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Abstract

We propose a methodology for reconstructing large–
scale architectural scenes from low–altitude aerial images,
in an efficient, accurate and fully automatic way. Towards
this goal, we have developed an area–based segmentation
technique, called Colored Watershed, that is particularly
suited to segment objects with homogeneous photometric
properties, which are typical of such scenes. This tech-
nique is now being combined with a dense–stereo method
biased towards depth discontinuities near the edges of the
segmented objects. In a final step, parametric models of
these segmented objects will be instantiated and directly ad-
justed to the multiple images available to generate a mixed
surface and elevation map for each scene.

1. Introduction

In this paper we consider the problem of recovering
the 3D structure of a metropolitan area from a set of im-
ages of this area acquired from viewpoints where the ef-
fects of perspective foreshortening and occlusion are sub-
stantial. The widespread use of Geographical Information
Systems (GISs) and the recent advances in the area of Tele–
Presence [16, 15] have stressed the practical importance of
reconstructing architectural structures from images. Con-
sequently, this general problem has been extensively stud-
ied by the Image Processing, Computer Vision and Graph-
ics communities. In reality, widespread scientific interest in
this theme dates back to the ������� century, when it was one
of the central questions studied in Photogrammetry [11].

Unfortunately, this diversity of efforts has led to a myr-
iad of alternative solutions to the problem, rather than to a
universal, well–established methodology. The more GIS–
oriented literature (e.g. [10]) tends to work with (approx-
imately) orthographic images, captured from high altitude.
While this eliminates or at least reduces to a minimum the
difficulties caused by perspective foreshortening and occlu-

sion, it requires the use of expensive, high–resolution equip-
ment in the image–capture procedure, or it limits strongly
the resolution of the data obtained.

The Computer Vision community, on the other hand, has
dedicated a great deal of effort towards the development of
general–purpose 3D reconstruction algorithms. In particu-
lar, a major breakthrough in this area was the recent devel-
opment of Space Carving and other scene–space reconstruc-
tion techniques [14, 4, 20, 9] that are guaranteed to obtain
globally consistent solutions even in the presence of sub-
stantial occlusion. Once occlusion has been handled at this
global level, the reconstructions can be fine–tuned through
the use of dense stereo techniques that tolerate depth dis-
continuities [19, 21, 6, 17]. A caveat, if one feels tempted to
use this kind of approach, is the high price of generality: not
only are these techniques quite expensive computationally,
but they fail to make use of any specific prior knowledge
about aerial images of urban areas in order to obtain more
accurate reconstructions.

The benefit of using prior knowledge in the reconstruc-
tion process has been demonstrated quite dramatically by
the high–accuracy architectural modeling techniques devel-
oped within the Graphics community, such as Façade [8].
However, in these approaches the degree of manual inter-
vention in the reconstruction process is high. While this
works fine for the modeling of individual buildings, it can
render the modeling of entire cities very cumbersome.

The ultimate goal of the work described here is to com-
bine contributions of these various communities into a al-
gorithm designed specifically to reconstruct large–scale ar-
chitectural scenes from low–altitude aerial images, in an
efficient, accurate and fully automatic way. Towards this
goal, our strategy is to use pieces of prior knowledge that
are valid for a large set of architectural scenes — in contrast
to a priori geometric models of each particular building, as
in Façade — to constrain and guide the 3D reconstruction.

More specifically, we exploit the fact that architectural
scenes typically contain a large number of objects with ho-
mogeneous photometric properties (roofs, walls, pavement)



Figure 1. Rectified stereo pair created from shots taken 4 seconds apart in a low–altitude flight (1,500
feet relative to the ground) performed over the city of Belo Horizonte, MG, Brazil.

in order to develop an especially tailored technique, named
Colored Watershed, to segment these objects in individual
images. Given this initial segmentation, we can then mod-
ify existing dense–stereo algorithms in order to make them
strongly biased towards depth discontinuities near the edges
of the segmented objects. Finally, given a dense elevation
map for the entire scene obtained in the step above, we ex-
ploit the fact that architectural scenes typically contain a
large number of polyhedric objects (buildings, streets), in
order to fit data–driven, parametric models of these objects
directly to the multiple images available.

