complexity of
ourclusteringalgorithmis �U���

�

� , where� is themaximum
numberof correspondencesbetweenfeaturesin thetestim-
agewith featuresin a singlemodel,andfor Houghcluster-
ing, thecomplexity is �U�����+=��

6

� . For theexamplesshown
above,we had ���+=��

6

"
�

�

, andbothgroupingalgorithms
exhibitedcomparablerunningtimes.

4.. Veri�cation

In orderto assessthehypothesisthataparticularobjectis
presentin an image,we proposea veri�cation stagebased

Pairwise Clustering

Hough Transform

Figure 4. Epipolar lines computed from the algo-
rithm described in [10] using the initial set of cor -
respondences given by each clustering method
(i.e., pairwise clustering and Hough).
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Figure 5. Propor tion of inlier s from the sets (of
varying size) provided by each of the clustering
methods.

on a probabilisticframework that usesnot only the corre-
spondencesin termsof phasecorrelation,but alsothesemi-
localspatialconstraints.Theobjectrecognitionmethodcan
bedividedinto thetrainingandtestingmodes.Assumethat
thereis apoolof images�0
��

���
	N~N‰J–J–J–J‰ �
�

thatis dividedinto 2
sets,namelythemodelandrandomimagesets.Themodel
imagesset is ��


�
�

���
	N~N‰J–J–J–J‰ 
��

, while the randomimagesset
is �0


�
�

���
	�


d

~@‰J–J–J–J‰ ���

. During thetrainingmode,we takeeach
modelimageandlearnthe following featuredistributions:
a) � on �

6

�D�
	��

�
72�@•

�
	�� , i.e., theprobabilityof observingphase

correlation6

���Y	
�

��7
� giventhatthefeature��7 is a truematch

for thefeature�Y	 ; b) � off �

6

����	
�

��7
�,•

�Y	
� , i.e., theprobabilityof

observingphasecorrelation 6

�D�
	��

�
72� given that the feature

�
7 is a falsematchfor thefeature�

	 ; andc) featureposition,
mainorientation,andscaleuncertainties.We alsolearnthe
featuredetectability � det �D�

	�� , which is the probability that
an interestpoint is detectedin the test imageat the same
objectneighborhoodlocation ��	 of feature�Y	 . � on, � det, and
theuncertaintiesarelearnedusinga setof imagedeforma-



tionsasdescribedin [6], while � off is learnedusingtheran-
domimagesset.

Fromthe trainingmode,we build thedatabaseof mod-
els,namely �




�

1

~

-

� , wherethemodelfeaturesareformed
by the �ltered set of features�

9

�

(see[6]), for example
-

� � �0� 	 ��� 	Y�21 � 	 3 � 9

�

� . In the testingmode,we take a
testimage 


B

, where��� 3v�

;

� � � V]VƒV � �:� (i.e., 


B

is not in the
pool of imagesusedin the learningstage),extract its lo-
cal features

-…B

���0�Y	����
	 ��1 �
	:3L�

B

� , searchfor similar local
featuresin thedatabaseof features,thusforming thesetof
correspondences�




�

1

~

G

B

� . Giventhecorrespondences,we
performthegroupingprocedureforming thesetof clusters

� I� Š¢�

G

B

ˆ � ��� ���

Š

1

~

. Eachclusteris a hypothesisthata particu-
lar objectis presentin theimage,soourgoalis to determine
if any of theclusters

I� Š representsaninstanceof theobject
-

ˆ . From the computationof the af�nity matrix (4), we
know thatall thefeaturesclusteredin thesamegroupmatch
featuresfrom thesameobject

-

ˆ . We only processgroups
I�

Š
�

G

B

ˆ.� with aminimumnumberof correspondences.Let
us �rst de�ne the set of pairings for all model features

�
7

3

-

ˆ from group I
�

Š
�

G

B

ˆ.� , as �
Š

�
I

�
Š

�L�¢���
�

�
7,�21

�
7

3

-

ˆx�
	��
�

r
3

-
B

s.t. �D�
r¢�

�
7��

3 I�
Š

� . Therefore,we want to
de�ne the posterior �L�

-

ˆU1
�

Š¢��
X� , where 
 representsthe
geometriccon�guration of features(i.e., their position � ,
scale � , andmain orientation � ), which canbe de�ned as
(usingBayesrule):
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(5)
where �L�

-

ˆ � meansour prior expectationthat a speci�c
modelis present,and �L�

	

-

ˆ
�

�

;

o
�L�

-

ˆ
� . Noticethat

�L�

41

-

ˆ
� representstheglobalspatialcon�gurationgiven

-

ˆ , whichwe treatto besimilar to �L�

Q1 	

-

ˆC� andcancel
thesetermsfrom (5). The probabilisticformulation,based
on [18], is asfollows:
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wehave thefollowing 2 cases:
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where

�

�
9

r

���¢9

r

�a�•9

r

! is thevectorof position,main
orientation,and scalepredictedfor test image
feature ��r 3

-…B

given its correspondence��7 3

-

ˆ suchthat ����r
�
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3���Š .

