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Figure 22. Fort Hood - Scene 4
structures yet. The rectangles verified however, represent alarge
majority of the components of the 40 or so structuresin theimage.
Portions of the dark building on the lower right part of the image
were only weakly hypothesized and thus, not selected for verifi-
cation.

Figure 23. Modelboard image

6 Conclusion and futurework

We plan to continue to extend our current system to detect the
visible sides of buildings from oblique views of the scenes. This
requires additional work un the use of the OTV that can be locat-
ed. Thiswill allow ustorely less on the shadow evidence, asit be-
comesmore difficult to establish object to shadow correspondenc-
es. With oblique views, the shadows are likely to be occluded by
the objects themselves or fall onto regions that belong to nearby
structures. Currently we assume that the detected and verified
structureslay on the ground. Some structures however arelocated
on top of other structures. That level of refinement of the descrip-
tion requiresan additional step in our system and is one of the sub-
jects of our current and future work.

Figure 24. Verified Buildings
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Figure 17. Modelboard - Scene 2 (oblique)
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Figure 18. Modelboard - Scene 3
bitrary viewpoint.

Figure 19 shows another oblique view including some simple
buildings. Note that the considerable fragmentation of the roof
boundaries due to the features, such as windows, on the visible
sidesistolerated well and reconstructed properly by the colinear-
ization grouping.

Figure 20 showsabuilding in Ft. Hood, where some of the de-
tails of one of its sidesis visible, apparently doors. These and the
vehicles parked on the other side result in highly fragmented
boundaries. The parallelograms verified by shadows include one
that is formed from various aligned parked trailers which collec-
tively cast a shadow. The small parallelogram on the bottom has
astrong shadow junction corresponding to an actual narrow shad-
ow cast by avehicle. The lower wing of the building has a strong
line and a corresponding medium junction. Therest of the shadow
isdiffused and isvisible asa“dark” region adjacent to the build-
ing wings with no definite boundaries.

In Figure 21 the I-shaped building has no strong evidence of
shadows. The parallelograms are weakly validated on the basis of
a strong region which up a given maximum search distance re-
mains “strongly” dark.

Figure 22 shows agroup of small buildings arranged in apar-
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Figure 21. Fort Hood - Scene 3

allel fashion, and surrounded by other parallel structures. In spite
thelarge number of hypothesesthe system isableto select therel-
evant ones.

Finally, in Figure 23 we present an image from the RADIUS
modelboard set containing a large number of structures (about
40). The system forms 1,724 hypotheses and selects 177. Some
rectangles are selected but not verified. These correspond to dark
low buildings with asmall shadow that becomes merged with the
building roof, and thus harder to verify. The system verifies 112
hypotheses on the basis of shadow evidence. Those verified on
weak evidence (no object-to-shadow correspondences were pos-
sible) are excluded form the set of 75 shown in Figure 24. We
have not implemented a step that combines these rectangles into
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Figure 13. Windows to search for shadows

._evidence _ _ _
quires that a minimum amount of the different kinds of evidence
be present. Very high confidence requires that every kind of evi-
dence be detected. Very low evidence is reported when no geo-
metric correspondences can be established but the presence of a
region, adjacent to and darker than, the parallelogram region it-
self, isfound. The parallelograms selected on the basis of shadow
evidence are shown in Figure 14.

Figure 14. Verified parallelograms

Use of shadow evidence

The parallelograms verified by shadows are used to generate
an image containing the corresponding regions. The pixel values
inside these regions encode the estimated height (as a function of
the estimated shadow width and the sun incidence angle), thus
giving an “elevation map” of the scene. Thisimage can be viewed
from an arbitrary viewpoint. The transform that projects the 3-D
scene onto the 2-D screen for viewing can then be used to collect
the pixel values from the input image, and use them to “paint” or
render the various regionsin the elevation map. Other 3-D repre-
sentations such as wire frame models, can also be easily derived
from the knowledge associated with the detected and verified par-
alelograms. A 3-D rendered arbitrary view computed from the
paralelograms verified in our Ft. Hood exampleis shownin Fig-
ure 15.

