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FOREWORD
Welcome to PerMIS’09!

The Performance Metrics for Intelligent Systems (PerMIS) workshop is dedicated to defining measures and 
methodologies of evaluating performance of intelligent systems. As the only workshop of its kind, PerMIS has 
proved to be an excellent forum for sharing lessons learned and discussions as well as fostering collabora-
tions between researchers and practitioners from industry, academia and government agencies.

The main theme of the ninth iteration of the workshop, PerMIS’09, seeks to address the question: “Does per-
formance measurement accelerate the pace of advancement for intelligent systems?” In addition to the 
main theme, as in previous years, the workshop will focus on applications of performance measures to practi-
cal problems in commercial, industrial, homeland security, and military applications.  

The PerMIS’09 program consists of six plenary addresses and six general and special sessions. The topics 
that are to be discussed by the speakers cover a wide array of themes centered on many intricate facets of 
intelligent system research. The presentations will emphasize and showcase the interdisciplinary nature of in-
telligent systems research and why it is not straightforward to evaluate such interconnected system of sys-
tems. The three days of twelve sessions will span themes from manufacturing, mobile robotics, human-
system interaction, theory of mind, testing and evaluation of unmanned systems, to name a few.

PerMIS’09 is sponsored by NIST, DARPA and NSF, with technical co-sponsorship of the IEEE Washington 
Section Robotics and Automation Society Chapter, and in-cooperation with the Association for Computing 
Machinery (ACM) Special Interest Group on Artificial Intelligence (SIGART). The Defense Advanced Research 
Projects Agency Information Processing Technology Office graciously provided funding to help support the 
workshop.   Special thanks are due to the National Science Foundation for providing funding to allow under-
graduate and graduate students to attend PerMIS this year.  We also thank Professor Holly Yanco of the Uni-
versity of Massachussetts – Lowell for organizing the student support grants program.   We gratefully ac-
knowledge the support of our sponsors.

We thank the special session organizers for proposing interesting topics and assembling researchers related 
to their sessions. These focused sessions provide an opportunity to delve deeper into specialized topics and 
to hear from experts in the field. Our thanks are also due to the Program Committee members for publicizing 
the workshop and the reviewers for providing feedback to the authors, and for helping us to put together an 
exciting program. 

The proceedings of PerMIS will be indexed by INSPEC, Compendex, ACM’s Digital Library, and are released 
as a NIST Special Publication. Selected papers from last year’s PerMIS have been published as an edited 
book volume by Springer Publishers entitled Performance Evaluation and Benchmarking of Intelligent Systems  
(Eds. Raj Madhavan, Edward Tunstel and Elena Messina). The book presents a detailed and coherent picture 
of state-of-the-art, recent developments, and further research areas in intelligent systems by drawing from the 
experiences and insights of experts gained both through theoretical development and practical implementa-
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tion in a variety of diverse application domains. The book will be available for your perusal during the work-
shop.

It is our sincere hope that you enjoy the presentations, the social programs, renew old relationships, and forge 
new ones at PerMIS’09!

Raj Madhavan 	 	 Elena Messina
Program Chair 	 	 General Chair	 	 	

SPONSORS
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ABSTRACT
Order fulfillment is a multi-billion dol-
lar business. Existing solutions range 
from the highly automated, whose 
cost effectiveness is inversely related 
to their flexibility,  to people pushing 
carts around in warehouses manually 
filling  orders, which is very flexible 
but not very cost effective. In this talk 
I will describe a radical new approach 
to order fulfillment that is  both flexible 
and cost effective. The key idea is to 
use hundreds of networked, autono-
mous mobile robots that carry 
inventory-storing pods to human 
operators. The result is  a distribution 
facility that is dynamic,  self-
organizing, and adaptive.
Various challenges had to be over-
come in order to make this an eco-
nomically  viable system, ranging  from 
design of robust autonomous mobile 
robots, real-time wireless control of 

hundreds of moving agents, the coor-
dination of these agents, and the design of various algorithms 
that allow the system to adapt and reconfigure itself based on 
the environment and operating  conditions. I will discuss these 
challenges and how they scale to future warehouses with thou-
sands—not just hundreds—of mobile robots.

BIOGRAPHY 
Raffaello D'Andrea received the B.Sc. degree in Engineering  Sci-
ence from the University of Toronto in 1991, and the M.S. and 
Ph.D. degrees in Electrical Engineering from the California Insti-
tute of Technology in 1992 and 1997. He was an assistant, and 
then an associate, professor at Cornell University from 1997 to 
2007. He is currently a full professor of automatic control at ETH 
Zurich. He is also a founder of, and chief scientific advisor for, 
Kiva Systems.
He is a co-recipient of the 2008 IEEE/IFR Invention and Entrepre-
neurship Award, a United States Presidential Early Career Award 
for Science and Engineering, and was the faculty advisor and 
system architect of the Cornell Robot Soccer Team, four-time 
world champions at the international RoboCup competition in 
Sweden, Australia, Italy, and Japan. He is a recipient of two best 
paper awards from the American Automatic Control Council and 
the IEEE, a National Science Foundation Career Award, and sev-
eral teaching awards in the area of project-based learning. A 
creator of dynamic sculpture, his work has appeared at various 
international venues,  including  the National Gallery of Canada, 
the Venice Biennale, the Luminato Festival, Ars Electronica, and 
ideaCity. 
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Mon. 8:30 am

ABSTRACT 
For robotic applications in hazardous, 
critical environments, the intelligence 
needed to provide functional value 
(i.e. reduced time, increased prob-
ability of detection, increased hazard 
source localization accuracy)  cannot 
be derived from a single behavior 
(such as obstacle avoidance, map-
ping,  or mine detection). Rarely do 
we find an integrated suite of capa-
bilities that is capable of accomplish-
ing an end-to-end mission. Intelli-
gence requires not simply behavior, 
but also the ability to use behaviors 
effectively towards a highly complex 
set of real-world, mission-level re-
quirements. If the level of robot initia-
tive and autonomy used in real-world 
missions is to increase, the underly-
ing mechanisms for behavior compo-
sition and human interaction must 
also change.
Many approaches to creating behav-
iors as well as orchestrating  them 

have been offered by the community 
including a variety of machine learning based techniques. These 
methods and algorithms are often highly elegant, formalized 
methods intended to streamline the development and testing 
methodologies. Unfortunately,  these all too often fail to provide 
truly intelligent systems that provide value in the real world. Why 
is this?
One clue may be found if we consider biology. Is there anywhere 
in biology where we can find an elegant, formalized, understand-
able method for behavior composition? Functional intelligence 
may be, in part, derived from many interwoven heuristics for se-
quencing and interleaving behavior. In the brain these heuristics 
are learned over time through experience and perhaps not in an 
elegant fashion. Artificial Neural Networks (ANNs) are intended to 
model the behavior derivations we find in biology, but although 
ANNs allow us to effectively capture particular perceptual and 
action pairings, we are still left with the fundamental problem of 
how to sequence and compose behaviors to get a real job done. 
Without this behavior composition, we may have capability, but 
enjoy meager intelligence.
Although this talk will not submit a solution to this fundamental 
challenge,  I would like to share a variety of experiments which, 
over the past few years, have allowed us to metric various com-
ponents of intelligence for mobile robots used in a variety of real 
world missions. These missions include chemical plume localiza-
tion, radiological characterization, urban search and rescue, mine 
detection and defeat of improvised explosive devices. To ac-
complish end-to-end missions in the hands of operators with no 
or little experience with robots requires a means to fuse compo-
nents of robot intelligence while hiding the behavioral complexity 
from the user.

PLENARY SPEAKER

Mr. David 
Bruemmer

5D Robotics, 
Inc., USA

Measuring 
the Benefits 
of Intelligent 
Behavior for 

Robotic 
Threat 

Detection

Mon. 2:00 pm
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The Robot Intelligence Kernel (RIK) is being  used to coalesce 
software components for perception, communication, behavior, 
world modeling, and human interaction into a single behavior 
architecture that can be easily transferred for use with a wide 
variety of robots and sensor-suited, low-level proprietary con-
trols. This talk will discuss implementation strategies employed 
to integrate these components into a functional system that pro-
vides high-performance utility for various real-world tasks. Of 
particular interest is the cognitive glue, a fuzzy logic rule base, 
used to sequence and blend these behaviors into mission-level 
capabilities, such as minesweeping or radiological characteriza-
tion. Lastly, the paper discusses agents within the interface that 
fuse various forms of robot and world representation. The inter-
face agents also filter and interpret human input in order to in-
corporate it seamlessly into the behavioral intelligence of the 
robotic system. Our strategy is to hide sensor and behavior 
complexity while providing a means to integrate human intelli-
gence at an appropriate level. In reviewing the benefits and limi-
tations of the RIK approach, the talk will provide system-oriented 
results from recent hazard detection experiments. In particular, 
the talk will detail a number of measurements focused on the 
complete (i.e. human + robot + software + interface) system met-
rics as well as various component measurements. 

BIOGRAPHY
Mr. David J. Bruemmer is Vice President for Research and De-
velopment at 5D Robotics, Inc.  where he is also a founder and 
board member.  Prior to joining  5D Mr. Bruemmer was Technical 
Director for Unmanned Vehicles at the Idaho National Laboratory 
(INL.)   For more than 14 years Mr. Bruemmer has enjoyed finding 
ways to fuse emerging  science and engineering into innovative 
technologies that can change the way robots interact with hu-
mans and their environment. He has authored over 50 peer re-
viewed journal articles, book chapters and conference papers in 
the area of intelligent robotics. Mr. Bruemmer has been recog-
nized by the President’s Office of Science and Technology Policy 
for his work to forge effective interagency research collaborations 
across the Federal government (e.g. NASA, Dept. of Energy, 
Dept. of Defense,  Dept. of Commerce, Dept. of Homeland De-
fense). He is a winner of the R & D 100 Award, the Stoel Reeves 
Idaho Innovation Award and the Federal Lab Consortium Award 
for Excellence in Technology Transfer. 
The Robot Intelligence Kernel (RIK), developed by Mr. Bruemmer 
and his team, is being used as a framework for integrating robot 
software into a standardized, interoperable architecture. Mr. 
Bruemmer has developed robot behaviors used for a wide variety 
of robots for applications including remote characterization of 
high radiation environments, mine sweeping operations, military 
reconnaissance, IED defeat, chemical plume tracing  and search 
and rescue operations. These efforts have yielded 11 Patents 
(Issued and Pending) and 10 copyrighted software inventions. 
His research in the area of countermine operations has demon-
strated a four fold decrease in time necessary to find landmines 
and an improvement of over 20% in probability  of detection 
when compared with the current military baseline.  Before work-
ing at the INL,  Mr. Bruemmer served as a consultant to the De-
fense Advanced Research Projects Agency, where he worked to 

coordinate development of autonomous robotics technologies 
across several offices and programs.

ABSTRACT
A robot observes the space within 
range of its sensors. In this “small-
scale” space, it detects hazards 
and makes local motion plans. As it 
explores its global environment, it 
knits  local spatial models together 
to build a cognitive map—a repre-
sentation of the global structure of 
“large-scale” space that extends 
beyond the sensory horizon of the 
robot at any given time.
We have developed the Hybrid 
Spatial Semantic Hierarchy (HSSH), 
a model of the cognitive map that 
covers both large-scale and small-
scale space, as experienced by the 
exploring robot. The key idea be-
hind the HSSH is to combine the 
strengths of multiple different rep-
resentations (ontologies)  for space, 

each relatively simple:  the Local Metri-
cal,  Local Topological,  Global Topological, and Global Metrical 
maps.
This hierarchy of representations supports a relatively simple and 
robust way for the robot to construct a useful cognitive map from 
exploration experience. It also supports robust and efficient 
planning of routes from one place to another, as well as multiple 
ontologies for communication between a robot and a human 
directing it in how to reach a desired destination.
The structure of the HSSH allows us to factor the evaluation task 
into simpler elements. Each level of the hierarchy can be evalu-
ated according to its ability to meet the needs of the other levels, 
and the hierarchy as a whole is evaluated according to the differ-
ent ways it can meet the needs of the robot agent, and how well 
each of those ways is accomplished. As a result of this factoring, 
each component is easier to evaluate, and has a lower bar for 
successful performance.

BIOGRAPHY
Benjamin Kuipers joined the University of Michigan in January 
2009 as Professor of Computer Science and Engineering.  Prior 
to that, he held an endowed Professorship in Computer Sciences 
at the University of Texas at Austin. He received his B.A. from 
Swarthmore College, and his Ph.D. from MIT. He investigates the 
representation of commonsense and expert knowledge, with 
particular emphasis on the effective use of incomplete 
knowledge. His research accomplishments include developing 
the TOUR model of spatial knowledge in the cognitive map, the 
QSIM algorithm for qualitative simulation, the Algernon system 
for knowledge representation,  and the Spatial Semantic 
Hierarchy model of knowledge for robot exploration and 
mapping. He has served as Department Chair at UT Austin, and 
is a Fellow of AAAI and IEEE.
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 ABSTRACT
The theme of the 2009 PerMIS is, 
“Does performance measurement 
accelerate the pace of advancement 
for intelligent systems?” Surely, 
performance measurement is 
necessary but not sufficient for the 
advancement of intelligent systems, 
and no measurement can 
compensate for badly designed 
per formance tasks or for 
performance becoming an end in 
itself. AI is drunk on performing hard 
tasks at high levels. Given a choice 
between power and generality, most 
of us choose power. Our programs 
depend on designed exploits, or on 
designed search spaces in which 
programs can learn exploits. Divide-
and-conquer, specific function, 
power over generality, and exploits 
are valuable engineering methods in 
many disciplines. They are apt to 
build machines that do one thing 

well.  Human intelligence isn't that kind 
of machine.
Fixing the current situation will require a disciplined stand against 
sophistication. It will require investments in general, child-like 
intelligence, and the investors might not see a return—high 
performance from cognitive systems—for some time.  I think this 
is a deal worth making, both because it is likely to succeed and 
because the pursuit of high performance returns low dividends.

BIOGRAPHY
Paul Cohen is Professor and Head of Computer Science at the 
University of Arizona. Before that he worked at UMass Amherst 
and the USC Information Sciences Institute.  His research is on 
planning, learning, cognitive development and language. He 
wrote a textbook on empirical methods for computer science 
and has worked on the evaluations of several DARPA programs, 
most recently PAL, Coordinators and Machine Reading.

ABSTRACT
Today, unmanned systems are oper-
ating  in-theater with untested col-
laborative capabilities. The vehicles 
are heterogeneous, in that they are 
developed by different contractors, 
they have different levels of auton-
omy, they have different sensors and 
capabilities, and they are physically 
disparate.  Unmanned air vehicles 
built by one contractor have never 
autonomously collaborated with un-
manned sea surface vehicles built by 
another contractor, and no one knows 
how they would perform if deployed 
together today. Their integrated use, 
however, is rapidly  growing in the 
military. As improvements in auton-
omy, sensing, and reasoning ad-
vance, collaborating, multi-vendor 
unmanned systems will be increas-
ingly employed to support challeng-
ing, tactical operations. The antici-
pated increase in sophistication drives 

the need for an ability to robustly test, 
measure,  and evaluate heterogeneous unmanned vehicles for full 
spectrum dominance and joint operations. We need to consider 
assessment methods to evaluate force-on-force and mission 
level the effectiveness of disparate unmanned systems collabo-
rating  in theater-wide scenarios. A key requirement for assessing 
autonomous unmanned systems is the realization that unmanned 
vehicles pose new challenges that are distinct from traditional 
approaches to assessing  systems. These challenges stem from 
the upcoming capabilities of unmanned systems being able to 
autonomously collect and process data, turn it into valued infor-
mation and knowledge, and then intelligently act upon it with 
little to no operator involvement. Autonomy at the individual ve-
hicle level involves transitioning cognition into decisions that 
drive actions. Based on the mission or operational environment, 
these unmanned systems may execute behaviors that cannot be 
precisely predicted. Assessments need to support evaluation of 
autonomous vehicle actions and judge whether the actions are 
reasonable and acceptable, without having precisely quantifiable 
metrics. Evaluating  these systems will focus more on capabilities 
and missions rather than mechanics. New approaches to meas-
uring their effectiveness will be adopted to support advances in 
autonomy and cognition, where the metrics and methods evolve 
and adapt, just as the systems do.

BIOGRAPHY
Dr.  Lora G. Weiss is a lab Chief Scientist at the Georgia Tech 
Research Institute, where she conducts research on the design, 
development, and implementation of autonomy and control for 
manned and unmanned systems. She has supported intelligent 
autonomy for unmanned underwater vehicles, unmanned air 
vehicles, and unmanned ground vehicles, and is currently 
engaged in research in exploring all aspects of the behavior of 
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these systems. Dr.  Weiss has chaired sessions at IEEE 
conferences, ASA conferences, and Navy Symposiums and 
currently chairs the ASTM Standards Development 
Subcommittee F41.01, on Unmanned Maritime Vehicle 
Autonomy and Control.  Dr. Weiss is on the Board of Directors for 
AUVSI, the world's largest non-profit unmanned systems 
organization. She has developed a video for IEEE Educational 
Services and has received several publication awards. Dr. Weiss 
has been Principal Investigator on numerous DoD programs 
sponsored by offices such as DARPA, the Office of Naval 
Research, and various Navy Program Executive Offices. She has 
provided over 150 technical briefs to high-ranking DoD officers 
and DoD technology offices. 

This video session serves as an introduction to the topic of 
developmental robotics (DR). It also serves to discuss some 
topics in the broader field of cognitive development, which can 
be explored by the DR research program.  DR is  a newly 
emerging interdisciplinary field that builds on 2 of the best tools 
we have to study cognition –robots and computer modeling.  DR 
studies how autonomous robots can acquire/construct skills, 
processes & knowledge on their own, strictly through their 
interactions with the surrounding environment.  A core idea is that 
intelligence is not solely explained by innate mechanisms that 
modularly organize the human brain. Instead the hypothesis is 
that much of intelligence/cognition results from a much dynamic 
process constructing  cognitive ability through a long personal 
development involving “embodied interactions” in rich  
environments. 

VIDEO SESSION

Dr. Gary Berg-Cross

 Knowledge Strategies, USA

Developmental Robotics in Theory and Action: 
a new way to Understand Cognition and Build 

Robots with Adaptive Abilities?

Mon. 12:45 - 1:15 pm

FOOD FOR THOUGHT: RELEASE OF WHITE PAPER

Prof. Erwin Prassler

 UAppSci.  Bonn-Rhein-Sieg, Germany

The Use of Reuse for Designing and 
Manufacturing Robots

Tues. 12:45 - 1:30 pm 

ABSTRACT
How does the human brain represent 
meanings of words and pictures in 
terms of the underlying neural 
activity? This talk will present our 
research using  machine learning 
methods together with fMRI brain 
imaging  to study this question. One 
line of our research has involved 
training  classifiers that identify  which 
word a person is thinking about, 
based on their neural activity 
observed using fMRI. A more recent 
l ine involves developing  a 
computational model that predicts 
the neural activity associated with 
arbitrary English words, including 
words for which we do not yet have 
brain image data. Once trained,  the 
model predicts fMRI activation for 
any other concrete noun appearing in 
the text corpus, with highly 
significant accuracies over the 100 
nouns for which we currently have 
fMRI data. Professor Mitchell’s 

research was recently featured on a 
CBS  60 Minutes story “Reading your 

Mind.”

