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Abstract

Homography estimationis an important step in many
computervision algorithms. Most existing algorithmses-
timatethehomographyfrompoint or line correspondences
which are dif�cult to reliably obtain in manyreal-life sit-
uations. In this paper we proposea techniquebasedon
correspondencesof contours. Homography estimationis
carried out in Fourier domain. Startingfrom an af�ne es-
timate, theproposedalgorithmcomputestheprojectiveho-
mographyin an iterativemanner. This techniquedoesnot
requireexplicit point to pointcorrespondences;in factsuch
pointcorrespondencesarea by-productof theproposedal-
gorithm.Experimentalresultsandapplicationsvalidatethe
useof our technique.

1. Intr oduction

A homographyis a non-singularlinear relationshipbe-
tweenpointsin two images[3]. Whentheworld pointsare
on a plane,their imagescapturedby two perspective cam-
erasarerelatedby a 3 � 3 projective homographyH . It is
well known that

y = Hx ; (1)

wherex and y are the correspondingpoints (in homoge-
neouscoordinates)in the�rst andsecondview respectively.
Pointsin two imagescanberelatedby a uniquehomogra-
phy undermany othersituations(eg. whenthecamerasfor
multiplescenessharetheopticalcenter).

Numerical computation of homographyfrom image
measurementsis an important step in tasks like calibra-
tion [17], metric recti�cation, 3D reconstruction,mosaic-
ing [12, 15] etc. In someapplications,a simplesimilarity
or af�ne transformationcouldsuf�ce but many applications
needa moregeneraltransformation.Problemslike recog-
nition andregistrationoften dealwith completeprojective
transformations.Given four correspondingpointsor lines
in a generalcon�guration, the 3 � 3 homographymatrix

(H ) canbe estimated[3] aseachcorrespondenceprovides
2 constraints.

Mostalgorithmsin multipleview geometry, whichcom-
putealgebraicrelationshipslike homographies,needaccu-
ratecorrespondences.Suchaccuratecorrespondencesare
oftendif�cult to obtainin practicalsituations.Algorithms
whichuselinesor similarhigherorderprimitiveshavebeen
shown to be better suited for many geometriccomputa-
tions [3] ascomparedto points. In this paper, we extend
thenotionof higherorderprimitivefurtherto includeanor-
deredcollectionof points– a contour. Comparedto corre-
spondingpoints,correspondingcontourscanbeeasilyand
robustlyidenti�ed. WepresentanovelFourierdomaintech-
niqueto computethehomographybetweentwo views that
only needscorrespondingcontours– no explicit point-to-
point correspondenceis needed.In fact, thepoint-to-point
correspondenceis obtainedasa by-productof our homog-
raphycomputationscheme.Major claimsof this paperare
summarizedbelow:

� We arguethatanorderedsetof pixels(saythecontour
of anarbitraryplanarobject)issuf�cient for estimating
theprojectivehomographybetweentwo views.

� Our algorithmis de�ned on a sequence/collectionof
points. We employ Fourier domain relationshipsof
sequencesfor the computationof homography. This
avoidsexplicit pixel-to-pixel correspondences.

� Explicit pixel to pixelcorrespondencescanbeobtained
asaby-productof our algorithm.

� Our algorithm�rst computesan af�ne approximation
to theactualhomography. This transformationis then
usedto initialize an iterative procedurethatcomputes
the completeprojective transformationby estimating
theprojectivedepth.

� The proposedalgorithm providesaccurateprojective
homographiesin few iterations.



Source Primiti ve Technique Transformation Remarks

Many Points,
Patches

Correlation, Trans-
form Domain Analy-
sis

Similarity Popular for image registration.
Well studiedin image process-
ing literature.

Books
and earlier
work [3, 14]

Points,Lines Numerically solving
linearequations(DLT)

Projective Direct closed form solution.
Strong dependenceon accurate
correspondence.

Luonget al.,
etc. [11, 3]

Points with
additional
clues

Use of weak calibra-
tion

Projective Use additional clues like Fun-
damentalMatrix, which again
needscorrespondencefor esti-
mation.

Kanatani
et al., etc.
[4, 2]

Points, Lines
etc.

