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Chapter 1Introdu
tionThe human eye, 
onne
ted with the human mind, is the base tool thatallows us to per
eive and interpret the world surrounding us. Our eyes letus not only simply see obje
ts� we 
an re
ognize forms, follow movements,estimate distan
es and velo
ities. The 
omputer vision is the dis
ipline,whi
h tries to apply those 
apabilities to 
omputers. This allows to improveand 
omplete our vision and, on the other hand, to eliminate the need ofhuman intera
tion in 
ertain appli
ations.The number and importan
e of appli
ations of 
omputer vision in to-day's world is di�
ult to underestimate. Surveillan
e, roboti
s, assistan
ein surgi
al operations and CAD/CAM systems are only some in the widerange of dis
iplines whi
h are developed mostly thanks to progress in 
om-puter vision. The reasons for applying 
omputer vision are numerous: its�exibility, ability of fast treatment of large amounts of data and, above all,the possibility to express information in a 
lear and intuitive way.One bran
h of 
omputer vision deals with the extra
tion of threedimen-sional information from images. The ability of interpretation of 3D data isne
essary in some kinds of appli
ations. Consider for example roboti
s, theproblem of obsta
le avoidan
e, or appli
ations for 3D model visualisation.In this work we are interested in using 
omputer vision to 
onstru
t three-dimensional models of s
enes. Re
onstru
tion of geometri
 models allows usto observe s
enes from di�erent points of view. Texture information, whi
h
an be extra
ted from images, permits to obtain photorealisti
al renderingsof models. 2



There are many solutions to the problem of 3D re
onstru
tion. Oneapproa
h is a re
onstru
tion of the 3D model with the use of several imagesof the s
ene. But we are not always able to obtain two or more images of thes
ene. Let us 
onsider for example images 
oming from paintings, ar
hiveset
.On the other hand some spe
ial, additional information about the s
ene
an provide strong 
onstraints on the 
amera parameters and positions of themodel points in the 3D spa
e. Espe
ially useful are geometri
al dependen-
ies, like parallelism, perpendi
ularity, in
iden
e of lines or points and lines.S
enes, whi
h provide data of this type, are for example urban or indoors
enes.The aim of this proje
t is to re
onstru
t the 3D model of the s
ene havingin disposition only one image. Ne
essary steps to do so are 
amera 
alibra-tion and extra
tion of the 3D textured information. We will be interestedmainly by images of indoor and outdoor ar
hite
tural s
enes. It is easy toobserve, that su
h s
enes usually 
ontain some 
ommon elements, like dif-ferent types of 
ubes, triangle prisms, solids built of sets of parallelogramset
. In this work we will study the di�erent amounts of information providedby proje
tions of su
h primitives in the image and exploit them for 
amera
alibration and re
onstru
tion of the 3D model of the s
ene.1.1 State of the artThe problems of 
amera 
alibration and 3D re
onstru
tion have beenstudied for a long time. Proposed approa
hes make use, in general, of twoor more images, either 
alibrated or not, whi
h lead to either Eu
lidean or aproje
tive re
onstru
tion. They are explained for example in Faugeras book[Fau93℄.During the last years few approa
hes to the problem of Eu
lidean re-
onstru
tion from a single image where introdu
ed. Usually the 
amera is
alibrated by exploitation of 
onstraints given by vanishing points of spa
edire
tions. To the problem of 3D re
onstru
tion few di�erent solutions aregiven whi
h are des
ribed below.B.Caprile et V.Torre [CT90℄ propose a method of 
amera 
alibrationbased on vanishing points. The proje
tions of two parallel lines in the s
eneare two lines in the image. Their interse
tion gives the vanishing point of the3



dire
tion. The position of this point is 
onstrained by the intrinsi
 parametersof the 
amera. This fa
t allows to 
onstru
t equations useful for 
amera
alibration. In this approa
h the 
onstraints 
ome from the vanishing pointsof perpendi
ular dire
tions. The problem in su
h approa
hes is the frequentlybad numeri
al 
onditioning in the vanishing point 
omputation.Edmond Boyer and Roberto Cipolla [CB98℄ propose a method for re
on-stru
tion of urban environments based on iterative 
amera 
alibration. Noinformation a priori about the 
amera parameters is needed. Calibration isbased also on vanishing points. This approa
h is based on a linear 
riterionwhi
h optimises a three dimensional dire
tion, the dual of a vanishing pointin the 3D spa
e. To de�ne paralelism and perpendi
ularity, 
uboids are used.Experiments show, that estimating a spa
e dire
tion is more robust to noiseperturbations than estimating an image point. This method 
an 
alibrateseveral images. The re
onstru
tion is provided with the use of few 
alibratedimages.Fabien Vignon and Edmond Boyer [Vig99℄ propose a method of modellingof urban s
enes based on few images. Their method of 
amera 
alibrationis based on 
onstraints for 
amera parameters provided by the images of
uboids. The 
onstraints are extra
ted from the proje
tion matrix in a�nesystem 
oordinates atta
hed to the 
uboid. This method of 
alibration ap-plied to parallelepipeds is used in this work. The re
onstru
tion is based on
orresponding points in few images.Peter Sturm and Stephen Maybank [SM99b℄ present a general algorithmfor plane-based 
alibration, that 
an deal with arbitrary numbers of viewsand 
alibration planes. The algorithm 
an simultaneously 
alibrate di�erentviews from a 
amera with variable intrinsi
 parameters. For some 
ases theydes
ribe the singularities. Experimental results exhibit the singularities andreveal a good performan
e in non-singular 
onditions. Also the propositionof re
onstru
tion based on the knowledge of the metri
 stru
ture of planes ispresented.The same authors in [SM99a℄ propose a method for intera
tive 3D re
on-stru
tion of pie
ewise planar obje
ts from a single image. For 
amera 
ali-bration the method explained in [CT90℄ is used. The re
onstru
tion is basedon user-provided 
oplanarity, perpendi
ularity and parallelism 
onstraints.Known intrinsi
 parameters of the 
amera allow �nding proje
tion rays ofpoints. The vanishing line of planes give information about their normalve
tors. Unknown are the distan
es of points and planes from the proje
tion4