BIOGRAPHY 
Tom M. Mitchell is the E. Fredkin University Professor and head 
of the Machine Learning Department at Carnegie Mellon Univer-
sity. Mitchell is a past President of the American Association of 
Artificial Intelligence (AAAI), and a Fellow of the AAAS and of the 
AAAI. His general research interests lie in machine learning, arti-
ficial intelligence, and cognitive neuroscience. Mitchell's web 
home page is www.cs.cmu.edu/~tom.
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Ben Abbott]
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Threat Detection

15:00 Coffee Break
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• A Mission Taxonomy-Based Approach to Planetary Rover Cost-
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Estimating the Reliability of a System [Coire Maranzano, James Spall]
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08:30 Plenary Presentation: 
Raffaello D’Andrea 
Towards a Ten Thousand Mobile Robot Warehouse

09:30 Coffee Break

10:00 MON-AM2 Special Session I: Performance Metrics for Sustainable 
Manufacturing
Organizers: Kevin Lyons, Mahesh Mani & Ram Sriram
• Manufacturing Unit Process Life Cycle Inventories (Uplci) 

[Michael Overcash, Janet Twomey, Jacqueline Isaacs]
• Conceptual Foundations of Energy Aware Manufacturing

[Soundar Kumara]
• Discrete Event Simulation to Generate Requirements Specification for 

Sustainable Manufacturing Systems Design
[Björn Johansson, Anders Skoogh, Mahesh Mani, Swee Leong]

• Towards A New Geometric Metric for Sustainability Assessment 
[Gaurav Ameta]

12:30 Lunch
12:45 - 13:15 Video Session (Gary Berg-Cross)

14:00 Plenary Presentation: 
David Bruemmer
Measuring the Benefits of Intelligent Behavior for Robotic 
Threat Detection

15:00 Coffee Break

15:30 MON-PM2 Special Session II: Test and Evaluation of Unmanned and 
Autonomous Systems
Organizers: Mauricio Castillo-Effen & Nikita Visnevski
• Unmanned and Autonomous Systems Mission Based Test and 

Evaluation [Philipp Djang, Frank Lopez]
• Modeling and Simulation for Unmanned and Autonomous System Test 

and Evaluation [Mauricio Castillo-Effen, Nikita Visnevski, Raj Subbu]
• Evolutionary Framework for Test of Autonomous Systems

[Raj Subbu, Nikita Visnevski, Philipp Djang]
• Metrics for Co-evolving Autonomous Systems [Jack Ring]
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08:15 Overview

08:30 Plenary Presentation:  
Ben Kuipers
Evaluating the Robot Cognitive Mapper

09:30 Coffee Break

10:00 TUE-AM1 The Role of Robotics Competitions in Advancing Intelligent 
Systems
Chairs: Stephen Balakirsky & Jason Gorman
• The Role of Competitions in Advancing Intelligent Systems: A 

Practitioner’s Perspective [Elena Messina, Raj Madhavan, Stephen 
Balakirsky]

• Evaluating The RoboCup 2009 Virtual Robot Rescue Competition
[Stephen Balakirsky, Stefano Carpin, Arnoud Visser] 

• RoboCupRescue Interleague Challenge 2009: Bridging the Gap between 
Simulation and Reality [Alexander Kleiner, Chris Scrapper, Adam Jacoff]

• Mobile Microrobot Characterization through Performance-Based 
Competitions [Jason Gorman, Craig McGray, Richard Allen]

12:30 Lunch
12:45 - 13:30 Food for Thought: Release of White Paper
The Use of Reuse for Designing and Manufacturing Robots (Erwin Prassler)

14:00 Plenary Presentation:
Paul Cohen
Against Sophistication: Why Worry About Performance 
Assessment

15:00 Coffee Break

15:30 TUE-PM1 Ground Truth and Testbeds for Performance Testing
Chairs: Tsai Hong & Barry Bodt
• Data Collection Test-Bed for the Evaluation of Range Imaging Sensors 

for ANSI/ITSDF B56.5 Safety Standard for Guided Industrial Vehicles 
[William Shackleford, Roger Bostelman] 

• Ground Truth Data Using 3D Imaging for Urban Search and Rescue 
Robots [Nicholas Scott, Alan Lytle]

• Performance Measurements of Evaluating Static and Dynamic Multiple 
Human Detection and Tracking Systems in Unstructured Environments 
[Barry Bodt, Richard Camden, Harry Scott, Adam Jacoff, Tsai Hong, 
Tommy Chang, Rick Norcross, Anthony Downs, Ann Virts]

• Mathematical Metrology for Evaluating a 6DOF Visual Servoing System 
[Mili Shah, Tommy Chang, Tsai Hong, Roger Eastman]  

18:30 Banquet
19:00 -  Banquet Speech
How does Brain Activity Represent Word Meanings? (Tom Mitchell)
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08:15 Overview

08:30 Plenary Presentation:  
Ben Kuipers
Evaluating the Robot Cognitive Mapper

09:30 Coffee Break

10:00 TUE-AM2 Special Session III: Is an Agent Theory of Mind Valuable for 
Adaptive, Intelligent Systems?
Organizer: Gary Berg-Cross
• Is an Agent Theory of Mind (ToM) Valuable for Adaptive, Intelligent 

Systems? [Gary Berg-Cross]
• Towards a Simple Robotic Theory of Mind [Kyung-Joong Kim, 

Hod Lipson]
• Resilient Behavior through Controller Self-Diagnosis, Adaptation and 

Recovery [Juan Cristobal Zagal, Hod Lipson]
• Neurodynamics of Cognition and Consciousness [Robert Kozma, 

Walter Freeman]
• Theory of Mind, Computational Tractability, and Mind Shaping

[Tad Zawidzki]

12:30 Lunch
12:45 - 13:30 Food for Thought: Release of White Paper
The Use of Reuse for Designing and Manufacturing Robots (Erwin Prassler)

14:00 Plenary Presentation:
Paul Cohen
Against Sophistication: Why Worry About Performance 
Assessment

15:00 Coffee Break

15:30 TUE-PM2 Special Session IV: An Ontology for Robotics Science and 
Systems
Organizers: Erwin Prassler & Herman Bruyninckx
• Ontology Formalisms: What is Appropriate for Different Applications? 

[Craig Schlenoff]
• Universal Core Semantic Layer: A Roadmap to Semantic Interoperability 

[Lowell Vizenor, Barry Smith] 

18:30 Banquet
19:00 -  Banquet Speech
How does Brain Activity Represent Word Meanings? (Tom Mitchell)
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10:00 WED-AM1 Performance Measures for Mobile Robots
Chairs: Alan Bowling & Rolf Lakaemper
• Performance Measures of Agility for Mobile Robots [Alan Bowling, 

Shih-Chien Teng]
• Measuring Robot Performance in Real-time for NASA Robotic 

Reconnaissance Operations [Debra Schreckenghost, Terrence Fong, 
Tod Milam, Hans Utz]

• A Biologically Inspired Sensory Driven Method for Tracking Wind-Borne 
Odors [Brian Taylor, Brandon Rutter, Roger Quinn]

• A Confidence Measure for Segment Based Maps [Rolf Lakaemper]
• Evaluation of Robocup Maps [Benjamin Balaguer, Stefano Carpin, 

Stephen Balakirsky, Arnoud Visser]

12:30 Lunch

14:00 WED-PM1 Issues in Designing Intelligent Systems
Chairs: Danil Prokhorov & Satyandra Gupta
• Performance Measurement and Its Role in Advancement for Intelligent 

Systems: Discussion Points [Danil Prokhorov, Yasuo Uehara]
• Collective Intelligence: Toward Classifying Systems of Systems 

[Alan Ramsbotham]
• A Decision-Theoretic Formalism for Belief-Optimal Reasoning 

[Kris Hauser]
• Evaluation of Automatically Generated Reactive Planning Logic for 

Unmanned Surface Vehicles [Max Schwartz, Petr Svec, Atul Thakur, 
Satyandra Gupta]

16:00 Coffee Break

16:30 Adjourn
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08:30 Plenary Presentation: 
Lora Weiss
Assessing Autonomous Systems As They Evolve

09:30 Coffee Break

10:00 WED-AM2 Special Session V: TRANSTAC: Performance Evaluation of 
Speech Translation Systems for Military Applications
Organizers: Craig Schlenoff & Brian Weiss
• Evaluating Speech Translation Systems: Applying SCORE to TRANSTAC 

Technologies [Craig Schlenoff, Brian Weiss, Michelle Steves, Greg 
Sanders, Frederick Proctor, Ann Virts]

• Development and Internal Evaluation of Speech-to-Speech Translation 
Technology at BBN [David Stallard, Rohit Prasad, Prem Natarajan]

• The Impact of Evaluation Scenario Development on the Quantitative 
Performance of Speech Translation Systems Prescribed by the SCORE 
Framework [Brian Weiss, Craig Schlenoff]

• Probability of Successful Transfer of Low-Level Concepts via Machine 
Translation: A Meta-Evaluation [Greg Sanders, Sherri Condon]

• Automated Metrics for Speech Translation [Sherri Condon, Mark Arehart, 
Christy Doran, Dan Parvaz, John Aberdeen, Karine Megerdoomian, 
Beatrice Oshika]

• Utility Assessment in TRANSTAC: Using a Set of Complementary 
Methods [Michelle Steves, Emile Morse]

12:30 Lunch

14:00 WED-PM2 Special Session VI: Performance Measurements Towards 
Improved Forklift Safety
Organizer: Roger Bostelman 
• Fork Lift Awareness [Mark Austin]
• Where AGV's and Forklifts Roam: Preserving Operational Safety in a 

Shared Workspace [Richard Ungerbuehler]
• Performance Measurements Towards Improved Manufacturing Vehicle 

Safety [Roger Bostelman, Will Shackleford]
• White Paper: Towards Improved Forklift Safety [Roger Bostelman]

16:00 Coffee Break

16:30 Adjourn
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ABSTRACT 

Estimating robot performance in human robot teams is a vital 
problem in human robot interaction community. In previous work, 
we presented extended neglect tolerance model for estimation of 
robot performance, where the human operator switches control 
between robots sequentially based on acceptable performance 
levels, taking into account any false alarms in human robot 
interactions. Task complexity is a key parameter that directly 
impacts the robot performance as well as the false alarms 
occurrences. In this paper, we validate the extended neglect 
tolerance model for two soccer robotic tasks of varying 
complexity levels. We also present the impact of task complexity 
on robot performance estimations and false alarms demands. 
Experiments were performed with real and virtual humanoid 
soccer robots across tele-operated and semi-autonomous modes of 
autonomy. Measured false alarm demand and robot performances 
were largely consistent with the extended neglect tolerance model 
predictions for both real and virtual robot experiments. 
Experiments also showed that the task complexity is directly 
proportional to false alarm demands and inversely proportional to 
robot performance. 

Keywords 

Human robot teams, Robot performance, Task complexity, False 
alarm demand, Humanoid soccer robots, and Autonomy modes. 

1. INTRODUCTION 
Growing popularity and increasing viable application domains has 

contributed to greater presence of robots in the commercial 

marketplace. Many of these applications require humans and 

robots to interact closely and work together towards a common 

goal. Some real life examples of such scenarios include 

edutainment, service, rescue and surgical robots [1]-[3]. Robot 

autonomy is an essential component in these applications as it 

exempts human operators from the time intensive control and 

decision making processes. Most robotic applications for the 

commercial market can be categorized into tele-operation and 

semi-autonomous modes of autonomy. In tele-operation mode, the 

human operator guides the robot continuously until the given goal 

is accomplished. This mode requires complete attention of the 

human operator during the whole operation and every single 

decision is made by the operator and the robot has zero 

intelligence [4]. In semi-autonomous mode, the human and the 

robot collaboratively control parts of the functions required to 

accomplish the goal. The amount of functions left to the robot 

depends on the level of robot intelligence, in most scenarios the 

repetitive, low level tasks are handled by robots and only few high 

level tasks and decisions making steps are handled by humans [5]. 

Therefore, the operator work load is greatly reduced in semi- 

autonomous mode as compared to tele-operation mode. The 

experiments presented in this paper were performed across tele-

operation and semi-autonomous modes of autonomy.  

Robot performance in human robot teams is complex and multi-

faceted reflecting the capabilities of the robot(s), the operator(s) 

and the quality of interactions [6]. Neglect tolerance model 

presented in [7] is used as a general index for estimating robot 

performance in relation to autonomy in human robot interaction 

community. This model is employed in [8] to predict the 

optimized number of robots that should be utilized in human 

robot teams and robot system effectiveness. Neglect tolerance 

model is applied in [9] to estimate instantaneous robot 

performance, evaluate and compare three human robot interaction 

systems. Neglect tolerance model is applied in [10] to evaluate 

human robot interaction systems with special focus on the role of 

a collaborative workspace in enabling mixed initiative interaction 

between humans and heterogeneous teams of robotic vehicles. 

Neglect tolerance model is also adopted in [11] to derive model 

that approximates absolute autonomy and power in agent systems.  

Neglect tolerance model is extended in [12] to investigate human 
interaction in cooperating human robot teams within a realistically 
complex environment. Neglect tolerance model assumes ideal 
conditions while estimating performances, ignoring any false 
alarms due to erroneous interactions between the human operator 
and robot. But, in most real life applications erroneous 
interactions between the human operator and the robot are 
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common due to uncertainties in both human operators as well as 
in robots. These erroneous interactions lead to false alarms which 
can be classified into two categories namely, the false positives 
wherein a robot rejects a "correct" interaction and false negatives 
wherein a robot fails to reject an "incorrect" interaction. False 
alarms negatively impact the performance of human robot teams. 
This zero false alarm assumption results in a less accurate 
estimation of robot attention demand and robot performance, not 
only leading to the operator’s failure in accomplishing the task as 
scheduled due to higher attention demands in actual situation, but 
leading to operator’s inability to achieve the performance level set 
for that task due to the drop in performance attributed to the false 
alarms. In our earlier work [13] [14], we presented the extended 
neglect tolerance model to estimate robot performance taking into 
account the additional demands required due to false alarms. We 
also showed that extended neglect tolerance model offers better 
estimations of robot attention demand, and robot performances as 
compared to neglect tolerance model. For any robotics 
applications, task complexity is one of the critical factors directly 
impacting the performance of the robot and occurrence of false 
alarms in human robot teams. In our previous work, we only 
experimented and estimated robot performance using the extended 
neglect tolerance model over a single task complexity and the 
relationship to task complexity was ignored. But, extended neglect 
tolerance model can be applied to any robotics application 
irrespective of the task complexity, robot platform, or domain. 
Neglect tolerance and interface efficiency are proportional to the 
task complexity, therefore deriving the influence of latter on robot 
performance and false alarm demands is necessary for the robot 
operators to better gauge and optimize resources for the robot task 
on hand. In this paper, we validate the extended neglect tolerance 
model for two real and virtual humanoid soccer robotic tasks with 
varying complexity levels across two levels of robot autonomy. 
We also present the impact of task complexity on robot 
performance estimations and false alarms demands. 

In this paper, we will first discuss the extended neglect tolerance 
model. In Section III, we will present a brief description of our 
real and virtual Robo-Erectus Junior humanoid robots used in the 
experiments. In Section IV, we will present the experiments 
involving twenty test subjects to validate the extended neglect 
tolerance model for two tasks with varying level of complexities 
across two autonomy modes. Finally, Section V presents some 
concluding ideas.  

2. EXTENDED NEGLECT TOLERANCE 

MODEL 
Neglect tolerance model exploits neglect tolerance and interface 
efficiency parameters for estimating robot performance in human 
robot teams [15]-[17]. Neglect tolerance is a measure of how the 
robot’s performance drops over time when the robot is neglected 
by the user. Interface efficiency is a measure of how the robot’s 
performance varies over time when the robot is being serviced by 
the human operator. Neglect tolerance model assumes zero 
erroneous interactions during robot operation while estimating 
robot performance in human robot teams. But, in most real life 
situations uncertainties in both human operator and the robots 
result in erroneous interactions. For example, in a manipulator 
control task the human operator may select a incorrect co-ordinate 
points leading to a “false negative” as the manipulator would fail 

to reject the false interaction or there may be cases where the 
human operator select a correct co-ordinate points but the robot 
chooses a wrong co-ordinate points/ignores the human operator 
controls due to uncertainties in robot software/hardware leading to 
a “false positive” as the robot rejects a true interactions.  

To incorporate the demands due the false alarms, in our earlier 
work we extended the neglect tolerance model by introducing the 
notions false alarm time (FAT) and false alarm demand (FAD) as 
illustrated in Fig. 1.  FAT is defined as the time spent over false 
alarm identification and robot performance recovery to the pre-
false alarm level.  
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Figure 1.Extended Neglect Tolerance Model for Measuring 

Robot Performance in Human Robot Teams 

 

The scenario depicted in Fig. 1 starts just after the operator starts 
to service the target robot. The robot performance increases with 
human operator servicing the robot over time and saturates at 
some point for both tele-operation and semi-autonomous 
autonomy modes. In Fig. 1, IT is the period of interaction between 
human operator and the robot, NT is the period of neglect where 
the human operator ignores the robot, FATTO is the time spent 
over false alarm identification and recovery for tele-operation 
mode and FATSA is the time spent over false alarm identification 
and recovery for semi-autonomous mode. Acceptable performance 
is the minimum performance level that can be tolerated by the 
operator for a given task.  

False alarms, both false negatives as well as the false positives 
negatively affect the robot performance, but the FATs are larger 
for semi-autonomous mode as compared to tele-operation mode 
due to the delay in the false alarm identification process in the 
latter. In tele-operation mode, as the operator controls the robot 
continuously any occurrence of false alarm is identified and 
rectified in a shorter time period whereas in semi-autonomous 
mode the operator controls the robot by specifying waypoints for 
the latter to navigate and so any false alarm that occurs during the 
neglect period can only be identified and rectified during next 
period of service thereby resulting in larger FAT.  

FAD is the additional demand placed on the robot operator due to 
false alarms, it is defined as: 
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FAT in Eq. 1 can be expanded as: 
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where, FATp is the false alarm time contributed by a false positive 
and FATn is the false alarm time contributed by a false negative. 
Robot attention demand (RAD) is the robot’s average 
performance over an interaction cycle [23] and extended neglect 
tolerance model redefines RAD as: 
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Task complexity is a measure of difficulty level of the robot task 
and it remains as a key factor in deciding the robot performance 
level and number of occurrences of false alarms. In our 
experiments in this paper, the task complexity is only a function 
of static obstacle density. But, it can be further extended to 
include active obstacle density and terrain factors. We conducted 
experiments with our real and virtual humanoid soccer robots, 
Robo-Erectus Junior to validate the extended neglect tolerance 
model for two tasks with varying complexity levels across tele-
operation and semi-autonomous modes of autonomy. 

3. ROBO-ERECTUS JUNIOR- A SOCCER 

PLAYING HUMANOID ROBOT 
This section introduces the Robo-Erectus Junior humanoid robot 
that we employed for our experiments for validating extended 
neglect tolerance model in this paper. Robo-Erectus Junior is one 
of the foremost leading soccer playing humanoid robots in the 
RoboCup humanoid leagues. The objective of the Robo-Erectus 
Junior development team is to develop a low cost humanoid 
platform for soccer robotics [18] and human robot interaction 
[19]. The mechanical structure, electronic control system and gait 
movement control of Robo-Erectus Junior has evolved through 
many stages to cope with the increasing complexity of the 
RoboCup humanoid leagues. Fig. 3 shows the physical design of 
Robo-Erectus Junior.  

Robo-Erectus Junior has been designed to cope with the 
complexity of a 3 versus 3 soccer game. Robo-Erectus Junior is 
equipped with three processors each for vision, artificial 
intelligence and control. Table 1 shows the specification of the 
processors used in Robo-Erectus Junior. The robot platform is 
equipped with three sensors: an USB camera to capture images, a 
tilt sensor to detect a fall, and a compass to detect their direction. 
The servomotors used send back the feedback data including 
angular positions, speed, voltage, and temperature. To 
communicate with its teammates, Robo-Erectus Junior uses a 
wireless network connected to the artificial intelligence processor. 
The vision processor performs recognition and tracking of objects 
of interest including ball, goal, field lines, goal post teammate and 
the opponents based on a blob finder based algorithm [20]. The 
further processing of detected blobs, wireless communications and 
decision making are performed by the artificial intelligence 
processor which selects and implements the soccer skills (like 
walk to the ball, pass ball, and dive) the robot is to perform. 

 

Figure 2.Robo-Erectus Junior, the Latest Generation of the 

Family Robo-Erectus 

 

Table 1. Processor Specification of Robo-Erectus Junior 

Features Artificial 

Intelligence 

Vision 

Processor 

Control 

Processor 

Processor 
Intel ARM 

XScale 
Intel ARM 

XScale 
ATMEL 

ATmega-128 

Speed 400Mhz 400Mhz 16Mhz 

Memory 16MB 32MB 4KB 

Storage 16MB 16MB 132KB 

Interface RS232, WIFI 
RS232, 

USB 
RS232, 
RS485 

 

Finally, the control processor handles the low level control of 
motor, based on the soccer skill selected by the artificial 
intelligence processor. Table 2 shows the physical specifications 
of Robo-Erectus Junior. It is powered by two high-current Lithium 
polymer rechargeable batteries, which are located in each foot. 
Each battery cell has a weight of only 110g providing 12v which 
means about 15 minutes of operation.   

Our Virtual-RE simulator was used to perform experiments with 
virtual Robo-Erectus Junior humanoid robots providing several 
possibilities of visualization and interaction with the simulated 
world [21]. Fig. 3 shows the virtual Robo-Erectus Junior 
humanoid robot and its environment. Virtual-RE simulator uses 
the Open Dynamics Engine (ODE) to simulate rigid body 
dynamics, which has a wide variety of features and has been used 
successfully in many other projects [22]. OpenGL libraries were 
used for both visualization and computation of imaging sensory 
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information due to its effectiveness in accommodating modern 
hardware on a range of platforms. Client-server based architecture 
was adopted for the realization of the simulator as it allows 
halting and stepwise execution of the whole simulation without 
any concurrencies. It also permits detailed debugging of the 
executed robot software. The simulation kernel models the robots 
and the environment, simulates sensor readings, and executes 
commands given by the controller or the user. The graphic user 
interface not only serves as a tool for interaction between the 
robot and the user but also visualize the robot status and feedback 
information whereas the all behavioral controls are handled by the 
robot controllers.  

In each simulation step, the controller reads the available sensors, 
plans the next action, and sets the actuators to the desired states. 
Virtual-RE provides each robot with a set of simulated sensors, 
i.e. tilt, compass, gyroscopes, camera images, and motor feedback. 
The motor states are also simulated as in the real robot with 
feedback information that includes the joint angles as well as the 
velocities of motors. 

 

Figure 3. Robo-Erectus Junior in Virtual-RE simulator 

 

Table 2. Processor Specification of Robo-Erectus Junior 

Dimension Speed 
Weight 

Height Width Depth Walking 

3.2 Kg 480 mm 270 mm 150 mm 5 m/min 

4. EXPERIMENTS 

4.1 Experimental Design 

In these experiments, we validated the extended neglect tolerance 
model for two different levels of task complexities with our real 
and virtual Robo-Erectus humanoid robots across tele-operation 
and semi-autonomous modes of autonomy. We selected the task 
of navigating Robo-Erectus Junior in the soccer field towards a 
ball position. The robot and the ball were randomly placed in the 
soccer field. Operator used the graphic user interface to control 
the robots so as to navigate to the ball. Upon reaching the ball, the 
robot was placed at the initial position and the ball at another 
random position on the field for the next session.  

To validate the extended neglect tolerance mode for different task 
complexity levels, obstacles were placed in the path between the 
robot and the ball. The complexity was increased by increasing 
the number of obstacles. The secondary task for the operator was 
to control a second robot during the neglect time of the target 
robot so as to collect twice as much data per test session. 

