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ABSTRACT

Geometric modeling and three dimensional (3D) description of objects, such as buildings, collected through an imaging
system has become a topic of increasing importance as they are essential for a variety of applications such as telecom-
munication, 3D city models, virtual tourist information system, etc. Inevitably, a fully human-based image interpretation
system would be a costly and labour intensive operation. Therefore, thereis an increasing demand towards fully-, or alter-
natively (for the time being) semi-automatic machine-based image interpretation systems. This paper introduces a novel
method called Feature Based Model Verification (FBMV), for modification and refinement of the reconstructed generic
polyhedral-like building objects. The development of FBMV is part of an ongoing research project that aims to develop
an automated method for recognition and 3D reconstruction of generic building objects using aerial images. A boundary
representation (b-rep) of a coarse building hypothesisis generated in a bottom-up process from simple qualitative geomet-
ric primitivesin image domain to more complex quantitative primitivesin object domain. Subsequently, the reconstructed
coarse building undergoes a refinement process based on FBMV concept. The verification processis performed by simul-
taneoudly fitting the reconstructed model primitives into the homologous two dimensional (2D) featuresin images taken
from different viewpoints while at the same time the geometrical and topological model information is imposed into the
process as external and/or internal constraints.

1 INTRODUCTION

Modeling and 3D description of real world objects collected through an imaging system (passive and/or active sensors)
has become atopic of increasing importance as they are essential for avariety of applications. Namely telecommunication
for planning of wireless networks in cities (Siebe and Biining, 1997, Leberl et al., 1999), urban environmental planning
and design to support the decision making processesfor devel opment projects (Danahy, 1999, Lange, 1999), virtual tourist
information systems to support the on-line positioning, access and queries on the information of the site of interest (Volz
and Klinec, 1999), defense and military organization to support the training operation in virtual environment, architectural
design for the redlistic visualization of the drawing, to mention only a few.

This paper introduces an automated method called Feature Based Model \erification (FBMV), for modification and verifi-
cation of the reconstructed generic polyhedral-like building model by back projecting the 3D model into the corresponding
images taken from different viewpoints. Treating the hypothesis model as evidence leads to a set of confidence intervals
in image space that can be used as a search space to find the corresponding 2D image primitives and performing a consis-
tency verification of the reconstructed coarse moddl. Theoretically, in stereo image analysis systemsit is possible to solve
all the unknown parameters of a 3D model from matches to corresponding 2D image primitives. However, in practice, the
reliability and accuracy of the parameter determination can be substantially improved by simultaneously fitting the model
into the images taken from more than two viewpoints. The methods presented here can be used in either situation.

In fact, the proposed method is a kind of model-based image analysis procedure where a priori knowledge of the shape,
and geometric appearance of the object is used during the process of interpretation. In this study, the provided object model
is generated in a bottom-up, data-driven approach in contrast to the general approach that a specific user-defined model is
introduced into the system. The need and a brief discussion of the general framework of FBMV method is given first. The
subsequent sections discuss the fundamental concept of FBMYV, its formulation and its robustness. The evaluation of the
proposed method, its performance and statistical analysis of the result obtained by some experimental test conclude this

paper.

