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Rule-Based Interpretation of Aerial Imagery
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Abstract—In this paper, we describe the organization of a rule-based
system, SPAM, that uses map and domain-specific knowledge to inter-
pret airport scenes. This research investigates the use of a rule-based
system for the control of image processing and interpretation of results
with respect to a world model, as well as the representation of the world
model within an image/map database. We present results on the inter-
pretation of a high-resolution airport scene where the image segmen-
tation has been performed by a human, and by a region-based image
segmentation program. The results of the system’s analysis is charac-
terized by the labeling of individual regions in the image and the col-
lection of these regions into consistent interpretations of the major com-
ponents of an airport model. These interpretations are ranked on the
basis of their overall spatial and structural consistency. Some evalua-
tions based on the results from three evolutionary versions of SPAM
are presented.

Index Terms—Artificial intelligence, computer vision systems, knowl-
edge utilization, production systems, rule-based aerial photo interpre-
tation.

I. INTRODUCTION

PAM, System for Photo interpretation of Airports using
MAPS, is an image-interpretation system. It coordi-
nates and controls image segmentation, segmentation
analysis, and the construction of a scene model. It pro-
vides several unique capabilities to bring map knowledge
and collateral information to bear during all phases of the
interpretation. These capabilities include the following.
¢ The use of domain-dependent spatial constraints to
restrict and refine hypothesis formation during analysis.
¢ The use of explicit camera models that allow for the
projection of map information onto the image.
® The use of image-independent metric models for
shape, size, distance, absolute and relative position com-
putation.
¢ The use of multiple image cues to verify ambiguous
segmentations. Stereo pairs or overlapping image se-
quences can be used to extract information or to detect
missing componerits of the model.

A. The Nature of the Task

The task of airport image analysis has many interesting
properties. First, airports are a complex organization of
man-made structures placed over a large ground area.
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While the actual spatial arrangement of typical structures
such as runways, terminal buildings, parking lots, etc.,
varies greatly between airports, the types of structures
normally found in an airport scene are well understood.
The airport task provides a ‘“‘knowledge rich” environ-
ment, where functional relationships between structures
preclude arbitrary spatial arrangements and provide spa-
tial constraints.

Second, a body of literature [1], [2] on airport planning
is readily accessible and provides general design con-
straints. Knowledge acquisition for spatial constraints,
therefore, does not involve examination of large numbers
of sample airports. It can be observed that there are two
major classes of airports, commercial and military, whose
organization varies widely from large-scale international
airports to small county and private airstrips. Both gen-
eral knowledge (class-specific) and site-specific knowl-
edge can be expected to help in the interpretation process.

Image-processing techniques are inherently errorful.
For complex, uncontrived natural scenes, image segmen-
tation results are highly ambiguous. The correspondence
between regions in the segmented image and physical ob-
jects in the scene is generally many to one. Boundaries
between objects may not be distinguishable due to occlu-
sions, objects with similar spectral properties, and the
intrinsic resolution of the image. Thus, the assumption that
regions in the segmented image directly correspond to ob-
jects in the scene is not useful unless we are able to reason
about the segmentation process and reconstruct a mean-
ingful portion of the original object.

Finally, for aerial photo-interpretation tasks, it is cru-
cial that the metrics used by the analysis system be defined
in cartographic coordinates, such as (latitude/longitude/
elevation), rather than in an image-based coordinate sys-
tem. Systems that rely on descriptions such as ‘“‘the run-
way has area 12 000 pixels™ or ““hangars are between 212
and 345 pixels™ are useless except for (perhaps) the anal-
ysis of one image. Further, spatial analysis based on the
semantics of above, below, left-of, right-of, etc., are also
inappropriate for general interpretation systems. To op-
erationalize metric knowledge one must relate the world
model to the image under analysis. This should be done
through image-to-map correspondence using camera
models which is the method used in SPAM. We can di-
rectly measure ground distances, areas, absolute compass
direction, and recover crude estimates of height using a
camera model computed for each image under analysis.
Direct projection of known map information is also pos-
sible in SPAM. For example, the position and orientations
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of known airport features such as runways and terminals
could be directly factored into the scene interpretation as
a priori knowledge. We are working on a system that can
bring both class-specific and site-specific knowledge to
bear; however, here we report on the use of class-specific
knowledge.

B. Related Work

There is a long history of research in model-based vi-
sion. Binford [3] provides a good summary of a variety of
work including Brooks [4], the VISIONS project [5], SRI
{6], [7], and work by Matsuyama [8] and Ohta [9].

Work by Bullock [10], based on the ACRONYM system
developed by Brooks and Binford [11], uses image regis-
tration to a geographic model, and identifies preselected
regions of interest and attempts to locate and identify pre-
defined object instances within these areas. ACRONYM is
an example of a model-based system which incorporates
viewpoint-insensitive mechanisms in terms of its model
description. Its recognition process is to map edge-based
image properties to instances of object models. So far,
results have been reported for the recognition of a small
number of models (3) for wide-bodied jets in aerial pho-
tographs. It is not clear how spatial knowledge would be
directly integrated into the ACRONYM framework.

Matsuyama [12], [13] has demonstrated a system for
segmentation and interpretation of color-infrared aerial
photographs containing roads, rivers, forests, and resi-
dential and agricultural areas. It uses rules to make as-
signments based on region adjacency and multispectral
properties. It uses two-dimensional (2-D) shape descrip-
tions and performs region merging to generate object de-
scriptions. It generates good descriptions of a variety of
fairly complex aerial scenes getting a great deal of con-
straint from directly mapping the multispectral properties
of regions into scene hypotheses.

In his dissertation, Selfridge [14] proposes using adap-
tive threshold selection for region extraction by histogram-
ming and region growing using an image-based ‘‘appear-
ance model.”” Recently, Hwang [15] has explored this
method, coupled with the use of domain knowledge to
guide interpretation of suburban house scenes in mono-
chromatic aerial imagery. Hwang uses a test-hypothes-
ize-act cycle to generate large numbers of potential hy-
potheses which are then grouped into consistent
interpretations.

II. SPAM COMPONENTS

SPAM is composed of three major system components:
a Washington, DC, image/map database (MAPS), image-
processing tools, and the rule-based system. In this pa-
per, we describe the rule-based component, but it is im-
portant to emphasize the necessity of a complete system
design in order to realistically explore aerial photo-inter-
pretation tasks. Fig. 1 is a block diagram of the current
system. SPAM is organized to view information extracted
from image(s) uniformly, that is, without knowledge of
what method was used to extract the image features. Fur-
ther, all image-based descriptions are converted into map-
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Fig. 1. SPAM system organization.

based descriptions using an image-to-map transformation
based on the camera model stored for the image(s) in the
MAPS database. Thus, it is possible to integrate image
feature information from different segmentation or anal-
ysis methods, as well as from multiple scenes of the same
airport. This architecture allows us to add and delete var-
ious sources of knowledge and to measure their effect on
the quality of the resulting interpretation.

A. Image/Map Database

The MAPS [16], [17] database stores facts about man-
made or natural feature existence and location; this allows
SPAM to perform geometric computation in map space
rather than image space. Differences in scale, orienta-
tion, and viewpoint can be handled in a consistent manner
using a simple camera model. The function of the image/
map database is to tie database feature descriptions to a
geodetic coordinate system (latitude, longitude, eleva-
tion), and to use camera models (image-to-map corre-
spondence) to predict their location and appearance in the
aerial photography. MAPS also provides facilities to com-
pute geometric properties and relationships of map data-
base features such as containment, adjacency, subsumed
by, intersection, and closest point.