4.2 Instantaneous Performance 

In this paper, we redefined the instantaneous performance 
presented in [23] to suit the task under study as ratio of current 
capability of the robot at a given time to the maximum capability 
of the robot. Instantaneous performance can take any value 
between 0 and 1. It is given by: 
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Where Cc(t) is the current capability of the robot at time t for a 
task, Mc(t) is the maximum capability of the robot or other objects 
at time t for the same task and PI(t) is the instantaneous 
performance at time t. In our experiments, the objective for the 
robot is to navigate to the ball position so the maximum capability 
would be the distance travelled by the robot moving optimally 
towards the ball position at top speed. We define maximum 
capability of the robot as: 

tC
KtM δ.)( =    (6) 

where 
t

δ  is a small interval of time and K is the maximum speed 

of the robot. Since, Robo-Erectus Junior humanoid robots can 
travel at the speed of 8.33cm per second, K value used was 8.33. 
The current capability of the robot is the actual distance travelled 

by the robot in the time
t

δ , 
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4.3 Participants & Procedure 

The test subjects were first trained on the use of the graphic user 
interface to control the humanoid robots. Sufficient training was 
provided until the test subjects felt confident in using the user 
interface upon which the test session with real and virtual robots 
across tele-operation and semi-autonomous modes of autonomy 
for the two tasks were conducted. We recruited 20 test subjects 
aged between 18 and 51 and each of them took part in two 10 
minute session with real and virtual robots, so a total of 80 test 
sessions were performed. Of the 40 sessions each with real and 
virtual robots, 20 were dedicated to the tele-operation mode and 
remaining 20 to the semi-autonomous mode.  

Out of the 20 test sessions for both the autonomy modes, 10 
sessions involved task 1 where the human operator navigated the 
robot to the ball with five obstacles in its path, and the other 10 
sessions were dedicated to task 2, where fifteen obstacles were 
placed in the path between the robot and the ball. In each test 
session, the operator first serviced the target robot to accomplish 
the task of navigating to the ball. After servicing the target robot, 
he/she switches to the secondary task of navigating the second 
robot to the ball. The operator performed the navigation task as 
many times as possible with the two robots during each ten 
minutes test session. The instantaneous performance 
measurements together with the time, operator controls, and robot 
state information were recorded for each test session. 

4.4 Results 

Fig. 4 shows the performance of the real and virtual robots for 
task 1 across tele-operation and semi-autonomous modes for all 
the twenty test subjects. False alarms were witnessed in 39 out of 
the total 40 test sessions with task 1 involving both real and 
virtual robots across tele-operation and semi-autonomous modes. 
A total of 68 false alarms were recorded out of which 22 were 
false negatives and 46 were false positives. Fig. 5 shows the 
performance of the real and virtual robots for task 2 across tele-
operation and semi-autonomous modes for all the twenty test 
subjects. False alarms were witnessed in all the 40 test sessions 
with task 2.  

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 4.Robot Performance in Human Robot Teams for Task 

1: (a) Real Robot in Semi-autonomous, (b) Virtual Robot in 

Semi-autonomous, (c) Real Robot in Tele-operation and (d) 

Virtual Robot in Tele-operation. 
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A total of 103 false alarms were recorded out of which 35 were 
false negatives and 68 were false positives. The false positives 
were mainly due to errors in the graphic user interaction scheme, 
software faults in robot's control and artificial intelligence 
modules, and hardware failures in sensor/actuator systems. The 
false negatives were mainly due to the human error pertaining to 
lack of understanding of the interaction scheme, and the task of 
interest. As postulated in the extended neglect tolerance model, 
the FADs for tele-operation were found to be shorter than those 
for semi-autonomous experiments for both task complexities. The 
performance results for real and virtual robots were found to 
follow similar pattern for both task complexities across both tele-
operation and semi-autonomous modes. From the figures, it is 
evident that due to the increased complexity in task 2 attributed to 
the presence of additional ten more obstacles in the path of the 
robot, the performance has significantly dropped in both real and 
virtual experiments. 

 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 5. Robot Performance in Human Robot Teams for Task 

2: (a) Real Robot in Semi-autonomous (b) Virtual Robot in 

Semi-autonomous. (c) Real Robot in Tele-operation Mode, and 

(d) Virtual Robot in Tele-operation Mode 

For both the tasks complexities, tele-operation mode is efficient in 

increasing the performance of the robot upon servicing after a 

neglect period as compared to point to point mode. The robot 

performance dropped abruptly to zero within 2 seconds of neglect 

period for both the tasks across tele-operation experiments 

whereas the performance drop during neglect period was more 

gradual for both the tasks across semi-autonomous experiments. 

During the neglect period, the rate of performance drop was 

slower in semi-autonomous mode as compared to tele-operation 

mode. Occurrence of false alarm degrades performance in all the 

experimental cases. The performance drop due to false alarms are 

more prominent in semi-autonomous mode as compared to tele-

operation mode as the period for performance recovery to pre-

false alarm level is shorter in latter. The trend of the graphs in Fig. 

4, and Fig. 5 validate the extended neglect tolerance model for 

varying levels of task complexities. From the figures, it is evident 
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that irrespective of the task complexity the tele-operation mode 

requires the operator to interact continuously with the robot as in 

the case of neglect the robot performance drops rapidly to zero. 

We also computed and compared the FADs for real and virtual 

robot experiments across the two autonomy modes for both the 

tasks. Fig. 6 shows the average FADs for different experimental 

cases. The mean FAD for task 2 in semi-autonomous mode was 

highest for both real and virtual robot experiments. It is clear from 

the figure that increasing task complexity increases the number of 

occurrence of false alarms and therefore resulting in higher FAD. 

The number of false alarms increased from 68 in task 1 to 103 in 

task 2, in specific the increase in false positives was more 

prominent and the results for real and virtual robot experiments 

followed the similar patterns. FADs can be used as a performance 

metric to gauge the additional operator efforts required for tasks 

of varying complexities and scenarios. Table 3 presents the 

percentage performance drop in task 2 in comparison to task 1 for 

all experimental cases.  

Table 3. Percentage Performance Drop in Task 2 in 
Comparison to Task 1 For All Experimental Cases 

Experimental Cases Performance Drop 

Real Robot Tele-operation 6.78% 

Virtual Robot Tele-operation 10.75% 

Real Robot Semi-autonomous 12.71% 

Virtual Robot Semi-
autonomous 

 

11.27% 

From, the table it is evident that an increase in task complexity 
results in performance drop and deriving this relationship for task 
of interest can aid robot operator optimize resources and time. 

5. CONCLUSION 
In this paper, we validated the extended neglect tolerance model 
for two robot navigation tasks with different complexity levels 
across tele-operation and semi-autonomous modes of autonomy. 
Results of our experiments with real and virtual robots were 
largely consistent with the proposed extended neglect tolerance 
model predictions for both tasks across the two autonomy modes. 
FADs were found to be directly proportional to the task 
complexity, as the results showed that an increase in task 
complexity resulted in an increase in FAD. Irrespective of the task 
complexity, FADs were found to be higher in semi-autonomous 
mode as compared to tele-operation mode for experiments with 
real and virtual robots. Results from both the tasks showed that 
tele-operation mode offers higher robot performance than semi-
autonomous mode but the latter requires lower RAD and offers 
better performance deterioration rate during neglect times. The 
experiments in this paper were limited to a human operator 
navigating a single robot towards a randomly placed ball. Future 
work would include extending these results to estimating robot 
performance in multi-robot teams involving homogeneous and/or 
heterogeneous robots working together with a human operator 
towards accomplishing tasks of varying complexities. A second 
possibility of future work is to use FAD as a metric to compare 
performances of robot platforms, autonomy modes and interaction 
schemes for tasks of varying complexities. Another possibility of 
future work is to study the effects of task complexities on robot 
performances and FADs for multi-tasking problems. 

 

 

 

Figure 6. Average FADs for different experimental cases
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ABSTRACT 
In the near future, large, complex, time-critical missions, such as 
disaster relief, will likely require multiple unmanned vehicle (UV) 
operators, each controlling multiple vehicles, to combine their 
efforts as a team.  However, is the effort of the team equal to the 
sum of the operator’s individual efforts?  To help answer this 
question, a discrete event simulation model of a team of human 
operators, each performing supervisory control of multiple 
unmanned vehicles, was developed.  The model consists of 
exogenous and internal inputs, operator servers, and a task 
allocation mechanism that disseminates events to the operators 
according to the team structure and state of the system.  To 
generate the data necessary for model building and validation, an 
experimental test-bed was developed where teams of three 
operators controlled multiple UVs by using a simulated ground 
control station software interface.  The team structure and inter-
arrival time of exogenous events were both varied in a 2x2 full 
factorial design to gather data on the impact on system 
performance that occurs as a result of changing both exogenous 
and internal inputs. From the data that was gathered, the model 
was able to replicate the empirical results within a 95% 
confidence interval for all four treatments, however more 
empirical data is needed to build confidence in the model’s 
predictive ability. 

Categories and Subject Descriptors 
I.6.3 [Computing Methodologies]: Simulation and Modeling – 
applications.  

General Terms 
Performance, Experimentation, Human Factors. 

Keywords 
Discrete event simulation, human factors, modeling, team 
performance, supervisory control, unmanned vehicles. 
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1. INTRODUCTION 
Unmanned vehicles (UVs) are currently in use for numerous 
military operations, but they are also being considered for many 
non-military applications as well, including mining, fighting 
forest fires, border patrol and supporting police [1]. Currently, 
several human operators are required to control many of today’s 
UVs, but futuristic systems will invert the operator-to-UV ratio so 
that one operator can control multiple UVs [2].  To accomplish 
this goal, the level of automation will have to increase such that 
operators will give high-level, supervisory instructions to the UVs 
instead of manual control [3].  However, previous research  has 
shown that even under supervisory control, there is a cognitive 
limit as to the number of UVs a single human operator can 
effectively manage [4, 5].   Large, complex, time-critical 
missions, such as disaster relief, will likely exceed that limit and 
will require multiple operators, each controlling multiple UVs, to 
combine their efforts. Since such systems do not currently exist, 
many questions arise, including: (1) How many operators are 
necessary to achieve a set of mission objectives?  (2) How should 
the operators combine their efforts in the most effective way?  (3) 
Will the group performance be more than, equal to, or less than 
the sum of the individual contributions?   

2. RESEARCH OBJECTIVE 
The goal of this research is to develop a quantitative model of a 
team of human operators, each performing supervisory control of 
multiple unmanned vehicles, in time-critical environments. This 
model would allow stakeholders, such as vehicle designers and 
battlefield commanders, to vary input parameters, such as vehicle 
speed and number of human operators, in order to determine their 
impact on system performance.  

3. PREVIOUS RESEARCH 

3.1 Queuing Model of Supervisory Control of 
Unmanned Vehicles 
Supervisory control of unmanned vehicles involves an operator 
handling intermittent events via an automated system by giving 
high-level commands to UVs.  As such, supervisory control of 
unmanned vehicles has been previously modeled as a queuing 
system where the vehicles requesting assistance are regarded as 
users and the human operators are regarded as servers [6].  For 
instance, in a simple surveillance scenario whose timeline is 
shown in Figure 1, an unidentified contact suddenly emerges at 
time t. This event, labeled A, requires that the operator perform a 
task, in this case, assign an UV to the contact location for further 
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investigation.  Since this event is not directly controllable by the 
operator or vehicle, it is considered to be an exogenous event to 
the system. Ideally, the operator would notice this event and start 
“servicing” it immediately by performing the associated task.  
However, because of inherent inefficiencies of human attention, 
the operator will inadvertently introduce a delay between the 
arrival of this event and the moment he starts to service it (marked 
by event B in the timeline).  This delay is due to a combination of 
the Wait Time due to loss of Situational Awareness (WTSA) and 
the Wait Time due to Interaction (WTI) [4].  WTSA occurs when 
the operator is not aware that the event requires his attention, 
whereas WTI occurs when the operator has noticed the event, but 
has not measurably started the associated task yet (perhaps due to 
deciding between the right course of action from a number of 
options). Since it is extremely difficult to separate WTSA from 
WTI, the measured time between when an event emerges and 
when the operator starts the associated task (assuming the 
operator is not busy and has the resources available to service the 
event) will be considered WTOD – wait time due to operator 
delay.  Cummings and Mitchell [4] have shown that this delay can 
be quite significant particularly when operators are controlling 
multiple vehicles simultaneously and have degraded situational 
awareness.   

 

 
Figure 1: Timeline of events for simple UV scenario. 

 

The task of assigning a vehicle to a location also takes a finite 
amount of time known as the Service Time (ST).  At the moment 
when the operator finishes assigning a vehicle (C in Figure 1), that 
vehicle will begin to travel the assigned location.   The time 
during which the vehicle is travelling is referred to as the Travel 
Time (TT) and in this scenario also represents the Neglect Time 
(NT) of the vehicle, since the vehicle acts autonomously during 
this period without requiring the operator’s attention [7].  After 
some time, the vehicle will eventually arrive at the contact 
location, denoted by event D.  Similar to the time between A and 
B, the vehicle must wait a finite period of time before the operator 
begins to interact with the vehicle’s camera, denoted by event E.  
Finally, after another service time, the operator finishes 
identifying the contact (labeled event F) which may more may not 
spawn additional endogenous events, depending upon the 
scenario.  If the final objective of the operator is to simply identify 
unknown contacts, then the difference in time between event F 
(when the final objective is met) and event A (when the contact 
emerged) is known as the Objective Completion Time (OCT).   
Since time is of the essence in many UV applications, the goal of 
many UV system designers and decision makers it to minimize 
the average OCT for a given scenario. 

3.1.1 Multiple Event Handling 

3.1.1.1 Wait Time due to Queuing 
If an operator is busy interacting with a vehicle and another event 
emerges that requires the operator’s attention, then that event must 

wait for the operator to become available.  This additional time, 
not represented in Figure 1, is known as the wait time due to 
queuing (WTQ) since the event is considered to be in the queue 
for the operator’s attention. Since vehicles tend to produce 
endogenous events (such as requiring new waypoints when they 
have reached the old ones), as the number of vehicles or 
exogenous events in the system increases, the probability of an 
event experiencing WTQ grows.  Additionally, it has been shown 
that operators may take longer to respond to events as they 
emerge due to high workload and a loss of situational awareness 
[4]. Thus, as more events require the operator’s attention, the 
OCT will continue to grow until it reaches an unacceptable level, 
at which point a team of multiple operators will likely be required. 

3.1.1.2 Switching Strategy 
If more than one event is in the operator’s queue, the operator 
must select which event he will service next.  There are several 
strategies an operator can use, including first-in-first-out (FIFO), 
highest-priority-first or even random selection. Switching strategy 
affects the total time tasks spend waiting for service not only 
because of the ordering of the tasks (queuing policy), but also 
because of the time required for the mental model change of the 
operator (switching cost) if the tasks are dissimilar [8].  It has 
been demonstrated that for operators of multiple, unmanned 
vehicles, the switching cost can be substantial [9]. 

3.2 Single Operator Discrete Event 
Simulation Model 
Solving traditional queuing models can yield results of interest to 
the study of supervisory control such as the average time an event 
will spend waiting in a queue and server (operator) utilization.  
Although analytical solutions are possible for simple supervisory 
control systems, often the assumptions required for closed-form 
solutions, such as steady-state behavior and independent arrivals, 
are not met.  Discrete event simulations (DES) overcome many of 
the limitations of analytical models by using computational 
methods that do not require such strict assumptions [10] and 
therefore allow a richer set of complex UV-operator systems to be 
modeled.    

A single human operator controlling heterogeneous unmanned 
vehicles was successfully modeled using a Multi-UV Discrete 
Event Simulation (MUV-DES) model [8]. A Multi-UV, Multi-
Operator Discrete Event Simulation (MUVMO-DES) model that 
builds upon this work, but also considers multiple operators 
combining their efforts, is the focus of this research.  This new 
model consists of exogenous and internal inputs, operator servers 
and their interactions, and a task allocation mechanism that 
disseminates events to the operators according to the team 
structure and state of the system. The inputs to the model are both 
exogenous, such as the arrival rate of new contacts, and also 
internal, such as the length of time an operator spends interacting 
with a vehicle.  These inputs are also stochastic due to the large 
amount of uncertainty in environmental conditions and human 
behavior.   

4. METHODS 

4.1 Multi-UV, Multi-Operator Discrete Event 
Simulation Model 
Expanding the MUV-DES model to multiple operators required 
several new considerations, in particular a model of team 
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communication, mutual performance monitoring and task 
allocation. 

4.1.1 Modeling Communication 
Geographically-disperse UV operators communicate through 
voice, chat or a combination of both.  Voice communication is 
typically the fastest and allows operators the ability to control the 
UVs while simultaneously communicating via a headset. Voice 
communication is effective for small teams but can become 
problematic as the number of operators becomes large, due to 
multiple voice messages that occur simultaneously.  Thus, voice 
communications are typically serial in nature, meaning only one 
operator can speak at a time.  Chat messages allow operators to 
send messages to each other asynchronously and in parallel.  Due 
to software’s ability to parse text and apply sorting filters in real-
time, chat communication often scales well with large teams.  
Chat messages also tend to be clearer than voice communication, 
in that they are not as susceptible to noisy communication 
channels, background noise, volume or operator accents.  
Furthermore, chat messages automatically create a real-time 
transcript of the communication, something that is typically not 
possible with voice. For the initial MUVMO-DES model, 
communications are assumed to be chat for data gathering 
purposes, but given the widespread use of chat by operational 
command and control personnel, this assumption also carries 
external validity. Modeling voice communications is left for 
future work. 

4.1.2 Mutual Performance Monitoring 
In addition to explicit communications, operators may also 
coordinate by mutual performance monitoring, recognized as one 
of the core components of teamwork [11]. Through a user 
interface, operators can typically view each other’s vehicles and 
commands to gain situation awareness of what the team is doing.  
For instance, instead of explicitly communicating, an operator 
may take a quick look at the interface to see if any other 
operator’s vehicles are already heading to a new contact before 
assigning their own.  However, because this form of coordination 
is unilateral, teammates must make assumptions about the actions 
and intentions of other teammates which may or may not be valid. 

4.1.3 Modeling Coordination 
Communication and mutual performance monitoring can be 
represented by discrete endogenous events that the operators 
generate.  For instance, in Figure 2, instead of servicing an event 
once it arrives (event A), an operator may choose to send a chat 
message to other operators by first starting a chat message, 
composing it for a finite period of time (labeled COORD) and 
then sending it before starting to service the task (event C). 
Similarly, an operator may perform a mutual performance 
monitoring task that also takes a finite period of time.  However, 
if an operator is composing a chat message or monitoring the 
performance of other operators, then the operator is considered to 
be busy and as such, any event that is waiting for the operator’s 
attention while he is communicating or monitoring will incur a 
WTQ for that period of time.  This additional WTQ represents a 
quantitative measurement of the coordination cost (process loss) 
associated with the team performance.  

The timeline shown in Figure 2 is a simple example of 
coordination but more complex coordination scenarios exist as 
well.  For simple tasks, a single communication message may be 
all that is needed, such as claiming responsibility for a target that 

emerges. For more complex tasks, the communication may 
involve a conversation that spawns several iterations of 
communication messages.  This initial model will only assume 
single communication messages and as such, will only be able to 
model simple coordination between the team members. 

 

 
Figure 2: Timeline of events with coordination. 

 

4.1.3.1 Coordination Strategies 
Similar to switching strategies, an operator will also have a 
coordination strategy that dictates the type and timing of the 
coordination he will perform when faced with a task that can be 
serviced by more than one operator.  One such strategy is to not 
coordinate at all, but this would require the team to have 
predefined roles and responsibilities (such as mechanistic teams) 
or run a high risk of task allocation errors.  A task allocation error 
occurs when more than one operator or no operator attempts to 
service a particular task.   

If an operator choose to coordinate her actions, she typically must 
choose the type of coordination first, i.e. whether or not to 
communicate, monitor or both.  In addition to the type of 
coordination, the timing of the coordination is very important as 
well.  A common strategy would be to coordinate first and then 
service the task. This type of coordination strategy is the least 
likely to incur task allocation errors. This coordination strategy 
was assumed for the initial MUVMO-DES model. However, other 
coordination strategies exist. For instance, an operator could 
service the task first and then send a courtesy message to other 
operators. This strategy allows the operator to give the fastest 
response to an event, but raises the possibility that another 
operator will also begin servicing the task before the first operator 
gets a chance to send the coordination message. 

4.1.3.2 Team Structure and Task Allocation 
Although the model was designed to be general and handle a 
variety of team structures, mechanistic and organic teams 
structures were chosen to be modeled initially since they represent 
two polar opposites of the organizational spectrum [12]. A 
mechanistic team is one where the operators have rigidly defined 
roles and responsibilities. For instance, when all of the vehicles of 
one type are assigned to one and only one operator, then that 
operator is given the full responsibility for performing the tasks 
that only that vehicle can do. If one of each vehicle type is 
allocated to each operator instead, then that team structure would 
be considered organic since any operator can perform any task 
that arises, provided that he has an appropriate vehicle available.  
Both team structures suffer from inefficiencies, or what Steiner  
[13] refers to as a “process loss” which is the differential between 
the performance of a team and the theoretical  maximum achieved 
if the efforts of the individuals were combined ideally. In 
mechanistic teams, process loss occurs when task loads are 
uneven and some operators are too busy while others are idle.  In 
organic teams, process loss occur when operators have to spend 
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time coordinating how they will share the common queue and/or 
allocate the tasks amongst themselves in a sub-optimal manner.  

