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Abstract

In this paper we consider some of the problems confronting the development of general in-
tegrated computer vision systems, and the status of the VISIONS project which has become an
experimental testbed for the construction of knowledge-based image interpretation systems. The
goal is the construction of a symbolic representation of the three-dimensional world depicted in
a two-dimensional image, including the labeling of objects, the determination of their location in
space, and to the degree possible the construction of a surface representation of the environment.

Our system involves three levels of processing for static image interpretation. Low-level pro-
cesses manipulate pixel data and produce intermediate symbolic events such as regions and lines
with their attributes. High-level processes focus attention on aggregates of these events via rule-
based object hypotheses in order to selectively invoke schemas, which contain more complex
knowledge-based interpretation strategies. Intermediate-level processes carry out grouping and
reorganization of the error-prone symbolic representation extracted from the sensory data, uti-
lizing both “top-down” control of the processing by the schema interpretation strategies as well
as “bottom-up” data-directed organization of interesting perceptual events. Our design is being
extended to integrate the results of motion and stereo processing throughout the three levels of
processing, with depth arrays at the lowest level, partially correct surfaces at the intermediate level,
as well as 2D and 3D motion attributes where appropriate.

In addition, a highly parallel three-level associative architecture is being developed to achieve
real-time dynamic vision capabilities by allowing a bi-directional flow of information and processing
across the levels. The machine will employ MIMD processing at the high level and Multi-SIMD

(i.e. parallel local SIMD) under MIMD control at both the intermediate and low-levels.
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1 INTRODUCTION

This paper will discuss a range of problems in computer vision and describe the VISIONS
system,! an approach to the construction of a general vision system that relies on knowledge-
based techniques for image interpretation. The goal of this effort is the construction of a sys-
tem capable of interpreting natural images of significant complexity. Over the past twelve years,
the VISIONS group at the University of Massachusetts has been evolving the system while ap-
plying it to natural scenes, such as house and road scenes, aerial images, and biomedical images.
Our philosophy is that it is reasonable to expect that each new domain will require a different
knowledge base, but most of the system should remain the same across task domains. This pa-
per documents the status of the system in mid-1986 as its development continues. Note that we
do not attempt to carefully survey the literature on knowledge-based vision; partial reviews may
be found in [16,17,29,31,54] and some representative individual research efforts are described in

[13,15,18,19,32,42,48,63,70,82,88,89,92,93,99,100,104,107,110,119,122,123,128,133,134].

1.1 The Problem of Image Interpretation

Our research has concentrated to a large extent on the identification of objects in static color im-
ages of natural scenes by associating 2D image events with object descriptions
[19,20,21,53,54,55,56,57,58,59,60,61,72,106,113,114,115,1 16,117,118,148,149,150]. However, at a more
general level, the VISIONS design utilizes many stages of processing in the transformation from
“signals” to “symbols”, or to use more specific terminology, from 2D image events to object labels
and 3D hypotheses. Unless the domain is extremely simple and heavily constrained so that object
matching processes can be applied directly to the image (e.g. via template matching), there must
be some form of sensory processing which extracts information from an image to produce an in-

termediate representation. This representation must then be refined and associated with semantic

'VISIONS: Visual Integration by Semantic Interpretation of Natural Scenes
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events by making use of general knowledge and constraints provided by the physical world repre-
sented in the scene domains of interest. This implies that the intermediate events must be mapped
to hypotheses about the content and structure of the scene. Once a partial mapping is achieved
a variety of interpretation strategies can be employed for matching, verifying, and refining contex-
tual structures, and for grouping incomplete and ambiguous image data into organized perceptual
structures.

The construction of a 3D representation of the environment from a static image is an additional
aspect of our work. We have made some progress towards this goal [55,98,149,160,161}, but it
remains a difficult problem. While the results presented in this paper will focus more on the
problem of object labelling in a static monocular 2D image, the system presented here can be
naturally extended to include stereo and/or motion analysis of multiple images. The presence of
3D data significantly improves the ability to develop a 3D representation of surfaces and would
make the interpretation process easier and more robust, although the problem is still extremely
challenging. Thus, our current system is being extended to use depth maps of the visual field

produced by motion and stereo algorithms as part of the 3D interpretation process.

1.2 Ambiguity and Context

The complexity of the visual task can be made explicit by examining almost any image of a
natural scene. Even though it is very difficult to be introspective of one’s own visual processing, we
believe the conjectures and qualitative discussion in this subsection are intuitive and reasonable.

Humans are rarely aware of any significant degree of ambiguity in local portions of the sensory
data, nor are they aware of the degree to which they are employing more global context and stored
expectations derived from experience [26,27,131,132]. However, if the visual field is restricted so that
only local information about an object or object-part is available, interpretation is often difficult
or impossible. Increasing the contextual information, so that spatial relations to other objects and

object-parts are present, makes the perceptual task seem natural and simple. Consider the scenes
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in Figure 1.1 and the closeup images in Figure 1.2. In each case subimages of objects have been

selected which show:

e “primitive” image events — image events which convey limited information about the decom-
position of an object into its parts (which of course is a function at least partly of resolution);
note that this implies that the path to recognition of the object via subparts is not available
to our perceptual system;

e absence of context — information about other objects which might relate to the given object
in expected ways is limited; note that this implies that the path to recognition of the object,
via the scenes or objects of which it is a part, is not available to our perceptual system.

In Figure 1.2, as some of the surrounding context of the shoes and the head are supplied, the
perceptual ambiguity disappears and the related set of visual elements is easily recognized. In each
of the above cases the purely local hypothesis is inherently unreliable and uncertain, and there may
be little surface information to be derived in a bottom-up manner. It appears that human vision
is fundamentally organized to exploit the use of contextual knowledge and expectations in the
organization of the visual primitives. However, it may be impossible to associate object labels with
these ambiguous primitives until they are grouped into larger entities and collectively interpreted
as a related set of object or scene parts [28]. Thus, the inclusion of knowledge-driven processes at
some level in the image interpretation task, where there is still a great deéree of ambiguity in the
organization of the visual primitives, appears inevitable.

We conjecture that image interpretation initially proceeds by forming an abstract representation
of important visual events in the image without knowledge of its contents. These primitive elements
will be associated with tokens (forming a symbolic representation of the image data) which are then
collected, grouped, and refined to bring their collective description into consistency with high-level

semantic structures that represent the observer’s knowledge about the world.

1.3 Issues in Image Interpretation

There are a variety of issues that must be addressed if robust vision systems are to be developed.

We have identified some of the key problems that we believe are critical to the interpretation process
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and which are addressed in the following sections. The reader should note, however, that we are r‘
not attempting to discuss all of the issues that are open in vision, since it would lead to a paper j

far longer than this one. Thus, in summary, we have abstracted the following set of overlapping

problems that must be faced: Pj

o Reliability of Segmentation Processes

Segmentation, or low-level, processes vary in quite unreliable and unpredictable ways, due to
a variety of confounding factors which include complex uncontrolled lighting, highlights and
shadows, texture, occlusion, complex 3D shapes, and digitization effects.

There is inherent uncertainty in every stage of processing; as the data is transformed it must
be kept constrained in a way that preserves some degree of integrity and avoids large search

spaces.

e Uncertainty 7

Mechanisms are needed for integrating multiple sources of information, including multiple
sensory sources, multiple representations output from low-level processes, and evidence from

o Information Fusion 7
multiple knowledge sources. =

¢ Representation
It is difficult to represent natural objects and scenes which exhibit a tremendous variability in
their 3D shape, color, texture, and size and hence in many of their measurable characteristics
in the 2D image, yet such a representation is clearly needed in order to capture the structural,
geometric, and spatial information required for visual perception.

.3

e Local vs Global Processing in Matching

There is a general need to provide information about the global context to the more localized
processes attempting to reach some decision about a portion of the image; the process of
hypothesis generation must work in the face of incomplete and inconsistent information.

. 8

e Inference

Computational machinery is needed for assessing the indirect implication of direct, but uncer-
tain, evidence; this inferencing capability must be able to deal with all of the issues mentioned
above.

31 _1

1.4 Difficulties with Segmentation

1

Probably the most fundamental problem blocking knowledge-based vision development has
been the lack of stable low-level vision algorithms that can produce a reasonably useful intermediate

representation. Vision systems must deal with the problem of dynamically transforming the massive
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amounts of sensory data (in an image of reasonable resolution there are 512 x 512 & 1/4 million
pixels) into a much smaller set of image events, such as regions of homogeneous color and texture,
straight lines, and local surface patches, to which hypotheses will be attached.

There is little doubt that the segmentation problem? is a very difficult and ill-formed problem
[56]. There is no ideal or “correct” segmentation because that is a function of the goals of the
interpretation system. The 2D appearance of objects and their parts is affected by variations
in lighting, perspective distortion, varying point of view, occlusion, highlights, and shadows. In
addition objects and their parts may or may not be visually distinguishable from the background.
Thus, one cannot predict what initial image information can be extracted that is relevant to the
recognition of objects. The only thing that should be counted on is that the process will remain
inherently unreliable; certainly some useful information can be extracted, but many errors will
also occur, and no optimal solution exists in any non-trivial image domain. In general there is no
set of parameter settings for any algorithm which will extract the desired image events without
also generating additional non-optimal or undesirable events. For a given parameter setting, a
region segmentation might be too fragmented in one area of an image (i.e. too many regions) while
being overmerged in another area of the image (i.e. too few regions). As parameters are varied
the partitioning will change, but never will a result be produced that is optimal or near-optimal
throughout the scene. The same is true of line and surface extraction algorithms; they will produce

fragmented and overmerged events in a varied and unpredictable manner.

1.5 Segmentation vs. the Recovery of 3D Surfaces

For the past decade there has been major controversy in the field of computer vision concerning
the meaningfulness and validity of segmentation. Some researchers seem to restrict their criticisms

to the actual partitioning of images via region segmentation, but feel more open to the process

?Note that we sometimes will use the term segmentation loogely to cover not only the usual definition of partitioning
an image into connected, non-overlapping sets of pixels, but also other low-level processes such as line extraction.
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of line extraction. It is our strong opinion that while both suffer from similar types of unreliabil-
ity, they both result in descriptions which contain useful information, and therefore should not be
distinguished with respect to the issues being discussed. Researchers who are more theoretically in-
clined, and whose work is sometimes referred to as computational vision [17,22,31,64,65,87,88,129),
have concluded that the recovery of information about the 3D surfaces in the visible environment
is the most (and some have implied only) appropriate goal. In the extreme this leads to systems
which are restricted to using only those processes which directly recover 3D inforrﬁation (stereo
[14,157], motion [2], shape from shading [65,68,158], shape from texture |71}, and in general shape
from x, where x is a monocular source of information).

It is our position that even when very good depth information is available, the complexity of
the natural world will leave us facing many of the difficult issues that we have been discussing.
Consider the problem of interpreting a natural environment, such as a typical crowded city street
scene, even if a perfect depth map for all the visible surfaces was available; i.e., in addition to
the original color information at each pixel, the exact distance to the corresponding visible surface
element at each pixel is also recorded. How should the information be partitioned into meaningful
intermediate entities such as surfaces, parts of objects, and objects? And then how could this be
interfaced to the knowledge base so that control of the interpretation process is feasible? Given that
many initial local hypotheses will be inherently uncertain and unreliable, how is globally consistent
and reliable integration of the information achieved?

This, in fact, is exactly the set of problems confronting the reliable segmentation of 2D data
into regions and lines. It does not appear that the problem of segmentation can be avoided; in some
manner the partitioning of the depth map into surface patches of various types and the extraction
of 3D lines via depth and orientation discontinuties must be accomplished. We believe that the
principles and approaches presented here for analysis of 2D color data of static monocular images

will also be applicable to the processing of 3D depth data derived from stereo and laser ranging
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devices, as well as 2D and 3D motion data derived from a sequence of images.

1.6 Overview of the VISIONS System Approach

In response to the issues just outlined, a general, partially working, image understanding system
has evolved over the last twelve years. The system design embodies certain assumptions about the
process of transforming visual information. The first assumption is that the initial computation
proceeds in a bottom-up fashion by extracting information from the image without knowledge of
its contents. A second basic assumption is that every stage of processing is inherently unreliable. A
third assumption is that local ambiguity and uncertainty in object hypotheses to a great extent can
only be removed by satisfying expected relations between scene and object parts that are stored in
a knowledge base about the domain.

Figure 1.3 is an abstraction of the multiple levels of representation and processing in the VI-
SIONS system. The successful functioning of the system involves extracting image events which
are then used to hypothesize scene and object parts for quick access to knowledge structures (called
schemas) which capture the object descriptions and contextual constraints from prototypical scene
situations. The hierarchically organized schemas contain interpretation strategies for top-down con-
trol of intermediate grouping strategies and allow feedback from high-level hypotheses to low-level
processing.

The general strategy by which the VISIONS system operates is to build an intermediate symbolic
representation (ISR) of the image data using segmentation processes which initially do not make
use of any knowledge of specific objects in the domain. From the intermediate level data, a partial
interpretation is constructed by associating an object label with selected groups of the intermediate
tokens. The object labels are used to activate portions of the knowledge network related to the
hypothesized object. Once activated, the procedural components of the knowledge network direct
further grouping, splitting and labelling processes at the intermediate level to construct aggregated

and refined intermediate events which are in closer agreement with the stored symbolic object
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descriptions. Although the following discussion is motivated primarily via experience with 2D
abstractions of the image data (such as regions and lines), the system is being extended to 3D
abstractions such as depth arrays and surfaces, as well as to motion attributes of 2D and 3D
tokens.

Briefly, the three levels of representation are:

1. Low-Level - Here, numerical arrays of direct sensory data are stored, including the results of
algorithms which produce point/pixel data in register with the sensory data (e.g. a depth
map produced from stereo point matching).

2. Intermediate-Level - This is referred to as the Intermediate Symbolic Representation (ISR)
because symbolic tokens for regions, lines, and surfaces with attribute lists are constructed
for the image events that have been extracted from the low-level data. Aggregrate struc-
tures produced by grouping, splitting, and/or modifying the primitive image events or other
aggregates are also represented symbolically as tokens in the ISR.

3. High-Level - The knowledge base (called Long Term Memory or LTM) consists of a semantic
network of schema nodes, each of which has a declarative and procedural component. The
network is organized in terms of a compositional hierarchy of PART-OF relations and a
subclass hierarchy of IS-A relations. The interpretation process constructs a network in
Short-Term Memory or STM which is composed of image-specific instances of portions of the
LTM network.

Now let us consider some of the stages of processing in a bit more detail (refer to Figure 1.3).

1. Segmentation

o Segmentation processes are applied to the numerical arrays of low-level data to form a
symbolic representation of regions and lines and their attributes such as color, texture,
location, size, shape, orientation, length, etc. The region and line representations are
integrated so that spatially related entities in either can be easily accessed [124]. If
depth arrays are available, then 3D surfaces and their attributes can be extracted. Two-
dimensional motion attributes can also be associated with regions and lines, while 3D
motion attributes can be associated with surfaces and their boundaries.

3
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2. Motion and Stereo

Multiple frames can be analyzed via motion and stereo algorithms to produce displace-
ment fields, and from these displacement fields depth arrays can be extracted. It may be

possible to process these depths arrays to provide initial surface descriptions of portions
of the image.

3. Focus-of-Attention

Object hypothesis rules are applied to the region, line, and surface tokens in the ISR
to rank-order candidate object hypotheses [20,21,118,148,149,154]. This initial mapping
of spatially organized tokens to object labels provides an effective focus-of-attention
mechanism to initiate semantic processing. The rules can also be viewed as sets of
constraints on the range of attribute values on the ISR tokens; e.g. constraints on the
color of region tokens, or length of line tokens, or orientation of surface tokens. Relational
rules applied to tokens of a different type (e.g. line-to-region relations) allow fusion of
information across multiple representations.

4. Object Hypothesis and Verification

More complex object-dependent interpretation strategies are represented in a procedu-
ral form within the schema knowledge structures [65,106,149,150]. These local control
strategies provide top-down control over the interpretation process. Partial interpreta-
tions are extended from “islands of reliability” as in the HEARSAY paradigm [41,80].
General knowledge of objects and scenes is organized around a network of standard 2D
views of 3D objects. In cases of simple 3D shapes, such as the planar surfaces form-
ing a polyhedral “house” volume, 3D models and associated processing strategies are
employed. Verification strategies exploit particular spatial relationships between the
hypothesized object and other specific expected object labels or image features.

5. Perceptual Organization

Intermediate grouping algorithms, currently being developed [20,21,49,139,140), reorga-
nize the region and line elements into larger aggregrate structures that are expected to
more closely match expected object structures. These include line grouping and region
merging capabilities and are intended to be applied in either a bottom-up or top-down
manner. There are significant advantages in selective application of knowledge-directed
perceptual organization mechanisms, and the schemas provide an effective means for
specification of the relevant control knowledge. We hope to evolve similar intermediate
grouping strategies for complex 3D shape representations in the future.

6. Goal-Oriented Resegmentation

Feedback to the lower-level processes for more detailed segmentation can be requested in
cases when interpretation of an area fails, when an expected image feature is not found,
or when conflicting interpretations occur. It may also be of utility in motion sequences
for extraction of particular objects that have been found in previous frames. Both the
region and line algorithms have parameters for varying the sensitivity and amount of
detail in their segmentation output. The development and control of such strategies, as
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well as the integration of their results, is currently being examined in an effort to build
a low-level executive [72].

7. Inference

e Due to the inherent ambiguities in both the raw image data and the extracted inter-
mediate representations, object hypotheses will have a high degree of uncertainty. In
order to combine this information into a coherent view of the world, two capabilities are
being developed: the capability to combine uncertain evidence from multiple sources
of knowledge [116], and the ability to propagate confidences (beliefs or probabilities)
through the network of schema nodes [85,142]. The latter capability will allow infer-
ential capabilities about the presence of object/scene parts for control of the partially
completed interpretation. Both heuristic approaches and theoretical formulations re-
lated to the Dempster-Shafer theory of evidential reasoning [38,121] are currently being
explored.

| 3 |
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2 The LLVS - An Interactive Algorithm Software Development

Environment
2.1 Interpretive Control for Applying Image Operators

The Low-Level Visions System (LLVS) is a software environment specifically designed to
facilitate all low-level image analysis research for the VISIONS image interpretation project. It is a
direct descendent of the Image Operating System which has been in use since 1979 [74], and which
was originally written in Fortran 77 and CLisp (a UMass dialect of Lisp which computationally
is very efficient). The LLVS consists of a high-level interpretive control language (CommonLISP)
with efficient “image operators” written in C. The image operators are viewed as local operators
to be applied in parallel, at some level of resolution, to all pixels in an input image. The system
is useful as both a research tool for algorithm development and as a production system for initial
processing of images; it is currently being further developed and extended.

The user interface is one of the most important aspects of any system. LLVS provides a
“Iriendly” environment for both experienced and naive users through the use of LISP as the high-
level control language. LISP is particulary well suited for an experimental environment since it is
an interpreted language and can therefore be modified interactively. Use of LISP allows interaction
with the system to be conducted using LISP expressions. Images appear as LISP objects. On-
line help, interactive verification of parameters, and simple installation of new operators are all
provided. The environment supports the dynamic definition of experiments with various images
and image operators. LLVS provides control mechanisms (vis LISP) by which the user can compose

image operators and control the application of the image operators.

