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This dissertation addresses the urgent global crisis of landmines, unexploded ordnance

(UXO), and explosive remnants of war (ERW) through the lens of multimodal geophysics. Chap-

ter 1 sets the stage by highlighting the humanitarian imperative while underscoring the broader

applicability of the developed methods and instruments for shallow critical zone exploration. Un-

like conventional engineering-centric approaches, our geoscience-centered methodology offers

promising avenues for effectively detecting and characterizing buried hazards. Chapter 2 metic-

ulously examines various geophysical sensors, identifying limitations and proposing innovative

solutions. Notably, TetraMag, a novel triaxial magnetic gradiometer, overcomes the deficiencies

of single-sensor systems, demonstrating superior sensitivity to small-scale variations in the mag-

netic field. Chapter 3 delves into the intricate symmetries and invariants of the finite-difference

magnetic gradient tensor (FDMGT), elucidating its pivotal role in precise target localization and



parameter estimation within the shallow critical zone. The methodology outlined streamlines

data processing and interpretation, laying a robust foundation for UAV-based detection systems.

Chapter 4 introduces machine learning techniques, particularly convolutional neural networks

(CNNs), as powerful target detection and parameter estimation tools. By synergizing multiple

geophysical modalities, these methods enhance our ability to discern subtle anomalies with high

accuracy. Chapter 5 proposes a method to mitigate magnetic self-noise in UAV-mounted gra-

diometers, enhancing data fidelity and spatial coherence. This approach, applicable to various

vehicle platforms, further extends the reach of our detection capabilities. In Chapter 6, we in-

tegrate and apply these methodologies to a real-world minefield scenario, achieving success in

detecting and localizing buried targets. While acknowledging limitations such as payload con-

straints and computational demands, our findings underscore the versatility and robustness of the

developed techniques. This dissertation addresses the pressing humanitarian challenge of land-

mine detection and advances the broader field of shallow critical zone geophysics. The method-

ologies and technologies presented here hold promise for diverse applications beyond military

contexts, ranging from infrastructure mapping to hydrogeological studies.
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Chapter 1: Introduction

1.1 Global Landmine and UXO Crisis

There are over 110 million landmines, unexploded ordnance (UXO), and explosive rem-

nants of war (ERW) buried worldwide that cause thousands of injuries and/or deaths every

year [11] (see Figure 1.1). In addition to the 110 million already emplaced landmines, there

are roughly 250 million stockpiled, and 2.5 million new landmines are buried each year, with

recent conflicts resulting in a tenfold increase in casualties in places such as Ukraine [12, 13].

Landmines are made from various materials, including metal, plastic, ceramics, wood, and glass,

and their placement occurs across diverse landscapes, including arid deserts, humid continental,

and damp tropical zones [14]. Improvised explosive devices (IEDs) are also part of the mod-

ern warfare scene, largely due to their low cost, fast construction time, and easily concealed

nature [13, 15].

There are two main categories of landmines: anti-tank (AT) and anti-personnel (AP) (see

Figure 1.2). While landmines can be traced back to the Roman Empire, AT designs were not

invented until the 1800s and have been in continual use ever since [16]. AP landmines were

first used in World War I, and were primarily made of metal; in response, the military relied

heavily on metal detectors for detection and removal efforts [17]. World War II saw an increase

in landmines made of other materials, such as plastic and ceramic, to avoid detection by handheld
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metal detectors [18].

Figure 1.1: Landmine, UXO, and ERW Contamination and
Casualties in 2022. (Adapted from 1.1)

While peacetime agreements

such as the 1997 Mine Ban Treaty

lay the framework for ending the

use, production, stockpiling, and

transfer of AP mines and for de-

stroying stockpiles and clearing

mined areas, the reality is that

landmines and ERWs continue to

plague the globe [13, 19]. The

worldwide proliferation of buried

explosives creates a long-lasting

threat of victim-activated detona-

tion along with social and eco-

nomic harm to the affected re-

gions. In Lebanon, for example,

the loss of agricultural resources

due to landmine contamination amounts to USD $126.7 million in direct losses, potentially four

times that amount when accounting for indirect costs [20]. Since managing the landmine and

UXO threat is now beyond the reach of international sanctions, remediation efforts must be ef-

fective and efficient.
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Figure 1.2: Types of Landmines and Common Specifications.

1.2 The Costs of Inconsistent Detection

Inconsistent ERW and UXO detection techniques have made remediation efforts slow, dan-

gerous, and stunted agricultural development in countries most impacted by minefields. Mine

remediation remains incredibly expensive — it costs an average of USD $3 to make a simple

landmine and an average of USD $1000 to clear it [21]. Locations such as the Falklands have

dealt with minefield contamination since 1982, and are still not fully cleared of landmines [22].

Boggy environmental conditions inhibit traditional geophysical surveying, including ground pen-

etrating radar (GPR) and magnetometry [23]. Slow remediation has devastating consequences for

the safety of people living near the minefields and prevents citizens from using it for agricultural

development, directly affecting the local economy and ability to feed its inhabitants. In countries

such as Colombia, where landmine-related casualties are increasing rapidly, minefield contami-
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nation has slowed the battle against the drug trade, exacerbating an already devastating narcotics

crisis [24].

A cost-efficient, easily deployed, terrain-independent, and automated approach to detection

and remediation is needed. One proposed solution is to combine geophysical remote sensing with

UAV (Unmanned Aerial Vehicle) technology, but current aerial solutions deploy single-sensor

capabilities that do not adjust to environmental conditions. GPR, for example, is best suited for

environments where soil moisture content is low and the substrate is homogeneous, which is not

common for many minefields. Additionally, the utility of GPR when used in diverse soil and

environmental conditions has yet to be fully characterized, especially for UAV use cases [25].

Machines designed to clear minefields by detonating as many mines as possible are harmful

to the environment, as detonation leads to pollutant release and soil degradation or deforesta-

tion, which may affect entire populations of species by altering food chains and damaging habi-

tats [26]. Commercially available single-sensor demining unmanned aerial systems (UAS) often

yield false flags, while current multi-sensor systems are land-based, cumbersome to transport to

remote sites, terrain limited, and require hazardous on-site participation and exposure to poten-

tial blast radii. Addressing the global UXO crisis using purely engineering techniques (demining

machines) or purely scientific techniques (traditional single-sensor and land-based multi-sensor

surveying) has not worked. A multi-disciplinary approach that relies heavily on geoscience and

our understanding of geophysics may be the key to solving this problem and saving thousands of

lives. This work aims to investigate the advantages and limitations of a multi-modal geophysical

sensor-fused, non-invasive aerial package and explore the extent to which novel data processing

techniques and machine learning may be leveraged to achieve optimal anomaly detection in the

shallow critical zone.
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Figure 1.3: Common Landmine Detection Techniques. Geophysics-based techniques are in yel-
low. (Adapted from [1])

1.3 Common Geophysical Detection Methods and Limitations

1.3.1 Geophysical Detection Methods

Figure 1.3 summarizes the most common landmine detection techniques in use today [1].

Geophysical principles and practices that are most applicable are in yellow and include magnet-

ics, GPR, microwave radiometry, electrical impedance tomography, infrared (IR), visible light,

light detection and ranging (LiDAR), nuclear quadrupole resonance (NQR), sound and ultra-

sound, and acoustic/seismic. Of these, the non-invasive techniques that may be integrated as a

UAV payload include magnetics, GPR, visible light, LiDAR, and NQR. To understand which

methods were best suited for this project, exploring the operational theory, advantages, and limi-

tations of commercially available single-sensor and multi-sensor systems is useful.
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1.3.2 Single-Sensor Systems

Magnetometers (proton precession and fluxgate types), GPR, IR, and LiDAR are the most

widely used single-sensor systems for landmine and ERW detection.

1.3.2.1 Magnetometers

Terrestrial magnetometers measure the magnetic field strength at a particular location on

Earth, which results from a combination of (a) the slow-varying field that originates from magneto-

hydrodynamic interactions in the outer core, (b) the fast-varying field that originates from iono-

spheric currents, (c) anomalies that result from geophysical targets, and (d) variations that result

from anthropogenic activities [27]. Geophysical targets vary in spatial scale from kilometers (for

petroleum and mining materials) to centimeters (for archeological and UXO/landmine materials),

and the intensity of the anomaly will depend on the magnetic properties of the material and its

relative abundance. Anthropogenic activities that can result in magnetic field variations include

the use of DC-powered train systems such as the Bay Area Rapid Transit (BART) electric railway

in San Francisco, which produces both electromagnetic noise and Pc3 (7-100 mHz) geomagnetic

pulses [28, 29]. Earth’s magnetic field has dipolar and nondipolar components, and westward

drift of approximately 0.2◦ in longitude occurs annually [30]. The goal of a magnetometer-based

study, then, is to measure the compounded magnetic field (total-field intensity), separate the con-

tributions of the ambient field from anomalies associated with geophysical targets, and model

the observed field, using complementary geologic information to select the most likely candidate

model for interpretation. Magnetometers exploit the ferrimagnetic properties of geologic and

anthropogenic materials. When a ferrimagnetic material (such as a landmine with metal casing)
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is placed in an external magnetic field, induced magnetization occurs, dissipating once the ex-

ternal field is removed [31]. The two most common instruments used for field-based magnetic

measurements and landmine/ERW surveying are proton precession magnetometers and fluxgate

magnetometers [32–38].

Proton Precession Magnetometers Proton precession magnetometers estimate the scalar ma-

gnetic field by measuring the Larmor precession frequency of a proton magnetic moment around

an ambient magnetic field [2]. The sensor head of commercially available proton precession mag-

netometers is a cylinder filled with hydrogen-rich fluid (typically decane or water) surrounded by

a coil and connected to a power supply, amplifier, and frequency-measuring electronics. When a

current is applied to the coil, a magnetic field, B⃗, that is orders of magnitudes larger than Earth’s

ambient field is produced parallel to the coil axis [31]. The protons in the cylinder’s liquid act

as tiny spinning dipoles that align themselves to the direction of the coil’s magnetic field. The

ratio of the proton’s spin angular momentum, L, and parallel magnetic moment vector, mp is the

well-known proton-gyromagnetic ratio, γp [39].

