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Abstract

Man-made ervironments possessnany regularities which canbe e cien tly exploited
for image basedrendering as well as robotic navigation and localization tasks. In
this paper we present an approad for automatic extraction of dominant rectan-
gular structures from a single view and show how they facilitate the recovery of
camerapose,planar structure and matching acrosswidely separatedviews. In the
preseried approac the rectangular hypothesisformation is basedon a higher level
information encaded by the presenceof orthogonal vanishing directions, the dom-
inant rectangular structures can be detected and matched despite the presenceof
multiple repetitiv e structures often encourtered in a variety of buildings. Dierent
stagesof the approac are demonstrated on various examplesof imagesof indoors
and outdoors structured environments.
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1 Intro duction and Related work

Previous approatesto acquisition of 3D models from multiple views di er
in the type of chosengeometric primitiv es, estimation algorithms as well as
level of human interaction. There exist se\eral systemsfor completely auto-
mated recovery of cameramotion and 3D structure of the sceneg[4]. In many
instancesthesegeneralmethods lack robustness,are well conditioned only in
restricted scenariosand rely on successfukolution to feature correspndence,
which becomedi cult whenthe views are widely separated.The techniques
that have enjoyed successn limited domainstypically employ structural in-
formation of the ervironment. Examplesof sud systemsare PhotoModeler [8]
and Facade[9]. Thesesystemswere usedfor building 3D models of architec-
tural environments, which are naturally parameterizedoy cubes,tetrahedrons,
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prisms, arches,surfacesof revolutions and their conbinations, usedpartial hu-
man interaction to instantiate the model primitiv esin respective views and
yielded quality of the models superior to the fully automated methods.

The past attempts to automate the geometric model selectionand match-
ing typically resortedto weaker geometricassumptions,sud as presenceof
linear and planar structures combined with orthogonality and parallelism re-
lationships between them. These weaker modelling assumptionshave been
successfullyincorporated into fully automated system for multi-view recon-
struction [10]. Examplesof stronger more constrainedmodels (e.g. doorways,
di erent window types,facades)and their automatic instantiations have been
explored in automated methods as well [11]. The constrairts of parallelism
and orthogonality between planesand lines were used for reconstruction of
3D models in caseof uncalibrated camera[12] from single view. Partially
calibrated cameraand linearly parameterizedmodels have beenusedfor the
recovery of 3D structure from a singleview [13].

The assumptionsand modelsfor the wide-baselinefeature matching explored
in the past di ered in the type of primitiv esdetectedin individual views, de-
scriptors assaiated with their support regionsand chosensimilarity criteria.
In order to accour for variation in the appearancedueto the changeof view-
point, methods for selectingand matching neighborhoods basedon descriptors
invariant to rotation, a ne transformationsand/or scalehave beenproposed
in [14{17]. Theselocal descriptorswork well whenthe individual feature sup-
port regionshave distinct appearancecharacterizedby either color or texture.
In caseswhere the perspective fore-shorteninge ects becomedominant the
ane modelsare no longer appropriate. The detection and matching of rect-
angular regions has been previously proposedby [18], in the cortext of the
sameproblem and by [19] in the context of texture analysis. The approat
of [18] proceededwith instantiation of the planar hypothesisin a bottom up
manner by linking and grouping detectedline segmets to form initial rect-
angular hypothesis. The rectangular regionsobtained in sudh a manner have
a small extent and henceare more prone to mismatcing in additional views
specially in the presenceof repetitiv e structures.

