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Abstract

UNEXPLODED ORDNANCES, UXOs, are a significant safety and economic problem in

theUS and worldwide. Typically, they consist of munitions such asrockets, artillery

shells, and missiles. They are buried in unknown locations and present a danger due to both

their explosive nature and their environmental impact. Across theUS, UXOs are suspected

to infest over 15 million acres of land consisting of troop training areas, weapons testing

sites, and munitions storage facilities. In 2003, the Department of Defense estimated the

final cost of clearing all of theUS’s contaminated lands using existing technologies would

be $35 billion. One of the difficult challenges facingUXO clearance work is discriminating

whether a detected target is anUXO and needs to be excavated or an inert object that can

be left in the ground. An electromagnetic induction,EMI, sensor is commonly used inUXO

clearance work. This research introduces two strategies that change the way theEMI sensor

is used in order to improve discrimination.

The first strategy is to use more target specific sensor swathsand to use an odometer

based positioning system. In most discrimination work, data is first taken with a vehicle

driven to cover an entire field. Each sensor measurement is geotagged withGPS informa-

tion and then the data is post processed. This research showsthat a focused search above

the estimated target’s location using odometry can improvediscrimination over theGPS

approach because there is less relative error in the sensor position estimates.

The next strategy is to use an adaptive sensing algorithm to determine where to move

and how to orient anEMI sensor. Traditionally, theEMI sensor is moved around a field

in a fixed orientation. Allowing the sensor to rotate increases the directions at which the

target can be illuminated. The adaptive sensing algorithm exploits this new flexibility to
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maximize the information obtained during a sensor run, thereby improvingUXO discrimi-

nation.
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Chapter 1

Introduction

UNEXPLODED ORDNANCES, UXOs, are a significant safety and economic problem in

the US and worldwide. This dissertation investigates two innovative strategies that

improve UXO discrimination with existing technologies. The current discrimination ap-

proach uses multiple traverses to cover a field with various geophysical sensors and then

post processes theGPS tagged data. The first strategy is to replace theGPS system with

an odometry based positioning system and perform a localized lawnmower pattern around

any potential objects. The second strategy continues the use of an odometer, but adds an

adaptive sensing algorithm to determine where to move and how to orient the geophysical

sensor. Both changes improve the discrimination ability ofUXOs over the current standard.

1.1 Motivation

UXOs, also known as munitions and explosives of concern, consist of armaments such as

missiles, mortars, bombs, and rockets [64]. They form when munitions do not detonate

upon impact or are part of a forgotten weapons cache. TheseUXOs are buried in unknown

locations and must be excavated because of their explosive nature and their ability to con-

taminate the local environment. In theUS, there are over 15 million acres of land potentially

containingUXOs. This area encompasses nearly 2,300 sites which are mainlycomposed

of troop training areas, bombing ranges, and artillery ranges. Around the world, theUXO

infested land area skyrockets as old and new battlefields areincluded. The Department

1



CHAPTER 1. INTRODUCTION 2

Figure 1.1:UXO examples

UXOs consist of any type of munition such as missiles, bombs, andartillery
rounds. They are commonly characterized as being long, metallic, and axially
symmetric. The pictures above showUXOs excavated from Fort Ord in Mon-
terey, CA.

of Defense estimated in 2003 that the total cost of clearing the US of UXOs with current

technologies is around $35 billion [27, 58].

TheUXO challenge differs from the more commonly known land mine andimprovised

explosive device,IED, problems. All are obviously important issues, but land mines and

IEDs are not found in American military bases being reclaimed for civilian use. UXOs,

pictured in Figure1.1, are also typically long, metallic, and axially symmetric.Mines and

IEDs can be of any shape and size, and can be made of many differentmaterials. These

key differences make tackling theUXO problem a worthwhile pursuit and a more tractable

challenge.
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(a) UXO clearance activities

(b) Warning sign

Figure 1.2: Fort Ord

Ford Ord is an activeUXO clearance site in Monterey, CA.(a) The top image
shows technicians using a GeonicsEM61HH metal detector. The flags in the
ground mark potentialUXO locations.(b) The bottom image shows the bound-
ary of a section at Ford Ord that may containUXOs.
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Fort Ord and Pinecastle Jeep Range are two examples of activeUXO clearance sites.

Ford Ord is a former military base in Monterey, CA that was used from 1917 to 1994

as a training site for Army units. In 1994, the base was closedand its 28,000 acres of

land was earmarked for civilian uses such as golf courses, buildings, and nature preserves

[39, 72, 81]. Figure1.2shows areas in Ford Ord whereUXO work is ongoing.

Figure1.3 shows Odyssey Middle School where in 2008,CNN reported that workers

were injured when they accidentally uncovered munitions during renovations of the middle

school track. Luckily, no students were harmed. An investigation showed that this school

and the surrounding neighborhood had been built on the former Pinecastle Jeep Range.

This 12,000 acre base was used duringWWII as a bombing range. The Army Corp of

Engineers has since excavated over 100UXOs at the school site alone, and more have been

found in the neighboring houses like the ones seen in Figure1.4[77].

UXO mitigation at both sites is based on variations of the traditional “MAG and Flag”

clearance technique. This decade old strategy uses trainedtechnicians to walk across a field

with a metal detector which is typically a magnetometer,MAG . Every time their sensor

measures a strong return, the technicians plant a flag at thatlocation. After surveying

the entire field, the technicians dig around all the flags. This process finds most of the

buried UXOs, but is extremely inefficient. A report by the Defense Science Board Task

Force estimates that one percent of the excavations from “MAG and Flag” produced an

UXO. Because of the cost and time required for each dig, the government and industry has

focused research on trying to reduce the number of false positives [27].

This reduction requires improved discrimination which is different than detection. The

goal of detection is to determine if there is something buried in the ground and where is

it located. The goal of discrimination is either to identifythe “something” or to determine

how likely the item is anUXO. This information will help reduce the number of false

positives by focusing the dig efforts on sites more likely tocontain munitions. Also, dis-

crimination will allow engineers to factor in what type of munition is likely buried here.

Camp Sibert is a great example why identifying the munitionsis important. The base was

formerly used for chemical warfare training and thus contains chemical munitions. Deter-

mining which targets are chemical munitions can help prioritize the dig order and assess

the risk for each excavation [66].
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(a) Odyssey Middle School

(b) Middle school track

Figure 1.3: Pinecastle Jeep Range

These images are from the school where they first discoveredUXOs in an
Orlando neighborhood.(a) The top image has flags planted in the ground
in front of the school showing whereUXOs might be buried.(b) The bottom
image shows some of the remnants of the clearance work going on around
the schoola.

aNancy J. Sticht. The Importance of Communication at Pinecastle Jeep Range Formerly Used
Defense Site. US Army Corp of Engineers. March 2009.
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(a) Front lawn

(b) Sidewalk

Figure 1.4: Orlando neighborhood

This is the neighborhood around Odyssey Middle School whichis also located
on the former Pinecastle Jeep Range. These images show clearance work going
on in the front lawn of a house and along the sidewalk of the neighborhooda.
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Adaptive sensing

UXO estimation

Trajectory 

optimization

Sensor selection

Data collection

Signal 

processing

Excavation

Verification

Figure 1.5:UXO clearance flow chart

The typicalUXO clearance process can be dissected into the five steps shown
on the left. After a suspected target location is found, a sensor can perform
a more focused investigation of that area. The right side of the chart shows
the new investigation using adaptive sensing. After the newmeasurements are
taken, the data can be fed back into the previous signal processing techniques
for improved discrimination.

1.2 UXO Discrimination

Clearing a site ofUXOs can be broken down into five steps which are shown in Figure

1.5. The first step is to select the geophysical sensors based on the local environment. The

second step is to collect geotagged data. The data is then post processed to create a list

of possibleUXO locations. Finally, likelyUXO locations are excavated and the entire site

is rechecked to verify clearance. The rest of this section will cover some of the related

work for the first three steps and how they relate to this research. Many of the cited works

actually span several steps, but for the sake of brevity onlykey concepts are extracted from

each citation.
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Figure 1.6: Multi-sensor towed array detection system,MTADS

Designed to improve and to speed upUXO detection,MTADS can be towed
by vehicle, pushed by man, or mounted onto an airborne vehicle. It is cur-
rently operated by theUS Naval Research Laboratory. This image is courtesy
of http://mtads.nrl.navy.mil/.

Sensor selection is extremely important because it can fundamentally limit the infor-

mation gathered forUXO clearance [90]. As such, there are several promising fields of

research aimed at improving sensor technology. The first line of research is to improve the

standard metal detectors: Magnetometers,MAGs, and electromagnetic induction,EMI, sen-

sors [14, 30, 61, 92, 93]. Researchers are also using sensors that exploit non-metal related

characteristics ofUXOs. Ground penetrating radars,GPR, are the most popular of this class.

Other technologies being developed include nuclear quadrupole resonance, x-rays, electra-

optical, thermal, hyperspectral imaging, acousto-electromagnetic, and chemical sensors

[2, 24, 27, 84]. There are even dogs and bees being used to find explosives [57].

Instead of just using individual sensors, several groups are trying to fuse combinations

of MAGs, GPRs, andEMI sensors. This improves the aggregate discriminatory abilities of

the systems by allowing the sensors to complement each other’s weaknesses [21, 25, 65,

69, 85, 107, 108].

Two groups are also introducing optimality into configurations ofEMI sensors and of

MAGs. Billings and Wright look into optimal configurations ofMAGs for use on a low-

flying helicopter [13]. Morrison et al. investigates an optimalEMI sensor configuration by

combining several transmitters and receivers. Their approach is to minimize the sum of

squared errors when estimating certainUXO parameters. The system allows them to not
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worry about the absolute position of the sensor because the parameters can be estimated

with measurements taken at one location. Unfortunately, once the sensor model changes or

the target is not directly under the sensor, the optimality breaks down [63].

The next step after sensor selection is to collect geotaggedmeasurements. Lines are

typically used to ensure that the entire field is traversed and noUXOs are left behind. The

geophysical sensors can be hand held or mounted onto vehicles like a helicopter [8, 26, 67,

68, 81, 94]. The measurements are commonly geotagged withGPS, but other positioning

options can be used, such as a laser or a vision based system.

Researchers have also focused on how and where to take the sensor measurements. Nor-

ton and Bell use a cued approach to gather data with high position fidelity. They propose

putting a gridded pattern on top of a suspected location and taking manual measurements

at each marker on the pattern [9, 70]. These manual strategies test the patience and capa-

bilities of human operators in a stressful environment. This dissertation proposes methods

that simplify and potentially automate this effort.

Finally, the geotagged data is post processed to form a dig list that marks locations of

potentialUXOs. The research into improving this process is focused on thesensor models

and applying statistical methods. The models describe the way an object looks to the geo-

physical sensor and can account for some noise sources such as soil and sensor positioning.

Researches studyingEMI models have looked at the decay rates in the time domain and at

the spectrum in the frequency domain [4, 5, 6, 7, 34, 73, 75, 86, 87, 88, 89, 96]. Billings

uses aMAG to measure each target’s magnetic field for discrimination.He theorizes that

ordnances lose their remnant magnetization when they hit the ground. The remaining mag-

netic field is from an induced magnetization and is related tothe Earth’s magnetic field

[12]. Collins et al. have taken the sensor models and used advanced statistical methods

to determine if an object is anUXO [20, 22]. Beran and Zhang et al. are also applying

machine learning algorithms toUXO data sets [11, 105].

This work improves discrimination by introducing a reinvestigation step integrated with

the signal processing step. Figure1.5shows a block diagram of one potential reinvestiga-

tion strategy based on adaptive sensing.
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1.3 New Approach

Two reinvestigating strategies that improveUXO discrimination are described here. They

make four key assumptions.

∙ An EMI sensor is used to discriminate UXOs.

Chapter2 explains that anEMI sensor is chosen because of its discriminatory abili-

ties. Other discrimination capable sensors can be used withthese methods. Appendix

B showsUXO localization with aMAG.

∙ A target library exists.

The library allows the discrimination algorithm to incorporate knowledge about real

objects in the area and has been used before by Norton and Pasion [70, 75]. This

library can be obtained through examining the site history or by sampling a number

of suspectedUXO locations.

∙ A target is in the local area

A localized search focuses on an area containing a suspectedtarget. This suspected

area can be determined through an initial wide area scan and apost processing step.

Any potential target location would then be investigated. Asecond option is to per-

form a raster scan of the area and to switch into an investigation mode when some-

thing is detected.

∙ Each target has no neighboring targets.

This eliminates potential ambiguities resulting from multiple targets each contribut-

ing to the measurement. Chapter6 discusses ways to eliminate this assumption.

The first strategy, described herein, is a localized lawnmower investigation about each

suspectedUXO location using odometry based positioning. The localized search decreases

the range between a target and a neighboring object at which the second object will influ-

ence the measurements. It also reduces the total distance the sensor must travel, thereby

allowing the use of an odometry system for positioning. Chapter 3 shows that the lawn-

mower pattern is particularly suited for reducing relativesensor positioning error for an

odometry system. It also describes why that reduction improves discrimination.
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The second strategy, described herein, uses adaptive sensing to decide where to move

and how to orient the sensors in order to maximize information about theUXO. Cargile

mentions this possibility when she indicates “that there may be advantages to providing

real-time feedback to theUXO survey crews so that they may collect additional sensor

data (in orthogonal directions) over suspected anomalies,rather than blindly surveying

lanes with fixed lane widths and sampling rates” [17]. This adaptive algorithm can be

implemented on an autonomous sensor platform.

1.4 Adaptive Sensing

Adaptive sensing aims to optimize a set of future sensor actions to maximize some infor-

mation metric about a target. It is also known as active sensing, and is strongly related

to sensor management. Sensor management is used to decide which sensor to activate as

opposed to where to move the sensor. In both cases, the final goal is to perform some set

of actions to learn more about a target or a set of targets. Thefirst half of this section gives

some breadth to the adaptive sensing field. The second half contains algorithms that are

closely or directly related to performing adaptive sensingfor UXO work.

There are two main ways to distinguish each adaptive sensingalgorithm. The first

major distinction is the cost function that represents the information which can be based

on entropy, uncertainty, or several other possibilities. Each option quantifies information

in a slightly different format and requires a different way to calculate the cost. The second

major identifier is the type of sensor and target being considered. This affects the number

of states that the algorithm has to consider and the complexity of the sensor and target

models.