This last step is motivated by the recent work of Yezzi
and Soatto [24], which has demonstrated that segmenta-
tion and 3D reconstruction are dual problems that should be
performed simultaneously, for optimal accuracy. Contrary
to their technique, however, the algorithm that we propose
here does not assume that a reasonable initial estimate for
the shape of each object in the scene is available a priori: it
works from the raw images, building these shape estimates
through the use of special–purpose segmentation and stereo
techniques and then it refines them in a final image–driven,
optimization step.

Thus, the key contributions of our methodology can be
summarized as follows: (1) it allows constraints from mul-
tiple viewpoints to be used simultaneously, in order to in-
crease the accuracy of the final segmentation of polyhedric
structures; (2) it leads to more accurate reconstructions than
general–purpose dense stereo, by exploiting prior knowl-
edge about general properties of architectural scenes; (3) it
allows high–precision parametric model fitting to be per-
formed in a fully automatic way; (4) it ultimately solves the
segmentation and reconstruction problems jointly, for opti-
mality; (5) it yields scene descriptions more compact than

depth maps alone, yet are as general as them, since residual
depth maps are used to represent non–polyhedric structures.

Before we start discussing the specifics of our methodol-
ogy, we want to stress the fact that this paper describes work
that is still in progress. In Section 2, we state the general al-
gorithm of our approach, and in Sections 3 to 5, we describe
the major components of this algorithm. While Section 3
describes work that has been completed and is backed by
empirical evidence, Section 4 and, especially, Section 5 are
more theoretical and still need to undergo rigorous experi-
mental validation.

2. The Reconstruction Algorithm

It should be clear from Section 1 that a major goal of
our methodology is to make the image–capture procedure as
simple and affordable as possible. While, for instance, Dig-
ital Elevation Maps (DEMs) and Digital Ortophoto Quad-
rangles (DOQs) of most metropolitan areas in the U.S. —
with resolutions on the order of ten meters — can be pur-
chased from the U.S. Geological Survey, access to elevation
data of poor countries — even at this modest level of res-
olution — is not so universal. With this scenario in mind,
we developed an algorithm that, given as input a sequence
of pictures acquired with an off–the–shelf megapixel digi-
tal camera attached to a small airplane flying at low altitude
over an urban area, is capable of producing a mixed surface
and elevation map for this area covered in the flight.

In Figure 1, we show two consecutive frames of a data
set acquired as described above. Two important aspects of
this data set are the existence of significant and unknown
camera motion from frame to frame, and the large overlap
between the areas covered by consecutive images. The ab-



sence of a priori knowledge about camera motion means
that this information must be recovered directly from the
data, before dense–stereo techniques can be used to gener-
ate DEMs. Fortunately, the large frame–to–frame overlap
means that we can perform this task in a fully automatic
fashion, through the use of the various epipolar–geometry
recovery techniques available in the Computer Vision liter-
ature (e.g. [12]), modified to operate with robust metrics.
This observation, together with the general ideas discussed
in Section 1 leads to the following reconstruction algorithm:

1. For each image:

(a) Perform area–based segmentation of salient, uni-
formly colored / textured image regions;

2. For each pair of images:

(a) Recover the pair’s epipolar geometry and use it
to rectify the images;

(b) Apply a dense stereo algorithm with a bias to-
wards depth discontinuities at the boundaries of
the regions segmented in Step 1a;

(c) Find stereo correspondences between segmented
regions, using the depth map output by Step 2b;

(d) Approximate each region matched in Step 2c by a
polygon; fit this polygon directly to the input im-
ages; if the residual error in the polygon’s image
projections is smaller than a pre–defined thresh-
old, use it to replace the region’s depth map;

3. Combine all partial reconstructions obtained in the it-
erations of Step 2 into a unique 3D model.

While all steps in the algorithm above are non–trivial,
solutions to Steps 2a [18], 2c [23] and 3 [7] are well known.
In the following sections, we will focus on how to accom-
plish the less well–established steps 1a, 2b and 2d.

3. Segmentation

The goal of the initial segmentation step in our algorithm
is to isolate simple architectural structures such as roofs,
walls and pavement, allowing the posterior application of
specific, more accurate reconstruction techniques on the ar-
eas covered by these structures. In order to accomplish this
task, we use a specially tailored, area–based segmentation
algorithm known as Colored Watershed, which extends the
more traditional Watershed segmentation algorithm [2, 1].

