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Abstract

Theobjective of this paperis to estimatetheorientationof a sceneplanefrom anuncal-
ibratedperspective imageundertheassumptionthatthesceneis coatedwith a homoge-
neous(but unknown) texture.Wemake thefollowing novel contributions:first, weshow
that theproblemis equivalentto estimatingthevanishingline of theplane;second,we
show thatestimatingthetwo degreesof freedomof this line canbedecomposedinto two
searcheseachfor oneparameter;third, we give analgorithmfor this estimationwhich
is applicableto both regular andirregular textures. The algorithmsdo not requirethat
texelsareidentifiedexplicitly. But oncetheplanevanishingline hasbeenobtained,then
texelslocationscanbedetermined,andthegeometryof thesceneplanecomputedup to
anaffine transformation.Wegive examplesof thesecomputationson realimages.

1 Intr oduction
In orderto recoversceneorientationfrom texturedeformationin animageit is necessaryto
makeassumptions,bothonthecamera(e.g.calibrated,orthographic)andonthenatureof the
texture (e.g.known, regular, homogeneous,isotropic). In this paperwe analyzeoneof the
mostbasicassumptions– homogeneity, for thecaseof a texturedplanarsurfacein a single,
uncalibrated,perspectiveimage.Theobjective is to removetheperspectivedeformationand
estimatetheorientationof thesceneplane.

Thehomogeneityassumptionallowsonly projective, notaffine,propertiesof theimaged
surfaceto be determined.In particular, for a planarsurfaceonly its vanishingline canbe
determined.This is becausehomogeneityis preservedunderaffine transformations(unlike
isotropicity or compression[1]). For examplea regular squaregrid is transformedby an
affine mappingto a grid of parallelogramsall with the sameshapeandarea,andconstant
density, i.e. to anotherhomogeneousgrid.

In termsof the imagingconditionsperspective effectsarenecessary, otherwisethe ho-
mogeneityassumptioncontributesno informationon thevanishingline. If aplaneis viewed
by an affine camera(e.g.scaledorthographyor weakperspective) thenthe imagedtexture
is homogeneoussincethereis anaffine transformationbetweentheworld andimageplanes,
andthereis no relevanttexturedeformationthatmaybeusedto estimatethevanishingline.

Oncethevanishingline of a planehasbeencomputedthetexturecanbeaffine rectified.
This affine rectificationis very useful in many practicalsituations.For example: in single
view metrologyfor measuringdistancesof pointsfrom planes[4]; in obtainingtexturemaps
from imagesfor graphicalmodels[8]; in enablinga probabilisticanalysisof slantedtex-
tures[11, 12]; andfor texture synthesisalgorithmswhich cannot be appliedto projective
textures[5].

In contrastthetextureassumptionof isotropy (usedby e.g.[2, 17]) allowstheplaneto be
metricrectifiedsuchthatafronto-parallelview maybegenerated.However, thisassumption
is valid for fewer realworld textures,andwedo not investigateit furtherhere.

In thispaperthehomogeneityassumptionis “revisited” in thelight of two developments
sincethework of [7, 11] a decadeago: (i) theprojective geometryof uncalibratedimages;
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Figure1: Projective distortion: (a) A camera(with centre
�

) imagesa world plane � parallelto the � -axis.
The planevanishingline � is parallel to the image � -axis. (b) The scenelines ��� arethe intersectionof � with
planesparallelto theimageplane,andareimagedat ��� . Thesetsof lines 	
�������	������ , image� -axis,camera� -axis
andvanishingline areparallel.Theprojective deformationalongeachimageline ��� is constant(seetext).

(ii) the useof the full texturedeformation[10], not just the areadeformationof [11]. The
result is a new methodof estimatingplaneorientationwhich doesnot requiretexels to be
identifiedasa first step– aproblemthathasplaguedmany previousapproaches.

2 Textureconstraints on the vanishing line
In thissectionwedescribethebasicgeometryof texturedeformationandtheinducedwithin
imagemapping.Theshaperecoveryalgorithm,describedin detail in section3, is basedon
theseresults.

2.1 Constraints on the dir ection of the vanishing line

Thekey idealies in thefollowing observation:

Result 1 In a perspectiveimage of a plane, pointson a line parallel to the vanishingline
havethesameperspectivedistortion.