2 MOTIVATION

In (Ameri and Fritsch, 1999) the authors presented a new method for reliable generation of a coarse polyhedral-like
building model based on 3D intersection of adjacent polygonal primitives of the roof struture (3D plane-roof polygons)
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and stitching them along their line of intersection. The positional accuracy of the reconstructed roof elements such as
ridgelines of the roof structureis highly related to the quality of the extracted 3D plane-roof polygons. Failurein correctly
estimating the orientation of the 3D plane-roof polygonsin object space causes displacement and rotation of theridgelines
with respect to their exact positions during the reconstruction process. In addition, due to the nature of region growing
type segmentation algorithm used in the lower level process of this work (Fritsch and Ameri, 1998), the quality of the
roof outline is poor. In fact, in real-world images, object boundaries cannot be detected solely on the basis of their
photometry because of the presence of noise, occlusion and various photometric anomalies. Therefore, methodsfor finding
boundaries based on purely local statistical criteria are tied to error, finding either too many or too few edges based on
arbitrary thresholds (Fua and Leclerc, 1990). To supplement the weak and noisy local information of the images and
probable misinterpretation of the orientation of the 3D plane-roof polygon, the geometric and topological information
that the coarse object model can provideis incorporated into the chain of the reconstruction process. Thisinformationis
introduced into the process of the object model verification based on a weighted least squares minimization process. A
fine building model is obtained in an iterative, top-down, model-driven estimation process by simultaneously fitting the
3D model into the corresponding images where the geometrical and topological model information are integrated into
the process as external and/or internal constraints during the estimation. The ability to apply such constraintsis essential
for the accurate modeling of complex objects. In particular, when dealing with a generic object model, it is crucia that
the model elements are both accurate and consistent with each other. For example, individual components of a building
can be modeled independently, but to ensure realism, one must guarantee that they touch each other in an architectural
way. The estimation procedure yields a description of the building that simultaneously satisfies all the constraints within
all the images. As a result, it allows us to perform a consistency check, and refinement of the model across all the
images. Moreover the ability of the estimation method to fuse the information and impose the geometrical and topological
constraints over all the images increases the accuracy and reliability of the reconstruction.

In the same line of the major image matching techniques, i.e. feature-based (Forstner, 1986), and area-based least squares
matching (Forstner, 1982, Ackermann, 1984), the proposed verification processis called Feature Based Model Verification
(FBMV). Similar to feature-based image matching techniques where a set of image-driven geometric features such as
points, or edges are utilized in one image to be matched to the homologous features in corresponding images in order
to, e.g. describe the surface geometry of the viewed scene. The FBMV uses model-driven geometric primitives to be
matched to the respective homol ogous featuresin corresponding images taken from different viewpointsin order to verify
the geometric description of the object model. In recent years, there has been a considerable increase in the number of
publications on parameters solving for model-based vision (Lowe, 1991, Haala, 1995, Fua, 1996, Giilch et al., 1998,
Brenner and Haala, 1998). An interesting similar work is reported by (Gruen and Li, 1997). Their method is a semi-
automatic approach for 3D extraction of linear features. In fact, thisis an extension of a point-wise least squares template
matching method (Gruen and Stallmann, 1991, Baltsavias, 1991), where a deformable contour model is used as atemplate
instead of a square or rectangle which is generally used in conventional least squares matching techniques. In our study,
their work is categorized as an area-based object extraction or alternatively Area Based Model Verification (ABMV).

3 FBMV-MATHEMATICAL FOUNDATION

The objective of this section is to formulate the verification of the hypothesis building model. Thisis carried out by back
projecting the 3D coarse model into the corresponding 2D images. Although this transformation is a non-linear operation
it is a smooth and well-behaved transformation, and it is a promising candidate for the application of the well known
Gauss-Markov estimation model based upon an iterative least squares minimization error criterion. This method requires
the appropriate initial guess for the unknown parameters. These values are provided by the geometric and topol ogical
information derived from the reconstructed coarse model itself (Ameri and Fritsch, 1999). In practice, the whole spectrum
of the observations derived from the building model’s description are divided into three major categories as 1) image
based, 2) object based and 3) image-object based observation equations which are discussed in the next subsections.
At the starting point of the estimation process a dense internal data structure is built from the model description. The
structureis used to defineidentical 3D points, edges, and planar surfaces, aswell astheir topological relationships. In this
manner, the model primitives may move independently while being attached to their adjacent primitives. In this way, an
edge element connecting two model points can stretch under the influence of shifting one of its endpoint from its initial
location and rotate under the influence of the movement of the another endpoint.