γp =
mp

L
= 2.6752218744× 108s−1T−1 (1.1)

In the presence of the external magnetic field, B⃗, there is a torque on the magnetic moment,

which changes the angular momentum vector and causes L and m to precess around the direction

of B⃗ at a Larmor frequency of γpB⃗, shown in Figure 1.4 [2].

When the current (directed magnetic field) is removed from the coil, the protons precess

back in alignment with the ambient geomagnetic field, producing a small alternating current in

the coil at the Larmor frequency [31]. Knowing the Larmor frequency and magnitude of the
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directed magnetic field enables accurate determination of the total-field intensity.

Figure 1.4: Precession around an exter-
nal magnetic field. A proton’s angular
momentum, L, and parallel magnetic
field vector, m⃗, changes in the pres-
ence of an external magnetic field, B⃗,
causing a precession around B⃗ propor-
tional to the proton-gyromagnetic ratio.
(Adapted from [2])

Advantages of proton precession magnetometers

include their low cost and ease of operation for ground

and aircraft-based surveys. No leveling or orientation

adjustments are required of the sensor head beyond

keeping it at a high angle with respect to the geomag-

netic field, and the instruments are typically precise to

1 nT [40]. Proton precession magnetometers also lack

moving parts, making their operation robust in a vari-

ety of environments and weather conditions [31]. The

low power requirement for many models also enables

continuous operation and rapid data collection in the

field [2].

Disadvantages of proton precession magnetome-

ters include the interpretability of their scalar outputs

and potential sensor and electronics issues that may af-

fect the accuracy of their measurements. Since they

provide information about the total field intensity, not direction information, data are typically

more difficult to interpret than vector magnetometers [40]. The accuracy of the proton precession

magnetometer is impacted by (a) errors in frequency measurement, (b) distorted field measure-

ments from magnetically unclean sensors, and (c) mechanical rotation, which can add or subtract

to the precession frequency [2]. Additionally, since the measured precession data are small, it

is important to operate proton precession magnetometers as far away from unwanted magnetic
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Figure 1.5: Fluxgate magnetometer diagram. Primary coils and oppositely-wound secondary
coils surround two ferromagnetic cores. Driving current through the primary coils will induce
an opposite magnetic field from the primary coil. When the cores are aligned with an external
magnetic field, the resulting asymmetry in the secondary coil will produce a voltage proportional
to the magnitude of the external field. (Source: [2])

noise sources such as AC power lines and cultural sources such as cars, buildings, and utility

lines as possible.

Fluxgate Magnetometers Fluxgate magnetometers measure the vector components of a mag-

netic field by exploiting the nonlinear relationship between an external magnetic field and induced

magnetization in ferrimagnetic materials [2, 41]. The basic fluxgate sensor typically consists of

two ferromagnetic cores with coils of wire wound around them. Both cores are wound with a

primary coil. Still, the orientation of the winding is opposite one another such that a drive current

will saturate the cores and induce magnetic fields with equal magnitude but opposite direction,

effectively canceling out the magnetization in the absence of an ambient magnetic field [31].

Secondary coils surround the primary coils and are oppositely wound in series. When no external

magnetic field is present, driving current through the primary coils results in their magnetic satu-

ration but no induced voltage in the secondary coils since the primary coil magnetizations were

canceled. Figure 1.5 shows a diagram of the basic fluxgate magnetometer.
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Figure 1.6: Ring-Core Fluxgate Magnetometer
Diagram. Source: [3]

When the cores are aligned with an am-

bient magnetic field, an asymmetry arises be-

tween the magnetization of the cores, causing

an asymmetry of the rates of change of mag-

netic flux in the secondary coils and inducing

an electromotive force in the sense winding at

twice the frequency of the driving current sig-

nal (i.e., the second harmonic) [2, 42]. The

second harmonic produced is proportional to

the component of the ambient field that is par-

allel to the orientation of the core axis. A triax-

ial fluxgate magnetometer may consist of two

individual ring-core fluxgate sensors whose sense windings each measure one of the orthogonal

magnetic field components. One of the ring cores has windings perpendicular to one another,

enabling the measurement of two of the field components simultaneously. The second ring core

has windings oriented perpendicular to the first ring core, allowing for measurement of the third

component. Figure 1.6 shows a schematic of a typical ring-core fluxgate sensor (Figure 1 of [3]).

The advantages of fluxgate magnetometers include their light weight, robust architecture,

and low power consumption [43]. Most commercially available fluxgates are relatively low-

cost, facilitating the construction of multi-sensor packages such as magnetic gradiometers. These

can overcome some inherent instrument limitations and allow for easier calibration [44]. Their

high sensitivity and high-resolution capabilities make fluxgate magnetometers particularly well-

suited for shallow geophysics applications with low-metal targets [45]. Low power consumption
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and lightweight fluxgate sensors allow higher ground cover efficiency during surveys, despite

necessary calibration tasks [32].

Disadvantages of fluxgate magnetometers arise from measuring relative changes and in-

clude intrinsic errors in sensitivity, offset, and angle [43]. Since most fluxgates measure with

1 nT accuracy, the orientation of the sensor head must be known to be within 0.001◦ to ensure

proper alignment, which may be cumbersome when used as a hand-held instrument in the field

(this is discussed further in Chapter 3). Relatively large offset drift has been observed in triax-

ial fluxgate magnetometers, which may be reduced in either the analog or digital domain [44].

Most commercially available triaxial fluxgates include electronic feedback arrangements to lin-

earize the measured response, so the use of three independent units near one another may result

in feedback errors [2].

1.3.2.2 Ground Penetrating Radar (GPR)

GPR detects buried objects by sending radio waves into the ground and observing return

signals generated by reflections off interfaces with contrasting electrical properties [32]. The GPR

system consists of a signal generator, transmission antenna, receiving antenna, and data acquisi-

tion electronics [31]. Commercial units typically have a fixed geometry for the transmitting and

receiving antennae, which are moved over the ground surface to detect subsurface features [46].

Since electromagnetic (EM) waves propagate with very little dispersion, the scattered or reflected

signal is very similar in appearance to the transmitted signal, making reflected signal recognition

straightforward [47]. Analyzing the time delay, signal intensity, and phase between transmitted

and received signals supplies information about the distance, size, and velocity of reflectors in
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the subsurface.

Transmission of the radio waves occurs as either a pulsed-echo (time pulse), frequency-

modulated continuous wave (FMCW), or stepped frequency continuous wave (SFCW). In a

pulsed-echo GPR, the radio wave is emitted in a repetitive train of short bursts around a central

frequency, and a return signal is received between timed pulses [47]. The transmitted signal for

a pulsed-echo system is typically a Ricker wavelet, the second derivative of a Gaussian function.

FMCW GPR units emit continuous transmission power but can change operating frequencies

during the measurement. This creates a sweep across which frequency and phase differences

between the transmitted and received signals are collected [48]. SFCW GPR units emit discrete

waves while continuously increasing the frequency by a constant step, collecting information

about phase and frequency differences between transmitted and reflected signals at each discrete

step [49].

The most common GPR antenna geometries are resistively loaded bowtie, log-periodic

dipole, planar spiral, or Vivaldi TEM Horn [50, 51]. Figure 1.7 shows the most popular designs

from commercial GPR units and their 3-D radiation patterns.

An individual reflection is called an A-scan, and the combined A-scans over a survey tran-

sect form a B-scan, otherwise known as a radargram [52]. A volumetric representation of the

survey area may be constructed with proper gridding and a sufficient number of tie points. In

the presence of an anomalous zone, the reflection arrival time will decrease as the GPR unit

approaches the zone, reaching a minimum once directly above it, and increasing when moving

away, resulting in a diffraction hyperbola on the radargram whose move-out corresponds to the

radar velocity of the propagation medium [31, 47]. Figure 1.8 shows a diagram of a typical GPR

survey setup, including an example A-scan, B-scan with a diffraction hyperbola caused by the
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Figure 1.7: Common GPR antenna geometries and 3D radiation patterns (right side of each
antenna). (a) Circular Plate Bow-Tie. (b) Triangular Plate Bow-Tie. (c) Horn. (d) Vivaldi. (e)
Archimedean Spiral. (e) Equiangular Spiral.
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Figure 1.8: A typical GPR survey setup. The lawnmower-style commercial GPR unit sends EM
waves into the ground, producing pulse echoes (A-scans). As the GPR moves across a survey line,
the accumulated A-scans combine into a B-scan, known as a radargram, showing the subsurface
profile in 2-D. Surveying with sufficient tie points allows for the construction of a C-scan, the
3-D volume representation of the survey area.

presence of an AT landmine, and slice from the 3-D volume representation.

The smallest layer that can be resolved in a GPR survey has thickness λ/4, and λ (wave-

length) is given by λ = v/f , where v is the radar velocity, and f is the frequency of the GPR

antenna [31]. Radar velocity is controlled by the material’s dielectric permittivity and magnetic

permeability through which the wave is propagating. Typical minefield radar velocities vary from

0.05 m/ns (for organic-rich topsoil) to 0.15 m/ns (for dry sand), and are significantly influenced

by soil moisture [53]. To resolve a landmine, which may be 6− 30 cm in diameter and buried at

< 0.5 m depths, ultrawideband (500 MHz-4.5 GHz) antenna frequencies are required. Processing
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techniques for the collected GPR reflections are analogous to those in reflection seismology and

include common midpoint stacking and migration, gain recovery, spiking deconvolution (wherein

the minimum-phase equivalent portion of the embedded mixed-phase GPR wavelet is estimated

from the reflection data and removed, leaving an all-pass filter that is pure phase-shift with unit

amplitude spectrum), velocity analysis, bandpass filtering, NMO corrections, static and elevation

corrections, and f-k migration [54, 55].