Due to the clear task allocation roles, extending the MUV-DES 
model for mechanistic teams involved having a separate queue 
and server for each operator.  Since each task was unique to an 
operator, every event that arose was automatically assigned to the 
appropriate operator.       

For the organic team, a different task allocation mechanism was 
needed.  Since the model is merely an abstraction of the actual 
scenario, the first attempt at an organic model randomly assigned 
the tasks to the operators based on who was available at that 
moment to service the event.  If more than one operator was 
available, the event was randomly assigned to one of the available 
operators. If no operator was available, the event waited in a 
common queue (incurring a WTQ cost) until an operator became 
available. This form of modeling assumes that there will be no 
task allocation errors, i.e. one and only one operator will service 
or attempt to service any particular task. In real organic teams, 
this will likely only happen if the teams coordinate their actions 
through communication or mutual performance monitoring.    

4.2 Data Gathering 
The MUVMO-DES model utilizes stochastic processes to account 
for the uncertainty within the system.  Therefore, random values 
are drawn for WTOD, service time, communication time, 
monitoring time, travel times and travel time in the model.  These 
probability density functions (pdfs) need to be generated by 
binning empirical data into histograms and fitting an appropriate 
curve. 

To generate the stochastic inputs necessary for model building 
and to validate the model’s outputs against actual team 
performance metrics, real data must be gathered. Since there are 
no extant systems of teams of operators each controlling multiple 
unmanned vehicles, there is no “real world” data to collect.  
Hence, an experimental test-bed where teams of operators 
controlled multiple UVs was specifically developed and 
experimental trials were conducted to gather the data used for 
model building and validation. 

 
Figure 3: Main display of the ground control interface. 

 

4.2.1 Experimental Test-Bed 
The experimental test-bed consisted of a video game-like 
simulation of unmanned vehicle control by a team of operators.  
The simulation included three ground control stations, with one 
subject assigned to each station.  

4.2.2 Ground Control Interface 
Subjects interacted with the ground control stations via a 
computer monitor display using standard keyboard and mouse 
inputs. The main display of the ground control station featured 
three sections – a large map, a chat panel and a system panel 
(Figure 3). The map represented the geographical area that the 
operators were responsible for, as well as all the vehicles under 
their control and contacts that they needed to handle. Contacts and 
vehicles were represented using MIL-STD-2525B icons [14] and 
the operators assigned vehicles to contacts by clicking on the map 
interface with the mouse. The operators were also able to 
communicate with each other via instant messaging within the 
chat interface window. Operators would type messages into the 
chat, which would then appear on all the other operator’s chat 
panels instantly. Chat messages were labeled with the operators 
unique IDs, which corresponded to the labels for each operator’s 
vehicle icons. In addition to the map and chat display, there was 
also a system panel where the system would occasionally send 
messages to a particular operator, such as a confirmation message 
that the operator had assigned a particular vehicle to travel to a 
particular location.  

4.2.3 Tasks 
Each mission scenario required a team of operators to “handle” 
contacts that appear intermittently over the map. To do this, the 
team of operators needed to perform both assignment and payload 
tasks. 

4.2.3.1 Assignment Tasks 
Assignment tasks required the operators to send their vehicles to 
the contacts on the map as they emerged.  Once assigned, the UV 
would start to travel to that particular contact location on the map 
in a straight line and would continue until either the vehicle 
reached its assigned destination or the operator re-assigned the 
vehicle elsewhere. There were no obstacles on any of the maps 
and no path-planning required.  

Although assignments were done by individual operators, they 
can be considered a “team task” since the operators had to 
coordinate their assignments to ensure that one and only one 
vehicle was assigned to each and every contact.  Furthermore, 
subjects were instructed that vehicles should be chosen in the 
interest of minimizing travel times, i.e. typically the closest 
available vehicle to the contact location. 

4.2.3.2 Payload Task 
Once a vehicle reached a contact, the operator performed a simple 
task by interacting with the vehicle’s payload. This task was 
unique to the vehicle and contact type, but involved either visual 
identification (e.g., where is the red truck in the parking lot?) or a 
simple hand-eye coordination task. Since all three vehicles were 
aerial of some sort, all payload tasks involved a birds-eye view of 
the terrain.  An example of a hand-eye coordination task is shown 
in Figure 4 where the operator must destroy a contact by centering 
the crosshairs over a stationary target on the ground and pressing 
the fire button three times.  The difficulty in this task was that the 
crosshairs are subject to jitter due to the motion of the UV. The 
other hand-eye coordination task involved dropping aid packages 
to victims on the ground.  This task was similar to the destruction 
task except that the crosshairs were steady but the projectiles were 
slow-falling and susceptible to the wind. Thus, players had to 
compensate for a light north-east wind, for instance, by aiming 
packages slightly to the southwest of the target location and 
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pressing the drop button once.  Payload tasks are considered an 
“individual task” as they do not require any coordination or 
assistance from any of the other operators.   

 

 
Figure 4: Missile firing payload task. 

 

4.2.3.3 Scenario Objectives 
The objective of each scenario was to identify all unidentified 
contacts and either rescue them (if friendly) or destroy them (if 
hostile) as quickly as possible.  There were three vehicle types, 
one that handles each type of contact (unidentified, friendly, 
hostile) exclusively. Although any UV of the appropriate type 
could be assigned to a contact, only the first vehicle to start the 
payload task could successfully complete it.  When a contact first 
appeared on the map, it was always of the unidentified type, 
which required a scouting UV (Type A). Once the scouting UV 
arrived, the operator performed a visual identification task which 
transformed the contact from unidentified to either hostile or 
friendly.  If the contact was identified as being hostile, a tactical 
UV (Type B) was sent by an operator to the contact location to 
destroy it via the missile firing task.  Similarly, if an unidentified 
contact was identified as being friendly, a rescue UV (Type C) 
was sent by an operator instead to drop aid packages to the 
contacts’ location, thereby “rescuing” the contact.  The time a 
contact spent in the system, from the moment it arrived, until the 
moment it was successfully handled, was the objective completion 
time. Since a scenario consisted of multiple contacts, the Average 
Objective Completion Time (AOCT) was the metric of interest, 
where the average was simply the mean of all the OCTs for that 
scenario. 

4.2.3.3.1 Design of Experiments 
A 2x2 repeated measures experiment was conducted where the 
independent variables were team structure (mechanistic, organic) 
and the inter-arrival time of unidentified contacts (constant, 
erratic).  Ten teams of three participants each completed all four 
treatments. The order of trials was counter-balanced and randomly 
assigned to the teams. An alpha value of 0.05 was used for 
significance. 

4.2.4 Independent Variables 

4.2.4.1 Inter-Arrival Times of Exogenous Events 
Previous research has demonstrated that optimal UV operator 
performance occurs when the operator has a utilization lower than 
70% [15].  Thus, all scenarios were designed to have an operator 
utilization of about 50%, meaning that operators spent 
approximately 50% of their time, on average, performing 
assignment or payload tasks.  This was achieved in pilot studies 
by fixing the payload tasks and manipulating the number of 
exogenous events and their inter-arrival times until the average 
operator utilization was about 50%.   

The experimental trials had a total of 16 exogenous events 
(unidentified contacts emerging).  The time between successive 
exogenous events (the inter-arrival time) was 30 seconds for the 
constant treatment. For the erratic factor level, the inter-arrival 
times were generated from a bimodal distribution where the 
means of the modes were set at 75 seconds and 225 seconds from 
the start of the trial, with a standard deviation of 15 seconds.  In 
both the constant and bimodal treatments, the first exogenous 
event always appeared at time 0, thus only 15 events were drawn 
from the bimodal distribution for the erratic condition.  The inter-
arrival of exogenous events was varied between constant and 
erratic to determine if team structure had an effect on how 
operators performed under different task load distributions.   

4.2.5 Participants 
Participants were recruited via e-mail and paper advertisements 
and through word-of-mouth. All of the participants were between 
the ages of 18 and 35, with the mean age being 21.7. Some 
participants had military, video game or previous UV experiment 
experience. Due to scheduling concerns, some teams were 
composed of individuals who knew each other while most teams 
were composed of individuals who were randomly assigned.  The 
level of inter-personal relationships between team members 
(stranger, casual acquaintance, friend, romantic, etc) was not 
recorded. 

4.2.5.1 Training 
Prior to the experimental trials, the participants completed an 
individual 20-minute PowerPoint® training session.  Afterwards, 
the participants completed two practice scenarios (one 
mechanistic and one organic) as teams, each one taking about 10 
minutes to complete.   Thus, the total training time was 
approximately 40 minutes. 

5. RESULTS 
The order of the trials was checked to determine if a learning 
factor occurred across the four team sessions. Given that the 
training time was minimal, and previous research has shown that 
four or more training sessions is needed for teams to achieve 
stable performance [16], testing order was of concern, and showed 
a significant effect (F(3, 24) = 4.12, p=.02). Most teams did worse 
on the first trial, regardless of the treatment, than on subsequent 
trials (Figure 5). Thus, the final statistical model included a two 
factor, repeated measures ANOVA with blocking on the trial 
order. 

Team structure was significant (F(1, 24) = 1.484, p < 0.01), with 
mechanistic teams performing better than organic teams overall, 
although there was no significant difference when the inter-arrival 
rate was erratic.  Mechanistic teams performed worse when the 
inter-arrival rate was erratic as opposed to constant (t(15.8) = 
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2.47, p = 0.03). However the inter-arrival rate had no significant 
effect on the organic teams.  The inter-arrival rate by itself was 
not significant, but the interaction of the independent variables 
was (F(1, 24) = 10.47, p = 0.04).  

 

 
Figure 5: Effect of AOCT vs trial order. 

 

5.1 Model Results 
The model was run 1000 times for each treatment condition.  For 
the organic team, the model predictions were within the 95% 
confidence interval of the empirical results for all four treatments 
(Figure 6). Since the mechanistic teams did not have to coordinate 
their actions due to their rigid role structure, they were initially 
modeled without any communication or monitoring behavior.  In 
the erratic inter-arrival condition, the model predictions for the 
mechanistic team was within the 95% confidence interval, 
however for the constant inter-arrival condition, the model’s 
predictions were low (Figure 6). 

 
Figure 6: Initial empirical results. 

Upon further investigation of the experimental transcripts, the 
mechanistic team did communicate and monitor each other’s 
actions, even though it was not necessary. Thus, a coordination 
strategy similar to that used by the organic team was implemented 
in the mechanistic model and new outputs were generated.  Not 

surprisingly, the additional cost associated with coordination 
increased the OCT of the mechanistic team. Thus, with the 
coordination strategy implemented in both teams, the model 
predictions were within the 95% confidence interval for all four 
treatment conditions (Figure 7).   

 

 

Figure 7: Revised empirical results.  

6.    DISCUSSION 
It was not surprising that the mechanistic teams performed worse 
under erratic inter-arrival times than they did when the inter-
arrival times were constant, since the erratic inter-arrival times 
caused events to arrive in batches, thereby increasing the queues.  
However, it was interesting that there was no significant 
difference in the performance of the organic team under the 
different inter-arrival rates of exogenous events.  This suggests 
that even though events arrived in clusters during the erratic inter-
arrival treatment, the organic team was able to handle the 
workload spike without increasing the AOCT.  This suggests that 
the organic team is more robust to environmental uncertainty than 
mechanistic teams due to their flexible structure and the ability to 
spread tasks across the team. 

It was predicted that mechanistic teams would perform better than 
organic teams, which they did, but not necessarily for the same 
reasons. Originally, mechanistic teams were thought to have an 
advantage over organic teams because they did not incur 
coordination costs.  As shown in the results, mechanistic teams do 
incur coordination costs and without taking these costs into 
consideration, the performance predictions are too low in the 
constant inter-arrival case. This is interesting because the 
communications are theoretically unnecessary. However, this 
highlights the importance of understanding the intrinsic need for 
communication between team members, even if it is not 
necessary. Future work should look at how to mitigate such 
communication overhead.  

So, if mechanistic teams are also incurring coordination costs, 
how are they still managing to perform better overall than organic 
teams?  The answer to this question perhaps lies in the fact that 
the empirical data used to generated the pdfs for the different 
sources (e.g. travel times, WTOD, service times) was separated 
into the four different treatment conditions. Although there was no 
statistically significant difference between the values and the 
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differences could be attributed to sampling error, there were small 
differences in nearly every input condition.  Since the OCT is the 
sum of all of these individual times, then these differences (or 
errors) combine into a statistically significant result.   

Other factors may play a role as well, such as the switching 
strategy of the operators. The switching strategy assumed for all 
of the operators was FIFO, although in many cases, operators did 
not adhere to this strategy. Thus, future analysis should determine 
the actual switching strategies observed in the experimental trials 
and implement those instead. 

Another issue is that statistical significance for data such as 
WTOD was difficult to obtain due to a number of factors.  First, 
the sample size of the experiment was small (n = 10) but this is 
not unusual for team studies since it takes multiple participants to 
form a single experimental unit. Increasing the sample size should 
reduce the standard error of the experimental results.  
Additionally, previous research has shown that UAV teams do not 
reach asymptotic performance levels until after they have 
completed around four sessions together [16].  Although this is 
likely to be highly contingent upon a number of factors such as 
the difficulty of the task, the inter-operability required for success 
and the length of the sessions, it does seem to be consistent with 
our results.  Thus, to further reduce variability in the experimental 
results, additional practice sessions should be added.  Finally, the 
experiment was not controlled for the skill level or the 
relationships of the individuals.  Factors such as age, video game 
experience and military background could have had an effect on 
individual performance.  If a reduction in the variability of the 
team’s performance is desired, then future experiments could 
select for and block on particular individual traits.  However, 
teams of futuristic UV operators may be just as diverse as the 
sample population, particularly if they are composed of 
individuals from different agencies or even nations operating via 
an interoperability standards [17]. These operators may have 
different levels of training, skills and attitudes which may result in 
significantly different levels of individual performance.  Thus, it 
is not necessarily a flaw in the experimental design to have 
diversity in regards to the individual traits, as it can be argued that 
such diversity will be likely in future UV systems.   

7. FUTURE WORK 
The model in this paper has successfully replicated the results of 
experimental trials, but it has not been used to predict the 
performance of teams in hypothetical situations. Future work will 
look at developing the model to predict the performance of teams 
in new scenarios and then verify those results empirically. One 
such scenario could be if the teams had an additional member or 
decision support tool that aided in task allocation. While the 
mechanistic teams performed better than organic teams overall, 
the fact that the mechanistic teams were more sensitive to 
variations in the environment suggests that this team architecture 
may not be ideal for volatile environments such as those found in 
command and control settings.  If an organic team had the benefit 
of a leader or decision support tool, then its coordination costs 
might drop significantly, whereas a leader or decision support tool 
would likely have little or no effect on a mechanistic team.  Thus, 
the team model could be updated to see just how much of a 
performance difference one could expect by having a leader or 
decision support tool in both team structures.  
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ABSTRACT 
While machine learning algorithms have been successfully 
applied to a myriad of task configurations for parameter 
optimization, without the benefit of a virtual representation to 
permit offline training, the learning process can be costly in terms 
of time being spent and components being worn or broken.  
Parameter spaces for which the model is not known or are too 
complex to simulate stand to benefit from the generation of model 
approximations to reduce the evaluation overhead.  In this paper, 
we describe a computational learning approach for dynamically 
generating internal models for Genetic Algorithms (GA) 
performance optimization.  Through the process of exploring the 
parameter gene pool, a stochastic search method can effectively 
build a virtual model of the task space and improve the 
performance of the learning process.  Experiments demonstrate 
that, in the presence of noise, neural network abstractions of the 
mappings of sequence parameters to their resulting performances 
can effectively enhance the performance of stochastic parameter 
optimization techniques.  And results are presented that illustrate 
the benefits of internal model building as it pertains to simulated 
experiments of complex problems and to physical trials in robot 
assembly utilizing an industrial robotic arm to put together an 
aluminum puzzle.   

Keywords:  Genetic algorithms, parameter optimization, model 
building, robotic assembly 

1. INTRODUCTION 
Conceptualizing the transformation from knowing what needs to 
be accomplished in an optimizeable task to knowing how to 
actually go about accomplishing said undertaking is an expensive 
and time-consuming process.  These costs are further 
compounded when the tasks being optimized are susceptible to 
complex, external influences such as the gross uncertainty of 
physical systems caused by friction, pressure and temperature.  
These tasks become problematic because the limitations of virtual 
models fail to fully capture the complexity of the operational 
environments and conditions, and thus necessitate the utilization 
of physical trials for learning. 
In previous work at Case Western Reserve University [5] it was 
demonstrated that Genetic Algorithms can effectively and safely 

perform rigid-body assembly optimizations by using physical 
robot systems for parameter evaluation.  Using a simple metric of 
success based on assembly trial speed and contact force, the 
system was capable of learning how to perform a variety of 
assemblies quickly and within the bounds of defined safety 
parameters.  Though this implementation was highly successful, it 
was noted that, by the very nature of the learning method used, 
the process of optimization was often wasteful.  Specifically, 
parameter sequences that were incapable of even completing the 
assemblies still had to be tested and allowed to time out before 
ultimately being discarded. 
Numerous attempts to minimize this waste have been attempted, 
though their methods focus on experimenting with the learning 
rates [2], population sizes, mutation and crossover rates, child 
succession rates [4], and competition metrics [9].  In this paper, an 
augmentation to Genetic Algorithms implementations is described 
that utilizes the system’s experiences in performing an 
optimizeable function to generate an internal model of the task 
space.   

2. DEVELOPMENT OF INTERNAL MODELS 
Genetic Algorithms, stochastic methods of parameter space 
exploration, follow the biological model of random gene 
mutations and Darwinian survival to evolve competitive gene 
vectors of parameters for optimization.  While certain 
implementations may preserve information regarding the 
evolutionary genetic lineage, the competitive nature of the system 
does not maintain any history of the gene strains that are deemed 
unsuitable for survival.  As a result, massive amounts of useful 
knowledge generated by the random search are discarded without 
actually benefiting the system.  Many biological organisms 
maintain a memory of previous experiences—both positive and 
negative—and effectively learn from them by altering their future 
behaviors based on the results from the past.  When applied to 
Genetic Algorithms, these memories could provide a basis for 
predicting the survivability of the progeny gene sequences, and 
may actually preempt the necessity of actually running trials 
doomed to fail. 
Within the context of Genetic Algorithms, models are defined as 
functional mappings from the gene sequence parameters to their 
respective resulting performances.  Explicitly, for the query 
parameter vector g, executing the gene sequence through the 
evaluation function f (such as physically performing an assembly 
task) produces a resulting performance r.  By developing an 
enhanced filter function h to approximate the mapping of the full 
genetic parameter pool G to its respective output mapping R such 
that h(G)→R’ ≈ f(G)→R, where R’ is an approximation of R, one 
should be able to effectively accelerate the convergence on an 
optimal solution by evaluating only those parameter sequences 
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that are predicted to surpass the performance of their originating 
parents. 
Assuming that the model is an effective predictive filter and that 
each trial run by the GA has a constant evaluation cost c, by 
evaluating only the K projected best-performing parameter 
sequences of the N total child genes produced by the Genetic 
Algorithms driver program per generation, one can expect an 
average convergence performance enhancement cost of cK/N.  Of 
course, in the trivial case where h = f (i.e. there is a perfect model 
that precisely maps all possible g to their respective r), K 
effectively becomes 0 since one can effectively eliminate the need 
to actually run the gene sequences since they can manifest and be 
evaluated in silico because the outcome is already known with 
certainty. 
One of the chief underlying inspirations for this research was the 
desire to maintain a safe working environment.  Manual tuning of 
assembly parameters is frequently employed, often using the 
manipulator, itself, as an input device for characterizing 
parameters and their subsequent performances.  While methods 
such as Design of Experiments [3] have been developed, their 
implementations require the optimization experts and robot 
programmers.  In an effort to minimize the expertise cost 
associated with these tuning methods, however, automated tools 
for the same processes are actively being developed [10]. 
For robot automation it is preferable to perform as much of the 
parameter optimization as possible offline due to the inherent risk 
of damaging the robots and their operational environments given 
suboptimal or dangerous inputs.  For example, a similar approach 
was used in [6], which utilized existing simulators for 
reinforcement learning of helicopter flight prior to code 
deployment on the robot.  Customizable simulators such as those 
used by [8] for clutch assembly modeling, and [7] for mobile 
robotics benchmarking and analysis, utilize real-world data to 
construct more realistic representations of the robots and their 
environments.  These solutions, however, are useful only when all 
of the specified environmental constraints are known.  In 
unknown conditions, [1] developed topological maps for peg-in-
hole localization strategies.  However, this approach required that 
the exploration be exhaustive, and that it occur entirely before the 
localization could begin.  What we hope to gain from this work is 
inline knowledge acquisition and representation for optimization 
acceleration purposes. 
To this end an inline helper function is proposed to selectively 
prune the child gene pool prior to being executed.  This function 
would take the N children produced by the Genetic Algorithms 
software and rank-order them according to their predicted 
performances.  The GA implementation would then select the top 
K projected child gene sequences for trial evaluation, and 
afterward report to the helper function the results of running those 
genes such that the helper might then adjust its mapping of the 
world to further improve the model’s predictive abilities. 
Because an analytical model is not always readily available, what 
were tested in this study are two simple numerical approximations 
of the data parameter-to-performance mapping trends.  The first 
was a standard gradient descent approach to a least-squared linear 
fitting of the data.  With this, we attempted to fit a high-
dimensional plane to the surface plot of the observed system 
outputs for the known parameter sequences.  Given an M-
dimensional gene sequence, gi, and a set S ⊆ G of previously-

executed gene sequences, selected from S are the M+1 closest 
(based on Euclidean distance) distinct sequences to g in the 
parameter space to form the (M+1)×M matrix X, illustrated as 
follows: 
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Taken from the set of known outputs Y ⊆ R paired with their 
respective inputs S are the M+1 resulting performances y (see 
above).  From the M+1 sampled sequences, a linear hyperplane is 
generated that best approximates the slope of the data trends.  
This hyperplane is equivalent to the estimated tangent of the 
model surface, and can thus be described by the normal vector 
definition given in Equation 1.  In particular, the hyperplane 
solution is identified as the best-guess vector, b, that most 
accurately explains the observed model such that it minimizes the 
position and orientation error, ε.  The value of b can be computed 
such that y = Xb+ε by Equation 2. 

