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Abstract

NEXPLODED ORDNANCES UXOS, are a significant safety and economic problem in
U theus and worldwide. Typically, they consist of munitions suchraskets, artillery
shells, and missiles. They are buried in unknown locatimaigaesent a danger due to both
their explosive nature and their environmental impact.o&srtheus, uxos are suspected
to infest over 15 million acres of land consisting of trooginiing areas, weapons testing
sites, and munitions storage facilities. In 2003, the Dpant of Defense estimated the
final cost of clearing all of th&s's contaminated lands using existing technologies would
be $35 billion. One of the difficult challenges facingo clearance work is discriminating
whether a detected target is @m0 and needs to be excavated or an inert object that can
be left in the ground. An electromagnetic inductiemi, sensor is commonly used irxo
clearance work. This research introduces two strategestiange the way thevi sensor
is used in order to improve discrimination.

The first strategy is to use more target specific sensor sveaithdo use an odometer
based positioning system. In most discrimination workadatfirst taken with a vehicle
driven to cover an entire field. Each sensor measuremenbiagged withcpsinforma-
tion and then the data is post processed. This research shates focused search above
the estimated target’s location using odometry can impuigerimination over thesps
approach because there is less relative error in the seasibiop estimates.

The next strategy is to use an adaptive sensing algorithretermine where to move
and how to orient arEMI sensor. Traditionally, themi sensor is moved around a field
in a fixed orientation. Allowing the sensor to rotate incemathe directions at which the
target can be illuminated. The adaptive sensing algorithpiogs this new flexibility to



maximize the information obtained during a sensor runghygimprovinguxo discrimi-
nation.
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Chapter 1
| ntroduction

NEXPLODED ORDNANCES UXOS, are a significant safety and economic problem in
Uthe us and worldwide. This dissertation investigates two inniveastrategies that
improve uxo discrimination with existing technologies. The currergadimination ap-
proach uses multiple traverses to cover a field with varieapgysical sensors and then
post processes thePstagged data. The first strategy is to replace d¢irss system with
an odometry based positioning system and perform a lochl@aenmower pattern around
any potential objects. The second strategy continues th®fuan odometer, but adds an
adaptive sensing algorithm to determine where to move andib@rient the geophysical
sensor. Both changes improve the discrimination abilityxds over the current standard.

1.1 Motivation

UXO0s, also known as munitions and explosives of concern, coosamaments such as
missiles, mortars, bombs, and rockeig][ They form when munitions do not detonate
upon impact or are part of a forgotten weapons cache. Tiess are buried in unknown
locations and must be excavated because of their exploatueenand their ability to con-
taminate the local environment. In thes, there are over 15 million acres of land potentially
containinguxos. This area encompasses nearly 2,300 sites which are ntamposed
of troop training areas, bombing ranges, and artillery esngAround the world, thexo
infested land area skyrockets as old and new battlefieldsnaheded. The Department
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Figure 1.1:uxo examples

UXO0s consist of any type of munition such as missiles, bombs adiiléry
rounds. They are commonly characterized as being long, Ilieet@nd axially
symmetric. The pictures above showos excavated from Fort Ord in Mon-
terey, CA.

of Defense estimated in 2003 that the total cost of cleafegss of uxos with current
technologies is around $35 billio& T, 59].

Theuxo challenge differs from the more commonly known land mine iamgrovised
explosive deviceleD, problems. All are obviously important issues, but land esiand
IEDS are not found in American military bases being reclaimedcfailian use. uxos,
pictured in Figurel.1, are also typically long, metallic, and axially symmetidines and
IEDS can be of any shape and size, and can be made of many diffeat@tials. These
key differences make tackling thexo 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, CAa) The top image
shows technicians using a Geoniesi61HH metal detector. The flags in the
ground mark potentialxo locations. (b) The bottom image shows the bound-
ary of a section at Ford Ord that may contairxos.
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Fort Ord and Pinecastle Jeep Range are two examples of activeclearance sites.
Ford Ord is a former military base in Monterey, CA that wasdufem 1917 to 1994
as a training site for Army units. In 1994, the base was clas®dl its 28,000 acres of
land was earmarked for civilian uses such as golf courselslitgss, and nature preserves
[39, 72, 81]. Figurel.2shows areas in Ford Ord whew&o work is ongoing.

Figure 1.3 shows Odyssey Middle School where in 20@8\N reported that workers
were injured when they accidentally uncovered munitiorredurenovations of the middle
school track. Luckily, no students were harmed. An invedian showed that this school
and the surrounding neighborhood had been built on the foRimecastle Jeep Range.
This 12,000 acre base was used dunmgil as a bombing range. The Army Corp of
Engineers has since excavated over 1Q0s at the school site alone, and more have been
found in the neighboring houses like the ones seen in Figy4rg’ 7).

UXO mitigation at both sites is based on variations of the trad#l “mAG and Flag”
clearance technique. This decade old strategy uses tri@deaicians to walk across a field
with a metal detector which is typically a magnetometexc . Every time their sensor
measures a strong return, the technicians plant a flag atabation. After surveying
the entire field, the technicians dig around all the flags.sThbcess finds most of the
burieduxos, but is extremely inefficient. A report by the Defense SoeeBoard Task
Force estimates that one percent of the excavations freng“and Flag” produced an
UXo0. Because of the cost and time required for each dig, the govemt and industry has
focused research on trying to reduce the number of falseiyes[27].

This reduction requires improved discrimination whichii$edent than detection. The
goal of detection is to determine if there is something llirethe ground and where is
it located. The goal of discrimination is either to identifhe “something” or to determine
how likely the item is aruxo. This information will help reduce the number of false
positives by focusing the dig efforts on sites more likelyctmtain munitions. Also, dis-
crimination will allow engineers to factor in what type of mition is likely buried here.
Camp Sibert is a great example why identifying the munitigrisportant. The base was
formerly used for chemical warfare training and thus corgahemical munitions. Deter-
mining which targets are chemical munitions can help przwithe dig order and assess
the risk for each excavatiofm{).
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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 discovexed in an
Orlando neighborhood(a) The top image has flags planted in the ground
in front of the school showing whetexos might be buried(b) The bottom

image shows some of the remnants of the clearance work gaiagoond
the schooP.

8Nancy J. Sticht. The Importance of Communication at Pinecastle Jeep Rangadfty Used
Defense SiteUS Army Corp of Engineers. March 2009.
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(a) Front lawn

E

(b) ‘SJidewaIk
Figure 1.4: Orlando neighborhood

This is the neighborhood around Odyssey Middle School wikielso located
on the former Pinecastle Jeep Range. These images showmbeawvork going
on in the front lawn of a house and along the sidewalk of thghtmrhood?®.
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Sensor selection

!

Data collection

!

Signal
processing

UXO estimation

-~

!

Excavation

!

Verification

Trajectory
optimization

Adaptive sensing

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, essewlan perform

a more focused investigation of that area. The right sidehef¢hart shows

the new investigation using adaptive sensing. After the measurements are
taken, the data can be fed back into the previous signal gging techniques

for improved discrimination.

1.2 uxo Discrimination

Clearing a site ofluxos can be broken down into five steps which are shown in Figure
1.5 The first step is to select the geophysical sensors basdwdadal environment. The
second step is to collect geotagged data. The data is themppmuessed 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 sectidhcmver some of the related
work for the first three steps and how they relate to this resedany of the cited works
actually span several steps, but for the sake of brevity keyyconcepts are extracted from

each citation.
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Figure 1.6: Multi-sensor towed array detection SystemaDs

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

Sensor selection is extremely important because it canafmedtally limit the infor-
mation gathered fouxo clearance §0]. As such, there are several promising fields of
research aimed at improving sensor technology. The firstdfiresearch is to improve the
standard metal detectors: Magnetometars;s, and electromagnetic inductiaawvi, sen-
sors [L4, 30, 61, 92, 93]. Researchers are also using sensors that exploit non-rektted
characteristics abxos. Ground penetrating radac®R are the most popular of this class.
Other technologies being developed include nuclear qypadeuesonance, x-rays, electra-
optical, thermal, hyperspectral imaging, acousto-ebectignetic, and chemical sensors
[2, 24, 27, 84). There are even dogs and bees being used to find exploSivies [

Instead of just using individual sensors, several groupdrging to fuse combinations
of MAGS, GPRs, andeMI sensors. This improves the aggregate discriminatorytigsilof
the systems by allowing the sensors to complement each'©theaknesses’|[, 25, 65,

69, 85, 107, 109.

Two groups are also introducing optimality into configusat ofEMI sensors and of
MAGS. Billings and Wright look into optimal configurations mfaGs for use on a low-
flying helicopter [L3]. Morrison et al. investigates an optin&ll sensor configuration by
combining several transmitters and receivers. Their aaras to minimize the sum of
squared errors when estimating certaixo parameters. The system allows them to not
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worry about the absolute position of the sensor becausedtamneters can be estimated
with measurements taken at one location. Unfortunatelye dime sensor model changes or
the target is not directly under the sensor, the optimaligaks down§3].

The next step after sensor selection is to collect geotagggabsurements. Lines are
typically used to ensure that the entire field is traversetrayuxos are left behind. The
geophysical sensors can be hand held or mounted onto vehiae helicopterd, 26, 67,

68, 81, 94]. The measurements are commonly geotagged @tf 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 Hue sgasurements. Nor-
ton and Bell use a cued approach to gather data with highipogitielity. They propose
putting a gridded pattern on top of a suspected location akidg manual measurements
at each marker on the pattef [/]. These manual strategies test the patience and capa-
bilities of human operators in a stressful environmentsThissertation proposes methods
that simplify and potentially automate this effort.

Finally, the geotagged data is post processed to form astithiat marks locations of
potentialuxos. The research into improving this process is focused ose¢hsor models
and applying statistical methods. The models describe Hyeam object looks to the geo-
physical sensor and can account for some noise sourcessaohl and sensor positioning.
Researches studyireMi models have looked at the decay rates in the time domain and at
the spectrum in the frequency domail b, 6, 7, 34, 73, 75, 86, 87, 88, 89, 96]. Billings
uses aMAG to measure each target’s magnetic field for discriminatida.theorizes that
ordnances lose their remnant magnetization when theyégnbund. The remaining mag-
netic field is from an induced magnetization and is relatethéoEarth’s magnetic field
[17]. Collins et al. have taken the sensor models and used aeldastatistical methods
to determine if an object is anxo [20, 27]. Beran and Zhang et al. are also applying
machine learning algorithms taxo data sets11, 105.

This work improves discrimination by introducing a reintrgation step integrated with
the signal processing step. Figuré shows 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 impraygo discrimination are described here. They
make four key assumptions.

e An EMI sensor isused to discriminate uxos.
Chapter2 explains that aremi sensor is chosen because of its discriminatory abili-
ties. Other discrimination capable sensors can be usedivesie methods. Appendix
B showsuxo localization with aMAG.

e Atarget library exists.
The library allows the discrimination algorithm to incorpte knowledge about real
objects in the area and has been used before by Norton anshRas;j 75]. This
library can be obtained through examining the site historgyosampling a number
of suspectedxo locations.

e Atargetisinthelocal area
A localized search focuses on an area containing a suspactgd. This suspected
area can be determined through an initial wide area scan podtgrocessing step.
Any potential target location would then be investigatedse&ond option is to per-
form a raster scan of the area and to switch into an investigatode when some-
thing is detected.

e Each target hasno neighboring targets.
This eliminates potential ambiguities resulting from npl# targets each contribut-
ing to the measurement. Chapéadiscusses ways to eliminate this assumption.

The first strategy, described herein, is a localized lawneromvestigation about each
suspected xo location using odometry based positioning. The localizstch decreases
the range between a target and a neighboring object at wicketcond object will influ-
ence the measurements. It also reduces the total distas®tisor must travel, thereby
allowing the use of an odometry system for positioning. Géap shows that the lawn-
mower pattern is particularly suited for reducing relatsensor positioning error for an
odometry system. It also describes why that reduction ingsaliscrimination.
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The second strategy, described herein, uses adaptivengdnsiecide where to move
and how to orient the sensors in order to maximize infornmaéibout theuxo. Cargile
mentions this possibility when she indicates “that therg to@ advantages to providing
real-time feedback to thexo survey crews so that they may collect additional sensor
data (in orthogonal directions) over suspected anomalaker than blindly surveying
lanes with fixed lane widths and sampling rate$7][ This adaptive algorithm can be
implemented on an autonomous sensor platform.

1.4 Adaptive Sensing

Adaptive sensing aims to optimize a set of future sensoomlstio maximize some infor-
mation metric about a target. It is also known as active sgnsnd is strongly related
to sensor management. Sensor management is used to dedothesehsor to activate as
opposed to where to move the sensor. In both cases, the fiakisgo perform some set
of actions to learn more about a target or a set of targetsfifdéalf of this section gives
some breadth to the adaptive sensing field. The second hatiios algorithms that are
closely or directly related to performing adaptive sengorgyxo work.

There are two main ways to distinguish each adaptive seragaithm. The first
major distinction is the cost function that represents tifermation which can be based
on entropy, uncertainty, or several other possibilitieacthcoption quantifies information
in a slightly different format and requires a different wayctlculate the cost. The second
major identifier is the type of sensor and target being camnsill This affects the number
of states that the algorithm has to consider and the contplexkithe sensor and target
models.

