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Introduction

Model-based vision relies on the interpretation of ob-
servations of component features in order to identify
an object. Computer vision systems observe features,
which provide evidence for the existence of the whole
object. However, events external to the vision sensor
can produce misleading evidence which in turn can lead
to false recognition. For example, in military target ac-
quisition, the combination of the weather and the ter-
rain frequently creates a reflection of the sun off a lake
resulting in an observation with properties similar to
a real target and leading to a false recognition. These
"background effects" can be eliminated by the addi-
tion of contextual knowledge to enable the interpreta-
tion process to identify and eliminate false observations.
Unfortunately, recognition systems which exploit con-
textual knowledge typically have two limitations. First,
the manpower and expertise involved in anticipating
and encoding the possible types of confounding effects
is a major obstacle in building the requisite knowledge
base. Second, the knowledge is usually embedded in
the object model, resulting in an object and environ-
ment specific system that cannot be readily extended
or transferred to new domains.

One approach to overcoming these limitations is to
develop a generic model-based recognition system which
is capable of learning a significant portion of the contex-
tual knowledge needed to eliminate background effects.
This paper describes work in progress at the Colorado
School of Mines in conjunction with IBM Federal Sys-
tems Corporation on such an object recognition pro-
gram which identifies deficiencies in its own knowledge,
notifies the operator who will construct an explanation
for the occurrence of the background effect, and use
explanation-based learning to generalize the result for
other situations and/or objects. The intended appli-
cation is target acquisition, however the results of the
project are expected to be extensible to other domains.

This work is being supported by a grant from the Cob
orado Advanced Software Institute.

Our Approach
A twofold approach is taken to learning contextual
knowledge for discerning background effects. First,
a distinction is made between the role of contextual
knowledge in interpreting evidence and the generation
of evidence from observations of features in the ob-
ject model. This distinction is formally expressed by
context-free perceptual and observational grammars.
The grammars are expected to simplify what has to
be learned, aid in abduction, and to permit the object
model database to be extended. The second aspect of
our approach is to utilize the principles of explanation-
based learning (EBL), while taking advantage of the
availability of an operator to aid in constructing the
explanation of why certain observations are misleading.
Operator assisted EBL is a natural fit for this project
because the learning system is expected to both update
the knowledge base with the cause of a specific back-
ground effect from the explanation given by the opera-
tor, as well as to generalize it to other situations. The
grammars and how they provide a structure for learn-
ing contextual knowledge in perception is the focus of
this paper.

Perceptual Grammar

The perceptual and observational grammars developed
in [10] formalize the composition of the percept and
how to interpret evidence, thereby supplying a struc-
ture suitable for learning contextual knowledge. They
are extensions of traditional model-based representa-
tions used in computer vision. Traditional techniques
typically attempt to model a percept in terms of com-
ponent features. The composition of the percept is ex-
pressed with some variant of a directed, acyclic graph
(DAG), most notably Bayesian belief nets [2], influence
diagrams [7], or relational graphs [4, 5]. The desired
percept is the root of a graph with component features
as the children. DAG models exploit the advantages as-
sociated with graphs: compact storage, ease of traver-
sal, and the ability to append information (such as ev-
idential contribution) to vertices. DAGs also have ad-
vantages specifically for modeling: they represent per-
cept compositions, support object instances as a "copy"
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p~- 8p
p ::~ percept.connectlve d d+

d ::---- de*cription..connective (cornponent)(cornponent)+

(component) ::ffi (feoture)~d]p

(feature) ::ffi
primitive [(extended)[(relational) [(compound) [(functional)

(extended) ::---- extending.connective (component)

(relational) ::m rel6tionsl_connective ( co~qponent ) (eornponent +

(coTnpound) ::~ compound.connective (component)

(functional) ::m functlon&l_connective (component)(cornponent)+

Figure 1: Production rules for Gp.

of a DAG for a class of objects, and allow links to view-
points.

Unfortunately, current instantiations of DAGs are ad
hoc and have other disadvantages. The DAG models
are rigid; they are either developed for a single percep-
tual task ignoring the need to model different uses (for
example, a model sufficient for recognizing a coffee cup
may not be sufficient for grasping the cup) or monolithic
ignoring the role of selective perception. The models
tend to be committed to a particular set of primitives
(such as generalized cylinders). Many modeling tech-
niques favor strictly geometric features and restrict rela-
tionships to IS-A and PART-OF hierarchies, excluding
other types of features (e.g., qualitative, functional).