Researchers often use a target estimate’s covariance matrix to quantify the information

known about a set of target parameters. This work will also use the covariance matrix,

but will implement it in a different manner than the following researchers. Kim and Rock

design an optimal controller that allows an autonomous underwater vehicle,AUV , using a

bearings only sensor to minimize the uncertainty about a target’s location while simultane-

ously trying to dock with the target. This optimal characteristic is very unique for adaptive
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sensing algorithms [45]. Using monocular vision, Frew and Rock use a tree search ap-

proach to plan a path that estimates a target’s current location and velocity vector. This

trajectory can be based on minimizing uncertainty in a giventime or minimizing the time

it takes to reach some certainty level [28, 29]. Whitacre et al. use a camera and a reced-

ing horizon approach to optimize flight path parameters for two unmanned aerial vehicles,

UAV , performing surveillance on a single target. The information metric is a function of

the covariance matrix at the current horizon. Each aircrafts’ flight path is constrained to be

an orbit of constant radius and altitude [103]. Chung et al. propose an adaptive sensing al-

gorithm that can be decentralized and can incorporate noisyinter-vehicle communications

into the information metric. In its current form, the technique requires linearized models

for the sensors and any state dynamics [19]. Gupta et al. attacks the sensor scheduling

problem with an uncertainty based cost metric. This metric tells the algorithm what prob-

ability distributions to assign to each sensor so that they can be stochastically activated.

The advantage of randomly choosing sensors allows the algorithm to be more numerically

tractable and not rely on each sensor possessing extensive knowledge about the other sen-

sors [36]. Kalandros et al. attempt to obtain a certain amount of knowledge about several

targets. They determine which sensor to use based on which can contribute the most to

getting each target’s state uncertainty to a specific threshold level. Once the threshold is

reached, the sensors concentrate on the other targets [42, 43]. Zhang and Leonard develop

an accurate contour map by smartly shaping a formation of sensors. The adaptive technique

tries to minimize the mean square error of the estimate of thescalar field and its gradient

[106].

Instead of using the covariance matrix, another set of researchers use entropy or Shan-

non’s information to produce an information metric. They are all intimately related, and

their relationships are detailed in Section4.2.

Ryan uses entropy to assist anUAV in tracking ground targets with cameras. She com-

bines a particle filter with receding horizon control for theadaptive process. Because parti-

cle filters can be computationally expensive, she has developed a technique to approximate

entropy from the particle distribution [83]. Amigoni and Caglioti use a greedy approach

with a laser scanner for adaptive sensing. The entropy is combined with the effect of dead

reckoning error to formulate a cost metric to create an efficient map building robot [3].
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Zhao et al. uses entropy for sensor management. They determine which sensor in a static

array to use in order to track a target moving through the system [110]. Grocholsky’s thesis

does an extensive job examining information-theoretic approaches to controlling multiple

sensor platforms. He uses entropy combined with mutual information to help decentralize

the adaptive sensing problem [35]. Rigby and Williams use adaptive sensing to plan the

best trajectory for anAUV to fly to self localize given a digital elevation map. The entropy

based method uses sonar as the localization sensor [82].

Shannon’s information is another popular information metric. Klesh et al. uses it to

help planUAV trajectories to learn a base amount of information about multiple target as

quickly as possible. An omnidirectional radar is the sensorof choice and its signal-to-noise

ratio, which is dependent on the range to a target, is used to determine the rate at which

information can be gained [46]. Sujan and Dubowsky use Shannon’s information to fill out

an occupancy grid based on geometric models. The adaptive sensing determines where a

camera should go next to explore quickly an unknown environment [95].

Whereas uncertainty, entropy, and Shannon’s information deal with the states repre-

senting a target’s parameters, other researchers use an approach that requires a decision to

be made or an approach that tries to maximize discriminators. Tisdale et al. uses a receding

time horizon approach based on maximizing the probability of detecting a stationary tar-

get. This technique is applied to plan the paths of a team ofUAVs equipped with cameras

searching for a single target [99]. Kreucher et al. use Renyi divergence to find measure-

ments that best separates two hypotheses. In simulation, the adaptive sensing algorithm

is used to determine which processing action is used: a ground moving target indication

mode or a synthetic aperture radar mode [52].

Most of the above applications are based on sensors such as radar, sonar, or vision.

When more nonlinear sensor models are used, the approaches begin to fail. The following

researchers have developed algorithms that are more closely related to the type of sensors

used inUXO work or are directly used forUXO discrimination.

Hoffmann and Tomlin uses mutual information to plan the trajectory of their vehicles.

The algorithm allows the system to be decentralized as it looks for avalanche beacons.

Their sensor detects magnetic dipoles produced by the beacon in a similar manner to the

way some sensors locateUXOs. The technique will be used as a point of comparison
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in Section4.4 because of how it handles the nonlinear equations describing the beacon

[37, 38]. However, the algorithm they use to estimate the target’s parameters scales poorly

in terms of time as the number of parameters increase. Pinieset al. also look at these

beacons, but their search algorithm is more deterministic.It searches along field lines and

then approaches the estimated target location. [78, 79, 80]

Researchers at Duke University have begun applying adaptive sensing to theUXO and

mine problem. Kolba and Collins use discrimination abilityas their metric for mine de-

tection. They are trying to solve the sensor management problem where their algorithm

investigates a discretized field trying to decide if a mine isin a grid location or not. The

information metric is dependent on the probability of detection and the false alarm rate for

any sensor being considered. The management system uses a greedy search to help more

efficiently useEMI andGPR sensors for mine detection [47, 48, 49, 50, 51]. By using dis-

crimination ability as a metric, the discriminators are focused only on differentiating two

hypothesis which means it ignores other possibilities and it does not try to maximize the in-

formation about the target parameters. Liao and Carin applyan adaptive sensing algorithm

to anEMI sensor to performUXO discrimination. They show that for the same number of

measurements, adaptive sensing can improve on parameter estimation over a grid search.

This comparison does not take into account that the target iscentered in the search area and

so the grid search will take more measurements to reach the target location. Also, Fisher’s

information matrix is used to quantify the information obtained in each new potential mea-

surement, but the linearization step required does not handle large initial uncertainties well.

Their approach takes the result from the adaptive sensing algorithm and uses it as an initial

guess to feed into a partially observable Markov decision process to help classify the target.

The Markov decision process grows exponentially with the number of states and requires a

discretized list of possible actions [18, 55].

The adaptive sensing in this thesis addresses many of the previously mentioned prob-

lems. The contributions of which, are listed in this next section.
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1.5 Contributions

Two new strategies are recommended to theUXO community to improveUXO discrimina-

tion. These suggestions are supported by the following contributions:

∙ Designed and implemented a local odometry based search to compete with an

existing GPS based search for UXO discrimination.

ExistingUXO discrimination strategies requireGPS tagged measurements that cover

the entire field. A localized odometry based lawnmower trajectory is shown to have

better relative positioning accuracy even when the absolute positioning accuracy is

worse than the positioning accuracy provided byGPS. This translates into an im-

proved ability to discriminate.

∙ Developed an algorithm that adapts a sensor trajectory to seek information for

geophysical sensors tuned for UXO investigations.

An adaptive sensing framework is developed that is fast and can handle highly non-

linear sensor functions with large state vectors. This approach uses the square root

form of the eigenvector sigma-point Kalman filter. This particular estimator is rota-

tionally invariant so it eliminates any bias that is not related to the sensor model but

due to the sensor location relative to the target.

∙ Adapted and validated adaptive sensing for UXO discrimination with an EMI

sensor.

A library of targets is established with real data. An estimator is designed to integrate

this library into the adaptive sensing framework. Simulations are run that show an

adaptive sensing strategy using odometry can improveUXO discrimination.

1.6 Roadmap

Chapter 1: Introduction discusses the motivation and contributions of this research. It

also presents related work from theUXO and the adaptive sensing communities.

Chapter 2: Discrimination with an Electromagnetic Induction Sensor introduces the

sensor that is used to discriminateUXOs along with its measurement model and fit metric.



CHAPTER 1. INTRODUCTION 16

Real sensor data is used to develop a sample target library that is used for discrimination

evaluations throughout the thesis.

Chapter 3: Local Search details the affects of aGPS error model as compared to an

odometry error model on various localized searches. Simulation results with anEMI sensor

running a localized lawnmower search are shown for both cases.

Chapter 4: Adaptive Sensing presents the estimator, cost function, and optimizer used to

plan a trajectory that maximizes the information gathered about a target. This final selection

is made after an analysis of alternative estimators and costfunctions.

Chapter 5: Adaptive Sensing with an EMI Sensor develops an estimator for the adaptive

sensing framework that accounts for a target library. Simulations are then used to show the

adaptive sensing algorithm using anEMI sensor forUXO discrimination.

Chapter 6: Conclusion summarizes the contributions of this thesis and presents possible

future directions of this work.



Chapter 2

Discrimination with an Electromagnetic

Induction Sensor

THE ELECTROMAGNETIC INDUCTION, EMI , SENSORis used throughout this thesis for

the discrimination of unexploded ordnances,UXO. This chapter discusses why that

sensor was chosen, the physics behind its operation, and howit is used for discrimination.

Finally, a GeonicsEM61-MK 2 is used to gather data and to produce a target library used in

future simulations.

The most commonly usedUXO sensors are magnetometers,MAGs, ground penetrating

radars,GPRs, andEMI sensors. Figure2.1cshows anEMI sensor which is an active sensor

that returns a measurement dependent on the metallic object’s shape, size, and material. It

is often used for discrimination [22]. Figure2.1bshows a total-fieldMAG which is a passive

sensor that measures a component of the local magnetic field.Unfortunately, discrimination

is difficult because both anUXO and a random ferrous object can produce magnetic fields

that look like they originate from a dipole. Billings theorizes that discrimination can still

be done because the dipole’s orientation is related to Earth’s magnetic field. However,

he admits that additional research still needs to be performed on this approach before it is

applicable in the field [12]. Figure2.1ashows aGPRwhich is an active sensor that transmits

a radio wave into the ground. The sensor measures the time andstrength of the reflected

wave producing a map of the boundary between dielectric constant layers. This can detect

buried objects, but is sensitive to clutter and to the soil type [85].

17
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(a) Geophysical Survey Systems Utili-
tyScan

(b) GeometricsG-858 MagMapper

(c) GeonicsEM61-MK2

Figure 2.1: Geophysical sensors used inUXO clearance

(a) The UtilityScan is aGPR that maps the boundary between layers of equal
dielectric constanta. (b) TheG-858 is a total-field CesiumMAG that maps out
the strength of the local magnetic field in the direction of Earth’s magnetic
field. (c) TheEM61-MK 2 is a time domainEMI sensor being used at the former
Pinecastle jeep Rangeb.

aUtilityScan Brochure,Geophysical Survey Systems, Inc, July 2009, www.geophysics.com.
bNancy J. Sticht.The Importance of Communication at Pinecastle Jeep Range Formerly Used Defense

Site. US Army Corp of Engineers. March 2009.
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2.1 Principles of Operation

This section summarizes several different sources to explain how anEMI sensor operates

as an active metal detector. It is depicted as a loop in Figure2.2a. This loop represents

a coil of wire that allows the sensor to produce and detect magnetic fields. A current is

forced through the coil to generate a magnetic field using Ampere’s law. Figure2.2bshows

a magnetic dipole that resembles the actual field if it is observed at a distance much greater

than the radius of the coil. Equations2.1 and2.2 are the cartesian and spherical dipole

equations showing the magnetic field at the target location.The origin of both frames is the

center of the coil and the spherical coordinate frame is defined with the dipole axis being

thez-axis [44]. The strength of the magnetic field falls off with the distance cubed.⃗B is the

magnetic field and has units ofT ornT . The permeability of free space,�0, is 4�×10-7 N
A2 .

The magnetic dipole moment,m⃗, has units ofAm2 and the location of the target relative to

the origin,r⃗, is inm.

B⃗xyz =
�0

4�

(
3(m⃗ ⋅ r⃗) r⃗

∣r⃗∣5 − m⃗

∣r⃗∣3
)

(2.1)

B⃗r�� =
2�0∣m⃗∣
4�∣r⃗∣3 cos �r̂ +

�0∣m⃗∣
4�∣r⃗∣3 sin ��̂ + 0�̂ (2.2)

The loop current is cut off causing the primary dipole to disappear. Faraday’s law

states that the change in magnetic field will induce eddy currents inside the target which

is shown in Figure2.2c. In accord with Lenz’s Law, these currents will try to produce a

magnetic field that maintains the disappearing primary field[74]. The currents will decay

as a function of the object’s shape, size, and material and isrepresented by the equivalent

dipole polarizability rates composed of three principal moments, with units ofAm2

Ts
, aligned

with a target centric coordinate frame [10, 63, 73]. UXOs are typically modeled with just

an axial,La, and a transverse,Lt, component because they are long and axially symmetric.

Figure2.2d shows the decaying secondary magnetic field originating from the eddy

currents in the target and is described in Equation2.3. The primary magnetic field at the

target created by the sensor isB⃗p
0 . The rotation matrix,R, rotates the frame of the magnetic

field to a target fixed coordinate frame. The first rotation,�, is around the originalz-axis

followed by a rotation,�, around the newy-axis. The magnetic field expressed in the

target frame is then multiplied by the axial and transverse components to get the dipole
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EMI

UXO

(a) t = 0

EMI

UXO

(b) Primary magnetic field

EMI

UXO

(c) Induced current inUXO

EMI

UXO

(d) Secondary magnetic field

EMI

UXO

(e) Measured response

Figure 2.2: Description ofEMI physics

These cartoon images depict the interactions between anEMI sensor and an
UXO. Each successive figure corresponds with the order of eventsfor taking a
measurement. The total amount of time from beginning to end is in the order of
milliseconds.
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moment response. This response is rotated back to a world frame. Finally,dB⃗
s

dt
is found by

summing the magnetic field contributions from each component of the dipole response.⃗Bd
i

is the magnetic field at the sensor caused by a unit strength dipole in thei-axis at the target

and has units of T
Am2 .

dB⃗s

dt
=

⎛
⎜⎜⎝
[
B⃗d

x B⃗d
y B⃗d

z

]
RT

⎡
⎢⎢⎣

Lt

Lt

La

⎤
⎥⎥⎦RB⃗p

0

⎞
⎟⎟⎠ (2.3)

R =

⎡
⎢⎢⎣

cos � cos� cos � sin� − sin �

− sin � cos� 0

sin � cos� sin � sin� cos �

⎤
⎥⎥⎦ (2.4)

By Faraday’s law, the decaying component of the magnetic field along the normal vec-

tor, ŝ, of the sensor is proportional,k, to the induced electromotive force. This proportion-

ality constant is related to the physical makeup of the receiving coil and has units ofV s
T

which produces a scalar sensor measurement with units ofV . This final measurement dies

off at a rate of 1
∣r⃗∣6

which is the product of two1
∣r⃗∣3

components. The first1
∣r⃗∣3

is due to the

strength of the primary magnetic field at the target and the second contribution results from

the secondary magnetic field response.

z = kŝ ⋅ dB⃗
s

dt
(2.5)

The state vectors of the sensor and of the target are shown below. The target has five

extrinsic parameters relating to the location and orientation of theUXO and two intrinsic

parameters corresponding to the size, shape, and makeup of the target. TheEMI sensor

states relate to its position and orientation.

xUXO =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

r⃗

�

�

La

Lt

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

7×1

(2.6)
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Figure 2.3:EMI sensor contour

This shows two 2D EMI sensor contours. These contours represent target lo-
cations where the sensor, centered inside each respective contour, would return
the same measurement assuming the orientation of theUXO is fixed.