B. Image-Processing Tools

There are currently four image-processing tools that can
be invoked with actions specified by the rule-based sys-
tem. They are a region-growing segmentation program
(18], a road/road-like feature follower [19], a stereo anal-
ysis program [20], and an interactive human segmentation
system. These tools perform low-level and intermediate-
level feature extraction. Processing primitives are based
on linear feature extraction and region extraction using
edge-based and region-growing techniques. The goal of
the image processing component is to identify feature-
based islands of interest and extend those islands con-
strained by the geometric model provided by MAPS and
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model-based goals established by the rule-based compo-
nent.

C. Rule-Based System

The rule-based component' provides the image-pro-
cessing system with the best next task based on the
strength/promise of expectations and with constraints from
the image/map database system. It also guides the scene
interpretation by generating successively more specific ex-
pectations based on image-processing results.

Airport scene’ interpretation is a classic case of the
knowledge-based system approach to signal (image) anal-
ysis. This class of problems is characterized by uncer-
tainty in the underlying data, and multiple, ambiguous
interpretations for any particular hypothesis. It is our con-
tention that hypotheses generated from raw region data
should be able to be reliably verified by looking at other
interpretations in its vicinity. Those interpretations
emerging with the highest confidence should be those re-
gions that can be collected into consistent cliques that will
model the majority of the airport. These cliques can then
be manipulated as individual pieces of a puzzle, putting
appropriate ones together to form a complete interpreta-
tion (or model) of the airport in question. Multiple con-
sistent models may be present. In SPAM, hypotheses are
grouped into cliques according to their function and spa-
tial proximity.

Region data can be derived from a number of sources.
Typical sources are image-based segmentation, texture-
based segmentation, multispectral analysis, and segmen-
tation of depth map images compiled from stereo image
pairs. SPAM has been tested with both hand-generated
and machine-generated image-based segmentations. Ob-
viously, perfect data are not generated by image analysis
methods, so SPAM must have shape constraints flexible
enough to compensate for this. The system, then, must
perform the following two basic tasks:

1) generate a complete and consistent model of the air-
port given “perfect” hand-generated data; and

2) extract reasonable hypotheses for actual features
from nonideal data.

In Sections III, V, and VI, we describe the organization
of the rule-based system. In Section IV, we present several
examples of SPAM processing both hand- and machine-
generated data. Some performance statistics are presented
in Section VIIIL.

III. INTERPRETATION PRIMITIVES

The task of the rule-based system is to generate plau-
sible, complete analyses of the airport image by building
successively more specific interpretations based on the
initial image segmentation. Rules to generate and evaluate
such interpretations manipulate four simple working
memory elements: regions, fragments, functional areas,
and models.

' We use the OPS5 production system language {21] as the implementation
language for our rule-based system.
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A. Regions

The region working memory element contains low-level
image properties of each segmentation region, such as
shape, texture, spectral properties, etc. Regions represent
the low-level data extracted from the image or specified
by a human interpreter. The region properties are used to

‘determine which classes of airport features a particular re-

gion best represents.

Since the criteria for initial class determination are weak
discriminators, multiple hypotheses may be generated for
each region as a different plausible interpretation. Current
classes and subclass specializations are given in Fig. 2.
These interpretations are represented as fragments, which
are described in Section III-B. Fig. 3 illustrates a region
working memory element and gives a general description
of each of the attribute names. The symbolic-name is a
unique identifier that allows functions external to the in-
terpreter access to the segmentation region, the image,
and the map database.

B. Fragments

A fragment is an interpretation for an image region. Fig.
4 shows a sample fragment working memory element.
Each fragment contains class and subclass interpretation
information, as well as interpretation status information
used to control rule execution. Status information includes
whether the fragment has been extended, aligned with
other fragments, and whether consistency has been per-
formed. Fragments which represent alternative interpre-
tations of regions can be identified by their region-token
attribute name.

C. Functional Areas

A functional area (FA) is a distinct spatial subdivision
of the airport scene. It comprises a collection of man-made
and natural features, normally found in close physical
proximity and often related in function. For example, run-
ways, taxiways, tarmac, and grassy areas form one func-
tional area. Some of the characteristics of this FA are: the
landing and takeoff of planes; routes of planes from ter-
minal to takeoff or landing points; a buffer area with min-
imal 3-D structures (obstructions); and is centrally lo-
cated within the airport area. SPAM currently supports
four functional area types:

e FAI: *terminal, parking apron, parking lots, roads

® FA2: *roads and grassy areas

e FA3: *hangars, roads, tarmac, and parking apron

® FA4: *runways, taxiways, grassy areas, tarmac.

Interpretations marked with * are seed fragments for the
creation of each functional area. For example, if there are
no hangar fragment interpretations then no FA3 functional
areas will be generated. Fig. 5 shows a sample functional
area working memory element. Included in the functional
area is its confidence, its coverage in the image, and a list
of fragments which support the interpretation.

D. Models

The airport-model working memory element represents
a mutually consistent collection of functional areas. At
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Class:
linear:
compact:
small-blob:
large-blob:

Sub-class:

runway, taxiway, access road
terminal building, hangar
parking lots, parking aprons
tarmac,

grassy areas

Fig. 2. Class and subclass interpretations.

(region

~token g00005

~seg-number 6471

~statefile ALL
~symbolic-name -ALL-1.6471_0
~spectral-characteristics nil
~texture nil

~shadow-type nil
“shadow-cltass nil
~location-lat 139844,728507
~location-lon 277380.289332
~orientation 1.132534
~ellipse-width 10.046023
~ellipse-length 344,298377
~mbr-length 370.092492
~height nit

~eclipsed t

~curvature curved
~ellipse-linearity 34.272108
~mbr-linearity 44.59714
~compactness 0.00413
~fractional-fill 0,047454
~area 3441.397917

;Machine generated unique id.
:Machineseg region number.
;Machineseg state file.
;Natabase access id.
;Currently unknown.
;Currently unknown.
;Currently unknown.
;Currently unknown.

itatitude of feature center.
:longitude of feature center.
:Orientation of fourier ellipse.

:Midth, fourier ellipse (meters).
;length, fourier ellipse (meters).
:Length, MBR (meters).

;Height, feature (meters).

:Partially covered by another region.
;Curvature wrt curvature criterion.
:Linearity using fourier ellipse
:Linearity using MBR

:Compactness {ratio).
;Fractional-fill (ratio).

iArea (square meters).

~perimeter 912.836763
~linear t

~compact nil
~large-blob nil
~small-blob nil

;Perimeter (meters).
;fits criterion for linear regions?
: compact regions?
large-blob regions?
small-blob regions?

~road ¢ roads?

~ruaway nil runways?

~taxiway nil taxiways?

~terminal nil terminal-buildings?
~hangar nil hangars?

“parking-lot nil
~parking-apron nil
~grassy-area nil

~tarmac nil
~special-region nil
~region-origin bottom-up

parking-lots?
parking-aprons?
grassy-areas?

H tarmac?

;Special region (shadow or given)

;Generation: bottom-up. top-down.

~“region-status interpreted) ;One of: active, to-unkmown,
iuninterpretable, to-be-interpreted,
) ;deleted, or interpreted.

Fig. 3. Region working memory element.

least one member of each functional area type must be
present in order to produce a complete model. Additional
functional areas that are consistent with the four primary
functional areas are also represented. A confidence is as-
signed to each model based on the confidence of each
functional area, and how well the collection of functional
areas ‘‘explain” or cover the airport scene.

The conflict working memory element is used to keep
track of conflict recognized in the model generation pro-
cess. This structure represents conflicts of interpretation
between two functional areas that may share common
fragment interpretations. It is generated as SPAM at-
tempts to group functional areas together as constituents
of a model. The presence of conflict working memory ele-
ments invoke rules to resolve conflicts and are specific to
particular types of conflicts (see Fig. 6). This is discussed
in more detail in Section VI-G.