( )T TX X b X y=  (1)

( ) 1T Tb X X X y
−

=  (2)

The second approach employed yet another layer of abstraction 
by means of a standard feed-forward neural network trained via 
back propagation in order to generate a best-estimated fit to the 
explored parameter space.  The neural network utilized followed a 
standard three-layer model (see Figure 1) that consisted of an 
input layer, I, composed of M nodes, an arbitrary number of 
“hidden” layer nodes, J, and an output layer, K, consisting of one 
or more nodes.  Here, nodes are defined as equations that take as 
arguments a single scalar input, u, composed of the summed, 
weighted outputs from the layer before it, and produce a scalar 
output, o = t(u), where t is a defined nonlinear “activation 
function.”  The links connecting nodes in Figure 1 are the 
weighted “synapses” that scale the output of the presynaptic node 
before feeding it into the postsynaptic node. 

 
Figure 1: A standard three-layer neural network topology 

consisting of input-, hidden- and output-layer neurons 
The full set S is used to train the network using the associated set 
of known outputs, Y, to compute the resulting error values, which 
are then utilized in adjusting the weights of the links connecting 
adjacent layers of hyperbolic tangent activation function nodes.  
The sensitivity factor (or how much effect a change in the current 
value will have in the total network error) for every synapse, w, is 
computed for each training sequence, p, and the weights are 
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adjusted accordingly.  For the synapses linking the hidden and 
output layer neurons (wk,j) the sensitivity factor is computed using 
Equation 3, while the sensitivity factor for the synapses linking 
the input layer neurons and hidden layer neurons (wj,i) are 
computed using Equation 4.  Training the network adjusts the 
resulting outputs for a given input parameter sequence, and 
approximates the surface of the mapping from parameters to 
solutions. 
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In the above equations, the sensitivity factors are dependent on 
the errors between the known performance outputs, yp, and the 
outputs projected by the neural network, op.  The function t’ is 
computed as the first-order derivative of the activation function t 
discussed previously.  For experimentation, this function was 
defined as the hyperbolic tangent, t(u) = 1.7159tanh(2u/3). 

3. RESULTS:  SIMULATED HARD PROBLEMS 
Given the time constraints of training massive instances of 
assemblies, and the inherent uncertainties of the existence of a 
global optimum of physical configurations, initial trials consisted 
of a reconfigurable simulator of nonlinear problems.  Preliminary 
experiments with mathematical simulators illustrated that simple 
problems with low-dimensional parameter spaces were too 
quickly solved by the GA, and that the dichotomy between 
assisted and unassisted implementations was difficult to 
distinguish visually.  Because of this, it was decided to implement 
the simulation as a scalable M-dimensional Gaussian that 
computes a scalar output score, rj, as defined by Equation 5. 
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The value A is an arbitrary scaling constant to determine the 
maximum value of the Gaussian.  For this research, it is assumed 
to be 1.0 in order to reduce the number of variables.  The origin, 
μ, was centered at {π, π, π, …, π} and was configured for a 
variance σi = i (specifically, σ = {1, 2, 3, …, M}).  The individual 
gene sequence elements gi were all initialized to 0.5 for all 
simulator trials, but could be mutated by the GA to be any real 
value in the range [-∞, ∞].  The addition of a noise parameter, β, 
allowed for the inclusion of varying levels of static or dynamic 
noise upon each trial evaluation if such noise is desired. 
This model was chosen because it is demonstrably learnable, has 
a known global optimum, is sufficiently difficult in high 
dimensions, is repeatable and testable, and is easily augmented 
given the added noise value β.  In the trials run with noise present 
within the simulator, β was assigned a random value with 
Gaussian distribution and variance 0.03.  This value was 
dynamically generated upon each query to the simulator, such that 
for N different queries given a parameter sequence, g, N different 
random values would be assigned to β.  Even in the presence of 
the random noise, however, the shape of the Gaussian was still 
clearly visible.  Though, given the noisy nature of the problem, 
the surface became jagged and rife with local optima (as is seen in 
Figure 2). 

Figure 2: Low-dimension simulator surface plots in both noiseless 
(left) and noisy (right) operating environments 

Because initial tests began with a known application model, there 
existed the benefit of also being able to demonstrate what 
advantage having omniscience would grant a Genetic Algorithms 
implementation for parameter optimization.  By using the 
simulator itself as a predictor of its own outcome, a perfect model 
was gained which could thus establish a baseline for the best 
possible expected convergence on a solution with an assisted GA.  
Naturally, because perfect model of the problem domain existed, 
the number of performance queries to the simulator essentially 
dropped to zero due to the reasons discussed in the previous 
section.  However, for the sake of argument, it was assumed the 
Genetic Algorithms driver program was unaware that the filter 
function was perfect, and thus it treated the function as it would 
any other assistant method. 
Similarly, because perfect knowledge of the system existed, an 
analytical approach toward gradient descent for comparative 
purposes was provided.  Using an analytical approximation of the 
slope of the known model system, performances considerably 
better than those of an unassisted GA could be expected.  The 
results, however, would not be quite as effective as the perfect 
model.  For the simulator problem, the analytical approximation 
consisted of an instantaneous tangent plane that passed through 
the best-performing child of the previous generation’s stochastic 
search.  This plane was defined by the solution of the gradient at 
the origin point ĝ  computed by the function described in 
Equation 6 (which can then effectively be reduced to Equation 7).  
For example, if the M-dimensional gene gk performed such that rk 
≥ rj ∀j ∈ N in the previous time step, the analytical tangent model 
would be that which passed through ĝ  = gk. 

( )
( ) ( ) ( )2 2 2

1 1 2 2
2 2 2
1 22 2 2ˆ

M M

M

g g g

i i
f g e

g g

μ μ μ

σ σ σ
β

⎛ ⎞− − −⎜ ⎟− − − −
⎜ ⎟
⎝ ⎠

⎛ ⎞
⎜ ⎟∂ ∂

= +⎜ ⎟
∂ ∂ ⎜ ⎟⎜ ⎟

⎝ ⎠

…

 (6)

( ) ( )2
2 2

ˆ
2

i i i i

i i i i

g gf g r
g g

μ μ
σ σ

⎛ ⎞− −∂ ∂ ⎜ ⎟= − =
⎜ ⎟∂ ∂ ⎝ ⎠

r  (7)

Associated with each M-element gene vector, g, is an equitable 
M-element mutation vector, h, that specifies the possible variance 
of random perturbation around the current set value.  Upon each 
successive generation of training, the mutation variances for 
generation t+1 are multiplicatively reduced by constant, bimodal 
“learning rates” according to Equation 8.  These learning rates are 
applied based on either gene succession (i.e. a child gene is 
selected as the next generation’s parent), η+, or genetic failure (no 
child performs better than the parent gene), η-.  These learning 
rates can either broaden the variance to allow for larger search 
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spaces, or can narrow the variance to hone in on some optimum 
configuration.  Gene elements that have an associated mutation 
variance of 0 are considered “locked,” and can not be modified 
further. 

( 1) ( )i ih t h t η+ = (8)

For the simulator trials we set M = 15.  The Genetic Algorithms 
implementation was executed with a single clan for over 30 
iterations of learning with 10 children in the clan, for over 300 
trial inquiries to the simulator interface.  The assisted GA was 
allowed to generate 1,000 child gene sequences for the single 
clan, which were then rank-ordered by the filter methods and the 
10 children with the best projected scores were selected for trials.  
The neural network topology consisted of three layers of 
hyperbolic tangent activation function nodes:  an initial layer of 
15 input nodes, a hidden layer of 20 nodes, and an output layer 
consisting of a single node. 

Simulation Results:  Noiseless Learning
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Figure 3: Results of internal modeling enhancement for a high-

dimensional simulated Gaussian problem. 
The subsequent expected performances of the five optimization 
techniques (unassisted Genetic Algorithms, perfect model, 
analytical tangent, numerical tangent, and neural network surface 
abstraction)—as computed by the averaged results over numerous 
trials—for the noiseless simulator model are illustrated in     
Figure 3.  Each method is demonstrably monotonically decreasing 
toward the convergence of some optimal solution.  In this 
instance, the optimum was defined as the apex of the Gaussian 
curve.  Performance improvements are marked by a movement 
toward convergence (specifically, a smaller value of the error J, 
which is defined here as the distance from the known maximum 
value of 1.0) in the fewest number of inquiries to the simulator as 
possible. 
The unassisted Genetic Algorithms implementation faired the 
worst of all five, while the perfect knowledge model moved 
toward convergence of the optimal solution the fastest as 
anticipated.  The analytical tangent closely followed the rate of 
convergence of the perfect model initially, but diverged as it 
approached the optimal solution and slowed to a rate comparable 
with that of the GA search.  This divergence is likely due to the 
tangent plane projecting beyond the optimal value, and thus the 
stochastic search took precedence as the internal model bounced 
back and forth over the zenith of the Gaussian curve.  Both the 
numerical tangent and the neural network approximations faired 
considerably better than the unassisted Genetic Algorithms 
method, but came shy of the performance improvements granted 
by omniscience. 

When noise was added to the simulator, however, the possibility 
of this omniscience from the GA’s perspective was effectively 
lost.  Because of this, the analytical model was thus omitted from 
this line of testing.  The perfect model results from the noiseless 
experiment, however, are included in the test results as a basis for 
comparison.  Each query to the simulator was performed 10 times, 
and the resulting noisy outputs of those queries were then 
averaged to produce an expected result for a given parameter 
sequence for a single trial.  These results were thus used by the 
Genetic Algorithms program to select which gene sequences 
would be chosen for parental succession on the subsequent 
generation of training. 
It should be noted, however, that the added noise β distinguishes 
what the Genetic Algorithms implementation observes and what 
are the actual outputs for a given set of parameter sequences.  The 
values reported in Figure 4 are based on the performances of the 
observed best-performing gene sequences per generation as they 
would actually fare with the noise removed from the equation. 

Simulation Results:  Noisy Learning
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Figure 4: Results of internal modeling enhancement for a high-

dimensional simulated Gaussian problem in the presence of noise 
Running the simulator with noisy reported outputs demonstrated 
that the numerical tangent hyperplane performed no better than 
the unassisted Genetic Algorithms implementation for 
convergence improvements.  One could legitimately argue that 
the performance of the numerical tangent actually had the 
potential for being inferior, because one might naturally expect 
that a stochastic search being run with bad additional information 
(such as that produced by line-fitting with erroneous data) would 
likely be worse off than one running with no extra information at 
all.  The neural network approach, however, provided enough 
data abstraction to perform better than both the unassisted GA and 
the numerical tangent approximation. 
When we increased the range of the noise value β such that the 
surface of the Gaussian curve became almost indistinguishable 
(see Figure 5), the dichotomy in performance became even more 
pronounced.  By making the random noise uniformly distributed 
in the range of [-0.5, 0.5], the surface plot resembles a field of 
needles more than it does a gently-sloping hill.  To the human 
eye, the curvature of the Gaussian is still barely visible, but to the 
stochastic search it is little more than a sea of noise.  This is made 
evident by the noticeably worse performance of the unassisted 
Genetic Algorithms implementation.  A similar performance of 
the gradient descent approach with the numerical tangent 
approximation is observed, as the resulting fitness was only 
marginally better, as is illustrated in Figure 6.  The neural 
network model, while being far from converging on the optimum 
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solution of the Gaussian, managed to guide the GA to a solution 
that was far superior to that which the Genetic Algorithms 
program would have found on its own.  Without some additional 
insight into the nature of the model, it is possible that the results 
achieved by the neural network may even be the best possible 
practicable by a stochastic search method.  

 
Figure 5: Comparison of the low-dimensional simulator surface 
plots in the presence of varying degrees of noise 
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Figure 6: Results of internal modeling enhancement for a high-

dimensional simulated Gaussian in the presence of massive noise 
From these initial simulated trials, we can infer three things.  
First, that the presence of an internal model—whether developed 
analytically or by means of exploration of the search space—has 
the potential of greatly improving the performance of a stochastic 
search in its search for an optimal solution.  Second, that in the 
presence of output noise, gradient descent approaches for 
traversing the parameter space may not perform any better than 
random walks.  More intelligent models than simple hill-climbing 
are clearly needed.  And third, in the early stages of training, the 
GAs with internal models typically see faster rates of performance 
improvement than those without internal models. 

4. RESULTS:  PHYSICAL ASSEMBLIES 
While informative, the results of simulations run in Section 3 do 
not provide sufficiently definitive empirical proof that the internal 
modeling methods proposed are effective for the acceleration of 
convergence for stochastic searches.  For the virtual problem, 
there was a known parameter sequence that resulted in a global 
optimum solution reachable by a simple hill-climbing algorithm.  
How does the system fare in an environment where the 
cumulative uncertainties rule out such an ascent, and where there 
may exist numerous global optima?  To this end, a physical 
assembly trial was configured and implemented to test the 
proposed internal model generation. 

For the assembly configuration, an aluminum pentagonal puzzle 
(see Figure 7) was set up to be put together using an ABB IRB-

140 industrial robotic arm outfitted with an ATI GAMMA 
force/torque sensor for force feedback in order to facilitate 
compliant motion control.  The puzzle consisted of two stages of 
assembly:  a peg-in-hole search that locked the circular lip of 
puzzle piece in the inner circumference of the pentagonal hole, 
and a rotational search that aligned profile of the puzzle piece 
with the pentagon orientation such that it could be fully inserted.  
Each search was represented by a parameterized numeric vector 
of arguments that were generated and mutated by a host 
computer, and communicated to the ABB IRC5 robot controller 
using a 4ms fast Ethernet connection for interpretation and 
execution.  Each vector was of fixed length, and the distinct 
searches are concatenated to form a single input vector to the 
internal model for training.  The GA configuration is identical to 
the one introduced in previous work [5], with the exception of the 
addition of the internal model filter method. 

 
Figure 7: Aluminum pentagonal puzzle insert (right) to be 

assembled by the ABB IRB-140 open-chain manipulator (left). 
The gene sequence fitness score for the physical assembly 
problem, Equation 9, was a function of the resulting assembly 
times, T, and incidental forces, F, encountered while performing 
the assembly task.  Here the value of T is equal to the amount of 
time passed before either the assembly has been completed or the 
assembly attempt timed out, and F is equal to the average value of 
the maximum force recorded on the X, Y or Z axes of the torque 
sensor.  Both time and force were bound by pre-defined 
maximum values (Tmax and Fmax, respectively), and if the task 
exceeded either value the assembly process would be immediately 
aborted and the trial given a score of 0.  Given that different 
assemblies may have different requirements regarding time and 
force, the scaling factor, 0 ≤ α ≤ 1, was used to shift the weight of 
the score accordingly with regard to where the process importance 
was focused. 

( ) ( )max max

max max
max 1 , 0T T F Fr f g

T F
α α
⎛ ⎞⎛ ⎞ ⎛ ⎞− −

= = + −⎜ ⎟⎜ ⎟ ⎜ ⎟⎜ ⎟ ⎜ ⎟⎜ ⎟⎝ ⎠ ⎝ ⎠⎝ ⎠
(9)

The assembly process for the pentagonal puzzle consisted of three 
phases of distinct search strategies.  Each search strategy was 
defined by a vector gene consisting of 20 floating point numbers 
that identified the search strategy, the termination conditions, and 
the search parameters.  For searches that required fewer than 20 
numerical values to be fully defined, all unused vector elements 
were set to 0 in order to maintain a unit gene length.   

The first phase was essentially little more than a localization 
offset that sought to minimize both 1) the search time necessary to 
engage the circular insert caused by position uncertainty, and 2) 
the profile orientation caused by rotational uncertainty.  In short, 
the first phase was little more than lateral offsets and a rotation 
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around the tool’s Z axis to move the robot to what it believed was 
an optimal initial configuration for assembly.  The second phase 
performed a spiral search to perform a peg-in-hole assembly of 
the circular insert.  Parameters to be optimized included the spiral 
radius, search speed, and number of turns per spiral.  And the 
third phase was a rotational search to engage the pentagonal 
profile of the puzzle piece.  Optimizeable parameters for the 
rotational search included the rotational arc size, search speed, 
hopping frequency, and hopping amplitude.  The hopping 
parameters controlled an oscillating vertical force profile and 
were included to minimize the likelihood of the edges of metal 
components seizing while being assembled.  While the puzzle 
assembly had sub-millimeter tolerances, no great amount of force 
was necessary to join the insert and the puzzle housing.  Because 
of this, the applied downward force for the assembly task was 
fixed at 5 N.  Initial trials of the unassisted GA with the puzzle 
assembly demonstrated that the encountered forces never 
approached the 80 N value of Fmax.  It was thus decided to set 
value of α in Equation 8 to 1.0, effectively eliminating the force 
term and restructuring the fitness function to take into account 
only the assembly time. 

As mentioned previously, training for the Genetic Algorithms 
implementation for the puzzle assembly task was divided into two 
unique search stages:  the spiral search, and the rotational search.  
The piece components being aligned for assembly are bolded in 
solid red in Figure 8 for each of the two searches.  Stage 1 
consisted of learning the optimal position offsets for the first stage 
of insertion, and then optimizing the spiral search for the circular 
insert (Figure 8-A).  Phase 2 locked the values from the first 
phase in place, and optimized the orientation offset and rotational 
search parameters (Figure 8-B).  For the assembly trials, Phase 1 
training was performed without the assistant filter function and 
was evolved for twenty-five generations independently before 
being parametrically fixed.  The internal model method was then 
applied to the second phase of training for performance gauging. 

  
A  B 

Figure 8: Pentagonal assembly representations of the peg-in-hole 
lateral search of the circular component insertion (A), and the Z-

axis rotational piece profile meshing (B) 
Given the results of the simulator with noise and the sub-par 
performance of the numerical tangent approximation, only the 
neural network filter method was used in physical testing as an 
assistive model.  The neural network topology from Section 3 was 
augmented to accept the increased number of search parameters 

of all three stages, with the number of input-layer neurons being 
increased to 60.  The numbers of hidden-layer and output-layer 
nodes were maintained at 20 and 1 respectively, however, with 
the single output representing the time for assembly completion.   

The first three generations of parameter optimization were 
evaluated without the assistive model.  The resulting inputs and 
outputs were used to train the neural network model offline.  The 
assisted and unassisted Genetic Algorithms implementations were 
then started at the same point given the best-performing 
parameters after the third generation.  The assisted GA model was 
again allowed to generate 1,000 children, but only the top 10 
projected performers were actually evaluated.  The results of 
adding an assistive function to the second sequence are discussed 
presently. 

Physical Results
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Figure 9: Sample results of internal modeling enhancement for a 

multidimensional physical assembly. 
For each trial, the robot began searching for the assembly attempt 
at the same location and orientation in space.  Plotted in Figure 9 
are the results of running the Genetic Algorithms implementations 
with and without the assistive method.  The solid blue lines 
represent the numerous test results of unassisted stochastic 
learning, while the dashed red lines show the results of stochastic 
learning with selective pruning of the genetic parameter pool.  
With only a few exceptions, the trials had quickly converged to 
some optimum performance around which subsequent trials 
oscillated.  While the two fared quite well, the assisted model 
performed, on average, slightly better than the unassisted 
stochastic search.  These results are reminiscent of those 
comparing the unassisted and assisted GA implementations of the 
high-dimensional simulated problem in the presence of noise 
discussed in Section 3. 

As an additional test, random noise was introduced to the system 
in the form of random robot configurations.  To simulate 
positional and rotational uncertainty, random perturbations were 
added to the robot’s initial pose for each trial.  Positional noise 
consisted of uniformly-distributed lateral offsets in the range of   
[-2.0 mm, 2.0 mm] for both the X and Y axes, and rotational noise 
took the form of a random rotation in the range of [-5.0°, 5.0°] 
along the Z axis.  The results for these tests are illustrated in 
Figure 10. 

The performance of the physical testing was comparable to the 
simulator results with massive added noise, which lends credence 
to the simulator model for performance testing.  With assistance, 
the training performed better than when it was unassisted, with 
each training sequence performing better than or equal to the 
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ABSTRACT
Distributed assembly tasks, in which large numbers of agents
collaborate to produce composite objects out of component
parts, require careful algorithm design to ensure behavior
that scales well with the numbers of agents and parts. Yet al-
gorithm evaluation, through which design is guided, is com-
plicated by the combinatorial nature of system states over
the course of execution. This leads to a situation in which
the algorithm design space is often severely cramped by the
inefficiency of available analysis techniques. We review sev-
eral available analysis strategies, and present two techniques
for designing distributed algorithms that lend themselves to
continuous differential analysis while avoiding catastrophic
deviation between discrete and continuous system models.
This methodology aims to allow optimization at the macro
continuous level to inform parameter choice for discrete, real
world systems.