enter. This information, up to s
ale fa
tor, is obtained by minimizationof the sum of squared distan
es between planes and points. Subsequently,planes with unknown vanishing lines are re
onstru
ted in an iterative man-ner.A.Criminisi, I.Reid and A. Zisserman [CRZ99℄ des
ribe a method of mea-surements of distan
es in the 3D s
ene based on known vanishing line of areferen
e plane and the vanishing point of the dire
tion perpendi
ular to thereferen
e plane. A new algebrai
 representation is developed for measuringdistan
es between planes parallel to the referen
e plane, 
omputing area andlength ratios on planes parallel to the referen
e plane, determining the 
am-era position. The disadvantage of their sequential re
onstru
tion method isthe fa
t, that errors are not spread uniformly in the model.An approa
h for 
amera 
alibration based on Parameterised CuboidStru
ture is presented in [CSC99℄ . This method uses a referen
e paral-lelepiped in the image to 
alibrate the 
amera and 
reate the 
oordinatesystem allowing inserting virtual obje
ts into the s
ene. Some studies on
onstraints given by known parallelepiped parameters are provided. The
amera 
alibration is made with the quite strong assumption that the aspe
tratio of the 
amera is known.1.2 Our approa
hThe aim of this work is to provide methods for 3D s
ene re
onstru
tionbased on a single image. We want to extra
t information of two di�erenttypes: geometri
al information (position of points, lines, planes) and pho-tometri
 (texture of surfa
es). We are interested mostly in indoor and out-door ar
hite
tural s
enes. They usually 
ontain geometri
al regularities thatprovide 
onstraints useful for 
amera 
alibration and 3D re
onstru
tion. Ex-amples are the perpendi
ularity, parallelism of lines and planes and variousforms of in
iden
e between planes, lines and points. Our spe
ial interest wasto make exhaustive studies of the 
onstraints provided by primitives, whi
happear very often in ar
hite
tural s
enes: parallelepipeds and parallelograms.The use of prede�ned primitives whi
h are 
ommon in s
enes of interest al-lows to minimize the work of a user, who introdu
es the data, while enabling
onsistant and a

urate 3D re
onstru
tions.The proposition for 
amera 
alibration is a logi
al 
ontinuation of the5



work of Fabien Vignon and Edmond Boyer [Vig99℄. To avoid the use ofvanishing points for 
amera 
alibration, a method based on 
onstraints pro-vided by the proje
tion matrix from the a�ne 3D spa
e generated by 
uboidstru
ture to the 2D image spa
e is used. In the beginning we studied variouskinds of 
onstraints for 
amera intrinsi
 parameters provided by proje
tionsof 
orners of referen
e parallelepipeds. We wanted to represent the paral-lelepiped in a general way, allowing the optimal exploitation of ea
h of itsknown parameters. Some work in this area were done in [CSC99℄, but thestudy was not exhaustive. Our solution allows to derive one additional 
on-straint from every known parameter. Solving quadrati
 equations system 
ando it. The 
amera 
alibration tool we developped exploits all the informa-tion provided by referen
e parallelepipeds whi
h leads to 
onstraints of lineartype. It gives the possibility of 
ombining the 
onstraints provided by theproje
tions of several referen
e parallelepipeds. It gives also the possibility ofusing 
amera parameters known a priori. For example the assumption thatthe prin
ipal point is situated in the 
enter of the image is very reasonable ingeneral. Also sometimes we know or we 
an make an assumption 
on
erningthe aspe
t ratio of the 
amera.As se
ond step we evaluated a method of re
onstru
tion of the 3D 
oor-dinates of points belonging to a 
onnex set of parallelograms. With known
amera intrinsi
 parameters we are able to re
onstru
t the proje
tion rays ofpoints. To �nd the depths of those points we evaluated a method introdu
edin [CSC99℄ of �nding the relative depths of verti
es of parallelograms. Wewanted to re
onstru
t many s
ene points simultaneously to avoid the in
reas-ing error in the 3D model, whi
h often o

urs in sequential approa
hes.1.3 Overview of this reportIn the se
ond 
hapter we give some de�nitions of proje
tive geometry,
amera modelling and 
alibration, and 3D re
onstru
tion. In the third 
hap-ter we introdu
e the parameterisation of parallelepipeds and present 
on-straints on 
amera intrinsi
 parameters provided by known parameters ofreferen
e parallelepipeds. We also show experimental results of tests of ap-pli
ation based on the presented ideas. In the fourth 
hapter we presentan algorithm for 3D re
onstru
tion based on sets of 
onnex parallelograms,a way of obtaining the 
orre
t texture and re
onstru
tion results for real6



s
enes. In the �fth 
hapter we present our 
on
lusions and perspe
tives offuture developments of the proje
t.
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Chapter 2Theoreti
al ba
kgroundIn this 
hapter we present the theoreti
al ba
kground of this work. At thebeginning of this 
hapter we give notations ne
essary to read this report. Af-ter this we introdu
e basi
 de�nitions 
on
erning proje
tive geometry. Nextwe brie�y des
ribe the prin
iples of 
amera modelling and 
alibration. Thenwe explain the 
on
ept of 3D re
onstru
tion and des
ribe the di�eren
e be-tween the proje
tive, a�ne and Eu
lidean re
onstru
tion. At the end, webrie�y present the idea of data normalization, introdu
ed in 
omputer visionby Hartley, whi
h 
an be used for numeri
al stabilization of algorithms.2.1 NotationBold letters represents 
olumn ve
tors. We do not distinguish betweena point and its algebrai
al representation. To represent points in 3D spa
ewe use 
apital letters, to represent points in 2D spa
e we use lower 
ase.Corresponding points in the 3D s
ene and 2D image are represented by thesame letter, e.g. Q represents the point in 3D spa
e and q represents itsproje
tion in the image. The null ve
tor of the spa
e of n dimensions will berepresented as 0n.To note matri
es we use 
apital letters. The identity matrix of dimensionn�n is represented by In.S
alars, in parti
ular elements of ve
tors, are in lower 
ase, for examplewe 
an write Q = (q1; q2; q3)T.The ve
tor and dot produ
ts of two ve
tors are represented, respe
tively,8



by ^ and �.The real spa
e is represented by Rn. The proje
tive spa
e of dimension nis represented by Pn. The proje
tive equality up to a s
alar fa
tor is denotedas �.2.2 A few notions of proje
tive geometry2.2.1 Homogeneous 
oordinatesThe basi
 mathemati
al framework of our work is proje
tive geometry.The n-dimensional proje
tive spa
e is denoted Pn. Points in Pn are rep-resented by ve
tors with n + 1 
oordinates. They are 
alled homogeneous
oordinates and are de�ned up to a s
alar fa
tor:[x1; :::; xn+1℄T � [x10 ; :::; xn+10℄T (2.1)if, and only if, 9� 6= 0 su
h that[x1; :::; xn+1℄T = �[x10; :::; xn+10 ℄T (2.2)Linear transformations of a proje
tive spa
e are 
alled homographies or 
ol-ineations.2.2.2 Point at in�nityThe 
orresponden
e between point 
oordinates in Pn and in Rn is de-s
ribed as 0BB�x1x2x3x41CCA! 0�x1x4x2x4x3x41A (2.3)This transformation is not possible when x4 = 0. This might be explainedby the fa
t that the proje
tive spa
e 
onsists of the usual a�ne spa
e andthe plane x4 = 0, whi
h is 
alled the plane at in�nity.To ilustrate the 
on
ept of points at in�nity 
onsider a proje
tive line.It 
an be represented as set of points of equation:9