We first give a simplegeometricproof. Supposethe sceneplane � is parallel to the
camera� -axis(fig. 1a)(this assumptionis only to aid visualization).Thevanishingline of
theplaneis thenparallelto theimage � -axis. Considera setof fronto-parallelsceneplanes
(i.e.planesparallelto theimageplaneof thecamera,fig. 1b). Eachof theseplanesintersects
the plane � in a line parallel to the imageplane. Consequentlythe perspective distortion
alongthe imageof this intersectionline is thesame(becausepointson theworld line have
thesamedepth). Eachof theseimagelines is alsoparallelto the image � -axisandthusto
thevanishingline.

From fig. 1 it is evident thaton the retinal arraythe directionof the imagegradientof
perspective distortion is perpendicularto the vanishingline. However, a generalcalibra-
tion matrix (e.g.a non-unitaspectratio) appliesanaffine transformationto theimage.This
transformationpreservesparallelism,but notorthogonality. Thusin ageneralimagethegra-
dientsof perspectivedistortionareparallelto eachother, but theirdirectionis notnecessarily
orthogonalto thevanishingline. Thusanimportantspecializationof result1 is

Result 2 in the caseof an image which has the correct aspectratio (and has not been
skewed)thegradientof perspectiveeffects(correspondingto gradientin depth)is perpen-
dicular to thevanishingline.

Thegeometricresultsof this sectioncaptureGibson’sobservation[6] that“ texture gra-
dientof thegroundis orthogonalto thehorizonon theretinalimage”(seefig.2).

We now sketcha moreformal proof for thecaseof imagedareas.In particularwe show
thatthecontour(lines)of imagedareadeformationareparallel to thevanishingline.
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Figure2: The dir ection of the gradient of imagedarea is orthogonal to the plane vanishing line: (a) The
(synthetic)perspective imageof a regular squaregrid with vanishingline ��������� ���������� ���� �"!$# . The gradient
vectorof thedistribution of theareasof the imagedquadrilateralsis orthogonalto thevanishingline. (b) The2D
surfaceshows theareaof the imagedquadrilateralsasa functionof imageposition. Thegradientof thesurfaceis
zeroin thedirectionparallelto thevanishingline.

Proof. Considera perspective imageof a sceneplane.Pointson thesceneandimageplane
arerelatedby ahomographymatrix % , suchthateachworld point & mapsto apoint ' in the
imageas ')(*%+& . Similarly linesaremappedas ,-(*%/.1032 . Sincewe areonly interestedin
projectivepropertiesof theimagethematrix % maybechosen,without lossof generality, as465 78:9 ; ;; 9 ;<$=><@?A<�B CD

(1)

where,E(GF�H$IKJ
HMLNJ"HMO�P 0 is thevanishingline. This transformationmapstheline at infinity of
thesceneplane F$QRJ
QRJTS�P 0 to , .

If aworld region U undergoesarigid translationonthesceneplane,its imageUWV under-
goesa morecomplicatedtransformationon the imageplane– its shapechangesaccording
to imageposition. In particularthe areaof the imagedregion XZY\[ is a functionof its im-
ageposition ' andthe world-to-imagehomography% : X]Y^[_(a`3Fb'cJ"%dJ
XZYeP . At a point ' ,XZY\[](fXZYhg idg , where g i/g is theJacobianof 'j(k%l& at ' . It canbeshown that if the third
coordinatesof both ' and , are1 then g i/gm(kg %-g�F$,1nT'EP�. O (oF$,-np'EP�. O .

Dif ferentiatingthe Jacobiangives the areagradient q/r�sr�t Jur�srTv�w 0 which is parallel toF$H$IxJ"HML�P 0 . Thusthelevel setconsistsof thelines F�H$IKJ"HMLmJ"ylP 0 whichareparallelto thevanish-
ing line F�H$IKJ
HMLNJ"HMO�P 0 . z

The lengthof the gradientvector, unlike its direction,is a function of the imagepoint
position.In particularthenormof thegradientis greaterfor pointsfartherfrom thevanishing
line.

