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Abstract

The attendees of the Knowledge Representation and Ontologies for Autonomous Systems Symposium! applied their collective
intelligence in an attempt to solve one of the universe’s great challenges: how do you autonomously collect garbage from an
airport facility? The attendees divided into three pre-selected, cross-disciplinary groups that were headed by Stephen Balakirsky
(NIST), Elena Messina (NIST), and Scott Smith (Boeing). The teams were given limited direction and 3 h to develop a solution
to the problem. Results from the groups were briefed the following morning at a plenary session.
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1. Scenario

The challenge problem addressed by the working
groups was to design the knowledge architecture to
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enable a team of five autonomous robots (known as
TrashBots) to perform trash removal at an airport.
This involves identifying and removing trash from
the floor and seating area. The airport corridors con-
tain lanes (marked by yellow tape) that the Trash-
Bots must follow when observing or picking up a
piece of trash that is not in the lane. People in the
airport are not restricted from entering or leaving the
lanes.

The TrashBot must be able to distinguish between
people, trash, and other TrashBots. For each piece of
trash that is identified, the TrashBot must keep a record
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of all pertinent information about that object and why
it classified it as trash.

When possible, the TrashBots are expected to re-
cycle. There are specially marked trash receptacles
around the airport for paper, glass, and plastic recy-
cling. There are also numerous trash receptacles for all
other forms of trash. The TrashBot must identify the
type of trash it finds and place it in the proper recepta-
cle.

The TrashBots must cover the entire airport multi-
ple times every day. The TrashBots should know where
other TrashBots are at all times, and coordinate their
activities to ensure that they remove trash from the air-
port as efficiently as possible.

The TrashBots must have full awareness of their own
health status and know what action they are performing
at all times. They must be able to communicate this
information with the other TrashBots and proceed to a
repair facility when something goes wrong.

The TrashBots need to be cognizant of people who
are walking through the hallways, and for safety con-
siderations should be no closer than a predetermined
number of feet from any person at any time. Hence, the
TrashBot must make near-term predictions as to where
any person will be at points in the future to ensure that
it will never be too close.

While collecting trash, the TrashBots are also tasked
with identifying any suspicious package that they en-
counter, based upon qualities such as location, color,
odor, shape, and size. When encountering a suspicious
package, the TrashBot has a procedure that it must fol-
low. This procedure includes not getting too close to the
package, assess the package’s criticality, and providing
an emergency alert to a central base. The TrashBot must
also immediately inform the other TrashBots as to the
location of the package.

Each TrashBot is equipped with:

e A location system which informs it of its approxi-
mate location at all times.
o A sensory processing system that allows it to:
— segment objects in the environment;
— identify the color, shape, size, and odor of objects
in the environment;
— know the exact location of objects in the environ-
ment;
— identify lane markings in the corridors.
e A communication system that allows it to:

— transmit information to other TrashBots;
— receive information from other TrashBots.

¢ Separate finite-capacity holding containers for glass,
plastic, paper, and all other forms of trash.

¢ A robotic arm that can:

— grasp any type of object and place it in the proper
holding container;

— remove a bag from the appropriate holding con-
tainer and place it in the appropriate trash recep-
tacle;

~ re-bag each holding container.

e A mobility system that can move the TrashBot in
any direction.

2. Group’s task

Each group was tasked with defining a knowledge
architecture that provides a mechanism to capture all
pertinent information for the TrashBot to perform its
duties. The architecture would include specifications
for the different types of knowledge that will be in-
cluded, how that knowledge will be represented, and
what type of interfaces will be needed between the
knowledge sources. Note that the task was not to design
the TrashBot itself, but only those aspects related torep-
resenting and reasoning with knowledge related to the
TrashBot environment and task. This included defin-
ing the nature and contents of the TrashBot’s “world
model”, and how the TrashBot will use that world
model information.

As expected, the three groups chose different ap-
proaches to tackle the problem with two of the groups
focusing on creating a task decomposition, and the third
focusing on creating a knowledge decomposition.

2.1. Group 1'’s approach

Group 1 started by creating a complete task decom-
position tree that would allow for the derivation of a
set of low-level tasks (basis tasks) that are shared by
several higher-level tasks (see Fig. 1). The knowledge
requirements of these tasks could then be determined.
It was quickly realized that due to the combination
of time constraints and beautiful California weather,
a complete decomposition would be impossible, thus
efforts were refocused on deriving the knowledge re-
quirements for a small subset of the total task set.
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Fig. 1. Basic decision tree developed by Group 1.