0BB�x1x2x311CCA+��d0 � � 0BB�x1�x2�x3�1�1CCA+�d0� ����!�!inf �d0� (2.4)Equation(??) implies, that all proje
tive lines in dire
tion d interse
t atplane at in�nity in the same point [dT; 0℄ (�g. ??).
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Figure 2.1: The interse
tion of parallel lines is a point at in�nity.2.2.3 The Absolute Coni
The aim of this se
tion is to introdu
e the 
on
ept of absolute 
oni
,whi
h is useful for 
amera 
alibration. At the beginning we give brief de�-nitions of 
oni
s and quadri
s in proje
tive spa
e, whi
h will allow to de�nedi�eren
es between proje
tive, a�ne and eu
lidean transformations of theproje
tive spa
e. This will allow us to show the importan
e of properties ofthe image of the absolute 
oni
.A 
oni
 in P2 is de�ned as the 
urve on the proje
tive plane 
onsistingof points [x1; x2; x3℄T that satisfy a quadrati
 equation:3Xi;j=1 aijxixj = 0 (2.5)A quadri
 of the P3 spa
e is de�ned as the surfa
e 
onsisting of points10



[x1; x2; x3; x4℄Tthat satisfy an equation of the type:4Xi;j=1 aijxixj = 0 (2.6)The transformations of the proje
tive spa
e, whi
h preserve the plane atin�nity are 
alled the a�ne transformations. An important property is thefa
t that they preserve parallelism of lines and ratios of distan
es on parallellines.Let us de�ne the spe
ial 
oni
, 
onsisting of points [x1; x2; x3; x4℄T with:3Xi=1 x2i = x4 = 0 (2.7)This 
oni
 is 
alled the absolute 
oni
. It 
onsists of 
omplex points atin�nity. The transformations of the proje
tive spa
e, whi
h preserve theabsolute 
oni
 are 
alled the eu
lidean transformations.The eu
lidean transformations preserve angles and ratios of lengths ofobje
ts. In other words, they 
an always be de
omposed into rotation, trans-lation and a global s
aling. Thus the image of the absolute 
oni
 does notdepend on the position and orientation of the 
amera in spa
e. It dependsonly on the intrinsi
 parameters of the 
amera. That is why the 
on
ept ofthe absolute 
oni
 is basi
 for 
amera 
alibration.2.3 Camera modellingIn this se
tion we des
ribe some basi
 
on
epts for 
amera modelling. Atthe beginning we des
ribe the 
amera model used in this work. In the se
ondpart we brie�y present the transformations that are applied to points in 3Dspa
e to obtain their proje
tions in the image.The 
amera model we use is the pinhole model. It is shown on the �gure??. The pinhole 
amera model of the 
amera is based on the proje
tive trans-formation of the 3D spa
e to the plane 
alled the image plane. The proje
tion
enter C is also 
alled the opti
al 
enter. The distan
e between the opti
 
en-ter and image plane is 
alled the fo
al distan
e. The image x of the point X11
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Figure 2.2: The pinhole 
amera model.in spa
e is the interse
tion of the line XC and the image plane. This lineis 
alled the proje
tion ray. The opti
 axis is the line passing through theproje
tion 
enter and that is perpendi
ular to the image plane. Its interse
-tion with the image plane is 
alled the prin
ipal point. The fo
al plane is theplane 
ontaining the proje
tion 
enter and parallel to the image plane. It iseasy to observe, that proje
tions of points in the fo
al plane are points atin�nity of the image plane.For the mathemati
al des
ription of the pinhole model, we 
onsider nor-mally four di�erent 
oordinates systems: a s
ene system, a 
amera system,a system in the image plane and a system related to the pixel geometry ofthe image plane. The relation between those systems is shown on the �gure??: The transformation between the point 
oordinates in the 3D s
ene and
oordinates of its proje
tion in the image is 
omposed of the following trans-formations: 0�wuwvw 1A= irC r
S 
sT 0BB� xyzt = 11CCA (2.8)T is the transformation from the s
ene 
oordinate frame to the 
amera 
oor-dinate fram. It is a eu
lidean transformation, so it 
an be de
omposed intoa rotation R and a translation t. S represents the perspe
tive proje
tion of12
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Figure 2.3: The pinhole 
amera model 
oordinate systems.points in the 
oordinates system 
onne
ted with the 
amera to the retinalplane. C is the a�ne transformation from the 
oordinate system 
onne
tedwith the image plane to the system 
onne
ted with pixels. The 
ompositionof those transformations is usually represented by a proje
tion matrix P3�4.As the result we have: x � P3�4X (2.9)Matrix Pis de�ned up the s
ale fa
tor, so it has 3 � 4 � 1 = 11 degrees offreedom.The proje
tion matrix may be de
omposed as follows in order to exhibitphysi
al properties of the 
amera:P � K( R j t) (2.10)Where R3x3 is the rotation matrix (an orthogonal matrix) and t a "translationve
tor" of size 3. The R and t have six degrees of freedom and they are
alled extrinsi
 parameters of the 
amera. They represent the orientationand position of the 
amera with respe
t to the 3D s
ene. The matrix K isthe upper triangular and has thus �ve degrees of freedom(it is de�ned upto s
ale). They 
orrespond to the intrinsi
 parameters of the 
amera. On
ethe intrinsi
 parameters of the 
amera are known, we say that 
amera is
alibrated.The matrix K of intrinsi
 parameters of the 
amera 
an be represented13



as follows: K = 0��f s u00 f v00 0 11A :Its elements have the following meanings:(u0; v0) - the position of the prin
ipal points in the image� - the aspe
t ratio i.e. the ratio between horizontal and verti
al dimensions of a pixels - the skew parameter whi
h depends on the angle between axes. As normally pixels are re
tangular, in the rest of this work we will 
onsider s=0.f - the fo
al distan
e multiplied by height of a pixel in units of a retinal frame.2.4 Camera 
alibrationAs we mentioned at the end of the previous se
tion, by 
alibration of the
amera we understand the extra
tion of its intrinsi
 parameters.There are two main approa
hes to the problem of the 
amera 
alibration:� If we know positions of points in spa
e� su
h as points on a 
alibrationpattern�we 
an 
alibrate the 
amera using 
oordinates of their proje
-tions in one or more images.Equation (??) gives us two 
onstraints onthe elements of the proje
tion matrix for every known 
orresponden
ebetween a 3D point and its image. That implies that if we know posi-tions in the eu
lidean spa
e of at least �ve points and one dire
tion, we
an obtain the proje
tion matrix. Then, using the fa
t, that K is uppertriangular and R is orthogonal, we 
an extra
t the intrinsi
 parametersof the 
amera by Cholesky de
omposition.� Other methods of 
amera 
alibration use 
onstraints provided by knowngeometri
al dependen
ies, like perpendi
ularity and parallelism of di-re
tions in the s
ene. There exist several approa
hes to this problem,but they lead usually to similar 
onstraints on the intrinsi
 parameters,i.e. to equations based on the image of the absolute 
oni
. Its link to
alibration and metri
 s
ene stru
ture was des
ribed in se
tion ??.To demonstrate this type of 
onstraints brie�y des
ribe the method of
amera 
alibration based on vanishing points as introdu
ed in [CT90℄.The vanishing point of a dire
tion is the image of the point of interse
-tion of the parallel lines in the spa
e, whi
h is a point on the plane at14



