Table 1:

Figure Fil;g;?]g M ag“ nd Gm; o

(s) (s)
Figure 9 67 547 265
Figure 10 70 586 247
Figure 11 59 473 181
Figure 12 34 187 83
Figure 13 32 173 79
Figure 14 22 142 65
Figure 15 25 163 72

ous systems.

The system that has performance most similar to
our system is the one described in [2] The results ob-
tained by that system on the Radius M odelboard images
are qualitatively and quantitatively comparable to the
ones that we obtain on the “modelboard” images (re-
sults of their system on other data are not available to
us). There are many theoretical differences in the two
systems. We treat the views uniformly, making building
hypotheses by utilizing information in al views in a
non-preferential manner, instead of starting with roof
hypotheses from one view. Our system does hot rely on
a priori knowledge of the orientation of the buildings,
or on the assumption that the roofs are paralel to the
ground, astheir system does.
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ing hypotheses. This example shows some difficulties
of the task. There are a number of vehicles between the
buildings, that are aligned in an almost-rectangular for-
mation. While there are no trees and grassy areasin this
part of the scene, the contrast between the tops of the
buildings and the ground is low, leading to detection of
linesthat are fairly fragmented.
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Figure 13 Results on a section of Fort Hood
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Figure 14 Results on a section of Fort Hood

Figure 13, 14 and 15 provide instances of repeated
application of the combination routine. Combination is

Figure 15 Results on a section of Fort Hood

performed based on proximity and overlap, till further
combination is not possible, and Figure 12c shows the
final results. Figure13a shows verified rectangular
building fragment hypotheses. Figure 13b showsthere-
sults after combination. Rectangular hypotheses are
formed as a result of markings present on the rooftops
of the buildings. Three rectangular hypotheses must be
combined to form each building in this example.
Figure 14a and Figure 14b show the rectangular build-
ing hypotheses, and the fina building hypothesis re-
spectively.

Figure 15 illustrates some failures of the system.
The building labeled C in both views includes part of
the ground on the left side, caused by the detection of a
small protrusion from the building on that side.
Figure 15 illustrates some failures of the system. The
building labeled C in both views includes part of the
ground on the left side, caused by the detection of a
small protrusion from the building on that side. This
problem may be solved by a more detailed analysis of
the regions; this may require use of more sensitive fea-
ture detectors or other region analysis.The building la-
beled D in both views excludes avery narrow part of the
building on theright, in the left view. Thisis asaresult
of acombination of inexact location of features (owing
to errors in the location of the detected edges), and er-
rors in the camera models, which lead to errors in
matching. Better feature location would enable higher-
confidence matching starting from the lowest level in
the hierarchy of features. Thiswould eliminate many in-
correct matches, and allow the use of tighter tolerances
in matching.

The results described above were obtained on a Sun
Sparc station 20 with run times asindicated in Table 1:

We believe that the results we have obtained indi-
cate the viability and potential of our approach though
we anticipate further development of the system to han-
dle more complex scenes. We believe that our hierarchi-
cal approach offers considerabl e advantages over previ-



cision to accept the combination or not, is made, based
on whether the confidence associated with the combina-
tion is higher or lower than the sum of the confidences
of theindividual hypotheses.

Figure 11 Results on a section of modelboard

8 Results and Conclusions

Our system has been tested on views of two differ-
ent scenes so far. Thefirst is that of a modelboard con-
structed for the RADIUS project. This scene is charac-
terized by adense array of buildings, aligned parallel to
each other; however, it has no vehicles on roads or in
parking lots and contains no vegetation. We have used
up to four views of this scene in our experiments. One
example was shown earlier in Figure 9. Other examples
are illustrated in Figure 10 and Figure 11. We believe
that the figures indicate good performance under fairly
difficult conditions. Quantitatively, of the 27 buildings
that the viewswe used covered, our systemisableto de-
tect 24 buildings. Three buildings are missed; the
missed buildings are dark, and merge with their shad-
ows. Thereis not enough boundary evidence to hypoth-
esize the existence of these buildings. Of the 24 detect-
ed buildings, 21 seem to be detected accurately (by vi-
sual examination of the results). One building (labeled
A in Figure 10) has its shadow included as well. It isa
dark building that merges with its shadow in one of the
views. Another building (labeled B in Figure 11) does
not extend to the actual edge of the building. This is
caused by numerous parallel lines competing to form
the side of the building in all the views. A third building
in the bottom right corner in Figure 9 is a multi-level
building. The top level is delineated. The second level
is discarded as it falls in the shadow of the top level in
oneview, hasno shadow cast on itssidein another view

(and hence cannot be verified from this view), and cast
ashadow that is taken for the shadow of thetop level in
the third view.

