detected. After specifying the problem and aroughly loca-
tion of the building, the missing part was found and fitted
without any manual corrections.

(@)

Figure7 A partly detected L-shaped building (a), (b) and
the manually corrected building.

4.2 Evaluation

Our approach fulfills the requirements proposed earlier:
by the initial step, translation and rotation is usually
defined by two “qualitative” interactions. In manual or
computer assisted manual systems the position is given by
more or less accurate measurements in the image. The ini-
tial step also gives afirst guess of the shape of the build-
ing, which might be already the correct hypothesis. In our
examples, a correct hypothesis was always found, when it
was generated but rejected by USC-MABS.

In nearly all cases only corrections of the sides and
height are necessary, because rotation and position is
aready given by the initia step. Also the number of cor-
rection steps in many cases was at most two (see Table 1).
A correction step of the height can be saved because of the
fitting after each step.

Also the precision of the user’s interaction is decreased:
The corrective part uses afitting process, so that high pre-
cision is not needed. Furthermore, by adding aready
extracted featuresto the model, like image edges, the qual-
ity of those features is undertaken and included in the
hypothesis.

Table 1: Distribution of numbers of required
interaction steps

initial 1 corrective 2 corrective >3 correct.
. . interaction interaction interaction
interaction
step steps steps
4 9 4 0

4.3 Extensions

The selection of hypotheses after the initial step has to
be extended to all known detection problems and be
included in the current system.

By an analysis of the results of the USC-MABS, areas

with possibly undetected buildings could be found. One
way to accomplish that would be to represent each hypoth-
esized parallelogram with afixed reference point and clus-
ter those points in the image with a hypothesis score
derived during the selection process. Comparing the clus-
ter image with aready found buildings can give hints for
missing buildings. The system would determine probable
areas and ask the user whether a building was not detected.
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supposed to be rather precise (otherwise no hypothesis
would have been established). The gray-level along the
sides of the roof is supposed to change only on the non-
shadow sides. The overall average gray-level should be
low and the variance rather small.

This analysis leads to an easily derivable set of parame-
ters which are used for the calculation of the most likely
hypothesis.

3.2 Manual Feature Extraction

If the building is still not correctly detected, additional
information is needed and one has to go one step back-
wards in the hierarchy of USC-MABS to extract new fea-
tures, like edges or corners. Two ways of correcting the
first hypothesis are offered: first the user can adjust the
roof-parallelogram by dragging sides with the mouse,
rotating or translating the whole model. Changes can only
be made within the constraints of the building model, for
example opposite sides remain parallel (see Figure 5). The
extraction of aground corner or -edge (shadow corner or -
edge) will determine the building height. These interac-
tions are similar to a completely manual system.

Figure 5 Manual adjustments - sides and rotation

Second, one can choose to extract edges and corners and
associate them to a part of the building model. For exam-
ple, aroof-side of the building can be specified by an edge
extracted in the image. Then this edge is added to the cur-
rent hypothesis. Our systems are implemented to run
under the RCDE [11]. This environment allows the use of
mouse-sensitive features thus facilitating user selection
and manipulation of features.

After each corrective interaction the system forms a new
parallelogram-hypothesis, the system looks for new edges,
shadow and wall evidence to support the new hypothesis
and finally performs a fitting and verification step. These
methods are the same as those in the automatic system.
This important step of verifying the consistence to the
constraints proposed in the USC-MABS can be compared
to afitting process in a computer assisted manual systems,
though in our system a fitting is performed after each
interaction. Therefore it is possible that, after a manual
correction of aroof-boundary, the wrong building height is
also corrected automatically.

Without the fitting step the system would perform like a
manual system and at least three interaction steps (two
corner adjustments and one correction of the building
height) would be necessary for adjusting the shape of one
building model. Rotation and translation as parameters of
the position add another two steps.

Note, that the manual feature extraction and the follow-
ing fitting and verification steps can also be applied to
buildings that are automatically detected, but partially
wrong.

4 Results and Extensions

4.1 Examples

The system was tested on a number of examples pro-
vided by the RADIUS [11] program (oblique and nadir
views). In Figure 4, an example of using only initia inter-
action was shown. In Figure 6 the building is not correctly
detected due to missing edges. There isno correct parallel-
ogram formed and all roof-hypotheses in (c) are rejected
by USC-MABS. After the initial interaction, a partly
wrong roof-hypothesis (d) is found, where the shadow
casting roof boundary are missed. The dotted line shows
the estimated shadow boundary. The adjustment of one
corner (€) leads to a new hypothesis. Note that after the
correction of the corner, the system found automatically
the associated shadow boundary (dotted line) and it cor-
rected the building height.