in�nity. It is shown on the �gure ??.
d

d

d

d

projection
center

vanishing
point

Figure 2.4: The vanishing point.The main idea of the algorithm is based on the fa
t, that the s
alarprodu
t of two perpendi
ular dire
tions is equal to 0. Let us take twoideal points, i.e. points at in�nity, [V1; 0℄T and [V2; 0℄T. From theproje
tions equations vi � KVi we obtain the 
orresponden
eVi � K�1vi (2.11)Considering this and the fa
t that V1T �V2 = 0 we have:v1K�TK�1v2=0 (2.12)where the K�T is the transposition of invertion of K. The matrixK�TK�1 is the image of the absolute 
oni
.Equation(??) implies that every pair of vanishing points of perpen-di
ular dire
tions gives one 
onstraint on intrinsi
 parameters of the
amera.This shows the utility for 
alibration of images of 
uboids. One 
uboidin general position (??) brings three 
onstraints on the intrinsi
 param-eters. In many pra
ti
al situations some a priori information on theintrinsi
 parameters is given; so the 
onstraints provided by a 
uboidare usually su�
ient to 
alibrate the 
amera.2.5 3D Re
onstru
tionBy the re
onstru
tion of the 3D model of the s
ene we understand ex-tra
tion of obje
t positions in spa
e. Depending on data at hand, we 
an15



vanishing point

vanishing point

vanishing point

cuboid

Projection centerFigure 2.5: Vanishing points implied by the 
uboid.obtain di�erent types of re
onstru
tion. Usually we are interested in re
on-stru
tion, whi
h preserve the angles and at least ratios of lengths. This kindof re
onstru
tion is not possible if we do not have the 
amera 
alibrated.2.5.1 3D Proje
tive re
onstru
tionIn the 
ase of the un
alibrated 
amera we are only able to obtain a so-
alled proje
tive re
onstru
tion. It brings some 3-dimensional information,allowing for example to re
ognize the type of the obje
t(see �gure ??). It wasshown by Faugeras in [Fau92℄ and Hartley in [HGC92℄ that it is possible toobtain the proje
tive 
alibration of a set of 
ameras without any additionalinformation about the s
ene stru
ture.2.5.2 3D A�ne and eu
lidean re
onstru
tionBy a�ne re
onstru
tion we understand a re
onstru
tion, whi
h preservesthe parallelism and the lengths ratios on parallel dire
tions. To obtain thistype of re
onstru
tion we have to �nd the transformation from the proje
tivespa
e to the a�ne spa
e. To �nd this transformation we have to identify theplane at in�nity. Three points in general positions belonging to the planede�ne it. They 
an be obtained by use of the vanishing points (�g. ??) ofthree pairs of parallel lines. It was shown that using this 
on
ept it is quiteeasy to obtain the a�ne re
onstru
tion.In order to obtain the most interesting, eu
lidean re
onstru
tion or metri
16



(a) The eu
lideanmodel (up to thes
ale ve
tor). (b) The proje
tive model.Coplanarity and general formare preserved.Figure 2.6: Two threedimensional models of the house.re
onstru
tion, we have to extra
t the intrinsi
 parameters of the 
amera.For this, some additional information has to be given. One useful 
onstraintis the 
onstraint of perpendi
ularity ([CT90℄,[CB98℄). Known angles, someknowledge about distan
e ratios, 
an also bring useful 
onstraints, as shownin 
hapter ??The eu
lidean re
onstru
tion, without any metri
 information about thes
ene, 
an be obtained only up to a s
alar fa
tor. This is satisfa
tory in mostof appli
ations. But it is su�
ient to know a single length to �x the s
alarfa
tor and obtain an exa
t 3D re
onstru
tion of the s
ene.2.6 Data normalisationOne problem that we fa
e almost every time when we apply ideas toreal systems is the bad 
onditioning of the data. Let us 
onsider imagepoints, whi
h are the base of our 
omputations. They are usually of the typex=[u; v; 1℄T, where u; v are of the order 102; 103. The type of 
onstraints thatare usually used (des
ribed in ??) implies, that often some 
oe�
ients are17



of the order between 1 and 106. The other thing is that if pixels are not
entered, their 
oordinates are of very di�erent orders.This might 
auses abad 
onditioning of equation system and lead to very unstable solutions.R. Hartley in [Har95℄ proposed a normalization pro
edure for points su
has to obtain 
oordinates x0=[u0; v0; 1℄T, where u0; v0 are of the order of 1. It isobtained by a 
hange of the image 
oordinate system in a way that guaranteesthat all points of interest are lying in the unit 
ir
le. The �rst step is thetranslation of the 
enter of the 
oordinate system to the gravity 
enter of theset of points. The se
ond step is a s
aling of 
oordinates to obtain lengthsof ve
tors x0i � 1.This idea is illustrated by �g.??.
1

100

Figure 2.7: The Hartley normalisation.Su
h transformations improve the 
onditionning and lead to better re-sults and more robust alghorithms [Har95℄.
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Chapter 3Camera 
alibration usingparallelepipedsIn this 
hapter we would like to introdu
e a 
alibration method based onparallelepipeds.We espe
ially are interested in urban s
enes. The base primitive existingin man�made environments is the 
uboid (Fig. ??).

Figure 3.1: Example of 
uboid de�nition for 
amera 
alibrationThe utility of 
uboid stru
tures in de�ning urban s
ene stru
ture is obvi-ous. But it is also 
lear, that we 
an not de�ne the entire s
ene only by meansof 
uboids. On the other side the invention of ar
hite
ts is usually limited19



by 
onstraints of spa
e and fa
ility of 
onstru
tion, whi
h leads to using ofthe stru
ture more interesting than 
uboid, but still quite easy to 
onstru
t-the parallelepiped stru
ture. We 
an see the examples of su
h buildings onFigures ??, ??.