The second scene is that of a military base in Fort
Hood, Texas. This scene is more challenging than the
modelboard, because it has non-rectangular buildings,
vehicles are present on the roads and parking lots and it
has trees and grassy areas. Real lighting conditions
cause shadows that are not necessarily the darkest areas
in the images. Furthermore the acquisition geometry is
such that the epipolar lines between many pairs of views

are almost parallel (within 5°) to one of the sides of the
buildings (in at least one view) in the scene. This causes
height estimatesto be lessreliable and the sel ection pro-
cess certain.

Figure 12¢

Figure 12 Results on a section of Fort Hood

Figure 12 shows the results of a test on two of the
Fort Hood views. Figure 12a shows the edges detected
from both views, Figure 12b shows the selected build-



[6]. In our case, the analysisis made easier as we have
an estimate of the height of the building before the need
to search for shadows.

The search for shadows is carried out in a manner
similar to that for the walls. Knowing the height of the
building in 3D, and the direction of illumination, a
search is performed to detect evidence of the predicted
projection of the shadow. Thisincludes the shadow cast
by the roof that is detected, and the shadow cast by the
vertical walls of the building. Occlusion of shadows by
the building itself is taken into consideration when
searching for shadows. The search for shadows in each
view is carried out separately as the views are obtained
with different sun positions. Hence shadows are strictly
monocular cues.

Thevisible sides of thewalls are dependent only on
the 3D orientation of the building relative to the camera.
The sides of the building for which the shadows are vis-
ible is dependent on the orientation of the building, and
the direction of illumination. As these parameters
(namely the viewpoint and the direction of illumination)
are independent, it is possible that the shadows cast by
the roof, and the vertical wall of the same side are visi-
ble on the same side of the building. In this case, the
search is performed simultaneously. The shadow lines
and thewall lines may be visible together, depending on
whether the materia of the building and the diffused
light allow detection of the wall lines, which lie in the
shadow areain this case.

The evidence of shadows and wallsis accumulated
for all the views, and a score is associated with the evi-
dence detected. This score is afunction of the extent of
coverage, against expected coverage, and the accuracy
of the location of the evidence compared to the predict-
ed location. However, the system does not take into ac-
count missing evidence because of occlusion by other
detected structures, or because of the shape of the build-
ing. For instance, if the structure is L-shaped, the sys-
tem might hypothesi ze the structure as a combination of
two adjacent or two overlapping rectangles. In either
case the two rectangular hypotheses may lack evidence
in the common part, depending on the viewpoint and on
the direction of illumination. The numerical evidence
for walls and shadows is compared against a threshold
for acceptance or rejection. The threshold is set empiri-
cally from tests on sets of data from different scenes.
Mathematically, if the wall evidence of abuilding, Bj in

view; is walljj, and its shadows evidence is shadow;;,
then B; is verified iff
> (wallj; + shadow;;) 2 Threshold (empirically
[
set).

Figure 9 depicts the results obtained from the set of
views shown in Figure 1. 13 of the 16 buildings have
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Figure 9 Results on the viewsin Figure 1

been detected. Some of the detected buildings have
markings on the roof, and one is a compound building
with arectangular outline. A compound building in the
lower right corner has the top (and dominant) level de-
tected. The second (lower) level has an area that is
smaller than the smallest expected buildings. The build-
ings that are not detected are dark, are those whose
boundaries merge with their shadows. This makes de-
tection difficult as U matches and parallel matches are
not formed.

7 Combination of Rectangular Buildings

Some buildings are not rectangular, but can be de-
composed into rectangular structures. Verified rectan-
gular hypotheses are examined for combination accord-
ing to two mutually exclusive criteria: proximity, and
overlap. The precondition for both criteriaisthat the hy-
potheses be of approximately the same heightin 3D. We
consider the proximity and overlap criteria in the fol-
lowing paragraphs.

