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e 1 Introduction

b

- ‘ .

A The goal of this investigation was to carry out a program of basic research studying éppli—
:;\: cations of interactive expert syjst’ig{n,‘@echpiques to the domain of automated cartography. ¢¢'7 4
0 We have performed this-wopffl\iﬁ’tﬁé' context of the SRI Image Understanding Testbed,

& which has beerextended to include Symbolics Lisp Machines and the SRI ImagCalc(TM

.S

4 software support ;ﬁ@

_'-'_: P "A§ ‘6ur sample domain, we chose the problem of locating rectilinear cultural objects
. — in aerial imagery. This is an interesting research subject because each of the obvious
" - object-location methods, edge-based or region-based, has significant problems.

A low-level image partition will always contain errors with respect to the task of object

| '\ delineation, no matter how much the process is refined, because knowledge of the object
A model and context are missing. Algorithms based on edges alone, on the other hand,
™ lack the strong constraints and context information provided by segmentation regions;
Y" @ furthermore, edge-based apprcaches have significant problems with sign-changes in the
pn figure-ground relationship.

:: We therefore decided that the most effective approach to the object-delineation prob-
:;' lem would be a knowledge-based architecture that used semantic knowledge about edge
-« geometry to correct an initial segmentation.
& < During the course of the effort, we evolved through several stages while working to
s consolidate and broaden the rule base for discovering cultural structures of increasing
L complexity. Our latest approach utilizes generic models for multiply-branched rectilinear
?‘ N structures to parse cultural objects in the image and carry out a model-based resegmen-
L ’ tation.

! ~ We have also developed substantial interactive capabilities within the context of the SRI
- ImagCalc system. A demonstration environment with moderate explanation capabilities
- and flexible interactive control procedures now supports the cultural-object delineation
activity.

o e Finally, we have also been working on three-dimensional analysis techniques that will

be incorporated into the general context of the object-delineation system. This will become
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L & especially significant when we need to deal quantitatively with such aspects as perspective
A distortions in the objects being extracted from the source imagery. The special stereo-
ks graphic display hardware acquired in the course of this project is essential for pursuing the
- three-dimensional analysis capability.
‘ We feel that we have made significant progress towards our objective of investigating
h® the mechanisms supporting rule-based solution of image understanding problems, and the
o means by which such problems can be solved by exploiting the cooperative strengths of a
o human operator and a knowledge-based computer system.
N
‘N
ho 2 Summary of Technical Results
y Our work on this project concentrated on the detection of building-like cultural objects in
N aerial imagery. This is both a useful domain in terms of potential practical applications and
N one that has clear geometric signatures that can be exploited. Furthermore, the accuracy
L of a result is easily checked for the purposes of evaluating the success of the paradigm.
b Three different technical reports, characterizing the early, intermediate, and late stages
! of the research undertaken in the course of this project are provided in Appendices A, B,
:j and C.
" ® The major results that have been achieved are the following:
: e Model-based resegmentation: Image segmentation is typically a syntactic process
‘. involving context-free operations on image intensity data. The resulting segmenta-
X tions produce regions that do not correspond reliably to a given target because the
':: specific high-level context of the target cannot be taken into account. By adding de-
® tailed knowledge about the context and by using specific models for the target object
~ geometry, as well as knowledge about the probable failure modes of the segmentation
: itself, we are able to make intelligent corrections to the region shapes provided to
K. us in the original segmentation. The result is a model-based resegmentation of the
- . image that incorporates significant semantic knowledge about the object domain,
i and corresponds very closely to the regions containing target objects.
: e Identification of generic cultural objects: Many techniques have been used
! to model specific objects and to discover them in an image. However, the most
! challenging problem arises when one knows only a general class, such as the class of
= rectilinear buildings, but nothing about the specific objects one might encounter. We
S have solved the problem of reliably finding instances of generic rectilinear buildings
2 without any recourse to the use of rigid templates. Instead, we define a model for
- arbitrarily complex rectilinear structures of any size or shape and use this model to
': ¢ carry out the resegmentation process.

¢ Parsing rules to extract model instances from real, noisy imagery: There
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9 are many theoretically interesting approaches to model-based image interpretation.
When applied to typical, noisy image data, however, most approaches require signif-
icant human intervention to parse the raw image data into the format required as
input for the modeling systems. Our system includes carefully constructed parsing
rules that take unprocessed image data and parse the information into the generic

@ model representations needed for resegmentation. The whole approach derives its
unique flexibility from the extensive use which is made of interaction between low-
level and high-level knowledge.

The technical foundation that is now in place is expected to serve as the basis for further
o work. In particular, we plan to extend the explanation abilities of the interactive system
and to develop rules for additional object domains, as well as incorporating some of the
system components into an interactive, three-dimensional cartographic analysis, sketching,
and display system.
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Appendix A

Locating Cultural Regions in Aerial Imagery Using
Geometric Cues

By: Pascal Fua and Andrew J. Hanson

Artificial Intelligence Center, SRI International

Published in Proceedings of the Image Understanding Workshop,
pp. 271-278 (December 1985).
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ABSTRACT

To locate cultural regions in aerial imagery, we merge pixel-
level techniques with geometric reasoning and generic (as
opposed to specific or template-like) object descriptions.
We utilize discrepancies between the generic models and
the image data to refine an initial low-level segmentation
and produce a more accurate delineation of cultural re-
gions.

1 Introduction

Detecting and labeling scene objects is one of the more
demanding tasks in automated image analysis. In the typ-
ical case of a high-altitude aerial image, there are no ex-
isting segmentation techniques that can reliably produce
regions that have a one-to-one correspondence with ob-

o~ jects of interest. Most segmentation procedures produce
', a wide mixture of undersegmented objects, where the ob-
) ject is merged with other data, and oversegmented objects,
‘ where the object is brcken up into a “jigsaw puzzle” of in-
p distinct parts. Furthermore, such segmentations are nor-
N @ mally unstable with respect to minor changes in the pro-
gram parameters, digitization methods, viewpoint, scene
( lighting, and film-processing methods.
- We therefore propose to explore the application of
,} knowledge-based methods to the problem of correcting an
W initial segmentation so it coincides with recognizable ob-
b & jects. Other related efforts include those of Ohta et al
‘1979, Nagao et al [1980!, Reynolds et al [1984], Nazif
" and Levine [1984;, McKeowr et al [1984], and Hwang et
ﬁ: al '1083'. Our work relies upon contextual geometric rea-
2, soning and generic, template-free models of the features to
) be extracted from the image. We overcome some of the
., limitations of previous approaches by providing powerful
s facilities for utilizing generic shapes and spatial context to
v resnlve undersegmented objects.
I. )
&
:‘ ' The work reported here was supported by the Defense Advanced Re-
) search Projects Age.ncy under Corllrf\ct MDAOO.'S-B.?-C-OOZT and by
b the U'.S Army Engineer Topographic Laboratories under Contract
. DACAT2-85.C-0008.
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LOCATING CULTURAL REGIONS IN AERIAL IMAGERY USING
GEOMETRIC CUES

Pascal Fua and Andrew J. Hanson

Artificial Intelligence Center
SRI [nternational. Menlo Park. California

For the purposes of our current work, we have imposed
the following constraints:

e Object type: We restrict ourselves to the identifica-
tion of cultural structures in aerial imagery, thereby
providing the opportunity to use such observations
as the presence of straight lines to focus attention
on regions likely to be components of a target object
[see, e.g., Shirai, 1978].

o Image data: We assume that we are given a digi-
tized aerial image that is essentially a straight-down
view, along with lighting and camera-model param-
eters. Typical images used in our experiments have
scales of 1 to 2 feet per pixel on the ground.

¢ Initial segmentation: We assume we are provided
with a syntactic partition of the image computed by
an Ohlander-style segmenter [Oh]ander et al, 1978;
see also Laws, 1982, 1984).

o Knowledge characteristics: We assume that no
precise templates of the target cultural objects are
available, and thus we are required to deal with com-
plex objects having only general, semantic descrip-
tors.