Advantages of using GPR include the retrieval of accurate burial depths, an abundance

of available processing software, and the ability to detect a variety of buried target materials

[25]. When a reasonable radar velocity estimate is possible for a survey area, GPR can assist in

determining reflector burial depth with high (< 95%) accuracy in most circumstances [25]. Since

data processing steps are similar to well-established seismic methods, many proprietary and open-

source software suites are available to process and interpret GPR data [56]. Most landmine and

ERW casings provide high dielectric contrast to the host overburden, so GPR can see reflections

from the majority of casing materials, depending on size, shape, and burial depth [52].

Disadvantages of using GPR include suboptimal performance in certain environmental con-

ditions, dependency on high dielectric contrasts, bulky instrumentation, and frequency limitations

of commercially available systems [1]. Radar signals attenuate with increasing water content in

the subsurface, making them unsuitable in high-humidity minefields such as Cambodia and the

Falklands [56]. GPR systems rely on a sufficiently large dielectric contrast between buried targets

and the host overburden to produce diffraction hyperbolas, so some targets may be more difficult

to distinguish based on metal content, operating frequency, soil moisture values, and the rough-

ness of the ground surface boundary [32]. GPR systems are often large and heavy, depending on

antenna frequency, which may be cumbersome to transport and operate in a minefield [25].
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1.3.2.3 Visible Light and Infrared (IR)

Visible light methods detect buried objects by capturing images of a survey area and ex-

ploiting the smoothness of the object when compared to the natural environment. The main uses

of visible light for landmine detection include color and intensity analysis, polarization analysis,

and edge detection and grouping [57]. In color and intensity analysis, the global statistics of an

image captured with a visible light camera are used to set a contrast threshold above which an

object is identified as a potential target [58]. Polarization analysis involves comparing the polar-

ization of an image with its background to detect anomalous objects using either a specialized

polarization camera or visible light camera fitted with a polarization filter [59]. Edge detection

and grouping analyze visible light images, searching for straight or circular edges using Hough

transforms to identify artificial objects from the surrounding natural environment [60].

Figure 1.9: Example of thermal (IR) imagery
used to detect buried plastic and metal mines.
(Adapted from Figure 6 of [4])

IR imaging detects buried objects and

subsurface anomalies by measuring the vari-

ations in electromagnetic radiation emitted or

reflected from the objects and surrounding soil

or the objects and their overlying vegetation

[32]. Since landmines and other ERW release

or absorb heat at a different rate than their sur-

rounding host material, a thermal contrast will

be created as either a volume effect (resulting

from the disturbance of heat flow) or a sur-

face effect (resulting from the disturbance of
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the topsoil during burial) [52]. Volume effect thermal disturbances persist long after initial land-

mine burial thanks to diurnal variations, though the magnitude of thermal differences will de-

crease with increasing burial depth [60]. Commercially available IR cameras operate at either

short wavelengths (0.9-1.7 µm), mid-wavelengths (2− 5 µm), or long wavelengths (7− 12 µm).

Figure 1.9 shows the positive detection of buried metal and plastic mines with IR imagery taken

from nadir (90◦) look angle. To detect landmines buried up to 15 cm depth, 8 − 12 µm wave-

lengths are required [61]. IR cameras can be either active (where IR LEDs are used to cast light

over the area before image capture) or passive (where thermal radiation is detected without the

need for additional illumination) [62]. IR and visible light imagery may be combined to increase

surface-laid target detection potential, as demonstrated in [63–65].

Advantages of using visible light and IR include the ability to detect mines long after their

initial burial, lightweight instrumentation, and the ability to detect a variety of casing materials

[66]. While surface thermal effects will degrade within weeks of initial burial, volume thermal

effects and reflectivity contrasts remain long after, enabling the use of visible light and IR in older

minefields as well as active warzones [60]. The majority of visible light and IR cameras weigh

less than 0.5 kg, allowing for ease of integration on handheld, ground-based, or aerial detection

systems [67]. Since visible light and IR methods exploit the reflective and thermal differences of

landmine casings from their surroundings, both metal and non-metal targets can be detected [68].

Disadvantages of using visible light and IR include the requirement of sensitive cameras,

strong dependence on environmental conditions, and detection limitations based on target ma-

terial, orientation, and burial depth [66]. To achieve sufficient sensitivity and spatial resolution

for ERW detection, IR cameras require the detection of ∆T < 0.1◦C, which limits the use of

many commercially available instruments [52]. However, visible light camera requirements are
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far less limiting, including those with polarization capabilities. Since they rely on the thermal or

reflectivity contrasts of buried objects with their surroundings, the presence of dense vegetation,

low thermal contrast times (morning and evening), sun position, and the presence of clouds will

significantly impede the accuracy of each technique [68]. Inhomogeneities in the subsurface and

voids or clutter may lead to high false detection rates. Detection of artificial objects relies on the

presence of straight or curved edges, so the burial orientation of a landmine or ERW will impact

the efficacy of visible light, in particular [1]. Additionally, objects buried deeper than 15 cm may

not be detected by visible light or IR methods.

1.3.2.4 Light Detection and Ranging (LiDAR)

LiDAR works in both infrared and visible regions of the EM spectrum to detect objects by

sending out bursts of coherent radiation and measuring reflections from objects at the surface [35].

Traditional LiDAR systems calculate the distances between the instrument and a detected object

by comparing the transmitted and reflected/absorbed energies, while polarization LiDAR systems

search for the smoothness of objects compared to their surroundings, providing additional infor-

mation about artificial vs naturally occurring material [1]. Data collected from LiDAR produce

ground surface contour maps that reveal small-scale ground disturbances potentially associated

with munitions-related activities [69]. Figure 1.10 shows the results of using UAV-mounted Li-

DAR to map minefield features in Angola [5]. Since LiDAR is unable to detect buried objects, it

is often used in tandem with other geophysical techniques for landmine detection [70, 71].

Advantages of LiDAR include operational safety, metal and non-metal detection capabili-

ties, and robust performance in a variety of climate conditions. Modern LiDAR systems operate
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Figure 1.10: Example of using LiDAR to map minefield features. (Adapted from Figure 7 of [5])

at either 905 nm or 1550 nm, which are safe to work with for UAV-based minefield surveying

as safety concerns arise only when looking directly at the light beam [72]. Since metal and

non-metal landmine and ERW casings will have different reflection/absorption properties than

surrounding soil, LiDAR can detect various surface-laid targets. LiDAR operates in both day-

light and night conditions, as well as in the rain, as the sensor is below the cloud line [1].

Disadvantages of LiDAR include its inability to detect buried objects, suboptimal perfor-

mance in densely vegetated areas, and limitations of range and sensitivity. Since LiDAR uses

shorter wavelengths than GPR or IR techniques, signals are unable to penetrate the subsurface,

limiting detectable targets to those laid on the ground surface or with at least a portion of the

casing exposed at the surface [73]. Surface obstructions such as dense vegetation will impede

LiDAR use and accuracy, as the vegetation results in low return signal strength [1]. Additionally,

range and sensitivity limitations arise when operated in areas with rapidly changing landscapes,
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which create clutter in returned signals.

1.3.3 Multi-Sensor Systems

Commercially available multi-sensor systems consist of handheld dual-sensor systems or

a single-sensor type array. Dual sensor systems such as the Vallon “Minehound” consist of a

handheld metal detector combined with GPR [74]. While some of the environmental limitations

of GPR technology are overcome by integrating a metal detector with GPR, the instrument still

relies on the presence of at least a fraction of metal in the UXO casing for detection and puts the

operator < 1 m from the blast radius, creating a potentially lethal situation for de-miners. Other

dual sensor systems rely on combining gradiometer and magnetometer technology, with similar

environmental limitations and proximity issues for end users. Instruments such as GapEOD’s Ul-

traTEM system combine an array of transient electromagnetic sensors on a ground-based vehicle

to detect UXO, and require a significant amount of metal to be present to be effective, which

is not common for many varieties of mines [75]. Geometrics MetalMapper is a ground-vehicle

towed time domain electromagnetic system with three orthogonal transmitter loops and seven

tri-axial receiver loops. The system uses electromagnetic induction (EMI) to detect buried metal

objects and cannot detect non-metal or low-metal UXO [76]. Other EMI systems include the

BUD “Berkeley UXO Detector,” which is an active, cart-based, electromagnetic induction sensor

system that uses three orthogonal transmitters and eight pairs of differenced receivers to detect

and estimate the geometry of induced currents from UXO [77, 78]. The BUD and MetalMapper

are multi-sensor arrays of single sensor type.

Other ground-vehicle towed systems include TEMDAS, which is a time-domain EMI sys-
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tem with 25 co-located transmit and receive pairs arranged in a 5x5 grid, designed to discriminate

metal UXO from surrounding metal debris [79]. The GG Sciences Man-Portable Vector (MPV) is

a mono/multi-static ultrawideband backpack and ground-based pushcart time-domain EMI sys-

tem that measures three components of the secondary field at two different heights to detect

metal UXO and estimate the burial depth [80]. The performance of the system is limited by its

bulky size and high power consumption, allowing only short-duration surveys, impractical for

use in rural minefields. Despite their advancements to the state of the art, all currently available

ground-based multi-sensor systems are limited by steep terrain and unreliable weather conditions

in minefield areas.

