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Abstract

The premise of our most recent work is that a
recognition system can and should incorporate
both the symbolic labeling of the potential func-
tionality of an object and the steps to confirm
said functionality through interaction. Hence,
the task at hand is as follows. A researcher selects
an object and places it in the observation area of
a robot arm. An initial intensity and range im-
age are acquired. This initial state is the input
to a two-stage recognition system which first per-
forms the symbolic labeling of the object’s poten-
tial functionality and produces a plan for inter-
action for the object. The second stage involves
the interaction tests, guided by the plan for in-
teraction, to confirm the object’s functional use
in a task. This paper describes the current state
of the system.

Introduction

Our investigation into the use of reasoning about func-
tionality as a means toward general object recogni-
tion began in 1987. The initial paradigm for the
GRUFF (Generic Recognition Using Form and Func-
tion) project focused on the essential first step of being
able to use functionality to recognize an object by rea-
soning about its 3-D shape. Initial versions of GRUFF
aimed to answer the question— given a description of
the complete 3-D shape of an object, can a system ap-
propriately categorize the object according to the func-
tion(s) that it can serve? A sequence of increasingly
more competent versions of GRUFF has demonstrated
that the answer to this question is yes. Versions of the
system have evolved to appropriately categorize a do-
main of over 400 shapes from the super-ordinate ob-
ject categories “furniture”, “dishes” and “hand tools”
(Stark & Bowyer 1991, Stark & Bowyer 1992, Sutton,
Stark & Bowyer 1993, Stark & Bowyer 1996).

Once the shape-based reasoning labels the object to
indicate areas of functional significance, a plan for in-
teraction 1s created to direct a robot arm to interact
with the object and confirm its suggested functional-
ity. The following sections will discuss related work
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in this area along with our proposed method of ex-
perimentation in this direction and some preliminary
experimental results.

Related Work

The ideas behind grasping objects and reasoning about
function for the purpose of recognition are not new. A
number of researchers are actively studying this area.
One body of work has investigated performing interac-
tion with objects in a given scene without requiring any
model reconstruction or recognition (Ade, Rutishauser
& Trobina 1994, Bendiksen and Hager 1994). Other
researchers are focusing on using interaction to deter-
mine the material properties of an object, again, with-
out explicitly analyzing object shape (Bogoni & Bajcsy
1995, Krotkov 1994). The work which is most closely
related to ours includes research where models are re-
covered and interaction is performed based on hypoth-
esized areas of functional significance (Connell, J.H.
1994, Kim & Nevatia 1994, Rivlin, Rosenfeld & Perlis
1993, Rivlin & Rosenfeld 1995, Stansfield 1992). We
propose a method which is differentiated from other
work in this area by performing shape-based functional
object labeling first, as a means to guide later interac-
tion.

Function-based object recognition

The premise of our most recent work is that a recogni-
tion system can and should incorporate both the sym-
bolic labeling of potential functionality of an object
and interatction to confirm said functionality. In order
to accomplish this task there are three stages in the
evaluation:

e model building
e shape-based reasoning - static labeling

e interaction-based reasoning - dynamic confirmation

Model building

In order to create the 3-D model needed for recog-
nition, we rely on a model-building subsystem which
builds a 3-D polyhedral boundary representation called
an OPUS (Object Plus Unseen Space) model from a
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Figure 1: Analysis of Object Shape

range image (Stark & Bowyer 1996). The resulting
model includes the locations of actual object faces and
occlusion surfaces. From this information we build a
boundary representation model which can be provided
to our recognition system for further analysis.

Shape-based reasoning - static labeling

Our system analyzes the 3-D model of the object to
determine, based on shape alone, if the object can ten-
tatively function as a member of a particular generic
category of objects, such as furniture, dishes, or hand
tools. Each class of objects demands specific shape-
based functional requirements be met, such as pro-
vides_graspability or provides_cup/glass_containment
(see Figure ?7). This analysis supplies one (or more)
“potential” category labels for the objects, with some
measure(s) of goodness, and the identification of those
portions of the shape with specific uses.

The step by step process leading to shape-based
recognition involves the following levels of analysis:

e Evaluations of the shape - Each evaluation re-
turns a measure of certainty that some constraint
on the shape was met.

e Integration - A series of shape evaluations is nec-
essary to determine the compatibility of the shape
with a target functional requirement or category.

e Category decisions - When faced with a set of
alternative interpretations of the shape, categorical
decisions are determined by the highest final associ-
ation measure to some category.

In order to use the functional requirements to recog-
nize objects, the functional requirements must be con-
verted into calls to appropriate operators which act on
the shape to recover relevant information. There are
six operators (termed knowledge primitives or KPs)
which can be applied to determine functionality:

e clearance - of some area within or around the ob-
ject.

e dimensions - lengths, areas of surfaces.

e enclosure - locations of the concavities in the ob-
ject.

e proximity - of two surfaces or characteristics of the
object.

e relative orientation - of two surfaces of the object.
e stability - in a given orientation.