RANSAC, ML, Least
SquaresEstimates

Projective Large numberof possiblynoisy
correspondences;More robust
thanDLT; Verypopular.

Kuthirummal
et al. [10, 6]

Nonparametric
contour

Fourier Transform of
sequences

Af�ne Computesaf�ne invariantsand
polygonal approximations of
contoursin Fourierdomain.

Kruger et
al., etc.[5, 9]

Texture Fourier Transform of
imagepatches

Af�ne Minimal line correspondence;
uptoaf�ne homographies.

Kumar
et al.,
etc.[8, 6, 13]

Conics/ Poly-
gons

Projective invariants Projective Two conic correspondences;
Minimal (1 pair) correspon-
dence,approximation.

Thiswork Contour Fourier Transform of
sequences

Projective Estimationof af�ne approxima-
tion andthenprojectivedepthit-
eratively for robustcomputation
of homography.

Table 1. An Overview of Diff erent Techniques for Homograph y Estimation

2. Homography fr om Collections

In the real world thereexist many objectswith sharp
boundaries.Theseboundarieshave beentraditionally uti-
lizedin theform of lines,points,conicsandcontours,to es-
timatevariousmultiview relationships.Traditionallyhigher
orderprimitivessuchaslines andcurveshave beenfound
to be morerobust to track comparedto points. Geometric
computations,likeestimationof homographyor fundamen-
tal matrix,areoftendonerobustlybasedon thesefeatures.

Homographieshavebeenpopularin literaturefor various
imageandvideoanalysistasks.Taskslike imageregistra-
tion have beenconventionallyformulatedasan estimation
of a similarity transformrelatingthepointsin two images.
Thesemethodswereprimarily basedon correlationusing
spatialor frequency domaintechniques.With thepopular-
ity of the mathematicalmodelsfor imaging,homography
estimationhasbecomean integral partof applicationslike
metric recti�cationmosaicingandgeoreferencing.The ho-
mographybetweentwo views canbecomputedby �nding
suf�cient constraintsto �x eightdegreesof freedom,since
homographiesarede�nedonlyuptoscale.Homographyhas
beenestimatedusingmany geometricalprimitives.Table1

summarizesthe wide spectrumof homographyestimation
algorithmsin a compactform. A detailedreview andrela-
tiveperformancecomparisonsmaybeseenin [1].

The emergenceof multiple view geometrictechniques
as a popular streamof researchin computervision [3]
helpedin compiling and presentingthe homographyesti-
mationschemesassolutionof a systemof equationsusing
Direct Linear Transformation(DLT) or othersimilar tech-
niques.Algorithmssuchasthe4-pointmethodbasedonthe
earlyknown DLT [14] techniquebecamepopular. Normal-
ization procedureswereproposedasa preprocessingstep
to enhancenumericalstability asthesemethodsweresen-
sitive to the exactnessof the correspondence,and condi-
tion numbersof themeasurementmatrices.Robustnesswas
alsointroducedbyusingstandardtechniqueslikeMaximum
LikelihoodEstimatesandRANSAC [2, 4]. Thesestatisti-
cal techniquesenhancedthe robustnessof thesealgorithm
againstnoisein imagecorrespondences,andhenceproved
to bevery effective. Thecorrespondenceinformationused
in DLT or RANSAC basedhomographyestimationwere
primarily pointor line correspondences.

Techniquesusing other geometricalprimitives suchas
conics[8, 13] have also beendeveloped. Polygonswere



usedby Kumar et al. [6] to solve the homographyesti-
mationproblem. This techniqueusesprojective invariants
likecrossratio to grow apolygonapproximatingacontour,
presentin both input images,startingwith oneseedpoint
correspondenceasinput. This polygonalapproximationis
laterusedto estimatethehomography[7].

