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Abstract

Homayraphy estimationis an important stepin many
computervision algorithms. Most existing algorithmses-
timatethe homaraphyfrom pointor line correspondences
which are dif cult to reliably obtain in manyreal-life sit-
uations. In this paperwe proposea technique basedon
correspondencesf contous. Homayraphy estimationis
carried outin Fourier domain. Startingfroman af ne es-
timate the proposedalgorithm computedhe projectiveho-
magraphyin an iterative manner Thistechniquedoesnot
require explicit pointto pointcorrespondencesn factsud
pointcorrespondenceare a by-productof the proposedal-
gorithm. Experimentaflesultsandapplicationsvalidatethe
useof our technique

1. Intr oduction

A homographyis a non-singulaidinear relationshipbe-
tweenpointsin two imageq3]. Whentheworld pointsare
on a plane,theirimagescapturedby two perspectie cam-
erasarerelatedby a3 3 projectve homographyH. It is
well known that

y = Hx; 1)

wherex andy arethe correspondingpoints (in homoge-
neouscoordinatesin the rst andsecondriew respectiely.

Pointsin two imagescanbe relatedby a uniquehomogra-
phy undermary othersituations(eg. whenthe cameragor

multiple scenesharethe opticalcenter).

Numerical computation of homographyfrom image
measurementgs an importantstepin taskslike calibra-
tion [17], metric recti cation, 3D reconstructionmosaic-
ing [12, 15] etc. In someapplicationsa simple similarity
or af ne transformatiorcouldsufce but mary applications
needa more generaltransformation.Problemdlik e recog-
nition andregistrationoften dealwith completeprojective
transformations.Given four correspondingointsor lines
in a generalcon guration, the 3 3 homographymatrix

(H) canbe estimated3] aseachcorrespondencprovides
2 constraints.

Mostalgorithmsin multiple view geometrywhich com-
putealgebraicrelationshipdik e homographiespeedaccu-
rate correspondencesSuchaccuratecorrespondencesre
oftendif cult to obtainin practicalsituations. Algorithms
which uselinesor similar higherorderprimitiveshave been
shown to be better suited for mary geometriccomputa-
tions [3] ascomparedo points. In this paper we extend
thenotionof higherorderprimitive furtherto includeanor-
deredcollectionof points— a contour Comparedo corre-
spondingpoints,correspondingontourscanbe easilyand
robustlyidenti ed. We presentinovel Fourierdomaintech-
niqueto computethe homographybetweenwo views that
only needscorrespondingontours— no explicit point-to-
point correspondencis needed.In fact, the point-to-point
correspondencis obtainedasa by-productof our homog-
raphycomputationrscheme Major claimsof this paperare
summarizedelow:

We arguethatanorderedsetof pixels(saythe contour
of anarbitraryplanarobject)is suf cient for estimating
theprojectve homographybetweertwo views.

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

Explicit pixelto pixel correspondencesnbeobtained
asaby-productof our algorithm.

Our algorithm rst computesan af ne approximation
to the actualhomographyThis transformations then

usedto initialize aniterative procedurehat computes
the completeprojective transformatiorby estimating
the projective depth.

The proposedalgorithm provides accurateprojective
homographie# few iterations.



| Source | Primiti ve | Technique | Transformation | Remarks |
Many Points, Correlation, Trans-| Similarity Popular for image registration.
Patches form Domain Analy- Well studiedin image process-
sis ing literature.
Books Points,Lines | Numerically solving | Projective Direct closed form solution.
and earlier linearequationgDLT) Strong dependencen accurate
work [3, 14] correspondence.
Luonget al., | Points with | Use of weak calibra- | Projective Use additional clues like Fun-
etc. [11, 3] additional tion damental Matrix, which again
clues needscorrespondencédor esti-
mation.
Kanatani Points, Lines | RANSAC, ML, Least| Projective Large numberof possiblynoisy
etal., etc.| etc. Squaregstimates correspondencesMore robust
[4, 2] thanDLT; Very popular
Kuthirummal | Nonparametri¢ Fourier Transform of | Af ne Computesaf ne invariantsand
et al. [10, 6] | contour sequences polygonal approximations of
contoursin Fourierdomain.
Kruger et | Texture Fourier Transform of | Af ne Minimal line correspondence;;
al., etc.[5, 9] imagepatches uptoaf ne homographies.
Kumar Conics/ Poly- | Projectveinvariants Projective Two conic correspondences;
et al., gons Minimal (1 pair) correspon-
etc.[8, 6, 13 denceapproximation.
Thiswork Contour Fourier Transform of | Projectve Estimationof af ne approxima-
sequences tion andthenprojective depthit-
eratively for robustcomputation
of homography