(a) Torres Kio, Madrid. (b) Two towers leantowards ea
h other atan angle of 15o.Figure 3.2: Example of parallelepiped stru
ture in urbane s
ene.The se
ond reason speaking for applying parallelepipeds is the fa
t, thatthey extend the 
lass of obje
t whi
h 
an be used for 
alibration, so we 
anobtain more 
onstraints. In the presen
e of the noisy data it 
an numeri-
ally stabilize results. The Figure ?? shows how we 
an de�ne additionalparallelepiped stru
ture, whi
h is not expli
itly shown on the image.Our method exploits the 
onstraints on intrinsi
 parameters provided byimages of verti
es of parallelepipeds in the image and known parameters ofthe parallelepipeds. In order to express those 
onstraints, we had to 
hoosea parameterization of the parallelepipeds. This is des
ribed in the �rst partof the 
hapter. Then we show our method for 
omputing an intermediateproje
tion matrix from the a�ne 
oordinate system related to parallelepipedstru
ture. Next we present 
onstraints on the 
amera intrinsi
 parametersprovided by 
olumns of this intermediate matrix. Then we des
ribe ourway of using the prior knowledge on intrinsi
 parameters and dis
uss whi
hparameters 
an be 
alibrated in degenerated 
ases. Finally, we des
ribe ourprogramming approa
h and results of test.20



(a) John Han
o
k Tower,Boston. (b) The shape of theJohn Han
o
k tower isrhomboid.Figure 3.3: Example of parallelepiped stru
ture in urbane s
ene.3.1 Parallelepiped parameterizationOur method of 
amera 
alibration is based on mat
hes between proje
-tions of the parallelepiped's 
orners in the image and their 
oordinates in thea�ne spa
e related to the primitive.Let us de�ne:� �1 = \XY; �2 = \YZ; �3 = \ZX �angles between the edges of paral-lelepiped.� �1; �2; �3 �lengths of edgesTo de�ne 
onstraints on the intrinsi
 parameters, we introdu
ed the param-eterization of parallelepiped shown in Figure ??.The basis 
hange from a�ne to eu
lidean spa
e 
an be des
ribed as:EX=�4 AX (3.1)
21



(a) The 
ube used for 
ali-bration. (b) An additional paral-lelepiped stru
ture.Figure 3.4: The use of parallelepipeds for additional 
onstraints.where �4 is the matrix of 
hange of the base and 
an be expressed as�4 = 0BB�x1 x2 x3 00 y2 y3 00 0 z3 00 0 0 11CCA (3.2)where x1 = �1 (3.3)x2 = �2 
os �1 (3.4)y2 = �2 sin �1 (3.5)x3 = �3 
os �3 (3.6)y3 = �3 
os �2 � 
os �3 
os �1sin �1 (3.7)z3 = ��3s1� (
os �3)2 � �
os �2 � 
os �3 
os �1sin �1 �2 (3.8)3.2 Computation of the intermediate proje
-tion matrixLet us �x now the 
oordinates of a parallelepiped's verti
es in an a�nesystem related to the primitive, for example as shown on the Figure ??.22
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Let Qi be the 
oordinates of vertex i in the 
oordinate system of theparallelepiped and qi its proje
tion in the image. From the previous se
tionwe know that the 
oordinates of the point Qi in the eu
lidean 
oordinatesystem are expressed by �4Qi. Let P be the proje
tion matrix from eu
lideanspa
e to the image. We have the following dependen
e:P�4Qi = qi (3.9)Every dependen
e of the type ??(�i.e. every known proje
tion of oneof the parallelepiped's verti
es �) gives us the following 
onstraints on thematrix M = P�4:0�wuwvw 1A=0�m11 m12 m13 m14m21 m22 m23 m24m31 m32 m33 m34 = 11A0BB� xyzt = 11CCA (3.10)This allows the 
onstru
tion of two linear equations from every depen-den
e:m31xu+m32yu+m33zu+ u = m11x +m12y +m13z +m14m31xv +m32yv +m33zv + v = m21x+m22y +m23z +m24 (3.11)whi
h leads to the following equation system of the type: AX = B
0B� x1 y1 z1 1 0 0 0 0 �x1u1 �y1u1 �z1u1 00 0 0 0 x1 y1 z1 1 �x1v1 �y1v1 �z1v1 0... ... ... ... ... ... ... ... ... ... ... 1CA

0BBBBBBBBBBBBBBBBBB�
m11m12m13m14m21m22m23m24m31m32m33m34 = 1

1CCCCCCCCCCCCCCCCCCA
= 0B� u1v1... 1CA

(3.12)24



The dimension of the solutions' spa
e of the homogenous system AX = Bdepends on the rank of A.� if rk A = 11 one unique solution, up to a s
alar fa
tor, is obtained� si rk A < 11 an in�nite family of solutions is obtained.This implies that we need at least six points in general position to obtainthe solution. In theory we need only �ve points and one dire
tion (a dire
tionprovides one 
onstraint) to obtain the matrix. In pra
ti
e we 
an usuallyidentify at least six proje
tions of the primitive's verti
es. On the other hand,to improve the results, we usually use over
onstrained systems. We �nd thesolution of su
h a system by minimization of the expression kAX�Bk in thesense of the least squares using the SVD method (des
ribed for example in[PTVn92℄.3.3 Constraints on the intrinsi
 parametersIn this se
tion we will des
ribe the 
onstraints for the 
amera intrinsi
parameters provided by matrix P�4 introdu
ed in the previous se
tion.Using the equation (??) we 
an writeP�4 � K( R j t)�4 (3.13)Let us 
onsider the matrix X3�3 = KR�, where� = 0�x1 x2 x30 y2 y30 0 z31A (3.14)Let us evaluate the expression XTK�TK�1X using the fa
t that R is theorthogonal matrix. We obtain:XTK�TK�1X = (KR�)TK�TK�1KR� = �TRTKTK�TK�1KR� = �T�(3.15)The matri
es �T� and ! � K�TK�1 are of the following form:25



�T� � 0� �21 �1�2 
os �1 �1�3 
os �3�1�2 
os �1 �22 �2�3 
os �2�1�3 
os �3 �2�3 
os �2 �23 1A (3.16)! � 0� 1 0 �u00 � 2 �� 2v0�u0 �� 2v0 � 2f 2 + u20 + � 2v201A : (3.17)We are looking for elements of ! only up to a s
alar fa
tor, so we 
an �xone of its elements, for example !11. Considering equations (??), (??) and(??) we obtain:XT0�!11 = 1 0 !130 !22 !23!13 !23 !331AX � 0� �21 �1�2 
os �1 �1�3 
os �3�1�2 
os �1 �22 �2�3 
os �2�1�3 
os �3 �2�3 
os �2 �23 1A(3.18)Equation (??) allows to make some observations about what kind of
onstraints on intrinsi
 parameters we 
an obtain depending on the kindof information about parallelepiped parameters. Considering that �T� isknown up to a s
alar fa
tor, we have:� One known angle �ij = 90o gives one linear 
onstraint on elements of!: XiT!Xj = 0 (3.19)� One known angle �ij gives one nonlinear 
onstraint on elements of !:
os2�ij = (XiT!Xj)2(XiT!Xi)(XjT!Xj) (3.20)� One known length ratio rij = �i�j gives one linear 
onstraint on ! ele-ments: XiT!Xi � (rij)2 �XjT!Xj = 0 (3.21)
26



