to eliminate the false positives is to use negative evi-
dence. For example, if the system can not find any wall
evidence when the hypothesis is supposed to have a
large area of visible walls, this would be considered as
anegative evidence and the system might reject the hy-
pothesis based on this observation.
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Figure 11 Advantage of Using Wall Evidence

5 Conclusions and future work

We have described an automatic system for detection
and description of buildingsfrom oblique aerial images.
Obligue views provide more evidence for verification,
but hypotheses are harder to create. The building height
estimation is more reliable with the use of both wall and
shadow evidence. We believe that the results show that
the system gives good performance, particularly on
large buildings with reasonable contrast and shad-
ows.We also believethat the confidence measures offers
atool that can help utilizetheresults even when they are
not perfect. In future work, we intend to work on ex-
tending the range of imaging conditions and complexi-
ties of shapes that our system can handle.
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rameters over a set of training examples. All the results
shown here use the same parameters.

4.2 Detection evaluation

There are many ways to measure the quality of the re-
sults[McGlone & Shufelt, 1994; Shufelt & McKeown,
1993]. We use the following four measurements:

* Detection Percentage =100 x TP/ (TP + TN)
 Branch Factor = FP/ (TP + FP)

» Correct Building Pixels Percentage.

» Correct Background Pixels Percentage.

The first two measurements are calculated by mak-
ing a comparison of the manually detected buildings
and the automated results, where TP (True Positive) isa
building detected by both human and the program, FP
(False Positive) is a building detected by the program
but not human, and TN (True Negative) isabuilding de-
tected by human but not the program.

The other two measurements are calculated by la-
beling every pixel intheimage as either abuilding pixel
or a background pixel [McGlone & Shufelt, 1994;
Shufelt & McKeown, 1993]. We calculate the percent-
age of the number of pixelscorrectly labeled asbuilding
pixels over the number of building pixels in the image
and the percentage of the number of pixels correctly la-
beled as background pixels over the number of back-
ground pixelsin the image.

Table 1 shows the evaluation on the results of our
system on six modelboard images, all of the same site
as shown in Figure 8, but taken from different view-
points and under different illumination conditions (un-
fortunately, we are unable to show the results graphical -
ly due to lack of space).

Detection | Branch ||Correct| Correct
Percentage| Factor |[|Building|Background
tp/(tp+tn) |fp/(tp+fp)|| Pixels Pixels

J2|| 59.1% 0.138 || 86.4% 99.6%
J3|| 87.5% 0.028 96.5% 99.5%
J4|| 64.6% 0.162 || 90.6% 94.1%
J5|| 57.8% 0.263 68.3% 96.4%
J6| 62.5% 0.143 || 67.8% 96.9%
J19|| 54.2% 0.069 80.0% 99.3%

Table1 Detection Evaluation

Note that our system gives rather consistent results
for most images except for J3 (see Figure 9) which cor-
respondsto a nadir view. In oblique views the hypothe-
ses generation is harder because there are more interfer-
ence which could make the roof boundariesfragmented.

We believe that this is the reason why the system has
lower detection rate on oblique view images. Also note
that the measure for correct building pixelsis consider-
ably higher than for detection percentage indicating that
the missed buildings are rather small. The number for
correct background pixelsis even higher indicating that
false positives are rare and correspond to very small
structures. Note that we can make the claim above be-
cause there are many buildingsin the scene and theratio
of building pixels over background pixelsis high. We
find that most errors of our system are associated with
buildings with dark roofs where the boundary between
the roof and the shadow is difficult to detect.

4.3 Confidence evaluation

Our system associates a confidence value with each hy-
pothesis which can further be used to evaluate the per-
formance of the system and guide a user on how to
interpret the results. Figure 10 shows a histogram of the
number of true and fal se positives corresponding to cer-
tain confidence levels (ranging between 50 and 100, in
increments of 5). The confidence values which are be-
tween 0 and 1 have been scaled to therange of 0 and 100
for display purpose.
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Note that there are few false positives with high
confidencevaues. Infact, if we set aconfidence thresh-
old of 75, we detect no false positives at all and that
more than half of the true positives are also above this
threshold. This indicates that the confidence values can
be used profitably by an end-user or by another pro-
gram. Results given with high confidence can be taken
to bereliable and further attention for improving the re-
sults can focus on the lower confidence results, if neces-
sary. We believe that this self-evaluation capability will
greatly ease the use of our automatic tool in an interac-
tive environment.