2.2 A Parallel Hierarchical Representation for Immage Operators

The computational structure of images in LLVS is based on the concept of a processing

cone proposed by Hanson and Riseman [51,57]; the processing cone is a model for hierarchical



VISIONS January 9, 1987 12

parallel array processing and is related to other hierarchical structures [127]. At each level of
resolution n, the cone contains 2™ by 2" pixels, with a vector of values, V, stored at each pixel.
The corresponding vector element V; for all pixels at a given level of resolution can be considered
as a single two-dimensional entity; this slice across the cone is referred to as a plane. Each pixel
at level n has four unique descendents at level n + 1 and exactly one ancestor pixel at each level
m<n,m2>0.

A plane has attributes of level, size, location, type, background-value, and additional user-
definable values. Having a size independent of the level and including a location allows part of
a plane to be extracted for independent processing in a very efficient way and then related back to
the original plane or other parts of the original plane. The type specifies the format in which the
pixels of the plane are stored. The background-value provides a value to be used for neighborhood
operations which access non-existent pixels.

Image operators are functions which are evaluated on a set of argument planes and which
produce one or more output planes. Execution of an image operator is defined as the local parallel
application of a prototype function to all pixels in a plane; the function is applied to a neighborhood
around each pixel. This approach will allow the translation to hardware array technology to occur
in a natural manner.

A pixel-centered coordinate system and correct system handling of boundary conditions greatly
simplify the specification of the prototype image operator, since the operator generally does not
need to compute subscripts for neighboring pixels or consider special cases for neighboring pixels
which fall outside of the plane. The specification of the image operators is independent of the level
of resolution of the data to which it will be applied and it is not necessary to specify the data type
of the input plane. Images of different data types and ranges can be handled without any extra
code in the image operator, since all access to the image data is through special access functions.

Thus, image operators can be interactively applied during the debugging stage to a small window
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of the image (by specifying limits for the processing), or a coarse representation of the data (by
doing the operation at a different level), and then later applied to the full image at fine resolution.
Image operators can be easily added to the system for any function desired by the user.

Image operators conceptually contain four sections. The two most important are the process
section, which defines the computation to be performed at each pixel, and the control section
written in LISP. The control section provides the logical association between the plane names
utilized in the process section and the actual planes to which the image operator is being applied,
and obtains any other parameters required. 3 The other two sections are the initialization and

termination sections which may not be needed for particular image operators.

2.3 Summary of Distinguishing Features

The three most important characteristics which distinguish LLVS from other image analysis
systems are:

1. The partitioning of the image analysis problem into interpretive control and non-interpretive
image operators allows good dynamic control of the interactive experimental environment
without sacrificing image operator efficiency.

2. The structure imposed on the image operators simplifies the construction of these operators
which minimizes the time and cost of implementing them.

3. The human engineering of the user-interface and automatic documentation make the system
easy to use for a novice, yet flexible and convenient for an expert.

®Because image operators are functions, the input planes and parameters are generally supplied as arguments to
the function.
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3 SEGMENTATION ALGORITHMS

In an image of a scene there are a variety of sources of low-level information available which
can be used to form an initial description of the structure of the image. The extraction of this
description, in terms of significant image tokens, is an important precursor to the construction of a
more abstract description at the semantic level. It is unlikely that any single descriptive process will
produce a description which is adequate for an unambiguous interpretation of the image. Rather,
multiple processes are required, each of which views the image data in a different way and each of
which produces a partial description which may be incomplete or errorful. As will be seen in later
sections, we view one of the functions of the perceptual grouping processes to be the resolution of the
multiple descriptions into consistent higher-level symbolic descriptions of the image. Consequently,
for the entire history of the VISIONS project, the development of multiple low-level algorithms*
* which are reasonably robust across a variety of task domains has been an important concern, even
while recognizing that no single algorithm is sufficient.

It should also be noted that all of these algorithms operate initially in a bottom-up mode without
any use of knowledge of the task domain. However, rough “gensitivity” settings on parameters of
the algorithm, such as “low”, “medium”, and “high”, can be set a priori in order to extract a
larger or smaller number of intermediate tokens; these parameters may also be set or modified by
other components of the system and the application of the process may be localized to a specified
subimage.

While a variety of low-level algorithms have been developed, there are two primary low-level
algorithms that are currently in use in our environment a) a region segmentation algorithm that

is based upon analysis of histogram peaks and valleys in local subimages; and b) a straight line

4We will sometimes refer to the spectrum of low-level processes for extracting image events as segmentation
algorithms, including region and line extraction algorithms, even though some of them do not actually partition in
the image into disjoint subsets; thus, sometimes we loosely use “low-level processes” and “segmentation processes”
interchangeably.

3

3 3

1

o

1 3 ] ] ]



r

—s3 —3a —3 ™~ 1

VISIONS : _January 9, 1987 15

extraction algorithm that segments the intensity surface into connected subsets of pixels with similar
gradient orientation.

In addition to these algorithms there are several others that are used as components of the
two main algorithms, or of the perceptual grouping and interpretation mechanisms described later.
These will be discussed very briefly in this section; they include an edge-preserving smoothing
algorithm [92,105), a histogram-based multi-valued thresholding algorithm (73], a region-merging
segmentation algorithm [49)], and a low-level executive for directing goal-oriented low-level procesing

via feedback from interpretation processes [72].

3.1 Histogram-Based Region Segmentation

The region segmentation technique that we employ was first developed by Nagin [94,95] and
later extended by Kohler [75] and Beveridge [24]. The approach is in the spirit of the Ohlander-
Price algorithms {103,110}, since both their algorithms should be viewed as instances of histogram-
based region segmentation. We conjecture that generally our approach will be more robust and
computationally efficient because of the problems of recursive decomposition of global histograms
in the Ohlander-Price approach [59,112). The Nagin-Kohler algorithm allows a fixed number of
windows to be processed on one pass and significantly reduces the problem of hidden clusters in
global histograms that are often encountered in a recursive decomposition approach. However,
there has not been a thorough objective comparison of the two approaches.

The histogram-based region segmentation algorithm involves detecting clusters in a feature
histogram, associating labels with the clusters, mapping the labels onto the image pixels, and then
forming regions of connected pixels with the same label. The process of global histogram labeling
causes many errors to occur because global information will not accurately reflect local image events
that do not involve large numbers of pixels, but which nevertheless are quite clear. Much of the
focus of the algorithms will be to organize the segmentation process around local histograms from

local windows and then have a postprocesing stage merge regions that have been arbitrarily split
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along the artificial window boundaries.

The Nagin algorithm overcomes the problem of finding small “hidden” clusters by partitioning
the image into NxN subimages (usually N = 16 or 32) called sectors; the histogram segmentation
algorithm is applied independently to each sector. Thus, each sector receives the full focus of the
cluster detection process and many of the problems of cluster overlap and “hidden” clusters are
significantly reduced. The cluster extraction algorithm determines local maxima and local minima
in the histogram, and then sequentially chooses the next ‘best’ maxima, which is that maxima
for which the ratio of the local maximum to its adjacent valley is largest and the distance to any
previously selected local maximum is greater than some minimum distance. Figure 3.1(a) shows the
histograms from four adjacent sectors in the roof/chimney area of Figure 1.1(c); note the significant
ambiguity in cluster definition that is (usually) present in the histogram. This suggests a natural
“sensitivity” parameter in the segmentation process, achieved by controlling the number of clusters
detected. The net result is a set of local maxima and their relationships to the valley separating
them, each of which can be considered as a distinct cluster and given a unique label. Theoretically,
any N-dimensional clustering algorithm could be used (the rest of the algorithm remains the same),
but one must keep in mind that computational simplicity is a primary goal since this clustering
algorithm will be executed many times across the image and is only one small step in the entire
interpretation process. Each of these labels are then mapped back to the subimage and a connected
components algorithm is used to generate a set of labeled regions.

The partitioning of the image into sectors has an obvious weakness. If an adjacent sector has a

visually distinct region which does not overlap the central sector sufficiently, it is quite possible that

the cluster will be undetected in the central sector. The small region representing the intrusion into
the central sector will then be lost. Nagin attempted to limit this problem, while still preserving
the locality of the histogram, by expanding the histogram domain of each sector to overlap adjacent

sectors by 25%, while still maintaining the mapping of labels to the central non-overlapping core.

[
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Nevertheless, if the sensitivity of the peak-extracting process is not sufficiently high, clusters
will not be selected and boundaries will disappear. Many of these boundaries will be at corners of a
sector window and show results that are inconsistent with an adjacent sector. Figure 3.1(a,b) shows
the histograms and resulting individual sector segmentations; the diagonal house wall/boundary
disappears.

The Kohler algorithm improves the clustering step by determining correspondences between
peaks in adjacent sectors and by adding candidate peaks from surrounding sectors to the set of
peaks selected for the central sector. Thus, small variations between peak labels will be accounted
for, and if the 25% overlap is not sufficient, small intrusions of regions from one sector to the next
will more likely result in a peak to be added. This can be iterated until there are no peak additions
between adjacent windows. The augmented set of peaks forms the input to the labeling process.
Figures 3.1(b) and 3.1(d) show the set of peaks for four sectors before and after peak addition;
Figures 3.1(c) and 3.1(e) show the related individual sector segmentations after mapping cluster
labels to pixels and performing a connected components region labeling. Figure 3.1(f) shows the
subimage and three steps of the peak addition process in extracting the house boundary. Note that
in this example the cluster extraction process was still not set at a sensitivity sufficient to extract
the left diagonal boundary between house wall and sky.

The artificial sector boundaries are removed by a region merging algorithm which considers
adjacent regions across sector boundaries. The merge/no merge decision mechanism compares the
global mean and variance of the two regions, as well as the local mean and variance of the regions
near the sector boundary. More recently this remerging algorithm has been generalized [49] to use
a set of modular feature statistics so that many different remerging strategies can be used; it can
also be applied separately from the region segmentation algorithm under discussion here.

The algorithm can be summarized in five steps:

1. Subdivide the image into sectors, compute the histogram of the expanded sectors, and select
the cluster labels in each expanded sector.
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2. Analyze the cluster labels from adjacent sectors and augment the label set where appropriate.

3. Segment each sector using the expanded set of labels by mapping each pixel value to a label
and applying a connected components algorithm.

4. Remove sector boundaries by merging similar regions.

5. Perform small region suppression, which often reduces the number of regions by a factor of 4.

Figure 3.2 shows additional segmentations using this algorithm on several of the images in Figure
1.1. It should be noted that when multispectral data is available (e.g. RGB) the algorithm can be
applied to each band. Figure 3.2(a,b) shows the result of applying our algorithm to the intensity
and red band, respectively. Each of the spectral bands might extract additional boundaries, and the
intersection of the region segmentations (or equivalently the union of the boundaries) will usually
retain more information than the intensity segmentation at the risk of greatly overfragmenting an
image, as shown in Figure 3.2(c-e). The reader should refer to Section 3.3.3 and Figure 3.5 for a

technique that will deal with the overfragmentation problem.

3.2 Extracting Straight Lines and Line-Based Texture Features

Despite the large amount of research appearing in the literature, effective extraction of linear
boundaries has remained a difficult problem in many image domains. The technique presented here
[33,34) was motivated by a need for a straight line extraction method which can find straight lines,
possibly long and possibly of very low contrast, in reasonably complex images.

A key characteristic of the approach that distinguishes it from most previous work is the global
organization of the intensity surface into a “supporting edge context” prior to making any deci-
sions about the relevance of local intensity changes. Pixels are grouped into edge support regions
of similar gradient orientation, and then the associated intensity surface is used to determine a
gradient-magnitude-weighted planar fit from which a representative line is extracted. A set of line
attributes is extracted from the line-support region, the weighted planar fit, and the representative

line. These attributes can then be filtered for a variety of purposes.
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Figure 3.3(a) is a surface plot of a 32x32 intensity image extracted from Figure 1.1(c); it is the
upper roof corner on the right hand side of the image. The vector field of Figure 3.3(b) shows the
corresponding gradient image (where the length of the vector encodes gradient magnitude) with a
superimposed region segmentation from the gradient orientation algorithm described below. Small
2x2 edge masks are used to compute the gradient so that closely spaced parallel lines will not be
missed.

An extremely simple and computationally efficient process is employed to group the local gra-
dients into regions on the basis of the orientation estimates. The 360 degree range of gradient
orientation is arbitrarily partitioned into a small set of regular intervals, say eight 45 degree par-
titions, or sixteen 22.5 degree partitions. Pixels participating in the edge-support context of a
straight line will tend to be in the same edge-orientation partitions and adjacent pixels that are
not part of a straight line will tend to have different orientations. A simple connected components
algorithm can be used to form distinct region labels for groups of adjacent pixels with the same
orientation label (Figure 3.3(b)). The great degree of fragmentation of very low gradient magnitude
areas into many small regions can be considered evidence for homogeneity and adjacent elements
could be grouped into homogeneous regions.

A line whose local edges have an edge orientation in the vicinity of a partition boundary can be
expected to be fragmented. To make the fixed partition technique more sensitive to edges of any
orientation, the algorithm actually uses two overlapping sets of partitions, with one set rotated a
half-partition interval. Thus, if a 45 degree partition starting at O degrees is used, then a second
set of 45 degree partitions starting at 22.5 is also used. The critical problem of this approach is
merging the two representations in such a way that a single representation of each line is extracted
from the two alternate line representations. The following scheme is used to select such regions for
each line: first the lengths of the lines are determined for each line support region; then, since each

pixel is a member of exactly two regions (one in each gradient orientation segmentation), each pixel
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votes for the longest interpretation; finally the percentage of voting pixels within each line-support
region is the “support” of that region. Typically the regions selected are those that have support
greater than 50%.

The underlying intensity surface of each line-support region is assumed to have a meaningful
straight line associated with it. In order to extract a representative straight line, a plane is fit to the
intensity surface of the pixels in each edge-support region, using a least-squares method similar to
that used by Haralick in his slope-facet model. The pixels associated with the longest line support
region are shown as dots on the surface plot of Figure 3.3(c). The pixels are weighted by local
gradient magnitude so that pixels in rapidly changing portions of the intensity surface dominate
the fit.

An obvious constraint on the orientation of the line is that it be perpendicular to the gradient
of the fitted plane. A simple approach for locating the line along the projection of the gradient is
to intersect the fitted plane with a horizontal plane representing the average intensity of the region
weighted by local gradient magnitude. The straight line resulting from the intersection of the two
planes is shown in Figure 3.3(d).

The line-support region and the planar fit of the associated intensity surface provides the basic
information necessary to quantify a variety of attributes beyond the basic orientation and position
parameters. Length, width, contrast, and straightness can be easily extracted. Based upon these
line attributes, the large set of lines can be filtered to extract a set with specific charateristics such
as short texture-edges, or to select a “working set” of long lines at different levels of sensitivity.

The algorithm described in the preceding sections was applied to two of the house images and
two of the road scenes of Figure 1.1. The algorithm is reasonably robust and accurately extracts
many low-contrast long lines when overlapping partitions of 45 degrees, staggered by 22.5 degrees,

are employed. The results are shown in Figure 3.4, where Figure 3.4(a) shows the unfiltered output

of the algorithm applied to the first house image. Note that all of the short and low contrast edges
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are still present; thus, it is necessary to filter the very low magnitude lines and group their support
regions into “homogeneous” regions that are interpreted as absence of lines, as shown in Figure
3.4(b). We also show the result of filtering on the basis of weighted gradient magnitude (change
in gray-levels per pixel) followed by a filtering on length that separates the edges into two disjoint
sets, one corresponding to short texture edges as shown in Figure 3.4(c), and the other to longer
lines related to the surface structure of objects in the image as shown in Figure 3.4(d). Figure

3.4(e) shows the result of filtering on length alone (length > 5) for one of the other house scenes.

The two road scenes are shown in Figure 3.4(f,g).

3.3 Additional Low-Level Algorithms

3.3.1 Smoothing

Many segmentation algorithms or low-level processes use some form of smoothing operation as
a pre-processing stage. Image data are complicated by errors of approximation due to the discrete
nature of the representation, noise intrinsic to the sensors, and variations in the scene itself. Most
simple smoothing operators do not remove noise without destroying some of the fine structure in
the underlying image.

A technique by Nagao that has been used to counteract this problem is commonly referred to as
“edge-preserving” smoothing [92]. The goal is to average the value associated with a pixel only with
those pixels in a local neighborhood that do not cross a high contrast boundary, thereby avoiding
blurring of information at the boundary. At each pixel a set of masks, each of which contains the
pixel but is oriented from the pixel in a different direction, is used to compute the variance in that
window. The pixels in the lowest variance mask are used to compute the new pixel average. The
major disadvantage is the expensive computation at each pixel.

We have employed both the Nagao algorithm as well as an alternative developed by Overton

and Weymouth [105]. The latter is a direct weighted average of pixels within a fixed shape mask.
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An iterative updating process incorporates pixel values in the neighborhood into the calculation of
the new average value by means of weights which are decreasing functions of both spatial separation
and intensity difference. Values that are more similar (i.e. less likely to cross an edge) are weighted
more, and the degree of weighting of the neighborhood versus the current value is increased as a
function of the variance in the neighborhood.

This algorithm performs approximately as well as the averaging by the minimum variance mask.
Its advantage is that it can be directly computed. Its disadvantage is that the averaging of each pixel
in the window is an exponential function of distance, intensity difference, and variance. Thus, the
computational cost is also approximately the same. However, it appears that linear approximations
to this function might work as well at only a fraction of the cost. The effectiveness of the linear

averaging process is currently being examined [35].

3.3.2 Thresholding

Simple thresholding algorithms typically partition an image by assigning one label to pixels
with feature values which are equal or greater than some threshold T, and another label to pixels
with feature values less than T[141]. For some images, such as chromosome images or hand printed
characters, where a clear figure-ground relationship exists, a single threshold often will be able to
detect all or most of the object boundaries at the object-background discontinuity. However, those
boundaries which correspond to object-object discontinuities or internal structure of the object
may not be detected by that threshold. Furthermore, in more complex images which do not exhibit
a clear foreground-background distinction (such as images of natural outdoor scenes), a single
threshold cannot be expected to detect all or even most of the object boundaries in the scene.

Kohler (73] has developed a segmentation algorithm based upon a complex form of thresholding
which uses n thresholds rather than a single threshold. These n thresholds are used to partition the
pixel values into n + 1 possible classes and a connected components algorithm is used to produce

unique region identifiers. The thresholds are selected sequentially and each next threshold is selected

|




F\

—™3 ~— 3 ~— 3 ~— 3 "3

VISIONS January 9, 1987 23

to maximize the global average contrast of edges detected by the threshold across the image. To
obtain the final segmentation, an intersection process combines the set of binary segmentations by

simply overlaying them and defining a new region label for each distinct combination of the n labels

in the set of binary images.