In Figure7 an L-shaped building is not correctly

(d) (€

Figure 6 Anundetected building, which iscorrectly extracted
after one corner-correction, the associated shadow-
boundary is corrected automatically (see text for
details)



match of parallelogram and roof sides, which would lead
to acorrect guess after the initial interaction step.

This set of patterns has to be established by the designer
of the system after an analysis of system failures.

Choose detection-problem

occluded - dzta;t:![)éd
building L- or T-bldg.

...........

Figure 3 Examplefor classes of detection-problemsand
their patterns

Once a class of problems is selected, a probability for
being the missed hypothesis is assigned for each parallelo-
gram according to the set of patterns: observation x; for
each pattern j is collected and transformed to a number w
which can be related to the associated likelihood. The
observation can be represented either as areal number, an
integer or a boolean.

O — %02
W = 1500 T for real numbers, or
20 Gij 0
= - | i
w InP%I g for integers/boolean

These formulas are derived by assuming Gaussian dis-
tribution. X;;, 0j; or P(x;;) (mean value, standard deviation
or probability of observation X;;) are parameters which
have to be determined either theoretically or empirically.

For each pattern e > isproportiona to the likelihood,
so that the most likely pattern for each parallelogram can
be chosen. And similar the most likely hypothesis for the
roof of the missing building is selected by comparing the
w of the most likely pattern of each parallelogram.

An advantage of this selection method is that the system
can - because of the selected pattern - give a prediction
with a certain probability wether a corrective interaction is
necessary and also where they have to be made. Also note
that the selection process could not be implemented in the
automatic selection step, because too many wrong hypoth-
eses would be accepted - the automated system does nhot
know for sure that there is a certain building at this loca-
tion.

Example: dark buildings

As an example we want to introduce possible evidence
for the problem-class of dark buildings. Usually the
boundary to detect between the shadow and the roof will
be difficult. The image edges of two sides of the roof are at
best only partly visible. Three observations are sufficient
to select the best hypothesis available after the Perceptual
Organization: evaluation of the parallelogram-corners, of
grayvalue-changes at the roof boundaries and of the over-
all average gray-level. Two patterns are used, one where
all sides are correct and one where one or two sides nearby
the shadow are incorrect.

It is possible to calculate the roof boundaries and cor-
ners which cast the shadow; the corner formed by these
roof-sides is likely to be very inaccurate, while the corner
formed by the other two sides (non-shadow casting) is

Figure 4 an example of a dark building which is not found by
MABS (a), its image-segments and junctions found
(b), the roof-hypotheses (c). After specifying the
detection-problem, the image-contrast is enhanced
for the display (d). A roof-hypothesis with error-
ellipses of corners and center of gravity(e). The 3-D
building-model found just after initial interaction (f)



shows an example of the performance of this system. In
Figure 2 we show a diagram of the USC-MABS enhanced
for interactive assistance.

The system performs reliably on images where the
buildings are separated, wall-, shadow- or roof-lines are at
least partially well detected. Otherwise, it may fail to
derive a three-dimensional description of a building, even
if there isinformation extracted that at least partly contain
the desired result. A rejection of a correct hypothesis can
occur during verification or during selection. A correction
here would just be to specify this particular parallelogram.
It is also possible that the correct hypothesis is not gener-
ated due to lack of existing features in the image. till
partly correct hypotheses are likely to exist and the miss-
ing feature(s) have to be added to obtain a correct descrip-
tion of a building.

3 Interacting with an Automated System

Our approach combines aspects of the automatic system
with user interaction. After an image is processed by
MABS, the interaction system starts. The process of inter-
action can be divided in two parts, initial interaction and
corrective interaction (see Figure 2).

« Initia Interaction (qualitative)

First the user classifies the detection problem: dark
areas, poor contrast, occluded buildings, occluded
shadows, partly detected L or T-buildings (thislist can
be extended). The classification scheme depends on
the performance of the automated system. This quali-
tative information is very useful to constraint the

Initial

Corrective g -
Interaction !