Our results to date may be summarized as follows:

¢ Undersegmented Regions Are Correctly Re-
fined. The identification of cultural portions of a
region on the basis of groups of parallel and per-
pendicular lines leads to a very reliable splitting of
undersegmented regions when combined with other
contextual knowledge.

e Templates Are Eliminated. Many traditiona!l
systems for discovering buildings use relatively rigid
rectangular templates, possibly with an allowabie
range of constraints on dimensions ‘e.g.. Binford.
1082; Hwang et al, 1983,. Instead, we employ generic
knowledge of the object geometry. By generalizing
the concept of a “side™ to include a large class of
rectilinear zig-zag shapes and searching for rectan-
gular geometric relationships among these compos-
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ite shapes, we can accept and identify very com-
plex polygonal structures with rectilinear compo-
nents. No assumptions whatsoever are made about
specific shapes, and thus we avoid the restrictions
of the template approach while gaining substantial
power.

e Semantic Knowledge Supports Correction and
Labeling of the Initial Segmentation. We have
linked domain knowledge with image-level operations
in several ways to improve overall system behavior.
We utilize knowledge of how the segmenter is likely
to misplace region boundaries relative to desirable
edges to recover such edges in the resegmentation,
as well as to reject improbable geometries. Predict-
ing the way shadows may be separated or incorrectly
merged in the original segmentation leads to the cor-
rect parsing of shadow evidence required for identi-
fication of raised structures.

In the succeeding sections, we first describe our general
approach to the design of an object-recognition system,
and then present some initial results. We conclude with
our plans for future refinement of the system.

2 Approach to the Object Recog-
nition Problem

Several observations and theoretical concepts form the ba-
sis for our approach to the object recognition problem.

Recursive segmentation guarantees strong
derivatives. An Ohlander-style segmentation of an image
is recursive. A set of pixels in a given value range is selected
on the basis of the shape of a frequency-of-occurrence his-
togram; these pixels are then labeled as belonging to one
of several regions on the basis of spatial contiguity. The
histogram of a region derived in this way will often have
a shape entirely different from the parent histogram. The
procedure is applied recursively until regions with no sig-
nificant histogram structure are obta'ned.

Neighboring regions thus will often belong to noncon-
tiguous value ranges of the histogram; the deeper the level
of recursion, the more likely it is to find regions widely
separated from their neighbors with respect to the range
of pixel values in their histograms. Region boundaries tend
to lie on discontinuities in the pizel values and, therefore,
strong dersvatives occur between regions.

In Figure 1, we verify these observations for a grey-scale
image by showing the qualitative correspondence between
segmentation region boundaries and the pixels in the image
with high Sobel derivative strengths.

Sobel directions align with region boundaries.
Edge direction can be determined in two ways. One is
to fit a line to a set of points in an edge sequence, and

U X '.Y,"Z'J""'J‘-'"*."'.'.".'.."u"w
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the other is to compute the Sobel direction at a point.
Because of the high correlation between Sobel derivatives
and region boundaries shown in Figure 1, the latter will
be quite reliable (see also Burns et al, 1984, for another
approach).

Figure 1: (a) An example of an aerial image containing
houses. (b) The boundaries of the regions re-
sulting from a segmentation of the image. (¢) A
binary image showing those pixels with strong
magnitudes of the Sobel derivative.

In Figure 2, we show a typical region boundary ob-
tained from the SRI SLICE segmenter [Laws, 1984], to-
gether with the long, straight lines obtained by an algo-
rithm that looks only for consistency in the Sobel direc-
tions of a contiguous set of boundary points. The sets of
points with compatible Sobel directions and the apparent
linear boundary pieces are in good agreement.

Lines are classified by geometric direction. Se-
mantically significant clusters of lines are often collinear,
but laterally displaced. The direction that we assign to
a cluster of two or more collinear or parallel lines is a
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(b)

Figure 2: (a) Typical region boundary taken from the
bottom center of Figure 1. (b) Long, straight
lines in the region boundary derived only from
requiring consistency of the Sobel directions in
sets of contiguous points.

weighted average of the directions of each individual line,
rather than the direction produced by fitting a line to the
complete collection of points. This distinction is illustrated
in Figure 3.

/

(a)

(b) -

Figure 3: (a) The result of fitting a line to all the points
in a pair of parallel, offset lines. The resulting
direction is sncorrect for the purposes of this
work. (b} The composite direction of two lines
computed from a weighted average of the direc-
tion of each line.

U85

Shadows may be separated efficiently. Shad-
ows form high-contrast regions with predictable geomet-
ric shape characteristics [see, e.g., Shafer, 1985; Medioni,
1983]. Our line-extraction methods are especially appro-
priate for extracting shadows that may have several broken
segments aligned with the sun azimuthal angle.

Backtracking mechanisms are supported. Back-
tracking is accomplished in the current system using a li-
brary of reversible, rule-like procedures. An example of
such a backtracking operation is shown in Figure 4; a com-
posite line can be broken when a rule gives preference to
the construction of a more complex structure, such as a
U-shape.

We have previously expressed portions of our system
in the framework of MRS [Geneserith et al, 1983] in an at-
tempt to utdize the backtracking facilities provided in such
a reasoning environment; in the current implemeniation,
we have chosen for practical reasons to revert to proce-
dural rule representation. Perhaps when a more complete
understanding of this problem domain is achieved, we shall
translate some of our procedurally represented rules into a
more succinct declarative representation.

Figure 4: Backtracking by breaking a composite line to
form a U-shaped structure. The U-shape is pre-

ferred because it provides strong evidence for a
cultural object.

Geometric structure localizes semantically sig-
nificant subregions. The current system relies upon gen-
eral relationships such as perpendicularity and parallelness
of composite line structures to single out portions of an
arbitrarily shaped region that have suggestive polygonal
substructures. This information is then used to correct
the original segmentation.

We extract and use relationships such as in front of, be-
hind, between, beside, enclosed by, enclosing, at a certain
angle from, and at a certain distance from in both geomet-
ric and contextual reasoning processes. This vocabulary
provides a basis for semantic reasoning, e.g., “look for dark
areas in the direction of the solar azimuthal angle relative
to a region boundary in order to confirm the hypothesis of

a building wall.”
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3 Once interesting region portions are selected, a pixel- The final result of the computation is a resegmenta-
£ ° based line-linking procedure can be invoked to connect re- tion of the image with explicitly identified cultural-region
lated lines, complete corners, and close open-ended Paral- clusters. Below, we present three examples illustrating the
3 lels or U’s. When the resulting links are satisfactory, the general features of the approach.
) undesirable portions of the region are amputated, leaving
clean cultural structures as the residue. Figure 5 illustrates 3.1 E le 1: A jon
. linking processes that would be carried out when signifi- * Xamp ? An easy reglon.
cant linear structures are present in an undersegmented In the lower right-hand corner of the aerial image in Fig-
1 © region. ure la there is a house whose outline corresponds exactly
k to one of the regions produced by the segmentation. The
. good lines found in the region boundary are shown in Fig-
ure 6. This house is characterized by the two sets of parallel
lines that close to form a Box; an appropriately located
) shadow is also present.
l ®
(a)
o
®
- —— — — — ——
% (b)
™
’ Figure 5: (a) Resegmenting a region with a good U by
completing a corner. (b) Resegmenting a region
) with a good Parallel by linking the elements
K of a composite line.
_ o Figure 6: The long, straight lines belonging to a distinct
a house region. These lines form a Box structure,
. 3 Examples and Results indicating very strong evidence for a cultural
X object and distinguishing the region from its
8 The current implementation of the system consists of two surroundings.
: main sequences of operations:
& ¢ Discovering the geometric features and relationships Even when the segmentation of an image is effectively
1 within each single region. perfect, locating the cultural correspondences can be non-
. trivial. Our method immediately focusses on this structure
. ¢ Resegmenting some regions based upon geometric re- without a priors knowledge of its shape and singles it out
' lationships'wit}.ﬁn a region or among distinct regions, because of its exceptional geometric structures,
. ]a(.nd grouping interesting regions based on context In this case, no resegmentation is performed because
nowledge. . . . .
. there is no significant difference between the paths found
Resegmentation is currently carried out using the F*al- by lmk‘mg t}}e ]mes‘ and' the region bour}dary itself. T}.m
) gorithm of Fischler et al [1981]. We compute the required re.sult is a single, identifiable house-region, as shown in
cost array by using the Sobel edge strength combined with Figure 7.
geometric constraints on the directions in which edge com-

pletion is predicted to take place. As a result, when the

(%3 Sobel strength near a boundary segment follows a desir-
. able path different from the boundary, F* will pick up ;
that path.
\ \
|
- i
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Figure 7: The single identified house region boundary
overlaid on the image. No resegmentation was
necessary in this ideal case.