7.1 Proximity

When two hypotheses have common boundaries, or
common partial boundaries, they are candidates for
combination, which is effected if the resulting hypothe-
sis has sufficient wall and shadow evidence to support
the combined hypothesis. The criterion used for decid-
ing between combining and leaving the hypotheses sep-
arate, iswhether the confidence associated with the wall
and shadow evidence of the compositeis greater or less
when compared to the sum of the confidence values of
the individual hypotheses. This combination is effected
by deleting the common boundary, and retaining only
the non-common boundaries of the two building hy-
potheses.

7.2 Overlap

Two hypotheses may partially overlap. The new hy-
pothesis is obtained by taking the union of the areas of
the hypotheses being combined. The combined hypoth-
esisisverified with wall and shadow evidence, and ade-
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Figure 7 Selected parallelogram matches (building
hypotheses)

rectangleiswithin the given height constraints. A check
on the height constraint is necessary at this stage, even
though the features forming the parallelogram match
satisfy the constraint. This may be caused by the shift-
ing of some individual parallelogram corners, as de-
scribed in 4.5. If such shifting occurs, it is possible that
the height constraint may not be satisfied.
5.2 Positive and Negative line evidence

If the height constraint is satisfied, a search is per-
formed in each view for evidence supporting, or negat-
ing, the roof hypothesis. Lines that are found within a
certain distance (which is afunction of the image reso-
lution) from the hypothesized parallelogram, and that

differ in angle by not more than 10°, are considered pos-
itive evidence. Negative evidence consists of lines that
cross the boundaries of the hypothesis. Figure 6 illus-
trates the concept of positive and negative evidence.

5.3 Orientation
The normal of the plane containing the roof hypoth-

esis must make an angle of 45° or less, with the normal
to the ground in 3D, to be considered for verification.
The components of the parallel ogram match making the
roof hypothesis satisfy this constraint. However, owing
to shifting of corners mentioned above, the roof hypoth-
esis may not satisfy the constraint.

6 Verification of Building Hypotheses

So far, we have only used the evidence that comes
from the component features of a single roof hypothe-
ses. If we have indeed found a building roof, we should
be ableto find other featuresthat come from the 3-D na-
ture of a building. In our system, we look for evidence
for walls and that of shadows cast by a hypothesized
roof. In addition to the evidence of features supporting
or negating roof hypothesis, we factor in statistical
properties of the regions of the hypothesized roof and
the shadows cast.

6.1 Wall evidence

Inaview whichisnot nadir (and most views can be
expected to be such), at least one and not more than two
of the side walls of the buildings will be visible. These
walls are assumed to be vertical. The verification for
walls involves looking for the projections of the hori-
zontal bottom of the wall (the interface of the vertica
wall and the ground). At this point the hypothesized
building’'s height is known through triangulation. Using
the camera models, the projection of the vertical direc-
tion in 3D is computed. From the top of the wall to the
bottom, a search for line evidence parallel to the side of
the hypothesized building, is performed in incremental
steps. Figure 8 illustrates this concept. Wall evidenceis
deemed to be found if thereis evidence of parallel lines
at the distance from the top of the building that is pre-
dictablefromitsheight in 3D. The score associated with
this evidence is a function of the ratio of the length of
the line coverage of the side to the length of the side.

As additional evidence for the presence of awall, a

top of building

~ direction of
incremental search

wall lines

Figure 8 Search for walls

search for the projection of the visible vertical sides of
the hypothesized building is performed. If the predicted
length of the projected vertical (obtained from the
height of the building in 3D) is less than 5 pixels, it is
considered unreliable, and not taken into consideration.
Each vertical wall that isfound increases the confidence
of the hypothesis.
6.2 Shadow evidence

A 3-D building structure should cast shadows under
suitable imaging conditions. We should normally pos-
sess knowledge of the direction of illumination from the
sun, which in turn alows us to predict the location and
orientation of shadows (on flat ground) from the 3-D
hypotheses. If such shadows are found, our confidence
in the hypothesis can be increased. Shadows have pre-
viously been used in monocular detection of buildings



4.5 Parallelograms

Formation of parallelogram matchesisthe basisfor
hypothesizing building roofs. To hypothesize a parallel-
ogram match the minimal requirement is a U match (a
match may bein 2 or more views), with additional evi-
dence arising from one of the following four cases:

* an opposing U match from S,

* an opposing junction match from §,,

» anopposing U inasingleview (from one of the Sui)
* an opposing junction in a single view (from one of
the S‘]i)

Parallelogram matches are formed by running down
the methods of formation in the order indicated. Thisor-
der is not important, as the parallelogram matches are
treated uniformly by the selection and verification
mechanisms. Note that as the opposing features may not
line up perfectly, we have imperfect parallelograms in
2D. Thisnecessitates a shifting of the corners of the par-
alelogramsin 2D, constrained by the requirement that
they must be projections of a planar rectanglein 3D.