IV. SoMeE EXAMPLES

Fig. 7 shows one of the high resolution (1:12000) im-
ages of the National Airport in Washington, DC, stored in
the MAPS database. This is one of several test images that
we are currently using to develop the SPAM rule-based
component. The image is 2280 rows by 2280 columns dig-
itized to 8 bits of intensity per pixel. Approximately 12
views of the airport at image scales from 1:12000 to
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(vector-attribute frag-list)
(literalize fragment
fragment-token ;Unique 1D for this fragment.

name 1A human readable name for the fragment.
object-type (LINEAR, SMALL BLOB, LARGE-BLOB, or COMPACT.
hypothesis ;Sub-class specialization for object-type.
confidence ;goodness of this interpretation 0.0< x <1.0

region-token
symbolic-name
extension-flag
frag-status
evaluation-flag

;ID of the regton this fragment represents.
:The region symbolic name.

;Current status during extension trials,

;The ‘age' of the fragment

;The current state of evaluation.
eval-history ;Number of times fragment has been evaluated.
frag-origin ;0rigin, machineseg, handseg.
consistency-flag ;Consistency strategy: checked or unchecked.

aligned iHas fragment been used in an alignment.
assoc-shadow ;sym-name of associate shadow region for frag
fa-seed ;Is this a functional area seed.

in-fa ;Whether this fragment is in a function area.
eclipse ;Is this fragment eclipsed by another region.
generic-flag ;A general-purpose flag.

frag-cant ;A count of the # of consistent fragments.
frag-list ;Fragment ids consistent with this fragment

)

Fig. 4. Fragment working memory clement.

(vector-attribute elements)
(1iteralize functional-area

fa-id ;unique id for this element.

fa-type ;functional area type.

fa-gen ;generation number.

confidepce ;the goodness of this area.

coverage ;the percentage that this FA is explained.
count ithe number of fragments represented.
elements ;the 1ist of fragments ids contained in FA.
)

Fig. 5. Functional area working memory element.

(vector-attribute other-fas)
{literalize airport-model

mo-id ;the model id.

confidence ;the goodness pf this model.

count ;the number of functional areas in model,
terminal-fa ;terminal functional area.

runway-fa irunway functional area.

hangar-fa :hangar functional area

road-fa :road functional area.

other-fas ;other functional areas included.

)

(literalize conflict
cid ;50 we can identify this conflict
status ;whether or not this conflict has been resolved.
in-favor-of ;which interpretation was the decision in favor of.
symbolic-name ;the region id.

fidl sthe id of the Ist interpretation.
typel ;and its interpretation type.
fid2 ;the id of the 2nd interpretation.
type?2 ;and its interpretation type.

confidence-difference ;the difference in confidence between the

;alternative interpretations.

fal ithe id of the FA where the 1st fragment occurs.
faz ithe id of the FA where the 2nd fragment occurs.
model ;the id of the model in which this conflict occurs,

Fig. 6. Model and conflict working memory elements.

1:60000 taken over a six-year period are available in the
database.

Fig. 8 shows the results of applying our region-growing
segmentation system to the image in Fig. 7. The segmen-
tation is run over multiple windows of the image, each
window is approximately 512 x 512 pixels. Artifacts of
these windows can be seen as the straight boundaries in
Fig. 8. The segmenter is supplied with image scale-de-
pendent criteria from the MAPS database and performs
region growing while searching for linear, compact, and
blob regions [18].

It is evident that the image segmentation is quite error-
ful. Few features are completely segmented, many are
merged together or broken into arbitrary fragments, and
some are missing entirely. For example, in the runway be-
ginning in the lower left and running to the upper right,
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Fig. 7. SPAM: National Airport, Washington, DC.

U

Fig. 8. SPAM: Region-based segmentation for Fig. 7.

many of the small taxiways are merged with the adjacent
tarmac. In spite of this, the results are not atypical of the
current state of the art in region-based segmentations using
monocular views and monochrome photography with
complex scenes.

The segmentation in Fig. 9 illustrates the problem of
broken and missing regions for the access roads directly
behind the hangars in the center-right of Fig. 7. Fig. 10

shows the area of the image that corresponds to Fig. 9.
Note that even the nearly homogeneous bright parking
apron is broken due to aircraft and shadows cast by air-
craft on the apron. Interpretation systems simply must be
able to accommodate errorful segmentations in order to
perform scene analysis tasks.

Fig. 11 shows a set of 280 machine segmentation re-
gions selected from the original 477 regions shown in Fig.
8. The 280 regions were selected to cover a representative
number of airport features in the scene.

Fig. 12 is a human segmentation of the airport scene
containing 95 regions. All of the road features have been
broken into several segments to crudely simulate the prob-
lems noted in Fig. 9. SPAM has been tested using ma-
chine-generated and human segmentations using the iden-
tical rule base in both cases. We have also run SPAM on
collections of machine-generated segmentations ranging
from 20 to 280 regions per collection for the purpose of
timings and rule base validation. The segmentations in
Figs. 11 and 12 are the most complex tested to date.

Results are presented for two versions of the SPAM sys-
tem, version 2 (V2), and version 3 (V3). The versions
differ in that V3 has texture and height information sup-
plied by associating a vector of probabilities with each of
the 95 hand-segmented regions. These probabilities give
estimates for highly-textured, moderately-textured, and
lightly-textured as well as height> 15 meters, height>5
meters, and height <5 meters. Machine-segmented re-
gions acquire their texture and height probabilities through
calculation of their proportional overlap with the hand-
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Fig. 9. SPAM: Detail of segmentation near hangar area.

Fig. 10. SPAM: Full resolution image for segmentation in Fig. 9.
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Fig. 11. SPAM: 280 region test machine segmentation.

Fig. 12. SPAM: 95 region human segmentation.

segmented regions. V3 contains no additional rules to uti-
lize the simulated texture and height information, the ex-
isting region-to-interpretation rules simply make use of the
information when it is available.

Figs. 13-15 show the results of SPAM V2 on the ma-
chine segmentation data in Fig. 11. Fig. 13 shows the five
highest rated fragments for each of the nine subclass inter-
pretations. Fig. 14 shows the fragments that comprise the

model in Fig. 16. Fig. 15 shows the fragments that were
compatible with the model in Fig. 16, but were not in-
cluded as part of the model. Fig. 14 is the collection of
functional areas that comprise the *“‘best” model gener-
ated by SPAM in terms of model confidence.

Our method for generating functional areas relies on the
identification of seed fragments. These seed fragments are
ordered by relative confidence and evaluated in turn.
Therefore, it is important that 1) interpretations of ter-
minal, access roads, hangars, and runway be generated
and that 2) the “correct’ regions be highly rated. The
emergence of correctly identified runways and hangars in
each of Figs. 13, 17, 21, and 25 is an important factor in
the generation of runway and hangar FA’s for the models
in Figs. 16, 20, 24, and 28.

Figs. 17-20 show the same results for SPAM V2 run on
the hand-segmentation data in Fig. 12. Figs. 21-24 show
the results for SPAM V3 run on the machine-segmentation
data. Figs. 25-28 show the same results for SPAM V3
run on the hand-segmentation data.