The work preseried here focuseson the automatic extraction, detection and
matching of rectangular structures detectedin individual views. Rectangular
planar structure is an image of a 3D rectangle.For examplebuilding facades,
windows, bulletin boards can in many instancesbe modelled appropriately
by rectangular planar structures. Given the detected rectangular structures
we will shav how to recover a relative pose of the camerawith respect to
the 3D world in caseof partially calibrated cameraand match the detected
structures acrosswide baselines.The presened approad extendsthe appli-
cability of the automated image basedrendering methods to a larger classof
man-madeenvironments and is alsousefulin the cortext of visual navigation



and localization tasks. The main cortributions of the approad arein: (1) the
structure extraction stage,which exploits higher level information encaded by
the presenceof dominart vanishingdirections and doesnot rely on low-lewvel,
often brittle, seart for geometricstructure. In our casewe can establishthe
notion of dominart rectangular structures which make the processof posere-
covery better conditioned and simplify the matching stage;(2) we outline a
simple method for the cameraposerecovery from single view for the caseof
partially calibrated camera;(3) and demonstrateimprovemerts in the match-
ing stage,which enableus to handle large changesin the viewpoint and slart
of the planar structures and establish matchesin the presenceof large scale
repetitiv e structures.

2 Approac h

Our approad is basedon the obsenation that in man-madeernvironments

the majority of lines is aligned with three principal directions of the world

coordinate frame. The groupsof parallel lines belongingto the samedirection

intersectin the imageat the vanishingpoint. The fact that in man-madeenvi-

ronmerts the setsof parallel lines often comefrom three mutually orthogonal
vanishing direction provides e ective constraints for calibrating the camera
and recovering the relative orientation of the camerawith respectto the scene
[20,21]. Rectangular structure is de ned by four line segmets which come
from two di erent orthogonal line's groups. While thesetypes of structures
are easily detectedby humans, automatic detection of rectangular structures
from imagesis not straightforward. Simple exhaustive grouping of the ini-

tial set of line segmets aligned with three principal directions would yield

a large number of candidatesfor rectangular structures, many of them not

correspnding to the actual planar structures in the world. In the rst part

of this paper we describe an approad for merging, pruning and verifying the

rectangular structure hypothesisin the image.In the secondpart we demon-
strate how to recover the relative poseof the cameraand 3D structure of the
rectangular primitiv esand match them acrosswidely separatedviews.

2.1 Vanishing point estimation

The starting point of our method is an e cien t line detection procedureand
vanishing point estimation. The gradiert orientation is rst quartized into a
set of bins containing pixels with similar gradiert orientations [21], followed
by connectedcomponert analysiswithin ead bin andline tting. The parallel
linesin the world intersectin the image plane in vanishing points. The inter-
sectionpoint canbe nite or in nite, dependingon the relative orierntation of



the camerawith respect to the scene.

Considerthe perspective cameraprojection model, where 3D coordinates of
points X = [X;Y;Z;1]" are related to their image projections x = [x;y; 1]
in the following way

x = KPgX: ()

K 2 SL(3) is the intrinsic cameraparametersmatrix, P = [I3 3;0]2 R® 4
is the projection matrix, g = (R;T) 2 SE(3) is a rigid body transforma-
tion represeted by 4 4 matrix usinghomogeneousoordinatesand is the
unknown scale correspnding to the depth Z of the point X. In the above
equation both x and X are in homogeneousoordinates. Given two image
points X, and X5, the line passingthrough the two endpoints is represeted by
anormal of a plane goingthrough the certer of projection and intersectingthe
imagein aline |, sud that | = x; X, = RiX»'. The vanishingdirection of
two lineswhich are parallel in 3D world then correspndsto the plane normal
whereall theselineslie. Giventwo linesthe commonnormal is determinedby
v=1 Il,= 'Pllz. Hencegiven a set of line segmets belongingto the lines
parallel in 3D, the commonvanishing direction y can be obtained by solving
the linear leastsquaresestimation problemmin, = [, (ITv)2. This correspnds
to min, kAvk?, wherethe rows of matrix A 2 R" 2 are the lines segmets |;
belongingto the samevanishingdirection. Given a set of line segmets shar-
ing the samevanishing direction, the above orthogonal least squaressolution
is applicable regardlessof the camerabeing calibrated. Prior to the vanish-
ing point estimation the detectedline segmets needto be grouped into the
dominant vanishing directions.