We define opposing U matches as follows. Suppose
we have U matches Um,,, and Um,, which belong to

S,m- Denote their junction matches (real or virtual) as
Jm,; and Jmyy,,, My and Jm,,, respectively. Um,,, op-
poses Um,, iff exactly one of the following conditionsis
satisfied:

* there exist U matches (Jmy,q, Jmyy) and (Impo,

Jm,p)
* there exist U matches (Jmy,;, Jm,p) and (Impp,

Jmpg)
U

s

“opposing” U opposing” junction

Figure 5 Opposing U and Opposing junction

The definitions of opposing in the other 3 cases are
similar, and utilize the concept of alignment as defined
in 4.4. Figure 5 depicts the formation of parallelogram
matches in the last 2 cases outlined above.

The existence of evidence to form a parallelogram
match, isastrong indication that arectangular 3D struc-
ture exists. As we focus on building detection and de-
scription from multiple views, we have chosen toignore
paralelogram evidence in one view alone, that is not

supported by any evidence detected in the other views.
For example, it is possible to hypothesize a monocul ar
parallelogram from 2 opposing Usin the same view, or
from an opposing U and a junction, but we choose not
to do so. Parallelogram matches acrossthe views are the
hypotheses of rectangular 3D buildings. The constraint
used in parallelogram matching is:

Planarity Constraint

In a manner similar to checking planarity of U
matches, planarity of the parallelogram matches is test-
ed. Thisis possible with parallelogram matches formed
by opposing U matches, and those formed by aU match
with an opposing junction match.

In the case of a U match with a single opposing U
(or opposing junction), virtual matches for the U (or
junction) are hypothesized, consistent with the planarity
constraint. Parallelogram matches hypothesized in this
way are accorded a lower initial confidence as there is
no additional constraint to be met. Decisions on therel-
ative goodness of the hypotheses are delayed until the
selection and verification of building hypotheses.

5 Selection of Roof Hypotheses

The parallelogram matches serve as roof hypothe-
ses. They satisfy the constraints of being rectangular in
3D, and almost coplanar. In addition, the height and ori-
entation with respect to the ground is known. We can
use these parameters to distinguish among acceptable
hypotheses and others, but height and orientation con-
straints are not sufficient because of inaccuracies of fea-
ture detection and cameramodels, and the possibility of
erroneous matches giving rise to acceptable hypotheses
accidentally. In addition to the 3D constraints that the
roof hypothesis must satisfy, it must be acceptablein all
the 2D views. Thisgivesriseto the second constraint of
the three described below. The hypothesesretained after
selection are shown in Figure 7.

negative evidence

’/ evidence
N

Figure 6 Positive and Negative line evidence

5.1 3D height
We check whether the height of the computed 3D



one of the following must hold: either there exist line
matches (Lim, Lip) and (Lin, Lxg) In Sm, or there exist
line matches (Ljm, Lkg) and (Lin, Lip) iN Sm.

3D Orthogonality Constraint

Given ajunction match, we can compute the 3D an-
gle between thelinesforming it (from the knowledge of
the matching lines). We require that this angle be be-

tween 80° and 100° in 3D.