Researchers often use a target estimate’s covariancexnatjuantify the information
known about a set of target parameters. This work will als® the covariance matrix,
but will implement it in a different manner than the followimesearchers. Kim and Rock
design an optimal controller that allows an autonomous wwaker vehicle Auv, using a
bearings only sensor to minimize the uncertainty aboutgetarlocation while simultane-
ously trying to dock with the target. This optimal chararsie is very unique for adaptive
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sensing algorithms4f]. Using monocular vision, Frew and Rock use a tree search ap-
proach to plan a path that estimates a target’s currentibtocand velocity vector. This
trajectory can be based on minimizing uncertainty in a give@ or minimizing the time

it takes to reach some certainty leveb] 29]. Whitacre et al. use a camera and a reced-
ing horizon approach to optimize flight path parametersvi@r ainmanned aerial vehicles,
UAv, performing surveillance on a single target. The informatnetric is a function of
the covariance matrix at the current horizon. Each airsr#light path is constrained to be
an orbit of constant radius and altitude)[J. Chung et al. propose an adaptive sensing al-
gorithm that can be decentralized and can incorporate moiggvehicle communications
into the information metric. In its current form, the tectne requires linearized models
for the sensors and any state dynamitcd.[ Gupta et al. attacks the sensor scheduling
problem with an uncertainty based cost metric. This meglis the algorithm what prob-
ability distributions to assign to each sensor so that theylme stochastically activated.
The advantage of randomly choosing sensors allows theitddgoto be more numerically
tractable and not rely on each sensor possessing extemsvwdddge about the other sen-
sors 6]. Kalandros et al. attempt to obtain a certain amount of Kedge about several
targets. They determine which sensor to use based on whicbargribute the most to
getting each target's state uncertainty to a specific tioldslevel. Once the threshold is
reached, the sensors concentrate on the other targgtsd. Zhang and Leonard develop
an accurate contour map by smartly shaping a formation asisenThe adaptive technique
tries to minimize the mean square error of the estimate o$tladar field and its gradient
[109.

Instead of using the covariance matrix, another set of resees use entropy or Shan-
non’s information to produce an information metric. Theg afl intimately related, and
their relationships are detailed in Sectib2.

Ryan uses entropy to assistamv in tracking ground targets with cameras. She com-
bines a patrticle filter with receding horizon control for edaptive process. Because parti-
cle filters can be computationally expensive, she has dpedla technique to approximate
entropy from the particle distributior8f]. Amigoni and Caglioti use a greedy approach
with a laser scanner for adaptive sensing. The entropy idowed with the effect of dead
reckoning error to formulate a cost metric to create an eficmap building robotd].
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Zhao et al. uses entropy for sensor management. They detewmtich sensor in a static
array to use in order to track a target moving through theesy$t 1(J. Grocholsky'’s thesis
does an extensive job examining information-theoretiac@@ghes to controlling multiple
sensor platforms. He uses entropy combined with mutuatimédion to help decentralize
the adaptive sensing probler. Rigby and Williams use adaptive sensing to plan the
best trajectory for amuv to fly to self localize given a digital elevation map. The eply
based method uses sonar as the localization sefigor |

Shannon’s information is another popular information meetKlesh et al. uses it to
help planuav trajectories to learn a base amount of information aboutipieltarget as
quickly as possible. An omnidirectional radar is the se$choice and its signal-to-noise
ratio, which is dependent on the range to a target, is usedtermdine the rate at which
information can be gained {]. Sujan and Dubowsky use Shannon’s information to fill out
an occupancy grid based on geometric models. The adaptisingedetermines where a
camera should go next to explore quickly an unknown enviremr{v5].

Whereas uncertainty, entropy, and Shannon’s informatead dith the states repre-
senting a target’s parameters, other researchers use evaaphat requires a decision to
be made or an approach that tries to maximize discriminalasdale et al. uses a receding
time horizon approach based on maximizing the probabilityetecting a stationary tar-
get. This technique is applied to plan the paths of a teannaek equipped with cameras
searching for a single targelj]. Kreucher et al. use Renyi divergence to find measure-
ments that best separates two hypotheses. In simulatieradaptive sensing algorithm
is used to determine which processing action is used: a drowving target indication
mode or a synthetic aperture radar modd [

Most of the above applications are based on sensors suclilas sanar, or vision.
When more nonlinear sensor models are used, the approaetiesd fail. The following
researchers have developed algorithms that are more gledated to the type of sensors
used inuxo work or are directly used favxo discrimination.

Hoffmann and Tomlin uses mutual information to plan theett&gry of their vehicles.
The algorithm allows the system to be decentralized as kddor avalanche beacons.
Their sensor detects magnetic dipoles produced by the baa@similar manner to the
way some sensors locatexos. 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 desgrihie beacon
[37, 38). However, the algorithm they use to estimate the targetraqmeters scales poorly
in terms of time as the number of parameters increase. Patiak also look at these
beacons, but their search algorithm is more determiniitszarches along field lines and
then approaches the estimated target locatio®. 19, 80

Researchers at Duke University have begun applying adapérsing to thexo and
mine problem. Kolba and Collins use discrimination abibty their metric for mine de-
tection. They are trying to solve the sensor managemenigrotvhere their algorithm
investigates a discretized field trying to decide if a minaia grid location or not. The
information metric is dependent on the probability of datetand the false alarm rate for
any sensor being considered. The management system usssdy gearch to help more
efficiently useEmI andGPR sensors for mine detectiori |, 48, 49, 50, 51]. By using dis-
crimination ability as a metric, the discriminators areused only on differentiating two
hypothesis which means it ignores other possibilities addes not try to maximize the in-
formation about the target parameters. Liao and Carin agpldaptive sensing algorithm
to aneEMI sensor to perfornuxo discrimination. They show that for the same number of
measurements, adaptive sensing can improve on paramgteatsn over a grid search.
This comparison does not take into account that the targetitered in the search area and
so the grid search will take more measurements to reachret facation. Also, Fisher’s
information matrix is used to quantify the information dbtd in each new potential mea-
surement, but the linearization step required does notladedge initial uncertainties well.
Their approach takes the result from the adaptive sensgagitim and uses it as an initial
guess to feed into a partially observable Markov decisi@e@ss to help classify the target.
The Markov decision process grows exponentially with theaber of states and requires a
discretized list of possible actionsd, 55].

The adaptive sensing in this thesis addresses many of thimpséy mentioned prob-
lems. The contributions of which, are listed in this nextisec
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1.5 Contributions

Two new strategies are recommended toulk® community to improveysxo discrimina-
tion. These suggestions are supported by the followingitmritons:

e Designed and implemented a local odometry based search to compete with an
existing GPs based search for uxo discrimination.
Existinguxo discrimination strategies requigestagged measurements that cover
the entire field. A localized odometry based lawnmower ttajey is shown to have
better relative positioning accuracy even when the absglositioning accuracy is
worse than the positioning accuracy provideddns This translates into an im-
proved ability to discriminate.

e Developed an algorithm that adapts a sensor trajectory to seek information for
geophysical sensorstuned for uxo investigations.
An adaptive sensing framework is developed that is fast anchandle highly non-
linear sensor functions with large state vectors. This @ggin uses the square root
form of the eigenvector sigma-point Kalman filter. This parar estimator is rota-
tionally invariant so it eliminates any bias that is not tethto the sensor model but
due to the sensor location relative to the target.

e Adapted and validated adaptive sensing for uxo discrimination with an EmI
Sensor.
A library of targets is established with real data. An estoné designed to integrate
this library into the adaptive sensing framework. Simwlias are run that show an
adaptive sensing strategy using odometry can impuoi@ discrimination.

1.6 Roadmap

Chapter 1: Introduction discusses the motivation and contributions of this re$ealtc
also presents related work from th&o and the adaptive sensing communities.

Chapter 2: Discrimination with an Electromagnetic Induction Sensor introduces the
sensor that is used to discriminatgos along with its measurement model and fit metric.
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Real sensor data is used to develop a sample target librarystinsed for discrimination
evaluations throughout the thesis.

Chapter 3: Local Search details the affects of &ps error model as compared to an
odometry error model on various localized searches. Simoualeesults with aremi sensor
running a localized lawnmower search are shown for bothscase

Chapter 4: Adaptive Sensing presents the estimator, cost function, and optimizer used t
plan atrajectory that maximizes the information gathelsaliaa target. This final selection
is made after an analysis of alternative estimators andfgnstions.

Chapter 5: Adaptive Sensing with an EM1 Sensor develops an estimator for the adaptive
sensing framework that accounts for a target library. Satmohs are then used to show the
adaptive sensing algorithm using ami sensor foruxo discrimination.

Chapter 6: Conclusion summarizes the contributions of this thesis and preserssilpe
future directions of this work.



Chapter 2

Discrimination with an Electromagnetic
| nduction Sensor

HE ELECTROMAGNETIC INDUCTION EMI, SENSORIs used throughout this thesis for
Tthe discrimination of unexploded ordnancex0. This chapter discusses why that
sensor was chosen, the physics behind its operation, and used for discrimination.
Finally, a GeonicEM61-MK 2 is used to gather data and to produce a target library used in
future simulations.

The most commonly usedxo sensors are magnetometengGs, ground penetrating
radarsGPRs, andeMI sensors. Figurg.1cshows aremi sensor which is an active sensor
that returns a measurement dependent on the metallic Blgbetpe, size, and material. It
is often used for discriminatior2f]. Figure2.1bshows a total-fieldMAG which is a passive
sensor that measures a component of the local magneticiefdrtunately, discrimination
is difficult because both anxo and a random ferrous object can produce magnetic fields
that look like they originate from a dipole. Billings thepes that discrimination can still
be done because the dipole’s orientation is related to Bamhgnetic field. However,
he admits that additional research still needs to be peddram this approach before it is
applicable in the field1?]. Figure2.1ashows asPRwhich is an active sensor that transmits
a radio wave into the ground. The sensor measures the timsteerdyth of the reflected
wave producing a map of the boundary between dielectrictaohtayers. This can detect
buried objects, but is sensitive to clutter and to the sqiétfs5].

17
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(a) Geophysical Survey Systems Utili- (b) Geometricss-858 MagMapper
tyScan

(c) GeonicEM6B1-MK?2
Figure 2.1: Geophysical sensors used ko clearance

(a) The UtilityScan is asPrthat maps the boundary between layers of equal
dielectric constant. (b) TheG-858is a total-field CesiunmAG that maps out
the strength of the local magnetic field in the direction oftBa magnetic
field. (c) TheEm61-MK 2 is a time domaireMI sensor being used at the former

Pinecastle jeep Range

aUtilityScan BrochureGeophysical Survey Systems, Inc, July 2009, www.geopBysien.
®Nancy J. StichtThe Importance of Communication at Pinecastle Jeep Rangedfty Used Defense

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

This section summarizes several different sources to explaw anEMI sensor operates
as an active metal detector. It is depicted as a loop in Figute This loop represents
a coil of wire that allows the sensor to produce and detectnmtag fields. A current is
forced through the coil to generate a magnetic field using &m’p law. Figure.2bshows

a magnetic dipole that resembles the actual field if it is plegkat a distance much greater
than the radius of the coil. Equatiofsl and?2.2 are the cartesian and spherical dipole
equations showing the magnetic field at the target locafitwe.origin of both frames is the
center of the coil and the spherical coordinate frame is ddfimith the dipole axis being
thez-axis [44]. The strength of the magnetic field falls off with the distartubed 5 is the
magnetic field and has units dfor n’T". The permeability of free space;, is 4r x 107%.
The magnetic dipole moment, has units ofAm? and the location of the target relative to
the origin,r, is inm.

= o LT m
By, = — )= — —= 2.1
= (00 - ) &
ol el o
Boy = 0 2.2
iy pEE cos r+47r|r_]3 sin 60 + 0¢ (2.2)

The loop current is cut off causing the primary dipole to gig@ar. Faraday’'s law
states that the change in magnetic field will induce eddyetusrinside the target which
is shown in Figure2.2c In accord with Lenz’s Law, these currents will try to produz
magnetic field that maintains the disappearing primary f{iéfd. The currents will decay
as a function of the object’s shape, size, and material arepiesented by the equivalent
dipole polarizability rates composed of three principahnemts, with units ofy—"f, aligned
with a target centric coordinate frame(] 63, 73]. uxos are typically modeled with just
an axial,L,, and a transversé,;,, component because they are long and axially symmetric.

Figure 2.2d shows the decaying secondary magnetic field originatingn fioe eddy
currents in the target and is described in Equafidh The primary magnetic field at the
target created by the sensorﬁs. The rotation matrixR, rotates the frame of the magnetic
field to a target fixed coordinate frame. The first rotationis around the originat-axis
followed by a rotation, around the newj-axis. The magnetic field expressed in the
target frame is then multiplied by the axial and transvem®amonents to get the dipole
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Figure 2.2: Description aEMI physics

These cartoon images depict the interactions betweeanminsensor and an
uxo. Each successive figure corresponds with the order of eventaking a

measurement. The total amount of time from beginning to ®imdthe order of
milliseconds.
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moment response. This response is rotated back to a Wonhdafrﬁinally,%‘" is found by
summing the magnetic field contributions from each compbaogthe dipole responseﬁf
is the magnetic field at the sensor caused by a unit strengtihedin thei-axis at the target
and has units of;.

L,
_ [ Be B ég]RT L, RB? (2.3)
L,

dBs
dt

cosfcos¢p cosfsing —sind
R = —sin ¢ cos ¢ 0 (2.4)

sinfcos¢ sinfsing cosd

By Faraday'’s law, the decaying component of the magnetid &iklng the normal vec-
tor, §, of the sensor is proportional, to the induced electromotive force. This proportion-
ality constant is related to the physical makeup of the wegicoil and has units o%
which produces a scalar sensor measurement with units @his final measurement dies
off at a rate oflﬂ%,. which is the product of twg—gj‘—3 components. The fir%f? is due to the
strength of the primary magnetic field at the target and thers&contribution results from

the secondary magnetic field response.

2 =ks- (2.5)

The state vectors of the sensor and of the target are showw.b&he target has five
extrinsic parameters relating to the location and oriémiadf the uxo and two intrinsic
parameters corresponding to the size, shape, and makebp tdrget. TheEmi sensor
states relate to its position and orientation.