� Generally, if we know some parameters of the parallelepiped we obtainthen up to �ve 
onstraints on the elements of !:XiT!Xj � (�T�)ij(�T�)klXkT!Xl = 0 (3.22)If more parallelepipeds are available, we just in
lude new equations intoan equation system. At the beginning we add only 
onstraints of the lineartype whi
h leads to an equation system of type AX = 0. Having at leastfour equations we 
an obtain a unique solution for the ve
tor of unknowns[!13; !22; !23; !33℄T using the SVD method. If the linear system is under-
onstrained we 
an use non-linear 
onstraints to limit the spa
e of solutionsobtained by applying the SVD method for under 
onstrained equation sys-tem.On
e the elements of the matrix ! are known the intrinsi
 
amera pa-rameters 
an be extra
ted via [SM99b℄:� 2 = !22!11 (3.23)u0 = �!13!11 (3.24)v0 = �!23!22 (3.25)f 2 = !11!22!33 � !22!213 � !11!223!11!222 (3.26)3.4 Prior knowledge about 
amera parameters,degenerated 
asesVery often we know or we 
an make assumptions 
on
erning some intrin-si
 parameters of the 
amera. For most 
ameras, for example, the prin
ipalpoint lies in the 
enter of the image. Information about the aspe
t ratio 
anusually be found in a 
amera's te
hni
al do
umentation, or 
an sometimesbe assumed to be unit. The fo
al distan
e is the only parameter that wealways have to 
alibrate in pra
ti
e. 27



On the other hand the position of the 
alibrating primitive does notalways allow to extra
t all the intrinsi
 parameters. It is easy to show bothalgebrai
ally and geometri
ally that the following degenerated 
ases exist:� If one fa
e of the primitive is parallel to the image plane and its lengthsare unknown then edges of this fa
e give no 
onstraints on the prin
ipalpoint, fo
al distan
e and skew fa
tor( Eq.?? is always true).� The dire
tion perpendi
ular to the image plane allows to lo
alize theprin
ipal point, but does not 
onstrain other intrinsi
 parameters.Those degenerated 
ases are illustrated by Figure ??

CFigure 3.7: A degenerated 
ase. Proje
tions of lines lying in the plane parallelto the image plane do not 
onstrain the intrinsi
 parameters if lengths areunknown. The proje
tion of the perpendi
ular to the image plane dire
tiondetermines the prin
ipal point.There are two ways to use the prior knowledge about the intrinsi
 pa-rameters.� 0ne method is to translate the image 
oordinate system to the prin
ipalpoint and to s
ale its axes su
h that in further 
al
ulus u0 = 0; v0 =0; � = 1.� The se
ond solution is to add to the main equation system, dependingon whi
h parameters are known, the following equations:28



!13 = �u0 (3.27)!22 = � 2 (3.28)v0!22 + !23 = 0 (3.29)3.5 Experimental resultsTo verify robustness of our methods we made few tests. At the beginningwe tested our 
alibration method on a series of syntheti
 data. In the se
ondstage we made test based on photo of the 
alibration pattern. At the end wetested our appli
ation on real data. In this se
tion we des
ribe our results.3.5.1 Syntheti
 dataTo obtain general dedu
tions 
on
erning our method we applied tests onsyntheti
 data. We applied the same test to two di�erent primitives:� First test was based on parallelepiped with angles (300; 450; 600) andlengths given.� Se
ond test was based on parallelepiped with angles (600; 900; 900) andunknown lengths.Our appli
ation have few types of parameters. First type are image
oordinates of primitives proje
tions. The se
ond type are known a prioriintrinsi
 parameters like position of a prin
ipal point and a skew ratio. Inorder to verify the sensitivity of our method to those parameters we appliedtests of the method with noisy data.On the other side, we wanted to verify the behavior of the method indegenerated 
ases. In order to do it, we tested results of 
alibration based onparallelepiped rotated around the verti
al axis parallel to the image plane.The 
alibration results given above were obtained as a median from aseries of random test. Ea
h test was provided with and without data normal-ization in the pre
omputation stage. We assumed that image size is 512�512and the prin
ipal point lies in the 
enter of the image. We formulated severaldedu
tions: 29



� The general observation is that the normalization smoothes results,but in the 
ase of our method the improvement of results is not verysigni�
ant. This 
an be seen on Figures ?? and ??. They presentresults of 
alibration with and without normalization for both testedprimitives rotated around the verti
al axis. We 
an see that positions
lose to degenerated 
ases does not allow to 
alibrate a 
amera with orwithout normalization. Also results of 
alibration are not very di�erent.Similar dedu
tions were made in tests of sensitivity to noise on programparameters.� Knowledge about lengths of parallelepiped, thanks to additional equa-tions to the 
alibration system, improves obtained results in tests onsensitivity to noise on known a priori intrinsi
 
amera parameters andtest on rotated primitives.� Known lengths of edges allows to 
alibrate also in otherwise degener-ated 
ases (des
ribed in se
tion ??). Figures ?? and ?? show resultsof 
alibration of a parallelepiped, whi
h is rotated around the verti-
al axis parallel to the image plane. The random noise of two pixelswas applied to primitives verti
es image 
oordinates. In 
ase of paral-lelepiped, whi
h lengths are not known, every time its fa
e is parallelto the image plane, 
alibration is not possible. In 
ase of known edgesin su
h 
ases we see only in
reasing error.� In the se
ond test we applied random noise on image 
oordinations ofprimitives verti
es proje
tions.Calibration in 
ase of primitive whose edges lengths are given is pos-sible up to 3 pixels noise (Figure ??). In the se
ond test results arereasonable up to six pixels noise (Figure ??). It 
an be explained bythe fa
t, that in 
ase of the �rst primitive (with all parameters given)we obtain more equations based on noised data than in the se
ond test.It may 
ause worst results.� The third test (Figures ?? and ??) was applied to verify the in�uen
eof the error on position of a prin
ipal point in the image. We testedbehavior of the method with distan
e between (u0; v0) real and givenas a program parameter form 0 to 200 pixels. Experiments on bothprimitives show, that the method is not very sensitive for not exa
tposition of a prin
ipal point. Errors on position of the prin
ipal point30
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(b) Test 2, rotationFigure 3.8: Test of 
alibration based on parallelepiped roted around axis par-allel to the image plane for primitive with known lengths(a) and unknownlengths (b). In both 
ases degenerated 
ases are seen, but in 
ase (a) 
ali-bration is possible. Normalization of data smooths results.
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(d) Test 2, noised image 
oordinatesFigure 3.9: Graphs of averages and standard deviations from tests on syn-theti
 data.(a)- test of 
alibration based on primitive with angle betweenfa
e and image plane between 0 � 180, edges lengths are known; (b)- testof 
alibration based on primitive with angle between fa
e and image planebetween 0 � 180, edges lengths are unknown;(
)- test with error on image
oordinates from 0� 10 pixels, edges lengths are known;(d)- test with erroron image 
oordinates from 0� 10 pixels, edges lengths are unknown;32
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ipal point, edges lengthsare known; (b)- test with error on position of prin
ipal point, edges lengthsare unknown;(
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until 50% of the image size gives error on 
alibrated parameters lessthen 20%. This result shows, that assumption that the prin
ipal pointlies in the 
enter of the image is usually very reasonable and even if itis false, 
alibration should give quite good results.� Prior knowledge about the aspe
t ratio improves the 
alibration. Onthe other hand if the value given is not exa
t, it spoils results. It isshown on Figures ?? and ??.3.5.2 Calibration pattern image