1.4 Outline of Thesis

In Chapter 2, we present our equipment and sensor specifications and an overview of our

general approach to the landmine, ERW, and UXO detection problem. We evaluate the potential

use of ground-based GPR for detecting targets at a realistic inert minefield in Pawnee, OK, and

discuss the challenges and limitations of adapting commercial off-the-shelf (COTS) sensors for

UAVs. We detail the COTS sensors used in our studies (GSSI 400 MHz GPR, FLIR Duo Pro R

Camera, GeoSLAM Zeb Horizon LiDAR) and describe our design and fabrication process using

MEDA FVM400 fluxgate magnetometer sensor heads as the base for an in-house built magnetic

gradiometer system that we call TetraMag. We include schematics of our overall methodology

and signal processing techniques utilized when analyzing our data. Finally, we describe the

challenges of sourcing an appropriate drone system to meet our operational and research-focused

needs, then describe the drone platform we integrated our sensor payload on (Freefly Alta X).
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Chapter 3 presents results from a computational and field study of magnetometry for de-

tecting small anomalies like landmines and UXO using finite-difference magnetic gradiometry

(FDMG). Magnetometry is used to detect ferrous objects at various scales, but detecting small-

scale, small-amplitude targets in the shallow subsurface remains challenging. Magnetic anoma-

lies are often approximated as dipoles or volumes of dipoles that can be located, and their source

parameters are characterized using scalar or vector magnetometers. Both types of magnetometers

are sensitive to space weather and cultural noise sources that map temporal variations into spatial

variations across a survey area. Vector magnetometers provide more information about detected

bodies at the cost of extreme sensitivity to heading errors that cannot be reliably measured in the

field. Magnetic gradiometry solves the problem of temporal-to-spatial mapping. It eliminates

distant noise sources, but the heading error challenges remain, motivating the need for full mag-

netic gradient tensor (MGT) invariants that are relatively stable to rotation. Here, we show that

the finite size of magnetic gradiometers compared to the lengthscales of magnetic anomalies due

to small buried objects affects the properties of the gradient tensor, including its symmetry and

invariants. This renders traditional assumptions of magnetic gradiometry largely inappropriate

for detecting and characterizing small-scale anomalies. We present our developed methodology

that leverages properties of the finite-difference MGT and its invariants appropriate for small-

scale, small-amplitude targets in the shallow critical zone, like UXO and landmines. We validate

these results with synthetic and field data using a triaxial magnetic gradiometer (TetraMag).

In Chapter 4, we present the result from a study of machine learning (ML) methods for

determining magnetic source parameters of targets from FDMGT invariants and detecting the

presence of UXO in GPR radargrams. We describe an analog UXO field site where we collected

GPR data, then detail a convolutional neural network (CNN) designed to extract features from the
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resulting radargram images, quantifying the benefits and limitations of the technique. We find that

testing accuracies range from 88-95%, suggesting a CNN is an appropriate tool for identifying

radargram transects of interest in a UXO-contaminated area. We then extend the use of CNN to

magnetic gradiometry data using synthetic FDMGT invariant maps as inputs to the network. We

combine different invariants as input layers to the CNN, adding a linear regression layer to the end

of the network for estimating the magnetic moment and burial depth of a detected ferrous target.

We find the CNN can estimate magnetic moment within 0.6 Am2 at 99% accuracy, amounting to

an order of magnitude improvement compared to current methods [81,82]. The CNN is also able

to estimate depth within 4 cm at 99.43% accuracy, amounting to nearly an order of magnitude

improvement on current depth estimation techniques for small targets [83].

Chapter 5 presents a method of modeling and reducing unwanted magnetic signals gen-

erated by vehicle self-noise. Drone-based magnetic surveys have a wide range of applications

in geoscience and have gained popularity due to the increasing availability and decreasing cost

of commercial drones. Challenges for drone-mounted magnetometry include the generation of

unwanted magnetic self-noise from DC motors and power systems, which can obfuscate small-

scale, small-amplitude anomalies like UXO and landmines. While slung-loaded magnetometer

systems are used to avoid these unwanted signals, they are best suited for total field magnetome-

ters. They may be inappropriate for surveys requiring very low-altitude flying. To mitigate space

weather and cultural noise sources, and maximize the amount of information collected in the

field, we utilize magnetic gradiometry with an array of rigidly-mounted triaxial fluxgate sensors

(TetraMag), aboard a Freefly Alta X drone. This necessitates characterizing the combined mag-

netic signature of the drone to remove from measured data. Utilizing telemetry data from the

Alta X at an inert minefield in Glenn Dale, MD, we built a model for the expected magnetic field
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based on the real-time kinematic (RTK) position, instantaneous current drawn from each battery

to each motor, revolutions-per-minute (RPM) from each motor, and the location of each magne-

tometer sensor head. We then used this model to subtract the expected magnetic field strengths,

component-by-component, from the measured data at each sensor location. We find multiple

orders of magnitude noise reduction with our approach. Applying this model to collected data

improves detection fidelity and enables higher-resolution localization of detected targets, which

we show using FDMGT invariant maps. Many commercial drone systems collect these telemetry

data by default, so leveraging them to characterize the combined self-noise magnetic signature of

the vehicle is an effective and efficient way to enable the use of rigidly-mounted vector magne-

tometers on drones, especially for systems where slung-loaded solutions are inappropriate.

Chapter 6 presents the results of a full multi-modal geophysical study of the inert minefield

in Glenn Dale, MD, using our payload-equipped UAS. We combine methods described in pre-

vious chapters to assemble FDMGT invariant maps of the field area, integrating them with 3-D

LiDAR, visible light photogrammetry, and thermal data to fully describe and characterize the

targets at the field site. We describe the efficacy and practicality of each sensor modality in terms

of detection potential and the benefits and limitations of combining the datasets. We find that

the combination of sensor modalities and methods developed here facilitates a more complete

picture of the geophysical parameters of a field site and may be used not only for the detection of

dangerous anthropogenic sources like landmines and UXO but also for broader shallow critical

zone geophysics studies.

Chapter 7 provides the conclusion to the thesis, detailing lessons learned from this work

and ideas for future research that build on our results.
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Chapter 2: Equipment, Sensors, and General Methdology

In this chapter, we describe and discuss our geophysical sensor selections, the development

of necessary equipment to achieve the goals of this work, and the integration of our payload pack-

age on a UAV. We then summarize our general approach and detail our system’s communications

and controls setup.

2.1 Geophysical Sensors

2.1.1 GPR Technical Specifications

The GPR used for these studies is the GSSI SIR 4000 with a model 50400S 400 MHz

shielded analog antenna mounted to a plastic push-cart. The data acquisition portion of the system

is single-channel, weighing 4.5 kg with 32 GB Flash storage capacity and 1 GB RAM. The model

50400S antenna has a center frequency of 400 MHz (200-600 MHz range), which translates to

an average depth range of 0-4 m, depending on the radar velocity of the medium through which

the radio waves are propagating. Figure 2.1 shows the GPR setup. The antenna is housed in the

orange case, and users can see real-time data visualization using the tablet connected to the push

bar.

Data from the GSSI GPR are processed using proprietary GSSI software (Radan7) and
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Figure 2.1: GSSI SIR 4000 pushcart with 400 MHz antenna.

open-source (MatGPR, written for MATLAB). All GPR data collected for these studies were

processed using the following standard steps:

• Time Zero Correction: adjusts the zero time position of the air and ground waves from the

GPR wavelet, ensuring accuracy of the calculated depth profiles.

• Background Signal Removal: reduces and/or removes background clutter from the signal

to improve the signal-to-noise ratio.

• Filtering: noise removal and fine-tuning of the signal to ensure optimal interpretability

(asymmetric filters were avoided).

• Gaining: magnifies desired sections of the radargram, highlighting areas of interest (using

Standard AGC).

• Migration: corrects for the geometry and spatial distribution of the survey area for depth

migration using a 1-D velocity model constructed using MatGPR Model Builder.
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Figure 2.2: Condensed target grid at humanitarian minefield in Pawnee, OK. (Figure 3 from [6])

We conducted two ground-based studies, detailed in the following sections, to evaluate the

practicality of using GPR for landmine, UXO, and ERW detection.

2.1.1.1 Evaluating Ground-Based GPR in Realistic Minefield Conditions

Collaborators from the Demining Research Community (DRC) constructed an inert mine-

field at the University of Oklahoma’s Center for Fire and Explosives (CENFEX) facility in

Pawnee, Oklahoma [6]. The study site is in a soil map unit named for the Renfrow soil se-

ries (Fine, mixed, superactive, thermic Udertic Paleustolls), with rough terrain representative of

realistic minefield conditions. The 10 m x 40 m grid contained 143 seeded targets, including

control holes, clutter, landmines, and UXO. Figure 2.2 shows a condensed grid visualization for

the inert minefield constructed by DRC (Figure 3 of [6]). Each row was spaced 2 m apart from

one another, and each target within a row was 1.5 m apart.

The GPR survey consisted of 208 total scans with 50 cm spacing, which we conducted
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in N-S and E-W orientations. The survey took place in hot and humid conditions after a week

of consistent rain, which is suboptimal for GPR as attenuation increases with increasing soil

moisture. Rough, uneven terrain and the presence of surface-laid targets resulted in significant

localization errors, as the cart needed to be lifted to overcome local obstacles, not allowing the

scroll wheel to keep track of the distance accurately traveled along each transect. The data were

difficult to process and interpret due to poor quality.

While clear hyperbolas were visible in some of the processed radargrams, localization er-

rors of 1 m or more would be unacceptable for a de-miner to use in the field. Figure 2.3 shows two

example radargrams from the GPR dataset. The top radargram contains some clear hyperbolas,

indicated by a dashed circle, and localization for these is well-constrained since the scroll wheel

maintained contact with the ground for the whole transect. However, hyperbolas in the bottom

radargram can not be localized well due to multiple instances where the instrument needed to be

lifted (indicated by black arrows). Figure 2.4 shows an overlay of full or partial hyperbolas picked

from each 2-D radargram (black dots) with expected target locations (red stars). Hyperbola lo-

cations reflect only the latitude and longitude of the hyperbola vertex, as depth estimates cannot

be reliably constrained based on the dataset. While some of the hyperbolas cluster near expected

target locations, the uncertainty of the GPS location and the uncertainty in scroll wheel position

along each transect make it difficult to distinguish any single target in the field area. Data quality

issues and excessive operational challenges for ground-based surveying motivate exploring the

potential for GPR use on a UAV instead.
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Figure 2.4: Expected target and GPR hyperbola locations.
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Figure 2.5: Summary of target types, their dimensions, and burial depths used for height-varying
GPR experiment.