2.2 Geometrygiven the vanishing line

A first resultthatwe will useis that

Result 3 if , is identifiedin theimage thenthesceneplanemaybeaffinerectifiedusingthe
transformation(1).

Thesignificanceof this resultis thatthisdegreeof rectificationis all thatis requiredin order
to assesshomogeneityon the(back-projected)sceneplane.



To this point we have consideredthe homographybetweenthesceneandimageplane.
We now turn to thehomographybetweenthe imageanditself. If a pattern(e.g.a texel) re-
peatsonasceneplaneby atranslationthentheimagedpatternis relatedby atransformation
which is conjugateto theworld translation.This transformationis againa homographyand
is known asanelation[14, 15].

Elation. An elationisaplane-to-planeprojectivetransformationwhichcanbeparametrized
as {|(G}�~����E� 0 , where� is a fixedpoint correspondingto thetranslationdirection; � is a
line of fixedpoints,and � is ascalarrelatedto themagnitudeof thetranslation.Thepoint �
is constrainedto lie on theline � ( �|n
�W(*Q ). An elationhasfour dof: two for theline � , one
for the direction � andonefor the ratio � . The full transformationcanbe computedfrom
thecorrespondence'-�d(*{l' of two pairsof points.In thiscasetheline of fixedpointsis the
vanishingline of theplane , , sothat {�(o}�~�����,�0 .

Supposefor themomentthat , is known, thenthetwo remainingdegreesof freedomof
the elationmay be computedfrom a singlepoint correspondence.In the caseof a regular
texturethen,given , , onecorrespondencebetweentwo texelsdeterminesthetransformation
betweenall texelsrelatedby repetitionin thesamedirection.

3 Computing the vanishing line
Thissectiondescribesourapproachto estimatingthevanishingline , of theimagedtextured
plane.

Themethodis dividedinto two mainsteps:(i) estimatingthedirectionof thevanishing
line,and(ii) estimatingits position.Thesestepsstemfrom result1. In thefirst stepwesearch
for thedirectionof a setof parallellinesin theimagesuchthat theperspectivedistortionis
thesamealongeachline (thoughdiffersbetweenthelines). This determinesoneof thetwo
degreesof freedomof the vanishingline. The secondstepthendeterminesthe remaining
degreeof freedom.Thusby employing result1 we decomposethetwo-dimensionalsearch
for , into two one-dimensionalsearches.We will considerthe caseof a texture which is
approximatelyregularly repeating.

3.1 Step1: estimating the dir ection of the vanishing line

We requirea self-similaritymeasure on theimage.Thenwe candeterminethedirectionof
minimumperspectivedistortionby findingthedirectionin whichtheself-similaritymeasure
is a maximum.

Theproblemis thusreducedto oneof measuringauto-correlation,andherewe employ
normalizedauto-correlationfor thesimilarity measure(NAC).Note,thatNAC is invariantto
anaffinetransformationof theintensities�h�����/~�� . Thismeansthatthemeasureis largely
invariantto slowly varyingillumination acrosstheplane,where“slow” is in comparisonto
theregionsizeusedfor theNAC.

Figure3 shows an exampleof a perspectively distortedhomogeneoustexture and the
NAC surfaceobtainedby correlatinga selectedimagepatchwith theentireimage.This is a
syntheticimagegeneratedby projectivelydistortingafronto-parallelimageof arealtextured
fabric.Theregionof theNAC surfacesurroundingtheselectedtestpatchis morecorrugated
– higherandsharperpeaks,deepervalleys – thanin otherareas.The region orientationis
horizontalin thiscasebecausethevanishingline is horizontal.

To quantitatively measurethis effect we usethevarianceof theNAC values.Therefore,
the direction of the vanishingline can simply be estimatedby detectingthe direction of
thebandfor whichmaximumvarianceof theNAC valuesoccurs.This is aone-dimensional
searchproblem.Therobustnessof thealgorithmis increasedby repeatingthissearchseveral
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Figure3: Peaksand valleys in the NAC surface: (a) A perspective imageof planefabric. Thevanishingline
is horizontal. The imagedtexels have approximatelyequalareaparallel to the vanishingline. Note – do not be
distractedby the actualtexture grid createdby the fibresof the cloth but concentrateon the direction in which
the texels maintainthe samesize. (b) Squarepatches( � = $� ? $� B , marked in white) of differentsizeshave been
selectedin theimage.(c) TheNAC surfacerelatedto oneof theselectedpatches( � =