Previous techniquesfor line segmen grouping vary in the choice of the ac-
cumulator space,where the peaks correspnd to the dominart clusters of
line segmets; most commonalternativesare the Gaussiansphereand Hough
space[1,3,5,7]. When the camerais calibrated, the image line segmets are
represeted as unit vectors on the Gaussiansphereand se\eral techniques
for both grouping and initialization stage on the Gaussiansphereexist [1{
3]. The main advantage of the Gaussiansphererepresemation is the equal
treatment of all possiblevanishing directions, including thoseat in nit y. The
initialization and grouping are the determining factors of the e ciency of
the previously proposed methods. An approad for simultaneous grouping
and vanishing point estimation using Expectation Maximization algorithm
has beensuggestedoreviously by [1], assumingcalibrated cameraand Gaus-
sian Sphererepresemation. In the absenceof calibration, the peakson the
Gaussiansphereare not well separatedmaking the grouping problem poorly
conditioned. In our previouswork [21], we have demonstratedan e cien t ap-
proad for simultaneousgrouping of lines into dominart vanishing directions
and estimation of vanishing points using expectation maximization algorithm

1 % is a skew symmetric matrix assaiated with x = [x1;X2:x3]".



(EM) in an uncalibrated setting. Namely we have showvn that by applying
arbitrary non-singular normalizing transformation A can be applied to our
measuremets |; and then transforming the result v badk doesnot a ect the
nal estimates.Hencewe can rst transform all the endpoints of linesby A 1,
in order to make the line segmets and vanishingdirections well separatedon
the unit sphereand consequetly similar to the calibrated setting 2. We can
now apply the Expectation Maximization algorithm (EM), which estimates
the coordinates of vanishing points as well as the probabilities of individual
line segmets belongingto particular vanishing directions. The posterior dis-
tribution of the vanishing points given line segmets can be expressedising
Bayesrule in terms of the conditional distribution and prior probability of the
vanishing points
p(li | Vk?p(Vk) @)
p(li)
wherep(l; j vi) is the likelihood of the line segmen belongingto a particular
vanishing direction vy. This posterior probability capturesthe menbership
probability of a line |; belongingto k-th vanishing direction and will be de-
noted by wj . For a particular line segmen, p(l;) can be expressedusing the
conditional mixture model represemation

p(vi j i) =

xn
p(li) = p(vi)p(lij vk) 3)

k=1

The EM algorithm then proceedsn a two stageiterativ e fashion,whereduring
ead iteration, the posterior probabilities p(vk j |;) are computed given the
currently available vanishing points estimates.In the maximization step, the
vanishing points are estimated by minimizing negative log likelihood. This in
caseof Gaussianlikelihood distribution yieldsthe following linear least-squares
estimation problem

X
J(vi) = min wy (ITvi)? = mink(WAv,)k? 4)
Vi Vi

2 In our caseA is given by

2 3
1 o,
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Given an image of size s = [nrows; ncols] the choice of the transformation A is
determined by the size of the image and captures the assumption that the optical
certer is in the center of the image and the aspect ratio k = 1. The focal length in
the pixel units isf = nrows, o, = M3% and oy = %"'S Given the assumptions
about optical certer and aspect ratio, the chosenfocal length f is related to the
actual focal length by a scalefactor.



wherevy is a vanishing point assaiated with k-th vanishing direction, W 2
R" " is a diagonal matrix of weights (membership probabilities) and rows of
A 2 R® " are the detectedline segmets. Figure 2 depicts the iterations of
EM algorithm and shavs an exampleof vanishing point estimation. The line
segmets which are not alignedwith principal directions are classi ed as out-
liers and are discardedfrom the matching process.More detailed description
of the initialization stage,estimation and adjustmert of the number of models
can be found in [21].

2.2 Rectangular structure extraction

As we mertioned above one rectangular structure in 3D world is delimited
by four lines from two principal directions. One approad would be to extend
the existing line segmets and seard for all possiblepairs of lines from two
orthogonal directions. We next descrike the processof re ning the detected
line segmets, and forming and verifying the initial rectangular structure hy-
pothesis.