The basic principle of Watershed segmentation is illus-
trated in Figure 2. Initially, an edge–detection filter is ap-
plied on the input image, producing as output an “edgeness”
profile, i.e., a monochromatic image where the intensity of
each pixel is proportional to the likelihood of existence of
an edge at that position in the original image. Watershed
segmentation treats this “edgeness” profile as DEM, where

Figure 2. Watershed segmentation.

brightness values represent altitude. A simulation is then
performed where the terrain represented by the DEM is
gradually flooded with water, which gives rise to “lakes”.
The borders of the “lakes” whose volume, surface area and
depth satisfy certain pre–defined restrictions are then used
as the segmentation boundaries in the original image.

Typical results obtained when this algorithm is applied to
aerial images of urban areas, with different volume thresh-
olds, are shown in Figures 3b,c. In both cases it can be
observed that Watershed segmentation mistakenly breaks
large structures such as the paved streets into several smaller
regions. This happens due to a failure of the algorithm in
situations where a “watershed” submerges into the rising
water and two “lakes” that had been growing independently
suddenly get in contact. At this point, the algorithm must
decide whether the two “lakes” must be kept separate or
whether they must be joined. In the traditional algorithm,
this decision is based solely on attributes such as volume,
surface area and/or depth of each “lake”, which leads either
to improper segmentation of large, homogeneous structures,
or to improper grouping of small, distinct structures.

Our contribution to ammeliorate this difficulty is to in-
troduce an additional color similarity criterion on the tests
performed to decide whether contacting “lakes” should be
joined or not. The resulting algorithm, which we denom-
inate Colored Watershed segmentation, has a strong bias
towards grouping homogeneously colored regions, even if
they are already very large. The result obtained when this
algorithm is applied to the same aerial image used to test
its traditional couterpart is shown in Figure 3d. Notice the
difference between the way in which the larger structures
are segmented in this figure and the way that they are seg-
mented in Figures 3b,c.

4. Dense Stereo

Dense stereo is a huge optimization problem. It amounts
to finding what is the mapping between individual pixels
of one image and corresponding pixels of a second im-
age that minimizes some pre–defined global matching er-
ror. Research in this area has largely focused on finding re-
strictions on the set of possible mappings suficiently strong
to make the problem manageable under various degrees of
computational–power limitation [19, 21, 6, 17].



(a) (b)

(c) (d)
Figure 3. Watershed segmentation results. (a) Input image, (b-d) results with a small volume thresh-
old, with a large volume threshold, and with combined volume and color thresholds, respectively.

Methods that are specifically designed to allow disconti-
nuities in the mapping at occlusion boundaries tend to be
more accurate than those that enforce smoothness every-
where, but also tend to be much more expensive computa-
tionally, because they have to “search” a much larger space
of possible mappings to find the optimal solution to the
problem. Here, we propose a compromise between these
two extremes, in which discontinuities are allowed, but only
near segmentation edges previously computed according to
the methodology of Section 3.

So far, we have used this idea in a preliminary imple-
mentation of a stereo algorithm that takes as input a pair of
rectified images and performs one independent optimization
for each pair of corresponding epipolar lines. Using the or-
dering constraint [17], it reduces the problem of finding the
mapping for each epipolar line to a shortest path problem
that can be solved efficiently via dynamic programming.

In Figure 4 we display the results obtained when three
variants of this dynamic–programming algorithm are ap-

plied to the stereo pair of Figure 1. The depth map in Figure
4a is the result obtained when the a priori segmentation is
disregarded and it is assumed that depth is continuous ev-
erywhere. Although this variant correctly “highlights” the
major architectural structures such as the tallest buildings,
it tends to blur the actual occlusion boundaries, which is a
typical shortcoming of most dense–stereo techniques.

This should be contrasted with Figures 4b,c, where
jumps in disparity are allowed within each epipolar line,
but only at the previously computed Watershed segmenta-
tion boundaries. More specifically, part (b) is the result ob-
tained when the segmentation information is used to correct
the depth map of part (a) a posteriori, so that depth becomes
constant within each segmented object and possibly discon-
tinuous at the object boundaries. Part (c), on the other hand,
is based on the use of segmentation information on–the–fly,
as one of the criteria that define the shortest path sought by
the dynamic programming algorithm.

While both approaches reduce the blurring of actual



(a) (b) (c)
Figure 4. Depth maps recovered by applying dense stereo techniques to the images in Figure 1.

depth edges significantly, the variant that uses the segmen-
tation boundaries on–the–fly in general makes better judg-
ments about relative heights of the buildings. It does pro-
duce absurd results within the regions that appear in the left
(reference) input image but are occluded in the right input
image, but this is a shortcoming of our preliminary imple-
mentation, not a fundamental limitation of the technique.

