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ABSTRACT

We present a knowledge-based system for automatic 3D building reconstruction from aerial images. Our approach
relies on combining pairs of stereo images with 2D GIS map and domain knowledge. Since most buildings can be
described as aggregation of simple building types, the domain knowledge is represented in a building library containing
building primitives (flat, gable, and hip roof building). The approach of modeling buildings using a set of basic building
models suggests the usage of Constructive Solid Geometry representation for building description.

The building reconstruction process is formulated as a hypothesis generation and verification scheme. It starts with the
partitioning of a building in simple building parts based on the ground plan defined in the map. For each building
partition different building hypotheses are generated corresponding to the building primitives defined in the building
library. The evaluation of the generated building models is based on the formulation of the mutual information between
the model and the images. The CSG tree representing a building is given by the best fit of the building models
corresponding to the building partitions.

We used this method to reconstruct buildings in suburban and urban scenes. The method worked well even in difficult
conditions (noise, shadow).

Keywords. 3D reconstruction, minimum description length, model fitting, evaluation, mutual information

1. INTRODUCTION

3D reconstruction of buildings has been an active research topic in computer vision in recent years. 3D reconstruction
of buildings from aerial images is becoming of increasing practical importance. Traditional applications are those of
cartography and photo interpretation. Newer applications include urban planning, construction, environment,
communication, transportation, energy and property management, tourism, and virtual tours of cities.

Photogrammetric methods are well established but show inefficiencies due to the extensive amount of data. Manual 3D
processing of aerial images is very time consuming and requires highly qualified personnel and expensive instruments.
Therefore, speeding up this process by automatic or semiautomatic procedures has become a necessity. The current
state of automation in the reconstruction of buildings from aerial images is still surprisingly low. A lot of algorithms
and systems have been proposed towards this problem. However, a versatile solution to the automatic reconstruction
has not been found yet, with only partial solutions and limited success in constrained environments being the state of
art.

The difficulty in obtaining a general solution to this problem can be attributed to the complexity of the reconstruction
itself, as it involves processing at different levels: low level processing (feature extraction), middle level processing
(representation and description of building models) and high level processing (matching and reasoning). The success of
areconstruction system depends upon the succeeding at all these levels and in combining these levels of processing.
Most approaches have focused on the reconstruction of specific building models: rectilinear shapes [13, 15], flat roofs
[8, 9] or parametric models [4]. But buildings show a much wider variety in their shape. Other approaches employ a
generic roof model that assumes planar roof surfaces [3, 12, 16]. These 3D roof planes are generated by grouping the
coplanar 3D lines or corners computed from the images. Nevertheless, the feature extractors can fragment or miss
boundary lines, due to low contrast, occlusions, and bad perspective. To overcome these problems, the image data has
to be combined with other data sources, for example fusing images with scanned [11] or digital map [7]. These
approaches represent the newest trend in 3D building reconstruction.
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Our strategy for 3D reconstruction of buildings combines pairs of stereo images with large-scale Geographic
Information System (GIS) maps and domain knowledge as additional information sources. The 2D GIS map contains
the outline of footprints of the buildings. The knowledge about the problem domain is represented by a building library
containing primitive building models. Although, buildings revea a high variability in shape, even complex buildings
can be generated by combining simple building models with flat, gable or hip roof.

This paper is organized as follows. Section 2 presents an overview of the steps involved in the proposed method for 3D
reconstruction of buildings. The partitioning of a building and ranking of the resultant partitioning schemes are
discussed in section 3. The next section describes the generation of building hypotheses. Section 5 presents an
evaluation function based on mutual information for determining the best building hypothesis. The refined
reconstruction of a complete building is described in section 5. Section 6 shows some experimental results. The
conclusions and future work are discussed in the final section.

2. METHOD OVERVIEW

The building reconstruction process is formulated as a multi-level hypothesis generation and verification scheme and it
isimplemented as a search tree. The tree is generated incrementally by the search method.