2.1.1.2 Evaluating Commercial GPR for UAV Integration

We conducted a series of height-varying experiments to evaluate the potential for the COTS

GSSI GPR to identify landmine and UXO targets from a UAV at operational flying heights. Fig-

ure 2.5 summarizes the type of targets, their dimensions, and their burial depths. The targets

were buried 1 m apart along a single transect. The analog UXO, a ferrous metal water bottle, ap-

proximates large artillery shells’ dimensions and material properties. The FCC limits operational

flying heights to< 1 m for GPR frequencies [84], so we restricted our maximum testing height to

81 cm. We used the GSSI 400 MHz GPR on a sliding cart to scan the transect from three heights:

(1) 5 cm, (2) 44 cm, and (3) 81 cm. The data were processed using the steps outlined in Section

2.1.1: a full pass filter for background noise removal, FIR filter for anti-aliasing, AGC for gain, a

200-700 MHz band pass filter, and Kirchoff depth migration.
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Figure 2.6 shows the processed radargrams from the height-varying survey. The locations

of the AT mine, AP mine, and analog UXO (ferrous metal water bottle) are indicated by arrows.

The top plot shows the radargram for an antenna height of 5 cm off the ground. Hyperbolas

are visible for all three targets (circled with a solid line), and the strongest signal comes from

the AT landmine. The middle plot shows the radargram when the GPR antenna is 43.6 cm off

the ground. Significant side reflections are visible as wavy patterns in the radargram, though

hyperbolas are partially visible for all three targets (circled with a dashed line). For an operator

analyzing these data, however, it is unlikely those hyperbolas would be identified. By 81 cm off

the ground (bottom plot), the side reflections and power loss are so severe that none of the targets

are detected. Side reflection clutter increasing with height is likely a product of the antenna

shape used. The model 50400S antenna is a bowtie shape, which produces a donut-like radiation

pattern (seen in Figure 1.7). When this antenna shape is ground-coupled with an upper reflection

plate, the majority of the energy will be directed into the ground. As the distance between the

ground and the antenna increases, the lack of directivity results in significant power loss as the

radiated signal leaks from the side lobes. The challenges of working with the ground-based GPR

in realistic minefield conditions and the power loss at very low altitudes resulted in our decision

not to include the GSSI GPR system in the UAS integration.

2.1.2 Dual IR and Visible Light Photogrammetry

As described in Chapter 1, IR (thermal) and visible light photogrammetry are useful for

detecting landmines, UXO, and ERW. For this work, we chose the FLIR Duo Pro R, an 85 x 81.3

x 68.5 mm dual IR and visible light camera, weighing only 325 g. The thermal imager operates
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Figure 2.6: Radargrams from height-varying GPR survey over landmines and analog UXO.
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Figure 2.7: FLIR Duo Pro R dual visible light and thermal camera.

in the 7.5-13.5 µm spectral band, appropriate for up to 15 cm depth imaging, with 640 x 512

resolution. The thermal lens is 19 mm, providing 32◦ x 26◦ field of view at 30 Hz frame rate.

The visible sensor has 4000 x 3000 resolution and a 56◦ x 45◦ field of view. The low-power

requirements and integrated GPS make this an ideal choice for UAV-based surveying. Figure 2.7

shows the FLIR Duo Pro R. All visible light and thermal image data were processed using scripts

written in MATLAB and Python.

2.1.3 LiDAR

LiDAR is useful for draping other sensor modality data on and examining textural features

from return intensity that may indicate the presence of landmines, UXO, and ERW. For this work,

we chose the GeoSLAM Zeb Horizon 3-D LiDAR, a relatively lightweight (< 3 kg) unit that uses

a Class 1 (903 nm wavelength) laser to produce a 3-D point cloud. The Zeb Horizon is capable of

scanning 300, 000 points/sec using its 16 sensors with a relative accuracy of 6 mm. The vertical

angular resolution is 2◦, and the horizontal angular resolution is 0.2◦, making it one of the most

competitive COTS LiDAR units available. The unit has integrated simultaneous localization
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Figure 2.8: GeoSLAM Zeb Horizon 3-D LiDAR.

and mapping (SLAM) software built-in, allowing the LiDAR to track its position as it moves in

space accurately and allowing for ease of use for both handheld walking surveys and UAV-based

surveys. Figure 2.8 shows an image of the GeoSLAM Zeb Horizon.

Initial data processing and point cloud registration for collected data rely on GeoSLAM

proprietary software to produce point cloud files. MATLAB and CloudCompare, an open-source

3-D point cloud and mesh processing software, are used for further analysis of the data.

2.1.4 TetraMag

As we discussed in Chapter 1, fluxgate magnetometers provide valuable component infor-

mation that can be used to detect and characterize small anomalies but suffer from orientation and

calibration errors when used in isolation. To maximize the magnetic data collected and overcome

some of the practical limitations of a single fluxgate magnetometer, we designed and fabricated

a triaxial fluxgate magnetic gradiometer called TetraMag. Gradiometers are sensitive to nearby

changes but insensitive to distant changes, solving the temporal-to-spatial mapping of cultural

and space weather noise. Having redundancy of tensor components enables inherent error cor-

rection and noise estimation. Version 1 of our design was primarily used for proof-of-concept

and informed the final design choices for Version 2, which we integrated with our UAV. MEDA
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FVM400 triaxial fluxgate sensors were used as the base sensor, and we set up a Raspberry Pi

microcontroller fitted with a real-time clock (RTC) for collecting and storing data output from

the FVM 400 sensors using Python scripts and wireless communications. We ingested, parsed,

and analyzed all TetraMag data using MATLAB scripts.

2.1.4.1 TetraMag v1

Based on the work of Xu et al. [85], we selected a regular tetrahedron shape with four

MEDA FVM triaxial fluxgate sensors placed at the vertices. A tetrahedron is a mechanically

stable geometry choice because stresses are transmitted primarily along the edges, so strains

become mostly compressional or extensional and not flexural. This allows us to sample the

full magnetic gradient tensor in a finite-difference sense, which is discussed more in Chapter

3. The sensor heads were placed in the same orientation at each vertex, minimizing the relative

temporal angular variations from thermal expansion or mechanical strain. Figure 2.9(a) shows

the CAD rendering of our initial design. The center hub and sensor housings were 3-D printed

using PLA filament. Carbon fiber tubes connect the sensor housings to the center hub, and an

aluminum plate connects to nonmagnetic 80/20 aluminum extrusion support beams using brass

hardware. We selected the scale of TetraMag to be 1 m (side length 0.5 m) since the anomalies

will be measured from 1 m flying height. We integrated two 1-D laser rangefinders pointing

orthogonally from one another for spatial localization.

To test the capabilities of TetraMag at various heights at the UMD Paint Branch Turfgrass

research facility, we constructed a nonmagnetic scaffold system, seen in Figure 2.10. The alu-

minum top plate from TetraMag v1 is connected to an 80/20 slider and rail that can be adjusted
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Figure 2.9: TetraMag initial design (a) and with added structural supports (b).

by lowering or raising the support rail on the rungs of the scaffold. We designed 3-D printed

coupling pieces that attach the legs of the scaffold to MRI-safe nonmagnetic wheels that allow

the whole scaffold to roll on fiberglass U-channels. We simulated lawnmower-style flight paths

by rolling the scaffold and sliding TetraMag along its rail, scanning over three targets: (1) AT

landmine, (2) AP landmine, (3) a ferrous metallic water bottle of approximate size and material

properties as a medium-scale UXO. We found during initial tests that structural modes of Tetra-

Mag were being excited by the torsional motion of the bottom three sensors when moving. Since

the frequency of these modes lies within the Nyquist frequency for the system (2 Hz), we de-

signed an additional support system to limit the torsion of the bottom sensors and put the center

hub under tension, seen in Figure 2.9(b). This increased the structural modes beyond the Nyquist

frequency and enabled us to fine-tune the gradiometry techniques described further in Chapter 3.
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Figure 2.10: TetraMag field test setup using a height-adjustable nonmagnetic aluminum scaffold.

38



Figure 2.11: TetraMag v2, designed as landing gear for the Freefly Alta X UAV.

2.1.4.2 TetraMag v2

We designed a second version of TetraMag for direct integration with a Freefly Alta X

UAV. To reduce the weight of aluminum support plates and beams and to avoid low-frequency

structural modes, we designed TetraMag v2 as rigid landing gear for the drone. We maintain a

regular tetrahedron shape with 0.5 m side length by embedding the tetrahedron in an octohedron-

like frame, which acts as a safety buffer to protect the fluxgate sensors in the event of a crash.

We designed and 3-D printed all connecting pieces using NylonX filament to provide higher

rigidity and temperature tolerance. Carbon fiber tubes connect the sensor housings and edge

pieces, which were then epoxied in place. Figure 2.11 shows a CAD rendering of the TetraMag

v2 design. The top plate is made from carbon fiber and matches the bottom shape of the Freefly

Alta X.
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2.2 UAS Integration

This work required a high-payload capacity drone capable of carrying our equipment. We

integrated our sensors on a Freefly Alta X, a LiPo battery-powered quadcopter UAV with a 15 kg

payload capacity. Figure 2.12 shows the expected flying time by payload weight [7]. The Alta

X maintains high-precision localization using RTK GNSS, and altitude measurements for flights

< 5 m are made with a laser range altimeter we integrated into the vehicle. The UAV is controlled

via two systems: a ground station laptop running QGroundControl software, and a handheld

Futaba T14SG RC controller. All flight plans used QGroundControl and lat/lon positions as

waypoints for the UAV to fly to during a mission. The Futaba RC controller is used for non-

mission flying and as a backup in case the mission being flown becomes unstable or dangerous.

Figure 2.13 shows a CAD rendering of the Alta X with our custom TetraMag landing gear (top)

and a photo of the complete UAS. Red arrows indicate sensor locations.