3.3.3 Rule-Based Region Merging

It became apparent during experimentation with the Nagin/Kohler histogram-based region
segmentation algorithm that the best results were obtained by making the cluster selection very
liberal (i.e. selecting many clusters in order to overfragment the image), and then merging most
of t.he regions in the postprocessing stage. Consequently, the merging process was extracted to
form an independent system. The result of that development effort led to a rule-based merging
algorithm, which is used to merge regions along the artificial sector boundaries the Nagin/Kohler
algorithm, but which can also be used with any algorithm which produces an overly fragmented
region segmentation [49)].

The rule-based region merging algorithm starts with an initial segmentation as input and selects
pairs of adjacent regions which are candidates for merging into a single region. For example, the
initial segmentation can be produced by a region growing algorithm with an extremely conservative
threshold which produces a highly fragmented segmentation. Because the system only merges (as
opposed to splitting) regions, the initial segmentation must contain all the region boundaries desired
in the final result.

The merging phase of the algorithm is a locally iterative, but globally parallel, selection and
testing of region pairs for merging. For each pair of regions the boundary between them is given a
similarity score based on a similarity evaluation function. Then a search for all the local minimal
boundaries is made. A boundary is considered locally minimal if and only if it is the lowest scoring
boundary for both of its associated regions. Those minimal boundaries below the global threshold

for region similarity are removed and the statistics for the newly created regions updated; removal
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of each boundary creates one new region from two old regions. The merging processes is applied
iteratively and terminates when none of the remaining boundaries score below the global region
similarity threshold. Note that many local pairs can be simultaneously processed.

The similarity function, which of course is the key to the effectiveness of the algorithm, takes
into account both global and local information. The global features are extracted from the total
populations of the pixels in the two regions, while the local features are extracted from the pixels in
the neighborhood of the boundary between the two regions. The similarity function is defined as a
set of rules, each of which measures the similarity of two regions on the basis of a single feature, such
as means of color or intensity, variance of color or intensity, common boundary length, boundary
contrast or a combination of features. The results of many such rules are combined through a
function which computes the overall similarity measure.

The combination function is the product of the score of each of the similarity rules, each of
which returns a value centered on one (implying no information about merging); values less than
one indicate a vote for a merge (bounded by zero which guarantees a merge), and values greater
than one indicate a vote against a merge. In practice the rules are never absolutely certain, and
often return values close to one.

Expectations of the characteristics of the images and goals regarding the desired segmentation
can be encoded in the rules, and the nature of the segmentation produced can be controlléd by the
choice of rules and relative weights on the chosen rules. The philosophy and methodology of rule-
based expert systems can be adapted here to allow modular contributions of features in a situation
that is theoretically intractable (see discussion in introductory sections). By defining contributions
from a feature set where the features can easily be varied for empirical evaluation or can be varied
in situations where the goals of segmentation change, many of the advantages of expert system
construction are realized. Currently, the system includes seven rules that can be applied to a pair

of regions to determine the desirability of a proposed merge:

1. Difference of the global means normalized by the sum of standard deviations of the candidate
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regions.
2. Region size - small regions are encouraged to merge with larger regions.

3. Degree of adjacency - regions connected by a relatively long boundary are encouraged to
merge.

4. Similarity of the standard deviations.

5. Difference of local means.
6. Maximum allowable standard deviation of the merged region.

7. The degree to which the region could have been caused by mixed pixels during the digitization
process (i.e. a narrow region between regions of locally lower and higher means).

Figure 3.5 shows the results of applying the merging algorithm to the output of the histogram-
based region segmentation algorithm (described in Section 3.1.) set at very high sensitivity in order
to intentionally overfragment the image. In Figure 3.5(a) the algorithm is applied to the overfrag-
mented three-color segmentation of Figure 3.2(e). This result should be compared to both Figure
3.2(c) and 3.2(e) since it produces a qualitatively better segmentation with a smaller number of
regions than either. A second road scene example is shown in Figure 3.5(b-d), with the intensity
segmentation (derived using a high sensitivity setting) shown in Figure 3.5(b), the additionally
fragmented segmentation produced by intersecting regions from the individual R,G, and B segmen-
tations shown in Figure 3.5(c), and the result after rule-based remerging of the RGB segmentation
shown in Figure 3.5(d). In the final result one can see important detail that is extracted which was
not in the intensity segmentation; the remerging algorithm was successful in reducing the number
of regions significantly while preserving important detail.

It should be noted that this approach differs significantly from the approach taken by Nazif
[99,100], although both systems are rule-based. Nazif’s system is more general in that it allows
both splitting and merging, and utilizes both lines and regions. However, Nazif’s rules are of the
form “If condition, Then action”; it is our position that it is not computationally reasonable to use a

production rule paradigm as a full segmentation processs. Our rules are all applied simultaneously
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to any decision to merge a pair of regions, but require an external control structure to decide

globally which merge they execute.

3.3.4 Segmentation of Surfaces

Recently there has been some work on the process of segmenting depth data into surfé,ces
[2,14,23,45,50,78,91,130,153,157,158]. The problems in segmenting depth arrays are very similar
to those encountered when segmenting intensity arrays if the scenes are unconstrained natural
environments; almost all the issues in processing of intensity and color data will be present. We
believe that some of the algorithms that have proven to be robust on intensity and/or color data
may be adapted to the problem of segmenting depth data. This is a topic that we intend to explore

in the future.

3.4 Low-Level Executive

The varying goals, features, and algorithms and their parameters makes the problem of delivering
the “best” intermediate representation to the interpretation processes an intractable problem. The
“best” choices will almost certainly vary across images and vary across different locations in a single
image. Consequently, it is unreasonable to expect that an optimal, good, or complete set of image
events will be extracted. Rather, the goal is to deliver a usable representation.

We are in the process of developing the feedback loops from interpretation processes to a low-
level executive which has knowledge about the set of low-level algorithms previously described. The
low-level executive will also be able to accept goal-oriented requests for re-analyzing the sensory
data in particular locations in order to extract tokens with particular characteristics (see Section
6.4). If successful, this capability will change the analysis of the sensory data in a fundamental

way.




f

VISIONS January 9, 1987 o 27

4 INTERMEDIATE SYMBOLIC REPRESENTATION
4.1 Size of Intermediate Symoblic Representation

It is generally accepted that a computer vision system must perform a variety of transformations
of the data during the interpretation process. One of the key abstractions is the transformation of
pixels, or more generally arrays of sensory data, into named image events which are more abstract
than pixels, but less abstract than concepts of objects such as ‘house’ or ‘road’. The representational
level at which the named image events are accessible as tokens is referred to as “the intermediate
symbolic representation” (ISR). Examples of symbolic events represented in the ISR are regions,
lines, and surfaces and their properties [54,118|; corners and textured areas are others that might
prove useful, and in general any event extractable from the sensory data may be represented.

In many cases, region and line extraction processes produce large numbers of image tokens.
Many of these elements have to be repeatedly accessed, as demonstrated in the line grouping
algorithm discussed in the next section and further examples in subsequent sections. The size of
the intermediate data base can become enormous if the problem domain encompasses multiple
sensor modalities, multiple feature representations, and multiple segmentation algorithms with
varying parameter settings, motion sequences, temporally or spatially varying image sets, etc.
This, coupled with the multiple grouping hypotheses that each primitive element could take part
in, implies that the amount of data which must be maintained at the intermediate level often will
be rather significant.

As we shall see in Section 6, the high level interpretation processes in the VISIONS system
are implemented as schemas using a blackboard system as the communication protocol. Rather
than entering all of the intermediate symbolic elements on the blackboard VISIONS stores this
information in an image feature database [124] with a uniform set of access functions forming the

interface between the intermediate and high-level processes.
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4.2 Organizing the ISR into a Database

Image events stored in the ISR generally have the common property that they are related to
some subset of pixels in 2D arrays of sensory data, either directly sensed data such as light intensity
or depth from a range sensor, or derived data like normalized color or depth from motion and/or
stereo. Thus, the ISR is first organized around “tokens” defined first as sets of pixels from 2D
arrays, and then as relatinal groupings of other tokesn (described in Section 5). A set of tokens of
a single type that is selected from an image by some process is called a tokenset.

Each token has a type and a descriptor for the associated image event of that given type
corresponding image event. For example, a line token will have a decriptor that includes the end
points, angle, length, contrast, and straightness of the line. The specification of the descriptor for a
type of token in the ISR is called a lexicon. There is exactly one lexicon associated with each token
type in the ISR, and of course there will usually be many tokensets associated with each lexicon of
a given type.

The representation of a token consists of a name, a referent to the data it describes, and a
list of attributes. Each image is given a unique name, as is each tokenset, and each token in a
tokenset is associated with a pointer to the actual token. A token name is made up of its image
name, its tokenset name and its token index. Associated with each token is a specification of
which pixels the token is associated with, represented as a bitplane in the coordinate system of
the image. There is also a slot for each of the attributes defined in its lexicon. Tokens are similar
to frames in the sense that their slots have procedural attachments for computing the value of
the slot. Thus, the definition of an attribute in a lexicon specifies not only the name and data
type of the attribute, but a method of computing the value of the attribute. Consequently token
attributes need not be computed until they are required, and this permits flexibility in developing
computational strategies.

Some of the grouping processes to be described shortly do not examine the image data directly,
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but form tokens from groups of other tokens. For example, two perpendicular pairs of parallel lines
might be grouped to form a quadrilateral. This more abstract token is still given a name and a list
of attributes, and its bitplane can be formed by either the union of the bitplanes of the component
lines, or the area bounded by the component lines. Tokens can also be formed to represent events
which have no referent in the image, such as occluded boundaries or incomplete geometric shapes.
Thus, as with the other levels of representation, there are multiple levels of abstraction included

within the general intermediate level representation.

4.3 Accessing Tokens

Tokens in the ISR can be accessed either by name or by attribute. That is, one can access the
value of an attribute of a particular token (e.g. what is the average intensity of REGION-277), or
access all the tokens with a particular set of attributes (e.g. which lines are longer than 20 pixels?).
Some of the accessing modes embody the capabilities of the associative processing that is a key
feature of our image understanding architecture (see Section 9). There is special support for the
efficient access of spatially related tokens, implemented by coarsely quantitizing z — y space into
sectors to allow selective search for tokens “near” some location. This is isomorphic to the spatial
organization of the middle level of our image understanding architecture.

Our approach differs from a straight dataflow approach in which data is restricted to moving
up the hierarchy of abstraction. Grouping processes are allowed to incrementally organize tokens
under the direction of schema control programs according to the current state and overall goals of
the system. This capability is vital if the combinatoric explosion caused by imprudent application
of expensive relational measures and grouping operators is to be avoided. For example, a rectilinear
line grouping activity which would be appropriate for forming a detailed description of a window
frame would be likely to involve an enormous amount of wasted work if applied to an area of coarse
tree texture. In our approach, initial results from the application of inexpensive, global processes

are examined by specific object interpretation schemas which will selectively apply processes to
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particular areas of an image. Thus, a schema with knowledge of houses directs productive line
grouping in the area of the window, whereas a schema with knowledge of foliage would invoke
different processes for grouping inside the random tree texture that are more likely to be productive
than rectilinear structures. This is discussed in more detail in Section 5 and 6.

The ISR provides uniform access functions to different kinds of tokens, and to the degree it
makes sense, uniform measurement of the relations between different types of tokens. There are
system functions in the ISR for efficiently performing set operations on the bitmaps of tokens. These
can be used to compute relations like percent of a line contained in a region and the overlap between
a region and the projection of a surface (see Section 5). These relations can be stored directly via
pointers, or could be maintained as attributes of tokens (e.g. a region has a list of related lines as an
attribute). However, caution must be exercised, because the number of computable relations grows
exponentially with the number of tokens. Again, advantage is taken of the fact that relatively few

of these relations are “interesting”; Thus, relations often will only be selectively computed under

top-down control.
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5 FOCUS-OF-ATTENTION,PERCEPTUAL GROUPING, AND
INFORMATION FUSION

The mechanisms by which the VISIONS system deals with focus-of-attention, perceptual
grouping, and information fusion are related. The attributes of individual tokens, and the relations
betwen pairs or sets of tokens, in the ISR are the basis for focussing the system’s attention. However,
this same information is at the heart of both the grouping mechanisms and the methods for fusing
information across multiple representations. The relation between a pair of lines can be used to
determine whether they can be viewed as an example of a geometric entity, while the presence of
a pair of vertical lines properly bounding a dark brown narrow region would increase confidence in
a particular object hypothesis beyond the information in a single token.

Some of the experimental results that will be presented in Section 5 and 6 will be based upon
the three region segmentations shown in Figure 5.1. They were derived from the histogram-based

region segmentation algorithm of Section 3.1, followed by the rule-based region merging algorithm

of Section 3.3.3.

5.1 The Need for Focus of Attention Mechanisms

An important problem in computer vision is the appropriate application of world constraints
and expectations; knowledge must be represented in the right form and applied at the right timé.
This paper has repeatedly stressed that although the processing of a new image must start bottom-
up, more restrictive contexts may be used to selectively focus relevant knowledge as information
is accumulated and assessed. In this section we describe a simple rule-based focus of attention
mechanism for generating an initial set of object hypotheses about the conceptual content of the
image [60,61,117,118,148,149,154]. The most reliable of these hypotheses are used to form a kernel
interpretation, which can be used to activate the relevant schemas in the long-term knowledge

base. Once this has been accomplished, object-dependent strategies associated with the schemas



VISIONS January 9, 1987 ) _ 32

are responsible for verifying and extending the kernel. .

The object hypothesis system provides the first link between the image data and the knowledge
structures. In many cases, it is possible to construct rules, defined over the tokens in the ISR,
which provide evidence for and against the semantic concepts representing the domain knowledge.
While no single rule is totally reliable, the combined evidence from many such rules should be more
effective in implying the correct local interpretation. The ‘islands of reliability’ thus generated can
then be used to extend the hypotheses to surrounding image structures which are spatially and
semantically related.

The goal is to focus attention upon particular image events that are likely candidates for par-
ticular object labels, rather than the selection of the best object label for each region, line, and/or
surface. For example, given a set of regions in an outdoor scene we might wish to select a few
strong possibilities for the object ‘sky’. This approach avoids some of the problems inherent in
the traditional approaches to pattern classification where one attempts to classify every region
[61]. The application of the hypothesis generation rules can also be utilized top-down as part of a

hypothesis verification or extension strategy associated with some active schema.

5.2 Rules Applied to a Single Token: Token Attribute Rules

A constraint on a token feature (or attribute) provides a very simple representation of a unit
of knowledge that can be used to generate object hypotheses. For many objects (e.g. sky or tree),
there is a natural semantics and a descriptive simplicity that can be associated with a set of token
attributes; for example, values may be defined as ‘large’ (size), ‘lightly textured’ (texture), ‘blue’
(color), ‘bright’ (intensity), etc. A range on each token attribute, even if it is loosely constrained,
captures some aspect of the object semantics. Thus, we define a simple rule as a constraint on the
range of a token attribute and combine several simple rules into a complex rule for a specific object
class. Complex rules are defined as hierarchical combinations of simple rules and may be viewed as

defining a volume in a multi-dimensional feature space which represents the set of joint constraints
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on the feature set.

5.2.1 Simple Token-Attribute Rules

The degree to which the attribute value of a token satisfies the constraints of a simple rule can
be translated ilito a confidence that the token is associated with an instance of the object. The
output of a simple rule can then be viewed as a vote for the assertion that the token represents the
object (or more generally a concept). This approach was first applied to regions [61,118,149,154)
where the region attributes include color, texture, shape, size, image location, and relative location
to other objects. More recently (20,21] the approach has been extended to line tokens, where the
features include length, orientation, contrast, width, etc.

A simple rule is defined as a piecewise-linear mapping function on a feature. It consists of a
central positive voting range (where the response of the rule is 1), surrounded by zero voting ranges,
surrounded in turn by veto ranges. The rule response is linearly ramped from values of one to zero
on both sides of the central positive range. The veto ranges effectively eliminate the consideration
of those tokens with unacceptable attribute values as an instance of the object class; for example,
a region can be removed as a “sky” candidate if it is green or at the bottom of the image.

Simple rules are parameterized by six thresholds corresponding to the endpoints of the ranges
and typically are formed by examining the relationship of the histogram of an attribute across all
tokens in multiple images to the histogram of that attribute extracted from tokens associated with
a single object class (the ‘class-conditional’ histogram; see Figure 5.2). For example, the color or
texture of grass regions would be compared to the color and texture of all regions. Using the six
values, non-symmetric rules may be formed; the simple rule example shown in Figure 5.3(a) is
based on an ‘excess-green’ opponent color feature (2G-R-B) of regions and is part of a complex rule
(see below) for hypothesizing ‘grass’. Figure 5.3(b) shows the ‘grass’ object label hypotheses from
this simple rule for one of the standard images; in this figure, brightness encodes the rule response

(with a response of 1 as brightest). Note that black regions either evaluated to 0 or were vetoed.
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5.2.2 Complex Token-Attribute Rules

A complex rule is a hierarchical collection of other rules, which may be either simple or complex.
A typical structure is illustrated in Figure 5.3(c), which shows the complex rule structure for ‘grass’.
The top-level rule is organized as a set of five other complex rules (one for color, texture, size, shape,
and location), each of which is composed of one or more simple rules. The response of a rule at
one level in the hierarchy is determined by mapping the responses from lower level rules through
a combination function, in this case a simple weighted average (the weights are shown on the arcs
in the figure). Our intention is that rules be weighted with a small integer value (3 to 5 levels)
representing strong, medium, and weak contributions. The rules should be robust enough so that a
fairly rough specification will suffice without the necessity for “parameter twiddling”. Many other
rule structures and combination functions are possible. Figure 5.4 shows typical results from the
application of the complex rules for ‘grass’, ‘sky’, and ‘foliage’.

It is also worth mentioning here that the token attribute rules (and the relational rules intro-
duced in the next section) can also be used for filtering and grouping. A rule might be applied to
a token set to retain only those tokens that have certain properties. These rules can be applied
sequentially, so that the subset of tokens remaining after application of the rule can become the
focus of another simple or complex rule. Rules used in this manner provide a form of control where
subsets of tokens are narrowed (or filtered) via a sequence of rule applications. In later sections,
we will show how these techniques can also be used to form composite tokens which are aggregates

of various token types, thus achieving grouping and fusion capabilties at the same time.

5.2.3 Interactive Environment and Alternative Rule Forms

Knowledge engineering of rules can be greatly facilitated by an interactive environment for rule
construction. A user can get an immediate sense of the effectiveness of proposed rules by displaying

the rating of each symbolic candidate in intensity or color. Thus, rule development becomes a
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dynamic process with a natural display medium for user feedback.

An interactive environment for generating and testing rules has been developed. A user may
create a rule, display its results on a set of test images, edit the rule, and construct one or more
complex rules which incorporate it. When look-up tables on an image display system are available,
the user can interactively change the piecewise-linear function that is loaded into the look-up table.
By encoding all of the pixels of each image token (e.g. pixels of a region or line) with its value of a
particular attribute (e.g. intensity, length, etc), the look-up table can immediately display the rule
vote. Thus, the user can change the rule and see the results in real time (i.e. at video rate).