Confidence analysisalso givesusatool for evaluat-
ing the effectiveness of using various kinds of evidence.
For example, on the J19 image shown in Figure 8, our
system finds more true positiveswhen thewall evidence
isused. Moreover, if thewall evidenceis used, the con-
fidence of the correct hypotheses is increased substan-
tially as shown in Figure 11 (the histogram of the true
positives is shifted towards the higher confidence val-
ues). Now, if we set athreshold on the appropriate con-
fidence value, the false positives can be diminated
while keeping most of the true positives. Another way



building in Figure 7 (c) occlude the shadow and wall of
the other parts. It makes the detection of such building
more difficult. Such occlusion can be predicated from
partia analysis of the building, however, we have not
implemented this capability yet.

The building in Figure 7 (€) is composed of three
parts. The part on the lower right corner has different
height from the other two parts. Although our system
makes a hypothesis corresponding to this part, it can
barely find wall or shadow evidence to support the hy-
pothesis; it is difficult for humans to determine the
height of this part aswell (the height would be easier to
infer in an oblique view if avertical side was visible).
There are four gable roof buildingsin Figure 7 (f). Our
system does not currently model gable roofs; however,
these examples are from a nadir view and hence it is
able to detect three of these correctly. The fourth build-
ing, on the upper right corner, is also detected partially.

Most of our testing has been with the RADIUS
model board images. These contain no vehicles or vege-
tation, however, the site is crowded and thus there are
many occlusions of wall or shadows between the build-
ings which make detection difficult. Therest of this sec-
tion describes the results on the modelboard images
which are also used for a quantitative evaluation of our
system.

Figure 8 shows the result on an oblique image (J19)
from the RADIUS modelboard set containing a large
number of structures (about 48). The system forms
2,247 hypotheses and selects 106. Of these, 29 are ver-
ified and all but two are correct (i.e. in conformity with
the human judgement). The false positives are from
small and low contrast structures. The missing struc-
tures are a'so mostly very small and of very low con-
trast. We feel that the results are very good given the
complexity of the image.

Our system also computes a confidence measure
(not shown graphically) and the false positives are both
of low confidence (confidence evaluation is further dis-
cussed in section 4.3 below). The image size is
1306x1034 pixels and the processing time is about 490
seconds on a SUN Sparcstation 20.

Figure 9 shows another modelboard image with a
nadir viewpoint. In this example, we can see that the re-
sult is much better than the previous one, because the
roof boundaries and the shadow boundaries are much
clearer in thisimage. The system forms 2,347 hypothe-
ses, selects 181 hypotheses and verifies 46 hypotheses.
Comparisons of the detection rate between J3 and J19
can be found later in section 4.2.

The system uses several parameters in generation,
selection and verification of hypotheses. Some parame-
ters, such as the search range of wall and shadow evi-
dence, can be set as a function of the image resolution.
Some parameters, such as the weights in the wall and

shadow evaluation functions, are chosen based on our
experiences on several test examples. It isalso possible
that we can have alearning program to find the best pa-

Figure9 Modelboard (J3)



always the preferred one; sometimes, it may contain el-
ements other than those belonging to a building. Our
system makes a choice by examining the evidence of
the roof, the wall and the shadow boundaries on the
non-shared sides of the conflicting hypotheses. In the
example shown in Figure 5, the outer hypothesis has
more supporting evidence on the non-shared side (AB),
so theinner hypothesis is discarded.

Currently our system does not resolve the cases
where partial overlap occurs; we expect to do thisin the
near future.

3.5 3-D description of buildings

The 3-D information of the verified buildings, that isthe
roof hypothesis and the estimated building height, to-
gether with the camera model and the terrain model of
the scene are used to generate a 3-D wire frame model
(a3-D descriptions) of the scene. Thetexturesinsidethe
roofs and visible walls of verified buildings are painted
onto the corresponding surfaces in the 3-D wire frame
model. The textures of the ground surface in the input
image are painted onto the ground surface of the 3-D
wire frame model also. This 3-D wire frame model can
beviewed from an arbitrary viewpoint. The transforma-
tion that projects the 3-D scene onto a 2-D screen for
viewing can then be used to collect the pixel values
from the 3-D wire frame model and use them to render
the projected image.