2.3 General Approach

Figure 2.14 summarizes our approach to detecting small-scale, small-amplitude targets

such as landmines, UXOs, and ERWs. While this is our particular use case, it should be noted

that these geophysical modalities and our general approach may be applied to larger-scale geo-

physical exploration, underground utility mapping, and general geoscience investigations of the

shallow subsurface, much of which overlaps with our submitted patent application [86]. We cou-

ple geophysical sensors that measure thermal, visible light, magnetic gradiometry, and LiDAR

data with the UAV’s telemetry sensors that measure motor RPM, motor current draw, temper-
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Figure 2.12: Alta X flying time vs payload weight. Source: [7].

ature, and humidity to detect targets with various casing materials. We use LiDAR to provide

a base map on which we drape other data and to find textural features that can indicate void

spaces, recently disturbed ground, or reveal surface-laid targets. We use FLIR Duo Pro for vis-

ible light photogrammetry to detect surface-laid targets and thermal photogrammetry to detect

objects from surface level to a maximum depth of 15 cm. We use TetraMag to detect small-scale,

small-amplitude ferrous anomalies. Telemetry data are used to model the magnetic noise of the

vehicle for noise reduction and high-accuracy positioning that collocates all sensor data.

Figure 2.15 is a diagram showing communications, controls, power distribution aboard the

UAV, and how each sensor collects and stores data. Items with matching communication method

symbols (Wi-Fi, Bluetooth, Radio Communication) exchange information with one another dur-

ing data collection. Boxes with the SD card symbol represent locations where sensor data are

stored and offloaded for post-flight processing.
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Figure 2.13: Freefly Alta X with integrated drone design (top) and implementation (bottom).
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Figure 2.14: General approach summary. Geophysical sensors (FLIR Duo Pro R, GeoSLAM Zeb
Horizon, TetraMag) are coupled with telemetry sensors (measuring motor RPM, motor current
draw, temperature, humidity) on a quadcopter UAV (Freefly Alta X).

43



Fi
gu

re
2.

15
:S

en
so

rM
od

al
iti

es
,C

on
tr

ol
s,

an
d

C
om

m
un

ic
at

io
ns

.

44



Chapter 3: Enabling Small Anomaly Detection using Finite-Difference Mag-

netic Gradiometry

3.1 Introduction

This section presents results from a computational and field study of magnetometry for

detecting small anomalies like landmines and UXO using finite-difference magnetic gradiometry

(FDMG). We discuss the challenges and limitations of current methods to detect and characterize

small-scale, small-amplitude anomalies. We show that the finite size of magnetic gradiometers

compared to the lengthscales of our magnetic anomalies of interest affects key properties of the

gradient tensor and renders traditional assumptions of magnetic gradiometry largely inappropriate

for our use case. We then present our developed methodology that leverages properties of the

FDMG tensor appropriate for small targets in the critical zone. Finally, we validate our results

using synthetic and field data collected with our TetraMag system.

3.1.1 Magnetometry in Geoscience

Magnetometry is a ubiquitous geophysical technique used to detect targets such as ore

bodies [87–90], igneous intrusions [91–94], subsurface structures [95–98], and, for some hu-

manitarian geophysics applications, landmines and UXO [99–101]. Magnetic anomalies are of-
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ten approximated as dipoles or volumes of dipoles [102, 103], and localizing and characterizing

their source parameters is challenging, whether using data from scalar or vector magnetometers.

Geologic-scale features generally span spatial dimensions of 100s of m to 100s of km and pro-

duce anomalies on the order of 10s of nT to 1, 000s of nT [104]. Landmines and UXO typically

span spatial dimensions of 0.05 m to 2 m and produce anomalies on the order of 10s of nT to

100s of nT [37, 105].

Surveys to detect geologic-scale magnetic anomalies typically utilize scalar magnetome-

ters, often performed aerially. Surveys to detect small-scale targets such as landmines and UXO

utilize scalar and vector magnetometers and are often ground-based. However, efforts to inte-

grate magnetometers on UAVs for landmine and UXO detection have gained traction over the

past decade [62, 65, 106–108].

In this study, we focus on small-scale buried objects in the shallow critical zone ranging

from infrastructure to landmines, which necessitates the characterization of small-scale, small

amplitude signals. This task comes with unique challenges for survey methodology and instru-

mentation selection, which affect the fidelity and ability to interpret collected data. We investigate

the impact of finite-difference vs. infinitesimal magnetic gradient tensors in the context of this

challenge and consider how it relates to the size of the gradiometer, spatial distance, and azimuth

from the target. We explore the utility of several magnetic gradient tensor invariants for target

localization and then compare their performance under rotation using synthetic data. Finally, we

validate the developed methods using field data for a small, dipole-like target buried at 15 cm

depth.
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3.1.2 Challenges of Scalar, Vector, and Gradient Magnetometry

3.1.2.1 Scalar Magnetometry

Scalar magnetometers are the standard tool used for ground-based and aerial surveys due to

their high sensitivity and ease of data analysis. Crucially, scalar measurements do not depend on

instrument orientation. This facilitates observations when precise pointing control is difficult to

achieve, which is the case in typical field conditions, especially when flying. Their high sensitiv-

ity enables scalar magnetometers to easily record temporal variations in magnetic field strength

caused by space weather and cultural noise sources. These temporal variations will map into

spurious spatial variations in a magnetic survey where magnetic field strength measurements are

made at different locations.

The magnitude of space weather contributions can range from pT to 100 nT scales under

geomagnetically quiet conditions, but variations of 1000s of nT can occur within minutes during

geomagnetic storms [109, ]. Proximity to urban magnetic noise sources such as a direct current

(DC) metro system also significantly impacts the ability to reliably map out anomalies at the 100

nT scale [110]. Temporal variations from either source can result in spurious spatial signals that

swamp out the expected amplitudes from small targets of interest. When mapping large-scale

anomalies, these spurious signals can be partially corrected by applying diurnal corrections with

a base station and/or subtracting out the expected field for the survey location from the IGRF

model [111–113].

While the precise mapping of temporal-to-spatial variations depends on the acquisition

geometry, in general, short-period variations map to small-scale structures, while long-period
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variations can map into either small or large-scale structures. Base station recordings are often

utilized to correct spurious signals from total field and vector component magnetic data, espe-

cially in aeromagnetic and UAV-based surveys. [114] examined the total field coherence between

base stations at varying distances and found that periods longer than 10 seconds have coher-

ence of nearly 1 at short distances but are nearly incoherent at short periods. Additionally, using

base station measurements from reference stations over 200 km away results in coherence of

less than 0.5, limiting the efficacy of publicly available magnetic reference station data unless

the survey area is close to the reference station and corrections are only needed for long-period

variations [114]. It is important to note that these studies were conducted during geomagnetically

quiet conditions.

Figure 3.1 shows the difference in coherence in geomagnetically quiet conditions and geo-

magnetic storm conditions across two pairs of magnetic reference stations: BOU – TUC (Boulder,

CO, and Tucson, AZ), and FRD - BSL (Fredericksburg, VA, and NASA Stennis Space Center,

MS). For the BOU – TUC pair, (a) shows geomagnetically quiet conditions with Kp index = 0,

and (b) shows a G3 geomagnetic storm with Kp index = 7−. Coherence values are nearly 1 at

low frequencies but fall off for all components around 50mHz during quiet conditions, suggest-

ing that using base-station data for corrections is suboptimal when short-period variations (small

structures) are expected. During a geomagnetic storm, however, there is enhanced coherence

for North and East components due to the sheet-like distribution of currents in the ionosphere,

suggesting that the use of fluxgate triaxial magnetometers may be preferable during these con-

ditions. Extreme orientation sensitivities make the use of fluxgate magnetometers prohibitively

challenging, which is discussed in more detail in the next section.

Even with high-sensitivity magnetometers, sensor height is limiting when targeting small-

48



Figure 3.1: Coherence between magnetic reference stations during geomagnetically quiet condi-
tions, Kp index 0 (a,c), and a G3 geomagnetic storm, Kp index 7 (b,d), at locations across the
United States: Boulder, CO (a), Tucson, AZ (b), Fredericksburg, VZ (c), and NASA Stennis
Space Center, MS (d). In quiet conditions, all components’ coherence is high at low frequencies
and falls off rapidly at frequencies > 50 mHz. Vertical and total field coherence falls off during
geomagnetic storms, such as in quiet conditions, but North and East components show enhanced
coherence at higher frequencies.
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Figure 3.2: Expected magnetic total field anomaly (Bt) of a dipole-like anti-tank (AT) mine
buried at 15 cm depth measured from various sensor heights, compared to typical amplitudes of
geomagnetic storms and nearby DC Metro systems (shaded areas) and the noise floor of mag-
netometer used in this study, MEDA FVM400 (dashed line). At heights > 0.5m, geomagnetic
storms and DC Metro signals can obfuscate the AT mine, producing false flags.

amplitude, shallow anomalies such as landmines and UXO. Figure 3.2 shows the expected total

field magnetic anomaly for a dipole-like AT landmine buried at 15 cm depth, as measured from

various sensor heights. As the magnetometer height increases, signals from geomagnetic storms

and/or nearby DC metro systems completely obfuscate the amplitude of the AT mine, increasing

the chance of false flags. AP landmines and cluster munitions of a similar size will have even

smaller signatures. This is of particular importance for UAV-based surveying and surveys carried

out near urban environments with DC metro systems.

Limited information content in scalar measurements and spurious signals from temporal

variations make it difficult to estimate parameters beyond surface map localization of small-
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scale anomalies for small-scale surveys. Depth estimates for large-scale anomalies can be made

from total field data by relying on graphical and analytical methods developed by Peters [115],

Smith [116], and Bott and Smith [117]. Peter’s Method is suboptimal for small-scale surveys

involving small-scale anomalies; however, since it requires many simplifying assumptions to be

made about the target, including having uniform magnetization and vertical sides with a large

depth extent, and requires magnetic contour maps whose spacings are equal and proportional

to the depth of the source [118]. Maximum depth rules derived by Bott and Smith are best

suited when the anomaly is caused by an isolated, single source, which is not the case for many

minefields. Euler’s Equation and Werner Deconvolution can approximate depths when there are

many sources (or volumes of sources) of simple shape, but these methods are best suited for large

surveys with long profiles [119, 120]. Additionally, Euler’s method requires information about

the anomaly directional gradients, which are not directly sampled using scalar magnetometers but

instead calculated in the Fourier domain using multiple filtering operations that can be unstable

depending on the orientation of the anomaly magnetization vector and ambient field vector [118].