Line Segment merging. For e cien t and accuraterectangular regionsex-
traction, we warnt to handle only small number of long line segmets. The line
segmets estimatesare rst re ned by conmbining vanishing point information

and original line orientation. Each imageline is modelledas(x.; ) wherex. is
the certroid of the segmehand isits direction. In casethe segmeh belongs
to k-th ( nite) vanishingdirection (k = 1;2; 3), the line orientation is re ned

by weighting  with vanishing point direction de ned by , = atan(dy;dy),

whered = [dy;dy]" = vk  Xc. The newdirection then becomes

new — +(1 ) v ©))

where is the menbership probability of the line belongingto the k-th van-
ishing direction. After this step,the line segmets are more consisten with the
vanishing directions. This enablesus to mergethe shorter line segmets de-
tectedin the rst stage.ln Hough spacea line candidate (Xx.; ) is represeied
by a point (; ), sud that

= XcCOS + Yy Sin : (6)

By transforming the obtained lines to Hough spacewhile keepingthe resolu-
tion of the spacehigh, we chedk whether multiple linesfall in the samecell and
mergethem. The newextendedline candidateis obtainedby 1) computing the
two end points of a new line de ned by maximum and minimum of extremal
points of the incidert lines; 2) the middle point is de ned by new certroid of
two end points; 3) the mean of cortributing line directions is consideredto



be the new line direction. In the secondstage, the resolution of the Hough
spaceis decreasednd only singledominart line segmehn is kept for ead cell.
This step substartially improvesthe line segmers usedfor initial hypothesis
formation and alsoeliminatesdramatically the number of line segmen candi-
dates. Figure 1 shaws the originally detectedlines and re ned lines. We can
seenow the structure information is much more evidert.

Rectangle hyp otheses initialization. Given only small number of ex-
tended line segmets, we exhaustively choosetwo line candidatesfrom eadt
group, and computetheir intersectionpoints. In casethe selectedinesindeed
delineate a rectangular planar patch, there should exist real corners points
within a small neighborhood of the predicted corner position. If all four points
satisfy the requiremen weinitiate arectangularstructure hypothesis.This en-
ablesus to reject hypothesesasthe one depictedin Figure 3.

The imagepatch represeted by the four hypothesiscornersand correspnding
line segmets undergcesan additional veri cation stage.

Hyp othesis veri cation. In this stage,giventhe rectangularstructure hy-

pothesis,we chooseto keepor discardit by chedking whether the whole patch

delimited by four line segmets indeedcomesfrom the sameplane. Recallthat

any planar mapping betweenthe 3D world plane and the image plane can be
characterized by a homograpty H 2 R® 3 which relates the coordinates of

points from two respective planes.Without lossof generality we can assume
that the points in the 3D world plane are speci ed by homogeneousoordi-

nates X = [X;Y; 1] and point coordinatesin the image plane are denoted by

x = [x;y;1]". The relationship betweenthe points is then

X HX (7)

where denotesan equality up to scaleand H is the homograply matrix.
Considerthe coordinate frame assaiated with the plane with oneof the rect-
angle points (e.g. upper left) being the origin and the axis aligned with the
sidesof the rectangle.The coordinatesof four extremal points of a rectangular
structure S expressedn this frame are then

2
OaOa

S= EOObb§ (8)
1111

wherea and b the dimensionsof 3D rectangle.Given at leastfour correspnd-
ing points and knowledgeof S, H can be recoveredlinearly from Equation 7.



Howewer H can be recoveredonly up to scaleand in generala and b are un-
known. For the purposeof hypothesisveri cation we canassumea = b, which
will only introduce a di erent scaling of two principal directions but won't
a ect the veri cation. The recoveredhomograply enablesus to warp the hy-
pothesizedimage patch to a normalized fronto-parallel view. Sincethe choice
of the scalea essetially cortrols the resolution of the warpedimagewe adjust
its value depending on the sizeof the image patch.