Interaction

new
roof-hypothesis

I I
| 3-D Description |
| I

of the Scene
- - - - — -
MABS

first new
3-D hypothesis 3D-hypothesis

_________________________________

Figure 2 Interaction system embedded in MABS

search for new hypotheses. Although the classifica-
tionisin general not unique (usually several problems
occur at the same time), it is unlikely that a correct
hypotheses will be rejected as long as the classifica-
tion is correct.
The second qualitative step is a very rough localiza-
tion of the missing building. This can be, for example,
any point on the roof (it is possible to automate this
step by clustering rejected hypotheses, see below).
After theinitial interaction the most likely hypothesis
can be established by the additional information pro-
vided by the user.
« Corrective Interaction (quantitative)
If the hypothesis established in the first step is (partly)
wrong, the user has to correct the sides or corners of
the building model. For example, if one roof-side is
incorrect, the user can either drag the line to the
desired location or select a line in the image which
refers to the roof-side. After each single correction,
both the verification and fitting of the parallelogram
and the determination of the building height will be
started. This has to be repeated until the model is fit-
ted to the image. In worst case the complexity of
interaction here will be the same as in adjusting the
shape of abuilding model in amanual system
As mentioned above in order to use intermediate results
and computations of an automated system one has to back-
track the steps until given user inputs can be used. Analyz-
ing the existing building detection system, the earliest
stage would be before the selection of hypothesized paral-
lelograms. At this stage, the information, which is com-
puted by the feature extraction and perceptual grouping is
still available and a unique representation for a possible
building can be obtained already.

3.1 Selecting the most likely hypothesis

Input for this step is the result of the initial interaction
and the set of roof-hypotheses generated by perceptual
organization. The initial interaction constrains the search
in the set of hypotheses. According to the specified area a
local subset of hypothesized parallelograms is established,
from which the most likely hypothesis according to the
detection problem is computed. When no detection prob-
lem is specified and therefore no specific knowledge of the
scene is known, the system uses the score computed dur-
ing the selection process of USC-MABS.

A set of parallelogram-patterns is assigned to each
detection problem, which classifies the parallelogram
hypotheses that can occur for a certain problem. An exam-
ple of a pattern is a parallelogram, in which one roof-side
is wrong by a trandlation (because there were no edges
detected at thisroof side), all other sides and the angles are
correct (see Figure 3). Another example is a complete



The design goals for our system can be summarized as
follows:

» the complexity of the interaction-process should be
minimized and in worst case not exceed the complex-
ity of the interaction-process required by a manual
system.

« the type of information called up in each step should
be easy for the user to determine.

“Easy” information for the user would be qualitative
information without the need of precision, like answering
the question “ Isin theindicated area a building visible but
not detected?” . The last requirement could also be stated
as: the precision required by the user should be minimized.

2 Previous work

Obtaining three-dimensional object information can be
achieved in several ways. In a completely manual system
each 3-D point of an object has to be measured in order to
calculate the shape. These points can be measured with a
photogrammetric stereoplotter by corresponding image
points of an overlapping pair of images.

In computer assisted manual systems an object-model is
selected and the parameters are extracted by adjusting the
model according to the image. The manual extraction is
supported by fitting the model either to the image or to
extracted features such as image-edges. The model can be
parametrized or generic, like active contour models.

There also exist a few automated approaches [2][5][8],
where [5] is the only monocular system. In this system
low-level features are grouped and used to hypothesize
simple geometric models, which are selected and verified
by shadow and wall evidence.

2.1 Computer Assisted Manual Systems

Lang et al. [4] use parametrized models which inher-
ently contain geometric and logical constraints. For exam-
ple a rectangular building can be expressed by three
shape-parameters (length, width, height) and the position
of the model according to a reference coordinate system
(tranglation, rotation). A specific building-model is
selected from a database and projected into the image. The
user adjusts the position and the shape of the model in
order to give an initial guess for the fina fit. The adjust-
ment is a sequence of interaction steps; in each step one
has to choose a reference point and a flexible point in the
model which determines the parameters to be adjusted.
Depending on the choice of these points, up to two param-
eters can be changed in one step by moving the mouse cur-
sor. The model is updated and projected in rea time, so
that the operator can adjust the model according to the
givenimage. Thereafter thefitting consists of arobust esti-
mation of the model parameters [10] by matching image-
edges with model-edges. This can be applied to one or

more images, The user however has to be more precise if
only oneimageis available.

Neuenschwander et al. [7] suggest a different way using
active contours [3]: an initial curve given by the user is
optimized by propagating edge-information from the end
points to the center of the curve. Still a set of curve end
points has to be entered interactively, where the choice of
end pointsis not unique. A number of parameters that reg-
ulate the curve's tension and rigidity are needed and are
not necessarily easy to obtain. There is also no guarantee
that the process will converge to the desired result but in a
local minimum.