4 Results and evaluation

Our system has been tested on a number of examples
provided by the RADIUS program with encouraging re-
sults. We show afew to demonstrate the performance of
our system and point out some of the sources of prob-
lems. Wefirst show some examples and then give a par-
tial evaluation.
4.1 Some examples

Figure 6 shows the image of an L-shape building
from Fort Hood, Figure 6 (@), the intermediate results of
all major processes, Figure 6 (b)(c)(d)(e), and the final
resultsin 3-D wire frameformat, Figure 6 (f). There are
1,049 line segments extracted from the image. The sys-
tem generates 74 hypotheses, selects 3 hypotheses and
verifies 2 hypotheses. The upper part of the structureis
verified because it has a clear shadow boundary, al-
though no wall evidence can be found. The lower part
of the structure has fragmented wall boundariesand im-
perfect shadow boundaries, but the system is able to
spot the small pieces of evidence and verify it.

Figure 7 showstheresults of several examplesfrom
the Ft. Hood images. Figure 7 (a) and Figure 7 (b) show
two L-shape buildings in Ft. Hood image (fhn713).
Note that parts of the shadows fall on the nearby vehi-
cles. Although this makes the shadow boundaries high-
ly fragmented, our system still successfully locates the
correct shadow boundaries. Also, in Figure 7 (b) the

building is dark and wall on the |eft side of the building
is inside the shadow and invisible. In this case, the
building is verified by the strong shadow evidence.

Figure 6 Ft. Hood, Texas (fhov927)

In Figure 7 (c) and Figure 7 (d), note that there are
some rectangular shaped surface markings on the
ground. The system actually makes roof hypotheses out
of these surface markings. However, the system rejects
these false hypotheses because no shadow or wall evi-
dence can be found around them. Some parts of the

Figure 7 Ft. Hood Examples



The shadow verification process tries to establish
correspondences between shadow casting elements and
shadows cast. We assume that shadows fall on flat
ground. The shadow casting elements are given by the
sides and junctions of the selected roof hypotheses. The
shadow boundaries are searched for among the lines
and junctions extracted from the image.

There are a number of difficulties that prevent the
accurate establishment of correspondences. Building
sidesare usually surrounded by avariety of objectssuch
as loading ramps and docks, grass areas and sidewalks,
trees, plants and shrubs, vehicles, and light and dark ar-
eas of various materials. Occlusion of the shadow by the
building itself or by nearby buildings may make the
shadow region irregular and make the shadow evidence
difficult to be extracted. To deal with these problemswe
have adopted some geometric and projective constraints
and specia shadow features.

The potential shadow evidence is extracted from
the linear features of the image and the knowledge of
the sun angles: lines paralel to the projected sun raysin
the image may represent potential shadow lines cast by
vertical edges of 3-D structures, lines having their dark
side on the side of the illumination source are potential
shadow lines. Junctions among the potential shadow
lines are potential shadow junctions, and neighborhood
pixel statistics give relative brightness.

Given the sun angles and viewpoint angles, we
know which sides of aroof will cast shadow and which
part of the shadow will be occluded by the building it-
self. The shadow is cast along the direction of illumina-
tion. The projected shadow width (see Figure 2) can be
computed by eguation (3) given a possible building
height, H. We can then delineate the projected shadow
region in 2-D with the appropriate removal of the self
occluded shadow region. The shadow verification pro-
cesscollectsall potential shadow evidence along the de-
lineated shadow boundary. For each possible building
height, a set of corresponding shadow evidence is col-
lected for evaluation. Figure 4 shows that the system
searches for shadow evidence at several possible build-
ing heights.

illumination
direction

Figure4 Search for Shadow Evidence

We evaluate the shadow evidence associated with
each possible building height and give a score as a

weighted sum of the evidence of shadow lines cast by
roof, shadow lines cast by vertical lines, shadow junc-
tions and the shadow region statistics. Equation (5) is
used to compute a score for the shadow evidence of a
hypothesis p at the building height H, where h; is an
evaluation function for the ith shadow evidence and y;
is the corresponding weight.

S(p,H) = S u thi(p H) ©®)

3.3 Combination of shadow and wall evidence
For each hypothesis, p, the previous two steps calculate
a shadow score, S(p, H), and awall score, W(p, H), for
the building height, H. Next we use equation (6), from
certainty theory, to combine these two scores.
C(p,H) = S(p,H) +W(p, H) =S(p, H) xW(p, H) ©)
notethat 0< S(p, H), W(p,H) <1

For each hypothesis, p, the building height that
givesthe highest combined scoreis considered to be the
estimated building height of the hypothesis and the cor-
responding score is called the confidence vaue of the
hypothesis. Equation (7) shows the definitions of esti-
mated building height and confidence value.