The veri cation step is basedon our previous assumptionof the presenceof
dominart orientations usedin the vanishingpoints detection stage.The gradi-
ernt orientation histogram of warped image should also cortain two dominart
horizontal and vertical directions. In caseadditional peaksin the histogram
are detectedthe hypothesisis discarded.Figure 4 showvs two rectangular hy-
pothesesand their corresppnding warped images.We can easily identify the
true one by either of the proposedmethods.

In certain instancescheding only the cornerareasof the warped imageis suf-
cient for veri cation, sincecornersare the most likely areaswherethe planar
hypothesisis violated. By discardingthe certer part, the veri cation becomes
more robust, in scenarioswherefor examplethere is a tree or clutter in front
of the building. Currently we consideronly larger structures in order reduce
the number of initial hypothesesThe detectedstructures canbe alternatively
organizedin hierarchical manner. Figure 5 shows the nal set of the veri ed
rectangular structures. Note that they are naturally divided into two groups,
coming from the composition of vertical directions with two horizontal van-
ishing directions respectively and cover most area of the two facades.In this
case,the intersectionline of the two facadesis well de ned. This information
will be usedlater for merging the individual singlereconstructionsto obtain
consisten relative posebetweenthe views.

Figure 5 depicts the examplesof detected rectangular structures. Some of
the rectanglesin the gure are artifacts of the visualization method, since
they due to intersectionsof more dominart rectangular structures and do not
correspnd to structures detectedfrom and veri ed by images.

3 Camera pose recovery and partial scene reconstruction

In this sectionwe describe a method for recovery of the relative poseof the
camerawith respect to the world plane from single view. This problem is a
variation of techniquesusedpreviously for cameraposerecovery from a single
view [13] and can be solwed very e cien tly. Detailed analysis of the exist-
ing constrairts provided by rectangular structures in multi-view uncalibrated
setting can be found in [22].



Recallthe imagecoordinate x is relatedto its 3D courterpart X via projection
equation (1). In casesu cient number of 3D coordinates is available, the
ertire projection matrix = KPg2 R® # canberecoveredand factoredinto
intrinsic and extrinsic parametersof the camera.For uncalibrated camera,its
intrinsic calibration matrix K and its simpli ed form K; have following form

2 3 2 3

f Oy f 0O
K=§0kfoé Kf=§0f0§

001 001

wheref isthe focal length of the camerain pixel units, k is the aspect ratio,

is skewfactor and[oy; 0,]" is the principal point of the camera.We assumezero
imageskew = 0, the aspect ratio is k = 1 and principal point [oc; 0,]" lies
in the certer of image (or is known) and the calibration matrix thus assumes
simpleform of K above. The basicprojection equationcanbesimpli ed in the
special case,when the partially calibrated camerais viewing a planar scene.
Without lossof generality we assumethat 3D planar points X = [X;Y;0;1]
lie on the plane which goesthough the origin in the world frame and has a
normal vector = [0;0;1]". In sud casewe have

2 3
where [; I; 1 arethe rows on the projection matrix . Sincethe third

coordinate of X is zeroandthe intrinsic parametermatrix is K¢, the projection
equationscan be written explicitly in the following form

32 3 2 3

2
frllfrlzftx X X
gfr21fr22fty§§Y§:H§Y§: (10)
1

1

2 3

(9)

wH N P4
R o < X

H 2 R® 3 heregivesan explicit form of homograply betweenthe world plane
and image planein caseonly the focal length f of the camerais unknown. In
order to estimate the homograply we needto know at least four correspn-
dencedetweenthe world and the imageplane. Note that despitethe fact that
we do not know the actual world coordinatesof the points X, assumingthat we
are viewing a rectangular structure, we can parameterizethe unknown shape
S in the following way. The four corner points of the rectangular structure S



are 2 3

00 b b
S=§Obb o? (11)

111 1

wherebis the height of the rectanglein 3D world and is ratio betweenthe
height and width of the rectangular structure. Factoring S into scalingmatrix
and the structure part

2 32
b0O 0011
s=sss:§0bo%§ouo§ (12)
001 1111

Substituting it into equation (10) we obtain
X=HS Sq: (13)