3.2 Example 2: Repartitioning a com-
plex region

The next example, with the image, region boundaries,
and elementary line segments shown in Figure 8, contains
a heavily shadowed, approximately L-shaped, composite
building. The segmentation confuses complex porches with
roof tops, inappropriately combines sidewalks with the
roof, and merges a significant shaded roof portion with
background vegetation. The sunlit portions of the com-
posite roof are contained in a single region; the two main
lobes of this region are joined by a narrow neck. We ob-
serve that, given only the good edges of this roof region
as shown in Figure 8c, the roof structure is confusing to
parse even for a human.

We first search for basic geometric relationships within
the roof-containing region. Two distinct U’s are found
that support the identification of a cultural object, one
in each lobe of the region. Both of these U’s require the
breaking of a composite T, a type of backtracking, for their
construction.

Next, the systemn attempts to link composite lines and
to close the open ends of the U's to form boxes using
the line-linking 2lgorithm. This procedure amputates the
porch and sidewalk appendages and leaves two Boxes,
outlined in Figure 9, that provide a clear semantic con-
text. Applying knowledge of shadows here generates the
hypothesis that both boxes are associated with the same
large shadow region, so we label the group as a composite
3-dimensional structure.

u8s

(b) (c)

Figure 8: (a) Another image containing a complex house
structure. (b) Region boundaries. The up-
per L-shaped structure is a shadow; the lower
L-shaped structure arises from two juxtaposed
pieces of sunlit roof joined into a single region
by a narrow neck. (c) Long, straight lines in
the boundary of the sunlit roof region.

We have thus succeeded in taking a single, confusing
region and using its geometric structure to break it up into
manageable parts. We note that the area enclosed between
the pair of Box structures and the shadow is a heavily
shaded, peaked-roof portion whose region features are so
poor that it could not have been recognized by our basic
methods; the labeled enclosing regions now provide the
required semantic context to support this identification.

3.3 Example 3: Multiple region cluster-
ing

In Figure 10, we show another portion of the image of
Figure la and its segmentation. This image is typical of
cultural scenes that are difficult to parse using pattern-
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Figure 9: Final results of the splitting. The initial seg-
mentation is split several times to give two
subregions with good Box structures whose
boundaries are outlined in the figure. The large
shadow region is recognized as common to both
subregions. The area between the shadow and
the Box structures is now identifiable by its
semantic context as a heavily shaded roof por-
tion.

matching techniques because the terrain and roads are
highly irregular and the houses have very complex shapes.
Figures 11 and 12 show typical regions resulting from the
segmentation of a house-containing area, along with illus-
trations of the process by which geometric structures are
discovered. The first region contains an excellent U, while
the second has a Parallel.

When we repeat the analysis for each region in Fig-
ure 10, we find only these two regions that have suggestive
structures and appear to be geometrically related. Since
an appropriate shadow region is present, we deduce that
these regions probably belong to a single cultural cluster.

The geometric relations among lines in the boundaries
of these regions are now used to predict the locations of the
resegmentation boundaries to be constructed by linking.
The results of the linking and resegmentation operations,
depicted in Figure 13, show clearly the successful extrac-
tion of this complex building. We note that three different
types of repartitioning were carried out to achieve this:
(1) linking a corner formed by two lines belonging to a sin-
gle region, thereby splitting off an irrelevant appendage;
(2) linking a corner whose lines belong to two separate re-
gions, thereby splitting yet a third region lying between
them (this completes a U whose sides are the parallel lines
in Figure 12); and (3) closing off the bottom of the U'’s
formed by each of the two major roof segments.
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Figure 10: Left portion of the image of Figure 1a with seg-
mentation boundaries from Figure 1b overlaid.
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Figure 11: An illustration of the procedure by which geo-
metrical relations are constructed within a sin-
gle region. (a) Boundary of a typical region in-
cluding portions of a house. {b) An example of
a composite line with many elementary compo-
nents extracted from the boundary. (c) A pair
of parallel lines formed within the boundary by
two composite lines. (d) The U structure con-
structed by finding a line in the boundary that
closes off one end of the parallels. In this ex-
ample, all good line segments belong to the U.
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Figure 12: (a) Border of a second region belonging to the
same house. (b) These parallel lines are the
best structure that can be built. The Sobel di-
rections of the short left edge are not sufficiently
consistent to allow us to accept it as a closing
line for a U structure.

The roof segments are labeled as belonging to a 3-
dimensional, raised structure with a peaked roof, since
they correspond to a “sunny side” and a “shady side” of
the roof, with a narrow shadow adjacent to the “shady
side.”

4 Directions for Future Work

We plan to add the following enhancements to the current
system during the next stage of development:

¢ Generate interactive explanations of various actions
to facilitate user understanding and debugging of do-
main rules; support user input of domain knowledge
and corrections of the labeling.

o Merge “jigsaw puzzles” of objects that have been
badly oversegmented.

o Extend the domains of expertise to include “explain-
able anomalies,” of which the current shadow analy-
sis is one example.

o Support additional classes of target objects.

e Incorporate additional geometric information such
as perspective distortion of target shapes present
in oblique views and nonplanarity of the underlying
land.

¢ Support exploitation of multiple images covering the
same scene.

The investigation described here explores a number of
promising theoretical directions for knowledge-based par-
titioning and object identification, and produces satisfying
experimental results for particular classes of images. Our
next task will be to exterd these ideas while incorporating
support for explanatory interactions with the user.
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Figure 13: The results of computing linking lines and cut-
ting regions accordingly. A third region comes
into play when the linker completes the right-
hand corner. The resulting three regions con-
tain the area that one would visually associate
with a house.

References

T.O. Binford, “Survey of Model-Based Image Analysis
Systems,” The International Journal of Robotics Re-
search, 1, No. 1, pp. 18-64 (Spring, 1982).

J.B. Burns, A.R. Hanson, and E.M. Riseman, “Extract-
ing Straight Lines,” Proceedings of the Image Un-
derstanding Workshop, pp. 165-168 (1984).

M.A. Fischler, J.M. Tenenbaum, and H.C. Wolf, “De-
tection of Roads and Linear Structures in Low-
Resolution Aerial Imagery Using a Multisource
Knowledge Integration Technique,” Computer Graph-
ics and Image Processing 15, pp. 201-223 (1981).

M. Geneserith, R. Greiner, and D.E. Smith, “MRS — A
Meta-Level Reasoning System,” Stanford University
Heuristic Programming Project Report No. HPP-83-
27 (1983).

V. Hwang, L. Davis, and T. Matsuyama, “Hypothesis In-
tegration in Image Understanding Systems,” Univer-
sity of Maryland Report CAR-TR-130 (1985).

K.I. Laws, The PHOENIX Image Segmentation System:
Description and Evaluation, Technical Note 289, Ar-
tificial Intelligence Center, SRI International, Menlo
Park, California (September 1982).

K.I. Laws, Goal-Directed Tezture Segmentation, Technical
Note 334, Artificial Intelligence Center, SRI Interna-
tional, Menlo Park, California (September 1984},

N )
. h\* \‘-

i \*\ )
3 \ \ ..‘ . ¢

e
(3




>
57

10

ol lefril et

PP R

Hanson & Fua

D. McKeown, W.A. Harvey, and J. McDermott, “Rule
Based Interpretation of Aerial Imagery,” Proceed-
ings of IEEE Workshop on Principles of Knowledge-

Based Systems, pp. 145-157 (1984). See also IEEE
Trans. PAMI, tn press.

G.G. Medioni, “Obtaining 3D Information from Shadows
in Aerial Images,” Proceedings of IELE Confer-
ence on Computer Vision and Pattern Recognition,
pp. 73-76 (1983).