(a) Family of 
uboids. (b) Family of parallelepipeds.Figure 3.11: Experiment with 
alibration pattern.For the se
ond test we used the photo of a 
alibration pattern. Weexamined two families of primitives: 
uboids(Fig. ??) and parallelepipeds(Fig. ??) with di�erent size of edges. We applied also tests to 
ompare resultsfor every family with known and unknown lengths of edges .In all 
ases weassumed that the prin
ipal point lies in the 
enter of the image. Thanks tothis test we made more dedu
tions about dependen
e of 
alibration resultson orientation and size of the primitive. Real values of intrinsi
 parameterswhere 
omputed by standard method using known positions of 
ontrol pointsof the 
alibration pattern in the spa
e.� In tables ?? and ?? we give exemplary 
alibration results for primitiveswhi
h have all three edges at similar length. Generally the bigger the34



size of primitive, the better results of 
alibration we obtain. On theother hand we observe, that primitives too big, so with proje
tions ofverti
es 
lose to borders of the image, give worst results than primitiveswell 
entered. We give exemplary results for primitives with known andunknown lengths of edges.lenght � 1 4 5 6
uboids 49.5 5.6 6.2 3.7
uboids+lengths 47.4 3.2 3.6 1.6parallelepipedes - 3.0 2.5 0.1parallelepipedes +lengths - 2.7 2.4 0.4Table 3.1: Relative errors for f in %lenght � 1 4 5 6
uboids 14.6 3.7 2.9 2.8
uboids+lengths 9.7 2.2 2.8 2.0parallelepipedes - 0.0 2.4 2.2parallelepipedes+lengths - 1.1 1.1 0.0Table 3.2: Relative errors for � in %� Calibration is in�uen
ed by existen
e of squared fa
es. Figures ?? showresults. Three 
harts are made for three di�erent values of the lengthof the edge (l3) of the 
uboid. On the x axis are values of length l2.The y axis presents results of fo
al 
omputation for di�erent values ofl2. We 
an observe, that the best results are not for the biggest valueof l2, but for the value 
losest to the length l3.3.5.3 Real s
enesThe most interesting in our work were tests on images of real s
enes. Inthis 
ase 
alibration results are not really the most signi�
ant. In pra
ti
ewe do not know intrinsi
 parameters of a 
amera, with whi
h the image wastaken. It means that we 
an verify the 
alibration only by studying properties35
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of the obtained model. This will be done in se
tion ?? of the next 
hapter.We will des
ribe then s
enes, whi
h had been re
onstru
ted and problemswhi
h o

urred during re
onstru
tion.
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Chapter 4Constru
tion of textured 3DmodelThe aim of this proje
t was to 
onstru
t 3D models of s
enes from oneimage. The 
onstru
tion of models 
ontains two problems: lo
alization ofmodel points in the 3D spa
e and photo realisti
 rendering of surfa
es. Inthis 
hapter we des
ribe our approa
h to these problems.There are many approa
hes to the 
onstru
tion of 3D models. Having
alibrated the 
amera, we 
an easily obtain proje
tion rays along whi
h modelpoints are situated. The problem of 3D re
onstru
tion lies in �nding exa
tpositions of points on proje
tion rays. Most of the resear
h that has beendone in this domain uses two or more images to obtain positions of modelpoints in spa
e. For single images Peter Sturm and Stephen Maybank in[SM99a℄ propose a method based on sets of planes and sets of points linkedtogether. Antonio Criminisi and Andrew Zisserman proposed another ap-proa
h in [CRZ99℄. It uses measurements on planes and lines for sequentialre
onstru
tion of 3D 
oordinates of points.In our work we used the idea introdu
ed in [CSC99℄ for 
omputing relativedepths of parallelepiped's 
orners. We evaluated a method of re
onstru
tionof s
enes 
onsisting of a set of 
onne
ted parallelograms, whi
h is des
ribedin the �rst se
tion.The last stage of the proje
t was the extra
tion of photometri
 informa-tion. Textures obtained by simple interpolation of 
olors on surfa
es haveusually the perspe
tive deformation. In the se
ond se
tion of this 
hapter we38



des
ribe our approa
h to obtaining non-deformed, photorealisti
 renderingof models.Finally, we present results of some re
onstru
tions from images of outdoorand indoor s
enes.4.1 3D points re
onstru
tionWe assume that the 
amera is 
alibrated and so we know the matrix Kof intrinsi
 
amera parameters. This enables us to ba
kproje
t image pointsto 3D along their proje
tion rays. The problem of re
onstru
tion is now to�nd their exa
t positions on proje
tion rays.A 3D point whose image is given by q has 
oordinatesQ = ��q01 � (4.1)where q0 � K�1q and jjq0jj = 1. q0 is 
alled the viewing dire
tion. Theunknown � expresses the distan
e of Q form the opti
al 
enter and hen
ede�nes its position on the proje
tion ray (Fig. ??).
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Figure 4.1: Viewing dire
tions of image points.For every parallelogram in spa
e de�ned as shown in Figure ?? we havethe following relation: 39



Q4

Q3

Q2

Q1

Figure 4.2: Constraint on 3D positions of parallelogram verti
es.Q1 �Q2 +Q3 �Q4 = 0 (4.2)This implies that dire
tions q0i the parallelogram's verti
es provide threeequations for points depths �1; �2; �3; �4 :�10�q011q012q0131A��20�q021q022q0231A+�30�q031q032q0331A��40�q041q042q0431A=0 (4.3)If we �x one depth, we obtain remaining three depths. Also, for a set ofparallelograms 
onne
ted by at least one point, it is su�
ient to set arbitrarilyone depth to 
ompute the positions of all verti
es of parallelogram. If weknow at least one length in the s
ene we 
an �x the depths to obtain theeu
lidean model preserving not only ratios of lengths, but also their absolutevalues.In our method we 
reate a two dire
tional graph, whose nodes are pointsof parallelograms and 
onne
tions are edges of parallelograms. Next we
hoose the largest 
onnex subset of the graph and we enumerate nodes. Nowfor ea
h parallelogram, whose verti
es were in
luded in the graph, the equa-
40



tion of type (??) is added into a linear equation system:0BBBBB� q011 �q021 q031 �q041 0 0 0 0 :::q012 �q022 q032 �q042 0 0 0 0 :::q013 �q023 q033 �q043 0 0 0 0 :::0 0 0 q041 �q051 q061 q071 0 :::... ... ... ... ... ... ... ... ...
1CCCCCA
0BBBBBBBBBBBBBBB�

�1�2�3�4�5............
1CCCCCCCCCCCCCCCA = 0BBB� 00......