Cp = C(p,Hp) = Max C(p, H)

H

where O_° i .
[Cp : confidence value of hypothesis p

- estimated building height for hypothesis p (7)

If the confidence value of a hypothesis is greater
than a given threshold value, the hypothesis is consid-
ered verified. The use of certainty theory in equation (6)
allowsour system to verify ahypothesis based solely on
the wall evidence or shadow evidence. This makes it
possibleto handle the cases of imperfect wall or shadow
evidence.

3.4 Containment analysis

The wall and shadow verification processes examine
each hypothesisindividually and do not analyze any in-
teraction among them. Thus, some verified hypotheses
might contain others or they may overlap with each oth-
er. A containment analysis of the verified hypothesesis
used to resolve the problem of having more than one
building in the same 3-D space.

For example, in Figure5, hypothesis (EFCD) is
contained by hypothesis (ABCD). They both have

B F
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Figure5 Containment Analysis

enough wall and shadow evidence to alow them to be
verified. It is not necessary that the outer hypothesisis



these evidences provide our system the 3-D information
to create the 3-D model of the structure.

Figure 2 shows the projection of atypical building
and illustrates some of the parameters used by our sys-
tem. Given aroof hypothesis, we do not know if the hy-
pothesis actually corresponds to a building roof and
evenif it does, the height of the building is unknown so
far. However, we know that the building height, H, is
within a certain range.

projected
shadow width
®

direction of shadow

V\%ﬁj ﬁggﬂt cast by vertical line ()
(W) direction of
illumination (¢)

Figure2 Wall Height and Shadow Width

Assume that the image resolution is R (pixels/
meter). The projected wall height, W, can be computed
from and building height and the viewing angles (the
swing angle, 6, and thetilt angle, y) by equation (2).

W = H[Rkiny ()]

Also, the projected shadow width, S can be com-
puted from the building height, the viewing angles and
the sun angles (the direction of illumination, ¢, the di-
rection of shadow cast by avertical line, g, and the sun
incidence angle, i) by equation (3).

DH [R Oani when y=0
in (i #
CH (RSN (i +v) when{y 0
0 Ccosi Y = @=270°-86
[l L.
- #
. CH (ROEn (i -Y) When{v 0
S= E COSi ¢ =@=90°-0601
L] i —j z
H[RESm_(y i) When{y 0
0 COSi Y = @+ 180°
O .
A EREs_ny Ocos (Y + 0) | otherwise
[sin (Y-

Therefore, we can search for wall and shadow evi-
dence, such as lines and corners, in a certain neighbor-
hood of agiven roof hypothesis. Each evidence contrib-
utes to the confidence of a hypothesis as explained be-
low (in sections 3.1 through 3.3). Hypotheses with high
confidence are considered to be verified.

A containment analysis process is then applied to
resolve some of the remaining ambiguities, such as
when one verified hypothesis contains another verified
hypothesis. This processis explained in section 3.4.
3.1 Wall verification process
Generally, some walls of buildings should be visible in
an oblique view. As obliqueness increases wall infor-
mation becomes more useful and shadow information
becomes more difficult to handle, if itisavailable at all.
We assume that walls are vertical.

The purpose of the wall processisto find wall evi-
denceat every possible building height for each roof hy-
pothesis. Given the viewing angles and apossible build-
ing height, we can estimate wall boundary for aroof hy-
pothesis. All evidence around the wall boundary is
collected and a scoreis computed for thewall evidence.

With the knowledge of the minimum and maximum
heights of buildings, the search for wall evidenceislim-
ited to a certain range. The system can either do an ex-
haustive search over the range or do asmart search. The
smart search is done by taking samples within the
search range to locate some evidence first and then do-
ing asearch only on those positions where the chance of
finding wall evidenceis high. The smart search does not
aways find the best solution, but with appropriate sam-
pling it could be fast and find the best solution most of
the time. Currently we are using an exhaustive search
algorithm and the smart search algorithm will beimple-
mented in the near future.