DenoteH = HS which hasthe following form
2 3 2

bfrqiy bfrqo fty h11 hi2 hig
H = g bfr21 bfrzz ftyg = ghzj_ h22 h23§:
brs; brs; t, hs1 h3p hss

Note that H is the homograply betweenthe rectangular structure and a
unit square,which is well de ned by the four cornerpoints. Now we arein the
position that giventhe structural information S the unknown homograply H
can be recovered up to scaleasH = H from the constraint (13). In case
the homograply estimation is poorly conditioned, we choose an alternative
dominant rectangular structure from the detectedset for the purposeof pose
recovery. Due to the special structure of H it is now possibleto recover
the unknown cameraposeas well as dimensionsof the rectangular structure.
Note now that the columnsof the rotation matrix canbe expressedn terms of
the homograply matrix and unknown scales.Exploiting the constrairts that
the columnsof the rotation matrix have to be orthogonal (r]r, = 0) and of
unit norm (kr.k = krok = 1), we can solwe for unknown scaling factors by
expressingthese constraints in terms of ertries of the homograply matrix.
From the orthogonality constraint we obtain

+ h31h32 =0 (14)

111 hythip+ hahy,
727E f2
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From the above equationwe can estimatef in the following way

s
_hythio + hathy
r= h31h3; (15)

Note that the recoveredf’ is independert of b. Dividing the rst two rows of
H by f* we obtain

2 3
brll br]_z Iy
H 0= br21 br22 ty = [hO, ho, hg] (16)

bra; brs, t,

Imposing the unit norm constrairt on the rotation matrix columnsthe un-
. . . 0

known ratio of dimensionscan be calculatedas * = %&{ whereh{; h9 are the

2

columnvectorsof H® Denoting ,= b= khgk asa scalefactor and eliminat-
ing the unknown scales , and , the unknown cameraposecan be extracted
from the above equation as

2 3
M1 ra2
g=8ro;rap

31 a2

—
<

(17)
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The nal column of the rotation matrix can be obtainedasr; = r; r».. So
nally we recover the focal length and the completecamerapose(R; T) aswell
asthe dimensionsof the rectangleup to universalscale.Note the recovered T
is inversely proportional to true rectangledimensionb, becausewe are using
a unit squareinstead of true dimensionto compute the homograply.

Sensitivity and Degeneacy

In the generalcon guration the recovery of poseand structure dimensionsis
well conditioned. Although the orthogonality constraints for the recovery of
the focal length hasbeenusedpreviously in the past [20], there were instanti-
ated in terms of estimated vanishing point coordinates as opposedto homog-
raphy ertries. In practical experimerts we have found our method to yield
more reliable estimates.Sinceit is di cult to comparethe two approadieson
a equalfooting we demonstratethe sensitivity of our estimatesas a function
of errorsin image coordinates on seeral simulations with the synthetic data.
Assumingfocal length f = 1000,the length ratio = 2 and the sizeof rect-
angular structure wassetto 220 400, which wasa typical sizeof the largest
rectangular structure detected in our experimerts. The four corner coordi-
nateswereperturbed by Gaussiannoiseswith di erent . Figure 13 shawvsthe
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median of estimated error obtained from 1000trials. Note that for = 2 the
median error of estimated length ratio is around 0.06 and the relative error
is only 0:06=2 = 3%. The e ect of the size of rectangular structure and the
relative orientation of the cameraon the nal estimatesof focal length and
length ratio parametersis in Figure 14. Note that reducing the size of the
structure a ects the nal estimatesnoticably.

There are two degeneratecon guration of the above method. When there is
no rotation R = |, hy;, hyp, hs; and hs, are all 0 and no unique solution for
the focal length can be obtained. The length ratio  can still be computedas
%. Second,whenthe rotation axis coincideswith horizortal (Ry) or vertical
coordinate axis (Ry), hs; or hs, are equalto 0 and the focal length and the
length ratio cannot be recovered.

