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Abstract

We study the problem of object recognition by con-
sidering it in the context of an agent operating in an
environment, where the agent‘s intentions translate
into a set of behaviors. In this contezt, an object can
fulfill @ function; if the agent recognizes this, it has
in effect recognized the object. To perform this {ype
of recognition we need on one hand a definition of the
desired function, and on the other the means of de-
termining whether the object can fulfill that funaction.
To illustrate this approach we describe the visual recig-
nilion abilities that might be needed by an autonomous
cleaning robot.

1 Introduction

Before we design successful vision systems that can
recognize objects, situations or any other patterns in
their environment in real time and act appropriately
in each situation, we must ask a set of basic questions.
Our design methodology and most of the research that
we will need to perform will depend directly on our an-
swers to these questions. Among the questions are the
following: What kind of information should a visual
system derive from images? Should this information
be described in some kind of language? If not, should
the information be in a single general purpose form,
leaving it to other modules to transform it to suit their
needs, or can a visual system directly produce forms of
information suited to specific modules? Are descrip-
tions of 3-D location and structure the only descrip-
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tions that should be produced by a visual system? Are
there sharply distinguished modules for vision, rea-
soning, memory, planning, etc., or are the boundaries
blurred and different sub-systems closely integrated
with one another?

When we work in the generally accepted paradigm
of general recovery [5] we have already given an an-
swer to the questions above. Indeed, if we consider
vision as a recovery problem, i.e. if we maintain that
the goal of visual perception is to create an accurate 3-
D description of the scene (shape, location and other
properties) which will then be given to other cogni-
tive modules (such as planning or reasoning), then we
are considering vision in isolation as a module of the
whole system. Our answers to the previously men-
tioned questions are then obvious. Following this line
of thought, most object recognition research can be
classified in the “recover and match” paradigm, where
first shape and properties of the object are recovered
and then they are matched with stored versions of the
objects that the system “knows” about. For this to
happen, we need models that can describe the shape
of a variety of objects using a few parameters; the
literature is quite rich in such models [2, 3, 4]. Never-
theless, there continues to be a lack of vision systems
that can recognize a variety of man-made or natural
objects in real time.

With this in mind, and the realization that com-
plete recovery of an object’s shape and attributes is
very hard [1], we propose an alternative approach to
the problem of visual recognition. It is clear that a
name or any symbol associated with an object means
little to a vision system that needs to interact with
that object. We need to ask the question: What are
objects for? Objects can suit a purpose, fulfill a func-
tion. If the observer recognizes this, in effect he/she
has recognized the object. To perform this type of
recognition we need on one hand a definition of the
desired function, and on the other the means of de-
termining whether the object can fulfill that function.



To find out if an object can fulfill a function we need
to perform various partial recovery tasks.

Different vision systems working in different envi-
ronments and in general performing different visual
tasks do not necessarily recognize objects using simi-
lar algorithms. A vision system that needs to recog-
nize only, say, ten types of objects from a very large
set does not necessarily work in the same way as a vi-
sion system that needs to recognize two types or 500
types. A visual recognition system that serves a high
velocity moving agent is not necessarily built in the
same way as a vision system for a stationary agent.
We propose that object recognition should be stud-
ied by also taking into account the agent that has to
perform it. An agent is defined as a set of intentions
and a set of capabilities for carrying them out given
as parameters along dimensions such as size, mobility,
sensory modality, etc. Since different agents, with dif-
ferent purposes, working in different environments do
not recognize visually in the same manner, it would
not make sense for us to seek a general (universal)
theory for object recognition. Instead, we should con-
centrate on developing a methodology that, given an
agent in an environment, will suggest how to perform
a particular recognition task.