1CCCA (4.4)
After �xing one depth the resolution of the equation system above bringsus information about depths of all points belonging to the set.4.2 How to use photometri
 data for photo re-alisti
 renderingThe last stage of 3D model a
quisition is the extra
tion of photometri
information. For this purpose we divided re
onstru
ted parallelograms intotriangles, adding triangles not belonging to any parallelogram, but with re-
onstru
ted verti
es. Textures obtained by simple interpolation of 
olors intriangles in the image and triangles in the model are deformed. This is dueto the fa
t, that the transformation from the s
ene obje
t to the image isperspe
tive, and the transformation from the triangle in the image to thetriangle in the 3D model is linear. Thus without any 
orre
tion we 
an notre
onstru
t the real pattern.There are few approa
hes to this problem. We 
an for example pre
om-pute textures for ea
h fa
e to obtain the view as taken by a 
amera whoseopti
al axis is parallel to the fa
e's normal. In order to do this we have to
ompute the rotation between the opti
al axis (in this work we assume thatit is the z-axis) and the fa
e's normal. This allows to �nd the homographybetween the polygon on the image and polygon on new texture.To obtain photorealisti
 renderings we applied a method of texture pro-je
tion on the model. Texture parameters of pixels are obtained by proje
-41



tions of model points to the image using 
alibrated 
amera parameters.The di�eren
e between rendering with and without the perspe
tive 
or-re
tion is shown on the Figure ??.

(a) Model with texture 
or-re
tion. (b) Model without texture
orre
tion.Figure 4.3: Example of texture 
orre
tion.4.3 Experimental resultsTo test our methods, we 
onstru
ted several models from photos of reals
enes. We used both outdoor and indoor s
enes. In this se
tion we shortlydes
ribe 
hara
teristi
s of every s
ene, give examples of problems whi
h 
ano

ur during re
onstru
tion and present our results. Ea
h re
onstru
tion wasmade with the assumption, that the prin
ipal point lies in the 
enter of theimage.� Our �rst re
onstru
tion was the Sioux building. It is an example of asimple 
ountry house. If we do not need very detailed re
onstru
tionwe 
an de�ne main obje
t by only two primitives. It means that re-
onstru
tion is very qui
k. As is shown on the Figure ?? angles areni
ely re
onstru
ted. At the beginning we had strong aliasing e�e
t,42



espe
ially on the roof. But used method of proje
tion of the textureon the model redu
e this e�e
t.� The Notre-Dame pla
e in Grenoble. It was de�ned as 
uboid (thetower) and set of parallelograms. During de�nition of the model wehad to de�ne very 
arefuly the fa
e between the tower and houses. It isvery narrow, so quite sensitive to in
orre
t data. The se
ond di�
ultywas the fa
t that angles are not really straight in the real s
ene- wallsof houses are not really �at, and also fronts of houses are not reallyparallel to the front of the tower. But as in the previous re
onstru
tionwe see (Fig. ??), that re
onstru
ted angles are quite 
lose to the reality.The photo was taken by a 
amera that is known to have unit aspe
tratio. The value of the aspe
t ratio obtained by our method is 0:97, sovery 
lose to the real one.� Torres Kio from Puerta Europa in Madrid. This is an example of amodern stru
ture whi
h 
annot be de�ned by a 
uboid. For 
alibrationwe used only two 
onstraints provided by two pairs of perpendi
ulardire
tions. The relative error obtained for re
onstru
ted angles was lessthan 3%, and less then 2% for lengths' ratios. Some views of the s
eneare shown on Figure ??.� The indoor s
ene of the room under the roof (Fig. ??). To de�ne
ontrol points of 
uboids we used 
ontrol marks. This photo was takenwith the smallest fo
al of the 
amera. In result, we 
an see the e�e
t ofdistortion on the image. It 
aused several problems with 
olinearity ofpoints and 
oplanarity of fa
es in re
onstru
ted model (Figure ??). Butgeneral geometry of the s
ene is ni
ely re
onstru
ted. Also textures,even on fa
es not very well seen by the 
amera, are well re
onstru
ted.Generally we 
an see on �gures above, that angles are usually well re
on-stru
ted. What is also important, that we 
an obtain good slide of themodel even from dire
tion very di�erent from the opti
al axis of a 
amera.
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(a) (b)

(
) (d)Figure 4.4: (a)-the original image of the Sioux building; (b)-(
)-(d)-photosfrom re
onstru
tion 44



(a) (b)

(
) (d)Figure 4.5: (a)-the original image of Notre Dame pla
e; (b)-(
)-(d)- photosfrom re
onstru
tion 45



(a) (b)

(
) (d)Figure 4.6: (a)-the original image of Torres Kio; (b)-(
)-(d)- photos fromre
onstru
tion 46



(a) (b)

(
) (d)Figure 4.7: (a)-the original image of indoor s
ene;(b)-(
)-(d)-photos fromre
onstru
tion 47



Figure 4.8: (a)-the original image of indoor s
ene;(b)-(
)-(d)-photos fromre
onstru
tion 48



Chapter 5Con
lusionIn this work we have applied 
omputer vision theory to develop a methodof 3D model a
quisition from single images. We were interested mostly inoutdoor and indoor urban s
enes.In 
ase of a single image, we need additional information about the topol-ogy of the s
ene to be able to 
alibrate the 
amera and then 
onstru
t theeu
lidean 3D model. In our approa
h, to obtain the ne
essary data, weemployed primitives appearing in ar
hite
tural environments. The most fre-quent and very useful primitives are parallelepipeds and parallelograms.At the �rst stage we studied 
onstraints on 
amera intrinsi
 parametersprovided by prior knowledge about parameters of parallelepipeds appearingin the s
ene. The method of 
amera 
alibration was based on the methodof 
alibration based on 
uboids proposed by Fabien Vignon and EdmondBoyer in [Vig99℄. Our method allows using not only 
onstraints provided byperpendi
ular dire
tions, but all the information about lengths and anglesof parallelepipeds. One 
ompletely de�ned primitive allows for 
omplete
alibration of the 
amera. It permits also to 
alibrate the 
amera in otherwisedegenerated 
ases. Experimental tests of 
alibration brought good resultseven in the presen
e of noisy data.In the se
ond stage we developed a method for re
onstru
ting three-dimensional models based on sets of 
onne
ted parallelograms. It o

ursthat su
h stru
tures are su�
ient to de�ne many urban s
enes. Results ofre
onstru
tions of models from photos of real s
enes demonstrate good per-forman
e of our method. 49



Our methods have been implemented in C++. We 
reated three inde-pendent modules: 
alibration, re
onstru
tion and model visualization. Themodule for photorealisti
 rendering of the three-dimensional model was im-plemented using OpenGL.There are several extensions that may be added to our method. For ex-ample other primitives 
an be added, like 
uboids with triangle prisms onthe top, spheres or 
ylinders. On the other hand an intera
tive system as-sisting in de�nition of additional primitives in partially re
onstru
ted s
enes
ould be developed. Also, intera
tive methods for 
ombined re
onstru
tionof two non interse
ting sets of 
onne
ted parallelograms 
ould be developed.Interesting results 
ould be obtained by joining models re
onstru
ted fromphotos of di�erent parts of a s
ene. Dependen
ies provided by known rela-tive positions between primitives and proje
tions of one primitive in several
ameras 
ould be studied as well.
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