V. INTERPRETATION PHASES

SPAM is loosely organized into five processing phases.
These phases are build, local evaluation, consistency,
Junctional area, and model evaluation. The processing
strategy is to move sequentially through the five phases.
There is no prescribed relationship with the rule classes
described in Section VI and the phases described in this
section. For example, rules to determine the consistency of
a runway with a taxiway might be activated during the
functional area phase as well as during the consistency
phase. This is achieved by generating the appropriate
evaluation context for the fragment hypotheses.
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Fragments

ible type. If satisfied, a region is created whose boundary
is the convex hull of all the regions represented by the
fragment interpretations. An initial confidence value is as-
signed to the FA based on the average of the confidences
of the member fragments. The computation of the FA
boundary allows us to compute two factors. The first is
the area “‘explained’” by the fragments that compose the
FA; the second is the area which is ‘“‘uninterpreted,” or
not covered by fragments in the functional area. Further,
a list of all fragments lying on or within the boundary of
the FA that have a compatible interpretation with the FA
type is calculated. For example, for a runway functional
area, tarmac and hangars lying inside the boundary would
be in the compatible list. These fragments will not have
been found to be consistent with the functional area, but
this does not preclude a weaker compatibility. A list of
incompatibles consisting of those fragments lying on or
within the boundary of the FA that have an incompatible
interpretation with the FA type is also calculated. A final
confidence value for the functional area is based on the
relative strength of these compatible and incompatible
fragments. Fig. 31 is an example of the best runway func-
tional area calculated for the hand segmentation data in
version V3.
E. Model Evaluation

The model evaluation phase begins when there are suf-
ficient functional areas generated by the previous phase.
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At a minimum, one of each of the four functional area
types must be present in order to begin model generation.
Much of model evaluation is organized to resolve incon-
sistencies between overlapping functional areas. In gen-
eral, when an overlap is recognized, one of three following
situations may occur:

® case I: the area of overlap does not contain any frag-
ment interpretations;

® case 2: the fragment interpretations within the area
of overlap are the same, or compatible; and

® case 3: the fragment interpretations within the area
of overlap are incompatible.

In the third case, reasoning about which fragment inter-
pretations are in error is possible by recognizing chains of
inconsistency or preferred interpretations. For example, if
a hangar interpretation falls inside of a highly rated run-
way functional area, and the region to which the hangar is
attached has an alternative taxiway interpretation as well,
it may be determined that the hangar interpretation should
be removed. One side effect of the deletion is to improve
the confidence of the runway functional area. Another
method for resolving the conflict is to simply select the
fragment with higher confidence.

If a functional area is lacking support in a certain sub-
area, SPAM could use this information to verify the
functional area by specifically looking for missing frag-
ment interpretations. For example, if a terminal functional
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Fig. 29 outlines the paradigm used in SPAM at each
interpretation phase. At each phase, knowledge is used to
check for consistency among hypotheses, to predict miss-
ing components using context, and to create contexts
based on collections of consistent hypotheses. Prediction
is restrained in SPAM in that a hypotheses cannot predict
missing components at their own representation level. A
collection of hypotheses must combine to create a context
from which a prediction can be made. These contexts are
refinements or spatial aggregations in the scene. For ex-
ample, a collection of mutually consistent runways and
taxiways might combine to generate a runway functional
area. Rules that encode knowledge that runway functional
areas often contain grassy areas or tarmac may predict
that certain subareas within that functional area are good
candidates for finding such regions. However, an isolated
runway or taxiway hypothesis cannot directly make these
predictions. In SPAM the context determines the predic-
tion. This serves to decrease the combinatorics of hypoth-
esis generation and to allow the system to focus on those
areas with strong support at each level of the interpreta-
tion. In the following sections, we describe each of the
interpretation phases.

A. Build

During the build phase, region data, instantiated by an
initialization rule, invoke the region-to-interpretation
rules. A region is “chosen’ by the interpreter and tested
against each class (one of small blob, large blob, linear, or
compact). If that region fits a particular class, a generic
fragment interpretation for that class is created.

For each of the generic class interpretations, the re-
gion is tested against more specific criteria for each sub-
class. For example, a region may fit the criterion for the
linear class, so it is tested against the criteria for access
road, taxiway, and runway. Some of the criteria are listed
in Fig. 33. A region may fit the criterion for a class, but
not fit the criteria for any of the subclasses. Similarly, a
region may also fit several classes (and therefore several
subclasses), so several class (and subclass) fragment
interpretations are created. The existence of generic class
interpretations, in addition to more specific subclass inter-
pretations for the same region, allows SPAM to reevaluate
regions by changing the criteria for subclass due to
changed expectations.

An initial confidence value is calculated based on how
well a region fits the criterion for a class or subclass. A
confidence is assigned to each interpretation. For exam-
ple, if a region is very long, wide, and straight, then it is
a good candidate for a runway and, because of its length,
not such a good candidate for a taxiway. These facts are
reflected in the confidence values for each of the two frag-
ment interpretations for that region. This phase termi-
nates when all instantiated regions have been tested for
interpretation.

B. Local Evaluation

The local evaluation phase allows some processing to
take place on the fragment interpretations generated by
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the build phase. For example, straight and curved align-
ment of linear segments is performed and the resulting
regions are added to working memory. They are recog-
nized as new regions and are evaluated by region-to-inter-
pretation rules. This process continues until no new align-
ments occur.

Currently, regions are assumed to be geometrically dis-
tinct; that is, no two regions occupy the same two-dimen-
sional space. This assumption may be violated when
alignments or further image processing is performed. Re-
gions resulting from these operations can occupy nearly
the same portion of the image. SPAM determines possible
candidates for overlap using knowledge stored in the re-
gion descriptors. Rules test those candidates to determine
whether an overlap is present, and what percentage of each
feature has been ““‘eclipsed.’’ For simple cases, where one
region subsumes another and both have the same class
interpretation, we inactivate the subsumed fragment’s
subclass. interpretation. Inactivation (instead of deletion)
allows the system to go back to the original hypotheses in
the event that an aligned region is not justifiable in the
image. Thus, if two runway hypotheses are generated
through multiple pairwise alignments, the ‘‘smaller” hy-
pothesis will be inactivated. Its linear class interpretation
will remain, but is already marked to preclude further
alignments. Other strategies that prune interpretations
under these conditions need to be explored, especially
within the context of choosing the “‘best’ representative
for a spatial area using more sophisticated analysis.

C. Consistency

The consistency phase is invoked once the build/evalu-
ation phase terminates. Only fragments with subclass inter-
pretations participate in this phase. A fragment interpre-
tation is chosen, and a consistency strategy is created.
Consistency strategies comprise of a list of applicable tests
specific to the subclass. As each test is applied, an incre-
mental confidence score is computed based on the con-
sistency test.

Each test is a collection of rules that execute the test,
as well as routines outside of the rule-based system that
actually perform spatial evaluation. At the end of the con-
sistency phase, each fragment contains a list of the frag-
ments with which it is consistent. Its confidence reflects
how well it satisfied the tests that were applied to it. Fig.
30 shows a road fragment interpretation and the interpre-
tations with which it was found consistent. The subclass
name, region identification, fragment identification, and
fragment confidence are displayed.

D. Functional Area

The functional area (FA) phase evaluates fragments that
have specific subclass interpretations. These seed frag-
ments are terminals, access roads, runways, and hangars.
For each seed fragment, the list of fragments with which
it is consistent is traced to determine whether there is suf-
ficient evidence for a functional area to be formed.

The current criterion for sufficient evidence is if the
consistency trace finds one or more fragments of compat-
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Fig. 17. V2ZHAND: Best 5 frag-
ment interpretations in each sub-
class.

2

Fig. 25. V3IHAND: Best 5 frag-
ment interpretations in each sub-
class.

area contains roads and parking lots, but no parking apron,

rules invoke image analysis tools to go look for regions

whose shape and texture properties match with SPAM’s
build and local evaluation model for parking aprons. This
form of prediction is consistent with our strategy outlined

in Fig. 29.