�EMI =

⎡
⎢⎢⎣

r⃗

�

�

⎤
⎥⎥⎦

5×1

(2.7)

Figure2.3shows the sensor contours for a 2D scenario. If the relative orientation between

the UXO and the sensor stays constant, then each sensor’s contour represents target lo-

cations that will return the same measurement. The two sensors shown are in different

orientations. This difference causes their respective contours to change. From a high level,

the target’s parameters are estimated by finding the intersection between contours drawn

from knowing the relative locations and orientations of thesensors for each measurement.

In the worst case scenario, if the two measurements are takenfrom the same location

and orientation, then the sensor contours would overlap. The UXO could reside anywhere

along the sensor contour, and still fit the measurements extremely well. There is still some

gain however. For each orientation and set of intrinsicUXO parameters, sensor noise man-

ifests itself as a thickness in the sensor contour. As more readings are taken from the same

location, the thickness of the sensor contour will shrink.
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(a) Rear view (b) Side view

Figure 2.4: GeonicsEM61-MK 2

Geonics was kind enough to loan this instrument for this research. The transmit
and receive coils are located in the bottom rectangular frame parallel to the
ground. There is an additional receive coil in the top rectangle that is unused.
The battery is located at the center of the coil. Near the handle on the right
hand side is the electronic box used to operate the instrument. The device at
the center is a portable field computer that allows the user tointerface with the
instrument to control the sensor settings and to record data.

2.2 Geonics EM61-MK 2

GeonicsEM61-MK 2, shown in Figure2.4, is a time domainEMI sensor commonly used in

UXO clearance. The time domain sensor pulses a magnetic field andthen measures the

response while the transmitter is quiet. A frequency domainsensor produces a continuous

time varying magnetic field and then subtracts out the transmitted signal from the measured

response.

TheEM61-MK 2 produces a rectangular waveform with a 25% duty cycle. The transmit

and receive coils are 1m × 0.5m. Measurements are taken at 216�s, 366�s, 660�s, and

1266�s after the transmit signal stops. Measurements up to 10,000mV are recorded with

18 bits and can be taken at 16Hz, every 20cm, or when manually triggered [32, 33].

The dipole in the previous section was modeled as a dipole emanating from a small

circular coil. For the actualEM61-MK 2 sensor, that assumption is not true. Equation2.8
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shows the magnetic field produced by a rectangular coil with dimensions2b × 2a [62].

The coordinate frame’s origin is the center of the coil with the z-axis normal to the coil.

The current in the coil,I, affects the strength of the magnetic field like a dipole moment

oriented in thez-axis. This equation replaces Equation2.1 when treating the sensor as a

rectangular coil instead of a dipole.

r⃗ =

⎡
⎢⎢⎣

x

y

z

⎤
⎥⎥⎦

C1 = −C4 = a+ x d1 = d2 = y + b

C2 = −C3 = a− x d3 = d4 = y − b

r1 =
√

(a+ x)2 + (y + b)2 + z2

r2 =
√

(a− x)2 + (y + b)2 + z2

r3 =
√

(a− x)2 + (y − b)2 + z2

r4 =
√

(a+ x)2 + (y − b)2 + z2

B⃗ =
�0I

4�

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

4∑

�=0

[
(−1)�+1z

r�(r� + d�)

]

4∑

�=0

[
(−1)�+1z

r�(r� + (−1)�+1C�)

]

4∑

�=0

[
(−1)�d�

r�(r� + (−1)�+1C�)
− C�

r�(r� + d�)

]

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(2.8)

2.2.1 Field Tests

The sensor was taken outdoors in Figure2.5 for field tests to verify the sensor models. A

rectangular grid was setup at two sites on Stanford’s campuswith the dimensions 4.5m

× 2.7m. In most of the trials, the objects were placed on the ground.Some data was

taken to see if burying the object had any effect on the sensormodels. No differences were
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Figure 2.5: Field tests

Test areas were setup in open fields on the Stanford campus. The measurements
were used to identifyLa andLt for a set of objects to create a target library. In
the bottom image, the target was buried to see if it affected the sensor model.
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(a) Rod (b) UXO

(c) Plate

Figure 2.6: Test objects

These are the objects used during testing. The rod and theUXO are similarly
axial symmetric. The plate is an object of similar size but different shape. All
the objects are steel.
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Figure 2.7: Real vs. simulated measurements

Several sets of data were gathered with each object. The measurements were
taken at discrete locations and a contour map was generated.The left column
shows a single set of measurements for a rod and anUXO. The right column
shows corresponding simulated data based on the models. Theparameters of
each target were obtained by fitting the sensor model to the data.
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found. Each data set consisted of several lines of measurements taken along the length of

the grid. The sensor was pushed at a constant rate while data was collected at 16Hz. The

objects used are shown in Figure2.6. They were chosen to be roughly the same size so

the magnitudes of the responses would not be drastically different. A plate was added for

geometric diversity in the objects. The rod is 54cm long, theUXO is 58cm long, and the

plate is 24cm × 20cm. Measurement contour maps of real and simulated data are shown

for two of the objects in Figure2.7. Each cell in the figures represents theEMI measurement

taken from that location. The simulated data is based on a setof parameters that best fit the

sensor models to the real data.

2.2.2 Target Library

Each data set was fit to the sensor models to calculateLa andLt for that object. Knowing

the strength of the transmit signal and the measured response of the received signal at

several different locations allows the algorithm to map outthe magnetic field and thereby

estimate the target’s location and response strength. If only the shape of the magnetic field

is known, the location of the target can still be estimated but only the ratio of the dipole

response parameters can be found. The resulting parametersare plotted in Figure2.8. The

fit was done by minimizing the goodness of fit metric which is a least squares fit weighted

by the expected noise levels and normalized by the degrees offreedom [1, 22]. It produces

similar results as the fit metrics used by Morrison et al. and Pasion [63, 75]. Goodness of

fit will be used in future sections to compare algorithms. Note that the name goodness of

fit is misleading because the better the fit, the lower its value.

Fitting is done with the constrained optimization routine in Equation2.9 to estimate

xUXO which hasn states. It is simultaneously trying to find the best position, orientation,

and dipole response parameters of the target that fit a set ofM measurements. The sen-

sor function used is theEMI sensor model in Equation2.5. The minimization used was

MATLAB’s lsqnonlin function which defaults to a trust region method based on the

interior reflective Newton method [59]. Levenberg-Marquardt could also be used for mini-

mization in this situation.
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Figure 2.8: Dipole parameters

These dipole response parameters were extracted from real data. The mean of
each cluster was chosen as the best guess for the object’s true parameter set.
The top left “*” cluster is from plate data sets, the “x” cluster on the right is
from rod data sets, and the “+” cluster on the bottom is fromUXO data sets.
The line down the middle indicates when the axial response isequivalent to the
transverse response. This situation occurs when the targetis a sphere.
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Table 2.1: Library of equivalent dipole polarizability rates

Object La[
Am2

Ts
] Lt[

Am2

Ts
]

Rod 3.58 1.59
UXO 2.97 1.0
Plate 1.15 2.57

minimize
xUXO

1

M − n− 1

∑

m

(
zm − ẑm
�z,m

)2

subject to ẑm = ℎ(xUXO, �EMI,m), m = 1, . . . ,M
⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

−2

−2

0

0

0

0

0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

n×1

≤ xUXO ≤

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

2

2

2

2�

2�

100

100

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

n×1

(2.9)

The constraints were based on physical limitations of the real world where theUXO is

close to the sensor and underground which is modeled as a rectangular prism of dimensions

4m × 4m × 2m. Thez-axis is positive when pointed into the ground. TheLa andLt are

defined as positive and constrained to be less than 100 based on observations of the data.

Figure2.8shows the extracted dipole response parameters for each of the data sets taken.

The resulting dipole parameters are clustered in groups with the same target. The mean of

each cluster is used as the best guess at the object’s parameters and are written in Table2.1.

Ideally, each set of data for a target would result in identical polarization parameters.

Position uncertainty of the sensor is one possible source for the spread. The data was

taken at 16Hz as the sensor was pushed along lines. The sensor position wasestimated

assuming the lines were spaced perfectly while the sensor isbeing pushed in a straight line

at a constant velocity.
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Figure2.9uses simulations to show the effect of 2D sensor position noise on parameter

extraction. These simulations use the response parametersin Table2.1 to model three tar-

gets. In each run, one of the objects is assumed to be buried inthe center of the search area.

A sensor is moved in lines above the target to simulate the wayreal measurements were

taken previously. In each run, various levels of noise were added to the sensor positions

simulating an inaccurate positioning sensor. The standarddeviation of the noise is labeled

for each of the plots. On top of that noise, measurement noisewas also added to the sensor

readings. Finally, each data set was then run through Equation 2.9 to extract the dipole

parameters which are then plotted in Figure2.9. As the position uncertainty increases, the

resulting dipole response parameters also spread.

2.2.3 Discrimination

UXO discrimination can be done by comparing the actual measurements with the predicted

measurements. A true likelihood cannot be calculated without known prior probabilities. In

this thesis, discrimination will be done again using goodness of fit. The predicted measure-

ments will be based on the objects in the library. The actual goodness of fit optimization is

rewritten in Equation2.10.

minimize
l,xUXO

cl =
1

M − n− 1

∑

m

(
zm − ẑm
�z,m

)2

subject to ẑm = ℎ(xUXO, �EMI,m), m = 1, . . . ,M
⎡
⎢⎢⎢⎢⎢⎢⎢⎣

−2

−2

0

0

0

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

5×1

≤ xUXO ≤

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

2

2

2

2�

2�

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

5×1[
La,l

Lt,l

]
, l = 1, . . . , L

(2.10)

There is a subtle difference between estimating all sevenxUXO parameters, what was
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Figure 2.9: Parameter estimation in the presence of sensor position uncertainty

Simulated data was generated using the target library. The sensor position was
shifted with random noise before estimating the dipole response parameters. As
the position uncertainty increases, the spread of the dipole response parameters
also increases.
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done in the previous section, and using the target library tohelp discriminate. In the latter

situation, the dipole response parameters are known, soxUXO only contains the location and

orientation of the target. TheL targets in the library are each tried during the minimization

process.

xUXO =

⎡
⎢⎢⎣

r⃗

�

�

⎤
⎥⎥⎦

5×1

(2.11)

Figure2.10ashows measurements from each line during one real data run with anUXO

as the target. Figure2.10bfocuses on the sixth line from the right. Assuming the targetwas

a rod, the blue line shows the predicted measurements that best fit the real measurements.

The red line corresponds with the best fitting plate parameters. The green line follows the

best fittingUXO parameters. For a library of these targets, theUXO model would fit the

data best and have the lowest goodness of fit.

This chapter explains why and how theEMI sensor is used in this thesis. It also uses the

GeonicsEM61-MK 2 to showUXO discrimination by extracting the dipole response param-

eters from real measurements. In the following chapters, different strategies to determine

where to move and orient the sensor are presented which improve the information contained

in the measurements used by this discrimination algorithm.
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Figure 2.10: The discrimination process

(a) A 3D plot showing the measurements from real field data of anUXO. (b)
The data from the sixth line is shown along with predicted sensor measurements
from eachxUXO option. TheUXO model produced the measurements that best fit
the data from all the lines.



Chapter 3

Local Search

THIS CHAPTER shows how to improve discrimination using a non-adaptive focused

search. Traditionally, a field wideGPS based search is used to find unexploded ord-

nances,UXOs. Focusing the search on a suspectedUXO location and using an odometry

positioning system in a lawnmower pattern is shown to improve discrimination when as-

suming a 5cm error inGPSpositioning and a 5% distance traveled error in odometry. These

numbers are explained in Section3.1.1.

3.1 Odometry vs. GPS

Section2.2.3discusses the affect sensor position accuracy has on estimating anUXO’s pa-

rameters. Traditionally, sensor measurements are geotagged with GPS measurements of

the vehicle’s location. In a large scale traverse,GPS is the preferred option because the er-

ror from location to location can be assumed to be uncorrelated and bounded. The error is

modeled by the true position corrupted by Gaussian noise with a known standard deviation.

Another option for geotagging measurements is using an odometry based system. This sys-

tem would use odometry sensors to report the distance traveled from the last measurement

and a compass to measure the heading of the vehicle. Unfortunately, this setup would have

an unbounded error relative to any absolute frame of reference. The actual error is mod-

eled as an error in the relative position from the current position to the previous position.

The error distribution is Gaussian with a standard deviation as a percentage of the distance

35
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Figure 3.1: Comparison of position error propagation in a field wide traverse

Two types of positioning systems are compared for a traverseover roughly 75m.
The start location of the lawnmower traverse is the bottom left hand side of the
plots. TheGPS’s positioning error does not change from measurement to mea-
surement. The odometry based system’s error increases the further the vehicle
moves.
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Figure 3.2: Comparison of position error propagation in a small scale traverse

The positioning systems are now used for short lawnmower searches that tra-
verse 14m. There is no affect onGPS induced errors because they are inde-
pendent of the distance traveled. The final odometry inducederror is reduced
because the traverse has been significantly shortened.
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traveled. Figure3.1 shows a sensor traveling 75m in a lawnmower pattern. A position

error ellipse is drawn around the estimated location of where each sensor measurement

was taken. The error ellipse in theGPS case maintains its size, but in the odometry case

continuously increases. By the third line, the uncertaintyellipse encompasses the previous

and next estimated location of the vehicle. Further along, the ellipse begins to include other

lines. These errors can have a large impact when trying to incorporate measurements for

discrimination.

For the reinvestigation scenario, a sensor sweep is performed again over a specific lo-

cation where anUXO is believed to be buried. The original investigation can be aprevious

search and post processing iteration or it can be a field wide traverse with a sensor report-

ing that an object is nearby. A 2m × 2m lawnmower pattern centered at the suspected

target location is used for the focused search. The small size was chosen because the signal

strength decays at1
∣r⃗∣6

. Section3.1.2explains why a lawnmower pattern was picked after

examining other trajectories. Figure3.2shows these simulated lawnmower traverses. The

smaller trajectory has no effect on theGPSerror ellipses, but it does reduce the final posi-

tion uncertainty for the odometry case. Despite that, the position uncertainty at the end of

the traverse is still greater than theGPScase.

3.1.1 Absolute Error vs. Relative Error

Section2.1 states that relative sensor positions and orientations areused for parameter

estimation. The important word here is relative as opposed to absolute. Imagine a situation

where every measurement in a pattern is shifted 1m north. The measurements would still

match anUXO model quite well, however the estimated location of theUXO would be

wrong, also shifted north by 1m. An odometry based system is ideally suited for getting

relative information for a small scale traverse.

Figure3.3 shows a single simulated traverse with aGPS and an odometry error. Both

the true location and the estimated location of the sensor are plotted. The estimated location

follows the desired lawnmower pattern exactly. A discrimination algorithm would assume

that each sensor measurement was taken exactly at the estimated location. Figure3.4stacks

200 simulated traverse on top of each other. The absolute positioning error is defined as
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the distance each true sensor location is from its predictedlocation along the lawnmower

pattern. These runs assume the sensor platform has perfect control and can go to any

destination with no error. Therefore, the error in the plotsare entirely due to sensor error.