Scalar field measurements, by nature, contain less information about anomaly magnetic

susceptibility, shape, and orientation, making interpretations difficult as their inversions are highly

non-unique when used in isolation. Some of the non-uniqueness can be reduced by jointly invert-

ing with other data modalities or introducing known priors [121–123]. For small-scale, small-

anomaly targets such as landmines and UXO, there is an additional challenge of distinguishing

the targets of interest from metallic clutter or shrapnel, and inversion methods using total field

data rely on approximating the octupole component of a simplified spheroid, or assuming an ar-

bitrarily axially symmetric body and attempting to recover the dipole and quadrupole moments

from it [124, 125]. While transformations can be applied to total field measurements to ap-
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proximate vector components, the operations become unstable depending on the direction of the

ambient field [118]. Additionally, any instrumentation noise will map to spurious artifacts during

scalar-to-vector component transformations [126].

This motivates the use of vector magnetometers, which can provide up to three times as

much information about buried objects, including sensitivity to their orientation and shape, more

directly than using total field data transformations to approximate vector components.

3.1.2.2 Vector Magnetometry

Vector magnetometers provide greater utility, are lightweight and field-rugged, and pro-

vide more information than scalar magnetometers by measuring vector components directly.

Like scalar magnetometers, vector magnetometers suffer from the same temporal-to-spatial vari-

ation mapping and sensor-height-to-signal-amplitude limitations as scalar magnetometers. Ad-

ditionally, they are exceedingly sensitive to heading errors (time-varying rotations of the magne-

tometer with respect to the desired pointing orientation) and have limitations due to fixed non-

orthogonality and offset errors [43, 127]. Field calibration efforts have been made to account

for some of the sensitivities and offset errors [127–130]. Still, sensor heading (pointing) errors

remain difficult to compensate for in human-held and UAV-based magnetometer systems [131].

Figure 3.3 shows signal error as the percentage of expected magnetic anomaly for the same

AT mine in Figure 3.2, measured by a triaxial fluxgate magnetometer from 0.5 m height, as a

function of the pointing (heading) error of the sensor. Bx, By, and Bz represent the vector com-

ponents of the expected magnetic anomaly, and ambient magnetic inclination and declination

values are for College Park, MD. Even very small pointing errors (< 1◦) result in spurious mag-
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Figure 3.3: Signal error as the percentage of expected magnetic anomaly for a metal AT mine
buried at 15 cm depth, measured with a triaxial fluxgate magnetometer from 0.5 m height, as a
function of the pointing (heading) error of the sensor. Bx = 150nT , By = 200nT , Bz = 400nT ,
declination = -10.5°, inclination = 67.12° (matching College Park, MD). Very small pointing
errors produce spurious magnetic signals large enough to obscure those from an AT mine, in-
creasing the chances of false flags.
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netic signals that are large enough in amplitude to mimic those from the AT mine, increasing the

chances of false flags. This relationship extends to any small, dipole-like target, making precise

pointing crucial for mapping their magnetic signatures.

However, maintaining sub-degree pointing accuracy is extremely difficult for human-held

fluxgate magnetometers and is practically untenable for aerial systems, including UAVs. While

the use of MEMS accelerometers can help determine the orientation of fluxgate magnetometer

sensor heads for making corrections, achieving accuracies < 1◦ is difficult in a dynamic environ-

ment [132], and vibrations aboard crafts such as UAVs produce additional inaccuracies that can

create spurious signals at the same scale as targets of interest.

3.1.2.3 Magnetic Gradiometry

Magnetic gradiometry largely solves the problem of temporal-to-spatial mapping since gra-

diometers are sensitive to nearby variations and relatively insensitive to distant variations [133].

This is because the correlated signals produced by cultural and space weather can be effectively

suppressed by differencing signals recorded at nearby magnetometers. For an infinitesimal triax-

ial gradiometer, this results in a nine-component tensor (IMGT), Ĝ, represented as

Ĝ = ∇⃗B⃗ = ∂kBi (3.1)

Since curl and divergence are both zero outside of source regions, according to Maxwell’s

equations, there will only be five independent elements and the IMGT can then be written as a

symmetric matrix
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Ĝ =


Bxx Bxy Bxz

Bxy Byy Byz

Bxz Byz −Bxx −Byy

 = ĜT (3.2)

While magnetic gradiometry eliminates distant noise sources and removes the need for

secondary base stations to correct survey data, it remains sensitive to heading errors. This mo-

tivated the introduction of the magnetic gradient tensor invariants that are insensitive to rota-

tion [134–136]. Most applications of magnetic gradiometry assume the idealized IMGT which

will be, by definition, symmetric and traceless [118]. In reality, physical magnetic gradiome-

ter systems rely on finite-difference approximations of the IMGT, and, as a result, there will be

errors between the theoretical and finite-differences magnetic gradient tensor (FDMGT) [85].

In practice, gradients are approximated by the separation-normalized difference between two or

more magnetometers. Using the methods of Xu et al. [85] for a regular tetrahedron configuration

(shown in Figure 3.4(a)), the FDMGT, G, will then be of the form

G =
1

d
√
6


√
2(2B1x −B2x −B3x)

√
2(2B1y −B2y −B3y)

√
2(2B1z −B2z −B3z)

√
2(B1x +B2x − 2B3x)

√
2(B1y +B2y − 2B3y)

√
2(B1z +B2z − 2B3z)

3B4x −B1x −B2x −B3x 3B4y −B1y −B2y −B3y 3B4z −B1z −B2z −B3z


(3.3)

where B1x corresponds to the x-component of magnetometer 1, B1y corresponds to the

y-component of magnetometer 1, and so on.
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Figure 3.4: (a) Schematic of a regular tetrahedron-based triaxial magnetic gradiometer. 1, 2,
3, and 4 are the positions of triaxial fluxgate magnetometers, each at the vertices of a regular
tetrahedron. The side length is labeled as d. Each magnetometer will have x, y, and z components
(B1x, B1y, B1z, B2x, etc). (b) TetraMag magnetic gradiometer system. MEDA FVM400 triaxial
fluxgate magnetometer sensor heads are in 3D printed enclosures at the four vertices of a regular
tetrahedron with d = 0.5m side length.

3.1.2.4 Magnetic Field Finite Differences

The differences between the FDMGT and IMGT capture information about magnetic field

lines bending as they approach their dipolar source and can provide useful information about

measured anomalies. Here we will explore how these asymmetries arise when using finite dif-

ferences for a vertically separated gradiometer to first- and second-order in the dimensionless

ratio of magnetometer size to target distance, ϵ, and how these errors relate to the distance from

the dipole. The magnetic field B⃗ at location r⃗ away from source regions can be written as the

gradient of a scalar potential, Φ

B⃗(r⃗) = ∇⃗Φ(r⃗). (3.4)
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For a point dipole with magnetic moment m⃗, the magnetic field becomes, in SI units:

B⃗ = ∇⃗
(
m⃗ · ∇⃗Cmr

−1
)

(3.5)

where Cm = µ0/4π, µ0 is the magnetic permeability of free space, and r = |r| =
√
Σkx2k.

Remembering useful results that ∂ir = xi/r and ∂ir−1 = −xir−3, and considering the special

case of a purely vertical magnetic moment, m⃗ =
∑

km0δk3êk, the expression for the magnetic

field simplifies to:

B⃗(r⃗) = −m0Cm∇⃗
(
x3r

−3
)
=

3m0Cmx3
r5

∑
i

(
xi −

r2

3xi
δi3

)
êi (3.6)

The magnetic gradient tensor ∇⃗B⃗ = ∂kBi = ∂k∂iΦ is inherently symmetric because of the

symmetry of second derivatives. However, when we measure the magnetic gradients, we actually

measure the finite differences in the components of the magnetic field, Bi, across some physical

separations l⃗. We can write this magnetic finite differences matrix, G as:

Gij =
1∣∣∣⃗l∣∣∣
[
Bi

(∑
k

xk + ljδkj êk

)
−Bi

(∑
k

xkêk

)]
(3.7)

Let us consider taking the finite difference across a vertical separation, i.e. l⃗ = l3ê3, of the x̂1

component of the magnetic field, and write the physical size of the magnetic gradiometer in terms

of the vertical distance from the source, i.e. l3 = ϵx3 = |l|.

G13 =
3m0Cm

ϵx3

[
1 + ϵ

(
∑

k x
2
k(1 + ϵδk3)2)

5/2
− 1

(Σkx2k)
5/2

]
x3x1 (3.8)
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When the scale of the magnetic gradiometer is small compared to the distance from the

magnetic anomaly being characterized, which is the case in most applications of magnetic gra-

diometry, ϵ≪ 1, we need only account for terms of the first order in ϵ. However, in our use case

of characterizing magnetic anomalies that are small in amplitude and small in spatial extent, ϵ

can approach unity, and we cannot neglect O(ϵ2) terms. Therefore, we proceed by expanding the

terms to second order in ϵ using the binomial approximation: (1+ϵ)α ≈ 1+αϵ+(α/2)(α−1)ϵ2.