2 Purposive and Qualitative Object
Recognition

We offer an understanding of recognition within the
frame of the agent. An agent is defined as a set of in-
tentions, Iy, I», ..., I,. Each intention Ij is translated
into a set of behaviors, By, Bga, ..., Brm. Each be-
havior By calls for the completion of recognition tasks
Tiit, Thiay - - -, Tkij. The agent acts in behavior By; un-
der intention I;;. The behavior calls for the completion
of recognition tasks Tyi1, ..., Tkin. The behavior sets
parameters for the recognition tasks. Note that the
same object can answer positively to several recogni-
tion tasks. Under some specific behavior a chair will

answer yes to some recognition task that is asking for

obstacles, under another behavior it will answer yes
to a recognition task that is asking for a sitting place,
and under another it will answer yes to a task that is
asking for an assault weapon.

The recognition process is viewed along the axis
intention, behavior, recognition task. In order for us
to have a full and complete theory of purposive object
recognition we should be able to make the two basic
transformations: first from the desired intention to
the set of behaviors that achieve it, second from a
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specific behavior to some needed recognition task(s).
In what follows we will present some of the problems
concerning these transformations.

It is possible to give a lower bound on the general
intention-to-behaviors transition. It can be showed
that the intention-to-behaviors problem with a finite
number of behaviors is undecidable by reducing it to
the halting problem. If we add constraints to our
definition of the problem we can move from undecid-
ability to intractability. For example, by constraining
ourselves to a constant set of objects we can show a
PSPACE-hard lower bound.

For the translation from behavior to a recognition
task we should have the following transformations.
One transformation that we have is from that general
function needed to a collection of sub-functions that
the object has to provide. This transformation is not
trivial. In addition, we need another transformation
into the needed perceptual data. Objects have lim-
ited observable characteristic information from which
we can infer which functional category the object be-
longs to. For example, does the object appear to be
immobile or mobile? (It can be momentarily station-
ary.) Is the object graspable? Does the object appear
to be organic or inorganic (animal, vegetable, min-
eral)? These are functional relationships (here func-
tional is been used in the utilitarian sense), which can
be translated, for example, into surface characteristics
and geometric properties in a crude qualitative way.
It should be emphasized, however, that not all func-
tional relationships can be determined by vision alone.
Vision can only extract a limited set of object prop-
erties such as shape, color, motion, etc. There exists
a plethora of object properties, such as electric, mag-
netic, chemical, thermal and mechanical, that can be
detected by specialized sensors other than visual. For
example, it is impossible to recognize that an unfamil-
iar object! is hard or rigid (especially when it is not
moving) using vision, while it is an easy task if we use
taction.

To summarize: under our framework an agent
acts in behavior Byj; under intention Ip. The be-
havior calls for the completion of recognition tasks
Tiit, . .-, Thin. The behavior sets parameters for the
recognition tasks. Each recognition task activates a
different collection of basic perceptual modules. Each
module qualitatively finds a generic object property
which is a result of one or a combination of direct
low-level computations on some sensory data (possi-

1Interaction with an object, experience, and learning attach
many properties to the object that were not acquired by vision
alone.



bly done by other modules). The result of a module’s
operation is given as a qualitative value. Each mod-
ule has its own neighboring open intervals which are
parameter-specific. The i*" module can take one of
¢i1, - - -, ¢in qualitative values.

The state of our recognition system, denoted by
Q:, is a tuple of all the qualitative values of our mod-
ules (q1,...,¢m) under recognition task Tj;;. Each
recognition task Tj;; defines a system state that will
constitute a positive answer to that recognition task.
Recognition is done when we complete our task, which
means a stable answer from our modules. At this point
we want to remark that a common recognition task
can be defined as a new module.

We have described the recognition process along
the axis intention, behavior, recognition task (i.e. top-
down). This process is well suited to a purposive agent
performing active vision. From this point on we will
restrict ourselves to a single recognition task Ty;; un-
der behavior Bj; and intention I. We will assume
that some parameter setting is done by the intention
and the behavior. These parameters fix the setting
for the current recognition task, which includes the
required system state (some of the modules might be
in the don’t care position) and possibly some addi-
tional “common knowledge” parameters, such as en-
vironmental parameters (outdoor, indoor), predator,
size, etc. From this point of view the recognition pro-
cess is using high-level information.