Contoursbeingomnipresentandgeneral,canbetracked
moreeasilyandhencearewell suitedfor estimatingmulti-
view relations.A contourbasedtechniquewould berobust
to sensorerrorsand other noiseas well sinceit is based
on the propertiesof a collectionof pointsandnot depen-
denton a singlepoint. Contoursasa geometricalprimitive
wereshown to be effective in developingrank constraints
of a matrix of Fouriercoef�cients. TheFourierdescriptors
representtheshapein differentviews relatedby af�ne ho-
mographies[6, 10]. This techniqueis built on the Fourier
domainbasedrepresentationof contoursto establishaf�ne
invariantswhichwereshown to behelpful in solvingplanar
shaperecognition.

Textureasageometricalprimitive,hasbeenusedin liter-
ature[5, 9] for computationof af�ne homographies.These
methodsmakeuseof thepropertiesof theFouriertransform
of correspondingtextures. In [9], line patternsin textures
have beenusedto estimatean af�ne approximationof the
homography. This estimateis thenusedasan initial esti-
matefor a nonlinearoptimizationprocedureto determine
theprojectivehomography.

3. Fourier Domain Approach to Homography
Estimation

Supposethereare N coplanarworld points forming a
contour. Thesepointsareimagedin two differentviews to
form imagepointsx[i ] andy[i ] (1 � i � N ), whereeach
x[i ] andy[i ] is a2� 1 vector. Assumethatthehomography
relatingthetwo imagesis H . Thiscanbewrittenas

�
y [i ]
1

�
= H

�
x[i ]
1

�
: (2)

A solution for homographyestimationbasedon Equa-
tion 2 wouldassumecorrespondenceof y [i ] andx[i ]. When
point-to-pointcorrespondenceinformationis not available,
asis oftenthecase,it is observedthat thetwo sequenceof
pointsareshiftedversionsof eachother, andrelatedby an
unknown shift � asfollows

�
y [i ]
1

�
= H

�
x[i + � ]

1

�
: (3)

Thehomographyestimationproblemcannow beposed
asfollows: GivenN coplanarworld pointsformingan or-
deredsequence, capturedby two cameras,estimatetheun-
knownhomographyH relating them. If � is known, this

problemreducesto thehomographycomputationfrom cor-
respondenceof N points. A standardpoint basedtech-
niqueslikeRANSAC couldbeemployedfor this. However
whenonly contourcorrespondencesareavailable,this shift
(� ) is unknown (we describea methodto estimate� later)
andattemptto solve theproblemin a Fourierdomain.

If the homographyrelatingimagesis af�ne (i.e the last
row of H is [0 0 1]), it follows from Equation3 that

y [i ] =
�
uy [i ]
vy [i ]

�
= Ax [i + � ] + b; (4)

whereA ; b aretheupper-left 2 � 2 matrix andupper-right
2 � 1 vectorof H respectively. Kuthirummalet al. [6, 10]
have developedtheoryof Fouriertransformsof contoursin
presenceof af�ne homography. They usedit effectively
in solving shaperecognitionproblem,and for estimation
of af�ne homography. In their work algebraicconstraints
acrossmultiple views basedon the rank of a matrix of
Fourierdomaindescriptorcoef�cients of theplanarcontour
werederived.Kuthirummalet al. [6, 10] denotetheFourier
domainrepresentationof thesequencey[i ] andx[i ] as

Y [k] =
�
Uy [k]
Vy [k]

�
; X [k] =

�
Ux [k]
Vx [k]

�
; (5)

whereU y [k], V y [k], U x [k] andV x [k] arerespectively the
Fourier transformsof thesequencesuy [i ], vy [i ], ux [i ] and
vx [i ] respectively. Af�ne homographyestimationinvolves
computationof A andb fromthepointsequencecorrespon-
dences.

3.1. A�ne homograph y estimation

The translationvectorb correspondsto theDC compo-
nent(k = 0) in the frequency domain. It canbeneglected
initially by shifting theorigin to thecentroidof thecontour.
Lateronb canbetrivially computedasthedifferencein the
centroidof thetwo sequences.