M. Nagao and T. Matsuyama, A Structural Analysis of
Compler Aerial Photographs, Plenum Press (New
York, 1980).

A.M. Nazif and M.D. Levine, “Low Level Image Segmen-
tation: An Expert System,” IEEE Trans. PAMI 6,
pp. 555-577 (1984).

R. Ohlander, K. Price, and D.R. Reddy, “Picture Segmen-
tation Using a Recursive Region Splitting Method,”
Computer Graphics and Image Processing 8, pp. 313-
333 (1978).

Y. Ohta, T. Kanade, and T. Sakai, “A Production System
for Region Analysis,” Proc. 6th Inter. Joint Conf.
on Artif. Intell., pp. 684-686 (1979).

G. Reynolds, N. Irwin, A.R. Hanson, and E.M. Riseman,
“Hierarchical Knowledge-Directed Object Extraction
Using a Combined Region and Line Representation,”
Proceedings of the Image Understanding Workshop,
pp. 195-204 (1984).

S.A. Shafer, Shadows and Silhouettes sn Computer Vision,
Kluwer Press (1985).

Y. Shirai, “Recognition of Man-Made Objects Using Edge
Cues,” in Computer Vision Systems, Ed. A.R. Han-
son and E.M. Riseman, Academic Press (New York,
1978).




Appendix B

[ ]
. Using Generic Geometric Knowledge to Delineate
Cultural Objects in Aerial Imagery
b
d
{ By: Pascal Fua and Andrew J. Hanson
i* Artificial Intelligence Center, SRI International
o
[
: SRI Technical Note 378
L April, 1985
®
[~

Lo i n 2 el am a0 o an aa o an e L AP gE - o o o




NN W T W AN W YN YT, VL.
k_‘
oY
e Using Generic Geometric Knowledge to Delineate
2 Cultural Objects in Aerial Imagery
Es
” ABSTRACT
®
We present a paradigm for discovering the outlines of arbitrarily complex cultural objects
K in aerial imagery. The approach starts with a low-level image partition and and generic (as
e opposed to specific or template-like) object descriptions. We then use geometric reasoning
N and context knowledge to suggest corrections to the discrepancies between the segmenta-
e tion boundaries and the object models. Finally, when the corrections appear consistent
s with the generic cultural object model, we resegment the partition to produce new labeled
! regions with clear semantic interpretations. The general features of our approach appear
a to be applicable to a number of other domains, including the delineation of vegetation
. areas.
1 L J
X 1 Introduction
::: We describe a knowledge-based approach to the construction and labeling of regions corre-
" ® sponding to cultural objects in aerial imagery. Such a paradigm is necessary because typical
low-level scene segmentation techniques cannot reliably generate regions that have unam-
, biguous correspondences with object labels. The regions produced by a syntactic image
‘: segmentation method are typically either undersegmented, with cultural objects merged
:: into background features, oversegmented, with semantically distinct objects broken into
X °® many confusing pieces, or both.
_ A low-level image partition will always contain errors with respect to the task of ob-
5 ject delineation, no matter how much the process is refined. Algorithms based on edges
:: alone, on the other hand, lack the strong constraints and context information provided by
L segmentation regions. We therefore suggest that the most effective approach to the object
R . delineation problem is a knowledge-based architecture that uses semantic knowledge about
edge geometry to correct an initial segmentation.
- The current work concentrates on the detection of building-like cultural objects in
. aerial imagery. This is both a useful domain in terms of potential practical applications,
.\: and one that has clear geometric signatures that can be exploited [see, e.g., Shirai, 1978].
L. Furthermore, the accuracy of a result is easily checked for the purposes of evaluating the
\ ' - success of the paradigm.
b Among the previous efforts relevant to our approach, we note the work of Tavakoli [1980]
g and Hwang et al [1985], which incorporates primitive concepts of generic shapes; Binford
.: (1982], which surveys model-based object recognition methods; Burns et al [1984], and
P, & Reynolds et al [1984], which employs innovative edge segmentation techniques; McKeown
:‘ et al [1985], which utilizes knowledge-based region-growing and sophisticated geometrical
1
' [ _J
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context knowledge; Shafer (1985] and Medioni {1983], which studies evidence available from
shadows; Nazif and Levine [1984], which attempts a conventional production-rule approach
to low-level segmentation; Nagao et al [1980] and Ohta et al [1979], which gives ambitious
approaches to the region-labeling problem; and Nevatia and Huertas [1985], which explores
geometric primitives similar to ours and makes extensive use of shadows.

Improved performance in difficult and ambiguous scenes has been attained in the cur-
rent work because of the following features of our approach:

¢ Introduction of a significant generalization of the notion of a rectangular structure
to support the concept of a generic cultural object model.

e Support for models of composite objects having arbitrary intensity characteristics
relative to the background.

e Choosing corrective strategies based on explicit knowledge about the behavior of the
segmentation process.

o Exploitation of knowledge about the interaction of edges and the segmentation re-
gions to which they belong.

e Incorporation of rules and goal-directed edge-finding procedures that handle the
splitting of regions containing undersegmented objects.

e Incorporation of rules that support the knowledge-driven grouping of oversegmented
object parts.

The next section gives an overview of our system design philosophy. We then discuss
the rules and geometric reasoning methods that underlie the approach. Finally, we show
the results that we obtain on a complex cultural scene.

2 System Design

We have found that simple edge-parsing methods are too ambiguous to be generally effec-
tive for our work. We therefore provide a strong initial context for edge-based geometric
reasoning by choosing an Ohlander-style segmentation as the starting point of our system
design [see Ohlander et al, 1978, as well as Laws, 1982, 1984]. The main characteristic of
such a segmentation is that it groups together contiguous pixels belonging to a particular
intensity range in a histogram that has been derived from recursive splitting of histograms
of parent regions. As a result, region boundaries tend to lie on contours with high intensity
derivatives; it is thus appropriate to use simple operators such as the Sobel derivative to
study the characteristics of Ohlander-style region boundaries.

We have made no special effort to tune the segmentation parameters to our application
in the images we have studied; our objective is to prove that, in the presence of the
inevitable errors produced by segmentation processes, knowledge and geometric reasoning
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) can be used effectively to overcome the segmentation anomalies and produce meaningful
object delineations.
A significant characteristic of edges belonging to region boundaries is that they may be
assigned a topological direction that provides additional consistency constraints on edge
combination processes. Such constraints continue to be useful even for edges belonging to
distinct neighboring regions or islands (interior boundaries assigned to large regions that
completely enclose a smaller region).
One of the unique properties of our design is the use of composite edge structures
to compensate for the fact that semantically meaningful straight lines bordering cultural
objects tend to be zigzagged as well as broken up by photometric anomalies. Even more
® critical for the achievement of building recognition is the fact that, when a building “side”
is allowed to be one of our composite edge structures, a “box” built of four such mutually-
perpendicular structures can in principle correspond to any object composed of adjoined
rectangles. Thus, what our rule system treats as a “box” semantically encompasses objects
that are perceived as boxes, L’s, T’s, crosses, U’s, zigzags, and so on.

® Our basic system architecture for identifying and labeling objects in a scene using
knowledge-based resegmentation is the following:
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.; ¢ Coirapute Single-Region Structures. Given a segmentation and the values of
' the Sobel derivative, we first accumulate atomic edges composed of adjacent region-
boundary pixels that satisfy particular semantic criteria for the problem at hand. To
identify buildings, we use a straight line extractor.

Next, we collect together sets of atomic edge elements belonging to a single region
to form composite edges. For buildings, we choose sets of straight atomic edges that
share a geometric direction; the weighted average direction of the straight edges is
the direction of the composite.