When a large nuinber of functional areas is generated,
due to multiple consistent interpretations of fragments that
have not been rejected by consistency tests, SPAM will
generate multiple alternative models. We can make two
observations about this. First, the difference between
models appears to be small, the inclusion or exclusion of
one or two functional areas can generate two or four dif-
ferent models. Second, the models all share a core set of
functional areas indicating that the general organization of
the airport appears to be relatively stable. In the following
section, we will describe classes of rules that are used by
SPAM during the interpretation phases discussed in this
section.

18. V2ZHAND:
comprising the model in Fig. 20.

Fig. Fragments

Fig. 26. V3HAND.' Fragments
comprising the model in Fig. 28.

V1. RULE CLASSES

Rules, as currently implemented in SPAM, are lodsely
organized into six classes. Within each class, sets of rules
operate on various specific airport hypotheses. The classes
generally correspond to the interpretation phases dis-
cussed in Section V, although the effects of interpretation
in one phase can cause rules in another phase to become
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Fig. 19. V2ZHAND: Fragments
compatlble with the modet in Fig.

L)
iy

Fig. 20. V2HAND: Functional
areas comprising the best model.

)
s )
Fig. 27. V3HAND: Fragments Fig. 28. V3HAND: Functional
compatible with the model in Fig. areas comprising the best model.
28.

active. There are currently about 450 OPS5 rules in the
system. Fig. 32 is a schematic that contrasts the interpre-
tation phases in SPAM with the approximate number
of rules in each class. An estimate of the potential for

‘growth in the number of rules is given and discussed in

Section IX.

A. Initialization Rules

The initialization rules (2 rules) initialize the interpre-
tation goal states, a priori knowledge from map database,
airport class expectations, and load working memory with
the low-level image region segmentation. A priori knowl-
edge such as the number of runways or the size or type of
airport can be instantiated at the beginning of a run. They
supply SPAM with a method to handle expectations input
by the user. Alternatively, this allows one to experiment
with SPAM by setting external goals and allowing the sys-
tem to attempt to satisfy them. Fig. 33 shows a subset of
the interpretation constants and gives a sample specifica-
tion that can be used to bias interpretations for a large
urban area around the airport.

B. Region-to-Interpretation Rules

The region-to-interpretation rules (35 rules) create ini-
tial fragment hypotheses for each region based on its in-
trinsic properties of size, shape, texture, and elevation
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<—>> CONSISTENCY EVALUATION

Q PREDICTIONS FROM CONTEXT

Fig. 29. Refinement, consistency, and prediction in SPAM.

ALL-L.6471_14

road g¢00354 0.87101

perimeter GIVEN-N.129_0 N129 1.0

terminal Hand36809-N.75_0 g00134 0.92802
terminal Hand36809-N.73_0 g00136 0.89112
hangar TERM2-C.7205_0 900245 0.91008
parking-lot TERM2-B.1134_0 go0262 0.79519
hangar HANGAR-C.3832_0 g00295 0.71099
hangar HANGAR-C.2983_0 g00297 0.84008

Fig. 30. Consistency relationships.

FUNCAREA-N.7_0
runway 1 0.7395 0.64524 4
runway Hand36809-N.3_0 900260 0.82994
grassy-area Hand36809-N.26_0 g00158 0.63281
grassy-area Hand36809-N.5_0 900162 0.65813
taxiway Hand36809-N.16_0 g00241 0.83732

Fig. 31. Functional area description.

MODEL MODEL GENERATION RULES (50)
GENERATION AND GROWTH POTENTIAL: SMALL
EVALUAT ION
FUNCTIONAL AREA GENERATION RULES (23)
FUNCT TONAL
AREA FUNCTIONAL AREA REFINEMENT RULES (28)
z[]; GROWTH POTENTIAL: MODERATE
FRAGMENT CONSESTENCY RULES (263)
INTERPRETATION GROWTH POTENTIAL: LARGE

SUBCLASS

LOCAL EVALUATION RULES (30)

INTERPRETAT 10N
GROWTH POTENTIAL: MODERATE
CLASS
INTERPRETATION REGION-TO-INTERPRETATION RULES (35)
]x GROWTH POTENTIAL: SMALL - MODERATE
SEGMENTATION
REGIONS

Fig. 32. Interpretation phases in SPAM.

(depth). Linear regions are evaluated with respect to cur-
vature. These rules hypothesize a class interpretation for
the image region as described in Section III-A. Multiple
fragment interpretations can be created for each image re-
gion. Once a class interpretation has been created, a spe-
cialization of the class interpretation is attempted. New
fragment interpretations are created for those fragments
that satisfy the subclass specialization. Fig. 34 gives a se-
quence of region to interpretation rules operating on a lin-
ear region.

C. Local Evaluation Rules

Local fragment evaluation rules (30 rules) are used to
invoke image processing tools for region enlargement, ex-
tension, and join/merge. These rules are specialized
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(literalize constants ;Stores constants used in productions.
GENERAL -area-filter iUsed to filter out small regions.
COMPACT-min-compact-filter ;Compactmess filter,
COMPACT-max-area-filter
COMPACT-min-area-filter
COMPACT-perimeter-filter
LINEAR-e11-1in-filter
LINEAR-mbr-Vin-filter
confidence-filter

iPerimeter filter, compact regions.
iEllipse-linearity filter.

:MBR-1inearity filter, linear regions.
imin confidence, eliminate all sub-cVass
iinterpretations lower than this.

imin length, linear region as runway.
imax length, linear region as runway.
imin width, Yinear region as runway.

imax width, linear region as runway.

imax distance, two features are adjacent.

runway-minlength-filter
runway-maxlength-filter
runway-minwidth-filter
runway-maxwidth-filter
adjacency-criterion

curvature-criterion ithreshold, linear regions are curved.
curvature-minimum ;length threshold, to compute curvature.
texture-criterion ithreshold, region considered untextured.

orientation-criterion idistance threshold, extension along

) iorientation direction.
(AP-specs
~spec-type :Type of specification.

urban-area-around-airport
~operation nil iHypothiesis only, no oper performed.
~prediction-vatue nil :Expected value for specification.
~probability 90 ;Probability expectation is correct.
)

(AP-specs

“spec-type number-of-runways

~operation equal ;Exact number of runways to be found.
“prediction-vatuve 5 ;Expected value for runways.
“probability 100 ;Probability expectation is correct.
)

Fig. 33. Evaluation criteria and expectations.

region-to-fragment::initialize-region

Interpretation of each region begins by creating a context where matching

against specific shape attributes for each class and subclass occurs.
region-to-fragment::generate-linear-class-match

Test the shape attributes of this region against linear class prototype.
region-to-fragment: :make-1inear-fragments

If region matched the linear characteristics successfully make an instance
specific::get-region-curvature::uncalculated-1

If a linear fragment, we need the curvature to do any further matching.
region-to-fragment: :generate-compact-class-match

Match this region against attributes of the “ideal” compact fragment.
region-to-fragment::failing-compact-match *

The match against the compact attributes failed. No further interpretation

in the compact ctass is performed.
region-to-fragment::generate-small-biob-class-match

Match this region against attributes of a small-blob region.
region-to-fragment::failing-small-blob-match

The small-blob match has failed.
region-to-fragment::generate-large-blob-class-match

Match this region against attributes of a large-blob region.
region-to-fragment::failing-large-blob-match

The large-blob match has also failed.
region-to-fragment: :generate-road-subclass-match

We match this region against all the subclasses of those classes that

matched successfully.
region-to-fragment::failing-road-match

This region should not be interpreted as a road.
region-to-fragment::generate-taxiway-subclass-match

Generate the match against the second linear subclass, taxiway.
region-to-fragment::interpret-as-taxiway

The match against the "ideal" taxiway succeeds. Create a fragment

hypothesis with this region as a taxiway.
region-to-fragment::generate-runway-subclass-match

Generate the match against the last linear subclass, runway .
region-to-fragment::interprat-as-runway

The match against the "ideal” runway succeeds. Create a separate fragment

hypothesis with this region as a runway.
region-to-fragment::exit-context

No more matching to be done on this region. The system chooses another

region to interpret.