Trinocular Constraint

When there are more than 2 views available, the
well-known trinocular constraint may be applied to the
locations of the junctions.
4.3 Parallels

Next, we compute parallel pairs of lines and match
the parallel pairs. Parallels are formed between pairs of
lines, L and L inthe same view;, that are separated by
less than the maximum projected width of a building.
While the task domain causes a large number of paral-
lelsin each view (two to three times the number of lines
in that view), because of the alignment of buildings,
roads, parking lots and shadows, the number of parallel
matches is typically lower than the number of linesin
any view. A match is hypothesized if there is evidence
in at least two views. When there is evidence in greater
than 2 views, thisforms asingle parallel match in more
than 2 views. The constraint used in matching isthe par-
allel match constraint described below:

Parallel match constraint
Consider parallels P;, with component segments

Lik, and Lik, inview;, and P with component segments
Lji, and L, in view;. The parallel match constraint is

satisfied for this pair of parallels iff exactly one of the
following criteriais met:

° (Likl, Lj|1) and (Likz’ Lj|2) are elements of S|m

. (Likz, Lj|1) and (Likl, Lj|2) are elements of §,

In the case of parallels over more than 2 views, the
parallel match constraint must be satisfied over parallels
from every pair of views. Maximal parallel matchesi.e.
parallel matchesthat have the maximum number of par-
alels, are generated in order to ensure that duplicate
paralel matches do not occur. Parallel matches over n
views are represented as n-tuples. The set of parallel
matchesis denoted by S,. Notethat astheline matches

satisfy the quadrilateral constraint (they are constrained
to being in a certain range in world z values) order re-
versal of the lines in the other views is automatically
taken care of, if it should occur.
4.4 Us

Next we consider the formation of U structures. A
U captures 3 sides of a parallelogram. Us are formed
when two junctions are aligned. The definition of align-
ment is given below. Us are computed for each view;, to

form sets SUi (i=1,2..number_of views). These sets

are utilized in forming parallelogram matches as de-
tailedin 4.5

segments
junction

b NS B

U/

Figure 4 Aligned junctions

There are two ways in which the system hypothe-
sizes U matches. The first way of hypothesizing U
matches is by using 2 aligned junction matches. Junc-
tion matches Jm,, and Jmg are aligned, if their compo-

nent junctions are aligned in each view. Alignment of
junctionsisillustrated in Figure 4.

The second way that U matches are formed isby a
parallel match with evidence of closure in at least one
view. In this case we have atwo virtual junction match-
es hypothesized. Thesetwo virtual junction matchesare
hypothesized on the side of the U match where evidence
of closure exists. The intersection of this closure, in
each view (it is hypothesized in views where it does not
exist), with the component parallel of the parallel match
in that view, yieldsthe virtual junctionsthat are compo-
nents of the virtual junction matches.

Closure of aparaléd is defined as follows. Let the
line that extends further in the parallel be L;;. Let the
further endpoint of L;; be Pjj;. Let Lorthij be the projec-
tion of thelinein 3D that is orthogonal to thelinein 3D
that is parallel to the ground and projectsto L;;. The par-
dlel is said to have closure iff there exist segments

which form an angle of lessthan 10° with Lorthij, whose

endpoints are at a distance of less than f(resolution)
from Lonhij, and whose perpendicul ar projections cover

at least 50% of the distance between the parallel lines
along Lorthij-

Denote the set of U matchesby S, Inthefirst case
of U match formation (from two aligned junction
matches), the following constraint should also be satis-
fied:

Planarity Constraint

Each junction match definesaplanein 3D. The pla-
narity constraint checks that the planes of the junction
matches forming a U match, are approximately copla-
nar (approximate coplanarity is defined to mean that the

angle between the normalsis less than 10°, and the dis-
tance isless than f(resolution), in each view).



place at various levels aswell, and the results of match-
ing at one stage are used for grouping at the higher lev-
els. At each stage, some selections are made but the pro-
cess is only intended to remove the hypotheses that be-
come inviable with the increasing availability of
context; at each stage, multiple hypotheses may remain
even after selection.

Each hypothesis that is selected as being a candi-
date for being a roof based on the evidence formed by
featuresin the multiple viewsisthen verified by looking
for supporting evidence from the visible walls and the
shadows. Since we know theroof hypothesesin 3-D, we
can predict the locations of the lines forming the wall
boundaries aswell asthe shadows on ground (ground is
assumed to be flat, though other kinds of known terrain
could be included). Hypotheses with sufficient com-
bined evidence form the output descriptions of our sys-
tem. Our system does have the ability of providing con-
fidence values for each object which may be useful for
subsequent processes or humans that need to exploit the
results. The confidence values are calculated based on
the extent and accuracy of detected vertical walls and
shadows cast by the roof, compared to their predicted
locations.