SIS,

‘.
[

Finally, we construct semantically-meaningful geometric structures. Generic models
for object features are used to produce geometric structures that characterize the
presence of a cultural object. Typically, there is a hierarchy of such geometric evi-
dence, with the different levels giving increasing confidence that an object is indeed

® present. Boxes and U’s built of composite edges give strong generic supporting evi-
dence for the presence of buildings. These structures work equally well in the context
of multiple regions and islands, except that additional semantic constraints are usu-
ally required to replace the strong intrinsic constraints present in the single-region
context.
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e Group Structures Across Regions. Cultural objects are typically broken up in
predictable ways by the segmentation process. Thus, we must check for evidence of
such fragmentation and attempt to verify the existence of reasonable links among
structures that might have arisen from a single object. The system checks for com-

1 mon edges in structures belonging to adjacent regions, and groups the structures to-

gether if they pass various consistency tests. In this way, multiple region information
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o ® provides support for composite structures that would be neglected if we restricted
o ourselves to the single-region domain.

Ce
5 ¢ Use Model-Driven Prediction to Correct the Segmentation. Comparing the

j geometric structures with their underlying models in the context of the segmentation
o ° now provides predictions about the probable locations of missing structure segments.
" These are fed into an edge-finding procedure, and the resulting new boundaries
- remove extraneous structures from undersegmented regions. Conversely, knowledge
-‘:_ of the object model permits regions belonging to an object that has been broken

0y up by the segmentation to be grouped into a more meaningful composite structure.

y ® Among the methods that might be used to test hypotheses about correcting the
. segmentation in order to better match the object models we note:

[ — path finders such as F* [Fischler et al, 1981]; this is the method utilized in
Ay the current system to determine the probable location of missing segmentation
o boundaries.

. v — region growers [e.g., McKeown et al., 1985].

5 — path predictors and extrapolators, such as would be required to deal with oc-

clusion.

o — reiterating the original segmentation process (or another selected for its special

. properties) over the region or a particular subregion that is known to be of
> interest. In this case, scoring functions evaluating any of several levels of se-

s mantic content could be used to make segmentation iterations effectively “goal-
1 directed.”

+
L Finally, when all meaningful clustering and partitioning has been carried out, we
N attach semantic labels that could be used by abstract, image-independent query
" processes.

'

\ Each step of the processes described above makes use of our system’s library of general
35 geometric reasoning tools. In our experience, new bodies of semantic information can
be easily added to the system by developing procedural rules based upon the power and
N flexibility of these fundamental tools.

N
u
3:. 3 Rules for Geometric Reasoning about Cultural Struc-
2 tures
2 3.1 General Issues
[ G The first step in constructing a system to reason about generic cultural structures in aerial
. imagery is the introduction of a spatial vocabulary. The next step is to accumulate knowl-
!
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of ) edge and heuristics derived from a wide variety of experiments and empirical observations
-~ and use that information to construct viable rules.
A We list below some of the observed geometric features that characterize buildings, and
¥ thereby influence the form of the rules we use:
b e Cultural objects such as buildings are characterized at the lowest level by straight
L4 . . . .
edges. However, region edges are often ambiguous, broken by photometric anomalies,
“’ . . .
K- and zig-zagged due to the existence of multiple structural parts.
19y
: e In order to accommodate edge ambiguities, we construct composite edges. These
: edges are the key to making the shape model more truly generic. Semantically
o significant clusters of edges are often collinear, but laterally displaced. The direction
that we assign to a cluster of two or more collinear or parallel edges is a weighted
- average of the directions of each individual edge, rather than the direction produced
.. by fitting a line to the complete collection of points. We illustrate the construction
- in Figure 1.

e Complex cultural objects are formed from many adjoined rectangular sections, so

looking for simple rectangles and L-shapes will not be sufficient. Generalized rect-
. angles made from composite edges, however, can describe any shape in this generic
- category.

_ o The basic vocabulary of geometric entities relevant to building extraction, ranked in
M order of precedence for the purposes of backtracking and redefining a structure, are:

v e atomic edge — a statistically-determined contiguous set of pixels making a straight
- line in a region boundary.
- 9

e composite edge — a set of atomic edges with mutually consistent directions, along

K- with a composite direction derived from the directions of the edges, not from the
. union of the set of edge points.

o
K ;G e corner, T-corner ~ two perpendicular composite edges; an ordinary corner has the
X two closest ends arranged so that their head-to-tail directions in the region boundary
agree, and so that neither intersects the other (with some tolerance) when extrapo-
. lated; T-corners have a significant intersection upon extrapolation.

: e parallel — two parallel composite edges.

" :

e U - a parallel structure each of whose elements form a corner or a T-corner with the
. same end element.
:j e box - a structure built from two perpendicular sets of parallel structures.

1 In our system as it is currently implemented, rules are procedurally encoded in a set
; of 50 or 60 functions. The basic structure of each function is
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IF | Pattern Matm

THEN l Operate on Data Structure I

The pattern-matching procedure is typically so complex that it has proven much easier to
obtain reasonable performance and control using procedurally-encoded rules rather than
declarative rules. The data structures that are manipulated by a rule consist mainly of the
trees of associations that build semantically meaningful statements from atomic edges.

We have followed a customary “expert system development” philosophy to evolve the
capabilities of the software. There is a basic set of rules and capabilities that are fully
automated, plus appropriate junctures at which the operator can be asked to supply a
judgement currently beyond the capabilities of the automated rule base. By noting such
judgements and their semantic explanations, we acquire the information required to add
corresponding rules to the fully automated system.

3.2 Rule Examples

We now present several examples of the rules and reasoning processes that must be carried
out for our application — the discovery of building outlines.

Avoiding a Composite Edge. One simple example of a rule is illustrated in Figure 2.
The knowledge upon which the rule is based is the fact that regions whose boundaries
“double back” on themselves almost inevitably behave that way because a piece of yard or
sidewalk adjacent to a building has been included in the segmentation, but semantically is
an appendage to the region representing the building sought. Thus, if two line segments
appear to overlap, they should not be joined into a composite edge.

Motivating a Composite Edge Using a Neighboring Parallel. Next, we look at
a typical rule involved in the construction of parallels. In Figure 3, we show the case where
the three edges of Figure 2 have a common parallel edge in the same region. Using the
knowledge that spatial proximity of the two parallel elements may be used to recognize the
existence of the unwanted region appendage, probably resulting from a yard or sidewalk,
the procedure eliminates the more distant parallel, assuming it is an appendage, and merges
the two nearer edges into a single composite line to complete the parallel structure.

Making a Better Structure by Breaking a Composite Edge. An existing com-
posite edge should be broken when doing so results in the successful construction of a more
complex structure, such as a U-shape. In Figure 4, we illustrate such an action in the case
of a region whose interpretation is that of a building segment merged with an adjacent
irrelevant structure. By breaking off the extraneous structure, we recover a U that is more
consistent with the geometric expectations of a structure belonging to a building.

Resegmenting by Prediction of Border Completion. Another form of rule in-
volves recognizing where a missing segment of a geometric structure should lie, and feed-
ing the predicted location to a likelihood-based edge finder. In Figure 5, we show how
such a process would rediscover a weak edge missed in the original segmentation. The
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N~ Y same basic rule works both for structures in a single region and for structures whose ele-

o ments are spread across multiple regions or island regions, as illustrated in Figure 6. The

- j:: tight constraints available in the single-region case must of course be supplemented in the
- multiple-region case by knowledge of probable scales and domain-dependent features.

:{: Completing a U in an Associated Region. In Figure 7, we illustrate a multiple-

"| [ region splitting rule. The parallel at the bottom may suffer from noisy edges that prevent
A the component lines from extending to the true end of the building; the upper U structure
. provides an improved context for predicting the path to be used to close one end of the
:.‘ lower parallel.

- Grouping Using Sun Angle. In Figure 8, we illustrate the process that checks for
: ® regions on the shady side of atomic edges comprising a good high-level structure such
” as a U or a Box. Once a good structure belonging to the sunny portion of the roof
}: is recognized, an hypothesis for the location of the shaded roof portion and the shadow
\',-: itself is formed and tested. Then the structures belonging to the tentative shaded roof
N are examined, and other applicable rules invoked to close off relevant structures to make

'“ S good boxes delineating the roof portions. An important feature of the shaded roof location
’: process is the fact that only regions on the shady side of edges belonging to structures with

strong cultural indications are examined. One should not examine al! of the region border,
. since irrelevant sidewalk appendages would find darker grassy regions on their shady side,
and so forth.