3 An autonomous cleaning robot - the
needed visual abilities

Following the above methodology we describe the
design of an agent equipped with visual sensors whose
purpose in life is to clean corridors. Here we are only
interested in the recognition tasks and not in the con-
trol aspects of this problem. We consider the envi-
ronment to be a single corridor, thus concentrating on
the visual problems involved and avoiding problems
related to planning a path through the building. It is
worth noting that some of the visual abilities of this
cleaning robot constitute a basic skeleton that is com-
mon to any autonomously moving agent in an indoor
environment.

Working top down from intentions to behavior we
got the following seven behaviors:

¢ Cleaning the corridor: Move and clean (M&C)

e Without hurting human beings: Stop and wait
(when a human is within some distance) (S&W)
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o Detecting obstacles: Obstacle (OBS)

Picking up small objects: Pick up small object
(PICK)

Pushing aside medium-sized objects: Push

(PUSH)

Bypassing large obstacles: Bypass (BYPASS)

Completing the task: (STOP)

The following recognition tasks needed to imple-
ment the various behaviors ?:

¢ Recognize the main cleaning area (i.e. find free
space, the main axis of the corridor along which
the robot needs to move as well as the position of
the floor): MCA

¢ Recognize independently moving objects: IMO

o Recognize static obstacles and their distances
from the floor: OBS

o Recognize the size category of the obstacle: SIZE
(big, small, med)

¢ Recognize dead-end (no free space): DEAD-END

The following visual modules are sufficient to im-
plement the above mentioned recognition tasks 3:

¢ Computing normal flow series: VM1

e Computing time-to-collision hazard maps: VM2
o Detecting anomalies (and finding the floor): VM3
o Detecting size: VM4

e Steering: VM5

The recognition tasks will be accomplished using
in parallel the above visual modules ¢ Clearly, there
exists a vast amount of redundancy in the above mod-
ules, which, however, contributes to the robustness of
the main behavior. The density of features in the im-
age can be used for assigning various degrees of confi-
dence to the results of the visual processing described.

In figure 1 we see the behavior-iransition diagram
where each node represents a distinct behavior. To

2A systematic way to do the translation is presented in the
full paper

3 A full description of the visual modules needed can be found
in [6]

4For example, to recognize the main cleaning area we use
the time to collision,detecting anomalies and the steering visual
modules.



Figure 1: The behavior-transition diagram. The arcs
represent those recognition tasks that trigger a dif-
ferent behavior. The numbers on the artcs indicates
priority (large number indicates high priority). The
different visual modules that are needed for each be-
havior are connected appropriatly with lines the the
specific behavior.

accomplish a behavior we need to carry out several
recognition tasks which are not shown in the diagram.
The arcs represent those recognition tasks that trig-
ger a different behavior . Since various events may
happen simultaneously a priority schema is needed to
arbitrate (large number indicates high priority). The
different visual modules that are needed for each be-
havior are connected appropriatly with lines the the
specific behavior.

4 Conclusions

We have presented an alternative approach to the
problem of object recognition. Instead of the common
bottom-up process of recovery, followed by fitting to
a model and matching in a database, we have formu-
lated the problem as a top-down process. Recognition
is studied in terms of the agent performing it, under its
intentions and the behaviors triggered by them. From
this point recognition translates partially to a verifi-
cation process that checks for the existence of phys-
ical properties that provide needed functionality. In
this way partial recovery of the scene is sufficient and

5¢hese recognition tasks (outgoing edges) are running in par-
allel to whatever activity is taking place during any behavior.

can be performed in a robust manner using qualita-
tive techniques. The above methodology was demon-
strated for an autonomous cleaning robot.

We see the main contribution of this paper as be-
ing the methodology proposed for building machines
with vision (intentions, behaviors, recognition tasks
under some environment). Our approach should not
be confused with unexpected object recognition [7],
which is a different problem from the one studied here
and is not directly relevant to the construction of ro-
bust machine vision systems. To better understand
our approach, one should think of recognition as uti-
lization, i.e. we recognize an object when we know
enough about it so that we can utilize it. This prob-
lem of utilization is easier than the traditional problem
of recognition which amounts to assigning symbols to
perceptual data.
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