3.1 ImageBased Observations

The observations concerned in this class are introduced into the estimation process for solving the unknown parameters
of 2D primitives such as the parameters of the 2D image edges or the coordinates of the homologous 2D model pointsin
image space. Two types of observations 1) linearity which serves as functional model of the estimation process, and 2)
connectivity which is applied as topol ogical constraint are integrated into the system as image based observations and are
discussed next.
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Figure 1: Uncertainty buffer of homologous model edges in corresponding images

3.1.1 Linearity: A Local Internal Geometric Constraint. The estimation process is an orthogonal linear least
squares regression problem. It acts as a functional model with the objective to simultaneously minimize the perpen-
dicular sum of the Euclidean distances between the candidate edge-pixels and the projected 2D model edgesin all the
images. A set of constraints is also integrated into the estimation model to support the minimization process. In fact, it
would be sufficient to simply solve a resection equation for modifying the coarse building model if we are able to find the
corresponding matches between the model points and their homol ogous points in the respective images. Thus, in order to
overcome the problem of feature corespondence, the match is actually established between the projected model edge and
candidate edge-pixelsin the image. In other words, since the precise position of the endpoints of image edge is unknown
orismissing e.g., dueto the occlusion, it is necessary to minimize only the perpendicular distancesfrom the representative
points of an image edge to the projected model edge.

In order to measure the perpendicular distance between a representative edge-pixel (z ;,y;) and the projected 2D model
edgee;, it is useful to express the projected edge in image space in the following form:

€j: z;sinf; —y;cosb; —d; =0 (0]

where d; is the distance between the origin and the line, and #; expresses the angle between the edge and = axis. In
practice, theinitial parameters of the 2D edge (0?, d;?) are obtained by back projecting the two endpoints of the 3D model
edgeinto the corresponding images using the collinearity equation (8). The computed 2D points are then plugged into the
equations (2), (3), in order to derive theinitial 2D edge parameters.
oj — arctan Yend Ystart (2)
LTend — Tstart

dj = Tstqr¢ SiD 0] — Ystart COS 9] (3)

Theprojected 2D edgee, ;) inimage I, serves asinitial guess for finding the exact position of the edge mode! within the
corresponding images. An uncertainty buffer with a user specified width is generated around each edge model in image
space based on theinitia position of the edge and is used as the search space to find the representative edge-pixels. Figure
1 showsthe generated buffer around the homologous model edges of a reconstructed coarse building model in four images
taken from different view points.

Each pixel within the specified buffer is selected as a representative edge-pixel if it satisfies the following two conditions:

o itsgradient direction is approximately perpendicular to the edge model direction, and

o the magnitude of its gray value gradient is more than a data-driven adaptive threshold. This threshold is computed
based on a cumulative histogram of the gradient magnitude of all the candidate pixelswithin the buffer, which satisfy
the first criteria. The gradient magnitude associated with each selected pixel is used as its weight in the estimation
model.

Applying these two conditions for the selection of representative edge-pixels which should satisfy equation (1) has the
following advantages. Firstly, pixels which are laid on the edge image have stronger effect during the fitting procedure
because they have more weight in the estimation process. Secondly, the gradients caused by background objects will not
interfere with the parameter estimations, as they are not in the approximate direction of the edge model. Figure 2 indicates
the selected edge-pixels of the homologous 2D model edges in corresponding images within the generated uncertainty
buffer in the first iteration of the estimation process.

At this point, after selecting the edge-pixels representative, we are ready to introduce the linearity constraints into the
estimation model. Let us represent the equation of the projected 2D edgein image I ., passing through the selected edge-

img _img

pixel (z;",y;"?) inthefollowing form:

Fojy(0,d) = 2™ sin . j) — yi™ cos by, iy — dipjy = ei(z™,y™) (4)

i
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Figure 3: Selected edge-pixelsduring the last iteration of the estimation process

In this formulation, the orthogonal distance e; represents an added error parameter, which acts as a cost function and
should be minimized during the estimation (see figure 4).
\ Pend

Pstart

Figure 4: Regression of a 2D image edge to the representative edge-pixels

Linearization of the equation (4) with respect to its parameters (d (. ;, 6, j)) resultsin the following formulation:

8]0(7“7]‘) af(r,g) _ img _img
86|079? ] (r) t ad|d:d? j Adjy) —li = ei(x;™,y;"Y) )
where
li = d?m’) - :L,z:mg(o) sin 0(0r7j) + y:mg(o) cos G?W.).