7?‘
0

Too = | & (2.6)
L

a
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L 4 7x1
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y (m)

x (m)

Figure 2.3:EMI sensor contour

This shows two 2 EMI sensor contours. These contours represent target lo-
cations where the sensor, centered inside each respeanteur, would return
the same measurement assuming the orientation afxiaeis fixed.

> 3y

Oem = (2.7)

¢

Figure2.3 shows the sensor contours fora &enario. If the relative orientation between
the uxo and the sensor stays constant, then each sensor’s conpraeseats target lo-
cations that will return the same measurement. The two sersmwn are in different
orientations. This difference causes their respectivéotos to change. From a high level,
the target’s parameters are estimated by finding the irdgosebetween contours drawn
from knowing the relative locations and orientations of skasors for each measurement.

In the worst case scenario, if the two measurements are fed@nthe same location
and orientation, then the sensor contours would overlag.Uko could reside anywhere
along the sensor contour, and still fit the measurementsreedy well. There is still some
gain however. For each orientation and set of intrins{o parameters, sensor noise man-
ifests itself as a thickness in the sensor contour. As madimgs are taken from the same
location, the thickness of the sensor contour will shrink.

5x1
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(a) Rear view (b) Side view

Figure 2.4: GeoniCEM61-MK 2

Geonics was kind enough to loan this instrument for thisaete The transmit
and receive coils are located in the bottom rectangular eaparallel to the
ground. There is an additional receive coil in the top regilenthat is unused.
The battery is located at the center of the coil. Near the ke the right
hand side is the electronic box used to operate the instrumEne device at
the center is a portable field computer that allows the usentierface with the
instrument to control the sensor settings and to record data

2.2 Geonics EM61-MK 2

GeonicseM61-MK 2, shown in Figure?.4, is a time domaireMI sensor commonly used in
UXo clearance. The time domain sensor pulses a magnetic fieldthandmeasures the
response while the transmitter is quiet. A frequency dorsaimsor produces a continuous
time varying magnetic field and then subtracts out the tramsdsignal from the measured
response.

The EM61-MK 2 produces a rectangular waveform with a 25% duty cycle. Taesmit
and receive coils arerl x 0.5m. Measurements are taken at 2%6366us, 66Qus, and
1266.s after the transmit signal stops. Measurements up to 1&;,00@re recorded with
18 bits and can be taken at A6, every 2@m, or when manually triggeredp, 33].

The dipole in the previous section was modeled as a dipolenatimg from a small
circular coil. For the actuatme1-MK 2 sensor, that assumption is not true. Equafioh



CHAPTER 2. DISCRIMINATION WITH AN EMI SENSOR 24

shows the magnetic field produced by a rectangular coil withedsions2b x 2a [67].
The coordinate frame’s origin is the center of the coil whie t-axis normal to the coil.
The current in the coil/, affects the strength of the magnetic field like a dipole moime
oriented in thez-axis. This equation replaces Equatidi when treating the sensor as a
rectangular coil instead of a dipole.

no= Vi{et+a)P+y+b)?+2
ry = V(a—2)2+(y+b)?+ 22
ry = V(a—2)?+(y—0)?+ 2
roo= Vat+a)P+@y-b2+2
' L[ (1) |
QZ::O [ra(ra + da)}
5 Mol - (=D
b= azzo Ta(ra + (—1)“+1Ca)} e
4 (—1)%d, B Ca
I QZ::O {ra(ra +(=1)Ca)  ralra+ do‘)} i

2.2.1 Field Tests

The sensor was taken outdoors in Figdrgfor field tests to verify the sensor models. A
rectangular grid was setup at two sites on Stanford’s campilsthe dimensions 4/5

x 2.7m. In most of the trials, the objects were placed on the groudme data was
taken to see if burying the object had any effect on the sensalels. No differences were
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Figure 2.5: Field tests

Test areas were setup in open fields on the Stanford campasn&asurements
were used to identify., and L, for a set of objects to create a target library. In
the bottom image, the target was buried to see if it affedtedsensor model.

25
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| (c) Plate

Figure 2.6: Test objects

These are the objects used during testing. The rod and Xeeare similarly
axial symmetric. The plate is an object of similar size bifedint shape. All
the objects are steel.

26
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Figure 2.7: Real vs. simulated measurements

Several sets of data were gathered with each object. Theursmasnts were
taken at discrete locations and a contour map was generakée. left column
shows a single set of measurements for a rod and>an. The right column
shows corresponding simulated data based on the modelspdraeneters of
each target were obtained by fitting the sensor model to the da
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found. Each data set consisted of several lines of measuatsrtaken along the length of
the grid. The sensor was pushed at a constant rate while dataollected at 18z. The
objects used are shown in Figuzes. They were chosen to be roughly the same size so
the magnitudes of the responses would not be drasticafigredift. A plate was added for
geometric diversity in the objects. The rod iscbé4long, theuxo is 58&m long, and the
plate is 24m x 20cm. Measurement contour maps of real and simulated data avensho
for two of the objects in Figurg.7. Each cell in the figures represents & measurement
taken from that location. The simulated data is based onaf paetrameters 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 calculasnd L, for that object. Knowing
the strength of the transmit signal and the measured respainthe received signal at
several different locations allows the algorithm to map thieét magnetic field and thereby
estimate the target’s location and response strengthl\ftba shape of the magnetic field
is known, the location of the target can still be estimatetdmly the ratio of the dipole
response parameters can be found. The resulting parametgoiotted in Figur@.8. The
fit was done by minimizing the goodness of fit metric which ieask squares fit weighted
by the expected noise levels and normalized by the degrdeseafom [, 27]. It produces
similar results as the fit metrics used by Morrison et al. aasidh (3, 75]. Goodness of
fit will be used in future sections to compare algorithms. éNibtat the name goodness of
fit is misleading because the better the fit, the lower itsezalu

Fitting is done with the constrained optimization routimeEquation2.9 to estimate
ZTuxo Which hasn states. It is simultaneously trying to find the best positmmentation,
and dipole response parameters of the target that fit a set nfeasurements. The sen-
sor function used is themi sensor model in Equatioh.5. The minimization used was
MATLAB's | sgnonl i n function which defaults to a trust region method based on the
interior reflective Newton method§]. 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 aal dhe mean of
each cluster was chosen as the best guess for the objeatpamameter set.
The top left % ” cluster is from plate data sets, thex” cluster on the right is

from rod data sets, and thet+” cluster on the bottom is fronwxo data sets.
The line down the middle indicates when the axial responegussalent to the
transverse response. This situation occurs when the tésgesphere.
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Table 2.1: Library of equivalent dipole polarizability est

Object| L[4 | L,[4m]
Rod 3.58 1.59
UXxo 2.97 1.0
Plate 1.15 2.57
minimize > (Zn= Z;”)z
TUxO M—-—n—1 - Oom

SUbjeCt to Z;Tl - h({lfuxo, 9EMI,m)7 m = 17 e

—2
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27
100
100

- nx1

30

(2.9)

The constraints were based on physical limitations of taéwerld where thasxo is

close to the sensor and underground which is modeled assngedar prism of dimensions

dm x 4m x 2m. Thez-axis is positive when pointed into the ground. Theand L, are

defined as positive and constrained to be less than 100 basaloservations of the data.

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

The resulting dipole parameters are clustered in grougstivé same target. The mean of

each cluster is used as the best guess at the object’s pararaetl are written in Tabiz L

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

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

taken at 167z as the sensor was pushed along lines. The sensor positioasiiasated

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

at a constant velocity.
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Figure2.9uses simulations to show the effect af & nsor position noise on parameter
extraction. These simulations use the response paramefEable2.1to model three tar-
gets. In each run, one of the objects is assumed to be buribd genter of the search area.
A sensor is moved in lines above the target to simulate ther@alymeasurements were
taken previously. In each run, various levels of noise welded to the sensor positions
simulating an inaccurate positioning sensor. The standiewthtion of the noise is labeled
for each of the plots. On top of that noise, measurement neasealso added to the sensor
readings. Finally, each data set was then run through Eaquatd to extract the dipole
parameters which are then plotted in Figdr@ 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 measemeswvith the predicted
measurements. A true likelihood cannot be calculated witkiown prior probabilities. In
this thesis, discrimination will be done again using goad& fit. The predicted measure-
ments will be based on the objects in the library. The actaatigess of fit optimization is
rewritten in Equatior2.10

. 1 Zm — Zm 2
minimize ¢, = ——— om om
Lzuxo M—n—l;( Ozm )

SUbjeCt to Z;Tl - h({lfuxo, 9EMI,m)7 m = 17 ey M

__2_ _ ) _
— ’ 2.10
0 < Tyxo < 2 ( )

2T
2T

L J45x1 L 4 5x1
Lal

=1, L
L,

There is a subtle difference between estimating all seyghparameters, what was
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(€)op =0y = 10cm, 0, = 2cm

Figure 2.9: Parameter estimation in the presence of sewsdrgn uncertainty

Simulated data was generated using the target library. Bmser position was

shifted with random noise before estimating the dipoleasasp parameters. As
the position uncertainty increases, the spread of the dipegponse parameters
also increases.
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done in the previous section, and using the target librahetp discriminate. In the latter

situation, the dipole response parameters are known,s®nly contains the location and

orientation of the target. The targets in the library are each tried during the minimizatio
process.

,r_.’
Tuxo = | 60 (2.11)
¢

Figure2.10ashows measurements from each line during one real data thramixo

5x1

as the target. Figur2. 10bfocuses on the sixth line from the right. Assuming the tavgpe

a rod, the blue line shows the predicted measurements thafitéhe real measurements.
The red line corresponds with the best fitting plate parareefene green line follows the
best fittinguxo parameters. For a library of these targets, ubx® model would fit the
data best and have the lowest goodness of fit.

This chapter explains why and how tBell 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 chaptefferdnt strategies to determine
where to move and orient the sensor are presented whichwagre information contained
in the measurements used by this discrimination algorithm.
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Figure 2.10: The discrimination process

(a) A 3p plot showing the measurements from real field data obap. (b)
The data from the sixth line is shown along with predictedseemeasurements

from eachz o Option. Theuxo model produced the measurements that best fit
the data from all the lines.
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Chapter 3

L ocal Search

HIS CHAPTER shows how to improve discrimination using a non-adaptivau$ed
Tsearch. Traditionally, a field widepsbased search is used to find unexploded ord-
nancesyuxos. Focusing the search on a suspecaigd location and using an odometry
positioning system in a lawnmower pattern is shown to imprdiscrimination when as-
suming a bm error inGpspositioning and a 5% distance traveled error in odometrgseh
numbers are explained in Sectidri.1

3.1 Odometry vs. GPS

Section2.2.3discusses the affect sensor position accuracy has on ésiaauxo’s pa-
rameters. Traditionally, sensor measurements are gesdagih GPS measurements of
the vehicle’s location. In a large scale traversesis the preferred option because the er-
ror from location to location can be assumed to be uncogélahd bounded. The error is
modeled by the true position corrupted by Gaussian noideaknown standard deviation.
Another option for geotagging measurements is using an etlgrnased system. This sys-
tem would use odometry sensors to report the distance &vem the last measurement
and a compass to measure the heading of the vehicle. Un&belynthis setup would have
an unbounded error relative to any absolute frame of refereihe actual error is mod-
eled as an error in the relative position from the currenitmrsto the previous position.
The error distribution is Gaussian with a standard deuedi® a percentage of the distance
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Figure 3.1: Comparison of position error propagation in lfrede traverse

Two types of positioning systems are compared for a travarseroughly 7.

The start location of the lawnmower traverse is the bottoitnhiend side of the
plots. TheGPss positioning error does not change from measurement to-mea
surement. The odometry based system’s error increasesitief the vehicle
moves.
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Figure 3.2: Comparison of position error propagation in alsstale traverse

The positioning systems are now used for short lawnmoweclses that tra-
verse 14n. There is no affect oPsinduced errors because they are inde-
pendent of the distance traveled. The final odometry indecext is reduced
because the traverse has been significantly shortened.

37



CHAPTER 3. LOCAL SEARCH 38

traveled. Figure3.1 shows a sensor traveling 75in a lawnmower pattern. A position
error ellipse is drawn around the estimated location of wlesach sensor measurement
was taken. The error ellipse in tlePs case maintains its size, but in the odometry case
continuously increases. By the third line, the uncertagilipse encompasses the previous
and next estimated location of the vehicle. Further aldmgetlipse begins to include other
lines. These errors can have a large impact when trying wrjiacate measurements for
discrimination.

For the reinvestigation scenario, a sensor sweep is pegfbagain over a specific lo-
cation where awxo is believed to be buried. The original investigation can Ipeewvious
search and post processing iteration or it can be a field wadeitse with a sensor report-
ing that an object is nearby. An2 x 2m lawnmower pattern centered at the suspected
target location is used for the focused search. The smallgis chosen because the signal
strength decays qﬁ;ﬁ Section3.1.2explains why a lawnmower pattern was picked after
examining other trajectories. FiguBe2 shows these simulated lawnmower traverses. The
smaller trajectory has no effect on tbeserror ellipses, but it does reduce the final posi-
tion uncertainty for the odometry case. Despite that, thetjpm uncertainty at the end of
the traverse is still greater than tbescase.

3.1.1 Absolute Error vs. Relative Error

Section2.1 states that relative sensor positions and orientationsised for parameter
estimation. The important word here is relative as opposeathsolute. Imagine a situation
where every measurement in a pattern is shiftednbrth. The measurements would still
match anuxo model quite well, however the estimated location of theo would be
wrong, also shifted north byrd. An odometry based system is ideally suited for getting
relative information for a small scale traverse.