Figure 15. 3-D view from another viewpoint

5 Reaults

Our system has been tested on anumber of examples provided
by the RADIUS program with very good results. We show afew
to demonstrate the performance of our system and point out some
of the sources of problems. As part of the RADIUS program, the
system has aso been ported to run on Unix workstations and
transferred to two industrial sites and tested on some operational
imagery. The results have been very promising and potentialy
useful to the intended users. The speed of processing is a limita-
tion however. It takes from 2 to 5 minutes to process a 512x512
image containing afew buildings. A 1320x1100 image with about
40 structures takes about one hour on a Sparc10/30. USC has cur-
rently agroup working on parallel implementation of vision algo-
rithms such as our system.

In the following figures, (a)shows an image, (b) the line seg-
ments extracted from it, (c) the linear structures and junctions
computed, (d) the parallelograms hypothesized, (e) the selected
hypotheses, and (f) the hypotheses verified by shadows. In partic-
ular, note figure (€), the excellent performance of the new selec-
tion technique. In the absence of shadow information, the selected
parallelograms can be matched by our system if stereo views are
available, thus providing verification and a 3-D model.

Figure 16 shows a set of four buildings and part of another.
Thedifficulty hereiswith the building with the patterned arrange-
ment of small objectson theroof. The shadows cast by thesereach
one side of the building causing it to be very fragmented. The
shadow occluding the top left corner of the building and the poor
boundary definition on the top right are also a source of difficulty.
Accurate junction information can not be established and the sys-
tems must hypothesize a portion of the building. The strong shad-
ow cues however help form parallelogram hypotheses for most of
the building

a|.r

r

o

\igh, e,
mlo o

Figure 16. Modelboard - Scene 1

Figure 17 shows an oblique view of two dark buildings. The
boundaries between dark buildings and shadows usually have low
contrast and are difficult to detect.

Figure 18 shows a complex building with numerous rectan-
gular components on the roof. We are able to exploit the presence
of strong shadow evidence here. It allowsthe system to form ahy-
pothesis for the entire building in spite of the broken and frag-
mented boundaries. Note that the selection mechanism is able to
select most of the rectangular components on the roof as well.
Figure 189 shows a3-D rendered view of the building, from an ar-



4.1 Shadow analysis

By shadow analysis we mean the establishment of correspon-
dences between shadow casting elements and shadows cast, and
the use of these correspondences to verify and model 3-D struc-
tures. We assume that the ground surface in the immediate neigh-
borhood of the structure isfairly flat and level. The shadow cast-
ing elements are given by the sides and junctions of the selected
parallelogram hypotheses. The shadow boundaries are located
among the lines and junctions computed earlier from the image.

There areanumber of difficultiesthat prevent the accurate es-
tablishment of correspondences however. Building sides are usu-
aly surrounded by avariety of objects such asloading ramps and
docks, grass areas and sidewalks, trees, plants and shrubs, vehi-
cles, light and dark areas of various materials. Nearby structures
may reflect light into the shadowed areas making the objectsin it
more visible, and so on. To deal with these problems we have
adopted the following definitions, criteria and geometric con-
straints to analyze the shadows adjacent to parallelograms (see
Figure 11):
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Figure 11. Shadow features

Strong junctions: Matching junctions along the direction of
illumination, having a consistent shape and a consistent attitude.
These junctions constitute the strongest monocular cue to the
presence of a 3-D structure. We use knowledge of these corre-
spondences also to help form and select parallelogram hypothe-
Ses.

Strong lines: Shadow boundaries cast by vertical object edg-
es. We use this evidence al so during hypotheses formation and se-
lection.

Medium lines. The parallelogram sides that are supposed to
cast shadows must have corresponding shadow lines.

Medium junctions: The junctions formed by strong and me-
dium lines, found along the direction of the strong lines.

Weak junctionsand lines: Junctions and breaksin the shad-
ow boundaries between the strong and weak junctions.

Strong regions. Dark regions surrounded by strong and me-
dium junctions. Werequirethat thisregion be darker than the par-
alelogram region regardless of their gray level.

Weak regions: In the absence of geometric correspondences
of junctions and lines, a dark region adjacent to parallelogram,
consistent with the direction of illumination.

4.2  Shadow process
The shadow process consists of four steps:

Extraction of potential shadow evidence

Potential shadow evidence consists of lines, junctions and in-
tensity statistics. We extract the following:

e Lines parallel to shadow boundaries cast by vertical
edges. They represent potential shadow lines cast by 3-
D structures in the image.

e Lineshaving their dark side on the side of the illumina-
tion source are potential shadow lines.

« Junctions among the lines above.

» Pixel statistics to compare relative brightness.