Table 1. An Overview of Different Techniques for Homograph y Estimation

2. Homography from Collections

In the real world there exist mary objectswith sharp
boundaries.Theseboundarieshave beentraditionally uti-
lizedin theform of lines, points,conicsandcontoursio es-
timatevariousmultiview relationshipsTraditionallyhigher
order primitivessuchaslines and curveshave beenfound
to be morerohustto track comparedo points. Geometric
computationglik e estimatiorof homographyr fundamen-
tal matrix, areoftendonerobustly basecn thesefeatures.

Homographiebavebeenpopularin literaturefor various
imageandvideo analysistasks. Taskslike imageregistra-
tion have beencorventionallyformulatedasan estimation
of a similarity transformrelatingthe pointsin two images.
Thesemethodswere primarily basedon correlationusing
spatialor frequeny domaintechniquesWith the popular
ity of the mathematicamodelsfor imaging, homography
estimationhasbecomeanintegral part of applicationdike
metric recti cationmosaicingandgeoreferencingThe ho-
mographybetweentwo views canbe computedby nding
sufcient constraintdo x eightdegreesof freedom,since
homographiearede ned only uptoscale. Homographyhas
beenestimatedisingmary geometricaprimitives. Table1

summarizeghe wide spectrumof homographyestimation
algorithmsin a compactform. A detailedreview andrela-
tive performanceomparisongnaybe seenin [1].

The emegenceof multiple view geometrictechniques
as a popular streamof researchin computervision [3]
helpedin compiling and presentingthe homographyesti-
mationschemesssolutionof a systemof equationausing
Direct Linear TransformationDLT) or othersimilar tech-
niques.Algorithmssuchasthe4-pointmethodbasednthe
earlyknown DLT [14] techniquebecamepopular Normal-
ization proceduresvere proposedas a preprocessingtep
to enhancenumericalstability asthesemethodswere sen-
sitive to the exactnessof the correspondenceand condi-
tion numbersf themeasurememhatrices Rolustnessvas
alsointroducedoy usingstandardechniquedik e Maximum
Likelihood Estimatesand RANSAC [2, 4]. Thesestatisti-
cal technigueenhancedhe robustnesf thesealgorithm
againstnoisein imagecorrespondencesndhenceproved
to be very effective. The correspondencmformationused
in DLT or RANSAC basedhomographyestimationwere
primarily pointor line correspondences.

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



usedby Kumaret al. [6] to solve the homographyesti-
mationproblem. This techniqueusesprojective invariants
like crossratio to grow a polygonapproximatinga contour
presentin both inputimages,startingwith one seedpoint
correspondencasinput. This polygonalapproximations
laterusedto estimatehe homography7].

Contoursbeingomnipresenandgeneral canbetracked
moreeasilyandhencearewell suitedfor estimatingmulti-
view relations.A contourbasedechniquewould berobust
to sensorerrorsand other noise as well sinceit is based
on the propertiesof a collection of points and not depen-
denton a singlepoint. Contoursasa geometricaprimitive
were shovn to be effective in developingrank constraints
of amatrix of Fourier coefcients. The Fourierdescriptors
representhe shapen differentviews relatedby af ne ho-
mographieg6, 10]. This techniqueis built on the Fourier
domainbasedepresentationf contoursto establishaf ne
invariantswhichwereshowvn to be helpfulin solvingplanar
shaperecognition.

Textureasageometricaprimitive,hasbeenusedn liter-
ature[5, 9] for computatiorof af ne homographiesThese
methodsmake useof thepropertiesof theFouriertransform
of correspondingextures. In [9], line patternsin textures
have beenusedto estimatean af ne approximationof the
homography This estimateis then usedasan initial esti-
matefor a nonlinearoptimizationprocedureto determine
the projectve homography