Fig. 34. Region-to-interpretation rules.

within feature classes. For example, given several linear
image regions, hypothesize a new linear region that en-
compasses each original region. These rules attempt to
verify this hypothesis by invoking a linear feature extrac-
tion module using the new (hypothesized) linear region as
a guide. In lieu of image analysis, other linear alignment
rules are used to search for possible linear fragment inter-
pretations that have not been specialized into runway or
road interpretations, and to hypothesize (hallucinate) a
connected runway fragment. Thus, fragment interpreta-
tions can be generated in cases where complete low-level
support is lacking. Such fragment interpretations are
marked as to whether they have support in the image, as
well as maintaining a list of supporting fragments. Align-
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ments are specialized for nearly straight and curved re-
gions. The actual evaluations are performed outside of the
rule interpreter using a procedure that attempts to align
linear fragments and bridge gaps in the segmentation,
using splines for local interpolation [22].

From a practical standpoint, external calls by the pro-
duction system need only determine the operation to be
performed and the region elements participating in that
operation. A process outside of the interpreter can deter-
mine the actual image data using the symbolic name and
extract any geometric information it might need. Since all
of the spatial computation and image analysis is organized
outside of the OPS5 rule interpreter, it is important to keep
this interface simple.

D. Consistency Rules

Consistency rules (263 rules) recognize groups of po-
tentially mutually consistent fragment interpretations. For
each subclass specialization, a consistency strategy is de-
fined. This strategy contains a list of rules that apply spa-
tial and contextual constraints to modify the confidence of
the fragment hypothesis. These rules are relatively simple
tests which look for supporting evidence for the fragment
hypothesis. Each strategy is implemented as a rule set that
may invoke geometric or image-processing routines. The
following is a portion of the consistency strategy for frag-
ments having the runway interpretation:

* runways-are-oriented-parallel-to-terminal-building
check-runway-distance-from-terminal
taxiways-are-oriented-orthogonal-to-runways
grassy-areas-border-runways-or-taxiways
taxiways-are-close-to-runways
parking-lots-are-far-from-runways
runways-do-not-have-curved-segments
taxiways-intersect-runways.

‘Consistency rules are the major source of knowledge in
SPAM. They encode simple observations that are gener-
ally true about airport scenes. For example, hangars are
usually adjacent to other hangars, access roads lead to
parking lots and the terminal building, runways are (usu-
ally) not oriented into the terminal building, and are fur-
ther away than some tarmac and most parking aprons. In
SPAM, the effect of a large number of relatively simple
rules is that correct fragment interpretations are supported
much more frequently by correctly interpreted partners
than the random support acquired by incorrect interpre-
tations due to fortuitous spatial alignments. However, since
these rules only test local consistency, it is necessary to
select the “‘best’ fragment interpretations and aggregate
them together to form more global pieces of the airport
model. This is the role of the functional area rules dis-
cussed in the following section. Other consistency rules
include the following sample:

* access-roads-gencrally-have-curved-scgments
access-roads-are-close-to-perimeter
access-roads-lead-to-terminal-building
taxiways-orient-toward-terminal
terminal-building-is-centrally-located
terminal-building-is-near-parking-lots
hangars-adjacent-to-tarmac
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® grassy-areas-separate-runways-and-taxiways
® tarmac-between-taxiways-terminal.

E. Functional Area Rules

Functional area rules (23 rules) recognize situations
where fragment interpretations can be grouped together
based on propagation of compatibility into more global
collections. These collections of fragment interpretations
are called functional areas. Rules identify those fragments
that are consistent with at least one other fragment and are
potentially members of the same functional area. The con-
vex hull of these fragments forms the initial functional
area. Fragments that fall within the functional area and
are compatible with the functional area type, but not nec-
essarily consistent with the initial set of fragments, can be
added to the functional area. These fragments are marked
as compatible. Similarly, fragments that fall within the
convex hull of the functional area that are inconsistent, i.e.,
hangar within runway functional area, are noted. Rules
evaluate the confidence of the functional area in light of
the compatibles and incompatibles. If there is not suffi-
cient support for the new functional area, or if an existing
functional area of the same type covers nearly the same
spatial area, it is not activated. Otherwise, fragments are
marked as being a member of a functional area, or having
failed to generate one. A typical sequence of functional
area rules is given in Fig. 35.

F. Goal-Generation Rules

We have incorporated goal-generation rules (28 rules)
which recognize small numbers of situations that are in-
consistent with general knowledge of airport layout. These
rules recognize situations that may cause large numbers
of weakly consistent fragment interpretations to build
functional area interpretations. The combinatorics dictate
that pruning these weakly consistent fragments can greatly
reduce the number of resulting functional area interpre-
tations. These rules monitor the global state of working
memory and use goal specification as the focus of atten-
tion. For example, since few airports have more than 10
runways, if there are more than 10 valid runway fragments
in working memory, we invoke routines to coalesce or pos-
sibly eliminate weak fragment interpretations. Methods
rely on the invocation of existing rules from the local eval-
uvation and consistency classes with specific fragments as
contexts, and with more stringent spatial constraints. For
example,

e search for and attempt to join aligned fragments with
compatible subclass interpretations;

® remove weak runway fragments that have signifi-
cantly stronger support as taxiways or roads; and

e reevaluate runway fragments with respect to their po-
sition in the scene using more stringent proximity con-
straints.

Similar situations arise with large numbers of compet-
ing terminal and hangar hypotheses. Another type of goal-
directed pruning occurs upon recognition that an abnor-
mal percentage of the overall scene is explained by frag-
ment interpretations of a particular subclass. For example,
we do not expect that the entire airport is covered with
grassy areas, tarmac, or parking lots. Rules to recognize



FA::fragment-initialization
FA::trace-consistents
FA::spawn-FA-creation
FA::create-functional-area
FA::compute-convex-hull
FA::reduce-fa-size
FA::compute-convex-hull
FA::find-compatibles
FA::find-incompatibles
FA::re-evaluate-confidence
FA::get-fa-superset
FA::insufficient-overtap
FA::activate-functional-area

Choosing fragment hypothesis

A1l the hypotheses that are consistent.

If at least one valid start creation.
Instantiate into working-memory

Physical representation of FA

Spatial outlying hypotheses are eliminated.
With the outlyers removed.

tnside and compatible with FA definition.
Inside and incompatible with FA definition
Re-evaluate the confidence of the FA
Another FA of the same type?

Yes, but not enough overlay to deactivate.
Add to working memory as active.

Fig. 35. Functional area rule execution.

these situations can further prune weak hypotheses mak-
ing use of spatial constraints, and looking for overlaps with
incompatible fragment interpretations having highly rated
hypotheses.

G. Model-Generation Rules

Model-generation rules (50 rules) gather mutually con-
sistent functional areas and build an airport model. Ihi-
tially, the functional area with the greatest confidence is
selected. THese rules then recognize situations where they
can enumerate conflicts between the current model and a
newly chosen functional area. The methods for resolution
of those conflicts, the decision to augment a model or spawn
a new model, are also encoded in this rule set. Model
generation rules continue to be active until all the active
functional areas have been included in some model. Fig.
36 gives an example of a sequence of model-generation
rule execution.

H. Rule Distribution By Fragment Class

In the previous sections, we have given the number of
rules in each nterpretation class. It is interesting to note
the actual distribution of these rules in terms of the types
of fragments that they recognize. Fig. 37 gives a break-
down of the frequency of rules by class and subclass.