4 Hierarchical Grouping and Matching of
Features

In this section, we describe in detail the features
used in our system including the methods for grouping
and matching them. As described above, the system is
hierarchical and uses evidence from all the views in a
non-preferential, order-independent way.

4.1 Lines

Before matching, we first group line segments that
are colinear. Segments are considered colinear if there
is a free path from the end of one segment to the other
i.e. no other segment blocks the line joining the two
closest endpoints of the colinear segments, and if the

angle between the segmentsis less than 10°. Colinearity
is applicable to a set of greater than two segments as
well. The above criterion must be met between every
pair of neighboring segments.

After colinear grouping, the lines are tested for
matches across the views by using the following quad-
rilateral constraint:

* Epipolar constraint

Thematch for aline segment in oneview must lie at least

partially within a quadrilateral owing to epipolar and 3D

height constraints.

Each pair of lines that meet the quadrilateral con-
straint in any pair of viewsis determined to form aline
match and included in the set of line matches that we
will call §,, and is passed to the higher levelsfor further

processing.

Multiple views
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4.2 Junctions
Next, we consider matching of junctions formed by
intersection of two lines. Consider apair of lines L;, (k

=m, n) in view;, with endpoints Py, (I = 1, 2). Junction
Jj isformed at the intersection of L (k = m, n) iff the
angle between L;,,, and L;,, is greater than 30° and min
(dlstance(JiJ, Pik].)’ dlstance(.J”, P_i k2)) < Iength (le)
for (k = m, n). Denote the set of junctions formed in
view; by SJi. Junctions in the sets SJi i=1 2.
number_of views) are then matched acrosstheviewsto
form aset S]m, when the following constraints are satis-
fied:
Epipolar constraint

Given ajunction J; in view;, its match in another
view; must be within a certain segment (depending on
the height range in 3D) of the epipolar line correspond-
ing to g, in view,.
LineMatch Constraint

If junction J;, formed by linesL;y, and L;,,, matches

junction J, formed by lines L, and Lq, then exactly



to be present nearby in an urban scene where buildings
are often parallel to each other, as are ancillary struc-
tures such as roads, sidewalks and landscaping.

Figure 2 Detected lines from Figure 1

For such aproblem, we suggest that the problems of
matching and grouping (i.e. 3-D recovery and object
segmentation) be not separated, but be solved simulta-
neoudly [5]. The difficulty with matching lower level
featuresisthat it is difficult to disambiguate the matches
correctly; the difficulty at the higher levels is that the
correct groupings may not be formed in the first place.
We propose a hierarchical grouping scheme where low-
er level features are grouped into successively higher
level features. At each level, the grouped structures are
matched across the different views and only the consis-
tent ones are retained. We attempt to recover roof struc-
tures first, as they form the dominant regions of the
buildingsin the projected images. However, final selec-
tion of roof hypotheses needs to take advantage of the
context provided by thevisiblewalls (which may be dif-
ferent in different views) and by shadows cast by them.

To smplify our task, we restrict the domain of
buildingsthat we work with to rectilinear structures (i.e.
those consisting of rectangular components). Further,
we assume that the roofs are planar and that the walls
are vertical. This allows us to make some predictions
about the expected properties of the projected bound-
aries in the image as explained later in section 6. We
also assume that the “ camera models’ are given, that is
we can infer the epipolar geometry between the views
and know the orientation with respect to a ground
frame. Note that we do not require the different views
be such that the epipolar lines are parallel, nor do we
rectify the imagesto parallelize the epipolar lines.

In 2 we provide a brief review of previous work in
this area. We give an overview of our approach in 3,
with details following in 4 through 7. In 7, we present
some results and conclusions.

2 Previous Work

Stereo analysisis atopic that has been studied for a
long time in computer vision. It is not possible for usto
give adetailed survey of previous stereo analysis work
here; an excellent source of survey is[3]. In the follow-
ing, we only comment on some previous work that has
some close relations to our task or approach. A few re-
searchers have advocated use of hierarchical and struc-
tural featuresin previouswork, seefor example[5]. The
previous systems, however, assume views taken at the
same time and were not oriented towards the task of
building detection.