In addition, a simple language interface has been constructed so that rules can be specified
on any feature in terms of five intervals of the dynamic range of a feature - “very low”, “low”,
“medium”, “high”, “very high” [54,61]. These labels induce a partition on the range of the feature,
and for each interval the user specifies whether the rule response is “ON”, “OFF”, or “VETO”.
Figure 5.4(c) was obtained using a rule of this type.

There have been several different rule forms employed in our research environment. Rather
than the six-point central positive range for the mapping function, any piecewise linear function
with multiple veto and positive voting ranges might be used; for example, extracting an orientation
image of a line around the origin of the orientation scale will require positive voting ranges at each
end of the scale (since the scale is circular).

An alternative rule form has developed from an initial version of an automatic rule development
subsystemn that has been motivated via a Bayesian viewpoint. The rule structure can be viewed as
a discrete approximation to a continuous distribution. It is based upon the ratio of histograms of a
token attribute for a particular object to that of all objects, sampled from a labelled set of images.
For a single feature and meaningful statistics this is an optimum maximum likelihood decision rule
[61]. Thus, if a sufficient range of object examples are available to meaningfully represent an object,

automatic development of rules should be possible.
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Finally, some users have explored different variations of combination functions with simple rules.
The version we have presented involves a weighted sum of the output of simple rules whose values
range from 0 to 1 (with a veto range). Some experiments in our group have utilized a multiplicative

form ranging from O (a veto) to some number greater than 1, with 1 as a neutral value.

5.3 The Need for Perceptual Grouping Mechanisms and Information Fusion

We have argued in preceding sections that low-level algorithms, which initially do not use

any knowledge of the scene or its characteristics, should never be expected to produce symbolic

descriptions of image events that are a close match to the object descriptions in the knowledge base. .

Consequently, there must be additional mechanisms for dealing with the problems of an incomplete
and partially incorrect intermediate symbolic representation. In the following subsections we de-
scribe both data-driven (bottom-up) and knowledge-based (top-down) processing techniques which
can build an intermediate representation with tokens that better match the primitive elements of
the object descriptions in the knowledge base. Thus, the emphasis here is on the reorganization of

the intermediate representation into new, more abstract collections of tokens.

5.3.1 Perceptual Grouping and the Reorganization of Intermediate Level Data

There has been surge of interest in data-directed grouping phenomena in computer vision. One
general strategy is to form collections of tokens by detecting relations between tokens which are
likely to be non-accidental (e.g. see [151,156]). The relation represents a grouping criterion for
organizing the set of tokens to produce a new token. These ideas are much less vague if particular
grouping strategies are considered, such as linking fragmented co-linear lines with nearby endpoints,
grouping sets of parallel and perpendicular lines that have some spatial coherence, merging similar
short lines that form a textured area, and grouping regions (possibly non-adjacent) which have
similar characterisitcs of color, texture, size, shape, and/or location.

Grouping algorithms must, of course, contend with the combinatorics of the large number of
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image tokens (such as the 2,000 to 10,000 lines and the 200-500 regions for some of the algorithms
described in the previous sections), the many different attributes of each token and the many
possible relationships between tokens. Thus, there must be some technique to focus attention on
areas where the grouping processes will most likely be useful. One technique for data-directed
grouping is to locally histogram (i.e. vi; subimages) various attributes of a given token, and look
for interesting events such as many parallel lines, or orthgonal lines, or many small textured regions
in certain areas of the image. Certain properties, such as orthogonal line groupings, might be of
sufficient universal interest that they are always extracted. In each of the cases cited, the strategies
can be applied without the application of knowledge, but the computational cost might be rather
severe.

Knowledge-driven application of perceptual grouping mechanisms is the obvious alternative to
the data-driven control just described. The grouping mechanisms themselves can remain substan-
tially the same; only their invocation need be modified. Thus, specific grouping strategies would
be applied to specific areas of the image, often with specific goals. We envision that many grouping
strategies will be invoked via the top-down schema processes that will be described in Section 6. It
should be obvious that if the system focusses upon a particular region, regions that are similar in
color, texture, etc., and that are spatially close (i.e. within a certain distance of each other) can be
selected. Thus, if tree foliage can be expected to be highly fragmented and have dark homogeneous
shadow regions adjacent to lighter textured green regions, these characterisitcs can be used to group
such regions and form a new region token with very different properties than the individual tokens
in the set. If short texture lines were extracted, and a connected components algorithm was applied
to their support regions (section 3.2), then textured regions would be extracted rather simply.

In Section 5.5 we will outline new algorithms, as well as specify how some of the algorithms
and techniques already described can be used to fill the needs of perceptual organization strategies.

These discussions sometimes are fairly brief, because the work is recent or has been described
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elsewhere in this paper. Note also that the goals and techniques that will be described heavily

overlap those of information fusion that are outlined in Section 5.4.

" 5.3.2 Information Fusion

A major problem confronting vision systems which use multiple sensors or which generate
multiple low-level descriptions from image data is the coherent and consistent integration of infor-
mation contained in the multiple representations. It has also become evident that each low-level
process extracts only partial descriptions, and that there is a great deal of redundancy among these
descriptions which can be profitably exploited. Thus, maximum reliability can only be achieved
through processes that integrate information represented in widely varying forms. For the reasons
discussed earlier in this paper, we take the view that information fusion can most effectively be
accomplished during the interpretation process, rather than at the time that the tokens are first
extracted (e.g. by directly integrating region and line algorithms). This approach bears similarity
to the philosophy of the CMU approach to sensor fusing in their development of an autonomous
vehicle [120]. One approach to fusion will be illustrated here by extending the rule-based hypothesis
system to operate over multiple token types, in this case the regions and lines extracted from the
image data [20,21]. The techniques could be extended to include fusion of information from lines,

regions, corners, surfaces, volumes, and generally any other token abstracted from the sensory data.

5.4 Relational Rules Applied to Multiple Tokens

Up to this point, only rules based on properties associated with a single token (e.g. a region)
have been considered; these may be viewed as unary rules, defining a unary relationship between
the token and the hypothesis. By defining binary relationships between token pairs, an approach
to the problems of both grouping and information fusion is obtained.

It is important to understand that the token attribute rules are not directly classifying or

labeling regions, but rather allowing the system to focus attention. They provide a rank ordering
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of tokens as candidates for object hypotheses. This rank ordering can be used in various ways
to associate object class hypotheses with the token. Note that some strategies might involve the
application of a sequence of different types of rules to a tokenset, each time filtering the tokenset
8o that less likely candidates are eliminated. For example, a single exemplar region for tree crown
might be selected via a complex rule for foliage. Then a distance relational rule could be used
to select regions whose centroids or boundaries are nearby (i.e. within some maximum distance).
Finally, for those remaining regions a similarity relational rule on brightness and color might further
filter the possible tree regions into a reasonably sized set of candidates.

The rule system that has been developed can be extended in a very simple way to compare and
aggregate tokens of the same type. A single attribute of any pair of scalar-valued tokens can be
compared by simply taking the difference in their values. (Note that for some non-scalar attributes
such as orientation, which has a circular scale, a somewhat more complex orientation difference
must be defined, so that values of 0 degrees and 359 degrees will be evaluated as a difference of 1
degree). The difference of attribute values provides a relational measure of similarity, or attribute
difference, between tokens. Given some token, there is now a basis for selecting among all other
tokens those that satisfy a set of similarity relations applied to a set of attributes. For example,
regions that are of “similar” intensity and “close” in distance can be extracted. Lines which are
“parallel” or of “similar” orientation to a given line token can be selected, or those of “orthogonal”
orientation with endpoints which are less than some specified distance apart can be extracted.

Of course the basis for the selection of tokens is an appropriate specification of the similarity
or comparison relations. Terms such as “similar”, “different”, “near”, “far”, “parallel”, and “or-
thogonal” must all have a computational definition. The rule system can be used to implement
comparisons of token attributes by defining a simple rule on the difference between the attribute
values of all tokens to the attribute value of a given token (or some other value somehow specified

by the user or the system). In effect the voting function is a computational measure of the degree
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to which a relation has been satisfied, and therefore, in some sense, defines the value of a “fuzzy”

relation.

5.4.1 Information Fusion via Relations Across Multiple Token Types

Here, the goal is to extend the rule system to include composite tokens, which are aggrega-
tions of tokens across the multiple representation which satisfy a specified set of relations. The
key integrating mechanism is the use of relations between tokens of different types. From those
aggregate objects satisfying the relation, new features are extracted and used to generate object
class hypotheses. To be somewhat more specific, consider the interpretration of a road scene with
a view down the road. The formation of a ‘road’ hypothesis should not be based on any single
token type (e.g. regions), but rather on an aggregation of lines, regions, and surfaces that have
specific relations to each other and which share road attributes. Ideally, one would like to find a
homogeneous region, of the correct relative brightness and color, bounded by 2 converging straight
lines, and approximately covered by a horizontal planar surface.

The simultaneous use of both region and line information, for example, permits two types of
perceptual grouping operations to take place across representations. On the one hand, a region or
set of regions can guide the gronping of lines (an example of this is developed in Section 6) while on
the other hand a line or set of lines can guide the grouping of regions. In the following discussion
the terms region and line are used to refer either to the tokens obtained from the corresponding
segmentation process or to sets of regions and lines already grouped by other processes.

There are many ways to use relations between tokens to form aggregations of tokens. An initial
implementation in the VISIONS system utilizes a primary token type (region tokens) through which
tokens of other types are selected and filtered via a sequence of simple, complex, and relational
rules. Since the region and line tokens stored in the ISR are both pixel-based, intersection turns out
to be a convenient mechanism for associating line tokens with a region. Intersection of the support

pixels of a line (see Section 3.2) with the pixels in a region allows the definition of various relations
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in a straightforward manner. Examples include relations such as INTERSECTING (whose value is
either TRUE or FALSE depending upon whether a region and line have a non-empty intersect.ion);‘
and BOUNDING, and INTERIOR, with a numeric value ranging between 0 and 1 representing the

degree to which these relations are satisfied [20,21].

5.5 Some Example Grouping Mechanisms
5.5.1 Grouping via Rule-Based Token Attributes and Relations

Many grouping strategies naturally fit into, and are definable with, the tools that have already
been presented. Grouping via relations between different token types, such as line and region
groupings, can be achieved in a fairly simple yet general manner. The idea is very similar to that
described in the previous section for the object-hypothesis rules (which accepted only a single token
type as the argument). Features can be measured from the aggregate structure and used to generate
object hypotheses. Perhaps more importantly, a set of relational rules can be applied sequentially
to filter the initial set of aggregate tokens in order to select sets with particular properties.

The intersection type of relational rule can be used in some very diverse ways. One example is
to use INTERSECTION and INTERIOR relational rules to select only interior lines, lines which
are sufficently or completely interior to any region, and then to use a complex token attribute
rule to rank short, high contrast horizontal lines (Figure 5.5(a)). The line score could then be
averaged to form a texture feature on regions. Alternatively, a line density measure can be formed
as a region texture measure by counting the occurences of lines which receive a high score from
the line attribute rule and then normalizing by the size of the region. Figure 5.5(b) shows this
measure mapped onto the regions. The texture measure can be used to hypothesize or verify the
roof region which has horizontal shingle texture. Note that grass is the only other region that has
any significant horizontal texture rating.

A simple shape measure can be computed by determining if a region is bounded by a pair
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of long vertical lines. The filtering rule for this feature selects only those lines which lie on a
region boundary and the ranking rule assigns high values to overlapping pairs of long vertical lines.
Thus, giver'l a region token, those line tokens which INTERSECT the region are selected; then the
BOUNDING relation can be used to retain only those lines that are sufficiently on the boundary of
the region; next vertical lines are extracted via a simple rule applied to line orientation; and finally
the PARALLEL relation on the resulting lines would yield an aggregate structure of a region and
those parallel vertical lines which bound that region. As shown in Figure 5.4(c,d), this rule is useful
for extracting telephone poles. As a last example, horizontal and vertical lines that are on region
boundaries can be extracted in an effort to find rectangular structures such as the regions and
lines forming the shutter-window structures of the house; see Figure 5.5(e,l). Note that windows
usually are very difficult to extract due to refiections and transparency. Additional details about

the structure of the relational rule system and further experimental results may be found in [20,21].

5.5.2 Grouping Line Tokens Based on Geometric Relationships

Abstract collections of lines can prove to be very useful in the development of object hypotheses.
Certainly once an object has been hypothesized, confirmation of an expected relationship between
a set of line tokens can be used as further evidence for the correctness of the hypothesis. There
are certain ‘primary’ relations between subsets of straight lines that are sufficiently important that
one might be interested in extracting all occurrences prior to attaching semantic significance. A
set of parallel lines whose endpoints form straight lines usually will prove to be important (e.g. for
geometric structures such as the shutters in a house, telephone poles along a road, etc.). Similarly,
perpendicular lines that have a pair of nearby endpoints can form “corner” structures which could
be grouped into larger geometric objects such as rectangles. If the orthogonality criterion is dropped
and corners of any orientation are extracted, then they could be grouped into parallograms and
trapezoids by using a parallel line criterion for the further grouping of corner-line-pairs. If an

orthogonal intersecting line grouping was attempted, weak structures, such as the window panes in
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windows might be extracted and used as the basis of hypothesizing or verifying windows between
shutter rectangles.

When large numbers of tokens are present there are some interesting computational, storage, |
and retrieval issues that must be considered in the search for meaningful structures. A decision
must be made regarding those relations which are explicitly represented between pairs of tokens,
since there can be a significant cost associated with finding and storing all token pairs (or sets)
that satisfy a given relation such as parallel or “near”. Unfocussed grouping of tokens also leads to
the problem of generating a large number of uninteresting token sets, which would also defeat the
purpose of searching for interesting aggregations.

Within our research group, there is an active research effort by Reynolds and Beveridge [114] on
the development of line grouping processes based upon geometric and spatial relations; their initial
effort produces rectilinear line groupings using the spatial proximity of lines. Measures for relations
between lines have been quantified for spatially proximate orthogonal (SPO), spatially proximate
parallel (SPP), and spatially proximate collinear (SPC) lines. We have provided an example of the
SPO relation in Figure 5.6(a) that is dependent upon the length, parameterized distance of each
line from their intersection, and deviation from orthogonality.

Example line groupings are shown in Figure 5.6(b) as a set of straight lines extracted from the
aerial image of Figure 1.1. The three relations can each be applied to four pairs which satisfy each
of the three relations. Groupings of various sorts can now be applied. In Figure 5.6(c) a connected
components algorithm was used to form line aggregations; a line is considered “connected” to
another if any of the three relations are satisfied. The result is a grouping of lines where local
proximity is always satisfied, and rectilinear structures of parallel and orthogonal lines are extracted.
In order to do this efficiently the lines in the ISR are stored in 10 degree orthogonal line buckets;
i.e. the bucket for the 11-20 degree range will also contain lines in the 101-110 degree range. Some

of these could be the basis for further processing, such as the formation of rectangles.
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Top-down strategies allow the geometric/spatial relationships to be used in a much more directed
manner. In aerial images at appropriate resolution one can expect roads to appear as sets of parallel
lines as in Figure 5.6(c), and intersections as perpendicular line groupings of roads. One can expect
buildings to appear as rectilinear structures and thus one might use weak evidence for the fourth
side of a rectangle to complete it as in subgraphs of Figure 5.6(c). In another case the geometry
of houses and roofs might imply that a parallelogram should be present, and that shingle texture
should appear within the parallelogram. If only 3 sides of a pa.fallelogram were found, a top-down
line linking procedure might be invoked, and a texture extraction procedure for short horizontal
edges might be applied to the area within the parallelogram (see Figure 5.5(a)). An example of

such a knowledge-directed grouping strategy is given in Section 6.3.2 and Figure 6.4.

5.5.3 Hierarchical Grouping of Co-Linear Line Segments

One very important property of images is the presence of long straight lines. Unfortunately,
most algorithms detect line fragments, which then must be joined into longer lines. In this section
we restrict our attention to the grouping of lines into longer, straight lines based on the general
notions of collinearity and proximity [139,140]. The algorithm by Boldt and Weiss presented here
could be viewed as a straight-line extraction process, beginning with the output of a standard
edge-operator, and terminating with a set of straight lines. Consequently, it c‘an be viewed as
an alternative to the Burns line extraction algorithm of section 3.2. However, the relevant point
here is the geometric grouping mechanism that is the basis for combining shorter straight lines (in
the limit edge elements) into longer straight lines. A straight line can be viewed as a sequence of
line segments in which consecutive pairs are roughly collinear and similar in contrast, where each
segment is close to its successor, and arranged such that the entire sequence passes a straightness
test. Figure 5.7 illustrates the relations that are relevant to grouping lines. These criteria depend
on scale; long line fragments, for example, can be separated by a larger gap than small ones and

still be close. A sequence of lines which is not straight at one scale can be part of a longer sequence
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that passes the same straightness test at a larger scale.

The idea of grouping line segments is not new. Nevatia and Babu [101] developed criteria for
grouping edges; however, they only applied them locally and they did not take into account more
global context. McKeown et al [89] have also devised rules which are similar to those used by
Boldt and Weiss and have applied them to the problem of linking elongated regions. They use the
criteria that a) the regions must be close; b) they must not overlap too much; c) they must have
similar orientations; and d) the lateral distance must be small. Thus, they implement the rules of
collinearity and proximity. A major difference between their approach and the Boldt and Weiss
approach however, is that they do not use a hierarchy.

The algorithm, when viewed as a segmentation process, begins with an edge-detection operator
(in this case the zero-crossing of a Laplacian), although any operator which produces measurements
of the contrast, direction, and location (including start and end points) of the edge could be
substituted. The remainder of the algorithm can then be viewed as a line-grouping process which
starts with a set of straight lines derived from any process. In fact the grouping process can be
applied to the set of lines produced by the Burns algorithm of Section 3.2.

Each grouping cycle consists of two steps: linking and merging. In the linking step pairs of line
segments are tentatively connected based on binary relations. In the merging step sequences of
linked line segments are examined and possibly replaced by a single line segment. The linking step
improves the efficiency of the merging step by significantly reducing the number of line sequences
that would be examined by blind search. The computational complexity is reduced by repeated
hierarchical grouping of lines into longer lines. Thus, there is an implicit scale-space hierarchy [155]
and the search always remains local with respect to the current scale.

The linking step consists of a scarch for pairs of lines that satisfy the geometric and non-
geometric criteria which make them candidates for grouping. The geometric criteria are collinearity

and proximity (the end points must be close, but the lines must not overlap too much), and the
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non-geometric criterion is similarity of contrast; these criteria (and others) are shown in Figure
5.7(a-e). The same linking process is performed separately for each endpoint of each line, and can
obviously be done in parallel. The result is a directed graph with the line segments as its vertices
and the links as its arcs; a portion of the link graph is shown in Figure 5.7(f). In general, a line
will be linked with several other lines.