2. �L���¢Š
1 
 �
	

-

ˆ
�

�
�

7

�L�����
�

��7
��1 
 �
	

-

ˆ
� , wherewe

havethefollowing 2 cases:

(a) �"� � � 7�� 3�� Š :

�L���"� � � 7�� 3�� Š 1 
…�#	

-

ˆ � "

�

;

o

?

V

?

;

� �

<

?

V

?

;

���

;

o � off �

6

��� � � 70�

�

R�T�• � 7����@�

(8)
wherethe number
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� representsthe average
numberof interestpointsper testimagedivided
by thesizeof theimage(see[5]);
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In the last term,we assumeuniform distribution
of position,main orientation,andscalegiven a
backgroundfeature.

Finally, we accepta hypothesisif �L�

-

ˆU1
�

Š¢��
X�xP

?

V * ,
andthe maximumdistancebetweentest imagefeaturesis
bigger than a threshold, i.e., assuming�•	 is the position
of test image feature �

	 with �D�
	��

�
&}�

3 I�
Š , we require

�L{��,+0	 ‰ r

-

fYh

)D^

h/.�f

b

\*c

)Nd

\*c

.10

P RO4 (this is doneto avoid a large

numberof featuresall in asmallareaof theimage).

5.. Results

We consideredthe problemof exemplar-basedrecogni-
tion using a databaseof 15 objectsshown in Fig. 6, and
weusethesameparametervaluesasdescribedin section3.
Also, theprior expectationthata speci�c modelis present

�L�

-

ˆ
�

�

?

V

?}?%?

;

, andthemaximumdistancebetweentest
imagefeaturesmustbe at least Rf4

�

?

V���� , where � is
the maximummodel diameter. Our databasehasroughly
10,000features,which wereextractedfrom the objectsin
Fig.6 duringthelearningstage.Ourtests(Fig.7) werecon-
ceivedto demonstratetheability of oursystemto dealwith
non-rigid/rigiddeformations,partialocclusion,andbright-
nesschanges.Finally, we alsoshow an experimenton the
long rangemotion problem,wherethemodel`�eet' is be-
ing �lmed by a handheld camera.Given the imageon the
top-left cornerof Fig. 8, we try to �nd themodelthrough-
outthesequence.In thiscase,weusedthematchcorrespon-
dencesto estimatetheparametersof theaf�ne transformof
themodelsilhouette[5], but notethat theseparametersare
usedonly for displayandnot for veri�cation.

6.. Conclusions

We presentednovel methodsfor featureclusteringand
veri�cation basedonsemi-localspatialconstraints.Theuse
of spatialconstraintsis necessaryto reducethe numberof
object matchinghypothesesto investigateand also to in-
creasethe numberof inliers in eachhypothesis.Although
less restrictive than global spatial constraints,semi-local
spatial constraintsare shown to be adequatefor systems



Figure 6. Model database . From top to bottom,
left to right: baking soda, kevin, plastic toy [11],
snake of cans, rice snaps [11], nestle shred dies
[11], hedvig, tig er, tetle y tea box, �eet, dudek,
tor so, vaseline [19], tissue box, and wooden toy
[19].

basedoncomplex local features.Moreover, semi-localcon-
straintsareableto copewith a broaderrangeof deforma-
tions.

Thefeatureclusteringmethodproposedhereis shown to
beconsistentlybetterthantheHoughtransformwhendeal-
ing with rigid andnon-rigiddeformations.The functional-
ity of this methodis shown with anexemplar-basedrecog-
nition andlong rangemotion tasks,which illustrateits ro-
bustnessin termsof a wide rangeof imagedeformations.It
is interestingto notethat this systemmight alsobeadapted
to categorizationproblemsgiventhefalsepositive detected
in Fig. (7-e),whichwill beconsideredfor futureresearch.

References

[1] S. Agarwal andD. Roth. Learninga sparserepresentation
for objectdetection.In ECCV, pages113–130,2002.

[2] I. Biederman.Humanimageunderstanding:Recentresearch
anda theory. ComputerVision,GraphicsImage Processing,
32:29–73,1985.

[3] R. Brooks. Model-based3-d interpretationsof 2-d images.
IEEE PAMI, 5(2):140–150,1983.

[4] G. CarneiroandA. Jepson.Phase-basedlocal features. In
ECCV, pages282–296,Copenhagen,Denmark,May 2002.

[5] G. CarneiroandA. Jepson. Multi-scalephase-basedlocal
features. In IEEE CVPR, Madison,Wisconsin,USA, June
2003.