3. Fourier Domain Approachto Homography
Estimation

Supposethereare N coplanarworld points forming a
contour Thesepointsareimagedin two differentviews to
form imagepointsx[i] andy[i] (1 i N), whereeach
x[ilandy[i]isa2 1vector Assumethatthehomography
relatingthetwo imagesis H. This canbewrittenas

yil _ . x[T .
1= H 1 2

A solutionfor homographyestimationbasedon Equa-
tion 2 wouldassumeorrespondencef y[i] andx[i]. When
point-to-pointcorrespondenciaformationis not available,
asis oftenthe casejt is obsenedthatthe two sequencef
pointsareshiftedversionsof eachother andrelatedby an
unknown shift asfollows

yliil _ xli+ 1.
1= H 1 : 3
The homographyestimationproblemcannow be posed
asfollows: GivenN coplanarworld pointsformingan or-
dered sequencgecaptured by two cameas, estimatethe un-
knownhomayraphyH relating them. If  is known, this

problemreducedo thehomographycomputatiorfrom cor
respondenc®f N points. A standardpoint basedtech-
niqueslike RANSAC couldbeemployedfor this. However
whenonly contourcorrespondencesreavailable,this shift
( ) is unknown (we describea methodto estimate later)
andattemptto solve the problemin a Fourierdomain.

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

uy [i]

vy [i] = Axlie

ylil= 1+ b; 4

whereA ;b aretheupperleft 2 2 matrixandupperright
2 1vectorof H respectiely. Kuthirummalet al. [6, 10]
have developedtheoryof Fouriertransformsof contoursin
presenceof afne homography They usedit effectively
in solving shaperecognitionproblem, and for estimation
of afne homography In their work algebraicconstraints
acrossmultiple views basedon the rank of a matrix of
Fourierdomaindescriptorcoefcients of the planarcontour

werederived. Kuthirummalet al. [6, 10] denotetheFourier
domainrepresentationf thesequencg[i] andx|[i] as

Uy [K]
Vy[K]

Ux[k] .

Y= vig: ®

;X [K] =

whereU y [K], V y[K], Ux[K] andV 4 [k] arerespectiely the
Fouriertransformsof the sequencesy[i], vy[i], ux[i] and
Vy[i] respectiely. Af ne homographyestimationinvolves
computatiorof A andb fromthepointsequenceorrespon-
dences.

3.1. Ane homograph y estimation

The translationvectorb correspondso the DC compo-
nent(k = 0) in thefrequeny domain. It canbe neglected
initially by shifting theorigin to thecentroidof the contour
Lateronb canbetrivially computedasthedifferencan the
centroidof thetwo sequences.

SinceH is alineartransformationjt canbe shavn that
sametransformationH ) relatesthe sequenceg boththe
spatialaswell asfrequeng domaing10]. Henceit follows
that

Y K] = AX [Kle":(k 1) (6)
Substitutingequation5 in 6 gives,

Uy[Kl _ o Uxlk] iz«

VI T A vk & 0

andby rearrangemengquation7 becomes

Uy[K] _ HyrUx[K] + Hia Vi [K] |

VoKl - oGy K]+ HoaVeK]' ®)




whereHj is (i; j )th elementof H. Thisis asimplelinear
systemof equationswith 2N 2 equationsand four un-
knowns(elementof A). It canbesolvedfor A. Theafne
part(A) of thehomographyH is computedike this. How-
everthis estimates correctonly uptoanunknovn scalefac-
tor. This scalefactorcanbecomputedy takingtheratio of
theaverageadistanceof pointsfrom thecentroidin theactual
sequence [i] andsimilar valuein the sequencealculated
by projectingx[i] with the currentestimateof A .

4. lterati ve Projective Homography Estima-
tion

In this procesof estimatingthe af ne homographythe
strongorderinginformationpresentn thepointsonthecon-
tour hasbeenutilized by transformingthe sequencéo the
Fourierdomain.Theproceduref estimatingaf ne homog-
raphyfrom contourcorrespondencis not directly applica-
ble to projectie transformation.This is primarily because
of the fact that the homographyrelationshipdescribedin
Equationl is de ned only upto scale. We cannot extend
the samerelationshipto Fourierdomain.Let the projective
homographys representedsH = [h1 h, h3]™, whereh; T
is theith row of H. We canrewrite the Equationl as

2 3 2
h]_T thX:hgTX
y=4 h,m 5x=4 h,Tx=hy"x 5 (9)
hs' 1

For asequencef obsenations,it follows from Equations?
and9 that

3 2 . .3
uy[i] hy x[i+ J=hg x[i+ ]
ylil= 4wli]5 = 4n,"x[i+ J=hs"x[i+ ]°; (10)
1 1

Lettingz[i] = h3' x[i], Equation10 canberewritten as
z[i+ Jy[i]=Ax[i+ ]+ b: (12)

Thisis similarto theaf ne relationshipgivenin Equatiord.