Figure3.3 shows a single simulated traverse witlses and an odometry error. Both
the true location and the estimated location of the sensqulatted. The estimated location
follows the desired lawnmower pattern exactly. A discriatian algorithm would assume
that each sensor measurement was taken exactly at the testilmeation. Figur&.4stacks
200 simulated traverse on top of each other. The absoluiggrosg error is defined as
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the distance each true sensor location is from its predicietion along the lawnmower
pattern. These runs assume the sensor platform has pedfeirolcand can go to any
destination with no error. Therefore, the error in the plotsentirely due to sensor error.

Figure3.5shows a shifted and rotated lawnmower pattern that doedex lpsh match-
ing with the true locations than the original estimated tmees did. This indicates that the
relative positioning error is less than the absolute pmsitig error. The new trajectory is
labeled as an estimate in a local frame because FigGraligns 200 simulated traverses
through each respective local frame.

For theGpPssituation, there is little movement for the new trajectdrige position noise
from each measurement is uncorrelated and so the best férily mgentical as the predicted
trajectory. Thespscase for both Figure3.4 and3.6 have similarly sized clusters of true
locations surrounding the estimated location. This inisdhat the relative position error
is very similar to the absolute position error.

In the odometry situation, there is a shift in the new relatrajectory indicating the
relative error is reduced from the absolute error. The elust true locations for this
situation also shrinks from Figufe4to Figure3.6. This results from the relative nature of
the odometry sensor and the trajectory. The trajectory atnwdl be discussed in the next
section.

Taking a closer look at the positioning errors, Fig@t&aplots the average error per
sensor measurement. The first ten sensor positions comesyith the bottom line of the
trajectory. ForgPs the absolute and relative error stays constant througheutraverse
because the noise is assumed to be uncorrelated. For ogothetabsolute error increases
the further the sensor moves. The overall average absotateig actually higher for the
odometry case when compared to thes case. However, the average relative error is
reduced below thepsline with a large improvement at the center of the patterns @tso
happens to be where the sensor return is strongest becausentor is close to the target.

Figure3.7bcompares the impact of various odometry errors in terms iaigoe: traveled
vs. a =m GPsSerror [67]. The 5m error corresponds with about a 7% distance traveled
odometry error. In papers by Olson and Matthies, odometoyr eates were less than 5%
[60, 71]. This thesis will assume a 5% distance traveled error favdometry system.



CHAPTER 3. LOCAL SEARCH

2r o Sensor position: truth
15} e Sensor position: estimate||
l L
€ 0.5¢
>
O L
-0.5}f
_1 -
-2 -1 0 1 2
X (m)
(a) cpserror
2! o Sensor position: truth
15} e Sensor position: estimate ||
1 %5 *0 0 U0 U 1
€ 05 LR R o R Ao ag-) [ 1
>
0 [exdedav gerieaongergeager o] 1
-0.5¢ 0% 0% %5 % 0 % o )
-1t —6-e-evocoud 1
-2 -1 0 1 2

x (m)
(b) Odometry error
Figure 3.3: Single simulated traverse

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

Two hundred traverses are displayed for each sensor type. spread of the
true locations mimic the uncertainty ellipses shown in FegL2.
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Figure 3.5: Relative trajectory

The same traverse from Figuf@3 is shown here. This time, a shifted and
rotated lawnmower pattern is fit to the true locations. Thierkttle movement

in the new pattern for th&pPstraverse. The odometry traverse shows more
movement in the new pattern indicating that the relativeers less than the
absolute error.
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Figure 3.6: Multiple simulated traverses aligned by rgkatrajectory

New shifted and rotated patterns are found for each of thelsited 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 odomsetap, but not for
the Gpscase. Note that the best relative odometry error measuresraacur

at the center of the lawnmower pattern where the measurenaeaiikely to be

the strongest.
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Figure 3.7:GPsvs. odometry comparison for small scale lawnmower trapgcto

(a) The average relative and absolute error per sensor locattoshown for
both thecpssetup and the odometry setufi) The mean relative error over
an entire traverse is shown for afm GPserror and several levels of odometry

error. TheGPs
traveled.

error compares with an odometry error of 7% over the distance
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Figure 3.8: Alternative trajectories: Relative vs. abs®losition error

This figure shows the average relative and absolute senssitiquo errors for
the two new traverses. The error in tb@scase is the same as the lawnmower
pattern shown in Figur&.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 glélce sensors at the same lo-
cations as the lawnmower pattern, but uses a pattern thatspiwards. The second one
rounds the edges of the box shape and makes the spiralingamcuar. These trajectory
change have minimal impact on tkk@s sensor, but do affect the odometry error. Figures
3.9shows the stacked sensor positions aligned by the absddjgetbry and then the best
relative trajectory.

Figures3.8 plots the average absolute and relative position error @es@ measure-
ment for the alternate trajectories. T@esinduced positioning error is the same between
all three trajectories because the error is independehedfajectory taken. The odometry
errors do not show the same improvement as seen in the lawanpatterns.

This is not an exhaustive search on all possible trajectponiat it does indicate that the
lawnmower pattern is a good choice. It has improved relgiiv&tion accuracy because
it loops back and does not enclose other lines. An intergstirection for future work
would be to explore other trajectories that explicitly amebfor the relative accuracy of
each measurement.
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Figure 3.9: Alternate trajectories

Two additional trajectories were explored along with thevikanower pattern.
The rectangular spiral starts on the bottom left hand sid¢hefplot and then
traverses in a counter-clockwise direction as it spiralsvamnds. The circular

spiral starts on the left hand side of the plot and then spiialwards in the

counter-clockwise direction. The top row have simulatitreg are stacked by
the world fixed coordinate frame. The bottom row have sirfariatthat are

stacked by a local coordinate frame fixed to the best fit netatiajectory.
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3.2 Simulations

3.2.1 uxo Discrimination

Several hundred runs were simulated to show how relativeosgositioning affects dis-
crimination. In each run, there is a single target in the gdbthat was taken from the target
library developed in SectioB.2.2 The vehicle does a focused search with an orientation
fixed sensor performing ai2 x 2m lawnmower pattern above the estimated location.
Measurement noise amounting to 5% of the signal value withrénmum noise setting is
included in each sensor reading[. The noise in sensor position is the aforementioned
5% distance traveled error for odometry andSerror forGps The target’s location and
orientation is randomly changed for each run so the algorifloes not know the object’s
true location, orientation, or type.

The goodness of fit histograms in FiguBel0 summarize the results from the simula-
tions. For each run, a goodness of fit was calculated assuiméntarget was each of the
objects in the target library. The histogram'’s bins are dasethose goodness of fit values.
Figure3.10cshows 200 simulated runs where the object buried is actaallyxo and the
positioning system isPs In ideal circumstances, thexo fit would have a minimal good-
ness of fit value and the fits from the rod and plate would hagegelgoodness of fit value.
This plot indicates the sensor data fits theo model better than the rod and plate model.
Figure3.10dperforms the same set of simulations, but with an odometsgdbaositioning
system. Thesxo model’s fit for the odometry scenario is better thandresscenario. The
rod model’s fit also improves significantly. Because the rod axo are very similarly
shaped, the algorithm has a difficult time differentiatiregvibeen the two. The plate fit is
improved also, but is noticeably weaker than the other tweatb. This trend highlights
the improvement when using odometry as opposexbt® The reduction in relative sensor
positioning error has had a significant impact on how wellgbesor models are fitted to
the data. The same trends are seen in the first row where teet@bp rod and in the last
row where the object is a plate.

A receiver operating curv&0oc, shows how these histograms affect discrimination. A
UXO technician can look at a data set and dig up anything that lggodness of fit for
anuxo model less than 5. Keep in mind that the actual buried obgeghknown, so the
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Figure 3.10: Goodness of fit histograms

Each figure represents 200 simulated runs with sensor naidgasition noise.
Each row consolidates runs where the buried objects areticeln The left
column shows runs usingPsto determine position and the right column uses
odometry. The plots indicate@serror 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 noo targets declared agxo. The y-
axis shows the percentage wXo targets declared asxo. The desired move-
ment of the line is to push it into the top left hand corner.sTrepresents digging
everyuxo item up and leaving every namxo object in the ground.

technician may ignore the other fits and just considerutke fit. These simulations for
each positioning sensor type has 2000s, 200 rods, and 200 plates. If te@sdata set

is used, 6Quxos will be uncovered, true positives, along with 22 rods anglates, false
positives. With odometry, 190x0s will be uncovered along with 129 rods and 56 plates.
By changing the fit threshold, the false positive rate and frasitive rate also changes
forming arocC that is plotted in Figur&.11 The missed detection rate can also be seen in
the figure because it is the difference between one and teg@usitive rate.
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3.2.2 Perfect Knowledge: Sensor vs. uxo Position

In the previous simulations, the trade space was whichipasig sensor should be used.
This section looks at which uncertainties affect the dimaration 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 budgd.
One assumes perfect knowledge in target position and tiee aisumes perfect knowledge
in the sensor position. In both cases, there is a clear ingonewt on differentiating the
plate from the other two axially symmetric objects. FigGré2cplots aroC generated
with a combination of the above two data set and other rungemine object buried is a
plate and a rod.

With perfect sensor positioning knowledge, the true talgeation and orientation is
normally distributed around the initial prediction. Theeoa&ll uxo goodness of fit im-
proves because there is less error on estimates of distatwedn the sensor and target
thereby reducing overall measurement noise.

In the situation with perfect knowledge about the targeitation, the orientation is
still assumed to be unknowrGpPsis used for positioning so the world frame is used for
both target and sensor position. This also produces a geedydince between thexo fit
and the other model fits.

This analysis reinforces two lines of research that can avguxo discrimination.
The first is improving the relative accuracy in the sensoitfmrsng system over the search
region. The second is improving the knowledge of the tasdetation. A potential strategy
is to incorporatevAGs andGPRs to accomplish thisgb, 107, 104].



CHAPTER 3. LOCAL SEARCH 51

Number of trials

200 ‘ ‘ 200
Il Rod Il Rod
[ [9)(e] Il uxo
150! Il Plate || 150/ Il Plate
8
©
100 ] 5 100}
Q
£
2
507, 1 501 I
. 1 = & oL - 0
0-5 6-10 11-15 16-20 21+ 0-5 6-10 11-15 16-20 21+
Goodness of fit Goodness of fit
(a) Known sensor location (b) Known target location

—— Perfect knowledge of sensor position
—— Perfect knowledge of UXO location

QO
@
()] i
=
‘@
o
Q -
(5]
2
|_

0.2 .

o ! ! ! !
0 0.2 0.4 0.6 0.8 1
False positive rate
(c)rOC

Figure 3.12: Comparison between knowing the location of#resor vs. the target

The top row,(a) and (b), shows histograms of 200 runs with a buriedo.
When the sensor locations are known perfectly, the targettion is normally
distributed around the initial estimate. In the secondatiton where the target
location is known perfectly, the sensor position is norgndiktributed around
its goal location. In both cases, the additional knowledgsists in discrimina-
tion, but it affects the goodness of fit in different wag$Thisrocincorporates
the uxo histograms with similar runs over buried plates and rods.



Chapter 4
Adaptive Sensing

EVIOUSLY, a sensor equipped vehicle was moved in a predeterminedtoay over
P:. suspected target. Adaptive sensing improves discrimimdty using the most re-
cent measurements to optimize the trajectory. This chagttews why the determinant
of the predicted uncertainty is used to quantify the effestess of a trajectory, why the
eigenvector form of the sigma-point Kalman filtegpaxF, is ideally suited to estimate that
uncertainty, and how to optimize a trajectory.

Figure 4.1 shows two high level block diagrams on how the algorithm &laptra-
jectory to maximize the information gathered about a susgearget. Adaptive sensing
has three main steps. Given some initial estimate of theplodgd ordnance’s)xo’s,
state and uncertainty,,«, andX,, ., the trajectory generation block outputs a trajectory
that attempts to maximize the information gathered. The@es moved and reoriented to
achieve the desired state and then a measurement is takeesfimator block takes both
the measurement and the sensor state and updates the estfrttee target's parameters
and uncertainty.

The trajectory generation block has been expanded in the 8gare. A predicted sen-
sor measurement;, is calculated from the sensor model using the current t@sgfenate
and a given trajectory) ;. An estimator then updates the estimates based on the fgedic
measurement. This is a recursive process that repeatshmtintire trajectory has been
completed. A cost function converts the estimate uncdstaiio a scalar cost value).
Finally, a minimization algorithm is run to find a trajectdhat minimizes the cost.
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Figure 4.1: Adaptive sensing block diagram

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

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

The rest of this chapter goes into depth about each of thé&®ladhe adaptive sensing
framework and how they interact. A simple range sensor id tis®ughout this chapter
to give insight into the algorithm. Chaptérwill show how adaptive sensing can use
electromagnetic inductiorgmi, 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 caigddeo test the algo-
rithm. The vector®, € R2*! andz,xo € R**! represent the2 Cartesian coordinates of
the range sensor and the target respectively. Figurshows two range sensors detecting
a target. The blue circle that surrounds each sensor shoastaur where a target along
that line would cause that sensor to have the same measuremen

z :H Tyxo — Or ||2 (4-1)
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4.2 Cost Function: Information Metrics

There are many metrics that can capture the amount of infoymthat is known about a
target. The state vectarrepresents the parameters of interest that describe the target. A
posterior probability distributionP(x), is placed around that state vector quantifying the
potential possibilities. If the distribution is Gaussiamgny of these metrics will be directly
related. The following sections will mathematically deserthese metrics, consider their
utility, and examine the Gaussian assumption.

421 Covariance Matrix

The covariance matrix;,, is the most common measure of the spread of a probability
distribution. It is by definition positive semidefinite angnsmetric. The diagonals of
the matrix are variances for each of the state’s parametbile whe off diagonal terms
are covariances between one parameter and anotherstfTlparameter in the vector is
represented by[:]. The matrix is diagonal if all the parameters are independérach
other and the elements are small if the uncertainty in theesponding states are small.