Figure3.5shows a shifted and rotated lawnmower pattern that does a better job match-

ing with the true locations than the original estimated locations did. This indicates that the

relative positioning error is less than the absolute positioning error. The new trajectory is

labeled as an estimate in a local frame because Figure3.6 aligns 200 simulated traverses

through each respective local frame.

For theGPSsituation, there is little movement for the new trajectory.The position noise

from each measurement is uncorrelated and so the best fit is nearly identical as the predicted

trajectory. TheGPScase for both Figures3.4 and3.6 have similarly sized clusters of true

locations surrounding the estimated location. This indicates that the relative position error

is very similar to the absolute position error.

In the odometry situation, there is a shift in the new relative trajectory indicating the

relative error is reduced from the absolute error. The cluster of true locations for this

situation also shrinks from Figure3.4to Figure3.6. This results from the relative nature of

the odometry sensor and the trajectory. The trajectory impact will be discussed in the next

section.

Taking a closer look at the positioning errors, Figure3.7aplots the average error per

sensor measurement. The first ten sensor positions correspond with the bottom line of the

trajectory. ForGPS the absolute and relative error stays constant throughout the traverse

because the noise is assumed to be uncorrelated. For odometry, the absolute error increases

the further the sensor moves. The overall average absolute error is actually higher for the

odometry case when compared to theGPS case. However, the average relative error is

reduced below theGPSline with a large improvement at the center of the pattern. This also

happens to be where the sensor return is strongest because the sensor is close to the target.

Figure3.7bcompares the impact of various odometry errors in terms of percent traveled

vs. a 5cm GPS error [67]. The 5cm error corresponds with about a 7% distance traveled

odometry error. In papers by Olson and Matthies, odometry error rates were less than 5%

[60, 71]. This thesis will assume a 5% distance traveled error for anodometry system.
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Figure 3.3: Single simulated traverse

A single traverse is shown here. The black line shows the intended route of the
sensor while the circle markers show the true location of thevehicle.
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Figure 3.4: Multiple simulated traverses aligned to a worldframe

Two hundred traverses are displayed for each sensor type. The spread of the
true locations mimic the uncertainty ellipses shown in Figure 3.2.
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Figure 3.5: Relative trajectory

The same traverse from Figure3.3 is shown here. This time, a shifted and
rotated lawnmower pattern is fit to the true locations. Thereis little movement
in the new pattern for theGPS traverse. The odometry traverse shows more
movement in the new pattern indicating that the relative error is less than the
absolute error.
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Figure 3.6: Multiple simulated traverses aligned by relative trajectory

New shifted and rotated patterns are found for each of the simulated sensor runs
used in Figure3.4. The are stacked and aligned by the new trajectory. There is
a decrease in the spread of sensor positions for the odometrysetup, but not for
the GPS case. Note that the best relative odometry error measurements occur
at the center of the lawnmower pattern where the measurements are likely to be
the strongest.
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Figure 3.7:GPSvs. odometry comparison for small scale lawnmower trajectory

(a) The average relative and absolute error per sensor locationis shown for
both theGPS setup and the odometry setup.(b) The mean relative error over
an entire traverse is shown for a 5cm GPSerror and several levels of odometry
error. TheGPSerror compares with an odometry error of 7% over the distance
traveled.
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Figure 3.8: Alternative trajectories: Relative vs. absolute position error

This figure shows the average relative and absolute sensor position errors for
the two new traverses. The error in theGPScase is the same as the lawnmower
pattern shown in Figure3.7a. The relative odometry error for these trajectories
do not perform as well as the lawnmower pattern.

3.1.2 Alternate Trajectories

Two other trajectories were also studied. The first one places the sensors at the same lo-

cations as the lawnmower pattern, but uses a pattern that spirals inwards. The second one

rounds the edges of the box shape and makes the spiraling morecircular. These trajectory

change have minimal impact on theGPSsensor, but do affect the odometry error. Figures

3.9shows the stacked sensor positions aligned by the absolute trajectory and then the best

relative trajectory.

Figures3.8 plots the average absolute and relative position error per sensor measure-

ment for the alternate trajectories. TheGPS induced positioning error is the same between

all three trajectories because the error is independent of the trajectory taken. The odometry

errors do not show the same improvement as seen in the lawnmower patterns.

This is not an exhaustive search on all possible trajectories, but it does indicate that the

lawnmower pattern is a good choice. It has improved relativeposition accuracy because

it loops back and does not enclose other lines. An interesting direction for future work

would be to explore other trajectories that explicitly account for the relative accuracy of

each measurement.
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Figure 3.9: Alternate trajectories

Two additional trajectories were explored along with the lawnmower pattern.
The rectangular spiral starts on the bottom left hand side ofthe plot and then
traverses in a counter-clockwise direction as it spirals inwards. The circular
spiral starts on the left hand side of the plot and then spirals inwards in the
counter-clockwise direction. The top row have simulationsthat are stacked by
the world fixed coordinate frame. The bottom row have simulations that are
stacked by a local coordinate frame fixed to the best fit relative trajectory.
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3.2 Simulations

3.2.1 UXO Discrimination

Several hundred runs were simulated to show how relative sensor positioning affects dis-

crimination. In each run, there is a single target in the ground that was taken from the target

library developed in Section2.2.2. The vehicle does a focused search with an orientation

fixed sensor performing a 2m× 2m lawnmower pattern above the estimatedUXO location.

Measurement noise amounting to 5% of the signal value with a minimum noise setting is

included in each sensor reading [75]. The noise in sensor position is the aforementioned

5% distance traveled error for odometry and 5cm error for GPS. The target’s location and

orientation is randomly changed for each run so the algorithm does not know the object’s

true location, orientation, or type.

The goodness of fit histograms in Figure3.10summarize the results from the simula-

tions. For each run, a goodness of fit was calculated assumingthe target was each of the

objects in the target library. The histogram’s bins are based on those goodness of fit values.

Figure3.10cshows 200 simulated runs where the object buried is actuallyanUXO and the

positioning system isGPS. In ideal circumstances, theUXO fit would have a minimal good-

ness of fit value and the fits from the rod and plate would have a large goodness of fit value.

This plot indicates the sensor data fits theUXO model better than the rod and plate model.

Figure3.10dperforms the same set of simulations, but with an odometry based positioning

system. TheUXO model’s fit for the odometry scenario is better than theGPSscenario. The

rod model’s fit also improves significantly. Because the rod and UXO are very similarly

shaped, the algorithm has a difficult time differentiating between the two. The plate fit is

improved also, but is noticeably weaker than the other two objects. This trend highlights

the improvement when using odometry as opposed toGPS. The reduction in relative sensor

positioning error has had a significant impact on how well thesensor models are fitted to

the data. The same trends are seen in the first row where the object is a rod and in the last

row where the object is a plate.

A receiver operating curve,ROC, shows how these histograms affect discrimination. A

UXO technician can look at a data set and dig up anything that has agoodness of fit for

an UXO model less than 5. Keep in mind that the actual buried object is unknown, so the
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Figure 3.10: Goodness of fit histograms

Each figure represents 200 simulated runs with sensor noise and position noise.
Each row consolidates runs where the buried objects are identical. The left
column shows runs usingGPS to determine position and the right column uses
odometry. The plots indicate aGPSerror increases the model fit error more than
the odometry error.
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Figure 3.11: Receiver operating curve

The x-axis shows the percentage of non-UXO targets declared asUXO. The y-
axis shows the percentage ofUXO targets declared asUXO. The desired move-
ment of the line is to push it into the top left hand corner. This represents digging
everyUXO item up and leaving every non-UXO object in the ground.

technician may ignore the other fits and just consider theUXO fit. These simulations for

each positioning sensor type has 200UXOs, 200 rods, and 200 plates. If theGPS data set

is used, 60UXOs will be uncovered, true positives, along with 22 rods and 17plates, false

positives. With odometry, 190UXOs will be uncovered along with 129 rods and 56 plates.

By changing the fit threshold, the false positive rate and true positive rate also changes

forming aROC that is plotted in Figure3.11. The missed detection rate can also be seen in

the figure because it is the difference between one and the true positive rate.
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3.2.2 Perfect Knowledge: Sensor vs. UXO Position

In the previous simulations, the trade space was which positioning sensor should be used.

This section looks at which uncertainties affect the discrimination the most: uncertainty in

the target position or uncertainty in the sensor locations.

Figures3.12aand3.12bare goodness of fit histograms of 200 runs with a buriedUXO.

One assumes perfect knowledge in target position and the other assumes perfect knowledge

in the sensor position. In both cases, there is a clear improvement on differentiating the

plate from the other two axially symmetric objects. Figure3.12cplots aROC generated

with a combination of the above two data set and other runs where the object buried is a

plate and a rod.

With perfect sensor positioning knowledge, the true targetlocation and orientation is

normally distributed around the initial prediction. The overall UXO goodness of fit im-

proves because there is less error on estimates of distance between the sensor and target

thereby reducing overall measurement noise.

In the situation with perfect knowledge about the target’s location, the orientation is

still assumed to be unknown.GPS is used for positioning so the world frame is used for

both target and sensor position. This also produces a good divergence between theUXO fit

and the other model fits.

This analysis reinforces two lines of research that can improve UXO discrimination.

The first is improving the relative accuracy in the sensor positioning system over the search

region. The second is improving the knowledge of the target’s location. A potential strategy

is to incorporateMAGs andGPRs to accomplish this [85, 107, 108].
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Figure 3.12: Comparison between knowing the location of thesensor vs. the target

The top row,(a) and (b), shows histograms of 200 runs with a buriedUXO.
When the sensor locations are known perfectly, the target location is normally
distributed around the initial estimate. In the second situation where the target
location is known perfectly, the sensor position is normally distributed around
its goal location. In both cases, the additional knowledge assists in discrimina-
tion, but it affects the goodness of fit in different ways.(c) ThisROC incorporates
theUXO histograms with similar runs over buried plates and rods.



Chapter 4

Adaptive Sensing

PREVIOUSLY, a sensor equipped vehicle was moved in a predetermined trajectory over

a suspected target. Adaptive sensing improves discrimination by using the most re-

cent measurements to optimize the trajectory. This chaptershows why the determinant

of the predicted uncertainty is used to quantify the effectiveness of a trajectory, why the

eigenvector form of the sigma-point Kalman filter, eSPKF , is ideally suited to estimate that

uncertainty, and how to optimize a trajectory.

Figure4.1 shows two high level block diagrams on how the algorithm adapts a tra-

jectory to maximize the information gathered about a suspected target. Adaptive sensing

has three main steps. Given some initial estimate of the unexploded ordnance’s,UXO’s,

state and uncertainty,xUXO andΣxUXO, the trajectory generation block outputs a trajectory

that attempts to maximize the information gathered. The sensor is moved and reoriented to

achieve the desired state and then a measurement is taken. The estimator block takes both

the measurement and the sensor state and updates the estimate of the target’s parameters

and uncertainty.

The trajectory generation block has been expanded in the same figure. A predicted sen-

sor measurement,z′, is calculated from the sensor model using the current target estimate

and a given trajectory,ΘM . An estimator then updates the estimates based on the predicted

measurement. This is a recursive process that repeats untilthe entire trajectory has been

completed. A cost function converts the estimate uncertainty into a scalar cost value,J .

Finally, a minimization algorithm is run to find a trajectorythat minimizes the cost.

52
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SENSOR

TRAJECTORY GEN.

ESTIMATOR

SENSOR

MODEL
ESTIMATOR

COST

FUNCTION

Figure 4.1: Adaptive sensing block diagram

The bottom block diagram represents the adaptive sensing algorithm. It ad-
justs the trajectory to maximize the amount of information gathered by the sen-
sor. The top block diagram depicts the inner blocks of the trajectory generation
block.
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Figure 4.2: Range sensor contour

This shows two 2D range sensor contours. The blue circle represents target
locations where the sensor, centered within the contour, would return the same
measurement.

The rest of this chapter goes into depth about each of the blocks in the adaptive sensing

framework and how they interact. A simple range sensor is used throughout this chapter

to give insight into the algorithm. Chapter5 will show how adaptive sensing can use

electromagnetic induction,EMI, for UXO discrimination and how it is modified to include

a target library.

4.1 Sensor Model: Range Sensor

A 2D range sensor was chosen as a simple sensor model that could beused to test the algo-

rithm. The vectors�r ∈ ℜ2×1 andxUXO ∈ ℜ2×1 represent the 2D Cartesian coordinates of

the range sensor and the target respectively. Figure4.2shows two range sensors detecting

a target. The blue circle that surrounds each sensor shows a contour where a target along

that line would cause that sensor to have the same measurement, z.

z =∥ xUXO − �r ∥2 (4.1)
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4.2 Cost Function: Information Metrics

There are many metrics that can capture the amount of information that is known about a

target. The state vectorx represents then parameters of interest that describe the target. A

posterior probability distribution,P (x), is placed around that state vector quantifying the

potential possibilities. If the distribution is Gaussian,many of these metrics will be directly

related. The following sections will mathematically describe these metrics, consider their

utility, and examine the Gaussian assumption.

4.2.1 Covariance Matrix

The covariance matrix,Σx, is the most common measure of the spread of a probability

distribution. It is by definition positive semidefinite and symmetric. The diagonals of

the matrix are variances for each of the state’s parameters while the off diagonal terms

are covariances between one parameter and another. Theith parameter in the vector is

represented byx[i]. The matrix is diagonal if all the parameters are independent of each

other and the elements are small if the uncertainty in the corresponding states are small.

Σx = E [x− x̄]2 (4.2)

=

⎡
⎢⎢⎣

E [x[1]− x̄[1]]2 . . . E [x[1]− x̄[1]]E [x[n]− x̄[n]]
...

. . .
...

E [x[n]− x̄[n]]E [x[1]− x̄[1]] . . . E [x[n]− x̄[n]]2

⎤
⎥⎥⎦(4.3)

If the distribution is Gaussian, then the entire estimate can be described by its mean,x̄,

and covariance,Σx [28, 98].

x ∼ N(x̄,Σx) (4.4)

4.2.2 Fisher’s Information Matrix

Fisher’s information matrix,IFx , is defined in Equation4.5. It quantifies the sensitivity of a

continuous distribution to changes in the state. As the sensitivity increases, the information

matrix will become larger representing the fact that the parameters should be easier to
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estimate. If the probability distribution is fairly flat, then the second derivatives would be

close to zero signifying little information can be gained.

IFx =
d2

dx2
log(P (x)) (4.5)

Fisher’s information matrix reduces to the inverse of the covariance matrix ifx has a

normal distribution [28, 35].

IFx = Σ−1
x (4.6)

4.2.3 Shannon’s Information

Shannon’s information,ISx , is also known as entropic information. It relates to the dif-

ferential entropy,Hx, of a system by Equation4.8. Differential entropy is a scalar value

representing the average uncertainty. Shannon’s information is maximized in the discrete

case for a compact distribution such as a Dirac delta distribution. In this case,Hx is 0. For

all other discrete distributions,Hx is positive and Shannon’s information is negative. Those

constraints are not held for continuous distributions.