The potential shadow lines and junctions extracted from the
linesin our Ft. Hood example are shown solid in Figure 12. The
underlying edges are shown in gray.

Figure 12. Potential shadow lines and junctions

Sear ch for shadow evidence

For each parallelogram we look in a search window (dashed
lines in Figure 13) and collect al the potential shadow evidence
init. The search distanceis arbitrarily chosen as a function of the
maximum expected building height and the sun incidence angle.
There is the possibility that lines, not relevant to the current par-
allelogram, be included. They however, have a reduced effect in
the presence of the real evidence.

We favor medium and weak linesthat are parallel to the par-
allelogram side. In some cases there may be various sets of lines,
all parallel to the building side but at various distances from the
parallelogram side. This is actually a common occurrence since
many side walks, grass areas, streets, vehicles and so on, will be
found to be arranged or located parallel to building sides. In this
case we choose those shadow lines at the distance from the paral -
lelogram side such that the sum of their lengthsis greater, but not
exceeding the length of the parallelogram. We determine the
width of the shadow by averaging the distance to the lines select-
ed. The selected evidence isthen considered to surround the shad-
ow region. We compute the mean intensity of this region and
compareit to the parallelogram region.The evidence collected for
both sidesis combined to give the evidence for the parallelogram.

Evaluation of Shadow Evidence

We eval uate the shadow evidence and give aconfidence value
as a weighted sum of the evidence of strong junctions, medium
junctions, strong line, weak lines, strong and weak regions. We
designated five levels of confidence. Each level of confidence re-



lines crossing any side of a parallelogram, existence of L-junc-
tions or T-junctions in any side of a parallelogram, existence of
overlapping gaps on opposite sides of a parallelogram, and dis-
placement between four sides of a parallelogram and its corre-
sponding edges support. See Figure 9. Negative evidenceisasim-
portant as positive evidence, because it helps us to remove those
parallelograms which are less likely to be part of buildings.
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Figure 8. Negative evidence

Each kind of evidence of support isformulated into an evalu-
ation criterion. There are no formal definition of goodness of a
parallelogram thus, our evaluation criteria formulated from evi-
dence of support are based on anaysis of likely and unlikely
events. For example, four junctionsare very unlikely to fall onthe
four corners of a parallelogram accidentally. So the existence of
four corners on a parallelogram strongly suggests that the paral-
lelogram is good. Also, from the Gestalt Laws of Perceptual
Grouping, the Law of Closure suggests that the existence of L-
junctions or T-junctions on a side of a parallelogram will make a
closure on part of the parallelogram and it means that the hypoth-
esized parallelogram is not good. Some evidence of support are
not always available such as the shadow evidence and the OTV
corner evidence, but they are very important becauseit isvery un-
likely that some shadow features will appear around the hypothe-
sized parallelogram by chance and the probability for three lines
to form an OTV corner by chance is very small. We can empha-
sizetheimportance of an evaluation criterion by assigning a high-
er weight to it.

Positive weights are assigned to those evaluation criteria for-
mulated from positive evidence of support while negative weights
are assigned to those evaluation criteriaformulated from negative
evidence of support. A weight should be assigned to each evalua-
tion criterion according to the probability of existence of build-
ings under the condition of presence of the evidence of support
from which the evaluation criterion is derived. However, we do
not have the probabilistic analysis of goodness of aparallelogram,
but the problem of optimal weights assignment for a given set of
examples could be formulated into a search problem.

Good parallelograms surviving local selection may compete
with each other. For example, some parallelograms could share
the same edges or corners support and some parallel ograms might
overlap with each other. The goal of global selection criteriaisto
select a minimum set of parallelograms which best describe the
rectangular composition of the scene.

Global selection criteria examine overlapping parallelograms
and choose one if appropriate. The selection is based on relative
properties of each parallelogram, the amount and kind of overlap,
and whether they share support or not. Note that a parallelogram
fully contained in another is not necessarily removed. If a paral-
lelogram does not overlap with any other paralelogram then it is
not in competition, and it remains. There are four global selection

criteriain our system. They are the criterion for duplicated paral-
lelograms, the criterion for mutually contained parallelograms,
the criterion for fully contained parallelograms, and the criterion
for overlapping parallelograms.