To cope with the complexity of aeria images specific knowledge about buildings have to be integrated in the
reconstruction process. Since most buildings can be described as an aggregation of simple building types, the
knowledge about the problem domain can be represented in a building library containing the simple building models
(flat roof, gable roof, and hip roof building). The approach of modeling buildings using a set of basic building models
(primitives) suggests the usage of Constructive Solid Geometry (CSG) representation for building description. In this
way, a complex building can be seen as a CSG tree, where the leaf nodes contain primitive building models and the
internal nodes contain boolean operations such as union, intersection, difference. The reconstruction process
starts with the partitioning of a building in simple building parts. All possible partitioning schemes of a building are
represented on the first level of the search tree. The second level of the tree contains the partitions corresponding to
each partitioning scheme. Next, the tree is expanded with a level corresponding to different building hypotheses
generated for each building partition. Corresponding to each building primitive defined in the building library, building
hypotheses are generated. The estimation of the parameters of the building model is performed using afitting algorithm.

The building hypotheses are verified by back projecting them into the images and then matching with the information
extracted from the images. The matching defines a score function that is used to guide the search in the tree. The CSG
tree representing a building is given by the best fit of the building models corresponding to the building partitions. In
the final verification step the complete CSG tree is fit to the image data. To improve the results, constraints, which
describe geometric relationships between building primitives, are incorporated in the fitting algorithm.

3. PARTITIONING OF A BUILDING

The first step of the actual reconstruction process is the partitioning of a building in simple building parts, which might
correspond to the building models defined in the building library. First, the partitioning is done using only the ground
plan of the building defined in the GIS map. If the ground plan of the building is not a rectangle, then it is divided in
rectangles, called partitions. The line segments created by partitioning are labeled as internal lines, while the origina
house segments are labeled as external lines. A partitioning scheme can be defined as a subdivision of a building into
digoint partitions. These partitioning schemes are generated by sequential merging of the partitions. Two partitions can
be merged if they share a common edge. A building can have multiple partitioning schemes (fig. 2), more or less likely
to occur in reality.

Each of these partitioning schemes will start up a branch in the search tree. The number of possible partitioning
schemes increases with the complexity of a building. Due to the exponential complexity of the tree search, searching all
the paths would be very time consuming. Therefore, we consider only the partitioning schemes that have some support
in the images. The goal is to define a measure of this support and to rank the partitioning schemes based on this
measure. Optimizing the order, in which the partitioning schemes are considered in the search tree, can reduce the
number of partitioning schemes that have to be verified and, thus, the reconstruction time. In this way the most likely
partitioning schemes are evaluated first and then the search is stopped when an optimum building model is found, thus
minimizing the number of unnecessary verification of partitioning schemes.
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Figure 1. a) Conditional probability density P(l; | I,) b) Probability density function of the image line length P(l;)
) Mutual information I(lj; 1)

For ranking partitioning schemes, a metric based on mutual information has been developed. This metric employs
image information, namely image lines. The image lines are extracted using the Foerstner operator [5]. The metric
measures the support that the image lines give to a partitioning scheme. This support should be high for a good
partitioning scheme, and it should be negative if there is no image information to support a partitioning scheme.
Therefore, the best partitioning scheme can be defined as the one with the highest mutual information.
The formulation of mutual information is largely credited to Shannon (1948). Since then, there have been many uses of
mutual information especially in communication theory. In computer vision mutual information was used for relational
matching [21] and for image registration [22].
The mutual information between two descriptions M = {m;, m,, ...} and D ={d,, d,, ... } is defined as the difference
between the self-information and the conditional information [23]:

I(mysd)=1(d)-1(m|d) )
where

[(di)=-logP(d;) and I(m;|d;)=-logP(m |d)
Thus the mutual information can be written as:
P(d, Im)

P(d))

The metric used for ranking of partitioning schemes is based on the formulation of mutual information between the
length of the lines of partitioning schemes and the length of the lines extracted from images. To calculate the mutual
information between an image line length |; and a partition line length |, we have to know the conditional probability
density of the image line length given the partition line length P(l; | 1,). This expression can be given by:

I(m;;d;) =log @
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This function is shown in figure 1a for the building from figure 2. The length of the image line can be at most length of
the projected partition line I,

Since the probabilities of the lines length in the partitioning schemes are known, the probability density function of the
image line length can be calculated by:

p(li):ZD(li 11,)P(,) 4

Figure 1b shows the probability density function of the image line length, without the knowledge of the projected

partition line length.
Conform (1) the mutual information between an image line length and a partition line length can be calculated as:

p(ll ||p)
| ;|A =|log——E=
I(p |) 0og p(l,) (5)
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&) Rank = -5.02 f) Rank = -8.07

Figure 2. &) Lines extracted from image
b) —f) Possible partitioning schemes

Figure 3. Best ranked partitioning schemes selected from
thelist of al possible partitioning schemes

and it is shown in figure 1c.
The rank of a partitioning scheme is given by the sum of
the mutual information between its lines and image lines:

|(P;|D):Z|(|p||i) (6)

Clearly, the external house lines do not provide any
information about a partitioning scheme, therefore their
support can be considered null. On the other hand, the
internal house lines are more important than the external
house lines and thus will have a large impact on the rank
measure. Their support can be computed using (5).
Another criterion that has to be considered at the ranking
of the partitioning schemes is the simplicity, expressed by
Minimum Description Length (MDL) criterion. This
criterion provides a means of giving higher priority to the
partitioning schemes with a smaller number of partitions.
The measure of the simplicity then becomes the number of
bits necessary to describe the partitioning scheme. For an
optimal description this is given by: —log,n where n is
the number of partitions composing the partition scheme.
Hence, the rank of a partitioning scheme is given by:
Rank(PS) = I(P;1D) —logn @)
If the rank of a partition scheme is high enough then the
partition can be classified as standalone partition and it is
not used in further partition merging operations. Thus the
number of partitioning schemes is reduced. Using this
ranking method for ordering the possible partitioning
schemes, we can avoid a blind search of the tree.
An example is given in figure 2. There are five possible
partitioning schemes for that building. These partitioning
schemes together with their ranks are presented in figure 2
b-f. The highest rank was assigned to the first partitioning
scheme. Other examples are presented in figure 3. Here
only the best ranked partitioning schemes are shown.

4. GENERATION OF BUILDING
HYPOTHESES

After the partitioning process the next step is the
generation of building hypotheses. For each partition of the
partitioning schemes different building hypotheses are
generated corresponding to the building models defined in
the building library. To avoid multiple generation of

building hypotheses for a partition included in more partitioning schemes a dynamic programming method is used. The
generated building hypotheses are represented on the last level of the search tree.

The basic building models in the building library are described by parametric models having pose and shape
parameters. For instance to describe a flat roof building 6 parameters are necessary: width, length, height, X, y
coordinates of the building reference point and the orientation in the xy-plane. For a gable roof an extra parameter, the

height of the ridge has to be considered.

The parameters of the model are estimated in a two-step method. First an approximate estimation is done based on the
information from the map and 3D information extracted from images. Afterwards the values of the parameters are

improved by fitting the model to the images.
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5.1 Reconstruction of 3D cornersand 3D lines

For the approximate estimation of the parameters of a building model 3D information are extracted from images. This
3D information consists of 3D corners and 3D lines obtained by matching 2D features extracted from different images.
To cope with the combinatorial complexity of the matching, many constraints have been incorporated in the matching
process.

The constraints used for corner points matching are;

»  Epipolar geometry: the epipolar constraint is applied to restrict the search for correspondences along one line, the
epipolar line.

 Height: The 3D point obtained by triangulation from two 2D corner points must have a height between the
minimum and maximum height of the building. This problem is identical to the determination of the disparity search
range along the epipolar line.

e Ground plan of a building: The 3D point must lie inside or sufficiently close to the ground plan of the building
defined in the map.