Object classification was identified as a central task
for the trash-collecting robots. How will the TrashBot
tell the difference between people, trash, suspicious
objects, and airport infrastructure? This determination
was required for various higher-level tasks such as peo-
ple avoidance, recycling, and suspicious object report-
ing. This led to three major knowledge requirements.
First, the TrashBot should have an accurate a priori
map including all of the stable infrastructure in the air-
port environment. The map could be created by prior
entry and augmented by learning. A second require-
ment is that the mobile infrastructure in the airport en-
vironment (e.g. wheelchairs, janitorial carts) should be
tagged with radio frequency (RF) beacons. A database
of RF ids matched to object classes would enable gath-
ering of important information about the mobile ob-
jects. For example, knowing that a particular object was
a janitorial cart implies that there will likely be nearby
trash, and that it does not move quickly or often. This
gives rise to the third knowledge requirement: an object
knowledge database for storing these characteristics.

The TrashBot’s sensor suite would have to be relied
on to recognize the remaining objects in the airport en-
vironment (that were neither part of the infrastructure
nor tagged with RFIDs). Group 1 decided to implement
a decision tree (similar to an object taxonomy) to aid
in this decision process (a fourth knowledge require-
ment). The leaf nodes of this tree represented individual
object classes, and the branching decisions were tied to
the sensor systems of the TrashBot. The decision tree
was intentionally constructed to have the most reliable
object discriminators (based on available sensors) oc-

cur early in the decision process. Fig. 1 depicts a subset
of this decision tree. As depicted, decisions continue to
be made until the finest granularity of object that is re~
quired by any of the classification consumers has been
reached. For example, if the system detects a RF tag on
a moving object, classification is complete. However, if
a determination has been made that the object is an air-
port patron, further classification as to if it is an adult or
child is required so that the trajectory prediction mod-
ule can better predict the object’s future trajectory. One
possible discriminator for this attribute was determined
to be the objects size. Of course, the actual determina-
tion of what an object is only allows for easier access
into additional knowledge bases that help to determine
what should be done about the particular object (i.e.
knowing that a widget is located in front of you does
not tell you what to do with it). Further work would
need to be done to inform the TrashBot on how to react
to the object.

2.2. Group 2’s approach

This group started by examining the specific knowl-
edge that a TrashBot would need in order to accomplish
its mission. The knowledge was grouped into a number
of categories:

o Static spatial information—map of the airport, loca-
tion of lanes, trash cans, recharging stations, gates,
etc.

o Dynamic spatial information—Ilocation, velocity, di-
rection, and time of people, TrashBots, packages,
and other objects.

e Vehicle health knowledge—amounts of trash and
supplies, performance of subsystems, power level,
failure modes, etc.

e Object recognition knowledge—characteristics of
trash, suspicious objects, trash cans, fixtures, peo-
ple, as well as manipulation models of objects that
must be picked up.

e Situation recognition knowledge—trash that
is in use, flight loading/unloading, unattended
bags/objects, people trying to communicate,
emergencies, vehicle health problems.

e Operational knowledge—mission plan, current ob-
ject or goal, area of responsibility, status of other
TrashBots, model of own capability, exception han-
dling and recovery method, when and how to cali for
help.
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After exploring the knowledge that the TrashBot
would need, the group looked at two specific tasks that
would have to be performed; global activity planning
for all TrashBots and picking up trash that a Trash-
Bot located. For each of these tasks the specific knowl-
edge that would be required was identified, methods
of representing the knowledge were discussed, and al-
ternative reasoning algorithms were proposed. In the
course of this exercise, the group realized that the rep-
resentation of the knowledge was tightly coupled to the
reasoning algorithms that would be used. For instance,
the knowledge representations required to perform ob-
ject recognition might be very different when using
a neural network versus a feature-matching method.
There was a fair amount of unhappiness in the group
about this observation. It was also observed that in
“real world” engineering, a lot of interface represen-
tations would be defined by outside entities and that
this would constrain design choices. In addition, sys-
tem designed choices needed to be made to focus the
representation issues. For instance, the knowledge rep-
resentation would be very different between a system
that incorporated global activity planning for all of the
TrashBots, verses one that utilized emergent behaviors,
like swarming, for coordination. Overall, the scenario
provided an interesting way to explore the knowledge
representation and reasoning issues involved in design-
ing an autonomous system.