Itisvery easy to extend and improve the criteria-based selec-
tion process. If anew kind of evidence of support is found to be
crucial for the goodness of a parallelogram, we can formulate an
evaluation criterion from the evidence of support and merge the
evaluation criterion to the original set of evaluation criteriaby as-
signing appropriate weight to it and adding the weighted value to
the goodness value. On the other hand, if a new global relation-
ship between parallelogramsisfound to be important, we can also
implement anew filter to enforce the rel ationship and add the new
filter in appropriate position to the original pipeline of filters.

The parallelograms selected in our Ft. Hood example after
both the local and global selection criteria have been applied are

shown in Figure 9.

Figure 9. Selected parallelograms

4 Verification of hypotheses

The purpose of verification is to validate the selected hypoth-
eses to correspond to buildings. Our validation step segments the
objects, generates a description of the shape of the structures and
derives a 3-D model. The use of shadow evidence, discussed be-
low, uses methods described in [Huertas, 1983, Huertas and Neva-
tia, 1988, Huertas etal, 1993] with the appropriate extensions to
handle oblique views. Oblique views require at least two sun an-
gles (see Figure 10), the direction of illumination and the sun in-
cidence angle. For testing we have gotten these angles from image
measurements.

Direction of illumination

Incidence
Cw.angle

Vertical edge

Figure 10. Sun angles & oblique shadow geometry



Linesand junctions

A group of close paralléel linesrepresent alinear structure at a
higher granularity level than the edges (see the common boundary
between the building wingsin Figure 2..) Theresulting lines have
a length and an orientation derived from the contributing ele-
ments. Figure 5 shows the lines obtained from grouping the seg-
mentsin Figure 2. We use these linesto detect L-junctionsand T-
junctions also shown in Figure 5. For oblique views we also |ook
for evidence of vertical edges in the immediate neighborhood of
the L and T-junctions, thus allowing usto detect potential OTV'’s.
Vertical edges are detected by looking for line segments that are
paralel to the image' s principal line.

Figure 5. Linear structures and junctions

Parallels and skewed U-structures

Structures in urban scenes like buildings, roads and parking
lots are often organized in regular grid-like patterns. These struc-
tures are composed of parallel sides. As a consequence, for each
significant line-structure detected in the scene, thereis not one but
many lines paralld toit. For each line, we find lines that are par-
alel and satisfy a number of reasonable constraints. Note that the
formation of aparallel structure also aidsin the formation of new
lines, as they suggest extension and contraction of the parallelsto
achieve full skewed overlap.

When the two lines in a parallel structure have their ends
aligned as afunction of the viewing angles, they strongly suggest
the presence of alinewith which the parallel structurewould form
a skewed U-structure. Even if the third line does not exist in the
set of lines, we hypothesize it and generate the U-structure.

Skewed rectangles or parallelograms

Skewed rectangle or parallelogram structures are generated
from the U-structures. The parallelograms formed in our example
are shown in Figure 6. In practical applications this number can
be reduced by restricting the formation of parallelograms on the
basis of size, as afunction of image resolution, for example. Par-
allelograms are also generated from matching junctions along the
direction of illumination (see strong junctions in section 5.) We
hypothesize the missing portions of a parallelogram having a cor-
ner with a matching shadow corner or evidence of an OTV.

3 Selection of hypotheses

After the formation of all reasonable parallelograms, a selec-
tion processis applied to choose parallel ograms having strong ev-
idence of support and having minimum conflict among them. Ear-
lier versions of our system used a Constraint Satisfaction Network
(CSN) [Mohan and Nevatia, 1989]. In the current system, we use
a criteria-based method which seems to give much more predict-
able results. Next we only summarize our current method due to

Figure 6. Parallelogram hypotheses generated
lack of space

Our new system uses two kinds of criteria: local selection cri-
teria and global selection criteria. Local selection criteria deter-
mine whether or not a parallelogram is“good” based on the local
supporting evidence. Only good parallelograms are retained for
global selection. It is possible that some of the good parallelo-
grams retained after the local selection are mutually contained or
duplicated or overlapped with some other good parallelograms.
Global selection criteria select the best consistent parallelograms
from good parallelograms.

We apply local selection criteria and global selection criteria
differently. Local selection criteria (also called evaluation crite-
ria) work together to evaluate the goodness of a parallelogram,
while global selection criteriawork separately. Each global selec-
tion criterion acts like afilter. The set of retained parallelograms
pass through al filters and the set of parallelograms coming out
fromthelast filter will be the set of parallelograms selected by the
selection process.