Given aroof hypothesis, view angle information al-
lows usto determine which sides of the building should
be visible. The swing angle gives the vertical direction
from which building sides are hypothesized. The pro-
jected wall height (see Figure 2) can be computed by
equation (2) given apossible building height, H. We de-
lineate the wall boundary and activate a search process
to collect all evidence along the delineated wall bound-
ary. For each possible building height, a set of corre-
sponding wall evidence is collected for evaluation.
Figure 3 shows the search of wall evidence at several

possible building heights.
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Figure3 Search for Wall Evidence

The evaluation process evaluates the wall evidence
collected from the previous step. Basically the score is
a weighted sum of the evidence of ground-boundary,
vertical-boundary, and corners. Equation (4) isthe eval-
uation function of thewall evidence of ahypothesisp at
thebuilding height H. k; isan evaluation function for the
ith component of the wall evidence and v; is the corre-

sponding weight.
W(p,H) =5 v k(P H) 4

3.2 Shadow verification process

The use of shadow evidence to verify hypotheses is
more complicated in oblique views than in nadir views,
for the shadow may be occluded by the building itself
(see Figure 2).



& Nevatia, 1988; Irving & McKeown, 1989; Lin, et al.,
1994; Liow & Pavlidis, 1990]. However, 3-D cues, such
aswall evidence, in monocular images are not fully uti-
lized. Our previous system [Lin, et al., 1994] working
on nadir views uses a perceptua grouping technique to
generate roof hypotheses from the edges detected from
the image. A selection process selects good hypotheses
for verification and shadow evidence is used to verify
the selected hypotheses. The 3-D information is in-
ferred from the shadow evidence.

In this current work we extend our system to handle
oblique view images. Each step requires many changes
to accommodate the new difficulties introduced by the
oblique view images. For the hypotheses generation
process, the skewness of roof hypotheses has to be han-
dled according to the viewpoints and the selection pro-
cess can make use of the 3-D cues such as OTVs (Or-
thogonal Trihedral Vertex). In addition to the shadow
evidence, wall evidence is used to verify the hypothe-
ses. Theuse of both shadow and wall evidence makethe
verification process generate more reliable results and
make the system more robust. The corresponding wall
evidence of abuilding also provides another way to in-
fer the 3-D information of the building.

Our system makes the following assumptions: that
projection islocally weak perspective, that viewing an-
gles and sun angles are known, that roofs are flat and
rectilinear, walls are vertical, and that shadows fall on
flat ground.

The system has been tested on several examples of
the modelboard images and Fort Hood images provided
by the RADIUS program. Some results are shown in
this paper and an evaluation of the resultsis also pre-
sented.

2 Generation and selection of hypotheses

In this section the process of hypotheses generation and
selection is described briefly. The process is similar to
our previous work [Lin, et al., 1994] with the appropri-
ate extensions to oblique views and the use of wall and
shadow clues.

2.1 Generation of hypotheses

First of al, the system use an edge detector to extract in-
tensity linear features from theimage. Next, a perceptu-
al grouping processis used to generate roof hypotheses
by constructing a feature hierarchy from the linear fea-
tures.

The feature hierarchy, which includes linear, paral-
lel, U-contour (portions of parallelogram) and parallel-
ogram features, encodes the structural relationships
specific to the projection of rectangul ar shapes, presum-
ably corresponding to the visible flat roof surfaces. A
perceptual grouping process is used to group low-level
features into high-level features to form the feature hi-
erarchy where linear features are grouped into parallel

features, linear features and parallel features are
grouped into U-contour features, and U-contour fea-
tures are grouped into parallelogram features which are
the roof hypotheses.

The hypotheses generation process is more compli-
cated than the one for nadir views as the roofs now may
project to parallelograms rather than just rectangles.
The degree of skewness of a hypothesisis computed as
afunction of the swing angle (6) and tilt angle (y) which
are available from a camera model. Figure 1 and equa-
tion (1) show the angle constraint of roof hypotheses.

Figurel Angle Constraint of Roof Hypotheses

. 2
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2.2 Selection of hypotheses

After the formation of all reasonable roof hypotheses, a
selection process is applied to choose hypotheses hav-
ing strong evidence of support and having minimum
conflict among them. Based on the local and global sup-
porting evidence of hypotheses, a rule-based selection
process selects promising hypotheses for verification.
This process greatly decreases the number of hypothe-
ses to be verified, and therefore reduces the run time of
the time-consuming verification process.