SinceH is a linear transformation,it canbeshown that
sametransformation(H ) relatesthe sequencesin both the
spatialaswell asfrequency domains[10]. Henceit follows
that

Y [k] = AX [k]e
j 2 � �k

N ; (k � 1): (6)

SubstitutingEquation5 in 6 gives,

�
Uy [k]
Vy [k]

�
= A

�
Ux [k]
Vx [k]

�
e

j 2 � �k
N ; (7)

andby rearrangement,Equation7 becomes

Uy [k]
Vy [k]

=
H11Ux [k] + H12Vx [k]
H21Ux [k] + H22Vx [k]

; (8)



whereH ij is (i; j )th elementof H . This is a simplelinear
systemof equationswith 2N � 2 equationsand four un-
knowns(elementsof A ). It canbesolvedfor A . Theaf�ne
part(A ) of thehomographyH is computedlike this. How-
everthisestimateis correctonlyuptoanunknownscalefac-
tor. Thisscalefactorcanbecomputedby takingtheratioof
theaveragedistanceof pointsfrom thecentroidin theactual
sequencey[i ] andsimilar valuein thesequencecalculated
by projectingx[i ] with thecurrentestimateof A .

4. Iterati ve Projective Homography Estima-
tion

In this processof estimatingtheaf�ne homography, the
strongorderinginformationpresentin thepointsonthecon-
tour hasbeenutilized by transformingthe sequenceto the
Fourierdomain.Theprocedureof estimatingaf�ne homog-
raphyfrom contourcorrespondenceis not directly applica-
ble to projective transformation.This is primarily because
of the fact that the homographyrelationshipdescribedin
Equation1 is de�ned only upto scale. We cannot extend
thesamerelationshipto Fourierdomain.Let theprojective
homographyis representedasH = [h1 h2 h3]T , whereh i

T

is thei th row of H . We canrewrite theEquation1 as

y =

2

4
h1

T

h2
T

h3
T

3

5 x =

2

4
h1

T x=h3
T x

h2
T x=h3

T x
1

3

5 (9)

For asequenceof observations,it followsfrom Equations2
and9 that

y [i ] =

2

4
uy [i ]
vy [i ]

1

3

5 =

2

4
h1

T x[i + � ]=h3
T x[i + � ]

h2
T x[i + � ]=h3

T x[i + � ]
1

3

5 ; (10)

Lettingz[i ] = h3
T x[i ], Equation10canberewrittenas

z[i + � ]y [i ] = Ax [i + � ] + b: (11)

Thisis similar to theaf�ne relationshipgivenin Equation4.
Herez[i ] is similar to the projective depthin [16]. Since
z[i ] isunknowntheaf�ne homographyestimationtechnique
introducedin Section3.1 can not be directly extendedto
estimatetheprojectivehomographies.

Claim 1 If z[i ]sareknown thetermsz[i + � ]y [i ] in Equa-
tion 11 canbeconsideredasa new sequence.This new re-
lationcanthenbesolvedfor A andb (by theaf�ne homog-
raphyestimationalgorithmdescribedin thelastsection).

Claim 2 If af�ne componentsof the homographyis
known a priori , i.e A and b are known, z[i ] can be cal-
culatedfrom Equation11. It canbeseenthatEquation11

givestwo equationsfor eachvalueof i . Eitherof thesetwo
canbeusedto solve for z[i ].

However in practicalsituationsthe prior knowledgeof
neitherz[i ] nor A andb canbeassumed.Hencea two-step
iterativesolutionis proposedto solvetheprojectivehomog-
raphyestimationproblem. This is in line with thegeneral
theoryof functionoptimizationof multiplevariableswhere
a function is optimizedwith respectto a setof variablesin
onestepandthenwith respectto theothervariablesin an-
otherstep.

� Step 1: Assumingsomevaluesfor projective depth
estimatetheaf�ne components.

� Step2: Estimatetheprojectivedepthfrom thecurrent
estimateof af�ne components.

Claim 3 Re-projectionerror is the meansquarederror
betweenoriginal sequencey[i ] and transformedsequence
H est x[i + � ], whereH est is the currentestimateof ho-
mography. The observation is that the re-projectionerror
decreaseswith eachiteration. In Step1, the re-projection
error is minimizedwith respectto A andb. In Step2, it is
minimizedwith respectto anunknownz[i ]. Hencetheerror
decreaseswith eachiteration.