Y, = Elz—27] (4.2)

- ; z (4.3)

If the distribution is Gaussian, then the entire estimatelmadescribed by its mean,
and covariance;, [28, 99].
x~ N(z,%;) (4.4)

4.2.2 Fisher'sInformation Matrix

Fisher’s information matrix/”, is defined in Equation.5. It quantifies the sensitivity of a
continuous distribution to changes in the state. As theitehsincreases, the information
matrix will become larger representing the fact that theapaaters should be easier to
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estimate. If the probability distribution is fairly flat,&h the second derivatives would be
close to zero signifying little information can be gained.

I = —log(P(z)) (4.5)

T g2
Fisher’s information matrix reduces to the inverse of theacimnce matrix ifx has a
normal distribution £8, 35].

=yt (4.6)

4.2.3 Shannon’s|nformation

Shannon’s information]?, is also known as entropic information. It relates to the dif
ferential entropy/H,, of a system by Equatiof.8. Differential entropy is a scalar value
representing the average uncertainty. Shannon’s infeom& maximized in the discrete
case for a compact distribution such as a Dirac delta digtab. In this caseld, is 0. For

all other discrete distributiong],, is positive and Shannon’s information is negative. Those
constraints are not held for continuous distributions.

H, = —FEl[logP(x)]
= — /00 P(x)log P(z)dx 4.7)
IS = —H, (4.8)

Again, is has been shown that Shannon’s information isedlat| X, | if the underlying
distribution is normal. This determinant is proportionalthe area of a 2 uncertainty
ellipse or to the volume of arBuncertainty ellipsoid3, 35].

IS = —% log [(27¢)" %] (4.9)

T
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4.2.4 Mutual I nformation

Mutual information,/ ~.» represents the average reduction of uncertainty in tigetatate,
x, due to a potential sensor measuremeritthe random variables are independentitie
term in Equationt.11will go to zero as no information is gained with these measan@s.

_ / / (2, ) log P(x]2)dwd> (4.10)
Mo _p [logM]
B P(z,2)
= / / (z,2)log P(x)P(z)dxdz
— H, - H,. (4.11)

Mutual information can also be related to relative entropl{allback Leibler distance,
D(), which measures the distance between two probability tessi

D(f |l g) = / flogg (4.12)

Iy, = D(P(x,2) || P(z)P(2))

Given linear functions and a Gaussian distribution, Logtghdetermined that mutual
information between a state and a set of measurements iatonship between prior
uncertaint@m, and the posterior uncertainty,; given the entire measurement sequence.
[23, 28, 37, 56).

1|
) A — 1 4.13

425 Summary

All of these information metrics require a posterior disition to be calculated given pre-
vious measurements. The estimators presented in the ratiirsare specifically devoted
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to that task. Frew makes an argument that the covariancérshtuld be used to represent
information because that is what estimators typically pggie. The covariance matrix will
therefore include the nonlinear effects of whichever eatonis chosenZd]. As a bit of
foreshadowing, the best estimator for the adaptive sersingtraints of this thesis is a
nonlinear form of the Kalman filter. The estimator works begh Gaussian distributions
and propagates,. Recall that given the Gaussian assumption, Fisher’s, ri&ires and
mutual information are all tied directly to the same undettamatrix and thereforeX, |
will be used to measure information.

Kullback Leibler distance is an interesting way of measyithre separation of distribu-
tions. It could be used to find the measurements that woulohdigsh one hypothesis over
another hypothesis. However, this requires a good unahetisig of the probability func-
tion for each hypothesis and is conditioned on the two hygexth covering all possibilities.
|Y..| avoids that by only considering the parameters of the target

4.3 Estimator: Parameter Estimation

The adaptive sensing framework uses a recursive Bayesi@maésr to incorporate new
measurements into the current estimate of the target péessrend its uncertainty. Be-
cause the target parameters are static, this estimatiarequeoe is known as parameter
estimation [0(]. The following section discusses the parameter estimatéwsion of the
particle filter and various forms of the Kalman filter.

Parameter estimation is used to estimate the stgteen a set ot measurements. The
state,z;, represents the estimate of the target’s parameters atttinidle sensor states
are defined by, and can include the sensor’s location and orientation. Téte sipdate
function, ¢(), for parameter estimation is an identity function, Equaticl5 affected by
noises;. The noise in the state update function should be zero bedhesstate is not
changing, however in some of the estimators the value musbbezero to allow the state
estimate to change. The measurement funcfig),is also corrupted by some noise
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Figure 4.3: Comparison of estimators with a range sensor

(a) The blue line is the sensor contour for a range sensor. Tlgetastimate is

the yellow rectangle with a magenta uncertainty ellipses €stimated location

of the target is correct for this comparisofh)-(e) show the posterior estimate
and uncertainty of the target in red after a perfect sensoasneement is taken.
The triangles are where the sigma-points are located in itpaa-point filters.
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ry = g(x_1,u) + & (4.14)
= X1+ & (4.15)
Zt — h(ﬂft, Qt) + 52& (416)

Figure4.3 compares the different estimators using a range sensorartiéinial situa-
tion. The blue line shows possible target locations wheenaar located at the black circle
will return the same signal. The prior estimate is corre¢hat the mean is directly located
on the actual location of the target shown as the yellow nggéa The prior uncertainty is
shown for each estimator in magenta. A measurement is takezath estimator with no
noise and the red posterior estimate is plotted. The postestimate is still large because
the estimator is still incorporating the possibility of seiinto its estimates.

4.3.1 ParticleFilter

The particle filter,pF, is a Monte Carlo based estimator that can handle nonlinger- f
tions along with non-Gaussian and multi-modal distribagio In Figure4.3y the initial
uncertainty is represented by a magenta cloud of partitiasare randomly distributed
according to the prior distribution. After the measuremsiéken, the particles are resam-
pled to represent the posterior distribution which is rdughsubset of the initial particles
that are closest to the sensor contour because they are #idikety to be correct.

The full PFalgorithm is presented in detail in many sources such@sid [LO(. This
estimator uses a nonzero value for the noise in the statéduarto allow the state estimates
to move around searching for the solution. 'Hras compared in Sectiof.4.1with other
estimators to generate an information metric. PRés used as the most accurate estimator
because it does not suffer from the Gaussian assumption.etwthe section will also
show the scaling issues that make Hrea poor choice for this research.
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Table 4.1: Extended Kalman filter

Standard Parameter estimation
Ty = g(T-1) Ty = Ty
I_Gt Ti— 1G +E Etzzmtfl
Kt =3, HI (HS, H +35)7' | K; = S CHE(HYS, HE +35)71
=T+ Ki(z — h(zy)) =T+ Ki(z — hgszt))
Z = (I - K,H)X,, = (I — K.Hy)>y,
Table 4.2: Extended information filter
Standard Parameter estimation
Ty—1 = ;; i1 Ty = Q;tl,lgt—l
Q. (Gtht 1GT + )7t Q= Qa,
& = $tg(xt 1) gt = Qxfl't—l
xt—g(xt 1) Ty = Ty
Q. th + HI'YS H, Q. th + HI'YS H,
ft = gt HTE ( h(ﬂft, Qt) + Hti't) ft = gt HTE ( h(ﬂft, Qt) + Hti't)

4.3.2 Extended Kalman Filter & Extended Information Filter

The extended Kalman filtegkF, and the extended information filteg)F, are nonlinear
variations of the Kalman filter which is an optimal filter fanéar Gaussian systems. While
the Kalman filter itself does not require Gaussian distidng, it is sub optimal when those
conditions are not met because it only propagates the ficsss@arond order moments of the
distribution. TheekF andelF use a first order Taylor series to linearize the functionsiago
the target estimate. The blue vertical line in Figdrécshows the linearized version of the
sensor function. The posterior estimate remains Gaussidmh@ mean does not change.
Comparing it with therF the ellipse captures most of the actual distribution, blgates
out the top and bottom section of the distribution that f@Bdhe sensor contour.

Both algorithms are presented in Tablesand4.2 The linearization is done with two
Jacobian matrices;; and H,. TheEIF stores the estimate in an information vectprand
an information matrix§2,, [98, 104.

=x! (4.17)

t Tt
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§ = Qpymy (4.18)

Gy = 8%—(93)\36:“ (4.19)
a

H, = wwt (4.20)
X

TheEekF and theeIF update the estimates in different manners, but the reseltmath-
ematically equivalent. Thelr is computationally favorable when the estimator is incerpo
rating new information without immediately calculating estimate. The&kF has to run
through the entire algorithm to update, . TheEIF updates the uncertainty using Equation
4.21without worrying about updating the state. This simplificats what researchers take
advantage of for decentralized estimation and sensorrfusio

Qpy =y, + HIYSUH, (4.21)

Tt—1

There are two subtleties to notice from these algorithmgstAf the measurement
taken matches with the predicted measurement, then theagstimean does not change.
This can be seen in line 4 of tlexF algorithm. It can also be seen in Figutelawhere
the posterior mean is at the same location as the prior. Tdwndehing to notice is that the
update in the posterior uncertainty is independent of tiar pincertainty. Equatiod.21
shows the amount of change in the information matrix is elytidue to the sensor function
and independent of the prior information matrix.

4.3.3 Sigma-Point Kalman Filter & Sigma-Point | nformation Filter

The sigma-point Kalman filteisPKF, is a more recent nonlinear variation of the Kalman
filter [41]. Instead of linearizing the functionspkKF models the estimate as a setaf+ 1
specially chosen points. These points cover the same pteaspace as the target estimate,
but are spaced in such a way that they capture the uncer@isttybution. Figure4.3d
shows the sigma-points for the prior distribution as a sdtiahgles. These sigma-points
are run through the estimator with the new measurement te@ egnwith a second set of
sigma-points that represent the posterior distributidns Tiew uncertainty ellipse captures
more of the top and bottom sections of #redistribution.



CHAPTER 4. ADAPTIVE SENSING 63

Table 4.3: Sigma-Point Kalman filter

Variables
A=a*(n+k)—n
v=vVn+2A
wO = LA
w? = )\ +1—a?+p
wfn:wé— (n+/\ fori=1,...,2n
Standard Parameter estimation
Xi 1 =x 1+ ... Xe 1 =21+ ...
[0 YVEZers =7/ ] [0 YW, —7/Zes |
X/ —9<Xt 1)
- B= > wh, X Ty =T
El’t - Zz o W (X*Z )(X* - i't)T + 2 th = thq
Xo=m+ [0 WE, Vs | X=X,
7, = h(Xt,Ht)_
2= Z n Zf
5., = ZZ o We (ZZ 2 )(Z —2)T + 55
Srom = 2 wi(X] — 2)(Z] — 2)"
K, = Emt ztz;l
xy =T + Ky(z — zt)
g, = th KtZth

The sPKF enjoys some distinct advantages over #ie and theekrF. Empirical ev-
idence has shown that tle®kF handles nonlinear equations better and is less likely to
diverge when compared &xF [40, 53]. Perea et al. observed ts@kF handles large un-
certainties better than thexr [76]. One reason is thePKFis accurate to the second order
of the Taylor seriessPKFalso takes into account initial uncertainty when propamggiioth
the mean and covariance. From an implementation perspestKF offers a significant
advantage in that no Jacobian is ever calculated becausggtha-points are propagated
directly through the state and measurement functiof§||

The standard&spPKF algorithm and its parameter estimation version are writtenin
Table4.3. The first part of the table details out some of 8rxF specific variables. The
second portion describes the prediction step of the stdnamsion and the parameter esti-
mation version of thesPKF. The third section contains the equations for the measureme
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Table 4.4: Sigma-Point information filter

Standard Parameter estimation
X1 =x 1+ ... X1 =xp1+ ...
[ 0 rY\/_EJEt—l - \V Emt71 :| [ 0 ’Y\/ Emt71 - \V Emtfl ]
X/ —Q(Xt 1)
i"tZZ" wi, X7 Tt = Ty
S:Bt = E?go wf:(X*Z - xt)(X*Z - jt)T + X Srt =Yg,
Xt:ftﬂL{U VS —Wﬂw Xy =X
Q,, =2, 1
75 = Q:Etft
t = h(Xt, ‘9t>
o= Z?ZO w,, Zy

Sit =7 wi(ZE = 2)(ZF— )T 4 B

Vaper = Z?ZO wf:(X’ xt)<Z- - ét)T

L,=0T%,, .. (2, -5 oIS, )

2" g

th =Q,, + LT Q.

Tt, Zt a3

& = ft + Li(z — 2 + th thlEtjt)

update section of the filter which is the same for both useked®KkF[99].

Vercauteren and Wang develop the information form of thterfishown in Tablet.4
[97, 107. Unlike theEIF , there is not a significant computational savings by usimg th
form because each uncertainty update requires the engioeithim to be run.

There is also a square root form of the sigma-point Kalmaerfiltritten in Table4.5
that is both computationally cheaper and numerically stalilhis is the version of the
SPKF implemented in this thesis with() as an identity function anil. = 0 when used
for parameter estimation. Merwe and Wan also have a paraesttmation version of this
algorithm that is computationally simpler(1].