The merging process consists of search and replacement. The merging process will examine
paths in the link graph and test them for straightness. The amount of geometric context used is
determined by a search radius, shown superimosed over a portion of the link graph in Figure 5.7(f),
which bounds the length of a sequence of lines which is tested for straightness. Each sequence of
lines is approximated by a straight line illustrated in Figure 5.7(g), and if the straightest path for
a given line passes a straightness threshold, that sequence is replaced by a single straight line. The
algorithm examines each line in the link graph at one scale, and the linking and merging process is
repeated at each scale, with the linking and replacement radii increasing by a constant factor from
one scale to the next.

The algorithm has been applied effectively to natural scenes and aerial images. Figure 5.8(a)
shows the initial edge segments which are input to the grouping algorithm; these are obtained by
associating unit length edges with selected locations along the Laplacian zero crossing contours.
Figure 5.8(b-d) shows the ontput of the geometric grouping algorithm at each stage of the iterative
grouping. Figure 5.8(e) shows the final result on the entire image; unit length lines remaining after
completion of the grouping cycles have been removed. Figure 5.8(f ) demonstrates the application
of a filter on length and contrast to the full set of lines shown in (e). The full line set can be filtered
and manipulated in various ways to extract different views of the data, much the way that the
output of the Burns’ algorithm was. Figure 5.9 shows the output of the line grouping algorithm on

several full images.
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5.5.4 Region Grouping

The segmentation algorithms presented earlier sometimes produce dramatically unexpected
results, and at other times produce expected but fragmented representations. The low-level execu-

tive system [72] under construction (see Section 3.4) can coordinate knowledge-based feedback to

_ the segmentation and feature extraction level.

As an example, we briefly note here that the rule-based region merging algorithm of section
3.3.3 can also be used to perform certain types of grouping. Again, it will be crucial to have some
amount of knowledge beyond what was available during the initial application of segmentation
algorithms. If object-dependent strategies can be developed which anticipate the manner in which
the segmentation algorithms fail, then knowlege-based processing can re-invoke the region merg-
ing processes with appropriately different parameter settings. We are only beginning to explore

strategies to utilize it in a general manner.
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6 SCHEMAS AND IMAGE INTERPRETATION

A central problem in image understanding is the representation and appropriate use of all
available sources of knowledge during the interpretation process. Each of the many different kinds
of knowledge that may be relevant at various points during interpretation imposes different kinds
of constraints on the underlying representation. In general, the representation must be sensitive
enough to capture subtle differences and variations in object classes, yet be robust enough to capture
broadly applicable ‘sketches’ of objects and expected scenarios.

In some cases, the knowledge is declarative in form (e.g. ‘Sky is blue.’) and consequently vision
systems must have access to knowledge of the attributes of objects and their parts. In other cases the
knowledge is relational in form: the decomposition of objects into parts, the relationships between
the parts, and the contextual properties of larger collections of objects. Other kinds of knowledge
are more procedural in form, such as knowledge of the perspective transformations mapping from
3D to 2D, or the knowledge encoded in a top-down 2-D grouping procedure for extracting tree
foliage and shadows. In some form or another, knowledge about individual objects (instances,
classes, and descriptions), of events (action, situations, cause and effect), of performance (how-to,
skills), and metaknowledge (knowledge about what we know: extent, origins, reliability, etc.) must
be encoded in an accessible representation.

In this section we define a general methodology for knowledge-based parallel processing and a

development environment to support that work.

6.1 Schemas as a Representation of Knowledge in VISION

In the VISIONS system, scene-independent knowledge is represented in a hierarchical schema
structure organized as a semantic network [30] of schema nodes [55,58,106,148,149,150]. Each
schema defines a highly structured collection of elements in a scene or object, and encodes the

knowledge of how to recognize that object/scene. It should be noted that a related concept of
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perceptual and motor schemas has been long advocated by Arbib [9,10]. Our goal is to develop a
network of concurrent processes that will cooperatively build an interpretation of the scene. Each
object in a scene schema, or part in an object schema, can have an associated schema which further
describes it. One can view the schemas as a vertical structuring of knowledge in that the knowledge
is organized across representational levels by the object description. Each schema node has both a
declarative description appropriate to the level of detail describing the relations between the parts
of the schema, and a procedural component describing object recognition techniques expressed as
a set of hypothesis and verification processes called interpretation strategies.

Although such a hierarchy provides rich descriptive capabilities, it is also necessary to distinguish
between the representation of a specific instance of a visual object (Ed’s house) and the general
class of objects (a 2-story Victorian) to which it belongs. Thus, a further division of knowledge
into long term (LTM) and short term memory (STM) across the levels of the hierarchy is necessary
for differentiating the system’s permanent a priori knowledge base from the representation derived
from the sensory data of a specific image during the interpretation process. Figure 6.1 illustrates
the idea that both STM and LTM are a multilevel representation of 2D symbolic tokens of points
(or vertices), lines, and regions, and 3D tokens of surfaces and volumes, and then abstract semantic
tokens of objects and scenes. A node in LTM represents the general class of an object and may
be related to a node in STM by an instance-of arc, which specifies that the node is an instance or
member of the general class.

Under the model that views active schemas as generating a set of concurrent communicating
processes, another view of the schema system and the manner in which it is intended to relate to the
image understanding architecture discussed in Section 8 is illustrated in Figure 6.2. Since schemas
are intended to run in parallel wherever possible, a multiprocessor is shown interposed between
LTM and STM, with a schema running on each processor (in the limit). STM then becomes

a blackboard, with different access functions tuned for efficient retrieval of data from the large
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volumes of intermediate tokens, and for the smaller amounts of object and scene hypotheses. L'I'M
stores the schema classes, and the active schemas are responsible for instantiation of additional
schemas.

The set of KSs are processes which can be invoked and applied to particular portions of the
image and STM under the control of interpretation strategies of the schemas. In particular, the
difference between schemas and KSs must be understood. Schemas currently are object-and scene-
based, with fairly complex control strategies for recognition. In our system the KSs are processes
that are to be applied by interpretation strategies and consequently have relatively simple control
strategies. The schemas invoke the KSs and pass parameter information sufficient for the KS to
return a result. The KSs vary greatly in form and complexity while the schemas have a uniform
representation.

Many of the strategies relating to geometric structures are based on standard or constrained two-
dimensional views of an object or scene. The view are not image-specific views but rather projections
of expected structure to the image plane for a loosely constrained viewpoint. Only very simple
three-dimensional models have been experimented with (however; see [160,161]); Weymouth [149]
employed a simple wire-frame model of a house and simple relationships between the ground plane
and house wall. Parma [106] also utilized simple 3D reasoning schemes. However, the major results
have been achieved using a network of two-dimensional views [149] where each view represents a
canonical viewpoint on the Gaussian sphere of all possible viewponts. This canonical viewpoint
is representative of a particular sector of the Guassian sphere for which the features of the object
(scene) are qualitatively invariant [36]. Thus, in some sense we are compiling three-dimensional
information into this network in a form which leads to efficient recognition via associated strategies

for matching the expected two-dimensional projections of three-dimensional objects with the image.
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6.2 Example Interpretation Strategies

Schemas may be viewed as (possibly nonoverlapping) partitions of the knowledge base. The

procedural knowledge embedded within object-specific (or to be more precise, schema-node-specific)
interpretation strategies provides local control information. Once activated, the interpretation
strategies are responsible for verifying and rejecting hypotheses, assessing their validity, extending
hypotheses by selecting and grouping related data and hypotheses, instantiating the schema node,
and activating related schemas. The interpretation strategies may be domain and object dependent,
or uniform across domains.

In their initial implementation, the interpretation strategies have been encoded primarily in
procedural form. However, it is unlikely that any intermediate level process would be useful only
for a specific object (whether it be matching of expected object attributes with token attributes,
geometric grouping, verifications of spatial relations, etc). As more strategies are implemented and
we gain experience with their utility and generality, our goal is to extract some of the components
and to represent them as parameterized ‘knowledge sources’. These will then become the building
blocks from which interpretation strategies are constructed. Ultimately, each schema interpretation
strategy could become nothing more than a structured series of calls to the knowledge sources.

The contextual verification and extension of hypotheses via consistency with stored knowledge
and expectations leads to a variety of interpretation strategies that may be data-directed (bottom-
up strategies) or knowledge-directed (top-down strategies) or both. In the next few sections we
will present examples of several different classes of interpretation strategies. The first example
is a hypothesis generation and extension strategy which uses the object-hypothesis rule system
(Section 5) to select ‘exemplar’ regions hypothesized to represent an object, and then extends them
to similar regions. The sccond class of strategies uses geometric information to direct the grouping
of intermediate events to better match the expected model (in this case a house roof). The last

example strategy involves the detection and correction of errors in the interpretation strategy (this
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strategy is discussed in the context of the overall interpretation results in Section 6.3).

6.2.1 Exemplar Selection and Extension

Object hypotheses can be obtained by applying the object hypothesis rules (refer to section
5) to the intermediate symbolic representation in order to select object “exemplars” which capture
image-specific characteristics of the object. The rank-ordered set of image tokens for each object
can be used to select one or more exemplar candidates. The set of exemplars can be viewed as a
largely incomplete kernel interpretation.

Exemplar regions can be used in various ways to select similar regions [60,61,118,148]. In many
situations another instance of an object or object part can be expected to have a similar color, size,
or shape. For those objects for which the spectral characteristics can be expected to be reasonably
uniform over the image, the similarity of region color and texture can be used to extend an object
label to other regions, perhaps using the expected spatial location and relative spatial information
in various ways to restrict the set of candidate regions examined. This strategy assumes that the
image-speciﬁc variation of a feature of an object is expected to be much less than the inter-image
variation of that feature for the same object.

The similarity criteria might also vary as a function of the object, so that regions would be
compared to the exemplar in terms of a particular set of features associated with that object.
Thus, a sky exemplar region would be restricted to comparisons with regions above the horizon
and that look similar (in terms of color and texture) to the largest, brightest region located near
the top of the picture. A house wall showing through foliage can be matched to the unoccluded
visible portion based upon color similarity and spatial constraints derived from inferences from the
house wall geometry.

One possibility is to utilize the object-specific set of simple token features that were associated
with the object hypothesis rules. As shown in Section 5, similarity relational rules can be functions

of feature differences of similar tokens. It is also easy to use vetos for large token differences or for
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spatial constraints to restrict the spatial area over which candidates for exemplar extension will be
considered.

The shape and/or size of a region can also be used to detect other instances of multiple objects,
as in the case when one shutter of a house has been found [106], or when one tire of a car has been
found, or when one car on a road has been found. In many situations another instance can be
expected to have a similar size and shape in the physical environment, and geometric constraints
can be used to determine expected region sizes and locations. This permits reliable hypotheses to
be formed even with high degrees of partial occlusion. The presence of a single shutter of a house
provides strong spatial constraints on the location of other shutters. If two shutters are found then
perspective distortion can be taken into account when looking for the other shutters, even without
a camera model, under an assumption that the tops and bottoms of the set of shutters lie on a
straight line on the face of the house.

In Figure 6.3(a) we show the regions forming the highest ranked object hypotheses as the object
exemplars. The region features were used via similarity relational rules to measure the difference
between the exemplar region and each candidate region. The rule response was converted into a
distance metric and bright regions correspond to small differences. Each of the rules contained
location and size components which enter into the final distance measurement, but in general,
there are more intelligent ways of using these features in the interpretation strategy responsible for
grouping regions. Figure 6.3(b) shows the similarity rating of regions obtained using the features

of the grass rule.

6.2.2 Knowledge-Based Control of Grouping Processes

In this section we briefly motivate the types of additional top-down strategies that will be
necessary for properly reorganizing the intermediate tokens to match the object better. The basic
idea will be sketched using an example from Weymouth’s thesis [149]: the problem of grouping

and interpreting a house roof from a fragmented intermediate representation. Figure 6.4 shows a
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number of intermediate stages in the application of a house roof interpretation strategy associated
with the house roof schema. Figures 6.4(a,b) portray a pair of region and line segmentations that
exhibit the difficulties expected in the output of low-level algorithms; Figure 6.4(a) also shows the
initial roof hypothesis. In this example the region segmentation algorithm was set to extract more
detail from the image by producing a larger number of regions. The result, which is typical of
a class of segmentation problems, is the fragmentation of the roof; the left portion, which was
shadowed by trees, was broken into several regions separate from the main roof region. The set
of lines intersecting the roof region are shown in Figure 6.4(c). When examined carefully, the line
extraction results show line segments that are fragmented, multiple parallel lines, and gaps in lines.

The goal is to use these typical segmentation results to produce the trapezoidal region (which is
almost a parallelogram) representing the perspective projection of a rectangular roof surface and to
determine the orientation in 3D space of that surface. The top-down grouping strategy employed
here is organized around evidence of the almost parallel lines forming the two sets of sides of the
trapezoid. There are alternate strategies for other typical situations where some of this information
is missing. Thus, this roof grouping strategy expects some evidence for each of the four sides, and
in particular uses the long lines bounding the hypothesized roof region (Figure 6.4(d)). By merging
similar regions which are partially bounded by the long lines (Figure 6.4(e)), removing shorter,
parallel, almost-adjacent lines, joining co-linear line segments, and then fitting straight lines to the
boundaries a partial approximate parallelogram can be formed as shown in Figure 6.4(f). Finally,
Figure 6.4(g) shows the complete hypothesized roof trapezoid. The three-dimensional geometry of
the roof can then be computed (up to some possibly non-trivial degree of error) based upon either
the location of the pair of vanishing points of the two sets of image lines that are parallel in the
physical world, or one pair of parallel lines and an assumption of perpendicular angles to a third
line [96,97,98].

The point of this discussion is that the interpretation process required a flexible strategy for
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grouping and reorganizing the lines and regions obtained from imperfect segmentation processes.
At this point we have developed each such strategy independently, but we are beginning to define
some standard intermediate grouping primitives that will form the basis of a variety of general

top-down strategies (see Section 5); this area is being actively explored by our research group.

6.3 Interpretation

Interpretation experiments are being conducted on a large set of “house scene” images. Thus far,
we have been able to extract sky, grass, and foliage (trees and bushes) from many of these images
with reasonable effectiveness, and have been successful in identifying shutters (or windows), house
walls, roofs, roads, and telephone/power lines in some of them. Object hypothesis and exemplar
extension rules as described in previous sections were employed. Additional object verification rules
requiring consistent spatial relationships with other object labels are being developed. The features
and knowledge utilized vary across color and texture attributes, shape, size, location in the image,
relative location to identified objects, and similarity in color and texture to identified objects. In
the following figures, we show isolated intermediate and final results from the overall system.

Figure 6.5 shows selected results from the object hypothesis rules after exemplar extension and
region merging. Some of the interpretation results shown were obtained using a different (somewhat
coarser grained) set of initial segmentations than those presented earlier, and a different set of object
hypothesis and exemplar extension strategies than those presented earlier.

Figure 6.6 illustrates typical interpretations obtained from a house-scene schema interpretation
strategy that utilizes a set of object hypothesis rules for exemplar selection, extends the partial
model from the most reliable of these hypotheses, and employs relational information for verifying
hypotheses and predicting image location of object parts and related objects. The image areas
shown in white in Figure 6.6 are uninterpreted either because the object did not exist in the
knowledge network (and hence no label could be assigned), or because the object varied in some

way from the rather constrained set of alternate descriptions of the object stored in the knowledge
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base.

The interpretation shown in Figure 6.6 illustrates a problem which may be expected to occur
quite frequently. The original interpretation was produced using a fairly coarse segmentation,
which might be desirable from the standpoint of computational efficiency since fewer regions are
involved. However, the sky and house wall are merged into one region as shown more clearly in
Figure 6.7(a). An example of the effectiveness of semantically-directed feedback to the segmentation
processes is depicted here. The missing boundary between the house wall and sky led to competing
object hypotheses (sky and house wall) based upon local interpretation strategies. The region is
hypothesized to be sky by the sky strategy; application of the house wall strategy using the roof
and shutters as spatial constraints to select a region exemplar for house wall and then extend it via
similarity of regions, color, and texture, leads to a wall hypothesis. There is evidence available that
some form of error has occurred in this example: 1) conflicting labels are produced for the same
region by local interpretation strategies; 2) the house wall label is associated with regions above
the roof (note that while there are houses with a wall above a lower roof, the geometric consistency
of the object shape is not satisfied in this example); and 3) the sky extends down the image close
to the approximate horizon line in only a portion of the image (which is possible, but worthy of
closer inspection).

In this case resegmentation of the sky-housewall region, with segmentation parameters set to
extract finer detail, produces a reasonable segmentation of this region (Figure 6.7(b). It should
be pointed out that in this image there is a barely discernable boundary between the sky and
house wall. However, once the merged region is resegmented with an intent of overfragmentation,
this boundary can be detected. Now, the same interpretation strategy used earlier produces the
quite acceptable results shown in Figure 6.7(c). We note that this capability (of detecting labelling
conflicts and resegmentation) was not automatic at the point these results were produced, but is

now being implemented as part of Kohl’s forthcoming doctoral dissertation on knowledge-directed
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feedback under the control of a low-level executive [72].

6.4 Experience with Knowledge Engineering in the Schema System

Weymouth'’s [149] design of the schema network was a first approximation to a fairly complex
system; from this experience we were able to distill some observations about design techniques [150].
We found that several generations of investigation and redesign of the schemas and interpretation
strategies were required before semi-robust results could be achieved. A new schema system, based
on this experience, is being designed and implemented; it is described in the next section. The
integration of interpretation strategies into a schema network provides a mechanism for controlling
the interpretation of a scene. Dependencies between and among schemas are expressed in both the
relational arcs between nodes and in the interpretation strategies themselves. These dependencies,
together with the results of partial interpretations, provide the basis for control of interpretation.
This section outlines some heuristics about creating and using networks of this kind, and about
how control of the interpretation process can be achieved.

A large range of knowledge has been integrated into a fine-grained representation of interpreta-
tion strategies that can successfully cooperate to build a global interpretation. Image interpretation
in less constrained domains requires a large amount of knowledge about the particular domain, and
the development of this knowledge bears similarity to the construction of “expert systems”: the
information must be collected, checked for consistency, experimentally verified, modiﬁt;d, and com-
piled. The challenge lies in the fact that the domain of vision is not one in which there is a clear
understanding of the expert knowledge; it is extremely difficult for anyone to give a description
(especially at the level of detail required by an expert system) of the information that we use for
visual perception.

Deciding where to place information about object parts was one type of design decision. Deci-
sions had to be rendered on whether to represent object parts as separate schemas, or splely within

the schema of the whole object. The guiding principle in the early effort came from the number and
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type of dependencies among the parts. In objects where there were complex relationships among
the parts, the interpretation strategy for the object whole created the hypotheses for the parts.
Thus, the creation of shutter and shutter-pair hypotheses was the dominion of the shutters schema,
and the creation of the hypothesis for each individual wall of the house is the responsibility of the
walls schema. On the other hand, for a schema in which there were methods for recognizing the
parts which were less dependent on the relations between the parts (i.e., roof as part of house), the
parts were constructed as separate schemas.