For every selected edge-pixel (z:™, ;™) of each 2D edge model e; ., within every image .., an equation of type (5)

(3

isinserted into the system of equations. The total system of equations can be written in matrix form as:

Atinear * T — llinear = € ; U(%]Dl;nlemﬂ (6)
The lj;neqr, IS the observation vector containing the orthogonal distance between the candidate pixels and their respec-
tive 2D model edge in image space. x is the vector of unknowns consisting of the correction of the edge parameters
(AB;.j,Ady ;), Alinear 15 the associated design matrix including derivatives of the observation equations with respect to
the unknowns. The matrix Pj;n.qr, IS the corresponding weight matrix which is introduced as a diagonal matrix and is
determined based on the normalized gradient magnitude of each candidate pixel, and e is aerror vector with the following
statistical assumptions:

E(e)=0 ; E(e'e) = o2 P}

linear”
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The system of (6) isthe well known Gauss-Markov estimation model. The least squares estimation in this model gives a
unique and most probabl e set of estimates for al the parameters of the 2D model edges.

To make the sel ection process robust and impose a self-diagnosis mechanism, the generated buffer is updated in aregular
interval during the iteration process. As the process is iterated, the initial parameters of the 2D edges are updated based
on the minimization of the orthogonal distance error between the selected edge-pixels and their respective 2D edges.
Consequently the updated parameters define a new orientation for the generated buffer. In addition by introducing a
smaller width, the size of the buffer is reduced. As a consequence, as outliers are excluded from the estimation process,
this procedure reduces the computational burden and increases the accuracy and speeds up the convergence of the process.
Figure 3 indicates the selected edge-pixels of the corresponding 2D edges in the figure 2 for the last iteration of the
estimation process.

3.1.2 Connectivity: A Global Internal Topological Constraint. The connectivity constraints are integrated into the
estimation model as a topological constraint based on the intersection point between adjacent model edges. Figure 5
depicts a corner of the building model when two edges edge 1, and edge-, are connected through the intersection point

DPint-

edge,

edge,

Pine e
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Figure 5: Intersection of two adjacent edges

In general, it is possible to introduce the connectivity constraint into the estimation process both in object space or image
space, because it is invariant under the transformation and it is independent of the embedded space. In this model, it is
categorized as an image-based observation, in order to overcomethe problem of correspondence between the model points
within the images. In other words, by setting up the following formulation, the location of the corresponding 2D model
points in different images is introduced implicitly based on the topological information, not the geometrical one. That
means we do not compute the location of the intersection point explicitly based on the intersection of the two adjacent
edges. Therefore, the problem of finding homol ogous pointsin respectiveimagesis not encountered asit isrequired in the
feature-based matching techniques. In fact, if we had the correspondence relati onships between the homol ogous model
pointsin different images, then the verification of the coarse model would be done simply by obtaining the exact location
of the 3D model points based on the simple resection technique such as multiphoto geometrically constrained matching
(MPGC) procedure (Baltsavias, 1991, Gruen and Stallmann, 1991).

Similar to the derivation of linearity observation equations (see equation 5), the connectivity constraint between adjacent
edges for every associated edge member of amodel point isintroduced into the total system of equations. Let us consider
the equation (4), to represent a 2D edgee .. ;), inimage I,.. Linearization of this equation with respect to its parameters,
in this case, 2D edge parameters (d,. ;), 6(,,;)) and 2D coordinates (.Y, y;.’) of the intersection point in image space
resultsin the following formulation:

Ofr.5)
Ab + 2 Ady, iy +
89\9:0%"3_) (r.d) 8d|d:d?w.) ()
a.f r,J i a.f r,J i i i
el g Al = el ) ©
x‘z “:tg(o) yly:y:_;ntg(())
where
I _ dO _ img(0) _. 00 img(0) 00
int = Opj = Tipy SO 5+ Yine T COSOG ).