Thelocal selection criteriaare used to remove parallelograms
formed using weak evidence. For each parallelogram the evalua-
tion criteriacompute agoodnessvalue. If thisvalue exceedsagiv-
en threshold, the parallelogram is selected, otherwise the parallel-
ogram is removed.

Every evaluation criterion is weighted according to itsimpor-
tance. The goodness of a paralelogram is then measured by the
sum of the weighted values calculated by the evaluation criteria.
The problem of measuring the goodness of a parallelogram now
becomes a problem of finding and formulating good evaluation
criteria, and assigning appropriate weights.

Whether a parallelogram is good or not depends on the evi-
dence of support. We distinguish between positive evidence and
negative evidence of support for aparallelogram. The positive ev-
idence of support includes the presence of edges, corners, paral-
lels, OTV's and shadows (see Figure 7).

Figure 7. Positive evidence
The negative evidence of support includes the presence of



tia, 1988, Venkateswar and Chellappa, 1990]. These are essential-
ly local techniques that must make a decision of which path to
trace at each local junction. Of course, al paths could be traced
using backtracking but then the search space may become prohib-
itively large. Region based techniques construct closed curves
that often do not correspond to the objects of interest.

Model based techniques can deal with fragmentation but re-
quire a-priori shape models. For example, it isnot sufficient to say
that the building is a rectangular parallelepiped; you must also
supply the relative dimensions of the sides. In summary, these
systems have shown interesting performance but on limited exam-
ples. None of these systems can generate a description of the
buildings at the level of shape descriptions of the different wings.

We have proposed, instead, to use a perceptual grouping ap-
proach. Cultural features such as buildings represent structures
that are not random but have specific geometric properties. In this
we restrict the shapes of buildings to be a single or acomposition
of rectangular parallelepipeds (thusallowing L, T and | shapesfor
example).

Previous systems have assumed that the viewpoint is more or
less overhead. The system described here uses the viewpoint an-
gles (swing and tilt) needed to deal with images acquired from an
oblique viewpoint. The geometric constraints relevant to shape
take into consideration, as a function of the viewpoint angles, the
expected skewness of the rectangular surfacesthat most buildings
are expected to have. This property is used to organize the detect-
ed line segments into roof hypotheses. While the visible building
sides (walls) can be hypothesized similarly, we do not handle
them now. We believe that this approach |eads to many fewer hy-
potheses than would be generated by a complete contour tracing
scheme.

Our approach combines several of the techniques from previ-
ous work. Our perceptual grouping approach comes from the
work described in [Mohan and Nevatia 1989], however, we use a
very different hypotheses selection technique. Mohan and Neva-
tig, in fact, used perceptual grouping for stereo analysis, here we
apply it to monocular analysis. Our shadow analysis method isan
extension of the approach first described in [Huertas, 1983, Huer-
tas and Nevatia, 1988].

The diagram in Figure 3 shows the main components in our
system. The system uses the line segments approximating the in-
tensity boundaries to compute linear structures and relevant junc-
tions among them. A hierarchy of featuresincluding paralel rela
tionships and portions of skewed rectangles or parallelograms
leads to the formation of building hypotheses. These consist of in-
stances of rectangular shapesthat potentially correspond to build-
ing roofs and parts of building roofs (see section 2). Next, prom-
ising parallelograms are selected and verified to correspond to
roofs of building structures. Shadow information, if available, is
used to help form, select and verify hypotheses. It aso, as afunc-
tion of the sun angles, provides estimates of the height of the
structures, leading to a 3-D description of the scene.

Our philosophy in the design of this system has been to make
only those decisions that can be made confidently at each level.
Thus, we choose to generate as many hypotheses as seem feasible
at thefirst level. Our selection processtoo is conservative and fa-
vors keeping hypotheses that may be viable. The verification pro-
cess has the most global information and can make stronger deci-
sions. Even here, if our system isto be embedded in alarger sys-
tem, some of the decisionswould be deferred to that system where
more context is available for decision making.

The technique we describe in this paper, we believe, signifi-
cantly extends the range of scenes that can be analyzed though
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Figure 3. Block Diagram of the System

many problems remain. We show several examples taken from
theimages provided by the U.S. Government sponsored RADIUS
program to demonstrate the effectiveness of our technique. Also
in the context of the RADIUS program we have transferred our
software to two industrial sites and continue to support their test-
ing tasks. Theresultsin general have been very good, and the ex-
perience of technology transfer, albeit a difficult one, has been a
successful one.