Our concentration on a modularized procedural representation aided in the development of
interpretation strategies. We were often able to test a strategy in isolation before combining it
with others. Our methodology was to attempt to construct interpretation strategies with as little
interaction as possible with other interpretation strategies, relying on the verification stages to
incorporate relational information. The limits of this approach were felt most acutely in the lack
of sophistication in the type of communication and “coordination” available to the schema. When
schema instances can only be linked to satisfy a goal, and then when they can only interact at a
very coarse granularity in their respective strategies, they are necessarily limited in the types of
cooperation that are possible.

Another type of design decision concerned control and communiation of information between
schemas. When should the activation of schemas be made explicit and when should activation
occur indirectly through STM [37]7 When should explicitly activated schemas be activated in
parallel and when should they be activated sequentially? How should interpretation strategies
be designed to maximize the amount of overlap in processing? When objects are closely related
- such as the house, walls, and roof - the amount of influence they might have on one another
suggests that a direct communication link will be helpful (that is, through requesting a goal and
communicating through the goal contract). For example, the interpretation of the house depends

on the interpretation of its parts (roof and wall) and these were invoked directly. Furthermore,
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the house strategy suspends processing (by waiting for the parts hypothesis) after making the
goal requests. On the other hand, where the dependencies are less critical and more indirect (the
objects on the ground-plane, for example), especially when the related objects are not essential
for further processing, then the interpretation strategy was structured to do what processing it
could and use indirect communication via the blackboard to obtain information about hypotheses.
Periodic polling of STM for requested hypotheses can continue while a schema is engaged in other
useful processing and when no other processing remains it can suspend activity until the requested
hypotheses are posted in STM.

Parallel distributed control is being developed and explored in the use of schemas. Allowing
schema activity to proceed, whenever feasible, increases the opportunities for parallel execution
and encourages (to some extent) the early acquisition of evidence to support primary hypothe-
ses. A simple principle to enhance parallelism is to request all parts and sub-classes early in the

interpretation, thereby spawning multiple schema processes which can proceed in parallel.

6.5 Implementing Schemas

The development of a prototype schema system confronts many of the same issues that
have arisen in other interpretation and control domains, such as speech understanding [80,81,159).
Among them are questions of the knowledge representation, the communication of information,
error recovery and the selection of knowledge sources. Building upon the experiences of Weymouth
[149] with the previous schema system, a new programming shell for research implementation of
schemas as a set of concurrent cooperating processes has been developed by Draper [39]. The
purpose of the shell is to encourage development and testing of schema strategies by optimizing
the programming and testing time. A prototype shell is in place and various object schema types
are at different stages of development and testing under the current shell. Experience from a set
of early experiments will lead to improvements in the shell structure itself. The implementation

is in Common LISP on TI Explorers, with image data and low-level processes handled on a VAX
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11/780.

6.6 Inferencing Under Uncertainty

As we have shown, the construction of a semantic representation of a scene involves sources of
information and processes whose local view of the data may introduce inherent ambiguities into
the interpretation of that data. Sometimes it is not possible to say what the data represents but
rather what it does not represent, i.e. some interpretations can be ruled out. In many cases, the
data obtained from an image, and the partial interpretations obtained from them, can be considered
to be partial evidence for or against the occurrence of semantically meaningful events. The schema
strategies resonsible for constructing an interpretation of an image cannot be certain that the
available information is complete, accurate, or independent. Thus, major problems facing systems
which must perform inferences from this kind of data include the representation of uncertainty
within the system, the mechanisms by which uncertain information is combined, and the manner
in which uncertain evidence may be extended through inference.

For the past several years, our research group has been examining the use of the Shafer-Dempster
theory of evidence [121,38] as the basis for evidential reasoning in the VISIONS system. Lowrance’s
thesis [85] showed how the Shafer-Dempster approach could be implemented in dependency graphs,
which are the formal representations of dependency relations (arcs) between propositions (nodes).
In this formalism, the likelihood of a set of propositions is represented by a distribution of a unit
mass (similar to a probability distribution) over subintervals of the unit interval. The lower bound
of the subinterval represents the degree of support provided to a proposition by a body of evidence
while the upper bound of the subinterval represents the extent to which the proposition remains
plausible. The width of the interval represents the uncertainty (e.g. ignorance) in the belief of the
proposition.

Lowrance showed how mass distributions could be extended through the dependency graph

from the set of propositions the evidence directly supports to those porpositions which it indirectly
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supports. This work has since been extended by Lowrance and Garvey [86,44] and by Wesley,
Lowrance, and Garvey [144]. Wesley et al [142] viewed image interpretation as the process of
inferring belief in the presence or absence (in the image) of a subset of visual entities represented
in the knowledge base and implemented LTM as a hierarchical dependency graph suitable for
inferencing using the Lowrance model. The results of a limited set of experiments indicated that
the inferencing model performed as expected and that the evidential model was an attractive
alternative to traditional Bayesian-based inferencing mechanisms [40,67,76|.

Reynolds et al (116,113] and Lehrer et al [79] address the problems of the automatic generation
of mass functions, the computational complexity of Dempster’s rule, and the mapping of continuous
feature values into initial object hypotheses. They propose a unified computational framework for
generating and combining evidence. This approach, using the concept of a plausibility distribution,
is an alternative to the rule-based object hypothesis system introduced in Section 5; a large scale
experiment comparing the two methods is currently underway [79).

Integrating information from multiple sources and propagating the combined information over
the knowledge base is only one aspect of image interpretation. Complex domains require incremen-
tal extension of partial models, so that the constraints represented in the knowledge network can
be exploited at the right time and at the right place. Consequently, a second important problem
in image interpretation is the issue of control of the interpretation process: where should attention
be focussed, what measurements should be made, how competing hypotheses should be resolved,
and how the goals of the system can be accomplished. Wesley’s thesis | 146,147] extends the idea
of evidential reasoning to control of knowledge based systems, in particular to control in the VI-
SIONS image understanding system [145]. In Wesley’s system, a second control layer is added to
the VISIONS system. Control related information is obtained by control knowledge sources, which
measure the state of the interpretation process. This information is evidential in nature and is

used to reason about the best course of action to pursue in order to extend the current partial
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interpretation.

6.6.1 The Schema Shell

The Schema Shell defines an object called the schema. A schema is a software construct which
contains all the system’s knowledge about some high level task. Schema instances are active entities
that apply this knowledge to accomplish the task. Schema instances are restricted to communicate
through a blackboard to coordinate their actions. Of course this methodology will allow simulation
of message passing as a more direct form of communication. When the presence of an object is
suspected, a schema instance of the corresponding object class is created; this schema instance runs
concurrently with any other active instances. If aspects of its chore can be done independently, it
can spawn multiple concurrent strategies which share a common memory, adding another level of
parallelism to the system. The instantiated schema determines what further low- and intermediate-
level processes to run, and incorporates the results in its object instance model. In this way it
provides a vertical structuring of both knowledge and control. This form of schema design is both
a simplification and a generalization of the schemas used by Weymouth [149]. Major differences
include the adoption of a single, general purpose communication mechanism, the separation of
local memory from communication, and a simplified method of schema creation. In particular
Weymouth chose a strategy of structuring hypothesis and verification strategies which needed to
be successfully executed prior to a schema writing a hypothesis on the blackboard; thus, weak
hypotheses were not made visible and kept internal to the schema instance. Draper [39] is now
exploring a strategy of allowing weak hypotheses to be posted with associated weak confidences,

leaving the responsibility of whether such information should be used to the schemas reading this
information, rather than those writing it.

In order to arrive at a coherent global interpretation, schema instances must communicate
with each other. This is achieved without violating modularity by means of a central blackboard

(BB). All messages are written to, and read off, the blackboard, as opposed to standard object-
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oriented systems, in which messages are passed directly between the objects [102]. This severs the
link between the sender and receiver of a message. A schema that produces information is not
required to know of all the schemas that use it, nor do any two instances have to be active at the
same time to communicate. Similarly, a schema instance does not need to know of the possible
sources of a message. Another effect of the blackboard is that schemas choose which messages
they will receive. Instead of the function/caller semantics associated with most message passing
systems, communication in the schema shell is a cooperative venture between two (or more) equal
participants.

Posting a message to the blackboard simply requires a message and a blackboard section name
to which it is written. The mechanisms for reading, erasing and modifying messages, on the other
hand, are of necessity more complex. To read a message, a schema instance must specify the section
to be read from, and some method for selecting among the messages present on that section. The
selection criterion is provided in the form of a predicate; all messages evaluating to true under the
predicate are returned (in a list) by the read function. A problem occurs when no messages are
found. There is then a choice between returning the empty list or suspending the schema instance
until a suitable message has been written. Since both are useful in different circumstances, the
schema shell provides two basic reading functions, read-or-nil and read-or-wait. If no Imessages are
found, the former returns nil, while the latter suspends the calling schema instance. A suspended
instance is said to be sleeping, and we expect it to incur extremely little overhead until a suitable
message is written and the instance is awakened. The Shell also provides routines for removing
messages from the blackboard as they are read (erase-or-nil and erase-or-wait) and for altering
existing messages (modify-blackboard). Messages may also be selected according to when they were

written (or most recently modified).
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6.6.2 The Schema Template

Weymouth [149] developed a set of VISIONS schemas which used five basic types of object
recognition (i.e. interpretation) strategies. He provided a limited demonstration of feasibility in
a natural domain, carrying out experiments on four house scenes in six images. However, this
research only begins to explore the possibilities for object recognition using schemas. Therefore,
in order to encourage the development of new and different object and scene recognition schemas
that can productively cooperate, a set of conventions in the form of a Schema Template has been
developed to guide the knowledge engineer. However, we wish to emphasize that this is a part of
ongoing research and has yet to be adequately tested. As our experience with schemas grows and
we introduce new domains, these conventions will undoubtedly be altered. Our goal here is only
to avoid the development of chaotic systems of schema networks.

The Schema Template divides the action of a schema into seven concurrent interpretation strate-
gtes, as in Figure 6.8. The OHM for (Object Hypothesis Maintenance) strategy is activated when
the schema is instantiated. Its task is to monitor the blackboard for information relevant to the
object which the schema describes and to activate the other strategies as they become appropriate.
Whenever data appears that is relevant, the OHM forwards it to the corresponding strategy. It is
also responsible for the external appearance of the schema. The OHM maintains the object hy-
pothesis on the blackboard, including the confidence measures, etc., and any goals that are posted
by that schema.

The other six interpretation strategies involve specific recognition subtasks. The categories of
interpretation strategies are meant not as a strict taxonomy of visual knowledge, but rather as
a useful organization for the types of knowledge we have chosen to exploit thus far. The Initial
Hypothesis strategy provides a focus-of-attention mechanism. Its job is to provide an indication of
where in the image the other strategies should expend further effort, usually by generating inex-

pensive but plausible hypotheses. The other strategies are Extension, which extends the current
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hypothesis based on partial results; Support, which exploits redundancy by seeking additional evi-
dence for the current hypothesis; Consistency, which must reason about any missing or inconsistent
tokens and relations; Conflict, which handles multiple interpretations of the image or 3D world;
and Subpart, which activates schemas for expected visual subparts of the object. Obviously, not
all strategies are needed or even meaningful for all objects; some objects, for instance, do not have
subparts represented in the knowledge base. Furthermore, the boundaries between the strategies
are drawn on a pragmatic basis. Subpart reasoning is a special case of Support, but was made
a separate strategy to give the OHM more explicit control in expanding the compositinal hierar-
chy. Note that since schemas are independent of their parents, creating a subpart’s schema could
continue to an unknown depth.

Each interpretation strategy has access to a library of low and intermediate level routines which
it uses as knowledge sources (KS’s). The job of an interpretation strategy is to select those KS’s
which will aid it in its task and to run them. It must then integrate these results into the schema
instance’s current object model. As a result, a strategy is composed of code for object specific
control and object model maintenance. The exceptions to this rule are the OHM strategies, which
are the schema’s interface to the global context. As we come to understand schema strategies
better, we will provide improved tools for their construction.

As part of its task of monitoring the blackboard, the OHM must support error recovery and data
synchronization. Errors emerge when later evidence refutes previously believed hypotheses. One
soluti;m to this problem is to maintain a history as hypothesis dependency graphs [55], depicting for
each conclusion the hypotheses upon which it depends. Unfortunately, recalculating the conclusion
from scratch in such systems can be expensive. The schema system therefore uses a procedural form
of this technique that preserves the computational state. The template requires that an OHM never
terminate, unless it has removed its object hypothesis from the blackboard. Instead, it waits for

messages that might affect its hypothesis. In this way, the OHMs provide a procedural dependency
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network. The invalidation of any hypotheses will cause all schema instances dependent on it to
wake up and compensate for the loss. This is efficient only to the extent that the Schema Shell
can ensure that any process waiting on a (currently) non-existent message consumes virtually no
resources. While this is true in our current implementation, we are presently running on only a
single processor. As we move during the next year onto a truly parallel, distributed machine in
the near future, this method of error recovery will be tested experimentally for its feasibility and
effectiveness.

OHM’s are also responsible for data synchronization. Generally, a strategy will read messages
of a certain type, processing each in turn. If, however, an OHM reads a message that alleviates the
need for a currently executing KS, it can abort or reset the strategy before that KS has completed.
Although currently unused, this ability could allow the system to synchronize data if necessary. It
must be kept in mind that the ideas just presented here are currently being developed and evaluated
in an empirical manner. New experiments are being developed in new domains, and the schema

system is being modified and tuned as these domains are explored.
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7 EXTENSIONS TO MOTION AND STEREO DATA

There are two obvious reasons why static image interpretation must be extended to analysis of
multiple images. First, many robotics applications involve a sensor moving through an environment
and information must be temporally integrated so that a dynamic model of the world is constructed.
The development of dynamically changing egocentric representations of a world in motion is a
challenging problem for computer vision. Second, the scene depth of objects and their surface
properties are important features for the interpretation of a scene and subsequent interaction with
the objects and the environment. Both motion and stereo may be able to provide this kind of
information from multiple images, although perhaps only over restricted ranges. Consequently, a
significant secondary focus of our research activity involves effcient recovery of this information and
integration with the static image analysis components of the VISIONS system.

Let us briefly consider some of the extensions that are necessary as we bring static vision
interpretation and motion analysis together. First, the current ISR must be augmented to include
surface patches derived from depth arrays (sparse or dense) obtained from motion analysis. Second,
tokens in the ISR should be enriched with depth and motion attributes: line and region tokens can
have 2D motion attributes, while surface tokens can have 3D depth and motion attributes. The
enriched representation provides additional features for interpretation; for example, a car moving
on a road might be segmented in an image sequence more reliably, and hypothesized to be a vehicle
more easily and reliably. Third, motion analysis of the past N frames allows predictive capability for
the next sequence of frames [25,108,125]. Thus, much of the computation can involve monitoring
the following frames for expected changes. Attention can then be focussed on areas which are
different than expectations or where a more accurate analysis is required.

Our research has both empirical and a theoretical components. We will outline the key areas of
our motion and stereo research, providing references of our own work, but we will not attempt to

survey the extensive literature in these areas. For recent surveys in these areas refer to [4,7,22,69,71].
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e
The goals of our work include the following:
1. Correspondence of 2D image events occuring in multiple images [5,6,7,47). &=
This is a key capability that in some manner is at the foundation of the computation for any
motion, stereo, or registration algorithm. Matching of local intensity windows via correlation,
-

or points and lines via symbolic token matching are carried out for either a binocular pair or
a motion sequence. The result is a disparity array in stereo analysis or a displacement field in
motion analysis. Hierarchical processing, both for correlation matching and gradient-based
methods, is an important and effective technique in motion analysis that is actively being =
explored in our laboratory (7,46,152]. ‘

2. Temporal Grouping of 2D Image Events.

™y
The coherence of an image event across a sequence of images should provide a robustness that
is impossible to achieve in a single static image. Thus, perceptual organization of space-time
edges into lines can use both dimensions where neither alone would suffice. -
3. Recovery of relative sensor motion when it is unknown [1,2,3,77,78].
This requires decomposition of general motion into its translational component and rotational -
component. In unconstrained general motion 5 parameters must be recovered, while in cases
of constrained sensor motion fewer parameters specifying the sensor motion must be recovered
(e.g. pure translation involves 2 parameters). -
4. Computation of relative environmental depth from known or recovered sensor motion
(1,2,3,25,77,78,125,126,153,154].
Once the axis of translation is available (and the rotational component is removed), then "
displacements of image features are constrained to move along linear paths radiating from
the focus of expansion (FOE), which is the point of intersection between the infinite image
[

plane and the axis of translation (see Figure 7.1(a,b)). The rate at which the projection of an
environmental point moves between frames is a function of the depth of the environmental
point, the distance of its image plane projection from the FOE, and the relative rate of motion
of the sensor to the environmental point. Given known camera parameters and a displacement -
field, the depth of environmental surface elements can be computed up to the accuracy of the
image measurements.

5. Detection of independently moving objects [1,2,3,8].

The recovery of motion parameters and environmental depth is complicated when the scene

contains independently moving objects. The moving objects must be segmented from the =
static environment, so that the motion of the object can be recovered. The relative translation

between the moving object and the moving sensor can be used to compute the depth of the

moving object. This is a very difficult problem and may not be solvable in many situations =
due to inherent ambiguities in the measurements.

6. Computation of depth from stereo [7,152)].

This area is well-studied, but still needs to be integrated with motion processing. Process- rl
ing of stereo and known translational motion have the common problem of obtaining depth

from feature point correspondences along constrained match paths, although the problem of -
ambiguity in the match process is still an issue. ‘—l
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7. Fusion of stereo and motion processing.

Constraints from binocular motion should allow more effective depth recovery than either by
itself. This area is only beginning to receive attention in the feld.

8. Surface recovery from depth arrays.

Once depth is available, then the problem of recovering surface information must be consid-
ered. There is growing interest in this area, but there has been limited research in the field
up to this point in time (see also Section 3.3.4.), and one can expect many difficult problems
similar to those for intensity and/or color segmentation.

]
Our current research projects have made significant headway in a number of these areas. The

research has a theoretical foundation, but a significant consideration has been the development of
robust algorithms tested on synthetic data with ground truth, as well as motion sequences derived
from a sensor moving through natural scenes. Developments within the laboratory include a robust
algorithm (developed by Lawton) for recovery of sensor translation [77,78,108], possibly the only
algorithm at this time for detection of moving objects under general unknown sensor motion that
has been successfully applied to real data (developed by Adiv) [1,2], a 2D matching algorithm that
integrates a hierarchical orientation-dependent confidence measure with a smoothness assumption
in the extraction of dense displacement fields (developed by Anandan) [5,6,8], and a hierarchical
gradient-based relaxation method that achieves local smoothness in a dense displacement field
(developed by Glazer) [46,47). This set of algorithms demonstrates some degree of effectiveness for
the recovery of motion parameters, displacement fields, and depth arrays in a variety of situations,
although the techniques have not been integrated into motion systems for analyzing natural images.
As a first step in the process of integrating motion analysis with our interpretation system, we
ha;re chosen to focus on some well defined subproblems of the general problem of a dynamic sensor
translating through an unknown environment. We are secking to determine a sparse depth map of
environmental points under translational motion that is known up to some limit of experimental
accuracy in the motion parameters [25,125,126]. The local ambiguity in the matching process
(often due to the resolution of the discrete matching process) leads to ambiguity in recovering

environmental depth. Bharwani has developed an algorithm that uses correlation matching at
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a coarse image resolution to obtain a coarse estimate of depth from an initial pair of frames.
The coarse depth result is used to predict displacements and a search window in a future frame.
Additional frames are then used to refine the depth map via a finer resolution search for a match
in the localized area (see Figure 7.1(c)). The technique allows refinement in depth estimates over
the sequence of images while maintaining constant computational limits on processing between
frames: as the accuracy of the environmental depth increases, the search window gets smaller and
the match resolution can be correspondingly 'increased. Thus, both “start-up” and “updating”
strategies follow naturally as part of a temporal and spatially hierarchical processing paradigm.