The arrangment of the above equations for all the connected edges in a matrix form result in the Gauss-Markov model
similar to equation (6), except that z is the vector of unknowns consisting of the corrections of the 2D edge parameters
(d(rj),8(r,;)) and corrections of the coordinates of the intersection point (Az ;7.7 , Ay; ).

int int
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3.2 Image-Object Based Observations

These types of observationsare the essential parts of the estimation model. They are integrated into the estimation process
in order to establish the required link between the image and object space. They are acting as a bridge to tie the estimated
corrections of the unknown parameters obtained in image space to their respective model parameters in object space
during each iteration.

321 Collinearity: A Global External Geometric Constraint. The mapping relation between a point in 3D object
space P;(X,Y, Z), and its perspective projection in 2D image space p;"?(z,y), can be represented by the classical
collinearity equations as follows:

z'm + FYX,Y,Z)=0

(3

yi'" + F(X)Y,Z)=0 ®)

Additionally, a mapping relation is needed to relate a point in camera system p §*™(x;, y;) to its corresponding point in

image coordinates system pjmg (x4, y:). Thetransformation parameters are expressed in the terms of an affine transforma-
tion:

x;;am = (11 x;mg +c12 - yﬁmg + C1o

YEm = oy ™ 4 e -yl ™ + cao ©)

where ¢11, ¢12, C21, C22 @ ¢1g, coo are the rotation and trandation parameters of the affine transformation respectively.
Assuming the interior and exterior orientation parameters of each image are given, then the unknowns to be determined
aretheimage coordinates (z;™, y;"?) of the model point and its corresponding coordinates (X ;, Y;, Z;) in the 3D object
space. Therefore, if the coordinates of a point is given in object space, the corresponding image coordinates of the point
is simply derived from the equations (8) and (9), or alternatively, if an object isimaged from more than one image and the
interior and exterior orientation parameters of the images are given, then 3D coordinates of the point can be reconstructed
by simultaneous intersection of the above collinearity conditions (resection in space).

Hence, the linearized equations concerning a 2D point in image coordinates p ;™
P;(X,Y, Z) can be formulated as:

(z,y) with respect to its 3D position

OFY OFF OF®
8X|X=XZO ¢ + 8}7}/:)/10 ¢ + aZ‘Z:ZZQ ¢ +
cllegmg + Cleyfmg — lf = ef
(10)
OFY OFY OFY
X + By Y + 57, Y +
C21 A.Z'zmg + szAyng — lf = 61-!
where
i 0 T
o= Y + F X0, Y0, 2°)
o= Y+ FXO,Y0,20).

The eguation (11) for all the model points can also be arranged in the standard Gauss-Markov model (see eguation 6),
whereas x is the vector of unknowns consisting the correction of the model pointsin object (AX ;, AY;, AZ;), and image

space (Az!™9 | Ayi™).
3.3 Object Based Observations

Asit has been discussed so far, the main objective of the FBMV method is to integrate the model-driven information into
the estimation model as supporting constraints. The set of observation equations which is classified in this category are
directly obtained based upon the discription of the reconstructed coarse building model, before or during the estimation
process. These constraints are introduced between the model primitives in object space as global or local geometric
constraints and are linearized and applied as weighted observation equations. In this manner, the integration of the model
primitives as unknownsinto the total system of equationsis completely flexible. Introducing the relationship between the
model primitives as a strict condition by increasing its weight or alternatively reducing its influence into the system by
decreasing its weight.
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3.3.1 Coplanarity: A Global External Geometric Constraint. Due to the pragmatic assumption that building roof
structures are geometrically described by the aggregation of £ > 1 planar surface(s), al the bounding points P;(X, Y, Z),
of the 3D plane-roof polygon F';, should satisfy the coplanarity condition defined as follows:

fan) (T, D) = Ap X + BrY; + CrZ; + Dy, = ey (11)

where (A, By, Ci), arethe componentsof the surface normal 77 ., Dy, isthe distance from origin to the plane-roof polygon
Fy, and e; is an added error parameter. The partia derivatives of this equation with respect to the unknown parameters,
that is the 3D coordinates of the model points, is obtained by:

Of

Of (k) Of (k) (i,k)
— = AX;+ — " AY;+ ————AZ; - ;= ¢; 12
8X|X:X? i+ aY]Y:YiO i+ 8Z|Z:Z? i i = €4 ( )

where

li = —(AYX? + BYY? + €270 + DY).