Categories and Subject Descriptors
I.2.11 [Distributed Artificial Intelligence]: Multiagent
systems

1. INTRODUCTION
In this work, we describe a flexible manufacturing sys-

tem based on a robot swarm tasked with assembling com-
posite products from distinct parts. The objective is to de-
velop “top-down” design techniques for decentralized control
policies that are invariant to changes in team size and part
quantities while satisfying workspace and task constraints.
To this end, we consider a distributed assembly task where
heterogeneous parts are randomly placed within the envi-
ronment. Assembly is achieved by tasking robots to wander
the workspace, picking up parts as they encounter them, and
assembling composite objects when they encounter other
robots with complementary parts. The dynamics of the as-
sembly task may be modeled as a chemical reaction network
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not made or distributed for profit or commercial advantage and that copies
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since robot-part and robot-robot interactions can be treated
as chemical reactions between different molecules.

Our proposed approach is close in spirit to several previ-
ous works in which system dynamics are modeled as chemi-
cal reaction networks. Hosokawa et al. used such a model to
predict the yield of full assemblies from a collection of verti-
cally stirred modules [3]. Klavins et al. achieved distributed
self-assembly from component parts through random colli-
sions of parts that bind and detach from each other based
on pre-programmed probabilistic rules [7]. Here, the chem-
ical reaction based model was used to maximize assembly
yield by optimizing the spontaneous detachment probabil-
ities of the various components at equilibrium. However,
the proposed optimization strategy required the enumera-
tion of all reachable system configurations, which does not
scale well with the number of parts. Similarly, Matthey
et al. developed stochastic control policies from chemical
reaction-based models that enabled a robot swarm to as-
semble distinct products from a collection of heterogeneous
parts [10]. The control policies obtained here provided the-
oretical guarantees on overall system performance. The use
of mobile robots to manipulate and assemble passive parts
decentrally is similar to other work [11] where the objective
was to derive a rule set to enable the construction of an
entire structure out of simple building blocks.

Similar to earlier works by Hsieh et al. [4] and Matthey et
al. [10], we propose to develop a “top-down” design method-
ology for generating stochastic agent-level control policies for
a robot swarm based on the mathematical framework used
to model chemical reaction networks. Other works have an-
alyzed collective behavior in cooperative robotic tasks [6].
Macroscopic swarm models have been derived to study the
performance of a distributed foraging strategy under vary-
ing conditions [9], while a similar approach has been used to
analyze and study the effects of specialization within large
robot teams [5]. In all these works, robots are treated as sin-
gle molecules and assumed to be capable of simple atomic
behaviors, with local interactions between robots governed
by a set of reaction rates. Since individual robotic agents
can only assume a finite set of basic behaviors, it is possible
to model system dynamics solely by considering the popula-
tion distribution across the set of behaviors. By describing
the swarm dynamics via a macroscopic analytical model,
these works have shown that it is possible to derive stochas-
tic agent-level control policies to meet a particular desired
group-level outcome [1, 4, 10], thus providing a “top-down”
versus the traditional “bottom-up” approach to designing
group behavior.

24



Figure 1: An example of heterogeneous primitive
parts A, B, and C that can be assembled into a micro-
robot.

Figure 2: An example of allowable sub-assemblies
obtained from the assembly of primitive parts A, B,
and C.

We investigate methods to simultaneously adapt the de-
velopment of these macroscopic analytical models alongside
the discrete behavioral algorithms they are to be applied to
in order to maximize the fidelity of the models. Improved
compatibility between implementation and analysis creates
a virtuous cycle where carefully designed algorithms lead to
higher fidelity modeling which leads to improved algorithm
refinement strategies. Specifically, we consider the execu-
tion of collaborative tasks by a swarm of robots whose goal
is to assemble composite widgets made of several smaller
parts. This is relevant to applications in areas such as flexi-
ble manufacturing where it may be desirable to have a sys-
tem capable of assembling significantly different products
on-demand. Other applications include automation of recy-
cling plants and nanoscale assembly where stochasticity is
often the norm rather than the exception.

2. PROBLEM FORMULATION
Consider the problem of deploying a swarm of N robots

to assemble complex products from a set of heterogeneous
parts. For example, consider the problem of assembling a
micro-robot from a pair of wheels, chassis, and a sensor. As
such, the set of possible part types is given {A, B, C} where A

corresponds to the sensor, B corresponds to the chassis, and
C corresponds to the pair of wheels as shown in Figure 1.
The assembly of the micro-robot can be broken down into
the assembly of intermediate products: either an AB, the
attachment of the sensor to the chassis, or a BC, the attach-
ment of the chassis to the wheels, sub-assembly as shown in

Figure 3: An example of an assembled micro-robot
composed of primitive parts A, B, and C.

Figure 2. The sub-assemblies may then be mated with the
missing primitive part, either the set of wheels or the sen-
sor, to complete the assembly of the micro-robot as shown
in Figure 3. Rather than focus on the details of assembling
micro-robots, this work will consider the analogue problem
of assembling ABC widgets since it provides a nice abstraction
for more general assembly tasks.

In particular, we assume uniform distributions of each
part type, A, B, and C, within the workspace. Robots navi-
gate the environment by following a trajectory chosen ran-
domly at start-up and upon encountering an environment
boundary. As robots wander the workspace, they are tasked
to pick-up and assemble intermediate parts, i.e. AB’s and
BC’s, and/or ABC widgets as they encounter parts and other
robots. For simplicity, we assume that the primitive parts,
A, B, and C are replaced in the environment as soon as they
are picked up for any reason. Furthermore, the intermedi-
ate objects AB and BC are dropped in the environment upon
production, while a successful assembly of an ABC widget is
immediately removed from the workspace, returning each
agent involved in its construction to a free state identical
to that in which it started. Finally, it is important to note
that agents performing these assembly operations have no a
priori knowledge of their workspace: neither its geometry,
the availability of parts, nor the disposition of other agents.

This abstract assembly task requires cooperation between
at least two agents, without any high-level coordination.
However, while agent-level behaviors that result in coop-
erative widget assembly are easy to express, and immedi-
ately suggest the opportunity for great parallelism through
a simple scaling of the number of parts and agents in the
environment, system-level performance is contingent on be-
nign interactions between concurrent assembly operations.
Toward this goal, we propose to develop robust concurrent
assembly strategies that lend themselves to rigorous analysis
for the purposes of tuning high-level algorithm parameters.
These parameters may include such features as agent-level
preference for certain parts in particular situations. Any
such biases can have a dramatic effect on system perfor-
mance, and thus represent important tuning parameters for
the system as a whole. Yet, while the effect of such biases
at the agent level may be clear from inspection, the effect
of their interactions when embodied by hundreds of concur-
rently operating agents is less clear. In this way, the system
tuning process relies on agent-level tuning, and may only be
directed by considering multitudes of interacting agents.

To achieve this, we will first develop a baseline approach
using a swarm of N non-communicating robots with limited
sensing capabilities. In this baseline case, a free robot dis-
covers and picks up a part by physically bumping into it.
Robots encounter each other by a similar physical interac-
tion, at which time they will produce a new composite part
if such an assembly is possible given the parts held by each
agent.

The second variation is similar to the first, but involves
equipping each agent with a sensor that allows for the de-
tection of parts, be they of type A, B, C, AB, or BC, within
some fixed sensing radius of the agent. Additionally, each
agent is capable of coordinating with any other agent within
its communication radius in order to perform an assembly
operation.

The third variation considered here is one in which agents
do not speculatively pick up parts at all. In terms of the
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identification scheme of discrete agent states implied by the
previous variations, e.g. an agent holding some part of type
A, or some part of type C, this variation is as if agents are
allowed to exist in several overlapping states simultaneously.
An agent may be aware of multiple parts in the environment,
e.g. an agent aware of both a part of type A and a part of
type C, but does not commit to any subsequent operation
until said operation is known to be terminating. That is,
when the agent comes into contact with another agent such
that the two may combine the parts they are aware of to
produce a composite object. Put another way, the previous
two problem formulations force an agent to commit to a
course of action when it encounters a part: should an agent,
upon discovering a part of type A, pick up said part, it has
preordained its immediate future to consist of an assembly
operation in which it contributes a part of type A.

3. ANALYSIS TECHNIQUES
Given an assembly algorithm defined over a set of param-

eters, a frequent objective is to determine the optimal set or
subset of parameters that can satisfy specific performance
metrics, i.e. maximize widget production. Perhaps the most
intuitive approach is to search for these optimal parameters
by simulating the assembly process. This is most commonly
achieved via an agent-based simulation (ABS) where each
robot agent is simulated individually, and time is a syn-
chronous signal used to advance each agent’s state of execu-
tion simultaneously. While this approach has the advantage
of faithfully modeling both the finite individuality of swarm
members and the constant advance of time, it ignores many
opportunities for improved efficiency. First, if many agents
are executing the same behavior, it is not always clear how
much is gained by simulating N copies of the agents. Sec-
ond, the regular sampling of time must be fine enough such
that each robot is only expected to be involved in one inter-
action between simulation samples. Otherwise, the order of
events during a time interval is unspecified, which can lead
to undefined behavior. However, this fine-grained, regular
sampling typically results in many samples when nothing
interesting happens. Such intervals are identified by purely
deterministic behavior that could be perfectly modeled in
a more computationally efficient manner. For instance, the
position of a particle moving with constant velocity under
the influence of no external forces may be accurately pre-
dicted by simply integrating the known velocity, rather than
simulating the movement by a sequence of identical discrete
jumps through space.

To address the efficiency of time sampling while still ex-
plicitly representing the discrete agents that make up the
system, one may employ a macro-discrete model [2]. In this
model, one arranges to only sample the simulation when an
interaction occurs. This is achieved by modeling the rate at
which events happen with a stochastic process, typically a
Poisson distribution, and advancing the simulation directly
between the times at which events occur. A Poisson pro-
cess with time constant k fires at random times with the
firing probability per unit time given by k. The process is
Markov since the firing probability is independent of past
history. The distribution of intervals between two firings
can be derived analytically and is given by p(t) = ke−kt.
Thus, one can simulate Poisson transitions in two mathe-
matically equivalent ways. (1) Run iterations with a small
time step ∆t << 1/k; at each iteration, the probability of

transition is ∆p = k∆t. The transition is triggered in the
current iteration if r < ∆p, where 0 < r < 1 is a uniformly
distributed random number. This implementation is exact
in the limit k∆t → 0. (2) Generate a random number tr
distributed according to p(t) = e−kt and take the transition
at time tr. This second implementation has been shown to
be mathematically equivalent to an agent-based simulation
[2]. Since each agent is modeled individually, system dy-
namics dependent on small numbers of individuals may be
faithfully captured, while overall simulation performance is
greatly increased.

The final strategy considered here is a continuous model
of system dynamics. For large enough numbers of robots
and parts, it is possible to derive an analytical macroscopic
description of the dynamics of the assembly process. Such
a model stands in stark contrast to the previous two as it
adopts a continuous model of the passage of time, but also
takes the drastic step of abstracting discrete parameters into
continuously varying values, such as mapping the number of
agents engaged in a particular behavior to fractions of the
total population. The distinct advantage of this approach
is that it brings to bear all the long established analysis
tools and techniques from the study of differential equa-
tions, and allows for the immediate numerical solution to
parameter optimization for most systems. The performance
of such methods vastly outpaces the alternate simulation
techniques, and thus allows for significantly more rapid iter-
ation of algorithm design since algorithm performance can
be easily approximated.

4. ALGORITHM DESIGN
While continuous models are incapable of reflecting the

discrete dynamics of a distributed assembly task, they are
often good enough, and represent such a compelling perfor-
mance advantage over other simulation techniques that in-
vestigating their applicability is a worthy endeavour. While
continuous models treat inherently discrete quantities as
continuously varying, their behavior may closely mimic that
of the discrete system when large numbers of particles are
considered. For example, a continuous model may indicate
that, at some point in time, 50.02% of agents are engaged
in a particular behavior. If there are one thousand agents in
the actual system, then such a configuration is impossible:
the assignment of agents to behaviors is entirely discrete.
However, if the true performance of the system would have
exactly five hundred agents engaged in the behavior, then
the deviation of the continuous model from the discrete sys-
tem may not introduce significant error.

For the specific application of assembly tasks, one may
identify the key areas where continuous models break down.
One such area is the possibility of deadlock. A deadlocked
configuration is one in which no agent is able to change
its own state with respect to an assembly task. That is,
agents may move about the environment, but none makes
any productive contribution to an assembly operation. Such
a configuration may result in the example problem described
above if every agent should pick up a part of type A, for
example, and not release it until it is able to contribute that
part to an assembly operation. In this case, no agent is able
to find another agent with a complementary part, thus no
progress is made in the assembly task. In comparison, a
continuous model may suggest that some fraction, say 10%,
of a single agent is still free to take productive action, thus
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allowing some non-zero probability that the system should
recover. Yet the discrete, real system does not allow this
configuration: if zero agents are able to make progress, then
the system is in a stable state of non-production.

Crucially, such a configuration never occurs in a continu-
ous model of the system. This is because each agent exists
in all possible states at once according to some probability
distribution; no commitment need be made. This deviation
of the continuous model from the real system is catastrophic
when it occurs, and arguably invalidates any proposed utility
of the entire approach. However, this deviation of the contin-
uous model from real system performance may be precluded
by designing the algorithm such that deadlock is not a reach-
able configuration. An example of such a design technique is
a transactional approach to resource-consuming operations.

One may view a productive assembly as a sequence of
robot resource acquisitions followed by an assembly opera-
tion. Note that the action of a robot picking up a part con-
sumes a robot resource. While it is unknown precisely what
assembly operation will ultimately exploit that resource, the
robot may retro-actively be classified as locked by the ab-
stract assembly operation that eventually uses it. Viewed
against time, the interval during which a robot resource is
held begins when a free robot encounters a part, and ends
when that robot contributes the part to an assembly oper-
ation. But this time is unbounded! If instead one is able
to bound the time any resource is exclusively held by some
operation, then deadlock is avoided. This may be achieved
in distributed assembly tasks by taking advantage of the
fact that robots are not molecules, and are typically im-
bued with remote sensing and communication capabilities.
Thus, a robot may simply transition between various states
of awareness of components in its vicinity without physi-
cally acquiring exclusive domain over any one part. Note
that the exclusive domain in this case is mutual: the part
may be viewed as having exclusive ownership of the robot
that has picked it up. The robot resource is consumed by
the part until it is able to integrate the part into a composite
object.

When a communicating group of robots decides that, col-
lectively, they know how to obtain the components necessary
to assemble a composite part, then, and only then, do they
move to physically pick up the necessary pieces before en-
gaging in a cooperative assembly operation. Part acquisition
may fail, but such an eventuality may now be reasonably de-
tected by a simple time limit on the action of a robot picking
up a sensed part. That is, one may assume that a robot ac-
tively sensing a part may acquire, or fail to acquire, that part
in bounded time. In this way, the entire assembly operation
occurs in bounded time, and may be viewed as transactional
– the full assembly occurs instantaneously or not at all – by
an external observer.

A shortcoming of this approach is that it may be too con-
servative. In fact, some speculative execution of the assem-
bly task may suffice to overcome an environmental condition
such as an excessive sparsity of parts. Specifically, if parts
are spaced farther apart than twice the robots’ communi-
cation radii, then no two robots will ever be able to share
their concurrent knowledge of part locations. This repre-
sents a type of live lock, wherein individual robot state,
vis-à-vis the set of parts sensed by the robot, changes as
time progresses, but no productive work is done. However,
if a robot should optimistically acquire a part, thus locking

Algorithm 1 A simple probabilistic behavior causing
robots to switch between driving to the left or to the right
for τ time.

while true do
if random() < k then

driveLeft(τ)
else

driveRight(τ)
end if

end while

itself to an assembly operation, it may move within commu-
nication range of another robot either sensing or holding a
complementary part.

In order to avoid deadlock, while maintaining the benefits
of optimistic execution, one may specify that some robots
act optimistically while other act pessimistically. This amounts
to a hedging strategy against unforeseen environmental con-
ditions: the pessimistic strategy is advisable when parts are
densely packed as it maximizes potential parallelism, while
the optimistic strategy is necessary to make any progress
when parts are few and far between. Such a heterogeneous
behavior population may be arrived at by programming agents
to probabilistically assign themselves one behavior or the
other. This stochasticity may be added without affecting
the execution of either behavior by wrapping the two deter-
ministic behaviors in a probabilistic conditional expression.

5. EXAMPLE ANALYSIS
One may consider a single probabilistic deterministic al-

gorithm that induces a specific population distribution over
discrete classes. This is useful because the single algorithm
can be duplicated an arbitrary number of times while always
maintaining the desired population statistics. However, for
analysis, one can strip off a layer of randomization by repre-
senting the algorithm as two distinct sub-populations, each
of whose relative prevalence is defined by the statistics of the
probabilistic element of the original algorithm. This may be
demonstrated by a simple example.

Consider Algorithm 1, which, when executed by a popu-
lation of N agents equipped with a suitable random number
generator approximating a uniform distribution, can be ex-
pected to yield kN agents driving to the left, and (1− k)N
agents driving to the right. This same algorithm can be
deconstructed by lifting the impact of the if...then...else
construct into the top-down population specification. Alter-
natively, this algorithm may be viewed as an implementation
of a top-down design directive. Concretely, the chemical ki-
netics specification,

Rright

k
τ−→ Rleft

Rleft

1−k
τ−−−→ Rright

may be used to model Algorithm 1, or, from the other direc-
tion, the above reaction equations may be implemented at
the agent level by Algorithm 1. Here, τ can be interpreted
as a simple scale factor in the time domain. These reaction
equations result in a differential model of the population
distribution,
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Ṙleft =
k

τ
Rright −

1− k
τ

Rleft,

Ṙright =
1− k
τ

Rleft −
k

τ
Rright.

In order to evaluate steady state production levels of an as-
sembly algorithm, one would typically be interested in equi-
librium conditions of this system,

1

τ

»
k 1− k

1− k k

– »
Rright

Rleft

–
= 0

The equilibrium condition of the linear system induced
by Algorithm 1 indicates the relative proportion of agents
driving left, and those that are driving to the right. Given a
value for k, Rright and Rleft can be solved for by imposing
a conservation condition that Rright + Rleft = 1. That is,
the sum of the population fractions must be one. Thus one
arrives at the expected result that Rright = Rleft = 0.5 if
k = 0.5, for example. Assembly tasks do not often lend
themselves directly to description by linear system, however
the resulting system of differential equations may still be
solved numerically when no analytic solution is available.

5.1 Results
While the continuous model of the example widget assem-

bly task is free to consider nonsensical concepts such as a
fraction of a robot, its performance still matches the agent-
based simulation at large population sizes, Figure 4. These
graphs show that solutions of the differential equations mod-
eling system dynamics, number of robots holding a part of a
particular type and total ABC widget production rate, closely
match the behavior of the discrete agent based simulation.

The assumption of the existence of partial robots does,
however, deviate strongly from reality in the presence of
deadlocked behaviors. This is best seen by considering smaller
populations executing locking behaviors where deadlocked
configurations are statistically probable events. Figure 5
shows the agent-based simulation’s production rate of ABC

widgets dropping to zero due to the population working itself
into a deadlocked configuration. In this scenario, the most
common cause for deadlock proved to be too many agents
holding onto intermediate parts of type AB or BC while the re-
maining agents held parts of type B. If all the agents in the
system assume one of those roles, then overall production
ceases. The cessation of production is stable and unrecov-
erable: the controller makes no allowance for detecting and
escaping a system-wide deadlocked behavior.

This type of deadlock, where all robot resources are con-
sumed, may be avoided by a transactional assembly ap-
proach that does not speculatively lock a robot to a par-
ticular part. The steady state production rate for the trans-
actional assembly technique, as seen in Figure 6, dwarfs the
steady state of the locking approach shown in Figure 4, even
when just considering the continuous model. This is due
to the greater extent to which the transactional assembly
behavior exploits potential concurrency in the system: the
duration for which a robot resource is exclusively locked is
strictly bounded. Turning to the agent-based simulation re-
sults shown in Figures 4 and 6, the danger of deadlock in
the speculative locking strategy is starkly apparent. While
the continuous model is not susceptible to falling into a sta-

Figure 4: Comparison of system states over time be-
tween an agent-based simulation (ABS) and a con-
tinuous differential model (Cont) for a locking as-
sembly strategy. Agent population size of 1000; 900
of each type of primitive part.

ble “stuck” configuration, the discrete system is, and may do
so at any time.

However, the conservative approach taken by the transac-
tional assembly behavior has its own drawbacks. While it
avoids prematurely locking a robot resource, it is far more
susceptible to production shortfalls due to unfortunate envi-
ronmental conditions. Namely, if part density is low, there
is a chance that individual parts may be so widely spaced
that two robots can never simultaneously sense two differ-
ent, compatible parts and be in communication range of
each other. This occurrence is, once again, not seen in the
continuous model since, in such a model, a low part density
means that a productive configuration, in which two robots
sense two parts and can communicate, is unlikely, but never
impossible. In a discrete system, however, the transactional
assembly behavior may yield a production rate of zero if the
parts are distributed with too much distance between them.
This second form of deadlock, in which no positive progress
may be made by the system, can be avoided by a mixed
population.

Without complicating agent-level behaviors, one may avoid
both forms of deadlock by hedging against either a sparsity
of robots or a sparsity of parts. The performance advantage
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Figure 5: Composite widget productions rates for
a team whose agents have effectively zero sensing
and communication radii and a team whose agents
have finite, non-zero sensing and communication
radii, Rp and Rc respectively. Results for the agent-
based simulation (ABS) are compared with those
from the continuous differential model (Cont). Sens-
ing and communication increase theoretical perfor-
mance, but quickly deadlock in the agent-based sim-
ulation. Agent population size of 100; 900 of each
type of primitive part.

of a mixed population is shown in Figure 7, in which 100
robots are operating in an environment with an uneven part
distribution. Namely, there are regions of the environment
densely packed with parts, and there are regions with very
low part density. The production rate of the transactional
assembly behavior, shown with a solid red line, plummets
when a significant fraction of agents find themselves in low
density regions, while the heterogeneous team has a much
higher minimum production rate.