Partial reconstruction of facade

The two rectangular structures belongingto di erent dominant planesenable
us to recover their dimensionsand cameraposewith regardto the reference
framesthey de ne, say (R); T)) and (R,; T;), up to "di eren t* universalscales.
We can reconcilethis by assigningthe sameorigin to the two frames. Any
point in the intersection line between of the two planes can be used, with
the end corner point they share being the most cornveniert one. The most
upper vertex of the building is chosenin Figure 5. The relative scaleis then
= .Trf and scaleT, can then be adjusted accordingly to T,, becausethe
two translations should be the same. The two recovered rotations shaw the
perpendicularrelationship betweentwo facadeswith only 3° error. To visualize
the result, we still usethe world coordinate frame de ned by two facadeswith
the cameraposeexpressedn this frameasg®= (RT; R'T). Figure 6 shows
the recovered structure and posebasedon two facadesrecoveredin Figure 5.

Additional examplesof the structure detection results are in Figure 7 and
Figure 8 applied to indoors ernvironmer.

Given the detectedrectangular structures in two views we now demonstrate
how to establishtheir correspndenceand useit for the recovery of the relative
cameraposebetweenthe views.

4 Matc hing rectangular structures

Similarly asin the veri cation stagewe warp the rectangular structures de-
tected in individual views into canonicalfronto-parallel view. The matching
usesboth pictorial and geometricinformation and proceedsin three stages:
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(1) comparisonof ratios of rectangle sizes;(2) normalized crosscorrelation
of normalized warped views; (3) consistencycoplanarity chedk basedon ho-
mography betweenthe two views. We next describe thesethree steps. Since
we already have the sizeratio = § of the height and the width of ead
rectangular structure, in order for two structuresto match, they must in ideal
casehave the samesizeratio . In practice, we allow for a small variance of

. In casethe structure to be matched hasratio ;, candidateswith  be-
tween[i—;(1+err) ] will passthe pre-selectionerr is setto be 20%in
our experimerts. In the secondstagethe remaining candidatesare compared
basedon pictorial cues.Given the normalized warped views of rectangular
structures, we simply choose Normalized Cross Correlation (NCC) measure
to assedhe similarity betweenthe structures. The correspnding pair is kept
if their correlation scoreis larger than somespeci ed threshold t,... After
thesetwo stagesthere are still remaining ambiguities, due to the repetitive
nature of the rectangular structures in man-madeervironmerts; i.e. for one
candidatein the rst view, there still may be se\eral structuresin the second
view matching both geometrically and pictorially. As the top of Figure 9 il-
lustrates, multiple structures passboth the geometricand the pictorial test.
Note that in the secondview (Figure 9 top-left), there are valid matcheson
the left sideof the building, demonstratingthat the selectedmatching criteria
and our structure detection method can handle very large distortion.

Theseremaining ambiguousmatchesare resoled by using a geometricconsis-
tency criterion. The basicassumptionbehind this criterion is the fact that the

dominant rectangular structures detectedin the individual views comefrom

the same3-D plane. In sud case,we can exploit the two view relationship
betweenmatched structures characterizedby a homograpty matrix H which

relatescoordinates of two setsof planar points betweentwo views;x, HXj.

Hence,the two view homograply can be estimatedby selectinga pair of rect-

angular structuresin respective views. For the remaining structure candidates
it canbethen veri ed whetherthey are consiste with the detectedhomogra-
phy, by looking at the residual error betweenwarped and actual corner points