In fact, the corrections (AX;, AY;, AZ;), in each iteration represent changes to the initial location of the model points,
whilethe best planar fit to the updated model pointsis obtained. I ntroducing an equation of the type (12) for every point of
the plane-roof polygons F, in the estimation model and arranging all the equations in the matrix form result in a Gauss-
Markov model similar to equation (6), whereas z: is the vector of unknowns consisting the corrections of the coordinates
of the model points (AX;, AY;, AZ;).

3.3.2 Conditional Constraints. The FBMYV is an iterative procedure based on Newton-Raphson method, thus it con-
verges to the minimum and becomes closer to the correct solution in every iteration, unless the system is degenerated, the
initial values are so far away from the true solution, or the estimation model is incorrectly established. This property en-
ables usto integrate additional constraints between the model primitives during the iteration process, if certain conditions
are satisfied. Aswe have mentioned previously the strength of our method is a data-driven generic data model. That means
instead of imposing certain regularities or conditions into the model in the earlier stages of the reconstruction process,
these regularities and constraints are introduced into the model in the higher level process of reconstruction. Such con-
straints are the orthogonality, or parallelity between the adjacent model edges, symmetricalness or semi-symmetricalness
between the adjacent faces, and so on. The decision to impose these constraints into the estimation model is made during
model verification process when the required criteria are met. The triggered constraints are integrated into the model,
simply by adding a new row to the total system of equations. For the sake of completeness the orthogonality constraints
are elaborated in details next, the other constraints can be dealt with in the same manner.

Py E (a3, by, ;)

E; (a;,b,,¢,)

Figure 6: Two orthogonal adjacent edges

Orthogonality: A Local External Geometric Constraint. Figure 6 represent the angle «, between two 3D model edges
E;, and E>. The conditional geometric constraint of the orthogonality is applied for every model point P ;, when a satisfies
the following condition during each iteration:

90—t <a <90+t (13)

where ¢ is athreshold (e.g., 5°) indicating the small deviation of « from its expected value i.e. 90°. In fact, when two
adjacent edges are considered orthogonal then the following constraints should be met:

fi(X,Y, Z) :a1a2+b1b2+0102 :O:ei (14)

where E (a1, by, 1), and Ey(as, bs, c2), are the directions of the £, and E, respectively and e; is an added noise pa-
rameter. Linearization of the equation (14) with respect to the position of the model points P;(X,Y, Z) result in the
form:

0f: AX; + ofi AY; + 0fi

2 _2h L AZi 1= 15
0X|x=xp Ny=vp gy @
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where
li = _fzo(Xa Y7 Z) = _(a(l)ag + b(lJbg + C(l]cg)'

Therefore, introducing an equation of the type (15) as a weighted observation equation for every model point which
satisfies the orthogonality conditions, and formulating them in a matrix form will result in the well known formulation
of a Gauss-Markov model such as equation (6), except that « is the vector of unknowns consisting of the correctionsto
the coordinates of the model points (AX;, AY;, AZ;).The other conditional constraints can be implemented in the same
manner as discussed for the orthogonality constraint and integrated into the estimation model.

Based on the assumption that all the parametersinvolved in the estimation model are considered observations, and conse-
guently equations arising with the constraints or conditions are introduced into the total system of equations as weighted
observation equations, then we are able to join the different estimation models which are formed by the (5), (7), (11),
(12), (15), or any other equations into a unified combined least squares adjustment process where its solution gives the
correction to theinitial parameters of the model.

| - n ¢ ;
Figure 7: Reconstructed fine building models: a, e, f) reconstructed coarse building model overlaid on aeria image, - b, f,

m) perspective view of the reconstructed 3D coarse building model, - ¢, g, n) reconstructed fine building model overlaid
on aerial image, - d, h, q) perspective view of the 3D fine building model.