The problem of matching line segments is slightly more complex than that of matching points, because the line segment
extraction algorithm often produces different results in the two images. Hence, two line segments generally do not
correspond globally and only contain a subset of homologous points.

The constraints used for line segments matching are:

«  Epipolar geometry: The line segment in one view must
lie at least partialy within a bean defined by the epipolar
geometry and the building height constraints. Consider
figure 4. By the epipolar constraints for points, the match
for A must lie on the epipolar line epl’, defined by A.
Similarly, a match for B must lie on ep2’. By knowing the
height range of building, the search space can be reduced
to the segments on the epipolar lines defined by extreme
height values. Hence, the search space for matching line
segments is limited to a four-corner polygon. Each line Figure 4. Epipolar constraint for matching line segments
segment at least partially inside of this polygon can be

matched with the initial line segment.

e Uniqueness: This constraint imposes that one line segment from the first image has, at most, one corresponding line
segment in the second image (a symmetric constraint applies to aline segment of the second image).

e Order: This constraint assumes the preservation of the order of corresponding lines from the two images.

5.2 Estimation of building model parameters

In the initial approximation the x, y coordinates and the orientation of a building primitive are given by the ground plan
of the building. The width and length parameters are the width and the length of the rectangle corresponding to the
ground plan of the building part. The height of the building primitive is computed taking into account the heights of the
reconstructed 3D corners of the building part. For a gable roof the height of the ridge is considered as the height of the
reconstructed 3D top line if the top lines were detected in both images and the 3D line could be reconstructed.
Otherwise, the approximate position of the projected ridge in the images can be deducted taken into account the
symmetry of a gable roof. Then the 3D ridge can be reconstructed by matching these two approximate line segments.
At this stage the estimation is influenced by uncertainties of the knowledge sources. The uncertainties are due to the
accuracy of the GIS map, the roof extensions, and estimated height [17].

In order to handle these uncertainties, a more precise estimation of the parameters is obtained using a fitting algorithm.
This agorithm fits the edges of the projected wire frame of the model to gradients of the pixels from both images
simultaneously [20]. Thisalgorithmis similar to the one described by Lowe [10].

The fitting method is described as an iterative least-square algorithm. It estimates the changes of the parameter values
that have to be applied in order to minimize the square sum of the perpendicular distances of the image pixels to the
nearest wire frame edge. An observation equation is set up for each image pixel within some range of a wire frame
edge. The linearized observation equation for apixel j can be written as:

K du.
E{Au} = Za—L;Api (8)
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where Au; is the observed perpendicular distance of the pixel to the nearest edge of the wire frame, p, are the model

parameters, K is the number of parameters, and Ap, are the changes of the parameters that have to be estimated. In

order to ensure that the pixels with higher gradients dominate the parameter estimation, the squared gradient of the pixel
can be used as aweight to its observation eguation.

5. EVALUATION OF BUILDING MODELS

The 3D reconstruction of a building can be seen as a tree search. The search space for the best fit building model can be
represented as a tree with the nodes of the tree representing the different building primitive hypotheses.

The root node of the tree represents the initial state, where only the ground plan of the building is known. The first level
of the tree contains all the possible partitioning schemes of the building ordered by their ranks. The second level
contains the partitions corresponding to each partitioning scheme. The last level of the search tree contains the different
building hypotheses generated for each building partition.

Two problems have to be considered at the search of the tree:

»  Definition of an evaluation function to guide the search for the best solution

» Definition of stops criteria, which speed up the search by reducing the search space.

In this section, we describe the definition of an evaluation function.

From the possible hypotheses of a matching between an object model and an image, one wants to select the hypothesis
that maximizes some appropriate metric. Therefore, an evaluation function is defined to measure for the quality of the
match. Usually, an evaluation function is based on error models that describe how an image feature may differ from
what the object model has predicted. Two main categories of approaches for defining evaluation functions can be
distinguished. Ad hoc evaluation functions were used by Ayache [1], Beveridge [2], Grimson [6]. With this approach,
components of the evaluation function are combined using trade-off parameters that are determined empirically. Other
class of evaluation functions is based on statistical theory. Match quality measures are often defined using Bayesian
probability theory ([14], [19]). Our evaluation function belongs to this latest category, using a mutual information based
measure.

