
ABSTRACT

COLE, JEREMY ALEXANDER. Localization of Biobotic Insects using Low-Cost Inertial
Measurement Units and Encounter Information. (Under the direction of Edgar Lobaton).

The urbanization of mankind has increased the likelihood that disasters will occur in ur-

ban scenarios, creating a need for responders to operate in confined areas such as collapsed

buildings and rubble stacks. Unfortunately, current disaster robots lack the maneuverability

to efficiently traverse these areas. Researchers have recently shown that Madagascar hissing

cockroaches (Gromphadorhina portentosa) can be controlled via bioelectrical stimulation

of their neuro-mechanical system. These biological robots (a.k.a. biobots) are several cen-

timeters in size, exhibiting the ability to maneuver over a variety of terrain types, while

simultaneously being strong enough to carry a wide range of sensor payloads. The combina-

tion of docility, strength, and maneuverability could make G. portentosa an ideal candidate

for deployment in areas that are inaccessible to humans, dogs, and traditional robots.

This dissertation focuses on the localization of biobots using low-cost Inertial Mea-

surement Units (IMUs) that are mounted to the thorax of the biobotic agents. Unassisted

methods of inertial navigation are not possible due to the noise characteristics of our IMUs.

Furthermore, these issues cannot be alleviated through GPS because GPS is often inacces-

sible in the environments where the biobots will be operating. This necessitates the design

of a novel solution for biobot localization.

This dissertation presents a novel, data-driven inertial navigation system that is capable

of localizing biobots in areas where GPS is not available. The navigation problem is posed as

a two-point boundary-value problem where the goal is to reconstruct a biobot’s trajectory

between the starting and ending states, which are assumed to be known. The technique is

validated using nine trials that were conducted in a circular arena using a biobotic agent

equipped with a thorax-mounted, low-cost IMU. Results show that the proposed navigation

system can achieve centimeter-level accuracy. This is accomplished by estimating the

biobot’s velocity—using regression models that have been trained to estimate the speed

and heading from the inertial signals themselves—and solving an optimization problem so

that the boundary-value constraints are satisfied.

The aforementioned inertial navigation system is extended to track multiple biobots

simultaneously. This is accomplished by using the agents’ encounters with one another as

signals of opportunity to increase tracking accuracy. Results are shown for five biobots that

are operating in a 2D environment.
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], where i denotes the
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splines, denoted as Ssi , j

and S i , j
—respectively—where the subscripts
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CHAPTER

1

INTRODUCTION

Disasters are de�ned as discrete meteorological, geological, or manmade events that exceed

local resources to respond and contain [9]. Disaster response is the phase of emergency

management that is focused on saving the lives of those affected by the disaster and mit-

igating further damage by the disaster. By its nature, disaster response is a perilous race

against time-responders must move fast enough to reach survivors while simultaneously

moving carefully enough to protect both themselves and the victims. Over the past 50 years,

mankind has become increasingly urbanized, with roughly 55% of the human population

living in urban areas [10]. As such, it is increasingly likely that disasters will occur in urban

areas. This has led to the formation of specialized Urban Search and Rescue (USAR) teams,

each consisting of �ve components: a command structure; a rescue group; a medical group;

a logistics group; and a search group that includes canine teams [11]. These teams are

organized into task forces and are capable of responding to a wide range of disasters in

urban areas.

The �rst American USAR teams were created by the Federal Emergency Management

Agency (FEMA) in 1989 as a response to the 1989 Lom Prieta Earthquake in Northern Cali-

fornia [12]. The number of USAR teams has since grown to include 28 national response

task forces, with individual states maintaining their own USAR task forces that collaborate

1
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