4 EXPERIMENTSAND RESULT

Three representative buildings of the Avenches data set (Mason et al., 1994), are selected to represent the performance of
the proposed method and to visualize the outcome of the FBMV agorithm. It should be noted that the whole process of
model verification is only applied on the roof structure and the vertical walls are added to the building model at the final
stage. This is performed based on the analysis of the bounding edges and points of the verified fine roof structures. The
first building showninfirst row of thefigure 7 isasimple gableroof structure. The reconstructed coarse model (figure 7-b)
indicates that the reconstruction process (Ameri and Fritsch, 1999), recovered the fundamental structure of the building.
However, due to the presence of a dormer window on top of the roof and also the low contrast of the roof outline, the
bounding edges of the building are broken into the small pieces and are very rugged. The FBMV approach successfully
verified the model and removed the redundant edge segments. Furthermore, imposing the orthogonality constraints during
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the verification process enables FBMV to accurately recover the building corners (see figure 7-d), which were trimmed
off during the segmentation process. Figures (7-a and 7-c) show the initial and modified building model overlaid on the
corresponding aerial image, respectively.

The second example deals with reconstruction of a hipped-gable roof structure (see second row of the figure 7). As it
is shown in figures (7-€) and (7-f), although the major structures of the building, the bounding edges and even small
protruding structure of the roof is reconstructed correctly. Due to the low contrast of the edge segment of the hip tile of
theroof, the reconstructed edge is completely shifted away fromits correct position. In addition, the position of the corner
points is not precisely defined. The modification of the model based on a multi-photo estimation process and imposing
the global constraints as discussed previously, enables FBMV to correctly recover this part of the roof and forces the
displaced model edge to located in its true position. Furthermore it also defines the positions of the model points more
accurately (seefigures 7-g and 7-h).

The last example shown in third row of the figure 7 represents a more complex roof structure. The generated hypothesis
coarse building model describesthe building completely, but there are still displacementsin some of the model primitives,
specially the intersection point between three adjacent plane-roof polygonsis shifted significantly from its real position
(seefigure 7-1). Thisis dueto the failure in defining the correct orientation (slope) of the respective 3D plane-roof poly-
gons, which is caused by the low quality of the utilized DSM (Ameri and Fritsch, 1999). By applying the FBMV process,
the normal vectors i, of every plane-roof polygons are recovered precisely and consequently the intersection point is
moved to its real position. In addition, the real bounding edges of the model are also precisely located and the redundant
oneis eliminated from the final model (figure 7-q). To complete the performance evaluation of the FBMV, the following
section is dedicated to numerical analysis and assessment of the quality of the final reconstructed building obtained from
the estimation model.

5 QUALITY ASSESSMENT

One of the key issue of the FBMV method is its ability to provide the essential tools for evaluation of the quality of
the reconstructed model and its geometric primitives. The combined least squares solution provides an estimate for the
variance factor 62 which can be used for the performance evaluation of the estimation process. In other words, it is
used to judge whether or not the estimation model is consistent with the earlier assumption that the noise distribution
follows anormal distribution function with a given standard deviation, which was the motivation to apply a least squares
minimization of the error criterion. In addition, considering sufficient agreement between the estimation model and our
early assumption, the standard and statistically well known covariance matrix C'ov ., of the estimated parameters can be
obtained as follows:

Covgy = 65> AI'P.A.)™ (16)

The estimated variances of the unknown parameters, specifically in our case the coordinates of the model pointsin 3D
space (0%, 0%,0%), are the qualitative measures which indicate the accuracy of the model primitives and act as the
decision criteriain order to reject or accept the estimated model elements based on the simple thresholding process. The
evaluation process can be integrated into the whole chain of reconstruction process as an edition process (traffic light
concept (Forstner, 1996)). In a simple manner, these measures give a hint to the end user to perform avisua check on the
end product and perform the required modifications on the signalized model primitives if necessary. In the following are
the numerical results and the statistical analysis of the complex building (figure 7), where its corner points are numbered
asillustrated in figure (8).
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Figure 8: Top view of asingle complex building

The test was carried out for the verification of the model based on utilizing two, and four corresponding images taken
from different views. In addition, the reconstructed building in every test is compared with a reference model digitized
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manually by an operator, in order to show a realistic quality measure of the process as well. The results are tabulated in
tables (1), and (2) respectively.