). Noticethehorizontalregion
wherepeaksandvalleys of theNAC surfacearesharper(sharperlight anddarkblobs). Two cross-sectionsof the
NAC surfacearealsoplotted: cross-section1 is taken alonga line parallelto thedirectionof minimumdistortion
(horizontalin thiscase)throughtheselectedpatch,� =

; cross-section2 is takenalonga line parallelto thedirection
of maximumdistortion (vertical in this case)through � =

. The curve correspondingto cross-section1 is quite
corrugated;it hasagreatvarianceof NAC values,alongthewholeline. Cross-section2, instead,has“flatter” tails.
Thepeakin themiddle,correspondingto thestrip centredon theselectedpatch,is ignored.

timesfor differentpatchespositionsandareas,andmakinga robustestimatefrom thesetof
computeddirections(e.g. by usingthe medianof directions,cf. fig. 4a). The algorithmis
describedin table1.

Theone-dimensionalsearchin point (b) of thealgorithmin table1 maybeimplemented
in differentways.Sincewe wish to find theglobalmaximumof thevarianceof NAC values
asa function of the orientationof the strip, attentionmustbe paid to avoid local maxima
(fig. 4a).

3.2 Step2: estimating the position of the vanishing line

In thissectionwedescribethesecondstepof thealgorithmto computethecompletevanish-
ing line. It is, again,a 1D-searchalgorithm.

1. Repeat

(a) Selecta randomimagepatch(randomcentre� andrandomareaof thesquarecorrelationwindow� ) andcomputetherelatedNAC surface;

(b) 1D searchfor thedirection � correspondingto themaximumvalueof varianceof NAC valuesinside
astrip of fixedwidth, centredon � andwith direction � :� computean initial valuefor � (e.g.by maximizingNAC varianceinsidestrip over a setof

anglesuniformly sampledin therange[ �p� , � ���p� ]; cf. fig. 4a);� refine � by non-linearmaximizationof theNAC variance(e.g.Levenberg-Marquardt).

2. Therequireddirectioncorrespondsto themedianof thesetof computedangles� .

Table1: Algorithm 1, estimating the dir ection of the vanishing line
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Figure4: (a) Variance of NAC valuesfor rotating strips centred on different test points. Eachof thethree
curvesshows the behaviour of the varianceof the NAC valuescomputedinsidea strip of fixedsizecentredon a
testpoint for directionsvarying from �p� to � ���p� . ThethreeNAC surfaceshave beencomputedfor threedifferent
patchesselectedon the imagein fig. 3a (horizontalvanishingline). The threesurfacescorrespondto the three
patchesmarkedin fig. 3b. Theglobalmaximumof eachof thethreecurvesis closeto � � (groundtruth).
(b) Variance of PNAC valuesover entire imagefor translating vanishing line. Eachof thethreecurvesshows
thebehaviour of thevarianceof thevaluesof thewholePNAC surfacefor avanishingline with fixedorientationand
distancevaryingfrom ��� to �c� . ThethreePNAC surfaceshave beencomputedfor threedifferentpatches.The
vertical line in thediagramshows thedistancecorrespondingto thegroundtruth vanishingline. This representthe
situationof maximumhomogeneityof theaffine warpedimage.Theglobalmaximumof eachof thethreecurves
is closeto thegroundtruthposition.In both(a)and(b) thecurvesalsoshow local maximaandminima.

1ω

x2

E

v
x1 ω2

vanishing line

l

Figure5: Computing sizeand shapeof correlation windows fr om elations: Given an imagepoint � =
, its

correlationwindow � =
andtheplanevanishingline � , thecorrelationwindow � ? for thepoint � ? is computedfrom

the elation � of axis � andrelating � = with � ? . The vertex of the elationis the point ������� =^� � ? ! � � and� ����� � � =�� � ? � � ¡K� � �M�x¢ � = !£��� � � ? ! � � .
Having computedthedirectionof line , theonly parameterthatremainsto beestimated

is its position(saythe distanceof , from the centreof the image). We will build on result
3, i.e. thatif thevanishingline is identifiedthentheback-projectedtexturecanbecomputed
and its homogeneityassessed.The idea then is that if the planeis correctly rectified the
texture is homogeneousin all directions,not just parallel to the vanishingline. Actually
all computationsare carriedout in the image,to avoid samplingproblemsandhaving to
tessellateto infinity on thesceneplane.