Herez[i] is similar to the projective depthin [16]. Since
z[ilisunknavntheaf ne homographyestimatiortechnique
introducedin Section3.1 can not be directly extendedto

estimatethe projective homographies.

Claim 1 If z[i]sareknownthetermsz[i + ]y[i]in Equa-
tion 11 canbe consideredsa new sequenceThis new re-
lation canthenbesolvedfor A andb (by theaf ne homog-
raphyestimationalgorithmdescribedn thelastsection).

Claim 2 If afne componentsof the homographyis
known a priori, i.e A andb areknown, z[i] canbe cal-
culatedfrom Equationll. It canbe seenthat Equation11

givestwo equationdor eachvalueof i. Eitherof thesetwo
canbe usedto solve for z[i].

However in practicalsituationsthe prior knowledge of
neitherz[i] nor A andb canbeassumedHenceatwo-step
iterative solutionis proposedo solve theprojective homog-
raphyestimationproblem. This is in line with the general
theoryof functionoptimizationof multiple variablesvhere
afunctionis optimizedwith respecto a setof variablesin
onestepandthenwith respecto the othervariablesin an-
otherstep.

Step 1: Assumingsomevaluesfor projectve depth
estimateheaf ne components.

Step2: Estimatethe projectve depthfrom the current
estimateof af ne components.

Claim 3 Re-projectionerror is the meansquarederror
betweenoriginal sequence/[i] andtransformedsequence
HestX[i + ], whereH g is the currentestimateof ho-
mography The obsenationis that the re-projectionerror
decreasewvith eachiteration. In Step1, the re-projection
erroris minimizedwith respecto A andb. In Step2, it is
minimizedwith respecto anunknown z[i]. Hencetheerror
decreasewith eachiteration.

Claim 4 Re-projectiorerroris by de nition non-neative.
Whentrue valuesfor A, b andz[i] are achieved, the re-
projectionerror becomegero. This follows directly from
Equation11 by substitutingthe true valuesfor A, b and
z[i]. In asyntheticsituation(wherethe coordinatesrereal
numbers)t is possibleto achiere azeroerror. However this
valuewould be only closeto zeroin a practicalsituation
wherediscretizatiorandothererrorsarepresent.
4.1. Estimation of hs

Af ne homographyalgorithmexplainedin section3.1is
usedin Stepl of thetwo-stepiterative homographyestima-
tion scheme Step2 of thealgorithmis now explainedin de-
tail. Notethatsincez[i] = h3 ' x[i], z[i] is easilyestimated
oncethereis anestimatefor h3. A procedureo estimate
hj is explainedbelow. It is assumedhat is known atthis
stage. Later this assumptioris relaxed by introducingan
estimationtechniquefor

A generalprojectve matrix H is a full-rank matrix. In
otherwords, hy, h, andhgs arelinearly independent.To
estimatehs, an expressionfor hs is needed.Suchan ex-
pressionshouldbe expressedn termsof bothh; andh,.
Noting that h;s are vectorsin R3, an appropriateset of
basesof R® which can expressary vector hs would be
fhi;ho;hy  hag. In otherwords, hg canbe expressed
asalinearcombinationof the abose bases,

h3 = hl + h2 + (hl hz): (12)



The problemhasnow reducedio oneof estimatingappro-
priatevaluesof , and . Rearrangingequationl0,to
get

a +b +c +d=0; (13)

where,

a = uyfiJ(hy"x[i+ 1)

b = ulilha"x[i+ ]

c = wlil((hs h)Tx[i+ ])
d =  hy'x[i+ I

Therearesimilar equationswith termsof vy [i]. Sincethere
are2N equationdor variousvaluesof i in Equationl3and
threeunknowvns, , and canbecalculatedThenh; can
becomputedrom Equation12.

4.2. Estimation of shift

Equation7 afterrearrangemergives

Uy [K] NEN
—e N
H11 Ux [K] + H12 Vi [K]

(14)

Similar equationcanbe written with Vy [K]. By thetransla-
tion propertyof Fourier Transformst canbeshavn thatthe
inverseFouriertransformof thesequencef termsin Equa-
tion 14 would be animpulseshiftedby . Thelocationof
thisimpulsein the spatialdomainwould indicatethe value
of . [10] givesanothermethodto estimate whenthe
homographys assumedo be projectie.