coordinates _

Xy Hxij< (18)
where x} are coordinates of i-th rectangular structure in the rst view and
x) are coordinates of j -th rectangular structure in the secondview. Within
sometolerancecharacterizedby value , two structures which are not exactly
in the same 3D plane can be matched, as long as the distance of the plane
from the cameracoordinate systemdi ers by a small amourt. This process
of estimation of the dominarnt homograply is carried out in spirit similar to
RANSAC. First a pair of correspnding structuresis picked randomly and it's
support is computed.In the nal stagethe homograply with the largestsup-
port is chosen.The nal estimateis then obtained using all correspndences
which comply with the homograply. This processenablesus to eliminate the
remaining mismatdhesand establisha small number of correspnding rectan-
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gular structuresin two views. Giventhe estimatedhomograply H the relative
displacemen betweenthe views can be obtained by standard decompsition
of H into motion (R;T) 2 SE(3) and structure parameters.Once the cor-
respondencebetweenrectangular structures has beenestablishedthe relative
displacemen can be alternatively computed from the two absolute displace-
merts betweenthe cameraand planar structure. Figure 11 shows structure
extraction results of two views of a library and their matching results. The
motion estimatesobtained from the homograply decompsition are: the rota-
tion axis! = [0:984080:15094 0:093846] and rotation angle = 12, and
translation is T = [ 0:0808450:34867 0:36336], where x-axis is aligned
with the vertical direction.

Additional examplesof matched structures and recovered relative pose are
shown in Figure 12. Note that eventhough our matching algorithm usesmore
global information captured by dominarnt rectangular structures, occlusions
causedby treesdoesnot a ect the matching results. In the examplein Fig-
ure 12 the actual cameraposeswerein reality far apart, but the focal length
in the right view was much larger, yielding almost the sameapparert size of
the building.

5 Summary and discussion

In this paper we described an approad for extraction and matching of domi-
nant rectangularstructures. The approah wasmotivated by our previouswork
on vanishing points detection and usedthe assumptionthat the majority of
detected line segmets comesfrom principal vanishing directions assaiated
with the world coordinate frame. We have alsodemonstrateda simple method
for the recovery of planar structure and cameraposefrom a singleview in the
absenceof focal length. This enabledus to dewelop a three stagewide base-
line matching strategy, which utilized both pictorial and geometriccues.We
have demonstratedsuccessfuinatching and relative poserecovery from widely
separatedviewsin the presenceof multiple repetitiv e structures.

We are currertly exploring applicability of the proposedmethod in the con-
text of robotic visual navigation and image basedrendering. The preserted
approad demonstrates,that the use of descriptorswith a larger spatial ex-
tent, which utilize higherlevel structural constrairts, simpli es certain di cult
matching tasks. We are currertly investigating alternative choicesof match-
ing primitiv es and represemations of their spatial relationships which would
enablethe applicability of both geometricand appearancebasedmatching in
the cortext of wide-baselingposeand structure recovery aswell asrecognition
tasks.
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Fig. 1. Initial line segmers (left) and re ned line segmerts (right).
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Fig. 2. Iterations of the EM algorithm, detectedvanishing points (vertical vanishing
point not shown here) and lines belongingto di erent vanishing directions.

Fig. 3. An examplewherethe intersection of extendedlinesis outside the rectangular
structure.
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Fig. 4. Hypothesis rectanglesand their corresponding warped images, the left is
invalid hypothesis and the right one is correct. Veri cation basedon corner areas

only, is demonstrated on the warped image patch in the certer.
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Fig. 5. Rectangle structure extraction result and two initialized building facades.

Fig. 6. Frontal view (left) and top view (right) of recovered structures and camera
posebasedon the two initiated facadesof a building in Figure 5.
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Fig. 7. Rectanglestructure recoveredfor another building, crossesnark the corners
of structures which failed the veri cation stage.
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Fig. 8. Rectangle structures detectedin indoor environment.
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Fig. 9. Structure in rst view have multiple matchespictorially (top). The repeated
pattern causesmismatch (bottom).
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Fig. 10. Library image pair: structure detectedin the rst view (upper left); struc-
ture detected in the secondview (upper right); successfullymatched structures

(bottom).

Fig. 11. Poserecovery results for the library image pair.

Fig. 12. Matching and relative poserecovery result for California Hall.
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Focal Length Estimation Length Ratio Estimation
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Fig. 13. Sensitivity of the focal length (left) and length ratio (right) estimatesasa
function of errors in image coordinates.
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Fig. 14. Sensitivity of the focal length and length ratio estimates as a function of
relative rotation (Ry) with respectto the plane and sizeof the rectangular structure.
The error in image coordinates wassetto = 2.
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