Figure4.4enlarges the posterior estimate from By andsPKFcomparisons in Figure
4.3, TheEKF mean does not change from its original estimate because ¢asurement
is exactly what the filter expects. TH®KF mean moves slightly off from the original
estimate despite the correct initial estimate and a penfeasurement. From a high level
perspective, the filter is trying to capture the tails of tietrtbution that curves along with
the sensor contour. By shifting the mean, the uncertaititysel is able to capture more of
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(a) EKF
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(b) sPKF

Figure 4.4: Zooming in on posterior estimate

This figure takes a closer look at the posterior distribusiom Figures4.3cand
4.3d TheEekF's posterior estimate does not move from its original looatibut
the SPKFs estimate does. This is caused by #imF algorithm trying to follow
the leftwards curve of the sensor contour.
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Table 4.5: Square root sigma-point Kalman filteo {]

Sz, = chol(X,,_,)
X1 =m "_’ [ 0 fVS:Btfl _fySJEt—l }
X7 —Q(Xt 1)
_ T =Y wh, X
75:& =qr ({ vV w%(*X:an - Te) Ve ])
Sy, = (_:holupdate( Smtl Xio — Iy, w? )
Xy =1 + [ 0 7Sz —7Su ]
7, = h(X..0)
) % = Z T
S, —qr([ VW (Zt12n_zt> \/2_5 D
S, = cholupdate( S..o Zio — w? )
th,Zt = Z (XZ T )(th - Zt)T
Kt ( Z’t,zt/ t)/SZt
Ty =Ty + Ki(z — Z)
U = Ktslzt
Sy, = cholupdate( Se, U, —1 )

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

Ty =T+ Xy, 20 (2 — 2) (4.22)

Tt,2t —xt

Equationd.22updates state uncertainty for thekrFand is reproduced from Table3.
If it is given the correct initial state, then Equatidr23needs to be true fat; to not change.
Keep in mind that is not just the predicted sensor measurement of the meanagstibut
a combination of the predicted measurements from each spgnmé. This can also be seen
in the calculation of in Table4.3and rewritten in Equatiod.25 The matrix, 22", must
be positive definite becausg,, must be positive semi-definite and invertible. One option
for the mean to not change is fiar,, ., to be equal to a zero matrix. A second option would
be forz = 2.

Yerm S (2 —2) =[0,..., 07 (4.23)

Tt 2t —xt

Zw iz (20— z)T (4.24)
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Relationship A
= = = Relationship B| |

Figure 4.5: Relationships that eliminaekF bias

This plot show some simple relationships between sanmpleohlinear sensor
models which will not lead to a biasesPkFestimate. The axes are theand z
variables shifted so that the plots are centered at the origi

2n
=) w,(h(X.0) (4.25)
1=0

Figure 4.5 shows examples of symmetry betweerand = that can occur which will
eliminate bias. Using Equatioh24 if the measurement function is symmetric like rela-
tionship A from Figure4.5, theny,, ., will be a zero matrix. Using Equatiof.25 if the
measurement function is antisymmetric like relationshiphignz, = z;.

ky = x—i (4.26)
k., = h(z,0) — h(z,0) (4.27)
= h(z,0) -2 (4.28)

4.3.4 Sguare Root Eigenvector Sigma-Point Kalman Filter

Julier and Ulhman’s original paper on sigma-point filteegtess that any matrix square root
can be used to calculate tBe + 1 sigma-points with the following equation from Table
4.3[41].
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‘ ‘ — Uncertainty
3l O Principal square root 3l ‘
¢{ Cholesky decomposition
2 + Eigenvector square root 2F

(a) Original uncertainty ellipse (b) Rotated uncertainty ellipse

Figure 4.6: Various matrix square roots to calculate sigoigs

This plots several sets of sigma-points that describe armaiaty ellipse. Each
set is calculated with a different type of matrix square r@ily the eigenvector
square root rotates with the ellipse.

X=a+|0 WS - | (4.29)

The square root filter in the previous section uses the Ckypl@scomposition to cal-
culate the sigma-points. Any symmetric positive definiteanmraan be broken down into a
lower triangular real matrix[,, and its conjugate transpose. Note that\gLAB chol
function actually produces the upper triangular matrixegslspecified.

Y, = LL* (4.30)
Another option is the principal square root which returns tdentical roots. This is
also theMATLAB sqr t mfunction.

5, =SS (4.31)

Figure4.6shows these sigma-points plotted on two uncertainty e$ijgsat are rotated
relative to each other. The sigma-points from the Cholegkpthposition and the principal
square root do not stay fixed to the ellipse. The effect this dra adaptive sensing is
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discussed in Sectiof.4.3

There are three ways to mask the rotational effect of sigmat@. The first method
is to rotate the entire coordinate frame of the system sowihan the sigma-points are
calculated, the axes are aligned with the major and mina afkthe ellipse. After they
are calculated, rotate everything back into the world fraridis is a difficult strategy
especially as the number of states increase. Another tgedims to force the sigma-points
to be close to the state estimate by reducingr « in Table4.3. This method forces the
SPKF to capture less of the nonlinearities in the measurememtifum but improves its
rotational consistency.

The last technique is something originally mentioned byedidnd Ulhman. Fix the
sigma-points to the eigenvectorsl]. A singular value decomposition is done on the result
of the Cholesky decomposition to get the eigenvectors. Toare root form can also be
used for this adaptation of tle®kF, and it will be referred to as the eigenvector sigma-point
Kalman filter, sPKF.

L = Uz VT (4.32)
Y, = vz vivyio? (4.33)
= Uy xty” (4.34)
= L7 (4.35)
L' = Uy (4.36)

44 Cost Maps

The estimators are now used to calculate a cost for whereate @ range sensor in @ 2
scenario. Higher cost means less information is obtaineah fhat location. In Figures
4.7and4.8 the magenta ellipse is the initial uncertainty ellipsewhibe original estimate
centered at the origin. The contour plots are the cost ofifga sensor at that location.
The following sections explain why thesekFis preferred when propagating estimates to
determine a cost.
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(a) PFcost map (b) PF cost map with reduced prior uncer-
tainty
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Figure 4.7: Estimator cost maps with reduced priors

These cost maps are generated to determine where to placege iensor to
maximize information. The initial estimate is centeredhat origin and the
magenta ellipse shows the prior uncertainty.
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441 ParticleFilter Cost Map

ThepFapproach calculates mutual information with the technapeloped by Hoffmann,
[37]. Figures4.7aand4.7bplot the negative of the mutual information so that inforimiat
is maximized when cost is minimized. For the first figure, theppnsuggests placing the
sensor far away from the center. If the sensor is right nexihéotarget, then the sensor
signal might get washed out in the noise because the signaak. Remember, in this
artificial situation, the signal is simply a distance valoetise closer the sensor is to the
target the weaker the signal. Moreover, the real sensor instte next chapter returns
a stronger value as it nears the target. The map also saythénatis a preference to be
somewhere along the vertical axis. The initial ellipse isger along the vertical axis, so
the sensor needs to be placed on that axis to reduce thataintethe quickest. Imagine a
sensor placed on the vertical axis, the circular sensopcomtould cross the target with its
tangent along the horizontal axis. That reading will previdformation along the vertical
axis, and less information along the horizontal.

The initial uncertainty is reduced to nearly circular in lig4.7h This causes the cost
map to change shape. The preference to move the senson faviag from the center is
still present. The contour is shifted a little bit, and tieglue to randomness inherent to the
particle filter.

The weakness in this approach is the computational compleXn inherent problem
with the PF is that the larger number of states that are being estimdtednore particles
are needed to accurately capture the distribution. Oneredncbst calculations took a
Pentium 4 1.8 GHz computer 30.8 seconds for 500 particlesc8tizi seconds for 1000
particles.

4.4.2 Extended Information Filter Cost Map

TheEIF andEKF costs uséYl,| as the information metric which was explained in Section
4.2.5 They produce identical results so only #i€ plots are presented here in Figudesc
and4.7d The trend of putting the sensor on the vertical axis agraetstiwe PF approach.
However, theeiF form does not care how far the sensor is from the target. REqahtion
4.21, the only dependence of updating state uncertainty is orexpected noise levels,



CHAPTER 4. ADAPTIVE SENSING 72

Y5, and the Jacobian of the measurement functidn, There is no dependence on the
signal-to-noise ratio.

The initial uncertainty is reduced to nearly circular agairrigure4.7d The recom-
mendation of this approach does not change. It still say$ateghe sensor on the vertical
axis, and ignores everything else. The estimator is shottajit ignores any uncertainty
in the state when it determines how much the new measureniikatfect uncertainty, the
second portion of Equatiof21

While the linearization affects that cause the issues abveaden the estimator’s ability
to capture information, it does allow an analytical solatto be found to calculate cost
for T' number of sensor readings. As shown in Tahlg the update for uncertainty is
Equatiord.21 The state is not updated because the predicted sensorneraasi uses the
same sensor model and there will be no innovation in the epstap. The measurement
function’s Jacobiani/;, can be shown to be dependent only on the sensor’s oriemtatio
relative to the target fixed coordinate frame and indepetnofetfistance.

@r _ xr
HF —_t Tt (4.37)
' | ©F — a7 [|2
_ [ cos g ] (4.38)
sin (bt

The information matrixf2,,, is constant because it represents the prior knowledge
about the target and does not change with regards to eaétttrgj being considered.
The noiseYs, is assumed to be equal and uncorrelated. Equétiérepresents an equiv-
alent cost metric that when minimized will also minimize tireginal cost metric. For an
analytical trajectory solution, the best and worst caseate exist when Equatioh.46is
true.
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argmin J, = argmin — |(Qu, + > H/ S5 H,) (4.39)
or Or t=1.T '
= argmin — Z HtTthlHt (4.40)
o1 t=1..T
= argmin — Z HIH, (4.41)
o1 t=1..T
= argmin — 2o, €O8” fbt 1o (cos ?bt;iﬂ br) (4.42)
Or > io.7(cOS @y sin ) > o, Sin” @y
= argmin J} (4.43)
Or
Jp = — [ > o1 cos? '¢t > i—o.7(cos ?bt;in 1) ] (4.44)
> i—o.7(COS @y sin &) > o 7 SIn” ¢y
T T
Tro= > D —sin(dr -6 (4.45)
t=0 7=0,7#t
[ 0 .. 0 } = V,Jr (4.46)

4.4.3 Regular and Eigenvector Sigma-Point Kalman Filter Cost Map

In this subsection, thePkFand the sPKFbased cost metrics are applied to the range sensor
case. Figured.7eand4.7f show the ePKF cost maps which are identical to teekF cost
maps when the ellipses major and minor axes are aligned atbdordinate frame’s axes.
Both cost maps mimic the correspondigcost maps in terms of the preference of putting
the sensor far from the target and to place it along the \&@rdixis. There are cusps in the
esPKF implementation that are due to using sigma-points to lizeahe process. In the
reduced uncertainty case, the cost map strongly encoutage®nsor to be placed away
from the target but it does not care about where in orientatithis shows the algorithm
accounting for initial uncertainty unlike tr|etF approach. The drawback with tire was

the computation time. For the same computer system, 10@alustiations with the &PKF



CHAPTER 4. ADAPTIVE SENSING

y (m)

x (m)

(a) PF cost map with rotated prior uncertainty
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Figure 4.8: Estimator cost maps with rotated uncertairltgsss

These cost maps are very similar to the ones displaced inr&ifyi. They are
showing the affect on the estimators caused by a rotatedlinitcertainty. The
sigma-points are plotted for the figures that use sigma-{goin

74



CHAPTER 4. ADAPTIVE SENSING 75

estimator took 0.75 seconds compared tcrth80.8 seconds with 500 particles. TheP&F
estimator manages to account for signal-to-noise iss@Esngtry, and initial uncertainty
without the cost calculation penalty. It however, doeseufiie effect from doing some
linearization as seen by the cusps.

Figure4.8looks at what happens when the initial uncertainty is rotaldne expectation
is the cost map will rotate with the initial uncertainty basa the sensor measurement is
only influenced by the distance to the target. Pirgolot shows the cost map rotating with
the uncertainty ellipse. ThePKF cost map does not rotate with the uncertainty ellipse.
It actually changes shape. This means the cost is now depeodesomething unrelated
to the sensor model. By making the estimator rotationalmtiant, that dependence will
be eliminated and adaptive sensing can more accuratelyaenegpsts from two different
sensor locations. ThesekF cost map exhibits this trait due to its sigma-points moving
accordingly.

Aside from geometry and signal-to-noise ratio, tis®er cost metric also has a pref-
erence for areas that are more linear, or follow relatigngin Figure4.5, because in
those areas the filter can be more aggressive in reducingtaimtg. One of the inherent
advantages of thePkFis that it does not try to over estimate in situations wheeestnsor
function is extremely nonlinear. This can be seen when tpkicloser look at thePkF
covariance update step which is rewritten in Equatioty.

Yo =S — Say s St (4.47)

Tt,2t

Using the proposition detailed in Table6, by maximizing|S,, ., 5257 | | the cost
metric|X,,| is minimized. The assumptions required by the propositierupheld because
the matrices involved are covariance matrices that haves $omowledge and some uncer-
tainty relating to all the states. What follows is not anfutable proof because it assumes
Y., iS constant, but it does indicate a trend.

Observing|X.,| will give insight to how linearity in the sensor equation hffect the
cost function. Because only one sensor is udgdjs al x 1 matrix. As¥., is reduced,
22,2255, 5L | will increase ifS,, ., is constant. To simplify the analysis, some of the

sigma-point filter variables are redefined below. Equafidiiis 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, anl is n x n, the
following is true.

argmin |A — B| = argmax | B]
B B

Proof: Define \; as theith eigenvalue of the matri
A"2BA™:.

argmin |A — B|
= aranin log|A — B
= arg;nin log |A%(I — A_%BA_%)A%|
= argénin(log |A| +1log |(I — A2 BA™2)))

= argminlog |(] — A_%BA_%)|
B

= argminlo 1=\
gminlog [ J(1 =)

i=1

= argmin Z(l - A\i)
B =

n
= argmaxg Y
B “
=1

= argmaxlog|A_%BA_%|
B

= argmax(log|A™!| + log | B)
B

= argmax|B]
B

PaY
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update step in thePKF.