A
P

L J
-, 4 Using Generic Models to Discover Buildings
z
::: In this section, we illustrate both the general power of the paradigm presented in Section 2,
bl ® and the effectiveness of the particular set of rules that are used within this context to
- discover and label buildings.
::: This work is currently in progress, with significant additions still being made to the
> rule base. We have therefore chosen illustrations that reflect a combination of totally
S automated rule structures such as those illustrated above in Section 3 with interactively-
';b guided heuristic choices. The use of human interaction is in fact an essential step in
. acquiring the knowledge necessary to build such a system - by making judgements and
-~ choices that are quickly reflected in the resulting segmentation, the human user develops
-~ ‘he intuitive knowledge necessary to state and encode rules that embody general principles
-~ of the problem.
> Virtually all of the interactively-guided choices made in the examples presented here
,. = will be translated into automated rule invocations in the near future.
- 4.1 Example: The Structure of a Single Building
';_:e Our first example is an image containing a single, complex building shown in Figure 9.
". It contains a heavily shadowed, approximately L-shaped, composite building. The seg-
% 7
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th mentation shown in Figure 10 mixes roofs and sidewalks, and has a large, confused region
. that contains both vegetation and shaded roof portions. Figure 11 shows the atomic edges
- extracted from the boundaries of the image partition, and Figure 12 shows the significant
geometric structures that are built from the edges.

The system next invokes a set of rules that take the observed geometric structures
) and search for neighboring regions that are semantically consistent with the identification
x “building with sunny roof plus shady roof.” The structure-completion rules then run the
edge-finder and complete the delineation of the sunny and shady roof portions shown in
L~ Figure 13.

g 4.2 Example: A Cluster of Buildings

.

We now let the system run on a large image, shown in Figure 14, which contains a cluster

- of buildings. Examining the initial segmentation boundaries shown in Figure 15, we note a

- large region that is virtually unsegmentable, with shaded rooftops, grass, roads, and other

T vegetation indiscriminately merged into the region. Thus one needs semantic knowledge
to distinguish relevant structures within this region.

. In an image such as this with low sun elevation, several very simple criteria such as
. intensity, size, and the existence of edge structures parallel to the sun azimuth serve to
S identify uniquely the shadow-like regions shown in Figure 16. For the three buildings

9 with sunlit roofs in the central part of the image, shadow information is superfluous due

to the existence of strong geometric evidence. However, the shadow information may be
. used to predict the presence of the other, noisier, buildings. Alternatively, a procedure
. may be invoked to generate hypotheses about the locations of other sunlit roof regions by
. comparing the intensity signature of the clean sunlit roofs to other unlabeled regions.
i. Using the shadow identifications and probable directions of shaded roofs relative to
sunlit roofs and shadows, we apply our usual rules to construct and resegment the building-
like groups shown in Figure 17.

5 Conclusions and Remarks

We have described a framework for a knowledge-based system to delineate and label objects
b in an image when supplied with a reasonable but highly erroneous partition. Choosing as
an example the domain of cultural structures in aerial imagery with shapes corresponding
to generalized rectangles, we have derived and tested a series of rules that successfully
implement the proposed framework.

- Given our fundamental model for carrying out geometric reasoning about the features
" of cultural objects within the context of a low-level image partition, we have found it
- straightforward to extend the hierarchy of knowledge to include the implications of higher-
fe level concepts such as shadows, peaked roofs, and backyards. While considerable effort
3
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may be involved in developing the necessary additional rule bases, we believe that this
approach can be applied to at least the following domains:

¢ Raised rectangular cultural objects. This includes primarily buildings of the
kind the current system already handles successfully.

e Circular cultural objects. Various kinds of storage structures have circular shapes.

To account for possible obliqueness of the camera angle, such a system would need
to deal with ellipses as well as circles.

¢ Linear cultural structures. This category includes roads, sidewalks, and parking
lots.

e Natural linear structures. Streams, rivers, canyons, dry guileys, and eroded areas
should be recognizable by the non-cultural signature of their region edges.

e Natural irregular objects. Vegetation, individual trees, and forest boundaries
should be recognizable also by the irregular signature of the edges of their regions.
Preliminary work with characteristics of vegetation boundaries indicates that requir-
ing either good fractal measures or large variances in edge directions (indicating
chronic crookedness) are extremely effective in ranking scene regions according to
the amount of vegetation in the region boundaries. Replacing straightness of edges
in the house-delineation paradigm by fractal crookedness of edges and appropriately

readjusting the rest of the resegmentation algorithm appears to produce reasonable
vegetation regions.

We hope in future work to extend the basic object delineation approach we have pre-
sented here and to develop a broad, knowledge-based scene segmentation and labeling tool.
We would like to develop rule bases for a selection of the domains noted above, and to
install a general interactive architecture and explanation system to support the existence
of such multiple contexts. The output of such a system would then provide a firm basis
upon which to build much more abstract intelligent systems, such as planners, that need
detailed symbolic knowledge extracted from imagery before they can function.
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Figure 2: In the first stage of composite edge accumula-
tion, the two contiguous edges enclosed in the
box at the top are associated. However, a sec-
ond stage checks the consistency of the geome-
try and discovers that the next edge in this re-
gion boundary lies to the right of the leftmost
end of the tentative composite line. This is the
signal to dissociate these atomic edges from the
composite structure, as shown at the bottom.
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logically linked with the bottom long edge, ex-
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belongs to an appendage. Using the knowledge
! that such an appendage is probably due to a
neighboring part of a yard or patio, rather than
the building itself, we choose to merge only the
closest short edge into the composite line, form-
ing the final parallel structure shown.
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Figure 4: Backtracking by breaking a composite line to

form a U-shaped structure. The U-shape is pre-

[ ferred because it provides strong evidence for a
cultural object.
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Figure 7: The upper U closure determines the path pre-
dicted for a meaningful closure of the lower par-
allel, both of whose ends are open.
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Figure 8: A sunlit roof portion with a U structure. The
edge elements on the shaded side of the struc-
ture are used to look for regions that might be
the shaded portion of a peaked roof.
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Figure 9: Image of complex building, showing shaded
roofs, shadows, sidewalks, and roads.

Figure 10: Initial segmentation of the building-containing

image.
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Figure 11: The straight edges used to produce the geomet-
ric structures characteristic of the cultural ob-
ject.
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Figure 12: The geometric structures used to parse the re-
gions belonging to the building. (a) All the
edges belonging to structures. (b) A parallel
belonging to the lower right sunny roof. (c) A
U belonging to the upper right shady roof. (d)
A U belonging to the upper left shady roof.
Each of these structures can be used to pre-
dict where missing pieces of the object bound-
ary should fall.
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Figure 13: Final results of splitting the regions and clos-
ing off the cultural structures. Structures such
as narrow sidewalks are split off to produce a
cluster of regions corresponding precisely to a
building with sunny and shady sides of the roof.
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Figure 14: A large image containing the previous example
as a subimage.
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Figure 15: The segmentation boundaries of the large im-




Lol ans Sl Rad Bag Bad o B B B2 B od b At et A i A S -k 8B Arta B gt i Sl g ot aieh aubS s s pile nid b il A s Sl -t et ik iR S iRl i SRS e LN it A a® S .1

5 & Figure 16: Shadow region boundaries extracted from the
large region by applying simple criteria based
on alignment with the sun, intensity, and size.
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Figure 17: Final results of running the system on the entire
image. The initial segmentation produces good
candidates for three sunlit roof portions and
all shadows. The sunlit roofs, or, conversely,
the shadows, then predict the location of the
shaded roof portions in the large unsegmentable

regiom.
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ABSTRACT

We locate and outline cultural objects in aerial scenes by performing a model-based re-
segmentation of an initial low-level scene partition. To accomplish this, we define generic
data structures for two-dimensional rectilinear shapes, along with robust rules for parsing
the image geometry and performing a semantic resegmentation. We apply the system
successfully to aerial imagery containing complex cultural objects.

1The work reported here was partially supported by the Defense Advanced Research Projects Agency un-
der Contract MDA003-83-C-0027 and by the U.S. Army Engineer Topographic Laboratories under Contract
DACA72-85-C-0008.
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1 Introduction

People can often perceive and label objects they have never seen before using generic func-
tional and structural concepts. Automating the ability to locate generic object instances
in a scene is a fundamental problem of image understanding. In this work, we suggest a
promising approach to a portion of this problem and use it to extract rectilinear cultural
objects from aerial imagery.