Hx = −E[logP (x)]

= −
∫ ∞

−∞

P (x) logP (x)dx (4.7)

ISx = −Hx (4.8)

Again, is has been shown that Shannon’s information is related to∣Σx∣ if the underlying

distribution is normal. This determinant is proportional to the area of a 2D uncertainty

ellipse or to the volume of a 3D uncertainty ellipsoid [23, 35].

ISx = −1

2
log [(2�e)n∣Σx∣] (4.9)
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4.2.4 Mutual Information

Mutual information,IMx,z, represents the average reduction of uncertainty in the target state,

x, due to a potential sensor measurementz. If the random variables are independent, thelog

term in Equation4.11will go to zero as no information is gained with these measurements.

H̄x∣z = −E[logP (x)]

= −
∫ ∞

−∞

∫ ∞

−∞

P (x, z) logP (x∣z)dxdz (4.10)

IMx,z = −E

[
log

P (x, z)

P (x)P (z)

]

= −
∫ ∞

−∞

∫ ∞

−∞

P (x, z) log
P (x, z)

P (x)P (z)
dxdz

= Hx − H̄x∣z (4.11)

Mutual information can also be related to relative entropy or Kullback Leibler distance,

D(), which measures the distance between two probability densities.

D(f ∥ g) =

∫
f log

f

g
(4.12)

IMx,z = D(P (x, z) ∥ P (x)P (z))

Given linear functions and a Gaussian distribution, Logothetis determined that mutual

information between a state and a set of measurements is a relationship between prior

uncertainty,̃Σx, and the posterior uncertainty,Σx∣Z given the entire measurement sequence.

[23, 28, 37, 56].

IMx,z = −1

2
log

∣Σ̃x∣
∣Σx∣Z∣

(4.13)

4.2.5 Summary

All of these information metrics require a posterior distribution to be calculated given pre-

vious measurements. The estimators presented in the next section are specifically devoted
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to that task. Frew makes an argument that the covariance matrix should be used to represent

information because that is what estimators typically propagate. The covariance matrix will

therefore include the nonlinear effects of whichever estimator is chosen [28]. As a bit of

foreshadowing, the best estimator for the adaptive sensingconstraints of this thesis is a

nonlinear form of the Kalman filter. The estimator works bestwith Gaussian distributions

and propagatesΣx. Recall that given the Gaussian assumption, Fisher’s, Shannon’s and

mutual information are all tied directly to the same uncertainty matrix and therefore∣Σx∣
will be used to measure information.

Kullback Leibler distance is an interesting way of measuring the separation of distribu-

tions. It could be used to find the measurements that would distinguish one hypothesis over

another hypothesis. However, this requires a good understanding of the probability func-

tion for each hypothesis and is conditioned on the two hypotheses covering all possibilities.

∣Σx∣ avoids that by only considering the parameters of the target.

4.3 Estimator: Parameter Estimation

The adaptive sensing framework uses a recursive Bayesian estimator to incorporate new

measurements into the current estimate of the target parameters and its uncertainty. Be-

cause the target parameters are static, this estimation procedure is known as parameter

estimation [100]. The following section discusses the parameter estimation version of the

particle filter and various forms of the Kalman filter.

Parameter estimation is used to estimate the statex given a set ofz measurements. The

state,xt, represents the estimate of the target’s parameters at timet. The sensor states

are defined by�t and can include the sensor’s location and orientation. The state update

function,g(), for parameter estimation is an identity function, Equation 4.15, affected by

noise"t. The noise in the state update function should be zero because the state is not

changing, however in some of the estimators the value must benon-zero to allow the state

estimate to change. The measurement function,ℎ(), is also corrupted by some noise�t.
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(b) Particle filter
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(c) Extended Kalman filter
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(d) Sigma-Point Kalman filter
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(e) Eigenvector sigma-point Kalman filter

Figure 4.3: Comparison of estimators with a range sensor

(a) The blue line is the sensor contour for a range sensor. The target estimate is
the yellow rectangle with a magenta uncertainty ellipse. The estimated location
of the target is correct for this comparison.(b)-(e) show the posterior estimate
and uncertainty of the target in red after a perfect sensor measurement is taken.
The triangles are where the sigma-points are located in the sigma-point filters.
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xt = g(xt−1, ut) + "t (4.14)

= xt−1 + "t (4.15)

zt = ℎ(xt, �t) + �t (4.16)

Figure4.3compares the different estimators using a range sensor in anartificial situa-

tion. The blue line shows possible target locations where a sensor located at the black circle

will return the same signal. The prior estimate is correct inthat the mean is directly located

on the actual location of the target shown as the yellow rectangle. The prior uncertainty is

shown for each estimator in magenta. A measurement is taken for each estimator with no

noise and the red posterior estimate is plotted. The posterior estimate is still large because

the estimator is still incorporating the possibility of noise into its estimates.

4.3.1 Particle Filter

The particle filter,PF, is a Monte Carlo based estimator that can handle nonlinear func-

tions along with non-Gaussian and multi-modal distributions. In Figure4.3b, the initial

uncertainty is represented by a magenta cloud of particles that are randomly distributed

according to the prior distribution. After the measurementis taken, the particles are resam-

pled to represent the posterior distribution which is roughly a subset of the initial particles

that are closest to the sensor contour because they are the most likely to be correct.

The full PFalgorithm is presented in detail in many sources such as [98] and [100]. This

estimator uses a nonzero value for the noise in the state function to allow the state estimates

to move around searching for the solution. ThePF is compared in Section4.4.1with other

estimators to generate an information metric. ThePF is used as the most accurate estimator

because it does not suffer from the Gaussian assumption. However, the section will also

show the scaling issues that make thePF a poor choice for this research.
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Table 4.1: Extended Kalman filter

Standard Parameter estimation
x̄t = g(xt−1) x̄t = xt−1

Σ̄xt
= GtΣxt−1

GT
t + Σ" Σ̄xt

= Σxt−1

Kt = Σ̄xt
HT

t (HtΣ̄xt
HT

t + Σ�)
−1 Kt = Σ̄xt

HT
t (HtΣ̄xt

HT
t + Σ�)

−1

xt = x̄t +Kt(zt − ℎ(x̄t)) xt = x̄t +Kt(zt − ℎ(x̄t))
Σxt

= (I −KtHt)Σ̄xt
Σxt

= (I −KtHt)Σ̄xt

Table 4.2: Extended information filter

Standard Parameter estimation
xt−1 = Ω−1

xt−1
�t−1 xt−1 = Ω−1

xt−1
�t−1

Ω̄xt
= (GtΩ

−1
xt−1

GT
t + Σ")

−1 Ω̄xt
= Ωxt−1

�̄t = Ω̄xt
g(xt−1) �̄t = Ω̄xt

xt−1

x̄t = g(xt−1) x̄t = xt−1

Ωxt
= Ω̄xt

+HT
t Σ

−1
� Ht Ωxt

= Ω̄xt
+HT

t Σ
−1
� Ht

�t = �̄t +HT
t Σ

−1
� (zt − ℎ(x̄t, �t) +Htx̄t) �t = �̄t +HT

t Σ
−1
� (zt − ℎ(x̄t, �t) +Htx̄t)

4.3.2 Extended Kalman Filter & Extended Information Filter

The extended Kalman filter,EKF, and the extended information filter,EIF, are nonlinear

variations of the Kalman filter which is an optimal filter for linear Gaussian systems. While

the Kalman filter itself does not require Gaussian distributions, it is sub optimal when those

conditions are not met because it only propagates the first and second order moments of the

distribution. TheEKF andEIF use a first order Taylor series to linearize the functions around

the target estimate. The blue vertical line in Figure4.3cshows the linearized version of the

sensor function. The posterior estimate remains Gaussian and the mean does not change.

Comparing it with thePF the ellipse captures most of the actual distribution, but itleaves

out the top and bottom section of the distribution that follows the sensor contour.

Both algorithms are presented in Tables4.1and4.2. The linearization is done with two

Jacobian matrices,Gt andHt. TheEIF stores the estimate in an information vector,�t, and

an information matrix,Ωxt
[98, 100].

Ωxt
= Σ−1

xt
(4.17)
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�t = Ωxt
xt (4.18)

Gt =
∂g(x)

∂x
∣x=xt

(4.19)

Ht =
∂ℎ(x, �t)

∂x
∣x=xt

(4.20)

TheEKF and theEIF update the estimates in different manners, but the results are math-

ematically equivalent. TheEIF is computationally favorable when the estimator is incorpo-

rating new information without immediately calculating anestimate. TheEKF has to run

through the entire algorithm to updateΣxt
. TheEIF updates the uncertainty using Equation

4.21without worrying about updating the state. This simplification is what researchers take

advantage of for decentralized estimation and sensor fusion.

Ωxt
= Ωxt−1

+HT
t Σ

−1
� Ht (4.21)

There are two subtleties to notice from these algorithms. First, if the measurement

taken matches with the predicted measurement, then the estimate mean does not change.

This can be seen in line 4 of theEKF algorithm. It can also be seen in Figure4.4awhere

the posterior mean is at the same location as the prior. The second thing to notice is that the

update in the posterior uncertainty is independent of the prior uncertainty. Equation4.21

shows the amount of change in the information matrix is entirely due to the sensor function

and independent of the prior information matrix.

4.3.3 Sigma-Point Kalman Filter & Sigma-Point Information Filter

The sigma-point Kalman filter,SPKF, is a more recent nonlinear variation of the Kalman

filter [41]. Instead of linearizing the functions,SPKFmodels the estimate as a set of2n+1

specially chosen points. These points cover the same parameter space as the target estimate,

but are spaced in such a way that they capture the uncertaintydistribution. Figure4.3d

shows the sigma-points for the prior distribution as a set oftriangles. These sigma-points

are run through the estimator with the new measurement to come up with a second set of

sigma-points that represent the posterior distribution. This new uncertainty ellipse captures

more of the top and bottom sections of thePF distribution.
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Table 4.3: Sigma-Point Kalman filter

Variables
� = �2(n+ �)− n


 =
√
n + �

w0
m = �

n+�

w0
c =

�
n+�

+ 1− �2 + �

wi
m = wi

c =
1

2(n+�)
for i = 1, . . . , 2n

Standard Parameter estimation
Xt−1 = xt−1 + . . . Xt−1 = xt−1 + . . .[

0 

√
Σxt−1

−

√

Σxt−1

] [
0 


√
Σxt−1

−

√

Σxt−1

]

X̄∗
t = g(Xt−1)

x̄t =
∑2n

i=0w
i
mX̄

∗i
t x̄t = xt−1

Σ̄xt
=

∑2n
i=0w

i
c(X̄

∗i
t − x̄t)(X̄

∗i
t − x̄t)

T + Σ" Σ̄xt
= Σxt−1

X̄t = x̄t +
[
0 


√
Σ̄xt

−

√

Σ̄xt

]
X̄t = Xt−1

Z̄t = ℎ(X̄t, �t)

ẑt =
∑2n

i=0w
i
mZ̄

i
t

Σ̄zt =
∑2n

i=0w
i
c(Z̄

i
t − ẑt)(Z̄

i
t − ẑt)

T + Σ�

Σ̄xt,zt =
∑2n

i=0w
i
c(X̄

i
t − x̄t)(Z̄

i
t − ẑt)

T

Kt = Σ̄xt,ztΣ̄
−1
zt

xt = x̄t +Kt(zt − ẑt)
Σxt

= Σ̄xt
−KtΣ̄ztK

T
t

The SPKF enjoys some distinct advantages over theEIF and theEKF. Empirical ev-

idence has shown that theSPKF handles nonlinear equations better and is less likely to

diverge when compared toEKF [40, 53]. Perea et al. observed theSPKF handles large un-

certainties better than theEKF [76]. One reason is theSPKF is accurate to the second order

of the Taylor series.SPKFalso takes into account initial uncertainty when propagating both

the mean and covariance. From an implementation perspective, SPKF offers a significant

advantage in that no Jacobian is ever calculated because thesigma-points are propagated

directly through the state and measurement functions [100].

The standardSPKF algorithm and its parameter estimation version are writtenout in

Table4.3. The first part of the table details out some of theSPKF specific variables. The

second portion describes the prediction step of the standard version and the parameter esti-

mation version of theSPKF. The third section contains the equations for the measurement
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Table 4.4: Sigma-Point information filter

Standard Parameter estimation
Xt−1 = xt−1 + . . . Xt−1 = xt−1 + . . .[

0 

√
Σxt−1

−

√

Σxt−1

] [
0 


√
Σxt−1

−

√

Σxt−1

]

X̄∗
t = g(Xt−1)

x̄t =
∑2n

i=0w
i
mX̄

∗i
t x̄t = xt−1

Σ̄xt
=

∑2n
i=0w

i
c(X̄

∗i
t − x̄t)(X̄

∗i
t − x̄t)

T + Σ" Σ̄xt
= Σxt−1

X̄t = x̄t +
[
0 


√
Σ̄xt

−

√

Σ̄xt

]
X̄t = Xt−1

Ω̄xt
= Σ̄−1

xt

�̄t = Ω̄xt
x̄t

Z̄t = ℎ(X̄t, �t)

ẑt =
∑2n

i=0w
i
mZ̄

i
t

Σ̄zt =
∑2n

i=0w
i
c(Z̄

i
t − ẑt)(Z̄

i
t − ẑt)

T + Σ�

Σ̄xt,zt =
∑2n

i=0w
i
c(X̄

i
t − x̄t)(Z̄

i
t − ẑt)

T

Lt = Ω̄T
xt
Σ̄xt,zt(Σ̄zt − Σ̄T

xt,zt
Ω̄T

xt
Σ̄xt,zt)

−1

Ωxt
= Ω̄xt

+ LtΣ̄
T
xt,zt

Ω̄xt

�t = �̄t + Lt(zt − ẑt + Σ̄T
xt,zt

Ω̄xt
x̄t)

update section of the filter which is the same for both uses of theSPKF [98].

Vercauteren and Wang develop the information form of this filter shown in Table4.4

[97, 102]. Unlike the EIF , there is not a significant computational savings by using this

form because each uncertainty update requires the entire algorithm to be run.

There is also a square root form of the sigma-point Kalman filter written in Table4.5

that is both computationally cheaper and numerically stable. This is the version of the

SPKF implemented in this thesis withg() as an identity function andΣ" = 0 when used

for parameter estimation. Merwe and Wan also have a parameter estimation version of this

algorithm that is computationally simpler [101].

Figure4.4enlarges the posterior estimate from theEKF andSPKFcomparisons in Figure

4.3. The EKF mean does not change from its original estimate because the measurement

is exactly what the filter expects. TheSPKF mean moves slightly off from the original

estimate despite the correct initial estimate and a perfectmeasurement. From a high level

perspective, the filter is trying to capture the tails of the distribution that curves along with

the sensor contour. By shifting the mean, the uncertainty ellipse is able to capture more of
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Figure 4.4: Zooming in on posterior estimate

This figure takes a closer look at the posterior distributions in Figures4.3cand
4.3d. TheEKF’s posterior estimate does not move from its original location, but
theSPKF’s estimate does. This is caused by theSPKFalgorithm trying to follow
the leftwards curve of the sensor contour.