4.3. Algorithm

The completealgorithmis asfollows:
Input: x[i];y[i] with N pointseachwherel< i N
Output: Homographymatrix H

1: Initialize z[i] = 1, 8i.

2: repeat

3:  Solve for h; andh, using currentvaluesfor y[i],
x[i + Jandz[i];

4.  Solvefor ;

5. Estimateh; usingtheupdatedvaluesof hy, h, and

6: Updatez[i] = h3" x]i];
7: until corvergence.

The homographyestimatedby the algorithm presented
aborewould dependntheinitialization valuesfor the pro-
jective depth. It is found thatinitializing projective depth
z[i] = 18 i provesto be a suitableinitialization. This ef-
fectively amountgto startingwith a weak perspectie pro-
jectionmodel. Thecorvergenceconditionshouldbechosen
carefully Onepossibilityis to chosegheMeanSquareError

(MSE) betweenthe secondsequencandthe sequenceb-
tainedby projecting rst sequencevith thecurrentestimate
ofH,i.e.,
1 X
MSE = & (y[il Hx[i+ N
i
It can be shown that the proposedalgorithm minimizes

MSE in both stepsand hencecorvergesto the correctso-
lution.

5. Resultsand Discussions

The proposedmethodwastestedextensiely in arange
of experiments.Someof the contoursusedfor theseexper
imentsare shawvn in Figure 1. Thesecontourswere cho-
senaftercarefulexamination.The criteriausedin selecting
theseimagesinclude — the numberof points, a rich vari-
ety of curvaturepatternscontoursencounteredh real-life,
compleity etc.

@ (b) (©)

(d) (e) (®
Figure 1. Figure shows various contour s
used in the experiments. The contour s vary

in their shape, curvature properties, number
of points etc.

In the rst experimentwe apply a rangeof groundtruth
homographieandmeasurghe correctnessf theestimated
solution. The generatiorof thesehomographiesanbe ex-
plainedby consideringa virtual camera Assumethata vir-
tualcameras movedaroundascenglane(whichcoincides
with thez = 0 plane).Considerthatcamerds rotatedfrom

60 to +60 eacharoundbothx andy axis, with x ed
radius. Considerthe imageseenby the cameraplacedat
( ; ) anglesaboutx andy axes. Thereis a homography
betweernheimageseemandanimagetakenwhenthe cam-
erais placedat (0; 0). Thishomographyecameoneof the
homographiegonsideredor our experiments.Many such
homographieganbe generatedy changingthe valuesof



( ; ). Theadwantagewith this schemeof generatinga ho-
mographyis thatit coversthe mostrealisticposesatwhich,
actualimagesaregenerallytaken.

We considerl0000suchequallysamplechomographies
and apply them over eachof the contoursshown in Fig-
urel andgenerai new view of the givencontourfor each
contour Thesetwo contoursareusedasinput to our algo-
rithm andwe estimatehe homographyThe algorithmwas
foundto corvergeto thecorrectsolutionin eachcasewithin
very few iterations(typically 3 to 5). There-projectioner-
ror (errorbetweertheactualsecondcontourandthewarped
contourgeneratedyy applyingthe estimatechomography
overtheinitial contour)decreasedery sharplyasshavnin
atypical examplein Figure2. Homographieseyondthis
range(i.e 60 ) show someerrorsin theestimateandsome
examplesof suchcontoursareshown in Figure5. Theim-
agesin this rangeare highly distortedandit is dif cult for
evenahumanto identify thecontours.

500
as0 | |
400 | |
350 |- \
300 |
250 |- ‘.
200 | \
150 |

100+ |

0 5 10 15 20 25
Number of Iterations

Reprojection Error

Figure 2. A typical plot of re-projection 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 demonstrat¢he effectivenesf our algorithmin a vari-
ety of 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 thesaémages.(e) shavstheoverlay
of contour(a) transformedby estimatechomographyover
(b). Figure4 shavs tux examplein greaterdetail. The high
overlapbetweerthe contoursclearly shons the correctness
of our algorithm. This experimentshows thatthe givenal-
gorithm corvergesto the correcthomographyfor a variety
of situations.This makesthe algorithmacceptabldor vari-
ousreal-life situations.