[6] G. CarneiroandA. Jepson.Objectrecognitionusing�e xi-
blegroupsof local features.Technicalreport,Departmentof
ComputerScience,Universityof Toronto,January2004.

[7] S.Dickinson,A. Pentland,andA. Rozenfeld.Fromvolumes
to views: An approachto 3-d objectrecognition.VGIP: Im-
age Understanding, 55(2):130–154,1992.

[8] R. Fergus,P. Perona,andA. Zisserman.Objectclassrecog-
nition by unsupervisedscale-invariant learning. In IEEE
CVPR, 2003.

(a)

(b)

(c)

(d)

(e)

Figure 7. Recognition experiments using
database of models in Fig. 6. The white lines rep-
resent the correspondences between the model
found (left or top) and the test image (right or bot-
tom) used by the veri�cation stage. (a) Model
`dudek' matc hed despite par tial occ lusion, mo-
tion blur , rotation in depth, etc. (b) Ar ticulated
object `hedvig' is recogniz ed. (c) Signi�cant non-
rigid deformation and par tial occ lusion (right) of
model 'tor so' on the left. (d) Recognition of artic-
ulated object 'snake of cans'. (e) Model `kevin' un-
der signi�cant deformation. Note that we also de-
tected a false positive (dudek) that might sug gest
that this method can be useful for the categoriza-
tion problem.



Figure 8. Long rang e motion problem. The model
in the top left �gure is searched thr oughout the se-
quence using the grouping and veri�cation meth-
ods described in this paper . Note that the system
sho ws a good robustness in terms of non-rigid de-
formations, brightness chang es, and par tial occ lu-
sion. The silhouette sho wn is computed using the
robustl y estimated af�ne parameter s of the af�ne
transf ormation from the model to the test image
[5], and the cir cles in each test image represent
the �nal set of correspondences accepted by our
veri�cation step as a matc h.

[9] D. Fleet.Measurementof ImageVelocity. Kluwer Academic
Publishers,1992.

[10] R. Hartley and A. Zisserman. Multiple View Geometryin
ComputerVision. CambridgeUniversityPress,2000.

[11] D. Koubaroulis,J. Matas,andJ. Kittler. Evaluatingcolour
objectrecognitionalgorithmsusingthesoil-47database.In
ACCV, 2002.

[12] M. Lades, J.C. Vorbruggen, J. Buhmann, J. Lange,
C. v.d.Malsburg, R.P. Wurtz, andW. Konen. Distortion in-
variantobject recognitionin the dynamiclink architecture.
IEEE TransactionsonComputers, 42:300–311,1993.

[13] Y. Landamand H. Wolfson. Geometrichashing:A gen-
eralandef�cient model-basedrecognitionscheme.In ICCV,
pages238–249,1988.

[14] D. Lowe. Objectrecognitionfrom local scale-invariantfea-
tures.In ICCV, pages1150–1157,Corfu,Greece,September
1999.

[15] D. Lowe. Local featureview clusteringfor 3d objectrecog-
nition. In IEEE CVPR, 2001.

[16] K. OhbaandK. Ikeuchi. Detectability, uniqueness,andre-
liability of eigenwindows for stableveri�cation of partially
occludedobjects.IEEE PAMI, 19(9):1043–1048,1997.

[17] A. Pentland.Perceptualorganizationandtherepresentation
of naturalform. Arti�cial Intelligence, 28:293–331,1986.

[18] A. PopeandD. Lowe. Probabilisticmodelsof appearance
for 3d objectrecognition.IJCV, 40(2):149–167,2000.

[19] S.K. NayarS.A. NeneandH. Murase.Columbiaobjectim-
agelibrary (coil-20). Technicalreport,Departmentof Com-
puterScience,ColumbiaUniversity, February1996.

[20] B. SchieleandJ. Crowley. Recognitionwithout correspon-
denceusing multidimensionalreceptive �eld histograms.
IJCV, 36(1):31–50,2000.

[21] C. Schmid.A structuredprobabilisticmodelfor recognition.
In IEEECVPR, pages485–490,1999.

[22] C. SchmidandR. Mohr. Local grayvalueinvariantsfor im-
ageretrieval. IEEEPAMI, 19(5):530–535,1997.

[23] A. Shokoufandeh,I. Marsic,andS.Dickinson. View-based
object recognitionusingsaliency maps. Image and Vision
Computing, 17:445–460,1999.

[24] D. Tell andS. Carlsson.Combiningappearanceandtopol-
ogy for wide baselinematching. In ECCV, pages68–81,
Copenhagen,Denmark,2002.

[25] P. Torr andD. Murray. Thedevelopmentandcomparisonof
robustmethodsfor estimatingthefundamentalmatrix. IJCV,
24(3):271–300,1997.

[26] M. Weber, M. Welling, andP. Perona.Unsupervisedlearn-
ing of modelsfor recognition. In ECCV(1), pages18–32,
2000.