We first describea new, improvedmeasureof similarity betweenany two imagepatch-
es,which accountsfor perspective distortion,andthenshow how to useit to computethe
positionof thevanishingline.

A newsimilarity function: projectivecorrelation. Supposewewish to measurethesim-
ilarity betweentwo pointsonthesceneplanespecifiedby imagepoints ' I , ' L andanimage
correlationwindow ¤ I about ' I . If the vanishingline , is known an elationbetweenthe
two pointsis completelyconstrainedandthereforethesizeandshapeof thecorresponding
correlationwindow ¤3L about'EL maybecomputed(fig. 5).

Oncethe window ¤�L is computedeachpoint inside it can be warpedby the inverse
elation {/. I andthenew imagepatchcomparedwith theoriginal ( ¤¥I ) by applyingtheusual
normalizedcross-correlation(this is possiblebecausenow the two patcheshave the same
shapeandsize).This simplemapprovidestherequiredinvarianceto perspectivedistortion.
We have effectively defineda more powerful measureof similarity betweentwo patches
which is invariantto perspectivedistortion.Thenew similarity functionis termedProjective
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Figure6: Computing the vanishing line, the PNAC surface,rectifying the imageand extracting texels,Ex.
I: (a)Thevanishingline of theimageof theplanefabricof fig. 3ahasbeencomputedby ouralgorithm(in sect.3.1
and3.2) to be: �l�¦����� ��§ � � ��¨R©T���� ����ªp«T �"! # . Thegroundtruth is: �u�¦����¬��� �����"�"! # . Thetwo ellipsesshow
theslight differencebetweencomputedandtrueorientationsof theplane.(b) Once � is known thePNAC imageis
computedfor fig. 3awith respectto aselectedtestregion. Thepeaksof thePNAC surfacearenow distributed,sharp
anddistinctover theentireimage,no longeronly insidea limited region (compareit with NAC imagein fig. 3c).
(c) Computedtexel positions.Almost all the texelshave beendetectedcorrectlyin the imageby thresholdingthe
PNAC surfaceandgroupingtogetherthepointsobtained.(d) Affine rectificationof theimagein fig. 3ais obtained
directly from theknowledgeof � (result3). Noticethatthis is affinewarpingandthereforeanglesarenotpreserved
but parallelismof linesis. Thegoodnessof theestimateof thevanishingline canalsobeassessedby thedegreeof
parallelismof thefibresin therectifiedimage.

NAC (PNAC).
Note: this mapalsoprovidesa solutionto the scaleselectionproblemidentifiedby [9,

13] (i.e. the computationof the correctsizeof neighbourhoodsof imagepointssuchthat
thedatainsidetheneighbourhoodarerepresentative of the texturecharacteristics),andthe
featuredetectionproblemidentifiedby [16] (i.e. in orderto detectreliableimagefeaturesit
is necessaryto computea setof filters of differentsizesfor eachimageregion). In thecase
of vanishingline at infinity thenPNAC coincideswith NAC.

Assessinga vanishing line. Thescoringfunction is basedon thedeformationeffect that
thecurrentvanishingline wouldhaveon theimagedtexels.Thescoreemployedin thiscase
is thevarianceof thevaluesof thewholePNAC surfacerelatedto a selectedtestvanishing
line (cf. fig. 4b). Thishasbeenfoundto beaneffectivemethodof measuringthehomogeneity
of thecorrectedimagewithout explicitly correctingit.

Table2 describesthealgorithmfor computingtheremainingparameterof thevanishing
line. Thealgorithmis analogousto thatof table1, exceptthattheone-dimensionalsearchis
performedona distanceparameterratherthananangle.

3.3 Guided matching and texelsextraction

Onceanestimateof thevanishingline hasbeenobtainedarobustguidedmatchingalgorithm
canbeperformedandthetexelsdetectedover theentireimage.