Our system uses two kinds of criteria: local selec-
tion criteria and global selection criteria. Local selec-
tion criteria determine whether or not aparallelogramis
good based on the local supporting evidence, such as
lines, corners, and their spatial relations. Only good par-
alelograms are retained for global selection. It is possi-
ble that some of the good parallelograms retained after
the local selection are mutually contained or duplicated
or overlapped with each other. Global selection criteria
will select the best consistent parallelograms from the
good parallelograms.

Owing to the use of oblique view images, new sup-
porting evidence, such as OTVs, isincorporated into the
selection process.

3 Verification of hypotheses

The purpose of verification isto confirm that the select-
ed hypotheses correspond to buildings. The existence of
wall or shadow evidence increases our confidence that
the hypothesisisactually apart of a3-D structure. Also,
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Abstract

We describe a method to construct 3-D shape descrip-
tions of buildings from monocular aerial images of gen-
eral viewpoints. A hierarchical perceptual grouping
process is used to generate 2-D roof hypotheses from
fragmented linear features extracted from the input im-
age. Good hypotheses are selected and then verified by
the corresponding wall and shadow evidence, which
also provide the height information for the roofs. Re-
sults on several monocular images are shown and the
evaluation of the resultsis presented.

1 Introduction

Thegoal of thiswork isto detect buildings and generate
their 3-D shape descriptions from monocular aeria im-
ages of general viewpoints. Thiswork is important for
many applications such as automated site model gener-
ation, photo-interpretation, cartography, change detec-
tion and surveillance. Given the image, the camera
model, and the terrain model of the scene, our system
can help to create the site model of the scene by provid-
ing the 3-D descriptions of buildings in the scene.

There are two major difficulties in inferring 3-D
shape descriptions from a single intensity image. First
of al, given an image, the system must know how to
find and separate objects from the background. Thisis
the well-known “figure-ground” problem. For several
reasons, the low-level process usually produces highly
fragmented segments, which makes the problem even
worse. The other difficulty is to construct 3-D from 2-
D, because no direct 3-D information is provided by a
single intensity image, although the heights of the
buildings can be estimated from the shadow cast by
them and by the visible walls under certain assump-
tions.

* This research was supported mostly by Contract No. DACA-76-
93-C-0014 from the Advanced Research Projects Agency (ARPA)
of the Department of Defense and monitored by the Topographic
Engineering Research Center of the U.S. Army. Additional support
was provided from other grants and contracts from ARPA.

Using multiple images can help with both the 3-D
inference and grouping processes. However, the 3-D
measurements from multiple images are not very accu-
rate for most buildings which are not very tall and
grouping still needsto rely on 2-D relations. Also, mul-
tiple images are not aways available, such asfor initial
detection, and their use requires accurate camera mod-
els. An approach using multiple imagesin our group is
described in a separate paper in these proceedings [No-
ronha & Nevatia, 1996].

Use of an oblique view provides more 3-D cues
than a nadir view, but many additional difficulties arise
in the analysis process. First, the contrast between the
roof and walls may be lower than the contrast between
the roof and the ground causing more fragmented
boundaries. Second, small structures such as windows
and doors on walls tend to interfere with the complete-
ness of roof boundaries. Third, the projected shape of a
building changes with the change of viewpoint. Fourth,
the shadow of a building, which we use to verify roof
hypotheses, may be occluded by the building itself.

There have been many methods proposed to solve
the problem of building detection and description [Her-
man & Kanade, 1986; Huertas & Nevatia, 1988; Irving
& McKeown, 1989; Jaynes, et al., 1994; Lin, et al.,
1994; Liow & Pavlidis, 1990; McGlone & Shufelt,
1994; Mohan & Nevatia, 1989; Roux & McKeown,
1994; Venkateswar & Chellappa, 1990]. The segmenta-
tion techniques usually rely on regions or edges extract-
ed from the image. Region based techniques construct
closed curvesthat often do not correspond to the objects
of interest. Simple edge based techniques such as con-
tour tracing [Huertas & Nevatia, 1988; Jaynes, et al.,
1994; Roux & McKeown, 1994; Venkateswar & Chel-
lappa, 1990] encounter the problem of arapidly grow-
ing search space. A more robust edge based technique
is the perceptual grouping technique [Jaynes, et al.,
1994; Lin, et al., 1994; Mohan & Nevatia, 1989]. For
reconstruction of the 3-D information, most of the mo-
nocular systems use the corresponding shadow evi-
dence of abuilding to infer the building height [Huertas