The graph representation was extended and encap-
sulated into a context-free perceptual grammar in [10],
leading to a DAG capable of supporting a broader fea-
ture palette, selective perception, and sensor fusion.
The underlying concept of the perceptual grammar, Gp,
is that a percept can be expressed in terms of descrip-
tions. A description is a collection of features which
are necessary and sufficient for the accomplishment of
a particular sensing objective; therefore each descrip-
tion is selectively perceptive. A feature is not limited
to a particular type; the grammar recognizes primitives,
such as edges and regions; relational features, such as
bigger, adjacency, distance, compactness, above, and
beside [1]; compound features, including grouping by
perceptual organization techniques [8]; and functional
features, for example "sitability" [12]. The family of
descriptions of an object for all sensing objectives is
called the percept model. More than one description
can he used to represent the percept for a particular
sensing objective.

The grammar is given by Gp = (Np,Tp, Pp,sp)
where: Np, is the set of nonterminal elements or fea-
tures; Tp, the set of terminal elements, are the con-
nectives (or sensing algorithms), and the basic feature,
primitive; P?, are the production rules; and sp, the start
element, sp E Np, is the percept: p. The production
rules, Pp, are given in extended Backus-Naur Form us-
ing prefix notation in Figure 1.

Observational Grammar

Gp must be supplemented because it suffers from the
same difficulties as traditional DAG based methods in
representing the transformation of evidence for features
in a model to evidence for a percept. DAG-based tech-
niques such as [2, 7] attempt to embed the evidential
contribution of a feature to the overall belief in a per-
cept directly at each feature node in the DAG. This
is challenging because the evidential contribution of a
feature may depend on the context. The description of
the sensing objective affects the belief in the percept
because some models are "better" than others. A de-
scription of a MY COFFEE CUP as a set of 3D surfaces
may be sufficient for recognition but a description us-
ing 2D features may be more distinctive. The choice of
sensors and algorithms will also influence the belief in
the percept. For example, the Sobel and Marr-Hildreth
operators are both edge detectors but give different re-
sults when applied to the same image. The surrounding
environment also plays an important role in determin-
ing the evidential contribution of a feature. Consider
recognizing MY COFFEE CUP, which is the only cup in
the office that particular shade of blue with a cracked
handle. There may be many coffee cups the same shape
and size in my office. Since it known to be the only cup
that color, blue contributes more evidence that it is MY
COFFEE CUP than other features in the description such
as size, shape, and cracked handle. On the other hand
if MY COFFEE CUP is at home where there are other
cups the same color blue, the evidential contribution of
the color diminishes while the contribution of observing
the cracked handle increases.

Traditional DAGs attempt to accommodate the im-
pact of the perceptual context on evidence by adding
new nodes and links to the model to reflect the prob-
abilistic conditioning of the evidence on the evidence
for the current context. Unfortunately this has many
undesirable side-effects. More nodes clutter the model
and add computational complexity to the evaluating
the graph. Also, it is impractical to determine the con-
ditioning effects in advance and generate the requisite
probability functions. More relevant for this paper is
that attempting to insert context knowledge at the fea-
ture level complicates learning because it merges the
contributions of observation and context for recogni-
tion, obscuring the source of any errors in perception.

The shortcomings in the perceptual grammar were
addressed in [10] which developed an observational
grammar isomorphic to the perceptual grammar but ca-
pable of evidential management and propagation. The
observational grammar produces a DAG whose struc-
ture corresponds to the composition of the percept
given by the Gp by limiting the introduction of con-
textual influences.

The observational grammar Go considers context as
a mechanism for interpreting: given that it is known MY
COFFEE CUP is the only blue one in the office and that
the region of interest is the office, blue counts more for
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(percept) d,o

(percept) ::ms percept.lnterpret&tion(deseriptiori) (description)+

(description) ::ffi

de.cription lnterpretation(evidential.f eature)(evidential.f eature)+

(evidential.feature) ::z

feature.interpretation feature.observed testure.expected

Figure 2: Production rules for Go.

recognition in that situation. Interpretation of the evi-
dence from the observation of a feature can be viewed as
different frames of discernment (i.e., frames of eviden-
tial reference). The grammar defines three such frames:

¯ Feature: how much belief there is for a feature in
the model. The belief in the expected feature given
the physical operating characteristics of the particu-
lar sensor and algorithm being used to observed it
is computed for each feature according to an fea-
ture_interpretation function.

¯ Description: how the belief in each feature is trans-
formed into belief for a description of the percept,
The role of each feature in the description may be
different from its role in the composition of the
percept (e.g., blue may count more). The descrip-
tion_interpretation function factors in the different ev-
idential contributions of each feature.

¯ Percept: how the belief in a description translates
into belief for the percept and its sensing objec-
tive. Since some descriptions offer more evidence
than others, the belief for the description may need
to be weighted. This is done through a descrip-
tion_interpretation function.