Point-IDf 1 2 3 4 5 6 7 8 9 10 11 12 13 | 14 || RMSE
AX 026 0.20 0.09 0.17 0.20 ' 0.10 0.17 0.41 0.16 | 0.16 0.23 0.12 0.38 0.18] 0.22
Ay [-0.02 -0.11 -0.04 -0.16 -0.02 -0.09 -0.28 0.14 -0.15 -0.08 0.01 0.07 -0.21/0.30| 0.15
AZ (003 003 012 -0.17 0.050.10 -0.18 0.22 0.03 0.28 -0.03 -0.26 -0.35|-0.17| 0.18
G2 [044 044 065065 030 021 061 007 058 023 037 037 037 037
Gyz 0.71/0.70 | 0.23 0.23 0.35 0.35 0.37 054|054 064 042 043 045 011
6,2 [069 068 016|016 026 0.12 033 020|062 015 0.30 0.31 0.4 0.08

Table 1: Verified coarse building model based on two corresponding aerial images

A comparison of the estimated variances of the model points coordinates with respect to the absolute values of the
differences between the estimated coordinates and the reference coordinates deduce consistency and agreement in both
tests. Moving from the estimation model based on two images toward the one utilizing four images indicates a tendency
in increasing the accuracy of the estimated model points, as it was expected. In addition imposing more images into the
estimation process increase the reliability of the model.

PointID|| 1 2 3 4 5 6 7 8 9 10 11 | 12 13 14 | RMSE
Ax 1019 1 0.20 | 0.19 | 0.17 0.20 |0.17 0.11 0.28 0.03 0.10 0.23 0.12 0.38 0.06 | 0.19
AY |-0.09 |-0.16 -0.12 -0.20 -0.10 |-0.17 |-0.27 |-0.17 -0.18 -0.19 |-0.02 |-0.01 -0.18 -0.29| 0.17
Az |[-0.15 -0.15/-0.06 -0.23 -0.10 | 0.08 -0.13 0.09 -0.14 0.04 -0.27 -0.23 -0.19 -0.13| 0.16
6 [034 034 049 049 020 023 064008 056 023 022 022 030 026
o2 030 030 023 023 023 032 036 030 032 046 0.32 032 039 011
G [034 034 021 021 026 016 046 0.17 0.64 020 025 0.25 0.26 0.09

Table 2: Verified coarse building model based on four corresponding aerial images

The above experimental results show the strength and generality of the proposed FBMV in recovering the reliable and
accurately defined geometric primitives of different sorts of building structures, which isan essential part of any automated
vision system. It shows that the proposed method is capable of working with any complex polyhedral-like object model,
if an appropriateinitial hypothesis model is available.

6 CONCLUSION AND FUTURE WORK

The main objective of this paper was to introduce the concept of the FBMV and give some hints of how the information
derived from the model itself can support the verification process.

The problem considered in this study was to determine the precise geometric description of a polyhedral-like building
model given matches between the model primitives and the image features. However, the proposed framework allows
different non-polyhedral object models to be used. A consequent disregarding of this restriction is that the projected
model edges are not necessarily straight edges and the model faces are not inevitably planar surfaces, thus the geometric
routines should be adopted with different geometry. An important aspect of the FBMV method is the ability to solve
the model parameters by simultaneously fitting all the geometric primitives of the 3D model into all the homologous 2D
image features, taking into account the external and internal geometric and topol ogic properties of the model structure and
imaging process as constraints during parameter estimation. This isimportant because it allowsthe earlier initial matches
or the partial matches between the 3D model primitives and 2D image features force the location of other structural
elements of the model. Thereby new matches that can be used to verify or reject the initial estimated model parameters
are generated.
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