The inaccuracies actually are not one-dimensional as implied in Figure 7.1(b) due to digitization
error (among other sources of error). Snyder [125] provides a thorough quantitative analysis of the
effect of uncertainty in the locations of the FOE and image feature points in a pair of digital
frames. A reasonable default assumption is that there is some degree of uncertainty due to the
digitization process, typically + 1/2 pixel when subpixel interpolation has not been used. Thus, the
search window is actually two-dimensional as in Figure 7.1(d). The analysis includes the estimated
accuracy in depth from previous frames to form an error range in computed depth, and with
the error range in locations of FOE and feature points, a two-dimensional search space can be
computed for future frames. Snyder’s main conclusions are that uncertainty in the feature points
(Up) dominates uncertainty in the FOE (Uy,) unless Uy, is much larger than U,. This theoretical
analysis has lead to a modification of the windows to a two-dimensional area as shown in Figure
7.1(e). Note that the best match in successive frames shows the object moving and more accurately
estimates the image displacement and hence the depth range.

Finally, there is a similar analysis underway by Snyder related to the relative accuracy of stereo
and depth computation for environmental points at different distances and which appear in different
locations in the image relative to the FOE. This analysis will also explore the theoretical limit of

stereo and motion analyses to discriminating a moving object from the adjacent static background
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at a similar distance {126].
As these algorithms provide information on the depth of environmental points, they will be used

to enrich the ISR so that more effective interpretation can take place. In addition, there is a research

project underway to use both efforts to navigate a mobile vehicle in an outdoor environment on

the UMass campus [11,12].
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8 PARALLEL ARCHITECTURES

8.1 Architectural Requirements for Vision

Real-time machine vision has turned out to be one of the most computationally intractable
domains of artificial intelligence research. It requires that an interpretation of a changing scene
be updated with every new video frame, once every thirtieth of a second, or no worse than once
every N frames, for some small N (e.g. 3-15). Each color video frame of reasonably high resolution
(512x512) contains approximately three-quarters of a million values. Thus, just performing a single
operation on each data value would require executing about 23 million instructions per second to
keep up at full video rate. However, many researchers believe that vision requires 2 to 4 orders of

magnitude more computation.

Some of the architectural issues to be addressed for vision stem from the specific requirements

of the problem:
e The ability to process both pixel and symbol data.

e The ability to transform an image into a set of meaningful symbols that describe it.

e The ability to select particular subsets of data for varying types of processing.

e The ability to quickly access both low and intermediate data without having to move large
amounts of information in and out of the processor.

A key design goal for an effective architecture is the ability to maintain the low and
intermediate representations simultaneously in the same machine: sensory data in pixel format and
symbolic region, line and surface representations. The necessity of transferring an image to an
external processor for evaluation by a sequential program in order to continue further processing
must be avoided. It is time consuming to transfer the volume of information contained in an image
and its derived descriptions. Even if it took no time to accomplish the transfer, the time required
for serial evaluation would still be too great. Instead, the low-level vision processor must be able
to provide enough feedback to the controlling processor to allow all of the operations to take place

within the low-level vision machine itself.
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There are many types of parallel architectures that have been proposed for use at specific levels
of vision processing. At this point in the development of the field of computer vision there is no
consensus among leading researchers on approaches to real-time vision. However, as we outlined
earlier, there seems to be a growing consensus towards the need for at least two, and probably
three forms, of processing. Consequently, there almost certainly needs to be at least two types of

processing elements, and possibly three, with different levels of computational granularity.

Thus, we believe that the most significant architectural conclusions derived from an understand-

ing of the full computer vision problem are:
1. the multiple levels of representation and stages of processing require very different types of
processing elements, in terms of both granularity of data and the form of algorithms that
need to be applied; and

2. the communication pathways between, and within, the processing levels and their bandwidth
requirements must be considered an integral part of the architectural structure [83].

8.2 Processing Characteristics at Each Level of Vision

We have mapped the three levels of abstractions discussed throughout this paper into a
three-level tightly coupled architecture in which each level has the appropriate structure for the
set of tasks at that level. The most well understood stage is the low-level where there is uniform
computation at local points, usually at each pixel across the image. At this level we are concerned
with pixels, which are nﬁmerical image data organized as a spatial array. Operations such as
smoothing, edge detection, region segmentation, feature extraction, and feature matching between
frames in motion and stereo processing are performed in SIMD fashion. Some of these operations
may require processing over larger image distances, and therefore this type of processing may
overlap some forms of intermediate-level processing discussed next.

At the intermediate level our concern is with symbolic tokens for lines, regions, and surfaces
which specify extracted image events. The types of operations needed at this level are partitioning

and merging operations. These tokens are transformed into more useful structures on the basis
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of information from both the low-level operations and high-level hypotheses about the possible
objects in the image. The intermediate level also requires specialized processors. Consider the
large numbers of line and region fragments that can be generated by even the most robust low-level
algorithms. To perform grouping operations we need a large amount of less local communication
between intermediate processors. We need to match fragments of lines and merge them across
potentially large fractions of the image. Similarly, regions need to be merged, and sometimes
compared with others from possibly non-contiguous areas. For it to be done quickly requires
architectual support for both inter-level and intra-level communication, as well as a flexible data
manipulation repertoire of instructions. The Intermediate Symbolic Representation is a database
which must operate as a server for the queries made by both the high-level and intermediate-level
processing elements.

At the high level we are concerned with semantic processing involving mechanisms for focus of
attention, the formation and verification of object hypotheses, and knowledge-based inference using
complex control strategies for fusion of information from multiple knowledge sources. This type of
processing involves extensive non-local symbolic computation and is most effectively performed on
LISP type machines. The computational and communication needs of these processes is provided
by a network of high-level processors which provide the third tier of processing power needed to
solve the image understanding problem. Knowledge-based processing involves structures such as
frames or schemas, with associated rules to be applied to tokens, in order to carry out interpretation

using the context of expected objects and their relationships.

8.3 Communication Between Processing Levels

Central to vision processing is the flow of communication and control up and down through all
representation levels. In the upward direction, the communication consists of image abstractions
and segmentation results from multiple algorithms (and possibly from multiple sensory sources).

It also involves the computation of a set of attributes of each extracted image token to be stored in
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a symbolic representation. Summary information and statistics allow processes at the higher levels
to evaluate the status of low-and intermediate-level operations.

In the downward direction the communication consists of knowledge-directed control of pro-
cessing and grouping operations, the selection of subsets of the image, the specification of further
processing in particular portions of the image, the modification of parameters of lower level pro-
cesses, and requests for additional information in terms of the intermediate representation.

Thus, a key problem in selecting the appropriate two or three types of processing elements for the
required computation is how the communication between machines can be structured. One cannot
simply plug two interesting machines together if they cannot achieve the required communication
bandwidth between them. Levitan’s recent doctoral dissertation [83] documents research in the
UMass architecture group over the last several years to identify and quantify the important aspects

of communication in parallel algorithms and architectures.

8.4 Motivation of Associative Processing

Because associative computation may not be very familiar to many computer scientists and
computer vision researchers, let us briefly motivate their concepts in a bit of detail [43,137]. There

are four processing capabilities that we will consider basic to associative computation:
1. global broadcast/local compare,
some/none response,

count responders, and

Lol

select first responder

Associative processing is a technique whereby the processors of the array have the ability to
compare sets of data broadcast, from a central controller Lo their own local (pixel) data. They can
then conditionally process both local data, as well as broadcast data based on the results of those
tests. As a simple example, processors can conditionally store different broadcast tags based on

the values of local data and thus associate their values with tags to support symbolic processing.
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Associative processing can best be understood by an example of a single controller (a teacher)
interacting with an associative array (a class of students) [43,136]. A teacher who needs to know
if any student in a class has a copy of a particular book can ask each student, in turn, if they
have the book. This would correspond to a computer program running sequentially though all the
pixels in an array (or all the region tokens in a symbolic representation) looking for a particular
intensity value. On the other hand, the teacher can simply state, “If you have the book, raise your
hand.” The students each make a check, in parallel, and respond appropriately. This corresponds
to a broadcast operation from the contoller, and a local comparison operation at each pixel in an
array to check for a particular value. Both operations assume that the local processors have some
“intelligence” to perform the comparison. Clearly, the cost of the extra local intelligence is offset
by the savings gained in time, which for images is on the order of the number of pixels (i.e. 1/4 of
a million).

Query and response is just the first part of associative processing. Thus far, only a scheme for
content addressable comparison (“If your hand is up, I'm talking to you.”) has been described. To
perform associative processing, we must be able to conditionally generate tags based on the value
of data and use those tags for further processing. An example of this kind of association would be,
“If you have an excuse from your mother or a doctor, then you can consider yourself ‘EXCUSED’.”
A condition of the data has been associated with a label or tag. For region tokens simple operations
could be performed such as: if the intensity, color, and texture attributes are each in a certain range
(i.e. rules on token attributes), label yourself “POSSIBLE-SKY”. The interesting processing comes
when the controller starts performing multiple logical operations on tags. Since each pixel or token
could have multiple tags based on properties of the data, as well as things like spatial coordinates,
operations could be performed like: if you are NOT-TREE and NOT-ROOF and (POSSIBLE-SKY
or POSSIBLE-CLOUD) and IN-TOP-OF-IMAGE then label yourself LIKELY-SKY. As processing

continues, only sub-sets of the pixels are involved in any particular operation. Pieces of the image
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are selectively processed based on their properties, but all pixels with a given set of properties are
operated on in parallel.

The ability to associate tags with values is half the battle for high-speed control. Responses
must be received back from the array quickly. Forcing the teacher to ask each student if they
have their hand up defeats the process. The teacher can see immediately if any of the students
have their hands up, and can quickly count how many do. Similarly, a Some-response/No-response
(Some/None) wire running though the pixel array allows the controller to immediately determine
properties about the data in the array, and therefore the state of processing in the array without
looking sequentially at the date values themselves.

Additionally, fast hardware to perform a count of the responders allows the controller to see
summary information about the state of the data in the array. Programs can then be written that
can conditionally perform operations based on the state of the computation. The teacher can see if
most students have their books, or not, and plan the lecture accordingly. By using the properties
of the radix representation of numeric values in the array we can use the counting hardware to sum
the values in the array. The ability to sum values gives us the power to compute spatially weighted
averages such as the center-of-mass of a region.

These examples of students and pixels illustrate the power of associative processing. Associative
processing is a paradigm for communication in the upward direction and control in the downward
direction between each pair of levels in the hierarchy. Criteria can be broadcast for selecting pixels,
or regions, or symbolic tokens for selective processing. In this way higher levels control lower levels.
The response that comes after processing data can be tested and/or counted to control conditional
branching for the next step of processing in a given algorithm. Thus, the lower levels provide
feedback to higher ones.

The associative select operation “select-first-responder” provides one more mechanism for trans-

ferring non-summary information from a lower to a higher level in the vision processing hierarchy.
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The higher level may select a single value in a lower level and read it out. This transfer of infor-

mation is one-to-one: a single value at a lower level is copied to a higher level. The select-first

operation is also useful for spreading-activation algorithms, where an initial seed point must be

chosen.

8.5 Overview of the UMass Associative Image Understanding Architecture
(IUA)

The University of Massachusetts (UMass) is developing a three-level tightly-coupled associative
architecture to achieve real-time performance at all levels of vision processing [84,90,138]. The
UMass Associative Image Understanding Architecture (the Umass Associative IUA) combines an
integrated approach to the three types of computation outlined, including the critical problems of
communication between the three levels. The proposed architecture is a synthesis of an associative
(or content addressable) processor and a cellular array processor at the bottom level (developed
in Weems’s doctoral dissertation [137]), interfaced to a network of intermediate communications
processors, and a network of high-level symbolic processors at the top level.

The IUA is depicted in Figure 8.1 with the following levels:

o CAAPP (Content Addressable Array Parallel Processor [138].

A 512x512 array of one-bit-serial ALUs and associative processing capability;

e ICAP (Intermediate Communication Associative Processor)

A 64x64 array of 16-bit-parallel ALUs and associative processing capability;

o SPA (Symbolic Processing Array)

An 8x8 array of microprocessors capable of LISP symbolic processing, each of which can serve
as a global associative controller to the sub-arrays below.

The associative nature of the UMass IUA (at all levels), combined with the tight coupling

between levels, supports the high-bandwidth inter-level communications and control needed to
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perform both sensory-to-symbolic transformations and high-level symbolic processing. Of particular
importance is the ability to store both sensory data and the symbolic representation of lines, regions,
and surfaces in the same physical cellular memory at the bottom two levels so that the global
associative processing mechanisms can be applied to both without any movement of data.

The key to associative parallel processing is that data can be queried and retrieved in parallel
extremely quickly. The retrieval mechanism is based upon accessing data by its content. The
machine allows global broadcast from the controller to all cells; an activity bit to be set by each
cell for its response; and the global response from the array of cells to the controller in terms of
a count, some/none and select-first functions. In particular, a comparand may be broadcast from
central control, and cells whose contents fail to match the broadcast comparand will be turned off so
that operation of exact match to comparand, greater than (less than) comparand, maximum, and
minimum, may each be performed in parallel on all cells of the memory. Thus, in the intermediate
symbolic representation, one can set the activity bits for region tokens which are blue and high in
the image by properly broadcasting comparison instructions to all cells, and then the number of
responders, if any, can be ascertained immediately. If desirable, the find-first capability will allow
sequential access by the global controller to all responding cells at approximately the instruction
rate of the machine.

The CAAPP array is a 512x512 SIMD array of 262,144 simple processing elements, with 64
cells on a chip and 8x8 chips on a board. Thus, the design includes a processing element for each
pixel at the sensory processing level with 256 bits of RAM, five register bits, and a one-bit ALU for
bit-serial arithmetic and logic functions, and simple data routing circuitry. Information in each cell
can be moved North, South, East, or West on the array so that neighboring cells can communicate
with each other. It excels at very tightly coupled, very fine-grained parallelism; its architecture is
especially oriented towards associative processing with global summary feedback mechanisms.

The ICAP is also a square grid array processor ((N,S,E,W) communication network), intended to



VISIONS January 9, 1987 80

perform intermediate-level processing on image events and tokens that are in physical registration
with the pixel data. It provides data reduction and a high bandwidth communication channel
between the lower level processors and the SPA, (see below) and allows partial results from widely
separated image events to be combined quickly. There will be an array of 64x64 ICAP elements,
one for each chip in the CAAPP array at the lowest level. Each of the 4096 ICAP processors
consists of a 16-bit parallel ALU, 64K bytes of RAM, and data routing hardware.

The Symbolic Procesing Array (SPA) is configured as a network of 64 powerful, general purpose
microprocessors intended for performing MIMD high-level symbolic operations, and for controlling
sub-array processing in the ICAP and CAAPP arrays. Each SPA processor is associated with
an 8x8 array of ICAP processors and 64x64 array of CAAPP cells. The communication between
processes will primarily be in terms of a “blackboard” architecture with communication managed
by the processes themselves. As these processes run and make requests to the ICAP (and sometimes
directly to the CAAPP), they extract information about the image and post the results of their
analysis on the blackboard for other processes to use. At the beginning of processing, the lower
arrays will be controlled by a single global controller and run entirely as a full-scale SIMD processor;
at later stages when hypotheses are posted on the blackboard the machine will be multi-SIMD with
each of the 64 symbolic processors controlling an ICAP and CAAPP sub-array to run independent
processing strategies.

During the last four years the architecture and vision research groups at UMass have gone
through three designs of the CAAPP, two VLSI layouts of the CAAPP, built a set of simulators,
implemented 35 algorithms, analyzed and revised instruction sets, and produced two doctoral
dissertations on associative processing and parallel algorithms that form the basis of this work
[83,137). The ICAP and SPA are more recent design stages. A test chip of the 3u NMOS version
of the CAAPP processing element has been received from the MOSIS facility and is undergoing

testing. The ICAP is being designed now and in its first implementation may be built with a
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commercially available chip. The goal of our research effort is the construction of a 1/64 processor
slice of the proposed hardware architecture with an associated software support environment; the
implementation and final design effort is being carried out jn cooperation with Hughes Research

Laboratories, which will be building the initial board(s). The initial prototype will be a board with

4096 CAAPP cells, 64 ICAP cells, and controlled by one Lisp processor.

8.6 The VISIONS System on the IUA

The VISIONS system on the IUA can be depicted by modifying Figure 6.2 as shown in Figure

8.2. The SPA implements the schema system and communicates object hypotheses through the
STM blackboard. The three major differences in the diagrams reflect:
1. the mapping of low-level sensory processing onto the CAAPP array;

2. the embodiment of the ISR (i.e. the intermediate tokens) in the CAAPP and ICAP memory,
instead of having the lower half of the STM blackboard as a separate data base; and

3. the parallel and associative nature of communication and retrieval of data between the SPA
and the ICAP and CAAPP arrays.

The last point that should be noted is that the ISR can be shared in the CAAPP and ICAP
memory. The information in the 64 CAAPP cells (64 x 256 bits = 16k bits) can be copied into the
associated ICAP cell (64k bytes x 16 bits = 1024k bits) in a fraction of a frame time, and high-level
queries can access information from either at approximately instruction rate. The symbolic data
in the CAAPP can be structured via a linked list so that any token of sufficient size (i.e. greater
than some size threshold of pixels) can use the memory of the CAAPP cells as a linked list, storing
an ordered set of token attribute-value pairs across the memory of the cells/pixels in each region.

Of course we expect there to be many questions in the reader’s mind concerning the implemen-

tation of the algorithms that we have described in this paper. Any reasonable level of detail is

beyond the scope of the broad presentation of this paper. Thus, we can only briefly motivate the

techniques that underlie the algorithms; in that regard we provide a single algorithm in a bit of

detail in the next section.
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8.7 Implementing the Straight Line Algorithm on the Associative ITUA

The straight line extraction algorithm described in Section 3.2 was modified to take into account
the massive parallelism available on the IUA and will be used to motivate how the structure of the
machine might be used. The general idea is to run the line detection part of the algorithm in a
hierarchical fashion using CAAPP cells, one ICAP processor, and one SPA processor. The resulting
line support (or gradient orientation) regions extending over the artificial boundaries are merged
in a later step. Thus, each pyramid is concerned only with the area of the image underneath it.
The timing information included here is an estimate of the execution times of the various portions
of the algorithm; it reflects all data movement times as well as algorithm execution times.