Given a selectedimageregion and the estimatedvanishingline we can computethe
PNAC correlationsurfaceof theselectedpatchwith everyotherpoint in theimage(asearlier
we computedthe NAC surface,seefig. 6b). Sincethe similarity measurebetweenimage
regionsis nolongeraffectedby perspectivedistortionsbut dependsonly ontheworld regions
asimplethresholdingandgroupingalgorithmonthePNAC surfaceis sufficient to detectthe
locationof theimagetexels(fig. 6c).

MLE estimation of the vanishing line. Oncethe texel positionshave beendetectedin
theprojective image,then,by applyingthehomogeneityassumptionaccordingto [11] (i.e.



1. Repeat

(a) Selecta randompatch( �®b� ) in theimage.

(b) 1D searchof thesecondd.o.f. of thevanishingline (e.g.its signeddistancē from thecentreof the
image;its orientationis fixed,computedasin table1):� computeaninitial valuefor ¯ (e.g.by maximizingvarianceof entirePNAC surfaceoveraset

of distanceslogarithmicallysampledin therange[ ��� , �c� ]; cf. fig. 4b);� refine ¯ by non-linear maximization of the varianceof the whole PNAC surface (e.g.
Levenberg-Marquardt).

2. Therequiredvanishingline is theonecorrespondingto themedianof thesetof computeddistances̄ .

Table2: Algorithm 2, estimating the secondd.o.f. of the vanishing line

homogeneity= constantnumberof texels per unit area)it is possibleto computea ML
Estimateof theplanevanishingline , basedon texelspositionsonly.

Thestatisticaltheorydevelopedin [11] is herereinterpretedin termsof projectivegeom-
etry; ratherthancomputingslantandtilt of aplanewecomputeits MLE vanishingline. It is
straightforwardto provethatin thisprojectiveframework thelog-likelihoodfunctionof [11]
becomes°�±m²�³6F$,$P¥(G´�µe°�±¶²dF�X]·cP-´�¸^¹*ºV�»�I °�±m²¼g ,dn�' V g whereµ is thenumberof texelsin an
imageareaX]V ; thecorrespondingworld areais X · and 'EV arethelocationsof eachtexel in
theareaX6V . Settingthederivativesof the log-likelihoodfunctionto zeroyields (consistent
with [11]) theresultthattheMLE of theplanevanishingline is obtainedwhenthecentroid
of theback-projectedareaX · coincideswith thecentreof massof theback-projectedpoints&½V .
4 Examples
In thissectionwegiveresultsfor: (i) thecomputedvanishingline , ; (ii) theplaneorientation;
(iii) the affine rectified image;and(iv) the detectedtexels locations;on a setof example
images.Theplaneorientationis computedas ¾¿(fÀ+0c, (where À is the internalcalibration
matrix,and ¾ is theplanenormal)andsorequiresanestimateof À . However, theotherthree
resultsdonot requirecalibration.

The imagein fig. 7a hasbeenobtainedby applyinga known purely projective homo-
graphicwarpingto a fronto-parallelimagefrom thesetof texturesin theVisTex database1

(theprocedureusedfor fig. 3a). This procedureprovidesa groundtruth valuefor the van-
ishing line to which the computedvanishingline is compared.In figure7b the orientation
ellipseshave beencomputedfrom thevanishingline by assuminga simplecameracalibra-
tion; i.e. the principal point at the centreof the imageandnull skew. Figure7d hasbeen
obtainedby applyingour rectificationalgorithmto fig. 7a. Noticein therectifiedimagethe
patternelementshave aboutthe samearea(ratiosof areasareaffine invariant). The accu-
racy of the algorithmis demonstratedby the closenessof the computedandgroundtruth
orientationellipses.

Figure8 showstheresultsof thealgorithmappliedto amuchlessregularplanartexture.
Theimagein fig. 8ahasbeenobtainedby warpinga frontoparallelimage(asin fig. 3a)(the
original imageis takenfrom asetof Brodatz[3] textures2). Thealgorithmaccuratelyrecov-
erstheorientationof theplaneandperformstherectificationdespitetheweakregularitiesof
theoriginalpattern.