6. DISCUSSION
One can see, by comparing Figure 6 with Figure 5, the dif-

ference in absolute widget production rates for a given set
of system parameters. Even if one ignores absolute produc-
tivity measures, the deadlock-freedom of the transactional
assembly behavior trumps any other performance consider-
ations of different agent-level behaviors.

Modifications to agent-level behavior that avoid deadlocked
configurations have typically been implemented as sponta-
neous decay reactions in other robot swarm simulations based
on chemical reaction networks [8, 7, 5, 10]. However, such
spontaneous reactions, in which a robot has some non-zero
probability of simply dropping a part it is carrying, may not
be necessary in order to avoid deadlock configurations. In-
stead, deadlock freedom may be attained by more determin-
istic behavior specification, as in the transactional assembly
scheme that avoids robot starvation.

By working with agent-level behaviors that preclude dead-
locked scenarios, one is able to leverage computationally ef-
ficient differential models of system dynamics. This ability

Figure 6: Composite ABC widget production rates for
the transactional assembly behaviors. The fraction
of agents aware only of a part of type A is also shown
for reference. Agent population size of 100; 900 of
each type of primitive part.

Figure 7: A purely conservative approach can be
stymied by a sparsity of resources. The homoge-
neous team is adversely affected by regions of the
environment with a low part-density. To counter
this, an even mix of eager and conservative agents
(100 of each) avoids the production fall-offs of each
in an agent-based simulation.

means that one can quickly predict system performance for
a given set of parameters, e.g. part density, and take some
action to adjust these parameters if system performance
is insufficient. Hedging strategies, as demonstrated in the
mixed transactional-speculative population above, may be
efficiently implemented by a probabilistic role assignment
mechanism in which agent’s adopt a particular behavior
based on a desired distribution. This assignment technique
is robust to changes in population size, and requires no per-
agent customization, thus making it suitable for swarm de-
ployment scenarios. The probabilistic combination of de-
terministic behaviors represents a sweet spot of easily un-
derstood agent-level behaviors, scalability to large, varying
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population sizes, and amenability to differential modeling
techniques.
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ABSTRACT 
Several methods have been developed for context-based object 
recognition within aerial imagery.  These methods were inspired 
by human object recognition, which has been shown to rely on 
contextual information as opposed to classical appearance based 
methods. While this concept may not be new, this research sought 
to develop generic methods that leveraged recent developments in 
cognitive systems research, and more specifically large scale 
ontologies or knowledge bases.  The results of the research have 
shown that context-based methods, supported by an ontology, can 
increase recognition rates versus classical appearance based 
methods.  These methods have the potential to automate many 
complex object recognition tasks, aerial imagery analysis being 
one of them, that currently require human analysis. 

Categories and Subject Descriptors 
J.2 [Physical Sciences and Engineering]: Engineering 

General Terms 
Algorithms, Performance. 

Keywords 
Computer vision, image processing, object recognition, ontology, 
context. 

1. INTRODUCTION 
The process of object recognition, within the context of computer 
vision, is the method by which an object is identified within 
visual images.  The applications of object recognition include 
robotics, image storage and retrieval, automated surveillance, and 
aerial imagery analysis.  In each of these applications areas, 
accurate object recognition is critical.  Unfortunately, the 
performance of current techniques is not sufficient for the bare 
minimum functionality required for those applications. 

This lack of performance is not due to a lack of research. To the 
contrary, object recognition has been well researched, with 
several texts dedicated to the topic [1].  A popular approach is to 
isolate objects within an image, calculate a set of features for that 

object, and then compare those features to known object types 
using pattern recognition techniques.  While generic and 
powerful, this pattern recognition approach is inherently 
appearance based, and as such, tends to fail when object types 
look very similar.  This weakness is exacerbated when the number 
of object types becomes large, thus increasing the likelihood that 
two object types will look very similar.  Unfortunately, future 
applications of object recognition are moving in this direction.  
Without a significant leap in technology, current methods will not 
be able to address future challenges. 

The current pattern-based approaches to date have shown limited 
success, but are still grossly inadequate, especially when 
compared to the object recognition capabilities of people.  It 
stands to reason, that the performance of current techniques could 
be improved by borrowing from those methods that have been 
shown to be used by people.  A key aspect used by people, and all 
but ignored by pattern matching techniques, is the image context 
[2].  The use of context for object recognition is not new [1].  It 
could also be argued that context is implicitly “hard coded” into 
an application.  For example, a method for an outdoor scene 
might assume the sky is higher in an image than the ground.  This 
“hard coded” approach is inflexible.  A generic context-based 
object recognition approach will require flexible and efficient 
methods for storing and reasoning over contextual information.  
Such methods, while not developed specifically for computer 
vision and object recognition, have been developed for cognitive 
systems.   

In this paper, we present several methods for using contextual 
information stored within an ontology to aid in object recognition 
in aerial imagery.  The ability to capture aerial images is far 
outpacing the ability to analyze them, a task that is typically 
performed by people.  The data resulting from this image analysis 
is used for anything from city planning to intelligence gathering.  
In order to be useful, this data must be up to date and accurate.  
The developed methods include two heuristics and one 
mathematical approach.  The results of these methods are 
compared to classical generic object recognition algorithms to 
determine the relative effectiveness of context when combined 
with traditional pattern recognition techniques. 

2. METHODS 
2.1 Technical Approach 
The software developed for this research contains three core 
components, an ontology, a classifier and a simulator.  The 
ontology software component captures the system knowledge 
base.  It stores the object features and relationships.  The classifier 
software component contains all the classifiers developed or used 
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for this project.  This includes classical feature only classifiers 
and the newly developed context-based classifiers.  The final 
software component, the simulation environment, generates 
objects to be classified and computes the resulting classifier 
statistics.  The use of a simulated environment removes the need 
for image processing and segmentation, both complex problems.  
The simulation instead focuses this research on pattern 
recognition. 

2.2 Ontology Structure 
The Cyc (pronounced “psych”) ontology was used for this 
project[5].  Cyc contains a general purpose framework for 
representing common sense knowledge.  An initial survey of the 
topics stored within Cyc, found that it contained many of the 
concepts relevant to aerial imagery.  Many of the object types 
found in an aerial image were already stored in Cyc.  In fact, with 
only one or two exceptions, no new object types had to be entered 
into the ontology.  In total, 49 object types, many of which looked 
very similar, were identified in the Cyc ontology for classification 
of overhead imagery.   

Cyc also contained relevant spatial relations such as, near, 
parallel, spatially contains and others.  Six relations were 
identified for use.  The six base relations required mathematical 
and geometrical grounding.  Given two objects, a mathematical 
formula was required to determine if the two objects were indeed 
related.  For example, the Cyc relation spatiallyContains requires 
that one object contain another.  Given location and size 
information for each object, determining if one object contains 
another is straight forward.  Other relations, such as near, 
required more complicated formulations given the ambiguity in 
the relation itself.   

Unfortunately, Cyc was missing the necessary assertions about 
the object types and their relations to be useful for aerial imagery 
analysis without modification.  Over 100 assertions were made to 
the ontology.  All assertions were limited to relating two objects.  
Positive assertions were made if, in general, a relation was found 
to hold.  For example, in general, “Road vehicles are found near 
other road vehicles”.  Negative assertions were made if a relation 
was found not to hold.  For example, “Modern-Houses are not 
found near highways”.  By way of Cyc’s inheritance rules the 100 
assertions resulted in almost 500 defined spatial relations between 
individual object types. 

2.3 Classifiers 
One of the goals of this research was to evaluate classical pattern 
matching methods against the newly developed contextual 
matching methods.  For the purposes of this research two classical 
methods were chosen, Naïve Bayes[3] and Nearest Neighbor[4].  
Both methods were taken from the Weka Data Mining library[6].  
These methods are very similar in that both use training data to 
perform classifications.  The training data was obtained from 
extracting images (a maximum of 10 images per object) of the 
desired objects from overhead images. 

2.3.1 Generic Classifier 
Figure 1 shows the generalized classifier.  This implementation is 
similar to the Weka implementation; except that this 
implementation requires an entire object set for classification, 
whereas the Weka implementation works only on single objects.  
This is because, in order to make use of context, the object to be 
classified as well as the related objects must all be classified at 
once. 

 

 

Figure 1: Generalized classifier 
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Each classifier takes a set of unknown objects as an input.  An 
initial seed classification is performed.  For the purposes of this 
research, the seed classification is a feature classification, but 
nothing within the generic structure requires this.  The seed 
classification could just as easily be another generic classifier.  
The seed classification is then refined by applying contextual 
information provided by the ontology.  In order for contextual 
information to be applied, it must both be logical true and 
physically true.  For example, given two objects, an airplane and 
an airport terminal building, the two are only contextually 
significant if logically the two objects would be found “near” 
each other (which is true) and if physically the objects are “near” 
each other (which may or may not be true).  A classified object 
set is produced by the classifier.  The classified set consists of the 
list of possible classes along with some measure of the match.  
Typically, this list is normalized so that the measure represents 
the probability of a match, but this isn’t required. 

 

2.3.2 Combined Context Classifier 
The combined classifier was the first and most simplistic context 
classifier developed.  It is a heuristic for modifying the initial seed 
classifier given the number of arguments for and against the 
classification (as determined by the ontology).   

In the first step, the results of the seed classifier are compared to a 
threshold constant.  Those classifications that exceed the 
threshold are considered complete.  Those that do not, are updated 
based on contextual information provided by the previously 
determined complete classifications.  Two types of contextual 
information are used, supporting (represented by positive 
assertions within the ontology) and opposing (represented by 
negative assertions within the ontology).  A counter is kept of 
arguments.  Every piece of true (logical and grounded) supporting 
evidence increments the counter, and every piece of true opposing 
evidence decrements the counter.  The seed classification is then 
scaled by the following factor shown in Figure 2. 

nf

nif

nf

nif

counterevidencen

where

1

1

1

:

=
<

=
≥

=
 

Figure 2: Combined classifier scaling factor definition 

The scaling factor calculation multiplies the seed classification, if 
there are more arguments for a classification, and divides it if 
there are more arguments against the classification.  The resulting 
values are then normalized in order to return probabilities of a 
match. 

The pseudo code implementation for the combined context 
classifier is shown below. 

for classification in seedClassification 
 if classification >= threshold 
  classifiedObjects.add(object) 
 else 

  unclassifiedObjects.add(object) 
 
for object in unclassifiedObjects 
 for relatedObject in classifiedObjects 
  for relation in contextRelations 
   for possibleType in objectClasses 

if positive relation holds for (object, 
possibleType, relatedObject) 

 
     argCount++ 

if negative relation holds for (object, 
possibleType, relatedObject) 

 
     argCount- - 
   
 updateSeedClassification(type, scaleFactor(argCount)) 
 
return updatedSeedClassification 

2.3.3 Probability Combined Context Classifier 
The probability combined classifier is very similar to the 
combined classifier (see section 2.3.2), except that classifications 
are not considered complete after the seed classification.  Instead, 
all possible classifications and their corresponding probabilities 
are considered when tallying the number of supporting and 
opposing arguments.  The amount the argument counter is 
incremented/decremented is the probability of a match (instead of 
+/- 1 as with the combined classifier). 

The resulting classifier improves upon the combined classifier by 
including the probabilities of classification of other objects.  In 
other words, a strong classification of a related object is more 
relevant than a weak classification.  In addition, because a 
classification is not considered complete after the initial seed 
classification, this method can reject a false positive 
classification, even if it is a strong classification. 

The pseudo code implementation for the probability combined 
context classifier is shown below. 

 for object in unclassifiedObjects 
 for relatedObject in unclassifiedObjects 
  for relation in contextRelations 
   for possibleType in objectClasses 

for relatedType in 
seedClassification(relatedObject)  

 
   if positive relation holds for ( 

object, possibleType, relatedObject, 
relatedType) 

 
    argCount =  
     argCount + relatedType.measure 
 
   if negative relation holds for ( 

object, possibleType, relatedObject, 
relatedType) 

 
    argCount =  
     argCount - relatedType.measure 

 
updateSeedClassification(possibleType, 
scaleFactor(argCount)) 
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return updatedSeedClassification 

2.3.4 Bayesian Context Classifier 
The Bayesian context classifier represents a more mathematical 
approach to using context for classification whereas the two 
previous methods were heuristics.  In the simplest of terms, an 
object classification is either supported or opposed by the 
relations to the objects around it.  In terms of probability, if a 
particular object classification is reaffirmed by the surrounding 
objects, then the probability of the classification should be 
increased.  Bayes theorem (shown in Figure 3) describes 
mathematically how an existing probability is updated; given the 
observation of new evidence.   
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Figure 3: Bayes thereom 

Bayes theorem, in its standard form, does not apply to the specific 
application of using context for object recognition.  Bayes 
theorem requires that the evidence must be observed, implying a 
probability equal to one.  In object recognition, the probability of 
the evidence (or a particular classification of the surrounding 
object) is uncertain.  This problem is common to other 
applications, and methods for adapting Bayes theorem have been 
developed[7].  The equations for updating the probability of a 
classification have been adapted to our application and are shown 
in Figure 4.  
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Figure 4: Probability of object classification given the features 
of a related object. 

The Bayesian context classifier works very similarly to the 
probability combined context classifier in that all possible 
classifications of the unknown object and the related object are 
taken into account.  However, the Bayesian approach allows the 
probability of an unknown object classification to be updated 
directly and recursively, removing the need for counting the 
number of positive and negative arguments. 

The pseudo code implementation for the Bayesian context 
classifier is shown below. 

for object in unclassifiedObjects 
 for relatedObject in unclassifiedObjects 
  for relation in contextRelations 
   for objType in objectClasses 
    for relatedType in 
seedClassification(relatedObject)  
   if positive relation holds for ( 
    object, objType, relatedObject, relatedType) 
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updateSeedClassification(object, objType, 
relatedObject, relatedType) 

   if negative relation holds for ( 
    object, objType, relatedObject, relatedType) 

updateSeedClassification(object, 
objType,relatedObject, relatedType) 

 
return updatedSeedClassification 

2.4 Simulation 
The simulation environment (shown in Figure 5) generates the 
objects within the scene and provides a user interface in which to 
test and debug classification algorithms.  Each scene is described 
by an xml file.  The xml file is generated by hand classifying 
overhead images and contains the type (for evaluation of the 
classifiers), location (x, y) and orientation of each object.  The 
simulator generates the object features for each object in the xml 
file; using information about the distribution of each feature 
obtained from the training data.  In addition, the simulation can 
add uniform noise to each feature.  The uniform noise is 
represented as a percentage of the feature value.  It is important to 
note that although specific objects are simulated from statistics of 
an object sample set, the contextual relations are not.  This is  
because context is determined by the location and orientation of 
each object, which is determined from actual overhead imagery.   

 
  

 

  

3. RESULTS 
The three context-based classification methods were each 
compared to the classification results of the seed classifier alone.   
This comparison shows the increase or decrease in recognition 
that context provides.  The classifiers were tested on aerial 
imagery of different types of areas, including an airport, industrial 
area, military base, downtown, and an agricultural area.   

3.1 Classifier Optimization 
The classifiers were optimized at three different random noise 
levels in the simulation.  By optimizing the classifiers, the best 
classifier performance is achieved, allowing meaningful 
comparisons to be made between classifiers.  The classifiers were 
optimized by finding the optimum points along the receive-

operator characteristic (ROC) curve[8].  The ROC curve shows 
the tradeoff between correct classifications and incorrect 
classifications as some classifier parameter is varied (in this case, 
the threshold probability for a classification).   
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Figure 6: Typical ROC curve showing the three context-based 
recognition algorithms vs the seed classifier (Naïve Bayesian) 
alone 

3.2 Classifier comparison 
Table 1 and Table 2 show the optimized classifier comparisons, 
relative to their seed classifiers (Naïve Bayes and Nearest 
Neighbor, respectively) at different random noise levels.  Two 
intermediate metrics are used to evaluate the difference between 
classifiers, the percent difference correct and percent difference 
incorrect.  As can be observed from the ROC curves (Figure 6), 
there is typically a tradeoff between these two metrics.  Assuming 
equal weight to these two metrics, taking the difference between 
them (%difference correct - %difference incorrect) indicates the 
value of the tradeoff.  For instance, a reduction in both percent 
correct and percent incorrect would still have superior recognition 
as long as the %difference incorrect was greater than the 
%difference correct. 

 

Figure 5: Simulation screen shot (San Antonio Airport test 
case).  Markers indicate objects for classification.  Blue 

markers indicate unknown objects, green indicate correctly 
classified, and red indicated incorrectly classified. 

Combined Classifier 

Probability Combined Classifier 

Bayesian Combined Classifier 

Naïve Bayesian Classifier (Feature Only) 
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Table 1: Results of classifier simulations at varying noise levels versus a naïve Bayesian classifier.  In almost all cases the context-
based classifiers show better recognition (increased percent correct, decreased percent incorrect, or both). 
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0% Naïve Bayes 2938 1930    

  Bayesian Context Classifier 2496 1221 -15.04% -36.74% 21.69% 

  Combined Context 3165 1543 7.73% -20.05% 27.78% 

  Probability Combined Context 3909 1100 33.05% -43.01% 76.05% 

10% Naïve Bayes 1976 1523    

  Bayesian Context Classifier 2349 1932 18.88% 26.85% -7.98% 

  Combined Context 2534 1928 28.24% 26.59% 1.65% 

  Probability Combined Context 2582 1775 30.67% 16.55% 14.12% 

25% Naïve Bayes 1010 1357    

  Bayesian Context Classifier 1138 1445 12.67% 6.48% 6.19% 

  Combined Context 1047 1367 3.66% 0.74% 2.93% 

  Probability Combined Context 1115 1062 10.40% -21.74% 32.14% 

 

Table 2: Results of classifier simulations at varying noise levels versus nearest neighbor classifier.  In almost all cases the context-
based classifiers show better recognition (increased percent correct, decreased percent incorrect, or both). 
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0% Nearest Neighbor 3829 1020    

  Bayesian Context Classifier 3798 900 -0.81% -11.76% 10.96% 

  Combined Context 3870 771 1.07% -24.41% 25.48% 

  Probability Combined Context 3832 741 0.08% -27.35% 27.43% 

10% Nearest Neighbor 3618 975    

  Bayesian Context Classifier 3658 915 1.11% -6.15% 7.26% 

  Combined Context 3695 847 2.13% -13.13% 15.26% 

  Probability Combined Context 3617 790 -0.03% -18.97% 18.95% 

25% Nearest Neighbor 2313 1163    

  Bayesian Context Classifier 2248 813 -2.81% -30.09% 27.28% 

  Combined Context 2400 1350 3.76% 16.08% -12.32% 

  Probability Combined Context 2514 1210 8.69% 4.04% 4.65% 
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4. Conclusion and Discussion 
Table 1 and Table 2 show that, in most cases, recognition rates of 
the context-based classifiers are superior to the feature only 
classifiers.  It was hoped that the context classifiers would show 
robustness under increasing amounts of noise.  However, 
recognition actually decreased with increasing noise.  The 
application of noise causes a large proportion of the seed 
classifications to be weak classifications.  That is, instead of a 
single strong match, several types are matched to a single object.  
Strong matches are required in order to establish context and in 
turn reinforce weaker matches.  It stands to reason that fewer 
strong matches will result in weaker reinforcement of weaker 
matches, and thus fewer correct classifications. 

The data does not support a single best implementation of the 
context classifier.  This is not unexpected given that is the nature 
of most classifiers, with each performing differently under 
different applications.  The popularity of the Bayesian approaches 
to classification could be attributed to the strict mathematical 
approach.  While the Bayesian context classifier has a similar 
mathematical basis, the probabilities associated with ontological 
assertions were arbitrary.  Better results may have been achieved 
if more accurate probabilities were used.  Accurate probabilities 
for relations could be developed over time by adding a learning 
component to the ontology. 

The focus of this work was to evaluate methods for integrating 
contextual knowledge into object recognition techniques.  The 
Cyc ontology was chosen for this task due to its breadth and depth 
of knowledge.  While some knowledge was added for the 
purposes of this research, the criticality of that knowledge was not 
evaluated.  For the application of object recognition in aerial 
imagery, real-time performance was not a constraint.  However, 
for most object recognition applications real-time performance 
will be required.  For these applications, the size and structure of 
the knowledgebase will be critical.  More research is required to 

answer the questions: What is the optimum type and amount of 
information required for context-based recognition? 
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ABSTRACT
The RoboCupRescue initiative, represented by real-robot
and simulation league, is designed to foster the research
and development of innovative technologies and assistive
capabilities to help responders mitigate an emergency re-
sponse situation. This competition model employed by the
RoboCupRescue community has proven to be a propitious
model, not only for fostering the development of innovative
technologies but in the development of test methods used
to quantitatively evaluate the performance of these tech-
nologies. The Interleague Challenge has been initiated to
evaluate real-world performance of algorithms developed in
simulation, as well as to drive the development of a common
interface to simplify the entry of newcomer teams to the
robot league. This paper will discuss 1) the development
of emerging test methods used to evaluate robotic-mapping,
2) the development of a common robotic platform, and 3)
the development of a novel map evaluation methodology de-
ployed during the RoboCupRescue competition 2009.