An example of a cultural object that might be identified using a generic shape model
is shown in Figure 1, along with a typical low-level partition providing rough shape infor-
mation. Low-level partitioning methods will always make substantial errors in the object
delineation task because they lack knowledge of the object model and its context. Higher-
level object-modeling approaches (e.g., GHOUGH [Ballard, 1981] or ACRONYM [Brooks,
1981; Binford, 1982]) possess knowledge of specific model templates, but cannot deal either
with generic shapes or with anomalies in the image or its partition. Other approaches, such
as the building finder of Nevatia and Huertas [1985] and the airport-extraction system of
McKeown, et al. [1984, 1985], still impose strong conditions on allowed shapes and context
and have insufficient ability to compensate for inaccurate segmentations and incomplete
edge maps.

Our goal is to start with information like that in Figure 1 and locate instances of generic
objects. We will accomplish this for the case of cultural objects in aerial imagery by doing
the following:

¢ Use generic models for cultural objects instead of rigid templates.

e Define noise-tolerant parsing rules that build generic object models from a
partition of the image.

e Resegment the image by combining generic model-based predictions of shape,
knowledge of probable segmentation anomalies, and image-based path-finding oper-
ations.

Our approach derives its effectiveness from the unique interaction between high-level and
low-level knowledge about the image in the resegmentation process.

We begin by defining data structures and a notation to support our task. We then
formulate a set of rules used to instantiate these data structures starting from an image
and to obtain information needed for the resegmentation procedures. Finally, we show some
examples of the results obtained when our approach is applied to real images containing
buildings with complex shapes, followed by a brief discussion of how the methods can be
extended to other domains.
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5 2 A Vocabulary for Generic Rectilinear Shape |
"g The elementary geometric “phoneme” upon which we build higher-level rectilinear struc-

] tures is the edge, a set of contiguous image points lying approximately on a straight line

N and having a significant, uniform image derivative and direction. Our preferred approach

~ to computing atomic edges is to start from region boundaries generated by a syntactic

“ partitioning algorithm (see Fua and Hanson {1985] for more motivating details of this

T approach).
We replace the standard definition of edge orientation [Nevatia and Babu, 1978, 1980}
by a more semantically significant orientation based on image regions. This orientation

.. may differ from the definition of orientation based on the sign of the derivative across
k.. the edge when the sign of the figure-ground intensity difference changes around the cbject
i @ boundary. Region-based orientations support spatial reasoning tasks that are difficult

using derivative signs alone.
The data structures that form the basis for our approach to generic rectilinear shape
recognition are summarized graphically in Figure 2, and are defined as follows:

< e Pixels. Image data, perhaps including derived data such as that produced by con-
¢ volving the image with various operators.
',; e Atomic Edges. Elementary, contiguous sets of pixels satisfying a straight-edge
X criterion and having an assigned orientation.

- e Edges. Sets of collinear atomic edges that appear semantically related. The edge
data structure may include atomic edges perpendicular to the edge itself; these per-
pendicular edges are used in the delineation process as linking path predictors.

e Edge Pairs. Pairs of edges are associated when possible into rectilinear geometric
structures such as parallels, corners, and T’s. The structure that forms the basis for
the bulk of the geometric reasoning process is the parallel, shown in Figure 2 as two
adjacent parallel lines with counterclockwise relative orientation.

N'v,.. B
e
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e U Structure. U structures result when the ends of a parallel are joined by a mutual
interior corner.

e Box Structure. Box structures result when both ends of a set of parallel lines are
closable by corners.

In Figure 3, we list the relationships that may be formed among the elementary struc- !
tures. There is a very strong resemblance to the structures that are formed by elementary
edges. All open circles denote a relationship of some kind among basic structures, with
the different letters within the circles signifying the type of boundary-closing rules that
should be used to complete the particular topology. Below is a summary of the meaning

¢

Y

of each structure in Figure 3.
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e Line Relationship. Two sets of parallels that obey a rough collinearity criterion
are joined, much as a set of collinear atomic edges are merged as components of a
composite edge.

[3
L]

e Corncer Relationship. Two sets of perpendicular parallels form a corner, just as
edges do.

e T Relationship. A T formed from parallels is usually evidence that the enclosed
area is to be merged together; this contrasts with the case for T-shaped edge struc-
tures, where the T may be evidence for breaking apart composite edges.

e Parallel Relationship. A pair of parallel structures that are parallel to one another
may be independent, or may be evidence for a missing parallel structure linking a
set of ends.

o Cross Relationship. The cross relationship is actually a shorthand for a circular
list of four corner relationships that also form four T’s.

¢ Shared-Edge Relationship. Structures sharing edges occur often in complex ob-
jects with multiple semantic pieces or significant noise sources in the middle of a
single semantic structure. Shared edges can consist of a single physical edge with op-
posite orientation interpretations in two adjacent structures, or two distinct parallel
edges that are interpretable as arising from a single physical edge. We denote shared
edges in Figure 3 by a filled-in circle tangent to the common edges of the parallels.

This basic vocabulary can now be used to construct a language of rectilinear structures,
which, in turn, characterize cultural objects (see, e.g., Shirai [1978] and Tavakoli [1980]).
Our representation is closely related to the generalized cone concept [Blum, 1973; Binford,
1971; Brooks, 1981; Rosenfeld, 1986|, except that it emphasizes enclosable associated areas
rather than single areas swept out along a skeletal core.

In Figure 4, we give the symbolic representations that would result from error-free
parses of a number of common cultural shapes. A very important point to note is that the
depiction of the structure must be thought of as a symbol for an internal data structure,
and not as a literal picture of the edges in the image.

In Figure 5, we illustrate the behavior of the representation of a U with a rectangular
bump as the data become increasingly noisy or undergo successive coarsening of the image
resolution. We see that the kinds of noise and confusion that may result from resolution-
dependent effects are handled correctly. In particular, it is often very difficult to distinguish
an almost-invisible protruding structure from noisy line data. The process of grouping
related atomic cdges (e.g., related by being parallel and in sequence on the same region
boundary) into a composite edge is very effective in maintaining semantic consistency

across scales and in the presence of noise.
In the next section, we present the construction rules needed to parse the image geom-
etry.
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3 Rules for Construction of a Geometric Object Rep-
resentation

The theoretical approach that we used above to define a generic representation is not
well-defined in isolation, but requires for its implementation a concrete description of a
parsing mechanism. We therefore define a set of parsing rules that adequately circumvents
the ambiguities and instabilities found in the usual skeleton-parsing procedures [Blum,
1973]. The necessity for providing such a specific, noise-tolerant prescription as an interface
between a theoretical knowledge-based vision system structure and the real world is often
overlooked.

In Figure 6, we present an abbreviated outline of the layers in the image parsing
procedure. While the outline is superficially linear, in actual implementation its structure
is much more like a rule-based, goal-satisfaction architecture. In particular, there is a
considerable amount of backtracking — deleting previously hypothesized ways of satisfying
the goal of making a consistent structure — and recursion. A particular association of an
edge or parallel structure with another object may be made and broken a number of times
as new geometric knowledge from neighboring structures is brought to bear. The early
steps in the procedure may be understood as “stashed facts” that serve as preconditions
for the satisfaction of the structure-building goals.

While many methods might be used to extract elementary edges from an image, we have
found that a very effective approach is to begin with a rough image partition generated by
an Ohlander-style segmenter [Ohlander, et al. 1978; Laws, 1984] and then use the strong
correlation between the resulting region boundaries and strong image derivatives to extract
edges [Fua and Hanson, 1985]. We note also that the computations below depend upon
only a small number of parameters such as minimum edge length and angular tolerance for
collinearity, and, optionally, upon such values as expected structure size. These numbers
can, in principle, be roughly determined from the known resolution and camera model of
an image.

The following steps describe the mechanism by which complex rectilinear data struc-
tures are extracted from an image.