2.2 An Automatic System.

Our work is based on USC-MABS, which in the follow-
ing is described briefly. It requires only one image with tilt
angle, swing angle and sun direction as input and assumes
weak perspective. The building model which is used here
consists of rectangular parallelepipeds that can be com-
posed to, for example, L, T or I-shapes. After alinear fea-
ture extraction roof-hypotheses are formed by an
hierarchical perceptual grouping (lines, folded lines, paral-
lels, U-contours, parallelograms). This step creates alarge
number of parallelograms, allowing the establishment of
also weak hypotheses. Next the paralelograms are
selected by local and global criteria using domain knowl-
edge and shadow- and wall information. Finally averifica-
tion is applied to validate the selected hypotheses using
shadow and wall evidence. This step results in a three-
dimensional model of the building, which is determined
by the associated shadow and wall evidence. Figurel

(©) (d)

Figure 1 Automatic detection of abuilding scene (a): extracted
segments and corners (b), generated hypotheses (c),
selected hypotheses (d), verified roof-hypotheses (e)
and their wire frame (f)
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Abstract

An approach for including interaction in an automatic
building detection and description system is described. It
usesinter mediate results and computations of the automat-
icanalysisto add or correct the 3-D description of a scene.
The proposed method requires a minimum amount of easily
obtainable information from the user. The number of inter-
action stepsis less or equal to those of computer assisted
manual systems with a final fitting step. The systemis built
on top of a a monocular automatic building system devel-
oped at USC and has been tested on a number of examples
with good resuilts.

1 Introduction

The extraction of 3-D site-models from aerial imagesis
an important task and has its application in numerous
fields like cartography, city planning, photo interpretation
and change detection [1]. Also with the development of
GIS (geographical information systems) the need of
updated three dimensional information is very high. How-
ever, the problem of 3-D site modelling is difficult due to
many reasons. The images are quite complex, contain sig-
nificant texture and the 3-D structure must be inferred
from one or more 2-D images. There has been significant
progress in automated systems for extracting cultural fea-
tures from aerial images ([2][5][6][8][9]), but the results
are not perfect and some manual editing is still required.

A variety of interactive systems have been built for site
model construction ([4][7][11]). The amount of interaction
varies from almost complete manual operation with an
operator locating all the significant features to where the
operator selects a parametric model or a rough outline
which is then fit to image data under operator control. In
al such cases, the machine's task is limited to that of
bookkeeping, simple geometric calculations or some form
of error minimization. No perceptual capability of the

* This research was supported in part by the Advanced Research
Projects Agency of the Department of Defense and was moni-
tored by the Army Topographic Engineering Center under Con-
tract No. DACA76-93-C-0014.
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machine is utilized and the operator is required to provide
a large number of inputs, in some cases very accurately.
We will refer to such systems as computer assisted manual
systems. While such systems can aid in constructing site
models from aerial images, they are quite tedious to use as
the number of structuresto be extracted istypically large.

We propose an alternative strategy for combining the
activities of the operator and the machine by taking advan-
tage of what perceptual abilities a machine does have. Our
goal is to provide a minimum amount of input to the
machine and let the machine make the decisions that it
can. Our approach is based on the observation that the
automatic systems often work quite reliably under certain
conditions and the operator should not need to do this
work. Also, when automatic systems fail, they fail due to
some salient difficulties. In such cases, the operator may
be able to supply an indication of the difficulty or the
desired result which may suffice for the machine to finish
the computation.

We use a monocular automatic building system devel-
oped at USC (called USC-MABS from now on) as the
underlying system [5]. This system is designed to find rec-
tilinear building structures from a monocular image. It
uses perceptual grouping techniques to find likely candi-
dates for building roofs and uses shadows to confirm them
and to estimate their height. The system's performance is
generaly quite good when sufficient parts of the roof
boundaries can be extracted. However, in some cases, such
as when the roof is dark, the boundary of the roof with the
shadow is not detected and the system fails to confirm the
presence of such buildings due to lack of sufficient evi-
dence. In such cases, a very simple guidance from the
operator, just indicating that in fact a dark building is
present in the vicinity suffices for the automated system to
find one on its own!

Our methodology does allow for more detailed interac-
tion with the system, in stages, and as necessary. In the
worst case, the system reduces to the user having to pro-
vide al the information asis the case for most manual sys-
tems. However, we find this capability is seldom needed in
our system.