This problem arises because our current implementation
does not try to identify occlusions. It always tries to find
a match for every pixel within each epipolar line of the
reference image. Within regions that are occluded in the
other image, this choice of best matches is uncorrelated
with the scene’s actual 3D structure. And, to make matters
worse, in our implementation no consistency is enforced
between consecutive epipolar lines, which leads to absurd
high–frequency variations in the vertical direction, as ob-
served in Figure 4c. By embedding our idea of using seg-
mentation boundaries on–the–fly within a stereo algorithm
that models occlusions explicitly and that favors reconstruc-
tions that preserve continuity between epipolar lines (e.g.
[17]), we should be able to overcome this kind of difficulty.

5. Fitting Parametric Models to Images

The techniques discussed in the last two sections are
used, among other things, to create parameterized planar
approximations of objects such as roofs, walls and pave-
ment. A last major technical hurdle in our methodology is
to use the input images to perform high–precision refine-
ment of the geometrical parameters and the segmentation
of these planar approximations. Fitting 3D planes directly
to images is an idea that has been used with a great degree
of success both for motion recovery [25, 13] and for shape
recovery [5, 22] — although in the later case we are not
aware of any effort towards refining the segmentation of the
planar patches during the reconstruction process.

The common basis of all such techniques is the fact that
any two perspective projections of a single plane are related
by a very simple geometric transformation — a homogra-
phy that can be represented as a 	�
�	 matrix [22]. If a plane
is described by the general equation 
�������� , where 
 and� are, respectively, a column vector representing the plane’s
normal, and a scalar representing its distance from the ori-
gin, then under the projective transformation performed by
a camera with a 	�
�� projection matrix � � ��� , each 3D
point � in this plane is mapped to a pixel � by:

��� �!�#"$�%� �#�'&(��
 � " (1)

where � is expressed in homogeneous coordinates, and all
equalities are up to a homogeneous scaling factor. Since the	)
�	 matrix � is, in general, invertible, a direct mapping
between corresponding pixels ��* and �,+ in any two projec-
tions of a plane is given by

� + �-� + �/. ** � *10 (2)

Thus, a Maximum–Likelihood Estimator for the plane’s pa-
rameters, given the two images, can be obtained by mini-
mizing in a least–squares sense the error vectors 243 formed
by the differences between the band intensities of the 5 –th
pixel in the first image and its match in the second image
under Equation 2.

A problem with this approach is that points that do not
belong to the object’s plane, or that are occluded in one of
the images, can not be matched, generating large errors in
the alignment between the two images and potentially re-
ducing the accuracy of the final solution obtained. A way
of overcoming this difficulty is to use a robust error met-
ric, which imposes a pre–defined maximum limit on how
much individual pixels can influence the alignment process
[3]. This allows not only a more reliable registration be-
tween the two images, but also the automatic identification
of the unmatched pixels and, consequently, the automatic



refinement of the object’s segmentation, as a side effect of
reconstruction.

More specifically, we refine the initial description of the
object’s plane, obtained from the scene’s segmentation and
from the depth map computed with dense stereo, through
the minimization of the following robust error metric [3]:

687:9<;>=1?<@BA CD7�EGFH?I;$CD7JE8FH?K@ E8FMLNEGF
OQP E F LNE F ; (3)

where O is an empirical parameter that controls the thresh-
old of influence of individual pixels — the smaller O is, the
smaller is the influence of outliers on the error metric.

After the robust error metric defined in Eq. (3) is mini-
mized — using Levenberg–Marquardt’s method — a pixel
is identified as an outlier if its contribution to the total error
is greater than OSRUT V [3]. Pixels identified as outliers are
then excluded from the object’s boundaries and their contri-
bution to the error function is ignored.

6. Conclusion

The general methodology presented in this paper is a
road map for our ultimate goal of obtaining accurate re-
constructions of large–scale architectural scenes in an af-
fordable and efficient way. In addition to this general plan,
we have discussed in detail how the major technical hurdles
in this task can be overcome. Although this paper reports
work that is still in progress, one of the three major hur-
dles between us and our goal has already been overcome,
as evidenced by the results that we presented for the area–
based segmentation, and we are optimistic about our ongo-
ing work on the other two.

This research has been supported by CNPq, by
Fapemig and by PRPq-UFMG (Fundo Fundep RD).
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