CHAPTER 4. ADAPTIVE SENSING 66

Table 4.5: Square root sigma-point Kalman filter [101]

Sxt−1
= chol(Σxt−1

)
Xt−1 = xt−1 +

[
0 
Sxt−1

−
Sxt−1

]

X̄∗
t = g(Xt−1)

x̄t =
∑2n

i=0w
i
mX̄

∗i
t

S̄xt
= qr

([ √
w1

c(X̄
∗
t,1:2n − x̄t)

√
Σ"

])

S̄xt
= cholupdate

(
S̄xt

, X̄∗
t,0 − x̄t, w0

c

)

X̄t = x̄t +
[
0 
S̄xt

−
S̄xt

]

Z̄t = ℎ(X̄t, �t)

ẑt =
∑2n

i=0w
i
mZ̄

i
t

S̄zt = qr
([ √

w1
c (Z̄t,1:2n − ẑt)

√
Σ�

])

S̄zt = cholupdate
(
S̄zt, Z̄t,0 − ẑt, w0

c

)

Σ̄xt,zt =
∑2n

i=0w
i
c(X̄

i
t − x̄t)(Z̄

i
t − ẑt)

T

Kt = (Σ̄xt,zt/S̄
T
zt
)/S̄zt

xt = x̄t +Kt(zt − ẑt)
U = KtS̄zt

Sxt
= cholupdate

(
S̄xt

, U, −1
)

those possibilities. Examining the filter will reveal the cause of this.

xt = x̄t + Σxt,ztΣ
−1
xt
(zt − ẑ) (4.22)

Equation4.22updates state uncertainty for theSPKF and is reproduced from Table4.3.

If it is given the correct initial state, then Equation4.23needs to be true forxt to not change.

Keep in mind that̂z is not just the predicted sensor measurement of the mean estimate, but

a combination of the predicted measurements from each sigma-point. This can also be seen

in the calculation of̂z in Table4.3and rewritten in Equation4.25. The matrix,Σ−1
zt

, must

be positive definite because,Σzt must be positive semi-definite and invertible. One option

for the mean to not change is forΣxt,zt to be equal to a zero matrix. A second option would

be forz = ẑ.

Σxt,ztΣ
−1
xt
(zt − ẑ) = [0, ..., 0]T (4.23)

Σ̄xt,zt =
2n∑

i=0

wi
c(X̄

i
t − x̄t)(Z̄

i
t − ẑt)

T (4.24)
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Figure 4.5: Relationships that eliminateSPKF bias

This plot show some simple relationships between sample 1D nonlinear sensor
models which will not lead to a biasedSPKFestimate. The axes are thex andz
variables shifted so that the plots are centered at the origin.

ẑt =

2n∑

i=0

wi
m(ℎ(X̄

i
t , �t)) (4.25)

Figure4.5 shows examples of symmetry betweenx andz that can occur which will

eliminate bias. Using Equation4.24, if the measurement function is symmetric like rela-

tionship A from Figure4.5, thenΣ̄xt,zt will be a zero matrix. Using Equation4.25, if the

measurement function is antisymmetric like relationship B, thenzt = ẑt.

kx = x− x̂ (4.26)

kz = ℎ(x, �)− ℎ(x̂, �) (4.27)

= ℎ(x, �)− ẑ (4.28)

4.3.4 Square Root Eigenvector Sigma-Point Kalman Filter

Julier and Ulhman’s original paper on sigma-point filters states that any matrix square root

can be used to calculate the2n + 1 sigma-points with the following equation from Table

4.3[41].
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Figure 4.6: Various matrix square roots to calculate sigma-points

This plots several sets of sigma-points that describe an uncertainty ellipse. Each
set is calculated with a different type of matrix square root. Only the eigenvector
square root rotates with the ellipse.

X = x+
[
0 


√
Σx −


√
Σx

]
(4.29)

The square root filter in the previous section uses the Cholesky decomposition to cal-

culate the sigma-points. Any symmetric positive definite matrix can be broken down into a

lower triangular real matrix,L, and its conjugate transpose. Note that theMATLAB chol

function actually produces the upper triangular matrix unless specified.

Σx = LL∗ (4.30)

Another option is the principal square root which returns two identical roots. This is

also theMATLAB sqrtm function.

Σx = SS (4.31)

Figure4.6shows these sigma-points plotted on two uncertainty ellipses that are rotated

relative to each other. The sigma-points from the Cholesky decomposition and the principal

square root do not stay fixed to the ellipse. The effect this has on adaptive sensing is
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discussed in Section4.4.3.

There are three ways to mask the rotational effect of sigma-points. The first method

is to rotate the entire coordinate frame of the system so thatwhen the sigma-points are

calculated, the axes are aligned with the major and minor axis of the ellipse. After they

are calculated, rotate everything back into the world frame. This is a difficult strategy

especially as the number of states increase. Another technique is to force the sigma-points

to be close to the state estimate by reducing� or � in Table4.3. This method forces the

SPKF to capture less of the nonlinearities in the measurement function, but improves its

rotational consistency.

The last technique is something originally mentioned by Julier and Ulhman. Fix the

sigma-points to the eigenvectors [41]. A singular value decomposition is done on the result

of the Cholesky decomposition to get the eigenvectors. The square root form can also be

used for this adaptation of theSPKF, and it will be referred to as the eigenvector sigma-point

Kalman filter, eSPKF.

L = UΣsV
T (4.32)

Σx = UΣLV
TV ΣT

LU
T (4.33)

= UΣLΣ
T
LU

T (4.34)

= L′L′T (4.35)

L′ = UΣL (4.36)

4.4 Cost Maps

The estimators are now used to calculate a cost for where to place a range sensor in a 2D

scenario. Higher cost means less information is obtained from that location. In Figures

4.7and4.8, the magenta ellipse is the initial uncertainty ellipse about the original estimate

centered at the origin. The contour plots are the cost of placing a sensor at that location.

The following sections explain why the eSPKF is preferred when propagating estimates to

determine a cost.
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Figure 4.7: Estimator cost maps with reduced priors

These cost maps are generated to determine where to place a range sensor to
maximize information. The initial estimate is centered at the origin and the
magenta ellipse shows the prior uncertainty.



CHAPTER 4. ADAPTIVE SENSING 71

4.4.1 Particle Filter Cost Map

ThePFapproach calculates mutual information with the techniquedeveloped by Hoffmann,

[37]. Figures4.7aand4.7bplot the negative of the mutual information so that information

is maximized when cost is minimized. For the first figure, the map suggests placing the

sensor far away from the center. If the sensor is right next tothe target, then the sensor

signal might get washed out in the noise because the signal isweak. Remember, in this

artificial situation, the signal is simply a distance value so the closer the sensor is to the

target the weaker the signal. Moreover, the real sensor usedin the next chapter returns

a stronger value as it nears the target. The map also says thatthere is a preference to be

somewhere along the vertical axis. The initial ellipse is longer along the vertical axis, so

the sensor needs to be placed on that axis to reduce that uncertainty the quickest. Imagine a

sensor placed on the vertical axis, the circular sensor contour would cross the target with its

tangent along the horizontal axis. That reading will provide information along the vertical

axis, and less information along the horizontal.

The initial uncertainty is reduced to nearly circular in Figure4.7b. This causes the cost

map to change shape. The preference to move the sensor further away from the center is

still present. The contour is shifted a little bit, and this is due to randomness inherent to the

particle filter.

The weakness in this approach is the computational complexity. An inherent problem

with the PF is that the larger number of states that are being estimated,the more particles

are needed to accurately capture the distribution. One hundred cost calculations took a

Pentium 4 1.8 GHz computer 30.8 seconds for 500 particles and58.3 seconds for 1000

particles.

4.4.2 Extended Information Filter Cost Map

TheEIF andEKF costs use∣Σx∣ as the information metric which was explained in Section

4.2.5. They produce identical results so only theEIF plots are presented here in Figures4.7c

and4.7d. The trend of putting the sensor on the vertical axis agrees with thePF approach.

However, theEIF form does not care how far the sensor is from the target. Recall Equation

4.21, the only dependence of updating state uncertainty is on theexpected noise levels,
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Σ�, and the Jacobian of the measurement function,H. There is no dependence on the

signal-to-noise ratio.

The initial uncertainty is reduced to nearly circular againin Figure4.7d. The recom-

mendation of this approach does not change. It still says to place the sensor on the vertical

axis, and ignores everything else. The estimator is showingthat it ignores any uncertainty

in the state when it determines how much the new measurement will affect uncertainty, the

second portion of Equation4.21.

While the linearization affects that cause the issues aboveweaken the estimator’s ability

to capture information, it does allow an analytical solution to be found to calculate cost

for T number of sensor readings. As shown in Table4.2, the update for uncertainty is

Equation4.21. The state is not updated because the predicted sensor measurement uses the

same sensor model and there will be no innovation in the update step. The measurement

function’s Jacobian,Ht, can be shown to be dependent only on the sensor’s orientation,�t,

relative to the target fixed coordinate frame and independent of distance.

HT
t =

Θr
t − xr

t

∥ Θr
t − xr

t ∥2
(4.37)

=

[
cos �t

sin�t

]
(4.38)

The information matrix,Ωx0
, is constant because it represents the prior knowledge

about the target and does not change with regards to each trajectory being considered.

The noise,Σ�, is assumed to be equal and uncorrelated. Equation4.45represents an equiv-

alent cost metric that when minimized will also minimize theoriginal cost metric. For an

analytical trajectory solution, the best and worst case scenario exist when Equation4.46is

true.
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argmin
ΘT

Jt = argmin
ΘT

−
∣∣∣∣∣(Ωx0

+
∑

t=1..T

HT
t Σ

−1
�t
Ht)

∣∣∣∣∣ (4.39)

= argmin
ΘT

−
∣∣∣∣∣
∑

t=1..T

HT
t Σ

−1
�t
Ht

∣∣∣∣∣ (4.40)

= argmin
ΘT

−
∣∣∣∣∣
∑

t=1..T

HT
t Ht

∣∣∣∣∣ (4.41)

= argmin
ΘT

−
∣∣∣∣∣

[ ∑
t=0..T cos2 �t

∑
t=0..T (cos�t sin�t)∑

t=0..T (cos�t sin�t)
∑

t=0..T sin2 �t

]∣∣∣∣∣(4.42)

= argmin
ΘT

J ′
T (4.43)

J ′
T = −

∣∣∣∣∣

[ ∑
t=0..T cos2 �t

∑
t=0..T (cos �t sin�t)∑

t=0..T (cos�t sin�t)
∑

t=0..T sin2 �t

]∣∣∣∣∣ (4.44)

J ′
T =

T∑

t=0

T∑

�=0,� ∕=t

− sin2(�� − �t) (4.45)

[
0 .. 0

]
= ∇�J

′
T (4.46)

4.4.3 Regular and Eigenvector Sigma-Point Kalman Filter Cost Map

In this subsection, theSPKFand the eSPKFbased cost metrics are applied to the range sensor

case. Figures4.7eand4.7f show the eSPKF cost maps which are identical to theSPKF cost

maps when the ellipses major and minor axes are aligned with the coordinate frame’s axes.

Both cost maps mimic the correspondingPF cost maps in terms of the preference of putting

the sensor far from the target and to place it along the vertical axis. There are cusps in the

eSPKF implementation that are due to using sigma-points to linearize the process. In the

reduced uncertainty case, the cost map strongly encouragesthe sensor to be placed away

from the target but it does not care about where in orientation. This shows the algorithm

accounting for initial uncertainty unlike theEIF approach. The drawback with thePF was

the computation time. For the same computer system, 100 costcalculations with the eSPKF
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Figure 4.8: Estimator cost maps with rotated uncertainty ellipses

These cost maps are very similar to the ones displaced in Figure 4.7. They are
showing the affect on the estimators caused by a rotated initial uncertainty. The
sigma-points are plotted for the figures that use sigma-points.
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estimator took 0.75 seconds compared to thePF30.8 seconds with 500 particles. The eSPKF

estimator manages to account for signal-to-noise issues, geometry, and initial uncertainty

without the cost calculation penalty. It however, does suffer the effect from doing some

linearization as seen by the cusps.

Figure4.8looks at what happens when the initial uncertainty is rotated. The expectation

is the cost map will rotate with the initial uncertainty because the sensor measurement is

only influenced by the distance to the target. ThePF plot shows the cost map rotating with

the uncertainty ellipse. TheSPKF cost map does not rotate with the uncertainty ellipse.

It actually changes shape. This means the cost is now dependent on something unrelated

to the sensor model. By making the estimator rotationally invariant, that dependence will

be eliminated and adaptive sensing can more accurately compare costs from two different

sensor locations. The eSPKF cost map exhibits this trait due to its sigma-points moving

accordingly.

Aside from geometry and signal-to-noise ratio, the eSPKF cost metric also has a pref-

erence for areas that are more linear, or follow relationship B in Figure4.5, because in

those areas the filter can be more aggressive in reducing uncertainty. One of the inherent

advantages of theSPKF is that it does not try to over estimate in situations where the sensor

function is extremely nonlinear. This can be seen when taking a closer look at theSPKF

covariance update step which is rewritten in Equation4.47.

Σxt
= Σ̄xt

− Σ̄xt,ztΣ̄
−1
zt
Σ̄T

xt,zt
(4.47)

Using the proposition detailed in Table4.6, by maximizing∣Σ̄xt,ztΣ̄
−1
zt
Σ̄T

xt,zt
∣ the cost

metric∣Σxt
∣ is minimized. The assumptions required by the proposition are upheld because

the matrices involved are covariance matrices that have some knowledge and some uncer-

tainty relating to all the states. What follows is not an irrefutable proof because it assumes

Σ̄xt,zt is constant, but it does indicate a trend.

Observing∣Σ̄zt ∣ will give insight to how linearity in the sensor equation will affect the

cost function. Because only one sensor is used,Σ̄zt is a1 × 1 matrix. AsΣ̄zt is reduced,

∣Σ̄xt,ztΣ̄
−1
zt
Σ̄T

xt,zt
∣ will increase ifΣ̄xt,zt is constant. To simplify the analysis, some of the

sigma-point filter variables are redefined below. Equation4.51 is from the measurement
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Table 4.6: Minimization proposition

Proposition: AssumingA ≥ 0, B ≥ 0, A − B ≥
0, A is invertible and constant, andB is n × n, the
following is true.

argmin
B

∣A− B∣ = argmax
B

∣B∣

Proof: Define�i as theith eigenvalue of the matrix
A− 1

2BA− 1

2 .

argmin
B

∣A− B∣

= argmin
B

log ∣A− B∣

= argmin
B

log ∣A 1

2 (I − A− 1

2BA− 1

2 )A
1

2 ∣

= argmin
B

(log ∣A∣+ log ∣(I − A− 1

2BA− 1

2 )∣)

= argmin
B

log ∣(I −A− 1

2BA− 1

2 )∣

= argmin
B

log
n∏

i=1

(1− �i)

= argmin
B

n∑

i=1

(1− �i)

= argmax
B

n∑

i=1

�i

= argmax
B

log ∣A− 1

2BA− 1

2 ∣

= argmax
B

(log ∣A−1∣+ log ∣B∣)

= argmax
B

∣B∣
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update step in theSPKF.