(=L = o) =1/S. (4.48)
h = h(ﬂ?t + ESC, ‘915) (449)
he = h(z, — X, 0,) (4.50)
izt = wg( xt,ﬁt +Z(A)
+) Wiz — hi)? + 5, (4.51)

i=1

The first term of Equatiod.51is zero if the measurement function is linear or follows
relationship B from4.5 becauses, will becomeh(z,;,6,). The last term is always con-
stant. Separating out correspondiaigterms, the equations below will show that the two
summation terms are minimized with a linear measuremeratim

d IS ) 2 i
0 = dét«Zt — W)+ (5 — L)%
d 52 7 \2 7 7
5(22} + (h+) + (h_) — 2Zth — 2Zth )
t

= 42, —2h', — 2h"

% = 0.5(h" +ho) (4.52)
d? , .
@((a —h )P+ (5 —h)Y)=4>0 (4.53)
t

This analysis has shown that teaekF cost metric is influenced by the linearity or anti-
symmetry of the measurement equation throtigh When the sensor equation meets those
conditions andixt,Zt is constanty., is minimized and thereforg,, | is also minimized.
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4.5 Trajectory Generation

Equation4.54 summarizes the optimization that incorporates the abostoss and pro-
duces a locally optimal trajectory. The trajectory is subuopl because the function is
non-convex and so global optimality is not guaranteed. ¢feoto constrain the trajectory

of the vehicle, the optimization is actually performed oa#rthe commands/,,,, which
moves the sensor from,, ; to 6,, through an update functiory,(). Them is used in-
stead oft only to indicate that each measurement does not have to be tdlequal time
intervals. The estimator function(), propagates the estimates given the predicted mea-
surement. It is there because the mean changes when usimg-dased estimator due to
the bias issues discussed in Sectioh3 MATLAB's f m ncon function was used to solve
the optimization with a sequential quadratic programmitg. [

minimize J(9r70, Zuxo,0, quxo,o)

subjectto 0., = f(0rm—1,un)
{x/uxo,m Z:;UXO,O} = {$uxo,07 Ezvuxo,o}
2y = 1(@uxoms Or.m) (4.54)
{x(JXO,nw lxuxo,m} = 6(2;17,7 x{Jxo,m—lv Z;:Uxo,m—l)

J = ‘E;UXO,J\/I‘

Umin < U, < Umax



Chapter 5

Adaptive Sensing with an
Electromagnetic Induction Sensor

HE LAST CHAPTER presented the general adaptive sensing framework. Thgeaha
Tadapts the method for unexploded ordnanece, discrimination using an electro-
magnetic inductiongMi, sensor. An eigenvector sigma-point Kalman filtep gF, is used
to formulate the cost of every sensor action. Simulatiomlteswill show that adaptive
sensing, which determines where to move and orient the sdreoimproved discrimina-
tion ability over the previously mentioned lawnmower searthey will also show that the
ability to orient the sensor is important for adaptive segsiAn odometry based position-
ing system is assumed here.

5.1 New Framework

Figure5.1 shows the adaptive sensing block diagramudao discrimination. It incorpo-
rates theem sensor into the sensor block, therF for estimation, andX, | as the cost
function. The two differences for the new framework are theklahead window and the
estimator block incorporating a target library.

The look ahead window is reduced to one which is a greedylsglfc= 1. This means
the adaptive sensing algorithm will only consider the newetstep when trying to to move
and orient the sensor. The drawback for this strategy isttieasearch cannot go through
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Lyxo
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by

TUXO L
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Figure 5.1:EMI adaptive sensing block diagram

This block diagram incorporates the estimator and cost fioncresults from
Chapter4 into the general adaptive sensing framework. The bottontiquror
shows how the estimator handles a target library.
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areas of low information to reach an area of high informalici. This search space is also
not convex so the solution found is not guaranteed to be @ptifectiort.5discusses the
optimization routine used. To increase the chance of minirgicost, the search routine is
initialized with several different potential sensor laoas and orientations. The resulting
sensor action that has the minimum cost over the set of semarslused to decide what the
sensor will do next.

The second change allows the estimator to handle a libratgrgéts. This approach
was originally taken from the fault detection field where albaf filters is used to de-
tect faults. All are run simultaneously, with each filter exaing a different possible fault
[104, 109. In this case, a separate filter is run for each target initirardy. This incor-
porates the knowledge represented in the library by usiagdrtget's dipole parameters.
Mathematically, it reduces the state space being estiniaesth filter and allows the filter
to concentrate on estimating the target’s location anchtateon.

(5.1)

Luxo =

S > 3

5x1

The trajectory generation block currently requires a sregtimate to be passed to it.
The possible estimates range from the best fit target to aioatndn of all possible target
estimates. The best fit target is used because as more nmeasiseare gathered and the
estimate uncertainty decreases, the adaptive sensintpauls on that specific target. The
nonlinear least squares optimization from EquafialDis used to determine which target
estimate is chosen. The minimization is seeded with thenaséi mean. The estimate mean
is not used directly to calculate goodness of fit becausd@®ett3.3says the mean will
be biased especially when the uncertainty is large. A miration search will force the
result to be the best possible fit given the current measuresmeéhe estimator’s mean and
uncertainty of the best fit object is then used to generatenatragectory. That estimate
does a better job of representing the distribution of therege despite the mean being
biased.

There are two possible outputs of the trajectory generdtionk. 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 bycdsida on the vehicle. At
the end of the chapter, the adaptive sensing algorithm wollipce a 2x 1 vector that is
only the sensor location. This later investigation lookshat affect on the discrimination
process from fixing sensor orientation.

i
HEMI - 0 or HEMI - [ T }le (5-2)
¢

Figuress.2and5.3show plots at different times for a grid traverse and an adapéens-

4x1

ing trajectory. In the beginning, both estimators startloffiking the target is a rod located
at the origin. As they take more measurements, each estimdkechange what it thinks
the target is. This strength of the bank of filters is that eeugh the target identifica-
tion is wrong, the information is not lost. The filter for eaelnget is continuously running
and incorporating new measurements. When the estimattehsasi suspected targets, the
mean and estimate used to determine the new trajectoryinsrafthe information from
previous measurements. In Figwre, the estimator initially thinks the target is a rod and
then switches between arxo and a plate before finally deciding on aro.

The adaptive sensing algorithm shown in Figbréuses the simple motion constraints
implemented in Equation.54 More complicated constraints can be used.

After the last sensor reading, the same minimization reusrun again to determine
which target fits the set of measurements better. The seanaitialized with each potential
object’s posterior estimate. This is done for two reasoirst,Fas mentioned before there is
a bias in the estimator so this search routine will elimiriatg bias. Second, the estimate
was based on a Kalman estimator with a Gaussian assumptigne s no guarantee that
the states being propagated follow the Gaussian assumpliois last search allows the
final discriminatory metric not to be biased by that assuampti
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“x(m)
(fy m =50

Figure 5.2: Grid trajectory

The vehicle is driven in a small lawnmower pattern centeretha initial es-
timate of the target’s location. Several time steps aretptbtalong with the
estimate of the target type, location, orientation, anderteinty. The initial
guess of the target is that it is a rod and located at the origit the 20th
measurement, the estimator briefly thought the target wdata.p

83



CHAPTER 5. ADAPTIVE SENSING WITH AN EMI SENSOR

X (m) y (m)

X (m)
(eym =17 ) m =20

Figure 5.3: Adaptive sensing trajectory

The sensor is moved and oriented according to the adaptivarsg algorithm.
Initially, the target was thought to be a rod located at thégor. After about
9 measurements, the target is thought to beuam.The sensor positions are
clustered around the actual target reducing the chanceakipg up stray sensor
readings from another target.
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Figure 5.4: Goodness of fit histograms

Each figure represents 200 simulated runs with sensor naidgasition noise.
Each row consolidates runs where the object buried is idgahtiThe right col-
umn uses the adaptive sensing algorithm. The left colunmintsghe grid plots

from Figure3.10for comparison.
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5.2 Simulation

These simulations are similar to what is run in Seciah 1l Two hundred trials are done
for each buried object executing an adaptive sensing taajecNoise is included for the
EMI measurements and the odometry positioning errors. Thettsu@ctual location and
orientation is randomly changed for each run. At the end o éaverse, a goodness of fit
metric is calculated for each object in the library given theasurements taken and their
corresponding sensor states.

Figure5.4 plots the new goodness of fit histograms running the adapéusing algo-
rithm. The left column reprints the histograms describing ¢rid search. Like the grid
search, the adaptive sensing approach does a good job oighgood fits for the correct
items. The difference lies in how well the algorithm distimghes between objects that
are dissimilar. For th&xo situation, Figures.4dhas the plate fits severely weakened as
over a hundred of the trial runs resulted in goodness of fitsvef 20. In the same plot,
the rod still exhibits a strong fit for the data. They samedranseen in the rod data set.
The rod anduxo models both exhibit strong fits for each of the runs, but tizepinodel
is diminished. This is reasonable because both the roduadare similarly sized long
axially symmetric objects and so the fits should not be far off

Figure5.5summarizes the discrimination results from the previowstaower patterns
using Gps and odometry along with two adaptive sensing operationaleao The first
mode allows the sensor to rotate, the second does not. Teeeeoperating curvegoc,
curve shows that the adaptive sensing algorithm that cangeharientation is better than
the grid approach usingps However, it does not seem to be better than the grid approach
using odometry. Th&oc curve was generated only using thgo goodness of fit. The
next plot looks at all the fits. It identifies the target basedwdich model fits the data
best. In that situation, the adaptive sensing has the bestiiidation rate using only 20
measurements. After that, the discrimination ability detates possibility due to the build
up of odometry error. SectioB.1 points out how relative and absolute accuracy impact
discrimination, and it shows why a grid pattern is particyladept at retaining relative
positioning accuracy. Adaptive sensing does not leveralgdéive accuracy.

In the same plots, it is clear that the adaptive sensing widfdforientation does poorly.
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The ability to change the orientation of the sensor allovesalyorithm to gather unique
information that the fixed orientation approaches cannbe laBwnmower pattern already
forces the sensor to fully sample the space of fixed orientatieasurements.

The histograms for the adaptive sensing trials shows agivee in fit quality between
the two long axially symmetric objects and the plate. Figou@looks at how well each
trajectory identifies the two types of objects. The adaptimesing outperforms the other
options when its orientation is allowed to change.
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Figure 5.5: Comparison between trajectories

These plots summarize the discrimination results from tbidrams in Figure
5.4. It also includes thespslawnmower 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 objeuts plates

The histograms in Figuré.4 show that adaptive sensing is particularly adept
at separating the long axially symmetric objects from thageol This plot looks
into how well each traverse technique fares in that task.



Chapter 6
Conclusions

HE UNEXPLODED ORDNANCE UXO, community has spent a large amount of time,
Tenergy, and money trying to solve thixo discrimination problem. The traditional
method is to completely cover a field wittPstagged sensor readings, post process the
data, and then excavate from the resulting dig list. Thisitheotives two alternate strate-
gies that allow for betteuxo discrimination and eliminate the need for an external po-
sitioning sensor. The first option is to use an odometry basssitioning system with a
localized lawnmower pattern. The second option also usesietty, but this time does an
adaptive search of the area.

There are four assumptions made for this research. BimgtMI sensor is usedBoth
MAGS andGPRs were considered, but they do not provide the discrimiyabilities of the
EMI sensor.

Second,a target library exists of potential objects in the field@he library contains
the dipole response parameters for each of the objects. ditéscan be initialized with
foreknowledge of objects in the field and then augmented wiegnitems are uncovered.

Third, the sensing platforrhas prior knowledge that something is in the arekhis
can come from a map of potential targets generated from aquevield wide traverse.

It can also be a vehicle currently performing a field wide érae, detecting something
interesting, and deciding to immediately investigate.

The last assumption is that each of the focused searcheshaslyne target in the
area This is a reasonable assumption for several reasonseNthseignal dies off at a rate
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inversely proportional to the distance to the sixth powdrug, only targets that are very
close together will have overlapping sensor readings. tapta/e sensing also focuses its
search close to the target further decreasing the chanceeofaring targets. While there
is no way to guarantee that there is always only one targetim, ¥he future work section
will discuss several ways of relaxing this constraint.

6.1 Summary of Contributions

This dissertation concentrates on focused investigabbagarget to improve discrimina-
tion. Two recommendations are made to the community. The first recommendation is
to use the sensor with the best relative accuracy in a smalinteower pattern. An odome-
try system is built into the sensing platform so no extermalifponing infrastructure needs
to be deployed. This differs from differentiabPssystems, robotic total stations, and other
external based positioning systems which are can be affégtdine of sight obstructions
and the distance away from a base station. The second requatien assumes a vehicle
is carrying the sensor and can rotate it. The vehicle can rof@pn an adaptive trajectory
that tries to maximize its information about the target.

These recommendations were developed as a result of thieeamdributions.

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 cage of a field with &Psequipped
sensor. A lawnmower pattern is typically used as the mogtieffi way to cover an open
field. TheGPspositioning error is independent of the vehicle’s trajegtoecause measure-
ment error from time step to time step is assumed to be inadEpenThere are correlated
error sources witlsPssuch as multi-path, but they are not dealt with here.

Chapter3 starts off looking at the affects of relative error and absmlerror onuxo
discrimination. If the goal is to come up with a set of dipotggmeters that best fit the data,
then relative error is more important. Fitting data taean model requires the location and
orientation of each measurement relative to each other tob@n. The resulting set of
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position states could be biased. The extreme example iscd data that is shifted several
feet east. The parameters found with those sensor measusewié fit the data well, but
the target location will be shifted the same distance.