Essentially the feature_interpretation functions com-
pute how well what is observed matches the expec-
tations set forth by the model, while the descrip-
tion_interpretation and percept_interpretation functions
account for the context. It should be noted that the
observational grammar is independent of evidential up-
dating technique; the interpretation functions can be
implemented with Bayesian updating using causal ma-
trices as per [11] or by enlargement and refinement of
frames of discernment with Dempster-Shafer theory as
discussed in [9].

The resulting grammar, Go = (No, To, Po, So), can be
expressed as: No, is the set of nonterminal elements, or
types of evidence; To, is the set of terminal elements,
or interpretation functions and the feature_observed and
feature_expected; Po are the production rules; and So is
the start element, So E No: percept observation. The
production rules, Po, are given in extended Backus-
Naur Form using prefix notation in Figure 2.

Advantages for Learning

Using Up to model a percept has all the advantages pre-
viously ascribed to DAG representations in computer

vision, plus more. It can support any type of feature
through connectives which correspond to sensing algo-
rithms. The grammar is recursive, allowing complex
percepts to be constructed from other percepts. Each
description is a de facto model of the percept for a sens-
ing objective, therefore it is inherently supports selec-
tive perception.

The dichotomy of the representation into composi-
tion and interpretation by Go is expected to be ad-
vantageous for learning how to modify the evidential
contributions of sensors based on context. Learning
background effects should be simplified because only
the interpretation functions will be operated on, not
the percept models, permitting straightforward credit
assignment.

How the grammars and their associated DAGs are ac-
tually implemented will also play an important role in
automating learning of contextual effects. The imple-
mentation is expected to follow [10] where the percept
model DAG consists of frames (feature nodes) linked
by pointers (edges). The description and percept in-
terpretation functions are a set of rules attached to the
percept model itself. An executable sensing plan is built
by examining the percept model DAG and then select-
ing the appropriate description(s) sub-trees to meet the
sensing objectives for the projected environmental con-
ditions and sensor availability. The selected description
is itself a DAG. The sensor and sensing algorithms are
chosen and their sensing procedures and associated fea-
ture interpretation functions are placed in slots at the
feature nodes in the DAG. The DAG now satisfies Go.
The sensing plan is executed by a depth-first evaluation
of the DAG.

The frame implementation for the model and sensing
plan makes it easy to examine interpretation functions,
change them, and add more. Also, procedures for using
active sensing to disambiguate contextual effects can be
attached to the frames. Frames are expected to contain
slots with the justification for rules which can be ex-
amined by the operator and learning system in order
to construct explanations. Additional structures will
be needed for linking features, sensors, and conditions
so that a learning system can generalize the impact of
background effects to other percepts and sensors.

EBL

The grammatical representation and supporting data
structures described above should enhance learning of
contextual knowledge about perception. Operator as-
sisted explanation-based learning was chosen as the
learning technique because the data fusion system is
expected to both update the knowledge base with the
cause of a specific background effect from the explana-
tion given by the operator, as well aa to generalize it to
other situations.

The major issues in creating an effective explanation-
based learning system for eliminating background ef-
fects are: How does the system operationalize the oper-

146



ator’s explanation into an internal representation? The
system must be able to transfer the operator’s under-
standing into whatever internal representation is used
by the evidential reasoning component. Although a
natural language interface is outside of the scope of
this project, the choice of interface should not burden
the operator with understanding the internal represen-
tation. How does the system insure that a new expla-
nation will not introduce errors in other parts of the
knowledge base? The representation must support dis-
cerning the impact of an explanation and ask operator
for a further clarification if needed. 1low does the opera-
tor and system communicate? Given that the operator
should be shielded from having to know the internal
workings of the fusion system, how can the operator
communicate the explanation? Likewise how does the
system express the side effects that will be introduced
by an inadequate or ambiguous explanation?

Summary

Learning the role of contextual knowledge in interpret-
ing perceptual information is necessary for eliminating
false recognition. Work in progress on a system for
learning to eliminate background effects in target ac-
quisition using contextual knowledge is currently con-
centrating on the appropriate modeling of the percept
and related knowledge. The proposed DAG representa-
tion is expected to be extensible to other applications of
learning in computer vision. Future work will concen-
trate on building operator assisted explanation-based
learning mechanisms to act on these knowledge repre-
sentations.

The DAG is formally expressed by two context-free
grammars. The perceptual grammar Gp is concerned
with modeling the percept in terms of abstract descrip-
tions and features. The descriptions and features act
as building blocks for sensing plans and are similar to
logical sensors [6] and equivalence classes [3]. The ob-
servational grammar Go expresses the evidential contri-
bution of sensor observations of the percept, essentially
overlaying the structure given by Gp. It incorporates
physical models of imprecision and contextual knowl-
edge as three interpretation functions, rather than as
conditional probabilities. Learning will impact the in-
terpretations functions, not the object description and
features.
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