Overall, linear fragments provide more constraints in
the airport scene and can be more reliably determined than
the other classes of interpretations. For example, runways
can be distinguished fairly reliably based on shape. Roads
are harder to distinguish based solely on shape since they
are combinations of straight and curving linear regions,
which must often be aligned before they can be hypothe-
sized. Roads give many key constraints to the overall
scene, such as determining plausible locations of the ter-
minal and hangar areas. We believe that the relative im-
portance of each class is reflected in the number of rules
in that class as is our ability to recognize and employ ap-
propriate tests.

Within some classes, it is more difficult to distinguish
members of the subclass, therefore, more knowledge is
needed to eliminate faulty hypotheses. This fact is clearly
represented in the cases of roads and hangars. Since roads
can be curved or straight, some small runways and most
taxiways have alternative road interpretations that are
faulty. Similarly, many small compact regions which are
found toward the center of the runway/taxiway area are
mistaken for hangars. However, as we will see in the fol-
lowing sections, these alternative interpretations rarely
have global support. Consequently, their confidence is sig-
nificantly weaker than the correct interpretations.
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MG::initialize
Create context where only model-generation rules are active.
MG::choose-best-FA
Choose highest-rated active functional-area.
MG::end-conflict-test
There were no other functional-areas being considered.
MG::choose-best-fA
Choose the next highest-rated active functional-area.
MG::test-best-for-conflicts
Check if there are conflicts between hypotheses.
MG::resolve-conflicts::resolve-by-confidence-1
Choose the interpretation with the highest confidence.
MG::resolve-conflicts::remove-duplicates-1
This conflict has been resolved before, therefore remove it.
MG::resolve-conflicts::parking-apron/parking-lot-delay
For this conflict, there is specific knowledge for evaluating the two
hypotheses in light of the current model. Therefore, bacause we know
that we need a4 complete model to resolve this conflict, delay the
resolution of the conflict until that model is created.
MG::unset-delayed-conflicts
Activate those conflicts that were delayed.
MG::resolve-conflicts::parking-aprons-and-parking-lots
MG::resolve-conflicts::choose-parking-lot-over-parking-apron
Case-specific knowledge for this conflict is applied and, for this
instance, the parking-lot hypothesis was determined to be more likely
in the context of this model. For this conflict, the knowledge applied
was that a parking-apron will occur between the terminal functional-area
and the runway functional-area, whereas a parking-lot will occur as
far as possible from the runway functional-ares.
MG::enumerate-conflicts
A new, active functional-area of any type is chosen and is evaluated with
respect to the functional-areas in the current model(s).
MG: :resolve-conflicts: :unknown-conflict-type-2
Unknown conflicts are those interpretations that cannot safely be
discriminated by confidence alone because the difference in the
confidence values is very small (less than 0.1). These conflicts are
marked as irraeconcilable,
MG::fork-new-model2
Bacause ‘we have fouhd at least one irreconcilable conflict, the current
model is split into two models: one containing the first conflicting
interpretation and one containing second.. The models are tested for
completeness with respect to the definition of the airport-model.
NG::fork-new-model:failed-to-find-replacement-terminal
The current model could not be split becsuse the conflict occurred
with the model's termina) functional-area, and there was no alternate
terminal functional-area in the model to replace the first one.
MG::resolve-conflicts::grassy-araas-and-tarmac
MG::resolve-conflicts::choose-grassy-area-over-tarmac
MG::augment-airport-model
This functional-area can be added to this particular model because all
conflicts were reconcilable. '

Fig. 36. Model rule execution.

Class / Subclass Number of Rules

Linear 80
Runway 24
Taxiway 29
Road 38

Compact 64
Hangar 58
Terminal 22

Small-blob 40
Parking-apron 16
Parking-lot 32

Large-blob 32
Grassy-area 24
Tarmac 16

Fig. 37. Rule distribution by interpretation of class.

VII. EVALUATION FUNCTIONS FOR HYPOTHESES

As briefly discussed in Sections V-A and C, SPAM as-
signs confidence values to fragment interpretations. This
evaluation occurs in two stages. During the initialization
and local evaluation phases, the fragment i5 assigned a
confidence value based on how well the region it repre-
sents fits the criteria for class and subclass specialization.
During the consistency phase, confidence values are as-
signed based on the results of compatibility with other
fragment interpretations.

The initial confidence function is as follows:

confidence = (io) * (t/v) “2 + mcv
where:

io initial offset:
io + mcv = minimum confidence value (—0.3)
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t the threshold (criterion) for this class

v the actual region value being tested (v ! = 0)

mcv maximum allowable confidence value (currently
0.5).

This produces a confidence value between 0.2 and mcv,
with the function asymptotically approaching mcv.? There
are some problems with this, however. Currently, this
function allows us to rate an interpretation based only on
one criterion, although some class tests require the re-
gions to fit several criteria at once. A better confidence
function would accommodate from 1 to n different thresh-
old tests where n is not known a priori.

The incremental confidence function used during con-
sistency checking is as follows:

increment = Cr * Cs * [Fr *(1.0 — Co)]

where

Cr is the confidence of the test itself 0 < Cr < 1

Cs is the normalized score received from the test 0 <
Cs < 1

Fr is the fraction of the maximum allowable increment
0 < Fr < 1; that is, given a perfect score
(Cs = 1) and a perfect test (Cr = 1), this de-
termines the fraction of the maximum incre-
ment .

Co is the old confidence value (0 < Co < 1).

The increment function factors a relative goodness or se-
lectivity of the test, the current goodness of the fragment
being evaluated, and how well the fragment scored on the
test. The use of a relative goodness factor allows us to
weight tests according to our subjective belief as to how
well it disambiguates competing hypotheses. Under this
model, a test has weight 1.0 if it uniquely distinguishes
one subclass from all of the other members of the class.
In practice, test weights range from 0.5 to 0.8. This re-
flects a lack of particularly strong compatibility tests in a
domain where the underlying certainty of the signal data
is weak and the belief that real action is a result of the
application of many simple tests. Another property of this
evaluation function, which asymptotically approaches 1,
is that as the score of the fragment increases, it becomes
increasingly difficult to increase fragment goodness.

VIII. PERFORMANCE ANALYSIS

In this section, we give some performance statistics for
the examples described in Section IV. Statistics for frag-
ment, functional area, and model generation compare the
relative effects of the texture/depth experiments, the effect
of hand versus machine segmentations. An additional set
of statistics for MACH200 using both the V2 and V3 sys-
tem is given. MACH200 is a subset of MACH280 re-
ported in Section IV in that it has 80 fewer regions. Most
of these regions were small linear features, comprising
roads around the terminal building in the left-central area

2]t is assumed in this equation that 1> =v, therefore, if a test requires that
a value be above a threshold (1< =v), then one must replace the quotient
(t/v) with (v/1).
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Fragments Generated
Version Linear Compact S-Blob L-Blob Total # regions
MACH200v2 30 27 26 30 113 197
MACH280v2 40 27 26 30 123 2717
HANDv2 16 30 50 44 139 95
MACH200v3 37 9 25 32 103 197
MACH280v3 59 9 25 32 125 277
HANDv3 15 7 48 43 113 95