Keywords
SLAM, Performance Metric, Simulation, Mapping, Rescue

1. INTRODUCTION
Response robots refer to a broad class of mobile robots in-
tended to assist emergency response personnel in a variety
of application domains; such as Urban Search and Rescue
(USAR), Explosive Ordnance Disposal (EOD), and Intelli-
gence, Surveillance, and Reconnaissance (ISR). These plat-
forms serve as an extension of the operator to improve re-
mote situational awareness and to provide assistive capa-
bilities that minimizes the risk to responders and maximize
the effectiveness and efficiency of a response in a tactical
environment. Although recent advancements in the techni-
cal capabilities of these robots have improved the flexibility,
utility, and survivability of overall system, in large these
systems have failed to achieve a technology readiness level

(c) 2009 Association for Computing Machinery. ACM acknowledges that
this contribution was authored or co-authored by a contractor or affiliate
of the U.S. Government. As such, the Government retains a nonexclusive,
royalty-free right to publish or reproduce this article, or to allow others
to do so, for Government purposes only. PerMIS’09, September 21-23,
2009, Gaithersburg, MD, USA. Copyright 2009 ACM 978-1-60558-747-
9/09/09...10.00

suitable for fielded systems deployed in their respective op-
erational domains.

(a)

(b)

(c)

Figure 1: (a) Common robotic platform. (b) 2009
RoboCupRescue Maze in Graz. (c) Virtual maze in
USARSim.

Test methods establish a confident connection between de-
velopers and consumers regarding the expectations and per-
formance objectives of robotic technologies. This is a cardi-
nal step in fostering innovation and assessing the maturity
of evolving technologies. They consist of well-defined testing
apparatuses, procedures, and objective evaluation method-
ologies that isolate particular aspects of a system in known
testing conditions [ASTM, 2007]. The development of test
methods start with a comprehensive analysis of the applica-
tion domain to identify requirements with associated met-
rics and the range of performance, starting from a baseline
threshold to the objective “best-case” performance. This
analysis provides the basis for developing test methods and
testing scenarios that are intentionally abstract so as to be
repeatable across a statistically significant set of trials and
reproducible by other interest parties. This also provides
developers with a basis for understanding the objective per-
formance of a system and allows consumers to confidently
select systems that will meet their requirements.

Robotic competitions have also proven to be a propitious
model for fostering innovation and assess the maturity emerg-
ing robotic technologies. Commonly, test methods provide
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the basis for evaluating the performance of robots in the
competitions; setup as either elemental tests or embedded
in operational environments to produce testing scenarios.
For instance, Defense Advanced Research Project Agency
(DARPA) and the European Space Agency have employed
this model to assess autonomous ground vehicle in urban
environments [Darpa, 2007] and in extraterrestrial environ-
ments, such as lunar landscapes or Mars exploration [ESA,
2008]. Not only do these competitions provide a means to
assess the performance of emerging technologies, they also
provide feedback as validity of the tests themselves.

The RoboCupRescue initiative also leverages the competi-
tion model to foster the research and development of the
key capabilities to assist in the mitigation of an emergency
response situation. This initiative partitions the emergency
management problem into three competitions; the Robo-
CupRescue Robot, the RoboCupRescue Virtual Robot Sim-
ulation, and RoboCupRescue Agent competitions. Each of
the competitions explore the partitioned problem space at
different levels of abstraction, ranging from search and res-
cue of a single building to the development of an Incident
Command System. The relevance of this initiative can be
gauged according to two aspects: 1) the ability of the com-
petitions to communally develop comprehensive systems ca-
pable of achieving an appropriate technology readiness level,
and 2) the development of quantitative benchmarks and test
methods capable to assess emerging technologies and assist-
ing responders making deployment and purchasing decisions.

Therefore, the 2009 RoboCupRescue competitions sponsored
an Interleague Challenge between the Robot competition
and the Virtual Robot Simulation competition to demon-
strate how well robotic algorithms developed in simulation
can perform on a real robot. The challenge utilizes a com-
mon robotic platform and emerging standard test methods
to explore the stability and accuracy of online mapping tech-
nologies, emphasizing the impact on an operator’s ability to
efficiently and completely map an unknown environment.
This paper will discuss the development of emerging test
methods used to evaluate robotic-mapping, the development
of a common robotic platform, and the development of a
novel map evaluation methodology deployed during the 2009
RoboCupRescue Interleague Challenge.

The remainder of this paper provides an overview of the In-
terleague Challenge and is structured as follows. Section 2
provides an overview of the test methods and robotic plat-
form employed at the challenge. Section 3 will detail the
2D map evaluation framework used to evaluate the compet-
ing maps at the challenge. This map evaluation framework
consists of a ground truth generation process and a map as-
sessment tool. The evaluation results from the challenge are
presented in Section 4, followed by the conclusion in Sec-
tion 5.

2. THE INTERLEAGUE CHALLENGE
The evaluation of robot-generated maps is often based on
qualitative approaches that do not take into account how
specific environmental conditions, differing sensor configu-
rations, and in situ decisions impact the performance of the
system. While this type of analysis provides some indication

(a)

(c)

(b)

(d)

Figure 2: (a) The Maze is a testing apparatus
that limits complexities in the environment in or-
der to evaluate the objective performance of par-
ticular mapping systems. (b) The configuration of
the maze, whose dimension is 15 meters by 10 me-
ters, with black lines representing the maze layout
and the gray arrows showing the configuration of
15◦pitch and roll ramp flooring, shown in (c). (d)
The maze utilizes a variety of materials and shapes
to produce additional mapping features, such as con-
cave and convex surfaces.

of the overall performance, it does not allow researchers to
identify problematic situations, analyze how errors propa-
gate throughout the system, or compare the performance of
one system with competing approaches.

To address these issues the Interleague Challenge leverages
emerging test methods for robotic mapping and the devel-
opment of a common robotic platform to enable repeatable
and reproducible testing scenarios. This constrains the vari-
ability in the test to abet in the evaluation of mapping al-
gorithms as they transition from a purely virtual world to
the real world. The remainder of this section is dedicated to
describing the testing method and common robotic platform
used for this challenge.

2.1 A Test Method for Robotic Mapping
Associated Metrics
Arguably, the most common mapping paradigm employed
for robotic navigation is the metric mapping paradigm. This
intuitive mapping paradigm provides a representation where
the spatial relationship between any two objects in the map
is proportional to the spatial relationship of the correspond-
ing objects in the actual environment. Therefore, assessing
the quality of metric maps is based on the spatial consistency
of features, such as walls and hallways, between the map pro-
duced by the robot and the ground truth map of the actual
environment. Error propagation and sensitivity to perfor-
mance singularities [Scrapper et al., 2008] idiosyncratic to
most robotic mapping systems suggests the associated met-
ric needs to quantify the local (or regional) consistency of
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areas within the map, as well as the global consistency of
the overall map.

Apparatus
The Maze testing apparatus, seen in Figure 2, is part of an
emerging suite of test methods for characterizing the perfor-
mance of the robotic mapping for response robots [ASTM
E54.08, 2009]. The apparatus is essentially a random maze,
whose overall dimension is 15 meters by 10 meters, and is
constructed from oriented strand board (OSB) to form a se-
ries of hallways that are approximately 1.2 meters wide. The
non-flat flooring, comprising of 15◦ramps, makes the vehicle
pitch and roll as it traverses the maze. The modularity of
the apparatus enables the randomization of the maze config-
urations for repetitive testing. The use of OSB to construct
this apparatus provides a surface friction similar to dust cov-
ered concrete and a cost-effective testing apparatus that is
easy to replicate.

This apparatus was chosen for the Interleague Challenge be-
cause it provides a feature-rich scenario that limits envi-
ronmental complexities. This should provide the best-case
scenario, where mapping systems should perform optimally.
The configuration of this apparatus generates a closed set of
distinct mapping features and vertical walls that provide a
mapping system with distinct observations throughout the
apparatus. The presence of distinct features and the lack
of occlusions found in this apparatus reduce the uncertainty
in the mapping system when associating features, which in-
creases the likelihood of determining valid correspondences.
Additionally, surfaces perpendicular to the motion of the
vehicle are present in almost every scan. This increases the
ability of the system to make accurate measurements of the
surrounding environment and accentuates the displacement
of features between observations of the external world. Lim-
iting the environmental complexities allows developers to
tune their systems and establishes a baseline for compari-
son.

2.2 A Common Robotic Platform
A common robot with a fixed sensor configuration is used
to challenge researchers and ensure compatibility. As men-
tioned above, this platform also support the entry to robotics
of newcomer teams.

Robotic Platform
The base robotic platform used for the Interleague is de-
signed to provide a cost-effective robotic platform capable
maneuvering in the complex terrain. The dimensions of the
common robotic platform is .533m x .304m x .762m (21 x
12 x 30 inches) , it weighs approximately 18 kg (40 lb), and
it is equipped with 4 rechargeable 12 volt batteries allowing
it to operate in for up to 10 hours. The platform is capa-
ble of operating in all weather conditions and a high degree
of mobility allows it to navigate on rough terrain and to
climb stairs up to 50◦ inclination. The motors are equipped
with encoders for controlling set-velocities and computing
the wheel odometry.

Sensor Configuration
The sensor configuration is defined by two statically mounted
laser scanners (one horizontal scan and one vertical scan),

and an inertial measurement unit (IMU). Both laser scan-
ners deliver range readings with a field of view of 240◦ with
an angular resolution of 0.36◦ and a range of approximately
4 meters. The IMU provides measurements of the three Eu-
ler angles; yaw, roll, and pitch. Although the IMU supports
compass-based yaw measurements, i.e., orientation measure-
ments relative to magnetic North, the current implementa-
tion does not utilize this information. Therefore, the ori-
entation angles obtained from the IMU are based solely on
measurements take from the gyroscopes and accelerometers.
This is motivated by the fact that, particularly in harsh
environments, magnetometer readings can strongly be per-
turbed.

Robotic Interface
The platform provides two robotic interfaces: a low-level
serial interface and a high-level robotic interface. The se-
rial interface provides developers with direct access to the
on-board controller, giving them direct access to motor com-
mands and supporting the integration of both laser scanners
and the IMU via an USB interface implementing a vendor
specific protocol. In order to create a more user-friendly
interface, the common robotic platform has implemented a
high-level robotic interface. This interface is built on a wrap-
per application that automatically collects data from all the
sensors and provides them via a TCP/IP server executed
on-board the robot. The messaging protocol used by this
process server is chosen according to the protocol of the US-
ARSim simulation application [Wang and Balakirsky, 2009].
Thereby users can control the robot and access sensor data
in the same way as if they would connect to the USARSim
simulator used in the RoboCupRescue Virtual Robot Simu-
lation competition. Hence, the migration of software devel-
oped in simulation towards execution on the real platform
is simplified.

3. A 2D MAP EVALUATION FRAMEWORK
As mentioned in Section 2.1, the development of an evalu-
ation framework for quantifying the performance of robotic
mapping algorithms in the metric paradigm requires two
key components. First is the ability to obtain or generate
an accurate ground truth of the test method. Second is the
ability to quantify the local consistency, incremental errors
arising in bounded regions within the map, as well as the
globally consistency, accumulation of errors throughout the
entire map. The remainder of this section will describe a
2D map evaluation framework consisting of a generalized
ground truth generation methodology (Section 3.1), and a
methodology for quantifying the performance of the map-
ping algorithms. (Section 3.2).

3.1 A Ground Truth Generation Tool
The process developed for generating ground truth of the
test methods at the Interleague Challenge, as described in
this section, is an attempt to automate the production of
ground truth with minimal a prior information about the
environment. However, this ground truth generation process
requires human intervention. Depending on the length of the
runs and sampling frequencies employed, this process can
be laborious. It is the belief of the authors that some level
of human intervention is necessary when developing ground
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ABSTRACT 
Recent advances in the design and fabrication of 
microelectromechanical systems (MEMS) have enabled the 
development of mobile microrobots that can autonomously 
navigate and manipulate in controlled environments. It is 
expected that this technology will be critical in applications as 
varied as intelligent sensor networks, in vivo medical diagnosis 
and treatment, and adaptive microelectronics. However, many 
challenges remain, particularly with respect to locomotion, power 
storage, embedded intelligence, and motion measurement. As a 
result, the National Institute of Standards and Technology has 
organized performance-based competitions for mobile 
microrobots that are designed to: 1) accelerate microrobot 
development by providing researchers a venue to demonstrate and 
observe novel technologies, 2) reveal the most pressing technical 
challenges, and 3) evaluate the most successful methods for 
locomotion and manipulation at the microscale (e.g., actuation 
techniques for crawling). This paper will discuss the goals and 
structure of the competition, results from past competitions, and 
plans to make performance characterization methods an integral 
component of future competitions.     

Keywords 
Microrobotics, microrobots, robot competition, performance 
characterization 

1. INTRODUCTION 
Microscale robotics, or microrobotics, has emerged over the last 
decade as the next wave in intelligent systems. As a result of 
scaling effects, microrobots have functionalities that will open up 
application paths that would otherwise have been impossible. 
Their small size and low unit cost allows them to be embedded 
into subsystems such as consumer electronics, and their small 
mass results in extremely high accelerations. Additionally, their 
size facilitates new modes of operation. As in many systems in 
nature, microscale robots can form large collaborative networks 
that can work either together to complete tasks faster or 
independently to cover more ground. This massive parallelism 
will result in complex system behaviors that have yet to be 

explored for macroscale robots. Microrobots are likely to have a 
major impact on advanced manufacturing, the health care 
industry, and the continued miniaturization of consumer products 
over the next two decades. However, this technology faces many 
new challenges with respect to fabrication, integration, control, 
power delivery, and embedded intelligence, among many others, 
which must be addressed for this field to find widespread 
acceptance. 

 
This paper is authored by employees of the United States Government and 
is in the public domain. 
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This paper focuses on a mobile microrobot competition organized 
by the National Institute of Standards and Technology (NIST) that 
is designed to accelerate the adoption of this technology by U.S. 
industries. First, we give an overview of the field with an 
emphasis on the most successful methods for robot locomotion at 
the microscale. Next, the goals and structure of the competition 
are described along with the results from these competitions over 
the last three years. Difficulties in measuring a number of 
parameters for microrobots have been identified as a major 
limiting factor in the development of microrobots. Therefore, a 
list of measurement needs identified through the framework of the 
competitions is presented. Finally, plans for future competitions 
are presented, particularly with respect to the integration of 
microrobot metrology within the competition so that the 
performance of different systems can be directly characterized 
and compared.    

2. MOBILE MICROROBOTS 
The field of microrobotics is extremely broad and brings together 
a number of disciplines including microelectromechanical 
systems (MEMS), precision machine design, biology, materials 
science, and of course, robotics. Examples of common research 
thrusts include the manipulation and assembly of MEMS 
components, insect-inspired flying microrobots, the manipulation 
of particles and cells in solution, and the mobile microrobots 
discussed here (see [1] and [2] for an overview.) In all of these 
cases, either the robot or the manipulated object has microscale 
dimensions (i.e. between 1 mm and 1 μm). The term microrobot 
has also been used by some to simply mean a small robot (e.g., 
robots having dimensions on the order of centimeters) but this 
definition is not utilized here. 

The dimensional scaling of robots and manipulated parts down to 
the microscale presents many challenges in microrobotics, 
including difficulties in precision fabrication, sensor and actuator 
integration, power delivery, and the interfacing between the 
micro- and macroscale domains. Most importantly, though, is the 

130













































































http://en.wikipedia.org/wiki/Comma-separated_values
http://www.itsdf.org/
http://www.isd.mel.nist.gov/projects/rcslib/
http://www.nist.gov/mel/isd/ks/persim.cfm
http://www.w3.org/XML/
http://www.sky-trax.com/products/STS.php
http://www.isd.mel.nist.gov/projects/rcslib/message_files.html
http://www.isd.mel.nist.gov/projects/rcslib/message_files.html
http://playerstage.sourceforge.net/index.php?src=player
http://playerstage.sourceforge.net/index.php?src=player
http://www.isd.mel.nist.gov/projects/rcslib/NMLcpp.html
https://sourceforge.net/projects/moast
































































































































































































http://domino.watson.ibm.com/library/cybergig.nsf/


mailto:%7bscondon/marehart/cdoran/dparvaz/aberdeen/karine/bea%7d@mitre.org














http://ilps.science.uva.nl/Teaching/II0607/twiki/bin/view/Main/MeetingFeb22#1_1_1_Averaging
http://ilps.science.uva.nl/Teaching/II0607/twiki/bin/view/Main/MeetingFeb22#1_1_1_Averaging
http://ieeexplore.ieee.org/xpl/RecentCon.jsp?punumber=4430067
http://ieeexplore.ieee.org/xpl/RecentCon.jsp?punumber=4430067











































































































	PerMIS09.Final_JMarvel.pdf
	1. INTRODUCTION
	2. DEVELOPMENT OF INTERNAL MODELS
	3. RESULTS:  SIMULATED HARD PROBLEMS
	4. RESULTS:  PHYSICAL ASSEMBLIES
	5. CONCLUSIONS
	6. ACKNOWLEDGMENTS
	7. REFERENCES

	PerMIS09.Final.SS1_BJohansson.pdf
	INTRODUCTION
	DISCRETE EVENT SIMULATION
	LIFE CYCLE ASSESSMENT FOR DISCRETE EVENT SIMULATION
	CASE STUDY
	Input data
	Problem description
	Goal
	Experiments
	Results
	Discussions

	CONCLUSION
	FUTURE RESEARCH
	ACKNOWLEDGMENTS
	DISCLAIMER
	No approval or endorsement of any commercial product by the National Institute of Standards and Technology is intended or implied.
	REFERENCES

	PerMIS09.Final.SS2_JRing.pdf
	1. ABSTRACT
	2. INTRODUCTION
	3. RELEVANT SEMIOTICS
	3.1 Systemics
	3.2 Field of Discourse 
	3.3 Whole System Viewpoint 

	4. METRICS
	4.1 General System Metrics 
	4.2 Knowledge Metrics
	4.3 UAS Metrics
	4.4 UAST Metrics
	4.5 ATEE Metrics

	5. DISCUSSION 
	6. CONCLUSIONS
	7. ACKNOWLEDGMENTS 
	8. REFERENCES 

	PerMIS09.Final_EMessina.pdf
	INTRODUCTION
	Robot competitions are becoming increasingly popular, serving a number of goals that range from primary education to stimulating technological advancements for real-world applications.    Competitions can be categorized in many ways.  In this paper, w...
	The spectrum of motivations for robot competitions ranges widely.  On one end, robot competitions are pure entertainment.   There have been several popular television shows featuring robot combat, for instance, such as Robot Wars0F  and BattleBots [1]...
	THE BEGINNINGS: MICRO-MOUSE
	SPECTRUM OF COMPETITIONS
	CONCLUSIONS
	REFERENCES

	PerMIS09.Final_JGorman.pdf
	1. INTRODUCTION
	2. MOBILE MICROROBOTS
	3. PAST COMPETITIONS
	4. MEASUREMENT NEEDS
	5. PLANS FOR FUTURE COMPETITIONS
	6. REFERENCES

	PerMIS09.Final.SS3_K-JKim.pdf
	1. INTRODUCTION
	2. RELATED WORK
	3. METHODS
	3.1 Actor Learning
	3.2 Observer Learning 
	3.3 Actor Exploitation

	4. EXPERIMENTAL RESULTS
	5. CONCLUSIONS
	6. ACKNOWLEDGMENTS
	7. REFERENCES

	PerMIS09.Final_WShackleford.pdf
	1. INTRODUCTION
	2. Test-Bed Hardware
	3. Software Architecture
	3.1 Main Software Architecture
	3.2 Neutral Message Language(NML)
	3.3 Sensor Subsystem Software Architecture
	3.4 MOAST
	3.5 NML Packed Message Files
	3.6 Flash LIDAR Display
	3.7 Camera Positioning Navigation System/Spinning Laser Positioning System
	3.8 Safety Laser Measurement Sensor  (LMS)
	3.9 Color Camera

	4. Static Test Results
	5. Changes to the ANSI/ITSDF B56.5 Safety Standard for Guided Industrial Vehicles
	5.1 Conclusions

	6. REFERENCES

	PerMIS09.Final.SS5_BWeiss.pdf
	INTRODUCTION
	SCORE METHODOLOGY
	Evaluation Goal Types
	Evaluation Elements

	High Level Concept Transfer Metrics
	LIVE EVALUATIONS
	Structured Scenarios
	Spontaneous Scenarios
	Metrics Generated from Scenario Data

	SCENARIO IMPACT ON METRICS
	Impacts
	Impact Analysis

	FUTURE EFFORTS

	PerMIS09.Final_MSchwartz.pdf
	1. INTRODUCTION
	2. Figure 2. Overview of the overall approachRelated Work
	3. Reactive Planning Logic Executor Architecture
	4. Development of Physics-based Meta Model
	5. Automated Generation of Blocking Decision Tree
	6. Virtual Environment-Based Game
	7. Evaluation
	7.1 Evaluation Protocol
	7.2 Preliminary Results and Discussion

	8. CONCLUSIONS AND FUTURE WORK
	9. ACKNOWLEDGMENTS
	10. REFERENCES

	PerMIS09.Final.SS6_MAustin.pdf
	1. PRESENTATION

	PerMIS09.Final.SS6_RBostelman.pdf
	1. INTRODUCTION
	2. IDEAL 3D VEHICLE SENSING CONCEPT
	3. 3D IMAGING EXPERIMENTS
	3.1 Detection of Standard Obstacles
	3.2 Effects of Highly Reflective or Emissive Surfaces
	3.3 Detection of Forklift Tines

	4. CONCLUSIONS
	5. REFERENCES