Odometry inherently is a relative sensor. For large fieldenrdverses, the positioning
error will continue to grow as the vehicle travels furtheddarther. The error is much
more manageable for a small focused search. Additionalgyvamower pattern is more
conducive to an odometry system because of the way it redalzive error. Several other
trajectories were tried and did not exhibit the same progert

Simulations were run comparing the effectswxo discrimination fromcPswith a 5
cm error versus an odometry system usifig 8istance traveled as error. The goodness of
fit metrics andRoc show that an odometry system is an improvement oveGtesystem.

Finally, that chapter looked at the effects of having an onpd positioning system
and having an improved knowledge of the target’s locatioot $Nirprisingly, in both cases
there is a significant improvement in discrimination.

Developed an algorithm that adapts a sensor trajectory to seek information for geo-
physical sensorstuned for uxo investigations.

An adaptive sensing framework is developed thdag and can handlaighly nonlinear
sensor functionwith large state vectorsChapter begins with a block diagram of the al-
gorithm. An estimate containing a mean and a covariancesepts the target parameters.
The estimator takes a set of measurements and the sensgrastdtproduces an estimate of
the target. A trajectory generation block then decides wi@move and rotate the sensor
to maximize information. Finally, the sensor is moved toiaeeh the desired state, and a
measurement is taken. A new estimate is calculated and tloess is repeated.

The target generation block also has several componentsedigbed sensor measure-
ment is determined from the current best target estimateagutential sensor state. The
predicted measurement goes into an estimator that predecfgosterior estimate. The pro-
cess is repeated until the entire trajectory is flown. A saadat is calculated from the final
uncertainty. The trajectory that produces the minimum ote trajectory chosen.

A range sensor is used to give insight into each of the compgen&everal estimators
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and information metrics are discussed before settling estjuare root eigenvector sigma-
point Kalman filter, sPKF, and the determinant of the covariance matrix. The patrticle
filter is a good nonlinear estimator, but it does not scald with large state vectors. The
extended Kalman filter can handle a large number of statest daes not handle highly
nonlinear sensor functions and it ignores prior uncerigsn{lhe sigma-point Kalman filter
allows for nonlinearities without suffering the scalingpplem. The eigenvector version of
it forces the sigma-points to align themselves along thereigctor allowing the estimator
to be rotationally invariant. The example in Sectibrd.3shows that the sigma-points can
affect the estimator due to how their locations are caledland not from the sensor model.
Finally, several forms of information are discussed. Theyall 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 tdityetry. Borrowing from the
fault detection field, a bank of filters is used to maintain etiva estimate of the states for
each object in the library. The target that best matchesutremt set of sensor readings has
its estimate sent to the trajectory generation block. Thsva the adaptive sensing to be
performed, but not lose any information if the guess is wrokiter the final measurement,

a goodness of fit is calculated for every object after runamg@ptimization to fit the sensor
data to the sensor models. This eliminates the Gaussiampsisa built into the estimator
and the inherent bias in thesekr. Simulations are run that show the adaptive sensing
algorithm will improveuxo discrimination if theemi sensor is allowed to rotate.

6.2 FutureWork

6.2.1 UXO

There are many roads that can be taken to help impwos@ discrimination. The direct

path from this research leads to more field test, constmicti@ sensor platform, and ap-
plying more advanced discrimination techniques. This oekoynenabled platform allows
the sensor to be used in the focused lawnmower search ordptiae sensing. Autonomy
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can be built into the platform, or have a separate systertheethuman user where and how
to move the vehicle. Afterwards, field trials at actuado sites should be run to charac-
terize the information gathering ability of the methodagto@he discrimination technique
used in the thesis is purely based on goodness of fit. The adftedhation should also
continue to improve discrimination when more advanced rim&clearning techniques are
applied.

A single target in view is assumed by this thesis. Fusirgpra into the sensor suite
can help eliminate that assumption.a®R will be able to identify different objects in the
immediate vicinity and help localize them. It can even heifhuhe target shape3p]. An
esPKF based algorithm is well suited to handle the large stateoveequired to handle
multiple objects.

Adaptive sensing also allows the fusion of other geophysieasors or positioning
sensors. The new geophysical sensors could add new paranetine discrimination
process or help better locate the target. There is the plitgsih splitting the transmit and
receive coils up. Maybe there is information lost by co-toggthe coils. The positioning
sensors can provide better sensor locations by incorpgridcation uncertainty and even
using a simultaneous localization and mapping algorithoam. They could also be used
to factor in relative accuracy.

The EMI sensor models used in this work were based on a single tineelgaading
from a specific sensor. There are other sensors that can exdne decay rates of a signal,
use different sensor models, or present measurements fretiieency domain. As better
sensor models and sensors are developed, adaptive seasibg epplied to any of those
situations.

TheEM61-MK 2 returns a scalar measurement of a component of the localetiagield.
Adaptive sensing uses a sensor’s ability to move and ratajaitkly understand the entire
vector magnetic field. If a sensor can instantaneously nmedbe direction and strength
of the local magnetic vector, then the entire magnetic fialdaso be quickly determined.
There are researchers designing systems to do that withaseeelocated transmit and
receive coils. This is a field of research that has a largenpiatdor improvinguxo work,
and it would be interesting to see the effect adaptive sgrtsas with such a sensor.
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6.2.2 Adaptive Sensing

There are also many directions for future work outsidettke field. There are situations
that require a set of parameters to be identified as quicklyaasible. This can come
from a military requirement for locating an enemy quicklydastealthily or a scientific
requirement for conserving power. Two potential targe¢saF source such as a enemy
transmission or an avalanche rescue beacah Pdaptive sensing allows the user to vary
certain sensor states to accomplish that. This can be thalgusition and orientation of
the sensor, the type of sensor, or even the specific sensogset

Given a specific set of sensor models and target states, sthenatric and estimators
presented here can also optimize the configuration of asisensors. The only difference
is that in adaptive sensing, the optimization occurs oveerse time steps. When optimiz-
ing a sensor suite, the algorithm decides which sensorsctada and how to configure
them.

In some situations, multiple vehicles are used for parangstigmation and so a decen-
tralized adaptive sensing algorithm can be used. A commamtique uses the extended
information filter, EIF, to efficiently transfer information between vehicles. Therent
information forms of thesPkF do not exhibit the simplification of the covariance update
step that allows theIF to be used in this mannes4, 97, 107).

6.3 Concluding Remarks

A large amount of the currentxo research is focused on the sensor technology and the
post processing algorithms which include sensor modelsr@ahine learning. The goal

of this thesis was to investigate unexplored paths thagkrttie two areas. Is there a way
to use current sensor technology more efficiently? Thisshegues that the answer is yes
and it details some of those methods.



Appendix A

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

L ocalization with a Total-Field
M agnetometer

OTAL-FIELD MAGNETOMETER, MAG, is another sensor commonly used in the unex-
Tploded ordnance)xo, field. This chapter applies the adaptive sensing algorititm
aMAG to uxo localization and not twxo discrimination. Field tests were performed to
validate the sensor models and simulations were run that adaptive sensing improves
localization.

The MAG measures the magnitude of the component of a magnetic figlakeal with
Earth’s magnetic field1[6]. Figure B.1ashows the static magnetic field, produced by
theuxo and it shows Earth’s magnetic fiel,. Theuxo’s magnetic field is assumed to
be a dipole that results from remnant and induced magnetizaRemnant magnetization
is the permanent magnetization of the object and inducedchetegtion is the object’s
response to being placed in an ambient magnetic field. Intiqu&. 1, 7 and & represent
the location of the sensor and thgo respectively. This is the same equation as the dipole
equation presented in Chaptr B, is a unit vector that is pointed in the same direction
as Earth’s magnetic fieldlLD, 15, 107. The target state vector is a combination of the
uxo’s location and its dipole vector;* = [R”,7]”. The sensor states consist of the
magnetometer’s locatiofly” = 7, € R3*.
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Figure B.1: Description ofiAG physics

These images depict the interactions betweama sensor and awxo. The
target possesses a static magnetic field. The sensor détectomponent of
that magnetic field aligned with Earth’s magnetic field.

B =2@m- 7— R (ﬁ_{?) S (B.1)
= >]|!F—R!B HF—RHS’)
% = B. - B(7) (B.2)

In this thesis, amAG will be used for detection and not discrimination becauseyna
non-uxo ferrous objects can also be treated as a magnetic dipoliend3ilproposes that
on impact, aruxo will lose its remnant magnetization leaving the induced n&igation
to be the sole source of the detected magnetic field. Thisdidicection will be close to
Earth’s magnetic field. However, due to ambiguities betwaeiobject’'s shape, size, and
dipole moment, actual classification is still difficulti]. Zhang et al. uses parameters from
aMAG to feed the electromagnetic inducti@wmi, based discrimination algorithms(7].

B.1 Sensor

The Geometricss-858 MagMapper was used in field tests to validate the dipole model
From its data sheet, this total-fieldaG “is based on a self-oscillating split-beam Cesium
Vapor.” It can operate in a field between 20,000 and 100;@0@&nd has an accuracy of
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(a) Geometrics-858 MagMapper

(b) Field test

Figure B.2:MAG hardware testing

This total-fieldMAG was generously loaned by Geometrics for this reseérch
It was used to validate theAG models by taking gridded data on a test field
marked off by pvc pipes. Figu&lbis showing this sensor in use.

3mage is courtesy of http://www.geoafrica.co.za/reddegimetrics/magnetometg858.htm.
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Figure B.3: Real vs. simulated measurements

Several sets of data were gathered with each object. Theuregasnts were
taken at discrete locations and a contour map was generak@e. left column
shows a single set of measurements for a rod andian. The background
magnetic field is subtracted out. The right column showsesponding sim-
ulated data based on the sensor models. The parameters lofte@et were
obtained by fitting the sensor model to the data.
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less than 2.7 [31, 91]

The sensor was taken into the field to measure the same qlypédisred in Figure
2.6, used for theemi tests. Each object was placed on the ground in the center &ha 4
x 4.5m area shown in Figur&.2b. The sensor was always oriented north because of its
sensitivity to heading. In each data set, 169 measuremeartstaken with 387 spacing
between readings.

A rod and anuxo data sets are plotted in FiguBe3. The axes show thet?location
of the sensor and the color corresponds with the sensom@gadi 7. The left column of
the plots is the real readings while the right column is sated readings from a best fit
parameter set. The background noise was measured first badggiently subtracted out
of future readings. A plate data has the same shape and ibowhsFor reference, &Rl
or a loudspeaker magnet is sevefa in strength, a refrigerator magnet is severdl’s,
and Earth’s magnetic field is between.30and 607"

B.2 Adaptive Sensing

The adaptive sensing used here is the same approach addsoriChapteb without a
target library. Adaptive sensing is trying to decide wherglace the sensor im andy
and is assuming that the sensor height is fixed. There is rotdfbm sensor orientation
incorporated in this example, which is akin to having thesseiconstantly facing the same
heading. The parameter estimation is estimating the taligete’s location, orientation,
and magnitude.

A run of 50 measurements arranged in a grid pattern was caudpab0 measurements
taken at locations prescribed by adaptive sensing. An eleaaigach pattern is shown in
FiguresB.4 andB.5. The initial guess of each estimator was that the target oeatéd
at the origin. There was no sensor position noise, but thasemeasurement noise. The
location, orientation, and strength of the magnetic dipgds changed for every simulated
run. The figures only show the target estimate and its unogyten 2D, but all six states
are being estimated.

TableB.1 summarizes the localization results from 200 runs. Theiretror is because
the initial guess is the origin of the plot while the actuabtt is located somewhere else.
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Table B.1: Simulation results of 200 Runs wiiAG

Initial | Grid | Adaptive Sensing
Localization Error{n) | 0.62 | 0.24 0.18

The grid approach does improve on that accuracy, but theigdaensing improves it even
more.

Adaptive sensing was used on one of the data sets from thedstisl The measure-
ments were originally taken in a grid pattern. The best digctocation from the set of
sensor positions was used as the next sensor position. @aceneasurement had been
used, the sensor cannot return to that location. FigBrésndB.7 show four time steps
and the resulting estimation of the target's location asdiitcertainty. The dipole vector is
also being estimated, but is not being displayed.



APPENDIX B. LOCALIZATION WITH A TOTAL-FIELD MAGNETOMETER 103

2 2
1 1
Eo Eo
> >
a
-1 -1 o oo o o0 o o o
_2 L L L _2 L L L
-2 -1 0 1 2 -2 -1 0 1 2
x(m) x(m)
@m=20 (b)ym =10
2 2
1 1
E: 0 E: 0 O 0O000O0O0OOOO
> >

oo oo : ®
_1— 4 _1,

-2 -1 0 1 2 -2 -1 0 1 2
x(m) x(m)

(c)m = 20 (d)ym = 30

1r 4 1r O 00O0O0OOOOOOo

O 0 O0O0O0OO0OO0OO0OOoOOo

E o 1 E of
-1 q -1r
2 1 0 1 2 2 1 0 1 2
x (m) X (m)
(e)m =40 () m =50

Figure B.4: Lawnmower trajectory

TheMAG equipped vehicle is driven in a small lawnmower pattern acbthe
suspected target location. Each plot shows the last 10 meamsnt locations
with the most recent measurement emphasized. The actget iarthe yellow
box and the estimate mean is the center of the magenta umtgrédlipse.
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Figure B.5: Adaptive sensing trajectory

TheMAG equipped vehicle is moved according to adaptive sensingh gkt
shows the last 10 measurement locations with the most rezessurement em-
phasized. Adaptive sensing quickly locates the target amiecs the search
around that location.
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Figure B.6: Adaptive sensing with real data far éstimation, part 1

This uses real sensor data for the estimation procedure.nféesurements and

sensor locations are taken from a single data set. The lefrayht columns are
respectively the top down view and isometric view of theescen
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Figure B.7: Adaptive sensing with real data far éstimation, part 2

This is a continuation of the previous adaptive sensing. plot
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