Claim 4 Re-projectionerroris by de�nition non-negative.
When true valuesfor A , b andz[i ] are achieved, the re-
projectionerror becomeszero. This follows directly from
Equation11 by substitutingthe true valuesfor A , b and
z[i ]. In a syntheticsituation(wherethecoordinatesarereal
numbers)it is possibleto achieveazeroerror. Howeverthis
valuewould be only closeto zero in a practicalsituation
wherediscretizationandothererrorsarepresent.

4.1. Estimation of h3

Af�ne homographyalgorithmexplainedin section3.1is
usedin Step1 of thetwo-stepiterativehomographyestima-
tion scheme.Step2 of thealgorithmis now explainedin de-
tail. Notethatsincez[i ] = h3

T x[i ], z[i ] is easilyestimated
oncethereis an estimatefor h3 . A procedureto estimate
h3 is explainedbelow. It is assumedthat� is known at this
stage. Later this assumptionis relaxed by introducingan
estimationtechniquefor � .

A generalprojective matrix H is a full-rank matrix. In
otherwords,h1 , h2 andh3 are linearly independent.To
estimateh3 , an expressionfor h3 is needed.Suchan ex-
pressionshouldbe expressedin termsof both h1 andh2 .
Noting that h i s are vectorsin R 3, an appropriateset of
basesof R 3 which can expressany vector h3 would be
f h1 ; h2 ; h1 � h2g. In otherwords,h3 canbe expressed
asa linearcombinationof theabovebases,

h3 = � h1 + � h2 + 
 (h1 � h2 ): (12)



The problemhasnow reducedto oneof estimatingappro-
priatevaluesof � , � and 
 . RearrangingEquation10, to
get

a� + b� + c
 + d = 0; (13)

where,

a = uy [i ](h1
T x[i + � ])

b = uy [i ](h2
T x[i + � ])

c = uy [i ]((h1 � h2 )T x[i + � ])

d = � h1
T x[i + � ]:

Therearesimilar equationswith termsof vy [i ]. Sincethere
are2N equationsfor variousvaluesof i in Equation13and
threeunknowns,� , � and
 canbecalculated.Thenh3 can
becomputedfrom Equation12.

4.2. Estimation of shift �

Equation7 afterrearrangementgives

Uy [k]
H11Ux [k] + H12Vx [k]

= e
j 2 � �k

N : (14)

Similar equationcanbewritten with Vy [k]. By thetransla-
tion propertyof FourierTransformsit canbeshown thatthe
inverseFouriertransformof thesequenceof termsin Equa-
tion 14 would bean impulseshiftedby � . The locationof
this impulsein thespatialdomainwould indicatethevalue
of � . [10] givesanothermethodto estimate� when the
homographyis assumedto beprojective.

4.3. Algorithm

Thecompletealgorithmis asfollows:
Input: x[i ]; y[i ] with N pointseach,where1 < i � N
Output: HomographymatrixH

1: Initialize z[i ] = 1; 8i .
2: repeat
3: Solve for h1 and h2 using currentvaluesfor y [i ],

x [i + � ] andz[i ];
4: Solve for � ;
5: Estimateh3 usingtheupdatedvaluesof h1 , h2 and

� ;
6: Updatez[i ] = h3

T x[i ];
7: until convergence.

The homographyestimatedby the algorithmpresented
abovewoulddependon theinitializationvaluesfor thepro-
jective depth. It is found that initializing projective depth
z[i ] = 1 8 i provesto be a suitableinitialization. This ef-
fectively amountsto startingwith a weakperspective pro-
jectionmodel.Theconvergenceconditionshouldbechosen
carefully. Onepossibilityis to chosetheMeanSquareError

(MSE) betweenthesecondsequenceandthesequenceob-
tainedby projecting�rst sequencewith thecurrentestimate
of H , i.e.,

M SE =
1
N

X

i

(y [i ] � Hx [i + � ])2:

It can be shown that the proposedalgorithm minimizes
MSE in both stepsandhenceconvergesto the correctso-
lution.