The evaluation function defines the score of matching between the hypothesized building model and the images.
Matching can be seen as a communication problem, where the model description M = {m;, m,, ...} is transmitted
through a communication channel into the image D = {d,, d», ... }. The image data will be similar to the model data but
sometimes it is corrupted due to occlusions, noise, etc. The similarity between the two descriptions can be measured by
the mutual information I(M; D).

A lot of work has been done on computing matching scores. Generally, one can distinguish between feature based and
intensity based approaches. The feature-based methods require segmentation of the images before the matching process.
However, usually the segmentation needs selection of a threshold. In addition, the extracted features are influenced by
noise, bad contrast and occlusions in the image.

To overcome these problems we do the matching between the model and the images and the evaluation of the matching
at the lowest level of abstraction, namely at pixel level. The attributes dealt with at this level are gradients. Another
advantage of our evaluation function is the simplicity. The distribution of the gradients at random image points P(grad))
and the conditional distribution of the gradients along the projected roof edges P(grad; | point,,) can be determined by
training (see section 5.3). These distributions are shown in figure 5a, b. Thus, the mutual information between an image
pixel and the corresponding model point is given by:
P(grad, | point,, )

I (point,,; point;) =log
P(grad,)

€)

and it isshown in figure 5c.

Our evaluation function gives a positive response where points match with high confidence, a negative response where
there is a clear mismatch and zero response in the points where there is neither evidence for match nor evidence against
amatch.

The mutual information for amodel line is found by taking the sum of the points of the line:

I(line,;line) = Zn [(point,.; point,) (10)
point,, Lline,,

The total information for a building model in both images is given by the sum over al points on al projected model
linesin al images:
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R P(grad; | point,,)
I(M;D)= Zu% Z log—P(gradi) (112)

point,,

51  Minimum Description Length Principle

The goal isto select the model M; from alist of modelsM ={ My, M,, ... }, which best fits the image data, knowing the
transformations. If all the models have had the same complexity, this could have been achieved by choosing the model
with the highest mutual information. But the mutual information between a model and the image data increases with the
complexity of a model. Therefore, the mutual information between different building models and image data are not
directly comparable and cannot be used as an evaluation function.

The problem can be solved using the MDL principle. This principle selects the model M; with the shortest complete
description of the data, thus the model which minimizes L(D|M;)+L(M;).

If the code used for the description is optimal, the length of the description is equivalent to its information content.

L(Mi) =1(M;j) and L(D [M;) =1(D | M;) (12)
Thus, the minimum description length principle minimizes:

I(D|M;)+L(M) (13)
By using the definition of the mutual information:

I(D; M;) =1(D) - I(D [ M;) (14)
the formula (13) can be expressed as.

L(M)+I(D)-I(D; M) =>min (15)

Sincel( D) is constant, the expression I(D; M;) - L(M;) has to be maximized.
Therefore, it follows that the best model is given by:
M, : max(I(M;;D) -L(M,)) (16)
I

opt

and the expression Score(M;)=I(M;;D)-L(M;) can be used as an evaluation function for the matching between building
model and image data.

5.2 Relation MAP and MDL

It can be shown that the MAP (maximum a posteriori) and the MDL principle lead to the same solution [18].

The maximum a posterior strategy selects the model M; that maximizes the conditional probability of the model given
the data D, P(M; | D).