(
Σ1

sc Σi
sc ... Σn

sc

)
= 


√
Σ̄xt

(4.48)

ℎi
+ = ℎ(x̄t + Σi

sc, �t) (4.49)

ℎi
− = ℎ(x̄t − Σi

sc, �t) (4.50)

Σ̄zt = !0
c (ẑt − ℎ(x̄t, �t))

2 +

n∑

i=1

!i
c(ẑt − ℎi

+)
2...

+
n∑

i=1

!i
c(ẑt − ℎi

−)
2 + Σ�t (4.51)

The first term of Equation4.51is zero if the measurement function is linear or follows

relationship B from4.5 becausêzt will becomeℎ(x̄t, �t). The last term is always con-

stant. Separating out corresponding±i terms, the equations below will show that the two

summation terms are minimized with a linear measurement function.

0 =
d

dẑt
((ẑt − ℎi

+)
2 + (ẑt − ℎi

−)
2)

=
d

dẑt
(2ẑ2t + (ℎi

+)
2 + (ℎi

−)
2 − 2ẑtℎ

i
+ − 2ẑtℎ

i
−)

= 4ẑt − 2ℎi
+ − 2ℎi

−

ẑt = 0.5(ℎi
+ + ℎi

−) (4.52)

d2

dẑ2t
((ẑt − ℎi

+)
2 + (ẑt − ℎi

−)
2) = 4 > 0 (4.53)

This analysis has shown that theSPKF cost metric is influenced by the linearity or anti-

symmetry of the measurement equation throughΣ̄zt. When the sensor equation meets those

conditions and̄Σxt,zt is constant,̄Σzt is minimized and therefore∣Σxt
∣ is also minimized.
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4.5 Trajectory Generation

Equation4.54summarizes the optimization that incorporates the above sections and pro-

duces a locally optimal trajectory. The trajectory is suboptimal because the function is

non-convex and so global optimality is not guaranteed. In order to constrain the trajectory

of the vehicle, the optimization is actually performed overall the commands,Um, which

moves the sensor from�m−1 to �m through an update function,f(). Them is used in-

stead oft only to indicate that each measurement does not have to be taken at equal time

intervals. The estimator function,e(), propagates the estimates given the predicted mea-

surement. It is there because the mean changes when using aSPKF based estimator due to

the bias issues discussed in Section4.3.3. MATLAB’s fmincon function was used to solve

the optimization with a sequential quadratic programming [59].

minimize
u1,...,uM

J(�r,0, xUXO,0,ΣxUXO ,0)

subject to �r,m = f(�r,m−1, um)

{x′
UXO,0,Σ

′
xUXO,0} = {xUXO,0,ΣxUXO,0}

z′m = ℎ(xUXO,m, �r,m)

{x′
UXO,m,Σ

′
xUXO ,m

} = e(z′m, x
′
UXO,m−1,Σ

′
xUXO ,m−1)

J = ∣Σ′
xUXO ,M

∣
umin ≤ um ≤ umax

(4.54)



Chapter 5

Adaptive Sensing with an

Electromagnetic Induction Sensor

THE LAST CHAPTER presented the general adaptive sensing framework. This chapter

adapts the method for unexploded ordnance,UXO, discrimination using an electro-

magnetic induction,EMI, sensor. An eigenvector sigma-point Kalman filter, eSPKF, is used

to formulate the cost of every sensor action. Simulation results will show that adaptive

sensing, which determines where to move and orient the sensor, has improved discrimina-

tion ability over the previously mentioned lawnmower search. They will also show that the

ability to orient the sensor is important for adaptive sensing. An odometry based position-

ing system is assumed here.

5.1 New Framework

Figure5.1 shows the adaptive sensing block diagram forUXO discrimination. It incorpo-

rates theEMI sensor into the sensor block, the eSPKF for estimation, and∣Σx∣ as the cost

function. The two differences for the new framework are the look ahead window and the

estimator block incorporating a target library.

The look ahead window is reduced to one which is a greedy search,M = 1. This means

the adaptive sensing algorithm will only consider the next time step when trying to to move

and orient the sensor. The drawback for this strategy is thatthe search cannot go through
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NONLINEAR LEAST

SQUARE SEARCH

EMI

TRAJECTORY GEN.

ESTIMATOR

EMI eSPKF

eSPKF

Figure 5.1:EMI adaptive sensing block diagram

This block diagram incorporates the estimator and cost function results from
Chapter4 into the general adaptive sensing framework. The bottom portion
shows how the estimator handles a target library.
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areas of low information to reach an area of high information[28]. This search space is also

not convex so the solution found is not guaranteed to be optimal. Section4.5discusses the

optimization routine used. To increase the chance of minimizing cost, the search routine is

initialized with several different potential sensor locations and orientations. The resulting

sensor action that has the minimum cost over the set of searches is used to decide what the

sensor will do next.

The second change allows the estimator to handle a library oftargets. This approach

was originally taken from the fault detection field where a bank of filters is used to de-

tect faults. All are run simultaneously, with each filter examining a different possible fault

[104, 109]. In this case, a separate filter is run for each target in the library. This incor-

porates the knowledge represented in the library by using the target’s dipole parameters.

Mathematically, it reduces the state space being estimatedin each filter and allows the filter

to concentrate on estimating the target’s location and orientation.

xUXO =

⎡
⎢⎢⎣

r⃗

�

�

⎤
⎥⎥⎦

5×1

(5.1)

The trajectory generation block currently requires a single estimate to be passed to it.

The possible estimates range from the best fit target to a combination of all possible target

estimates. The best fit target is used because as more measurements are gathered and the

estimate uncertainty decreases, the adaptive sensing willfocus on that specific target. The

nonlinear least squares optimization from Equation2.10is used to determine which target

estimate is chosen. The minimization is seeded with the estimate mean. The estimate mean

is not used directly to calculate goodness of fit because Section 4.3.3says the mean will

be biased especially when the uncertainty is large. A minimization search will force the

result to be the best possible fit given the current measurements. The estimator’s mean and

uncertainty of the best fit object is then used to generate a new trajectory. That estimate

does a better job of representing the distribution of the estimate despite the mean being

biased.

There are two possible outputs of the trajectory generationblock. For most of this
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chapter, the output will be a 4× 1 vector representing the location and orientation of the

sensor. The height of the sensor is assumed to be fixed by its location on the vehicle. At

the end of the chapter, the adaptive sensing algorithm will produce a 2× 1 vector that is

only the sensor location. This later investigation looks atthe affect on the discrimination

process from fixing sensor orientation.

�EMI =

⎡
⎢⎢⎣

r⃗

�

�

⎤
⎥⎥⎦
4×1

or �EMI =
[
r⃗
]

2×1
(5.2)

Figures5.2and5.3show plots at different times for a grid traverse and an adaptive sens-

ing trajectory. In the beginning, both estimators start offthinking the target is a rod located

at the origin. As they take more measurements, each estimator will change what it thinks

the target is. This strength of the bank of filters is that eventhough the target identifica-

tion is wrong, the information is not lost. The filter for eachtarget is continuously running

and incorporating new measurements. When the estimator switches suspected targets, the

mean and estimate used to determine the new trajectory contains all the information from

previous measurements. In Figure5.2, the estimator initially thinks the target is a rod and

then switches between anUXO and a plate before finally deciding on anUXO.

The adaptive sensing algorithm shown in Figure5.3uses the simple motion constraints

implemented in Equation4.54. More complicated constraints can be used.

After the last sensor reading, the same minimization routine is run again to determine

which target fits the set of measurements better. The search is initialized with each potential

object’s posterior estimate. This is done for two reasons. First, as mentioned before there is

a bias in the estimator so this search routine will eliminatethat bias. Second, the estimate

was based on a Kalman estimator with a Gaussian assumption. There is no guarantee that

the states being propagated follow the Gaussian assumption. This last search allows the

final discriminatory metric not to be biased by that assumption.
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(a)m = 1 (b)m = 10

(c)m = 20 (d)m = 30

(e)m = 40 (f) m = 50

Figure 5.2: Grid trajectory

The vehicle is driven in a small lawnmower pattern centered at the initial es-
timate of the target’s location. Several time steps are plotted along with the
estimate of the target type, location, orientation, and uncertainty. The initial
guess of the target is that it is a rod and located at the origin. At the 20th
measurement, the estimator briefly thought the target was a plate.
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(a)m = 1 (b)m = 5

(c)m = 9 (d)m = 13

(e)m = 17 (f) m = 20

Figure 5.3: Adaptive sensing trajectory

The sensor is moved and oriented according to the adaptive sensing algorithm.
Initially, the target was thought to be a rod located at the origin. After about
9 measurements, the target is thought to be anUXO.The sensor positions are
clustered around the actual target reducing the chance of picking up stray sensor
readings from another target.
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(b) Adaptive sensing: rod
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(d) Adaptive sensing:UXO

0−5 6−10 11−15 16−20 21+
0

50

100

150

200

N
um

be
r 

of
 tr

ia
ls

Goodness of fit

 

 

Rod
UXO
Plate

(e) Grid: plate
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(f) Adaptive sensing: plate

Figure 5.4: Goodness of fit histograms

Each figure represents 200 simulated runs with sensor noise and position noise.
Each row consolidates runs where the object buried is identical. The right col-
umn uses the adaptive sensing algorithm. The left column reprints the grid plots
from Figure3.10for comparison.
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5.2 Simulation

These simulations are similar to what is run in Section3.2.1. Two hundred trials are done

for each buried object executing an adaptive sensing trajectory. Noise is included for the

EMI measurements and the odometry positioning errors. The target’s actual location and

orientation is randomly changed for each run. At the end of each traverse, a goodness of fit

metric is calculated for each object in the library given themeasurements taken and their

corresponding sensor states.

Figure5.4plots the new goodness of fit histograms running the adaptivesensing algo-

rithm. The left column reprints the histograms describing the grid search. Like the grid

search, the adaptive sensing approach does a good job of having good fits for the correct

items. The difference lies in how well the algorithm distinguishes between objects that

are dissimilar. For theUXO situation, Figure5.4dhas the plate fits severely weakened as

over a hundred of the trial runs resulted in goodness of fits ofover 20. In the same plot,

the rod still exhibits a strong fit for the data. They same trend is seen in the rod data set.

The rod andUXO models both exhibit strong fits for each of the runs, but the plate model

is diminished. This is reasonable because both the rod andUXO are similarly sized long

axially symmetric objects and so the fits should not be far off.

Figure5.5summarizes the discrimination results from the previous lawnmower patterns

using GPS and odometry along with two adaptive sensing operational modes. The first

mode allows the sensor to rotate, the second does not. The receiver operating curve,ROC,

curve shows that the adaptive sensing algorithm that can change orientation is better than

the grid approach usingGPS. However, it does not seem to be better than the grid approach

using odometry. TheROC curve was generated only using theUXO goodness of fit. The

next plot looks at all the fits. It identifies the target based on which model fits the data

best. In that situation, the adaptive sensing has the best identification rate using only 20

measurements. After that, the discrimination ability deteriorates possibility due to the build

up of odometry error. Section3.1 points out how relative and absolute accuracy impact

discrimination, and it shows why a grid pattern is particularly adept at retaining relative

positioning accuracy. Adaptive sensing does not leverage relative accuracy.

In the same plots, it is clear that the adaptive sensing with fixed orientation does poorly.
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The ability to change the orientation of the sensor allows the algorithm to gather unique

information that the fixed orientation approaches cannot. The lawnmower pattern already

forces the sensor to fully sample the space of fixed orientation measurements.

The histograms for the adaptive sensing trials shows a divergence in fit quality between

the two long axially symmetric objects and the plate. Figure5.6 looks at how well each

trajectory identifies the two types of objects. The adaptivesensing outperforms the other

options when its orientation is allowed to change.
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(b) Discrimination accuracy

Figure 5.5: Comparison between trajectories

These plots summarize the discrimination results from the histograms in Figure
5.4. It also includes theGPS lawnmower trials and the adaptive sensing with
fixed orientation trials.(a) The top plot only looks at the goodness of fit metrics
from theUXO model. (b) The bottom plot discriminates based on which model
has the best goodness of fit.
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Figure 5.6: Accuracy of identifying long symmetric objectsvs. plates

The histograms in Figure5.4 show that adaptive sensing is particularly adept
at separating the long axially symmetric objects from the plate. This plot looks
into how well each traverse technique fares in that task.



Chapter 6

Conclusions

THE UNEXPLODED ORDNANCE, UXO, community has spent a large amount of time,

energy, and money trying to solve theUXO discrimination problem. The traditional

method is to completely cover a field withGPS tagged sensor readings, post process the

data, and then excavate from the resulting dig list. This thesis motives two alternate strate-

gies that allow for betterUXO discrimination and eliminate the need for an external po-

sitioning sensor. The first option is to use an odometry basedpositioning system with a

localized lawnmower pattern. The second option also uses odometry, but this time does an

adaptive search of the area.

There are four assumptions made for this research. First,an EMI sensor is used. Both

MAGs andGPRs were considered, but they do not provide the discriminatory abilities of the

EMI sensor.

Second,a target library exists of potential objects in the field. The library contains

the dipole response parameters for each of the objects. Thisdata can be initialized with

foreknowledge of objects in the field and then augmented whennew items are uncovered.

Third, the sensing platformhas prior knowledge that something is in the area. This

can come from a map of potential targets generated from a previous field wide traverse.

It can also be a vehicle currently performing a field wide traverse, detecting something

interesting, and deciding to immediately investigate.

The last assumption is that each of the focused searches onlyhasone target in the

area. This is a reasonable assumption for several reasons. TheEMI signal dies off at a rate

90
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inversely proportional to the distance to the sixth power. Thus, only targets that are very

close together will have overlapping sensor readings. The adaptive sensing also focuses its

search close to the target further decreasing the chance of interfering targets. While there

is no way to guarantee that there is always only one target in view, the future work section

will discuss several ways of relaxing this constraint.

6.1 Summary of Contributions

This dissertation concentrates on focused investigationsof a target to improve discrimina-

tion. Two recommendations are made to theUXO community. The first recommendation is

to use the sensor with the best relative accuracy in a small lawnmower pattern. An odome-

try system is built into the sensing platform so no external positioning infrastructure needs

to be deployed. This differs from differentialGPSsystems, robotic total stations, and other

external based positioning systems which are can be affected by line of sight obstructions

and the distance away from a base station. The second recommendation assumes a vehicle

is carrying the sensor and can rotate it. The vehicle can now perform an adaptive trajectory

that tries to maximize its information about the target.

These recommendations were developed as a result of three main contributions.

Designed and implemented a local odometry based search to compete with an existing

GPS-based search for UXO discrimination.