There have been some previous attempts more di-
rectly focused on detecting buildings from stereo imag-
es[1],[8],[9]. These systems, too, assumeimagestaken
at the same time. Largely, the previous systems match
low-level features such as line and junctions and to at-
tempt to infer buildings from the matches by some kind
of tracing or grouping method. The system described in
[8] matches higher level hypotheses (rectangles) but
does not use stereo information to form the hypotheses
themselves.

A recent system described in [2] does deal with the
same kinds of imagery that we do (in fact, we use the
sametest data). However, the approach in thissystem is
different in several ways. This system first usesasingle
view to determine roof outlines. Matches for these roof
outlines are found in other views and heights are deter-
mined by peaksin a histogram of heights from different
matches. This method has demonstrated very good re-
sultson one set of views. However, its performance may
be critically dependent on the ability to generate good
hypotheses from a single “ seed” view (apparently ana-
dir view). This system also assumes that the orientation
of the sides of the roofs in the image is known in ad-
vance.

3 Overview of the system

Our system, uses a hypothesis and verify paradigm.
Roof hypotheses are formed by a hierarchical grouping
and matching scheme and verified by using wall and
shadow evidence. A block diagramisgivenin Figure 3.
With the restrictions of rectilinearity in the shapes of the
buildings our system is designed for, the roofs can be
expected to project into parallelograms or a combina-
tion of them (we assume that projection is either truly
orthographic or is approximately orthographic over the
extent of a building; thisis generally true of aerial im-
ages taken from a height substantially larger than the
heights of the buildings). We form hypothesesfor paral-
lelogramsin a hierarchical way, by forming lines, junc-
tions, parallels, Us and finally the parallelograms them-
selves. Evidence from al the views is used to generate
the groupings and the process is not dependent on the
order in which the views are examined. Matching takes
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Abstract

A method for detection and description of rectangular
buildings fromtwo or moreregistered aerial intensity images
is described. The system uses a hierarchy of features for
matching. Results of lower level are used for grouping at the
higher levels are selected based on image evidence for them
and are verified by using shadow and wall evidence.

1 Introduction

Detection and description of buildings from aeria
images is an important task in many areas of cartogra-
phy, photo-interpretation and in other applications. The
task is difficult dueto avariety of reasons. Aerial imag-
es contain many structures, the images are typicaly
quite complex, and the 3D structure is not explicitly
given. Thus, we need to solvethe usual problems of ob-
ject segmentation (figure/ground separation) and of 3D
recovery.

It is possible for us to recover the desired building
structures from a single image and some automatic sys-
tems have been constructed for thistask ([6], [7]). How-
ever, thisis an extremely difficult task as only one view
isavailable to resolve the ambiguities of segmentation,
and 3D recovery must rely on shadows and projected
lengths of vertical lines which may not be visible dis-
tinctly. For many applications, more than one view of
the scene is available, which can ssimplify the task sig-
nificantly. In this paper, we consider the case wheretwo
or more views are available but the views are not nec-
essarily taken at the same time; hence, imaging condi-
tions, including the sun position, the atmospheric con-
ditions, and the environmental conditions, may be quite
different.

Problems of segmentation and 3-D recovery are
simplified by the presence of multiple views, but do not
disappear completely. A simplistic view of multiple
view processing would be that we could first recover a
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dense 3D map by matching across the different views
and then segment the desired structures in 3D. Howev-
er, thisisrarely possiblein stereo processing and is par-
ticularly difficult for the problem being considered here.
We cannot directly compute a dense 3D map of the
scene as there are large homogeneous areas whose inte-
riors can not be matched directly and we cannot match
intensity values across images as they are not invariant
with changing viewing conditions. Instead, what we can
attempt to do is match features, such as object bound-
aries, that are invariant across the images. However, the
set of such features will likely be sparse and fragment-
ed, and we must group them [10], to infer coherent ob-
jects.

To illustrate the nature of the problem, consider
three views of a scene shown in Figure 1. These views
come from a modelboard, and are being used as stan-
dard test images by severa researchers. Note that the
sides of the buildingsthat are visible are not the samein
al views, and that the shadows cast on the ground are
quite different. Figure 2 shows the lines extracted from
the Figure 1 images. Note that not all of these bound-
aries have correspondences in more than one view. Al-

Figure 1 Three views of a scene

so, itisunlikely that we can find unambiguous matches
even for those lines that do correspond just by looking
at thelinesindividually, asmany parallel linesarelikely