By using Bayes formula:

P, |D) = PCIMIPMM,) a7
P(D)
since P(D) is constant, MAP states that P(D | M, )P(M,) has to be maximized.
The minimum description length principle minimizes (13)
I(D[M;)+1(M))
This can be written as:
250 3
254
200 4 2|
=) 3 151
g E 150 3 1
< o) bl S
?? % -0.5 4 20 40 60
50 -
T y -15
0 20 40 0 — e, 24
grad 0O 20 40 60 80 100 120 140 -25
grad grad
a) b) C)

Figure 5. @) Gradient distribution P(grad;) b) Conditional probability density of the gradient P(grad;|point,,)
¢) Mutual information I(point,; point;)
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I(D[M;)+1(M;) = -logP(D|M;) ~logP(M;)
=-logP(D|M;)P(M,) =>min
Hence, MDL maximizes P(D |M,)P(M,) like MAP.
The first term of (17), P(M; | D) can be compute, while the second term P(M;) cannot be specified easily. The simplest
specification of the prior probabilities is that they are al the same, i.e. P(M;) is a constant. This leads to the maximum
likelihood strategy of choosing M; that maximizes P(M; | D). In case that no information about the a priori probabilities

is available, instead of MAP criterion MDL criterion can be used, since MDL does not require the definition of a priori
probabilities.

(18)

5.3 Density estimation

In order to calculate the score function for matching between a building model and the image data as defined in (16), we
need to know the a priori probabilities P(grad;) and the conditional probabilities P(grad; | pointy,).

In estimating the densities we don’t know the shape of the density function which describes the data. Therefore we have
to use non-parametric techniques. The easiest and the fastest method is histogramming. In this method, the frequency of
sample points in each bin are counted and then normalized so that the histogram frequencies all add to one. One
alternative to the histogramming could be Parzen window density estimation [22].

The probabilities of the gradient at random image points can be obtained directly from the images. The gradient
distribution is determined as the histogram of the gradient values in the regions of the images where there is a building.
The delineation of these regions in the images was described in [17]. The obtained a priori probability P(grad;) is shown
infigure 5a.

The conditional probability density function of the gradient along the projected roof edges can be determined from
training matches by analyzing the probabilities of gradients in these training matches. Some image lines corresponding
to model lines are selected manually. Next, the histogram of the gradient values along these lines is computed. The
obtained conditional probability density function P(grad; | point,,) is shown in figure 5b.

Knowing these two distributions, the mutual information can be computed conform (9) and thisis shown in figure 5c.

6. CSGTREEFITTING

In the final verification step the complete CSG tree will be fit to the image data. In the previous stages of our method,
the building models corresponding to different building partitions were treated as isolated objects. The results can be
further refined if contextual information is utilized. The fact that the building models contained in the CSG tree form a
complex building can be seen as contextual information. Between the building models of a complex building many
geometric relationships can be identified, which congtitute very valuable information. Therefore, the globa fitting
algorithm performs a simultaneous adjustment of the building models contained in the CSG tree taking into account the
geometric relationships between them.
The geometric relationships between building models can be represented by constraints. In the parameter estimation
process, these constraints mean that the parameters of different building models are correlated with each other. The
usage of the constraints reduces the degree of freedom of some parameters, therefore the precision of the parameter
estimation is increased.
Consider the building from figure 9a, composed from a main part and a small attached shed. The estimation of the
parameters of the small building extension can produce problems.
By imposing the constraint that the shed is connected to the main
building, its parameters can be estimated more precisely, since
much information can be derived from the main building.
a) In our building reconstruction system the following types of
] constraints are used:
» Parameter constraint: establishes a relation between two
parameters of two building models. For example, two building
models have the same orientation.

b) c) «  Connection constraint. One edge of a building model lies on
Figure 6. Constraints &) Connection constraint one of edges of the other building model (figure 6a).
b) Corner constraint c) Extension constraint * Corner constraint. Two building models share a common

corner (figure 6b).
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e Extension constraint. Two building models share a common edge (figure 6¢).

Constraints can be implemented as either hard constraints or soft constraints. A hard constraint imposes a relation in any
condition, while a soft constraint allows small relaxation in the specification of the constraint.

Our goal is to integrate the constraints in the fitting algorithm (8) used to estimate the parameters of the building
models. We have chosen to implement the constraints as soft constraints. A soft constraint can be implemented in a
least-square adjustment as weighted observation with a standard deviation. The weight specifies the strength of the
constraint in the adjustment.