Exactlythesameautomaticalgorithmworkswell alsofor verygeometrictexturepatterns
like thefloor in fig. 9. In this imagethe“groundtruth” vanishingline hasbeencomputedby

1http://www-white.media.mit.edu/vismod/imagery/VisionTexture/vistex.html
2http://www.ux.his.no/˜tranden/brodatz.html
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Figure 7: Detecting texels and rectifying projective images, Ex. II: (a) A perspective image of a tex-
tured planarsurface. The true vanishingline is ���Á����� ������ �E��� ����� Â�"�"!$# . The computedvanishingline is�]�Á����� ��������
�E��� ����� �
�"! # . (b) Computedand groundtruth orientations. (c) The detectedtexels positions
(marked in black)usingthecomputedvanishingline. (d) Image(a) affine rectified. In the rectifiedimageangles
arenotpreservedbut areasare,in factthebasicelementsof thecloth patternall have aboutthesamearea.
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Figure8: Detecting texelsand rectifying projective images,Ex. III: Detailsasin fig. 7. The true vanishing
line is �¶������� �����p«�Â�Ã����� ����� ª��"�"!�# andthecomputedvanishingline is �m�Ä����� ������������Å��� ����� ª���ª�§pÃ�
�"!$# .

manuallydefiningandintersectingtwo setsof imagesof parallelworld lines[8]. Thesehave
beendefinedby joining up setsof correspondingpointsin thetiles acrosstheimage.

Our algorithmis capableof automaticallycomputinga very goodestimateof the true
vanishingline; this is demonstratedby comparisonof the groundtruth andcomputedori-
entationellipses(fig. 9b) andthegoodparallelismof the tile patternin the rectifiedimage
(fig. 9d).

If the assumptionof homogeneityis not valid then the algorithm may fail alreadyat
its first step,the orientationof the vanishingline. A typical situationwherethe algorithm
wouldshow problemsis in dealingwith animageof abrick wall interruptedby windowsand
doors.Theassumptionof texturehomogeneityis violatedin thelargeby theinterruptionsin
thebrick pattern,anda robustanalysisis required.

5 Conclusionand futur e work
A particularstrengthof the methodsthat we have developedis that, unlike previous algo-
rithms[11, 12], it is notnecessaryto explicitly identify texelsasthefirst step.Thealgorithm
hasbeendemonstratedfor caseswheretexelsaredefined,andalsofor textures,suchasfig-
ure8, which aremorestochastic.Even thoughthe computationof the vanishingline does
not needexplicit detectionof texels, oncethe vanishingline hasbeencomputeda robust
guided-matchingalgorithmbasedonplanarprojectivetransformationsmaybeperformedto
extractthetexelslocations.

We have setup a framework wheredifferentcostfunctionscanbe slottedin, andhave
investigatedonesuchcost– the varianceof the PNAC surface. It now remainsto develop
costswhich arebettertunedto stochastictextures. Onesuchpossibility is to sampleand
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Figure 9: Automatic rectification of slanted textured floors, Ex. IV: (a) Original real imageof a slanted,
horizontal tiled floor. Its groundtruth vanishingline is �Z�Á����¬��� ���p«�«T
�"! # . Notice the strongillumination
gradientin this image.It is crucial thatthesimilarity measuresusedin thealgorithmareinvariantto this gradient.
(b) Thecomputedvanishingline is �m���@��� ������ª�§K£��� ����Ã��"�"! # . Thecomputedorientationof thefloor is compared
to thegroundtruth. (c) Thedetectedtexels;thelocationsof thewhite tileshasbeendetectedevenin thedarkregion
at thetop. (d) Affine rectificationof (a)by usingthecomputedvanishingline. Theparallelismof thetile patternis
recovered.Noticethestrongblurring effect on thetop tilesdueto perspective reductionin imagedsize.

synthesizein the mannerof [5], which is a non-parametricmethodthat doesnot require
learninga texturepdf. A costfunctionmay thenbebasedon predictionerror betweenthe
synthesizedandmeasuredtexture.

Anotherextensionis to useotherattributesin theMLE. At presentonly thepositionof
thetexelsis used,but with thePNAC costfunctionotherattributesshouldbeincluded,such
ascorrelationstrength.
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