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 shown
above.

cretization,sampling,localizationetc.), symmetryin con-

tour, occlusion,projectivenesof homographyetc. canaf-

fecttheperformancef theproposedlgorithm.We present
theanalysisof proposedalgorithmwith respecto thesepa-

rameters.

We measurethe performanceof our algorithm with
noise. For this we add Gaussiamoisewith standardde-
viation 2 f2;3;:::;8g pixels alongeachcoordinateto

2 5;10; 15, 20g % points. We performthe experiment
on the objectsof Figure1 with the groundtruth homogra-
phiesgeneratedhs before. It was notedthat the success-
ful corvergencedependedn the severity of noiseandalso
on the complexity of contours.Simplercontourstendedto
have goodestimategvenin presencef severenoise. This
maybeattributedto thefactthatsimplercontourspresered
theirinherentstructurebetterthancomplex contoursin the
presencef structuredistortingnoise. Theresultsaretabu-
latedin Table2.

Symmetryin contourintroducesambiguity in the ho-
mographyestimation.Thisis sobecauselifferenthomogra-
phiesmapa view of a symmetricobjectto the sametarget
view becausef the symmetry Henceall homographyes-
timationalgorithmssuffer from suchsymmetricahatureof
thetargetscenelf a contouris symmetricakhe constituent
signalof its x ory componentgi.e. all thex ory coordi-



1)

2)

@ (b)

© () @

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) shows a satellite image of a lake, (2)
shows an outdoor advertisement, (3) shows a part of a name board.

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

natesof the contoursequencéakentogether)might be pe-
riodicin nature.Thisresultsin apoorerperformancef our
algorithmdueto lack of sufcient frequeng components.
However to overcomethis lack of frequeny components

5% | 10% | 15% | 20%
100 | 100 | 100 | 100
100 | 100 | 100 | 100
100 | 100 | 98.7 | 96.3
100 | 99.1 | 98.4 | 94.5
96.3| 955 | 943 | 93.7

OO B[W|IN I

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

we cananalyzethe Fourier representatiof the contours
for the presencef few dominantfrequencieslf suchis the
casethenonecan nd out the time periodof the contours
repeatingpattern.Usingthis informationwe canextractthe
nonrepeatingpartof the contourin thetwo imagesanduse
themto estimatehe homography

In anotherexperimentwe measurghe effect of thenum-



ber of pointsin the contouron the successfutorvergence
of the estimationprocedureor of our algorithm. We con-
siderthe samecontoursasbeforeandsub-sampledhemat
variousintenalstill a minimum of 30 pointsin eachcon-
tour, to generate large numberof testcasesWe generated
10000homographiess before. After estimatingthe ho-
mographyfor eachsub-samplingwe foundthatthemethod
performedeasonablyvell for largernumberof points,with
gradualdegradationn performanceasthenumberof points
decreasesThealgorithmis unsuitablefor situationswhere
thereare only few points (typically < 30) in the contour
In mostapplicationsthe numberof pointsin the contours
is well within this rangefor our algorithmto corvergesuc-
cessfully

In anotherexperiment,we measurehe variationof per
formanceasthe projectivenes®f the appliedhomography
is varied. For thiswe de ne projectvity p asp = jhsj=jH]j.
This measurecaptureghe projectve componentfter nor-
malizing with respecto theaf ne componentsin this ex-
perimentwe usethesamesetupasin rst experimentwhile
recordingthe projectvity for eachhomography We ob-
senedthatwhile the value of projectvity is within anac-
ceptableange( < 0:6), thealgorithmcorvergesto thecor
rectsolution. Howeverwith greatemrojectity, the perfor
manceof ouralgorithmdecreaseslightly. We foundthatin
mostpracticalapplicationghe valueof projectity for ho-
mographiess lower than0.6. For sameprojectvity other
afne approximatiorbasedapproachegive poorerperfor
mancethanour approach.

6. Conclusionand Futur e Work

We have proposeda homographyestimationtechnique
thatusescorrespondencef contours. Our techniquedoes
not needexplicit point-to-point correspondence.In fact
this point-to-point correspondencés obtainedas a by-
productof the homographycomputationprocedure. We
have demonstratedhe applicability of our techniqueto a
variety of realworld problems.Futurework would include
applying Fourier domain basedrepresentatiorior projec-
tive homographyestimationfrom texture regionsandwide
baselinestereo.
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