2 Generation of hypotheses

The process of hypotheses formation is similar to the one de-
scribed in [Mohan and Nevatia, 1989] with the appropriate exten-
sionsto oblique views and the use of strong shadow cues (if avail-
able). In this process we construct a feature hierarchy which en-
codes the structural relationships specific to oblique views of
rectangular shapes, presumably corresponding to the visible roof
surfaces. Lines, skewed paralels, skewed U-contours, and
skewed rectangles or parallelograms. The degree of skewness is
computed as a function of the swing and tilt angles denoting the
viewpoint. Figure 4 show the anglesinvolved. We expect that im-
agesfrom aerial sceneshave acameramodel associated with them
from which these angles can be derived.

Next, we describe the hierarchy of featuresin our system:

Figure 4. 3-D Viewpoint angles



Detection of Buildings Using Per ceptual Grouping and Shadows
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Abstract

e describe a system for detection and description of buildings
in aerial scenes. Thisis a difficult task as the aerial images con-
tain a variety of objects. Low-level segmentation processes give
highly fragmented segments due to a number of reasons. We use a
perceptual grouping approach to collect these fragments and dis-
card those that come from other sources. e use shape properties
of the buildings for this. We use shadows to help form and verify
the hypotheses generated by the grouping process. Thislatter step
also provides 3-D descriptions of the buildings. Our system has
been tested on a number of examples and is able to work with
overhead or oblique views.

1 Introduction

The goal of thiswork isto detect and describe buildings from
monocular views of arbitrary aerial scenes. Thisis adifficult but
important task for many applications such as photo-interpretation,
cartography and surveillance. Building detection is difficult for
severa reasons. The contrast between the roof of a building and
surrounding structures such as curbs, parking lots, and walkways
can be low. The contrast between the roofs of variouswings, typ-
ically made of the same material, may be even lower. Low con-
trast alone is likely to cause low-level segmentation to be frag-
mented. In addition, small structures on the roof and objects, such
as cars and trees adjacent to the building will cause further frag-
mentation and give rise to “noise” boundaries. Roofs may aso
have markings on them caused by dirt or variations in material.
Shadows and other surface markings on the roof cause similar
problems.

There are other characteristics of these images which may
cause problems. Roofs have raised borders which sometimes cast
shadows on the roof. This results in multiple close parallel edges
along the roof boundaries and often these edges are broken and
digoint. At roof corners and at junctions of two roofs, multiple
lines meet leading to a number of corners making it difficult to
choose a corner for tracking. A roof cast a shadow along its side
and often there are objects on the ground such as grass, trees,
trucks, pavement, etc., which lead to changesin the contrast along
the roof sides.

* This research was supported primarily by a subcontract from
Hughes Aircraft Co. on the RADIUS program, and in part by the
Defense Advanced Research Projects Agency under contract
F49620-90-C-0078, monitored by the Air Force Office of Scien-
tific Research. The United States Government is authorized to re-
produce and distribute reprints for governmental purposes
notwithstanding any copyright notation hereon.
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Figure 1. A building from Ft. Hood, Texas

Consider the buildingin Figure 1 (from ascene of Ft. Hood in
Texas.) We use an overhead view as arunning example, for sim-
plicity. The building is easy for humansto see and describe, but it
is difficult for computer vision systems. Figure 2 shows the line
segments detected in theimage, using LINEAR, our linear feature
extraction software [Nevatia and Babu, 1980, Canny, 1986]. We
are till able to see the roof structures of the buildings readily and
easily, but the complexity of the task now becomes more appar-
ent. The building boundary is fragmented, there are gaps and
missing segments. There are also many extraneous boundaries
caused by other structuresin the scene.
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Figure 2. Line segments extracted from the image

There have been many previous attempts to solve this prob-
lem [Huertas, 1983, Huertas and Nevatia, 1988, Mohan and Neva-
tia, 1989, Huertas etal 1993, FuaHan87, Irvin and McKeown
1989, Liow and Pavlidis, 1990, Venkateswar and Chellappa,
1990]. Building detection requires robust segmentation tech-
niques and methodsto infer the 3-D structure. These methods rely
on edges or regions extracted from the image. Simple edge-based
methods attempt to collect linked edge curvesinto the desired ob-
ject boundaries, and succeed only for relatively simple scenes.
Some edge-based methods have used some form of acontour trac-
ing technique, seefor example[Huertas, 1983, Huertas and Neva-