Current discrimination strategies call for a complete coverage of a field with aGPSequipped

sensor. A lawnmower pattern is typically used as the most efficient way to cover an open

field. TheGPSpositioning error is independent of the vehicle’s trajectory because measure-

ment error from time step to time step is assumed to be independent. There are correlated

error sources withGPSsuch as multi-path, but they are not dealt with here.

Chapter3 starts off looking at the affects of relative error and absolute error onUXO

discrimination. If the goal is to come up with a set of dipole parameters that best fit the data,

then relative error is more important. Fitting data to anEMI model requires the location and

orientation of each measurement relative to each other to beknown. The resulting set of
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position states could be biased. The extreme example is a setof data that is shifted several

feet east. The parameters found with those sensor measurements will fit the data well, but

the target location will be shifted the same distance.

Odometry inherently is a relative sensor. For large field wide traverses, the positioning

error will continue to grow as the vehicle travels further and further. The error is much

more manageable for a small focused search. Additionally, alawnmower pattern is more

conducive to an odometry system because of the way it reducesrelative error. Several other

trajectories were tried and did not exhibit the same properties.

Simulations were run comparing the effects onUXO discrimination fromGPSwith a 5

cm error versus an odometry system using 5% distance traveled as error. The goodness of

fit metrics andROC show that an odometry system is an improvement over theGPSsystem.

Finally, that chapter looked at the effects of having an improved positioning system

and having an improved knowledge of the target’s location. Not surprisingly, in both cases

there is a significant improvement in discrimination.

Developed an algorithm that adapts a sensor trajectory to seek information for geo-

physical sensors tuned for UXO investigations.

An adaptive sensing framework is developed that isfast and can handlehighly nonlinear

sensor functionswith large state vectors. Chapter4 begins with a block diagram of the al-

gorithm. An estimate containing a mean and a covariance represents the target parameters.

The estimator takes a set of measurements and the sensor states and produces an estimate of

the target. A trajectory generation block then decides where to move and rotate the sensor

to maximize information. Finally, the sensor is moved to achieve the desired state, and a

measurement is taken. A new estimate is calculated and the process is repeated.

The target generation block also has several components. A predicted sensor measure-

ment is determined from the current best target estimate anda potential sensor state. The

predicted measurement goes into an estimator that predictsthe posterior estimate. The pro-

cess is repeated until the entire trajectory is flown. A scalar cost is calculated from the final

uncertainty. The trajectory that produces the minimum costis the trajectory chosen.

A range sensor is used to give insight into each of the components. Several estimators
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and information metrics are discussed before settling on the square root eigenvector sigma-

point Kalman filter, eSPKF, and the determinant of the covariance matrix. The particle

filter is a good nonlinear estimator, but it does not scale well with large state vectors. The

extended Kalman filter can handle a large number of states, but it does not handle highly

nonlinear sensor functions and it ignores prior uncertainties. The sigma-point Kalman filter

allows for nonlinearities without suffering the scaling problem. The eigenvector version of

it forces the sigma-points to align themselves along the eigenvector allowing the estimator

to be rotationally invariant. The example in Section4.4.3shows that the sigma-points can

affect the estimator due to how their locations are calculated and not from the sensor model.

Finally, several forms of information are discussed. They are all related given a Gaussian

assumption.

Adapted and validated adaptive sensing for UXO discrimination with an EMI sensor.

The adaptive sensing algorithm is modified to handle a targetlibrary. Borrowing from the

fault detection field, a bank of filters is used to maintain an active estimate of the states for

each object in the library. The target that best matches the current set of sensor readings has

its estimate sent to the trajectory generation block. This allows the adaptive sensing to be

performed, but not lose any information if the guess is wrong. After the final measurement,

a goodness of fit is calculated for every object after runningan optimization to fit the sensor

data to the sensor models. This eliminates the Gaussian assumption built into the estimator

and the inherent bias in the eSPKF. Simulations are run that show the adaptive sensing

algorithm will improveUXO discrimination if theEMI sensor is allowed to rotate.

6.2 Future Work

6.2.1 UXO

There are many roads that can be taken to help improveUXO discrimination. The direct

path from this research leads to more field test, construction of a sensor platform, and ap-

plying more advanced discrimination techniques. This odometry enabled platform allows

the sensor to be used in the focused lawnmower search or for adaptive sensing. Autonomy
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can be built into the platform, or have a separate system tellthe human user where and how

to move the vehicle. Afterwards, field trials at actualUXO sites should be run to charac-

terize the information gathering ability of the methodology. The discrimination technique

used in the thesis is purely based on goodness of fit. The addedinformation should also

continue to improve discrimination when more advanced machine learning techniques are

applied.

A single target in view is assumed by this thesis. Fusing aGPR into the sensor suite

can help eliminate that assumption. AGPR will be able to identify different objects in the

immediate vicinity and help localize them. It can even help with the target shape [85]. An

eSPKF based algorithm is well suited to handle the large state vector required to handle

multiple objects.

Adaptive sensing also allows the fusion of other geophysical sensors or positioning

sensors. The new geophysical sensors could add new parameters to the discrimination

process or help better locate the target. There is the possibility of splitting the transmit and

receive coils up. Maybe there is information lost by co-locating the coils. The positioning

sensors can provide better sensor locations by incorporating location uncertainty and even

using a simultaneous localization and mapping algorithm,SLAM. They could also be used

to factor in relative accuracy.

The EMI sensor models used in this work were based on a single time-gated reading

from a specific sensor. There are other sensors that can examine the decay rates of a signal,

use different sensor models, or present measurements in thefrequency domain. As better

sensor models and sensors are developed, adaptive sensing can be applied to any of those

situations.

TheEM61-MK 2 returns a scalar measurement of a component of the local magnetic field.

Adaptive sensing uses a sensor’s ability to move and rotate to quickly understand the entire

vector magnetic field. If a sensor can instantaneously measure the direction and strength

of the local magnetic vector, then the entire magnetic field can also be quickly determined.

There are researchers designing systems to do that with several co-located transmit and

receive coils. This is a field of research that has a large potential for improvingUXO work,

and it would be interesting to see the effect adaptive sensing has with such a sensor.
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6.2.2 Adaptive Sensing

There are also many directions for future work outside theUXO field. There are situations

that require a set of parameters to be identified as quickly aspossible. This can come

from a military requirement for locating an enemy quickly and stealthily or a scientific

requirement for conserving power. Two potential targets are aRF source such as a enemy

transmission or an avalanche rescue beacon [37]. Adaptive sensing allows the user to vary

certain sensor states to accomplish that. This can be the actual position and orientation of

the sensor, the type of sensor, or even the specific sensor settings.

Given a specific set of sensor models and target states, the cost metric and estimators

presented here can also optimize the configuration of a suiteof sensors. The only difference

is that in adaptive sensing, the optimization occurs over several time steps. When optimiz-

ing a sensor suite, the algorithm decides which sensors to include and how to configure

them.

In some situations, multiple vehicles are used for parameter estimation and so a decen-

tralized adaptive sensing algorithm can be used. A common technique uses the extended

information filter, EIF, to efficiently transfer information between vehicles. Thecurrent

information forms of theSPKF do not exhibit the simplification of the covariance update

step that allows theEIF to be used in this manner [54, 97, 102].

6.3 Concluding Remarks

A large amount of the currentUXO research is focused on the sensor technology and the

post processing algorithms which include sensor models andmachine learning. The goal

of this thesis was to investigate unexplored paths that bridge the two areas. Is there a way

to use current sensor technology more efficiently? This thesis argues that the answer is yes

and it details some of those methods.
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Abbreviations & Acronyms

AUV Autonomous Underwater Vehicle

EIF Extended Information Filter

EKF Extended Kalman Filter

EMI Electromagnetic Induction

eSPKF Eigenvector Sigma-Point Kalman Filter

GPR Ground Penetrating Radar

GPS Global Positioning System

IED Improvised Explosive Device

MAG Magnetometer

MTADS Multi-Sensor Towed Array Detection System

PF Particle Filter

ROC Receiver Operating Curve

RF Radio Frequency

SLAM Simultaneous Localization and Mapping

SPIF Sigma-Point Information Filter

SPKF Sigma-Point Kalman Filter

UAV Unmanned Aerial Vehicle

US United States

UXO Unexploded Ordnance
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Appendix B

Localization with a Total-Field

Magnetometer

TOTAL-FIELD MAGNETOMETER, MAG, is another sensor commonly used in the unex-

ploded ordnance,UXO, field. This chapter applies the adaptive sensing algorithmwith

a MAG to UXO localization and not toUXO discrimination. Field tests were performed to

validate the sensor models and simulations were run that show adaptive sensing improves

localization.

The MAG measures the magnitude of the component of a magnetic field aligned with

Earth’s magnetic field [16]. FigureB.1ashows the static magnetic field,⃗B, produced by

theUXO and it shows Earth’s magnetic field,B⃗e. TheUXO’s magnetic field is assumed to

be a dipole that results from remnant and induced magnetization. Remnant magnetization

is the permanent magnetization of the object and induced magnetization is the object’s

response to being placed in an ambient magnetic field. In Equation B.1, r⃗ andR⃗ represent

the location of the sensor and theUXO respectively. This is the same equation as the dipole

equation presented in Chapter2. B̂e is a unit vector that is pointed in the same direction

as Earth’s magnetic field [10, 15, 107]. The target state vector is a combination of the

UXO’s location and its dipole vector,xm
t = [R⃗T , m⃗T ]T . The sensor states consist of the

magnetometer’s location,�mt = r⃗t ∈ ℜ3×1.
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UXO

MAG

(a) Primary magnetic field

UXO

MAG

(b) Measurement

Figure B.1: Description ofMAG physics

These images depict the interactions between aMAG sensor and anUXO. The
target possesses a static magnetic field. The sensor detectsthe component of
that magnetic field aligned with Earth’s magnetic field.

B⃗(r⃗) =
�0

4�
(3[m⃗ ⋅ (r⃗ − R⃗)]

(r⃗ − R⃗)

∥ r⃗ − R⃗ ∥52
− m⃗

∥ r⃗ − R⃗ ∥32
) (B.1)

zt = B̂e ⋅ B⃗(r⃗) (B.2)

In this thesis, aMAG will be used for detection and not discrimination because many

non-UXO ferrous objects can also be treated as a magnetic dipole. Billings proposes that

on impact, anUXO will lose its remnant magnetization leaving the induced magnetization

to be the sole source of the detected magnetic field. This field’s direction will be close to

Earth’s magnetic field. However, due to ambiguities betweenan object’s shape, size, and

dipole moment, actual classification is still difficult [12]. Zhang et al. uses parameters from

a MAG to feed the electromagnetic induction,EMI, based discrimination algorithms [107].

B.1 Sensor

The GeometricsG-858 MagMapper was used in field tests to validate the dipole model.

From its data sheet, this total-fieldMAG “is based on a self-oscillating split-beam Cesium

Vapor.” It can operate in a field between 20,000 and 100,000nT and has an accuracy of
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(a) GeometricsG-858MagMapper

(b) Field test

Figure B.2:MAG hardware testing

This total-fieldMAG was generously loaned by Geometrics for this researcha.
It was used to validate theMAG models by taking gridded data on a test field
marked off by pvc pipes. Figure2.1bis showing this sensor in use.

aImage is courtesy of http://www.geoafrica.co.za/reddog/geometrics/magnetometerg858.htm.
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(d) SimulatedUXO data (nT )

Figure B.3: Real vs. simulated measurements

Several sets of data were gathered with each object. The measurements were
taken at discrete locations and a contour map was generated.The left column
shows a single set of measurements for a rod and anUXO. The background
magnetic field is subtracted out. The right column shows corresponding sim-
ulated data based on the sensor models. The parameters of each target were
obtained by fitting the sensor model to the data.
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less than 2nT . [31, 91]

The sensor was taken into the field to measure the same objects, pictured in Figure

2.6, used for theEMI tests. Each object was placed on the ground in the center of a 4.5m

× 4.5m area shown in FigureB.2b. The sensor was always oriented north because of its

sensitivity to heading. In each data set, 169 measurements were taken with 38cm spacing

between readings.

A rod and anUXO data sets are plotted in FigureB.3. The axes show the 2D location

of the sensor and the color corresponds with the sensor reading innT . The left column of

the plots is the real readings while the right column is simulated readings from a best fit

parameter set. The background noise was measured first and subsequently subtracted out

of future readings. A plate data has the same shape and is not shown. For reference, aMRI

or a loudspeaker magnet is severalT ’s in strength, a refrigerator magnet is severalmT ’s,

and Earth’s magnetic field is between 30�T and 60�T .

B.2 Adaptive Sensing

The adaptive sensing used here is the same approach as described in Chapter5 without a

target library. Adaptive sensing is trying to decide where to place the sensor inx andy

and is assuming that the sensor height is fixed. There is no effect from sensor orientation

incorporated in this example, which is akin to having the sensor constantly facing the same

heading. The parameter estimation is estimating the targetdipole’s location, orientation,

and magnitude.

A run of 50 measurements arranged in a grid pattern was compared to 50 measurements

taken at locations prescribed by adaptive sensing. An example of each pattern is shown in

FiguresB.4 andB.5. The initial guess of each estimator was that the target was located

at the origin. There was no sensor position noise, but there was measurement noise. The

location, orientation, and strength of the magnetic dipolewas changed for every simulated

run. The figures only show the target estimate and its uncertainty in 2D, but all six states

are being estimated.

TableB.1summarizes the localization results from 200 runs. The initial error is because

the initial guess is the origin of the plot while the actual target is located somewhere else.
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Table B.1: Simulation results of 200 Runs withMAG

Initial Grid Adaptive Sensing
Localization Error (m) 0.62 0.24 0.18

The grid approach does improve on that accuracy, but the adaptive sensing improves it even

more.

Adaptive sensing was used on one of the data sets from the fieldtests. The measure-

ments were originally taken in a grid pattern. The best discrete location from the set of

sensor positions was used as the next sensor position. Once that measurement had been

used, the sensor cannot return to that location. FiguresB.6 andB.7 show four time steps

and the resulting estimation of the target’s location and its uncertainty. The dipole vector is

also being estimated, but is not being displayed.
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Figure B.4: Lawnmower trajectory

TheMAG equipped vehicle is driven in a small lawnmower pattern around the
suspected target location. Each plot shows the last 10 measurement locations
with the most recent measurement emphasized. The actual target is the yellow
box and the estimate mean is the center of the magenta uncertainty ellipse.
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Figure B.5: Adaptive sensing trajectory

TheMAG equipped vehicle is moved according to adaptive sensing. Each plot
shows the last 10 measurement locations with the most recentmeasurement em-
phasized. Adaptive sensing quickly locates the target and centers the search
around that location.
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Figure B.6: Adaptive sensing with real data for 6D estimation, part 1

This uses real sensor data for the estimation procedure. Themeasurements and
sensor locations are taken from a single data set. The left and right columns are
respectively the top down view and isometric view of the scene.
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Figure B.7: Adaptive sensing with real data for 6D estimation, part 2

This is a continuation of the previous adaptive sensing plot.
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