2.3. Group 3’s approach

The third group began with analyzing the functional
requirements for the TrashBot, with the intention of
defining the knowledge architecture to meet the re-
quirements. Some of the major functional requirements
were investigated in more depth, to tease out the knowl-
edge implications: what knowledge is required, what is
the role of knowledge, and what reasoning is required?
During the course of the breakout session, alternative
views of the problem were considered; for example,
breaking down the problem into the W's: “who, what,
when, where, and how.” Also, a scenario-based ap-
proach was taken, in which a group member played
the TrashBot, and asked questions about how it would
go about doing specific tasks.

The functional requirements of “looking and iden-
tifying objects” and “mobility” were looked at in more
detail. From examining the “identifying objects” task,

it became clear that classification of objects was nec-
essary, based on situation and context. For instance, a
newspaper is trash under some circumstances, but not
others. Therefore, this type of knowledge could use at-
tributes and relationships, all of which include uncer-
tainty, for classification. Attributes could include color,
shape, size, odor, location, orientation, texture, etc. (in-
cluding derivatives). Relationships could be proximity,
attachment, and context. Rules can be used to infer
when something is trash. These rules could be learned
over time. Indeed, humans could be queried by the
TrashBot about whether something is trash. The anal-
ysis of the mobility task helped discover the a priori
knowledge requirements, such as spatial representa-
tion, with feature layers and semantic tagging of loca-
tions. The variability of traffic patterns and trash density
within the airport dictate that support for dynamic rep-
resentations is required. This information can be shared
among the TrashBots.

Several alternatives were explored in the overall ar-
chitecture design. Three main areas were identified:
ontology and classification, a spatial reasoning system,
and a procedural, rule-based system. Once the principal
knowledge modules were identified, the group consid-
ered what reasoning should be done where. However,
there was not consensus reached on this point. For in-
stance, specialist modules that aid specific functions,
such as determining whether an object is trash, were
thought to be useful, but there was not agreement about
whether these specialists contained the reasoning or
just fed sensed attributes to an ontology that made the
classification decision. The third group had very in-
teresting and spirited discussions during the breakout
session, with numerous approaches and perspectives
evaluated. However, given the short amount of time
and diversity of opinions, no single approach was de-
veloped in much depth.

3. Summary

At the beginning of the breakout session when
the groups were being briefed on their tasks, one of
the participants in the audience stated “You mean all
we have to do is determine the knowledge require-
ments for the TrashBot, not design the TrashBot it-
self. That sounds too easy.” As the symposium at-
tendees learned throughout the course of this exer-
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cise, determining and representing the knowledge for
an autonomous system is not as easy as it may ap-
pear.

As expected, the three groups chose different ap-
proaches to tackle the problem with two of the groups
focusing on creating a task decomposition, and the
third focusing on creating a knowledge decomposition.
This provides insight that there is no “magic bullet”
in knowledge representations, and that different tech-
niques offer different advantages and disadvantages.
Allowing the participants to “get their hands dirty” by
addressing the challenge problem also confirmed the
belief that knowledge representation for autonomous
systems is a tough problem, and should receive more
attention from the community.

While no group was expected to complete the entire
challenge, each learned something that could provide
insight for future efforts. Group one observed that both
a combination of both a priori and real-time informa-
tion are required to perform object identification. They
also saw value in designing a hierarchical decision tree
for object identification that was based upon robot sen-
sor data. Tying together the physical hardware with
the knowledge representation structure would help to
ensure a tighter coupling between the two and more
efficient processing.

To group two’s dismay, they recognized that a tight
coupling exists between the knowledge representation
formalisms, the reasoning algorithms, and the system
design choices. In examining the knowledge represen-
tation options for specific tasks they found those op-
tions coupled to the reasoning algorithms that would
be used in accomplishing the tasks. In addition, sys-
tem design choices, distributed versus central control
for example, affected choices of reasoning algorithms.
Also, outside entities, such as suppliers or standards
bodies, would often dictate interface representations
and constrain design choices. These couplings sug-
gest the value of making early decisions in the sys-
tem design in order to focus the representation is-
sues.

Group three identified the need for context when
performing object classification. A newspaper could
be trash in some contexts (it is crumpled up on the
floor with no one around it) or may not be in other
circumstances (it is folded up neatly on the suitcase
of a person who is sitting right next to it). As such,
a level of situation awareness is necessary to identify

trash, above and beyond just the recognition of the ob-
ject.

Overall, the breakout groups were a success in
that they brought colleagues with diverse backgrounds
together to jointly attack a problem that they were
all interested in; knowledge representation in au-
tonomous systems. The different backgrounds allowed
the groups to perceive the problem from different
perspectives, allowing them to explore the issue of
knowledge representation taking into account differ-
ent needs and expectations, as opposed to design-
ing an approach that only satisfies a single perspec-
tive.
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