A series of knowledge primitives (KPs) are invoked to
operate on selected portions of the shape to determine
if requirements are met.

Interaction-based reasoning - dynamic
confirmation

Such analysis would assume that the material proper-
ties of the object are sufficient. In reality, this infor-
mation is difficult to infer reliably from shape alone
without actually using the object in some sort of task.
The results of the preliminary shape-based reasoning
provide us with the symbolic labeling we need to create
a plan for interaction, based on the areas of the object
with functional significance. Such a plan is developed
by the system and commands are generated to direct
interaction using a robot arm (see Figure ?7).

In order to determine the success or failure of the in-
teraction, new knowledge about how to “apply force”
and “observe deformation” is needed. For example,
it 1s possible for a cup-like object composed of pa-
per to pass shape-based analysis. However, during the
interaction-based analysis, the limitations of this ob-
ject should be detected, since the object is not func-
tional. Figure 77 shows the results of interacting with
a rigid wooden cup, and a non-rigid paper cup. One
way to study the decrease in functionality 1s by ana-
lyzing the deformation of the object boundary regions
derived from two sequential intensity images taken dur-
ing the interaction.

Current Implementation

The experimental paradigm discussed here involves us-
ing an integrated vision and robotics system to distin-
guish between functional and non- functional exem-
plars, based on either shape alone, or the results of
interactions which are suggested by successful shape
analysis. We are actively working toward the complete
implementation of such a system. With regards to the
Model Building subsystem, we currently assume that
multiple views have been combined off-line to provide
an almost complete 3-D model of the object resting
in its expected orientation in the scene. With regards
to the Shape-Based Reasoning subsystem, we currently
have a system which can analyze 3-D models of objects
from the categories furniture, dishes, and hand tools.
The resulting analysis provides a symbolic labeling of
the object which 1s used to direct a robot arm to inter-
act with the object. We are currently implementing a
set of interaction-based primitive tests to fulfill the dy-
namic confirmation of the object functionality. These
tests include:



Isthe object stable?

Can the object contain something?

Figure 2: Analysis of Object Interaction

e change_ orientation - The purpose of this primitive
1s to re-orient the object so that additional views can
be taken to build up a more complete 3-D model,
where a greater portion of the actual faces of the
object and scene are known.

e apply force - This primitive guides the robot arm
during interaction, using the following operations:
— PUSH - push on a given point on the object

GRASP/UNGRASP - grasp/ungrasp objects at a

given point

TRANSPORT - pull, raise, or lower the object

— POUR - pour a substance into the object at a
specified point

e observe_deformation - Using feedback from both
the robot and vision components, the goal of this
routine is to determine if the object is deforming
during the interaction, in comparison to a reference
instance of the shape. The deformation can be ana-
lyzed from the information available in the 3-D range
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Figure 3: Analysis of Object Deformation

image or from comparison of sequential 2-D intensity
images taken during the interaction.

Ten object models were created from a variety of
materials (Styrofoam, wood, paper, sponge, and foam-
core) for the initial run of experiments (see Figure 77).
The purpose for varying the material composition of
the objects was to test the completeness of our defor-
mation analysis. These objects were also created with
a variety of functional capabilities. Our goal was to
design objects which could fail at various points in the
recognition processing. Analysis of two example ob-
jects is depicted in Figure 77.

The system we have presented is work in progress,
and several of our important components for recover-
ing 3-D information are off-line. As we begin to ac-
quire these models during actual interaction, we hope
to be able to use this information to determine when
deformation has occurred and additionally to help cor-
rect path planning for the robot arm. However, even
with the assumption of an almost complete 3-D model
prior to interaction, the analysis of 2-D intensity im-
ages during the interaction to determine deformation
has provided promising results.

Scalability, Complexity

The system we have presented is directly scalable to
categories of manufactured objects whose functional-
ity is mostly physical. The corresponding category
definition tree grows slowly with the extension into
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new domains since the additional knowledge is based
on functional descriptions for each new category of 0b-
jects, rather than on defining new object instance mod-
els. Additionally, our interaction routines (apply force,
observe deformation, etc.) are designed to be generic
enough to apply to other categories of objects in the
dishes, furniture, and handtools domains. An analy-
sis of the complexity of the shape-based processing is
presented in (Sutton, Stark & Bowyer 1994).

Conclusion

This version of GRUFF represents a system operating
under what might be termed an expectancy paradigm.
An initial hypothesis is formed for recognition using
bottom-up visual and shaped-based reasoning alone,
expecting that material properties of an object are
sufficient. However, the results of this preliminary
analysis (yielding locations of important functional ele-
ments) can provide the guidance to instantiate further
(more expensive) top-down exploratory modules to se-
lectively attend to these areas. Just as a diversity of
underlying mechanisms support human cognition and
learning, we are designing GRUFF as a multi-stage
recognition process encompassing overlapping and par-
tially independent modules which operate on different
types of information.
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