Linear Class Interpretations

Version Road Runway Taxiway Uninterpreted
MACH200v2 6 14 19 11

MACH280v2 6 21 24 16

HANDvV2 7 4 1 8

MACH200v3 10 10 29 8

MACH280v3 10 16 45 14

HANDV3 7 5 1 8

Compact Class Interpretations

Version Hangar Term Uninterpreted

MACH200v2 20 25 2
MACH280v2 20 25 2
HANDv2 25 30 0
MACH200v3 2 5 4
MACH280v3 2 5 4
HANDvV3 4 4 3
Smail-Blob Class Interpretations
Version PApron Plot Uninterpreted
MACH200v2 24 26 0
MACH280v2 24 26 0
HANDv2 40 50 0
MACH200v3 25 21 0
MACH280v3 25 21 0
HANDv3 47 33 1
Large-Blob Class Interpretations
Version GrassA Tarmac Uninterpreted
MACH200v2 29 28
MACH280v2 29 28 1
HANDv2 35 41 3
MACH200v3 30 20 2
MACH280v3 30 20 2
HANDvV3 39 19 4
Fig. 38. Fragment generation statistics.
Functional Areas And Models Generated
Version Road Runway Hangar Term Total Models
MACH200v2 4 5 24 19 52 9
MACH280v2 6 3 24 19 52 12
HANDv2 1 4 4 11 20 5
MACHZ00v3 ? 8 5 2 22 1
MACH280v3 12 8 ) 4 27 1
HANDvV3 1 5 4 4 14 3
Fig. 39. Total functional area interpretations.
Rule Executions by Phase
Version Build+LE Consist Functional Model
MACH200v2 1816 365628 394 1174
MACH280v2 2355 39637 3981 1619
HANDv2 1469 8079 1354 357
MACH200v3 1876 11606 1140 507
MACH280v3 2515 14879 1476 969
HANDvV3 1405 4318 690 684

Fig. 40. Rule execution statistics by interpretation phasc.

of Fig. 7. These statistics show the effect on the execution
time and number of productions fired as the number of
interpretation regions is varied.

A. Fragment/Functional Area/Model Distributions

Fig. 38 gives a breakdown of the total number of frag-
ments generated by class and subclass. Fig. 39 gives a
breakdown of the types of functional areas generated and
the total number of models that were generated from these
functional areas. Fig. 40 gives rule execution frequencies
by interpretation phase.

As described in Section IV, SPAM versions V2 and V3
differ only in that V3 has elevation and texture knowledge
supplied. This information is applied by rules which rec-
ognize, for example, man-made objects with elevation
above the ground plane, as well as those that distinguish
textured grassy areas from nearly smooth tarmac and
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parking aprons. The effects of such knowledge is more
evident in the reduction of subclass interpretations than in
the reduction of generic class interpretations.

Version V3 generated a much reduced set of functional
areas. This is encouraging since a proliferation of func-
tional areas can pose a major problem for global model
recognition. As seen in the earlier examples, both versions
generated good sets of functional areas, so that using our
relative “best” model we may also be able to accommo-
date large numbers of errorful functional areas.

B. Timings

The timings in Figs. 41 and 42 illustrate the effects of
increasing the number of initial regions and, more inter-
estingly, the effect of adding elevation (depth) and texture
knowledge to the system. Timings are averaged over sev-
eral runs of the system for each machine segmentation data
set on a VAX 11/780, with 8 Mbytes of memory running
the UNIX operating system.

A prototype version, V1, spent much of its time (70
CPU hours) in the OPS5 match and conflict resolution
phases. This very inefficient implementation structured
rules such that the matcher matched all fragments and all
regions against each production rule. Examples of prag-
matic issues in building OPS5-based systems can be found
in Brownston et al. [23]. We performed some optimiza-
tions on rule evaluation order and restructured all rules to
make them context dependent, matching only when an ap-
propriate context was generated. We also allowed the re-
gion and fragment working memory elements to overlap
by putting redundant interpretation information in the re-
gion structure and low-level database information in the
fragment structure. With these changes, the OPS5 matcher
had significantly fewer match candidates since it is match-
ing (effectively) on one working memory element.

The significant decrease in evaluation times in V3 over
V2 is primarily due to the decrease in the total number of
subclass fragment interpretations that participate in con-
sistency and functional area phases. Further, certain par-
ticular interpretations such as terminal, hangar, and taxi-
way, that have large number of consistency rules, were
greatly reduced. This is easily noted in Fig. 40.

IX. CoNCLUSIONS

SPAM represents research in progress. Currently, the
system can extract and identify some runways, taxiways,
grassy areas, and buildings from region-based segmenta-
tions for several images of National Airport in Washing-
ton, DC. It uses these primitives to build multiple plausi-
ble functional areas descriptions which support the runway
and terminal building, hangar, and access road compo-
nents of the scene model. These components generate
multiple models that represent the spatial layout of the air-
port. The models generated by SPAM using both machine
and hand segmentations compare favorably and appear to
give a good description of the airport scene. Many prob-
lems remain, some in reliable low-level feature extraction
from the imagery, others in the design and implementation
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# regions Avg User time Avg System time
Build and Local Evaluation Phases:

95 27:09.2 2:48.7

200 27:21.0 4:24.5

280 47:54.2 5:41.2
Local Consistency Phase:

95 2:23:41.8 50:47.6

200 14:18:31.6 4:03:59.7

280 17:32:58.3 5:19:18.3
Functional Area Phase:

95 2:02:56.1 16:31.3

200 4:58:52.6 37:55.3

280 5:10:51.3 42:25.2
Model Generation Phase:

95 10:09.6 1:21.7

200 18:03.4 1:00.5

280 §9:23.0 5:14.7

Fig. 41. V2 timings (CPU h:min:s.tenths).

# regions Avg User time Avg System time
Build and Local Evatuation Phases:
95 20:24.2 2:31.9
200 32:48.7 3:38.9
280 1:02:22.9 5:47.3
Consistency Phase:
95 1:04:16.6 21:13.4
200 3:56:10.9 1:10:09.6
280 65:32:58.3 1:26:36.9
Functional Area Phase:
95 37:05.2 §:31.2
200 1:01:44.8 10:31.4
280 1:19:18.3 14:06.3
Model Generation Phase:
95 8:16.5 35.4
200 14:25.2 43.9
280 32:23.0 1:19.3

Fig. 42. V3 timings (CPU h:min:s.tenths).

of effective recognition strategies using the rule-based ap-
proach.

As mentioned in Section VI, Fig. 32 gives an indication
as to the potential for growth within each rule class as
SPAM is engineered to accommodate a variety of airport
organizations. Based on preliminary experimentation with
hand segmentation data for the interpretation of Los An-
geles and Dulles airports, we believe that the largest
growth of rules will be due to the expansion of subclass
interpretations to include features such as maintenance,
air cargo, and service buildings, and a greater variety of
runway/taxiway spatial organizations. The implication is
that spatial relationships between all existing and newly
created subclass interpretations must be expressed in
terms of consistency rules, hence the potential for large
growth. Rules that aggregate fragment interpretations into
functional areas will also be effected by the increase of
new subclasses or more general spatial organizations.
However, we do not expect a large increase in the number
of model generation and region-to-fragment rules.

A near-term agenda for continuing our work in rule-
based aerial image interpretation is as follows.

* Continue to measure the effect of the number of ma-
chine-generated regions and various image domain cues
such as texture and depth with respect to the quality and
completeness of the models generated.

® SPAM needs to be able to refine a more complete and
consistent airport interpretation through analysis of the
initial models that it generates. In some sense, the model
generation phase could be viewed as the beginning of a
cycle of analysis phases that would focus image analysis
tools with very specific goals in promising portions of the
scene. For example, within a hangar functional area, look
for planes on the parking apron.
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¢ Explore techniques to determine what information is
currently lacking in the airport model(s) and methods for
acquiring that knowledge from the image or by further
evaluation of the fragment interpretations. Develop more
sophisticated goal generation rules to detect and explain
missing components of the scene model.

¢ Apply the SPAM system to other airport scenes.

Given the results to date, we believe that the integration
of map knowledge, image processing tools, and rule-based
control and recognition strategies will be shown to be a
powerful computational organization for automated scene
interpretation in aerial imagery.
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