5. Resultsand Discussions

The proposedmethodwastestedextensively in a range
of experiments.Someof thecontoursusedfor theseexper-
imentsare shown in Figure1. Thesecontourswerecho-
senaftercarefulexamination.Thecriteriausedin selecting
theseimagesinclude – the numberof points, a rich vari-
ety of curvaturepatterns,contoursencounteredin real-life,
complexity etc.

(a) (b) (c)

(d) (e) (f)

Figure 1. Figure sho ws various contour s
used in the experiments. The contour s vary
in their shape , cur vature proper ties, number
of points etc.

In the �rst experimentwe applya rangeof groundtruth
homographiesandmeasurethecorrectnessof theestimated
solution.Thegenerationof thesehomographiescanbeex-
plainedby consideringa virtual camera.Assumethatavir-
tualcamerais movedaroundasceneplane(whichcoincides
with thez = 0 plane).Considerthatcamerais rotatedfrom
� 60� to +60 � eacharoundboth x andy axis, with �x ed
radius. Considerthe imageseenby the cameraplacedat
(� ; � ) anglesaboutx andy axes. Thereis a homography
betweentheimageseenandanimagetakenwhenthecam-
erais placedat (0; 0). This homographybecameoneof the
homographiesconsideredfor our experiments.Many such
homographiescanbe generatedby changingthe valuesof



(� ; � ). Theadvantagewith this schemeof generatinga ho-
mographyis thatit coversthemostrealisticposesatwhich,
actualimagesaregenerallytaken.

We consider10000suchequallysampledhomographies
and apply them over eachof the contoursshown in Fig-
ure1 andgenerata new view of thegivencontourfor each
contour. Thesetwo contoursareusedasinput to our algo-
rithm andwe estimatethehomography. Thealgorithmwas
foundto convergeto thecorrectsolutionin eachcasewithin
very few iterations(typically 3 to 5). There-projectioner-
ror (errorbetweentheactualsecondcontourandthewarped
contourgeneratedby applying the estimatedhomography
over theinitial contour)decreasedverysharplyasshown in
a typical examplein Figure2. Homographiesbeyond this
range(i.e � 60� ) show someerrorsin theestimateandsome
examplesof suchcontoursareshown in Figure5. The im-
agesin this rangearehighly distortedandit is dif�cult for
evenahumanto identify thecontours.
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Figure 2. A typical plot of re-pr ojection er-
ror over number of iterations. The error de-
creases rapidl y with iterations.

In anotherexperimentwe considera variety of images
from varioussituationsin real-life. Theseimagesareused
to demonstratetheeffectivenessof our algorithmin a vari-
etyof real-life situations.Someof theimagesareshown in
Figure3. The�gure is arrangedasfollows. In parts(a)and
(b) we list the input images.Parts(c) and(d) illustratethe
contoursextractedfrom theseimages.(e)showstheoverlay
of contour(a) transformedby estimatedhomographyover
(b). Figure4 shows tux examplein greaterdetail.Thehigh
overlapbetweenthecontoursclearlyshows thecorrectness
of our algorithm. This experimentshows that thegivenal-
gorithmconvergesto thecorrecthomographyfor a variety
of situations.This makesthealgorithmacceptablefor vari-
ousreal-lifesituations.

Parameterssuch as the numberof points, noise (dis-

Figure 4. Overlay of �r st tux contour wrapped
over second contour by the estimated ho-
mograph y. The magenta colored dash-dotted
line is the warped contour and blue colored
dotted line is the actual contour . The origi-
nal images and their contour s are also sho wn
above.

cretization,sampling,localizationetc.), symmetryin con-
tour, occlusion,projectivenessof homographyetc. canaf-
fect theperformanceof theproposedalgorithm.Wepresent
theanalysisof proposedalgorithmwith respectto thesepa-
rameters.

We measurethe performanceof our algorithm with
noise. For this we add Gaussiannoisewith standardde-
viation � 2 f 2; 3; : : : ; 8g pixels alongeachcoordinateto
� 2 f 5; 10; 15; 20g % points. We performtheexperiment
on theobjectsof Figure1 with thegroundtruth homogra-
phiesgeneratedas before. It was notedthat the success-
ful convergencedependedon theseverity of noiseandalso
on thecomplexity of contours.Simplercontourstendedto
have goodestimatesevenin presenceof severenoise.This
maybeattributedto thefactthatsimplercontourspreserved
their inherentstructurebetterthancomplex contoursin the
presenceof structuredistortingnoise.Theresultsaretabu-
latedin Table2.