Construction Rules

e Get atomic edges and orientations. We typically accumulate edge-clements from
region boundary pixels satisfying minimum length and collinearity requirements.

e Build composite edges. Group atomic edges that individually have similar spatial
orientations into composite edges.

e Build binary edge relationships. Group pairs of composite edges as follows:

— Find all parallels, corners, T’s.
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— Delete crosses.

— Merge parallel edges — two edges parallel to the same edge are merged when
consistent.

— Break parallels if a part is semantically too narrow or wide.
o Build closures. Make area-bounding parallel structures as follows:

— Break T’s within local structures and recompute the structures. An edge point-
ing at a junction between two atomic edges in a composite edge is strong evi-
dence that there is a semantic break in the composite edge at that point.

— Find closing edges of all parallels and move the edges that are subparts of other
distinct structures to the newly closed ones. (Remove a merged edge from a
parallel if it is a U’s closing edge.)

e Build networks of parallels. This is accomplished by performing a set of association
operations very similar to those performed with low-level edges (see Figure 3). The
relationship labels in the network have special meanings with respect to the kinds of
linking operations that may be performed in the final delineation step.

— Build composite collinear parallel relationships.

— Build parallel, corner, and T relationships.

— Identify crosses (four corners).

Identify relationships between structures sharing edges.

e Close areas by carrying out region closure predictions and computing closure paths.
Simple models for the failure of the partitioning process (e.g., losing edges in the
middle of an undersegmented region) are incorporated into the predictions. A typical
low-level, prediction-based closure procedure used in this step is that of Fischler, et
al. [1981).

We note that a number of the rules involve backtracking and reconstruction that char-
acterize the making and refutation of hypotheses about the geometric structure. For
particular semantic contexts, e.g., where assumptions about building structure and illumi-
nation models are justified, any section of these rules may be supplemented or modified
by rules derived from knowledge of the problem domain.

To illustrate the function of the rules, we show in Figure 7 how sets of edges forming
a stair-step are first merged into a composite parallel, then broken apart on the basis of a
vertical line; this line and the corresponding gap in the composite parallel constitute strong
evidence for the existence of two separate semantic entities within the original composite
parallel.

We have designed in some redundancy as an important characteristic of the rule base;
several different consistent paths of making and breaking associations will lead to the same
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. or equivalent structures. This helps achieve our goal of making the result relatively stable
_: in the presence of noise and lost edges.

4 Applications to Real Imagery

We now apply the entire procedure to a series of images. In Figure 1a, we show a relatively
complex building scene. Starting from the Ohlander-style segmentation overlaid in Figure
N® 1b, we extract atomic edges from the region boundaries. Carrying out our construction
. procedures for the entire scene, we find the network of associations depicted symbolically
in Figure 8; recall that this symbolic network stands for a complete representation of the
N object using the internal data structures of the system. Applying the final rules for the
% extraction of a distinct group from a discovered network of rectangles and running the
@ linking procedures, we find the final delincation of the complex building structure shown
in Figure 9.

Next, in Figure 10, we show a pair of images of the same house digitized from different
_:: sources at different resolutions. Parsing these gives the two symbolic networks of Figure
11, and the resultant structure delineations in Figure 12. The consistent interpretation of
MR the same structure in two very different images illustrates the noise and scale-insensitivity

of our approach.

2 Finally, we examine the image in Figure 13a, which contains a large number of buildings
with multiple parts and shaded roofs. The image partition in Figure 13b shows substantial
X problems with the segmentation due to the confusion of shaded roofs with the background.
‘ Parsing and resegmenting the entire scene, we find the buildings and building portions
delineated in Figure 14.
- We have run the system on a number of building-containing areas in a variety of images
and have consistently achieved satisfactory building delineation when the resolution is
sufficient to discriminate edges reliably.

q

2 5 Conclusions

:: Our main results are the following:

& e Generic Shape Extraction. We defined a generic shape vocabulary for cultural

i objects along with geometry-parsing rules that extract noise-tolerant shape repre-
sentations from real images.

- e Object Delineation Using Structure Linking and Resegmentation. Knowl-
“ . edge of object gecometry and expected anomalies of a given partitioning process were
. combined with low-level linking operators to produce delineated and labeled objects.

The paradigm for segmentation correction using generic shape models that we have
g described in detail here for the case of rectilinear structures is now being extended to
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other domains, such as the following:

e Cultural linear features, such as roads, canals, and paths.
e Natural linear features, such as rivers, streams, gullies, and canyons.

e Natural objects with fractal boundaries, such as forests, vegetation areas, lakes, and
coastlines.

e Three-dimensional rectilinear objects with particular illumination and shadow char-
acteristics seen from arbitrary viewing angles.

It scems feasible in each of these domains to identify certain geometric signatures that
would allow object classification based on generic characteristics. In particular, the role
of straight edge segments in buildings is played by curvilinear segments in roads and by
fractal edge segments in vegetation areas; these segments can then be grouped into partial
region-enclosing relationships similar to the corner and parallel edge relationships present
in cultural structures.

In summary, we have proposed a framework based on generic structural models that
can, in principle, permit an automated system to parse never-before-seen instances of cer-
tain object types, perform a model-driven resegmentation, and delineate the object in the
image even though the original low-level segmentation may correspond very poorly to the
object shape. We have implemented the entire paradigm for the case of rectilinear cul-
tural objects in aerial imagery. The system achieves reliable identification of quite complex
cultural objects in a variety of images, thus justifying our confidence in the paradigm.
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Figure 1: (a) A typical acrial image containing a complex
building. (b) A syntactic image partition over-
laid on the image.
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Pixels:

Atomic edge: EDD:P] — /

Parallel Edge-Pair:

Edge: ~ /, = /
=

Corner Edge-Pair:
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o
e

Box Structure: (Q

Figure 2: Summary of the definitions and notations
used to represent the data structures denoting
generic rectilinear objects. f




Line Relationship: K Y

® Corner Relationship:

T Relationship:

Parallel Relationship:

Cross Relationship:

* Shared-Edge Relationship:

N Figure 3: Summary of the relationships among geometric
- structures that serve as the links in the rela-
‘ tionship network characterizing a complex geo-
- metric object.
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Figure 5: The evolution of interpretations that would be

Mo found in a U with rectangular substructure

under several changes in image resolution or
degradation due to noise, from good in (a) to
poor in (c). Atomic edges are shown at the
top, with their symbolic interpretation at the

N bottom.
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Compute Atomic Edges

!

Build Composite Edges

!

Build Binary Edge Relationships: Parallels,
Corners, T-corners

!

Build Closures and Interdependencies

!

Build Networks of Paraliels

!

Close Areas

Figure 6: Outline of the rules for the extraction of cul-
tural objects formed from generic rectilinear
structures in aerial imagery.
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& Figure 7: The parsing of parallel structure with step-like

N . .

; internal structure. (a) The atomic edges. (b)
e The composite edges merged into a composite

& parallel (resulting from merging parallels with a

- common member). (¢) Result of T-breaking: a

- vertical line is evidence suggesting separation of

» two portions of an original composite line, thus
. breaking the parallel structure also. (d) Final

! symbolic parse: a parallel on the left forms the

. stem of a T structure; the T structure is joined

N to the linking line of the U on the right.
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Figure 8: The resultant symbolic representation of the
parse network of the entire building structure.

Figure 9: The result of using the parsed geometry to pre-
dict region closing paths and joining operations,
yielding the final semantically-motivated build-

ing shape.
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Figure 10: (a) A high-resolution aerial image containing a
complex building. (b) Low resolution image of
the same building on a different day.
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Figure 11: The resultant symbolic representations of the
parse network of the building structure at the
two resolutions, (a) and (b).
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Figure 12: The result of using the parsed geometry to pre-
dict region closing paths and joining opcrations,
yielding the final semantically-motivated build-
ing shapes at the two resolutions (a) and (b).
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Figure 12: The result of using the parsed geometry to pre-
dict region closing paths and joining operations,
yielding the final semantically-motivated build-
ing shapes at the two resolutions (a) and (b).
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The result of using the resegmentation proce-
dure to outline all the identifiable building ar-
eas. At this resolution, some of the more com-
plex buildings at the right have unresolvable
structure.
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