The line computation process begins by loading the image into the CAAPP, computing the X
and Y directions of the gradient at each cell, and then uses a table lookup technique to generate
the gradient direction to a resolution of 1 degree. Each cell now has the gradient direction and
magnitude. The quantized orientation bucket for each cell is then determined by broadcasting
the bucket boundaries to each cell (in parallel). Since there are two sets of buckets (rotated
from each other by 22.5 degrees), this is done twice. The total execution time up to this point
is approximately 1/2 ms, assuming an 8-bit image. Next, a connected components algorithm is
executed independently in the CAAPP area under each ICAP cell for each of the two partitions
generated by the overlapping orientations, and one of these is selected by a voting process using
a select-first and response count scheme. The connected components and voting process takes
approximately one ms.

A connected components algorithm is now executed at the ICAP level over the 8x8 ICAP cells
associated with one SPA processor. This involves associatively accessing the line support region
attributes from the CAAPP level and requires approximately 3 ms. Since some regions extend
outside the boundaries of one SPA, the whole process is repeated at the SPA layer and requires

approximately an additional 5ms. At this point, all of the attributes of a line support region are
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either in the memory of an ICAP or a SPA processor. For each region, the line corresponding to
the moment of maximum inertia is found, rather than by intersecting the two planes in the original
algorithm. Here, both ICAPs and SPAs are running concurrently. Assuming that each ICAP or
SPA is computing for no more than 3 or 4 lines, the maximum time for this step is roughly 3-4ms.

Finally, the line attributes are broadcast back to the CAAPP level to the endpoints and other
attributes (if necessary). This is accomplished at the controller level and involves broadcasting the
line label and characteristics. Each pixel in each line support region then calculates whether it lies
on the line. The broadcasting step for the line information is done sequentially for each region and
the pixel calculations at the CAAPP level is done in parallel for all regions. The first step requires
approximately 3.5 us for each region; assuming 1000 regions the time required is on the order of

3.5ms. The second step requires 1ms.

At this point, each line is represented by the pixels which belong to it and a line label; total

execution time of the algorithm is roughly 17 ms.
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9 Conclusions -

The VISIONS system has undergone a continuous evolution over the years, driven primarily by
a deeper appreciation of the nature of image understanding as both our research and that of the
field have progressed. The current version of our system has produced reasonable interpretations of
fairly complex outdoor scenes (e.g. house scenes and road scenes), and variations of the system have
been applied to aerial images with some success. We view the system as an experimental testbed
within which further evolution may be accomplished; we expect that there will be long term but
slow improvement in the power and capabilities of the system as particular areas/modules/system
components are improved and generalized.

Several areas of research are being vigorously pursued. One of these is the integration of motion
into the interpretation process and the concurrent investigation into dynamically changing egocen-
tric world representations. A second component of the system which needs significant development
(and there is some effort underway) is the three-dimensional representation of shape and meth-
ods for using three-dimensional information during interpretation. Although the current system
has some three-dimensional knowledge of objects and can infer some three-dimensional structure,
the capabilities are not adequate for a system expected to exhibit a reasonable degree of gener-
ality. There is an effort underway that involves compilation of 3D information into a network of
2D characteristic views associated with objects and scenes [36]. A third area of research involves
the inferential /evidential reasoning capabilities of the system, particularly methods for inferencing
over the knowledge base using partial information from many sources. We have explored Dempster-
Shafer mechanisms for evidential reasoning over the past 3-4 years [85,113,116,142,143,146], and
we now have a version of an object hypothesis system based on feature evidence that operates
in a manner similar to the rule-based object hypotheses presented in this paper; comparisons of
effectiveness are planned. However, the use of Shafer-Dempster evidential approaches to carry out

propagation of partial beliefs/evidence in a semantic network has not yet developed to a point
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where it is clear how and whether to integrate it into our system. Mechanisms for propagating
confidences/ probabilities/beliefs will contine to be a primary research issue. Fourth, the knowledge

base of the system needs to be expanded to more objects and more intepretation strategies, and

the system needs to be exercised on a wider variety of images. We have a series of experiments
planned for the near future which will exercise both our entire system and test our research group’s

ability to build a knowledge base for new task domains relatively quickly. Finally, in the UMass

Image Understanding Architecture, we are actively exploring computational architectures suited to

the types of Processsing inherent in image understanding, explicitly taking into account the set of

algorithms presented in this Paper and the bandwidth requirements of the communication channels

between the different levels. When a physical slice of the architecture is constructed it will be used

to run real-time vision interpretation experiments.
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(a) (b)

(c)

Figure 1.1. Original images. These images are representative samples from a larger data
base that is used in our experiments. All are 256 x 256 pixels in spatial resolution; the
color resolution is 8 bits in each of the red, green, and blue components, except (h), which
is monochromatic.



Figure 1.1, continued

(e)



(h)

Figure 1.1, continued



Figure 1.2. Closeup subimages from original images. In many cases, the identity or
function of an object or object part cannot be determined from a small local view. Only
when the surrounding context becomes available can the objects be recognized.
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Figure 1.3. The VISIONS System: Processing and control across Multiple levels of
representation are depicted in this system overview.



(a)

Figure 3.1 Histogram-Based Region Segmentation. (a) Original image from roof/chimney
area of Figure 1.1(c) showing the sector boundaries. (b) Histograms of the four adjacent
sectors 5,6,9, and 10. Peaks and valleys are extracted, and labels are associated with
peaks; the dotted lines mark the valleys and the numbers denote the size of the peaks. (c)
Region boundaries formed by mapping the histogram labels to pixels and finding connected
components. (d) Augmented cluster set after propagating peaks from adjacent sectors. (e)
Region boundaries produced by the augmented cluster set. (f) The original subimage and
region boundaries during the three peak propagation steps; after two iterations of peak
propagations, no further peaks are added to any sector and the process terminates. Note
that the sensitivity in the peak extraction process was not sufficient to detect the sky-wall
boundary.
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Figure 3.1 continued



_‘g N g ] g g ;% f g r %

3

3 T3

—3

r‘*‘*@ 7—‘—%

(b)

Figure 3.2 Results of Histogram-Based Region Segmentation. The algorithm has a sen-
sitivity parameter controlling the peak extraction process and the resulting number of
regions produced. In each case the parameter was set to “high” or “very high” sensitivity
for each of the 16 x 16 sector subimages; (a) High sensitivity intensity segmentation; (b)
High sensitivity segmentation of the red component (R from RGB); (c) Intensity segmen-
tation at very high sensitivity; (d) Red color plane segmentation at “very high” sensitivity;
(e) Intersection of R,G, and B region segmentations at very high sensitivity (or equiva-
lently the union of R,G, and B boundaries). Note the recovery of additional interesting

boundaries beyond the intensity segmentation at the expense of additional fragmentation
across the image.
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(c) (d)

Figure 3.3 Line Extraction from Gradient Orientation. (a) Surface plot of a relatively
sharp and high contrast edge; (b) Regions produced by a connected components algorithm
applied to the labels of the orientation partitions; (¢) Pixels included in the line support.

region are highlighted by dots; (d) The resulting straight. line overlaid on the set of pixels
making up the line support. region.
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Figure 3.4 Results of Line Extraction Algorithm. (a) Initial line set; (b-e) show the results
of filtering the initial line set on various attributes of the lines; (b) High gradient magnitude
lines with gradient > 10 gray levels per pixel; (c) Short high gradient magnitude lines
with length < 5 and gradient > 10 gray levels per pixel; (d) Long high gradient lines
with length > 15 and gradient > 10 gray levels per pixel; (e) Lines with length > 10;
(f,g) Two road scenes.
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Figure 3.5 Region Merging. The result of applying rule-based region merging to the
output of the histogram-based region segmentation algorithm. (a) After region merging
applied to Fig. 3.2(e) which is the RGB region segmentation; this result should also be
compared to both Figure 3.2(c) and Figure 3.2(e); (b) Intensity segmentation at high
sensitivity of the other road scene in Fig. 1.1; (c) Three-color intersection of RGB region
segmentations at high sensitivity; (d) After region merging; note that portions of the
road boundary and telephone pole detail are preserved with relatively few regions in the
segmentation.

15




TWTER TG e el

VA @é;éﬁmﬁmﬁ$gég;

= i @fma g
. " "- T A. B k o
R I e - «‘_‘r_, ”e <’ - .
\ . - - {W?‘ R oo )
o Nt S
"““’/'Z. o~ ul’"’,\)‘( IS Laf : _.,_-_!_";;f:_l__ mm‘r ,._.‘,'
7 AR - T P e
R T AT B 1 w oo
R - et L st I
S 7 rRpa_t '—]
L'J-\EE - C 10
_‘f}' Mj::v_’ 18 » 187 we 1
&ar r ™ T R ey !
" [[3} =
(a) (b)
[z
‘ PR Y B o
_
=
=
& o R ST A T,
. st z » —
(< Be mzb’:"ﬂ{@ I —— Egry
—g"rg:__f;’T Ty X %E; o ELE (O
e o I AT —— oo - o
(c) =
Figure 5.1 Region Segmentations for Interpretation Experiments. Each of these images '—]

was produced by the histogram-based region segmentation algorithm at high sensitivity,
followed by the region merging algorithm to reduce the number of regions.
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Figure 5.2. A Simple Rule as a Constraint on a Token Attribute. The two histograms
obtained from a sample of hand-labelled images show the frequency of feature values of re-
gions for all objects and the frequency of feature values of regions associated with a specific
class of objects. The simple rule is shown as a piecewise-lincar function mapping feature
value fr into a response R (0-1 range). The object-specific mapping is parameterized by
six threshold values and stored in thed knowledge network.
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Figure 5.3 Example of Complex Object Hypothesis rule for grass. (a) Histograms of
color feature called “Excess Green” (defined as 2G-R-B), with a simple rule shc.)wn as a
superimposed piecewise-linear function; (b) Response of simple rule coded as intensity
(high response is bright); (c) Complex rule for grass.



(a) (b)

(d)

(c)

Figure 5.4 Examples of Applying Complex Rules to Generate Object Hypothesis rules.
Each object has a complex rule which can be used to rank order a type of token in a focus-
of-attention process. Each image shows the rule response for regions coded in intensity

(high = bright).
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Figure 5.5. Examples of Relational Rules and Information Fusion. (a) A texture mea-
sure is formed by extracting short, horizontal lines which are INTERIOR to a region.
The resulting set of lines are shown; (b) The density of extracted lines can be used to
form a region attribute for rank ordering the regions; the density of shading depicts the
region rating; (c) Telephone pole hypotheses can be generated by finding regions which are
BOUNDED by pairs of parallel vertical lines; the line pairs formed by extracting vertical
lines then selecting BOUNDING vertical lines, and finally PARALLEL pairs of BOUND-
ING vertical lines are shown; (d) The region scores are shown mapped back to the image
(hatched regions have no long vertical lines and are vetoed). Note that further analysis of
the regions with high scores will be necessary to fully and accurately extract the telephone
poles; (e) Vertical and horizontal BOUNDING lines are extracted; (f) The region-line ag-
gregations provide a focus-of-attention on rectangle hypotheses that form the geometric
structure of the shutters/windows of the house.
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Figure 5.5, continued
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Tigure 5.6 Grouping via Geometric Relationships. (a) A graphical illustration of spa-
tial proximity for orthogonal lines. Both the degree of proximity defined via parameterized
distances t4 and ¢ and the degree of deviation from orthogonality will contribute to the
SPO measure for a pair of lines; (b} All lines of length > 5 (pixels) extracted [rom Fig.
I.1(h); (c) Four example groupings obtained from a connected components algorithm for
all lines which satisfy any of the SPQ, SPP, and SPC relations.
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Figure 5.7 Straight Line Grouping (a)-(e) Grouping Relations; (a) Proximity - lines
are candidates for grouping with L; if they are within the linking radius R; from endpoint
Py, where Ry is a function of the length of L;; (b) Orientation - lines must have similar
orientation; (c) Lines must be close in the lateral direction; (d) Endpoints - the endpoint
P, must be close to the projection of endpoint Q, ; (e) Overlap - the lines must not overlap
too much; P must be closer to the projection of @, than to the projection of Qy; (1) Link
Graph - for each line there is a candidate group of lines which are possible extensions from
each endpoint; (g) Straightness test - each sequence of lines is tested and the straightest,
is selected if it passes a threshold test.
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(c) (d)

Figure 5.8 Hierarchical Grouping of Co-Linear Segments. (a) Initial line segments in
subimage of chimney; (b) After two cycles of grouping; (c) After four cycles; (d) After
six cycles; (e) Final results on whole image; lines of length 1 were filtered out; (f) After
filtering on length and contrast.
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Figure 5.8 continued




(c) (d)

Figure 5.9 Additional Examples of Hierarchical Grouping of Co-linear Segments. The
algorithm can be applied everywhere as a bottom-up line extraction process or applied in
local areas under top-down control.
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Figure 6.1 Short-Term Memory (STM) and Long-Term Memory (LTM) in the VISIONS
System. STM consists of the data structures which form an interpretation of the scene.
It is a hierarchical multi-level directed graph representation, where the lower levels are
the symbolic tokens extracted from the sensory data and the higher levels are the inferred
concepts of object and scene labels, as well as surface and volume hypotheses. LTM consists
of stored knowledge about the world. [.TM is organized hierarchically via the PART-OF
and IS-A relations over the scene and object schemas. The schemas contain interpretation
strategies that are responsible for matching the expected structures in the scene to the
data in STM, and for creating the image-specific instance of the schema.
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“'W@m { Knowledge Base
Hemery

B Models of scenes
f and objects

(BlackBoard)

ripti 2D and 3D

s tion ‘ .

o s.t::e:e § representations
e sart Interpretation

object part

| contro Strategies

S m 4 N e deE RS L

hierarchy

3D descriptions

l Intermediate

Senser
image Abstractions

Keewledge

Segmentation Algerithm Symbatic — ey
Regions Representation | interpretation §
Lines Surfaces § Processes |

Motion to depth maps Regions | Simple control

Stereo to depth maps Lines :

Surface Extraction

§ No direct access|

etc.
l to blackboard

Senser

Figure 6.2 Overview of VISIONS System Components. Sensor Processes operate on
sensor data producing a symbolic token in the Intermediate Symbolic Representation. Note
that the short-term memory is a blackboard divided into the ISR with a large number of
tokens and the inferred scene and object descriptions. Scene and object schemas form
long-term memory; associated interpretation strategics can be invoked and executed in
parallel on a multiprocessor (called the SPA) with each node accessing the blackboard
independently. Knowledge sources are distinguished from schemas by their simplicity of
control and that they do not directly access the blackboard.
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to extend the interpretation.
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|
Figure 6.3 Exemplar Selection and Extension. One of the standard interpretation strategy

involves the selection of exemplar tokens, which are then used as an
(a) Exemplar regions for SKY, FOLIAGE, and GRASS,
selected as the highest ranking regions candidates via their object hypothesis rules; (b) The
similarity between the exemplar region for grass shown in (a) and all regions; brightness
encodes similarity.
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Figure 6.4. Steps in the schema directed interpretation of a roof. (a) region representation
with the initial roof hypothesis region marked; note that it is fragmented because of the
tree shadow; (b) the set of lines that were [iltered on length and contrast to produce initial
candidates for the interpretation system; (¢) the set of lines intersecting the hypothesized
roof region; (d) long lines bordering the boundary of the roof hypothesis region; (e¢) new
roof hypothesis after merging regions which are partially bounded by the long lines in the
previous image; (f) after joining colinear, nearby segments and removing close parallel
lines; (g) the completed boundaries to forming the hypothesized roof trapezoid.



Figure 6.5. Result of Schema Interpretation Strategies for Generating Object Hy-
potheses. (a) roof; (b) grass; (c) shutters; (d) foliage; (e) sky. Each of the object hypotheses
shown here can be applied independently and in parallel. Each object hypothesis gener-
ated must be verified and in many cases further refined. Note the shutters in (c) where
some regions are incorrectly labelled and others are missing. Nevertheless, these object
hypotheses [orms a partial interpretation that can be further developed incrementally.
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Figure 6.6. Example Final interpretations. These images show the final results
obtained by combining the results of the interpretation strategies under the constraints
generated from the knowledge base. (a) interpretation key; (b-d) interpretation results. In
(d), the missing boundary between sky and wall results in a labelling conflict for the side
wall (which is shown labelled as sky here). Note: These experiments did not significantly
utilize the line information in the interpretation strategies for grouping and information

fusion as discussed in Section 5; those capabilities have been more recently developed and
are being integrated at a general level.
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Figure 6.7 Feedback-directed Resegmentation and Interpretation. (a) There are multiple
conflicting hypotheses for the shaded region; (b) the result of a resegmentation process
with more sensitive setting; (c) the resulting interpretation when the resegmented regions

are added to the initial segmentation and reinterpreted.



R Schema Instance

Local Memory - object Specific Model, Recognition State Information.

OHN- Object Hypothesis Malntenance, Control of Strategies.
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tency flict

Rule-Based | | Exemplar Verification | | Examination] | Multiple
Initial Extenslon, | | of Expactad| | of Missing Inter-
Hypotheses Boundaruy Relations, Features pretations,
Context Completion | | Additional and additonal
Qenerated Related Features. Relations, features.
Init Hyps. Parts. Occlusion.

Figure 6.8 The Schema Template. The template provides a skeletal structure to guide the
construction of schemas; it incorporates seven concurrent interpretation strategies which
support various stages in the life of a hypothesis: creation, extension, integrating support,
checking consistency, resolving conflict, and creating other related hypotheses.
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Figure 7.1 Multiframe Recovery of Depth from Translational Motion. (a) For pure trans-
lational motion, displacements of image features are constrained to move along linear paths
radiating from the focus of expansion (FOE), which is the point of intersection between
the infinite image plane and the axis of translation; (b) An environmental point of approx-
imately known depth D will be displaced a distance d with an uncertainty interval of
84; (c) As depth is refined over multiple frames, future search windows §; can be smaller
and matched at higher resolution; (d) The search window R; is actually two-dimensional
because there is actually two-dimensional uncertainty R in the position of the FOE and
two-dimensional uncertainty Ro and R; in the position of the feature points < po > and
< pl > respectively in two previous frames; (e¢) The 2D correlation surface at successive
temporal matches at higher resolution.
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(d)

Iteration 1 = | Pixel Resolution Jteration 2 - 1/2 Plxel Resolution
Polnr A Point 18
Max inum Correlation Value 0.9608 Maximum Correlation Value 0.9853

Iteration 3 - /4 Plxel Resolut lon Iteration 4 - L/8 Pixel Resolution
Point 18 Point 18
Maximum Correlation value 0.9437 Maximum Correlation Value 0.9447

(e)

Figure 7.1 continued
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Content Addressable Array Parallet Processor (CAAPP))
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of 16-bit processors
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Fig.ure 8.1 Associative Image Understanding Architecture (IUA). There are three levels
of tightly coupled parallel computing elements with associative communication and control

between levels.
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