Symmetryin contour introducesambiguity in the ho-
mographyestimation.Thisis sobecausedifferenthomogra-
phiesmapa view of a symmetricobjectto thesametarget
view becauseof thesymmetry. Henceall homographyes-
timationalgorithmssuffer from suchsymmetricalnatureof
thetargetscene.If a contouris symmetricaltheconstituent
signalof its x or y components(i.e. all thex or y coordi-



(b)(a) (c) (d) (e)

3)

2)

1)

Figure 3. (a), (b) Input images. (c), (d) Contour s extracted from (a) and (b) respectivel y, (e) Overlay of
contour (d) with (c) warped by the estimated homograph y. (1) sho ws a satellite image of a lake, (2)
sho ws an outdoor adver tisement, (3) sho ws a par t of a name boar d.

Figure 5. Examples of failure cases of the
proposed technique . The left and right im-
age are respectivel y highl y deformed images
of Figure 1 (a) and (b)

natesof thecontoursequencetakentogether)might bepe-
riodic in nature.This resultsin apoorerperformanceof our
algorithmdueto lack of suf�cient frequency components.
However to overcomethis lack of frequency components

� =� 5 % 10% 15% 20%
2 100 100 100 100
3 100 100 100 100
4 100 100 98.7 96.3
5 100 99.1 98.4 94.5
6 96.3 95.5 94.3 93.7

Table 2. Performance of the proposed
scheme in the presence of Gaussian noise .

we cananalyzethe Fourier representationof the contours
for thepresenceof few dominantfrequencies.If suchis the
casethenonecan�nd out the time periodof thecontour's
repeatingpattern.Usingthis informationwecanextractthe
nonrepeatingpartof thecontourin thetwo imagesanduse
themto estimatethehomography.

In anotherexperimentwemeasuretheeffectof thenum-



berof pointsin the contouron thesuccessfulconvergence
of the estimationprocedureor of our algorithm. We con-
siderthesamecontoursasbeforeandsub-sampledthemat
variousintervals till a minimum of 30 points in eachcon-
tour, to generatea largenumberof testcases.We generated
10000homographiesas before. After estimatingthe ho-
mographyfor eachsub-sampling,wefoundthatthemethod
performedreasonablywell for largernumberof points,with
gradualdegradationin performanceasthenumberof points
decreases.Thealgorithmis unsuitablefor situationswhere
thereareonly few points (typically < 30) in the contour.
In mostapplications,the numberof pointsin thecontours
is well within this rangefor our algorithmto convergesuc-
cessfully.

In anotherexperiment,we measurethevariationof per-
formanceastheprojectivenessof theappliedhomography
is varied.For thiswe de�ne projectivity p asp = jh3j=jH j.
This measurecapturestheprojective componentafter nor-
malizingwith respectto theaf�ne components.In this ex-
perimentweusethesamesetupasin �rst experimentwhile
recordingthe projectivity for eachhomography. We ob-
served that while the valueof projectivity is within an ac-
ceptablerange( < 0:6 ), thealgorithmconvergesto thecor-
rectsolution.Howeverwith greaterprojectivity, theperfor-
manceof ouralgorithmdecreasesslightly. Wefoundthatin
mostpracticalapplicationsthevalueof projectivity for ho-
mographiesis lower than0.6. For sameprojectivity other
af�ne approximationbasedapproachesgive poorerperfor-
mancethanourapproach.

6. Conclusionand Future Work

We have proposeda homographyestimationtechnique
thatusescorrespondenceof contours.Our techniquedoes
not needexplicit point-to-point correspondence.In fact
this point-to-point correspondenceis obtainedas a by-
product of the homographycomputationprocedure. We
have demonstratedthe applicability of our techniqueto a
varietyof realworld problems.Futurework would include
applying Fourier domainbasedrepresentationfor projec-
tive homographyestimationfrom textureregionsandwide
baselinestereo.
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