At each iteration of the parameter estimation, the constraints are linearized in the neighborhood of the current estimate
and then included together with the observations equations corresponding to the image pixels in the estimation of the
parameters of the building.

7. RESULTS

The test data consists of high resolution aerial images with the scale of 1:3000. The interior orientation parameters of
the camera and the exterior orientation parameters of the images are known. A 2D GIS map containing the ground
planes of the buildings is given. In our current implementation, three hypotheses are generated corresponding to a flat
roof building primitive and two gable roof primitives with different orientations. Therefore we can reconstruct only flat
roof buildings, gable roof buildings or buildings formed by combining these two building types. However, the building
library can be easily extended with other primitive building models. Also, we assume that the buildings have only 90°
corners. This is actually a limitation of the models defined in the building library, since the current models require
rectangular base.

The first experiment was to generate building hypotheses for simple buildings composed by only one building primitive
and to select the right building First building hypotheses derived from outlines of building footprints from the map are
generated corresponding to the building models from the building library. Next, the building hypotheses are fit to the
image data. The scores computed for matching the hypotheses against the images are used to choose the best model.
The resultant building models projected back into one of
the images are presented in figure 7. The evaluation
function based on mutual information reliably selects the
correct model. The building models are reconstructed
correctly even though some of the roof edges have very
bad contrast.

Next, we tested our approach on complex buildings. First,
the partitioning of the building into building primitives
based on the ground plan was performed. Then, for each
resultant building primitive, hypotheses were generated.

Scorena = -185.3 Scoreya = 251.6 Evaluating the partition schemes we found that the
SCorege = 618.7 _| SCOr€gpie = -365.2 partition schemes presented in figure 8, 9 are the best ones.
Figure 7. Reconstruction of smple buildings Figure 8 shows the improvement gained by integrating

geometric constraints between building models in the
fitting. When fitting without constraints the two building
models are not connected to each other, there is dlight
difference in their orientation (figure 8a). This problem is
solved by introducing the connection constraint between
the two building models. The evaluation score increased
from 794.1 at the fitting without constraints to 851.1 at
constrained fitting.

Figure 10 shows the results obtained by applying our
approach on an entire scene. Artificial vertical walls were

a) b) added to the automatically extracted 3D models of the
Figure 8. Refined reconstruction of a building. roofs. .
a) Reconstruction without constraints Score = 794.1 The results from the proposed approach are encouraging.
b) Reconstruction with constraints Score = 851.1 The method worked well even in difficult conditions,

where feature based approaches would have failed. The
constraints incorporated in the primitive building models
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contribute to the robustness of the method.
Hence the reconstruction has a high
redundancy and can succeed even in difficult
conditions.

8. CONCLUSIONS

A knowledge-based approach for automatic 3D
‘ reconstruction of buildings from aerial images
a) b) was presented. The 3D reconstruction of
buildings was described as a search tree. The
generation of the search tree containing the
multiple  consistent  building  primitive
hypotheses was described. To search the tree
two metrics based on mutual information were
defined. A metric orders the building
partitioning schemes such that the most likely
is presented first for verification to the search
tree. Another metric alows comparison and
evaluation of different building hypotheses.

9 d) This metric is unique in that it compares 3D

building models directly to raw images. No

Figure 9. Reconstruction of complex buildings. a, ) Partitioning preprocessing or edge detection is required.
schemes with the highest scores projected back into images. The metric has been rigoroudy derived from
b, d) Vrml models corresponding to these partitioning schemes information theory. The results showed the

usefulness of the mutual information as
evaluation metric. This technique works well in
domains where edge based methods have
difficulties.

Future work will be directed towards the
definition of the expected amount on mutual
information needed for a reliable matching.
Thisis going to be used as stop criteria for the
tree search in order to speed up the search. The
reconstruction can be further speed up by
incorporating more knowledge for partitioning
the buildings.
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