After some algebra, the first term in equation 3.8 becomes:

(3.9)

(1 + ϵ)

r5
[
1 + (2ϵ+ ϵ2)x23/r

2
]−5/2 ≈

1

r5

[
1 +

(
1− 5

x23
r2

)
ϵ− 5

2

x23
r2

(
3− 7

x23
r2

)
ϵ2 +O(ϵ3)

]

The entire expression for the vertical finite difference of the x̂1 component of the magnetic field

(3.8) then simplifies to:

G13 =
3m0Cm

r5

[(
1− 5

x23
r2

)
− 5

2

x23
r2

(
3− 7

x23
r2

)
ϵ+O(ϵ2)

]
x1 (3.10)

Now, we turn our attention to the finite difference in the x̂i direction (i.e. l⃗ = liêi = ϵxiê1)

of the vertical component of the magnetic field:

G3i =
3m0Cm

ϵxi

[
x3 − 1

3x3

∑
k x

2
k(1 + ϵδki)

2

(
∑

k x
2
k(1 + ϵδki)2)

5/2
−

x3 − r2

3x3

(Σkx2k)
5/2

]
x3 (3.11)

Simplifying the summation terms using r

∑
k

x2k(1 + ϵδki)
2 = r2

[
1 + (2ϵ+ ϵ2)

x2i
r2

]
(3.12)
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and using the binomial approximation to second order in ϵ

(3.13)

(∑
k

x2k(1 + ϵδki)
2

)−5/2

≈

r−5

[
1− 5

x2i
r2
ϵ− 5x2i

2r2

(
1− 7

x2i
r2

)
ϵ2 +O(ϵ3)

]

we can approximate equation 3.11 to read:

(3.14)
G3i ≈

3m0Cm

ϵxir5

[(
x3 −

r2

3x3
− (2ϵ+ ϵ2)

x2i
3x3

)
∗[

1− 5
x2i
r2
ϵ− 5x2i

2r2

(
1− 7

x2i
r2

)
ϵ2
]
−
(
x3 −

r2

3x3

)]
x3

After some algebra, the expression above simplifies further:

(3.15)
G3i ≈

3m0Cm

ϵxir5

[(
r2

3x3
− x3

)[
5
x2i
r2
ϵ+

5x2i
2r2

(
1− 7

x2i
r2

)
ϵ2
]
−

(2ϵ+ ϵ2)
x2i
3x3

(
1− 5

x2i
r2
ϵ

)]
x3

Rearranging by order of ϵ, we arrive at:

(3.16)G3i =
3m0Cm

r5

[(
1− 5

x23
r2

)
+

(
1

2
− 15x2i

6r2
− 5x23

2r2
+

35x2ix
2
3

2r4

)
ϵ+O(ϵ2)

]
xi

Comparing equations 3.10 and 3.16 we can see that when ϵ ≪ 1, the two are equal, as we

expected from the symmetry of second derivatives of the scalar potential. However, when char-

acterizing nearby, small-scale anomalies, ϵ ≈ 1 and the higher order terms produce differences

between the two equations. This manifests as an asymmetry in the finite different magnetic gradi-

ent matrix. The amplitude of the asymmetry is proportional to the amplitude of the higher-order

spatial derivatives of B⃗. The ratio of the second to first-order spatial derivatives of a vector field is

related to the curvature of the field, with larger curvatures corresponding to stronger second-order
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Figure 3.5: The x̂3 finite difference of the x̂1 component of the magnetic field (G13, black solid
line) and the x̂1 finite difference of the x̂3 component of the magnetic field (G31, red solid line)
are poorly approximated when only the first term in equations 3.10 (black dashed), 3.16 (red
dashed) is used. However, the inclusion of second-order terms in ϵ (dot-dashed lines) improves
accuracy. Note that the dashed lines are parallel because of the symmetry of ∇⃗B⃗

spatial derivatives. When we express the FDMGT as a sum of a symmetric and antisymmetric

matrix, the relative size of the antisymmetric matrix quantifies the local curvature of B⃗. Since

higher-order spatial derivatives – i.e. terms higher order in ϵ – fall off more quickly with distance

r, the curvature of B⃗ and the size of the antisymmetric component of FDMGT can serve as a

proxy for the gradiometer’s proximity to a localized magnetic anomaly.
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3.2 Asymmetry of the Finite-Difference Magnetic Gradient Tensor

As we found in the previous section, differences between the IMGT, Ĝ, and FDMGT, G,

will appear as deviations from the expected symmetry of the IMGT. To highlight these deviations,

it is useful to represent FDMGT as a sum of its symmetric part, GΓ30803, and its antisymmetric

part, GΓ30785,

G = GS +GΓ30785 =
G+GT

2
+

G−GT

2
(3.17)

Functionally, the antisymmetric part represents errors that arise from the physical size and

geometry of the magnetic gradiometer.

The Frobenius norm provides a useful way of comparing matrices, being a measure of

the average response along mutually orthogonal directions in space. It is analogous to an L2 or

Euclidian norm but for a matrix with a rank greater than 1 [137]. The Frobenius norm of the

symmetric part of the FDMGT, ||

bmGS||F , and the antisymmetric part, ||GΓ30785||F can be expressed as [137]

∥GA,S∥F =

√√√√ 3∑
i=1

3∑
j=1

|gA,S, ij|2 (3.18)

where gS,ij and gA,ij are the elements of GΓ30803 and GΓ30785, respectively.

We use the Frobenius norm of the symmetric and antisymmetric components of FDMGT to

quantify how the finiteness (side length) of the gradiometer affects deviations from the symmetry

of IMGT. In Figure 3.6, we plot ||GΓ30803||F and ||GΓ30785||F for a vertically-oriented dipole

measured from a height of 1.5m. For small side lengths, the Frobenius norm is dominated by the
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Figure 3.6: Symmetric (red) and antisymmetric (blue) components of FDMGT exhibit different
behavior with increasing gradiometer side lengths. ||GΓ30785||F grows with the square of the
side length (dotted line), while ||GΓ30803||F remains unchanged so that their ratio also grows
with the square of the side length. For small side lengths, the antisymmetric component is negli-
gible but approaches the symmetric component for realistic gradiometer sizes.

symmetric part of the tensor. As the side length increases to realistic values expected for physical

gradiometer systems, the antisymmetric part grows and is eventually the same amplitude as the

symmetric part. As a result, the ratio of ||GΓ30785||F/||GΓ30803||F grows exponentially with

the square of the length/distance ratio, which may be leveraged for determining the depth of a

detected anomaly.

3.3 Invariants of the Magnetic Gradient Tensor

To minimize the impact of rotations and heading errors for a finite triaxial gradiometer and

explore which properties of the FDMGT may be useful for small-scale anomaly detection and

source parameter characterization, we seek to utilize invariants of the FDMGT. Invariants of in-

terest for this study include previously described Frobenius norms and eigenvalues, determinants,
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and normalized source strengths (NSS) of the FDMGT. Eigenvalues are scalars used to trans-

form eigenvectors, which distill key information in a tensor while maintaining the relationships

between individual components. The FDMGT can be written in terms of its eigenvalues [138]

(3.19)G = V T


λ1

λ2

λ3

V

where matrix V contains mutually orthogonal eigenvectors [v⃗1 v⃗2 v⃗3] and λ1, λ2, λ3 are the cor-

responding eigenvalues (λ1 > λ2 > λ3).

If we consider the magnetic gradient tensor to define a linear transformation, its determinant

is the signed scaling factor for its volume and is invariant to rotation. However, this invariance

is not guaranteed for the FDMGT. To explore how the determinant will change with errors intro-

duced by the physical, regular tetrahedral magnetic gradiometer system, we need only consider

the determinant of the symmetric part of the FDMGT, |GΓ30803|, which can be expressed as

|GΓ30803|= λ1λ2λ3, (3.20)

because the determinant of the antisymmetric part, |GΓ30785|, is zero by construction.

In addition to the traditional invariants described above, we can combine eigenvalues in

various ways to explore their sensitivity to target parameters. For this study, we focus on two

eigenvalue combinations, λC1 and λC2, which can be expressed as

λC1 = λ21 + λ22 + λ23 (3.21)
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λC2 = λ31 + λ32 + λ33 (3.22)

The NSS is a rotational invariant of the FDMGT and can be expressed as a combination

of eigenvalues λ1, λ2, and λ3 [139]

NSS =
√
−λ22 − λ1λ3 (3.23)

The NSS peaks over compact 3D sources [139–141], which is particularly interesting to

this study for locating and characterizing small-scale, small-amplitude targets such as landmines

and UXO.

3.4 Data

Here, we present the data acquisition system, synthetic data and field data.

3.4.1 Magnetic Gradiometer System (TetraMag)

We have developed a magnetic gradiometer called TetraMag, using four MEDA FVM400

triaxial fluxgate magnetometers whose data directly sample the full FDMGT. TetraMag is de-

signed to detect small-scale, small-amplitude targets from very low altitudes (∼ 1 m AGL) in

the shallow critical zone. Vector magnetometers were chosen as the base sensors since gradient

magnetometers constructed from scalar sensors suffer from significant limitations described in

the vector magnetometry section. Their suboptimal performance is particularly important when

used at low altitudes, as the vertical gradient cannot be calculated reliably due to difficulties
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controlling altitude and the proximity to metallic objects [142, 143].

The four triaxial magnetometer sensor heads are in 3D-printed housings at the vertices of a

regular tetrahedron, shown in Figure 3.4(b). A regular tetrahedron was chosen based on the work

of Xu et al. [85], who showed that a regular tetrahedron configuration outperforms a right-angled

tetrahedron for triaxial gradiometry purposes. Since our expected targets (landmines and UXO)

are of spatial scales on the order of 0.05 – 0.2m, we selected the side length of d = 0.5m.

Carbon fiber tubing connects each sensor head to a 3D-printed central hub. Aluminum

supports help to control structural modes and allow TetraMag to be rigidly mounted to the survey

platform of choice. Figure 3.4(b) shows TetraMag mounted on a rolling aluminum scaffold for

test surveys.

3.4.2 Synthetic Data

The forward model to generate synthetic data uses the physical geometry of TetraMag to

calculate the expected vector components at each vertex location and then calculate the FDMGT,

G, for a chosen sensor measuring height. The magnetic vector components for the dipole source

were calculated using the methods presented by Smellie [144] and modified by Oruç [83]. We

assume magnetization is due to Earth’s field only so that the components can be expressed as [83].

Bx = 2p0
r2l − 2rx(rxl + rym− z0n)

r4
(3.24)

By = 2p0
r2m− 2ry(rxl + rym− z0n)

r4
(3.25)
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Bz = −2p0
r2n− 2z0(rxl + rym− z0n)

r4
(3.26)

where p0 is the magnetic moment, z0 is the depth below the plane of observation, l, m, and

n are the direction cosines that depend on the magnetic inclination (I) and declination (D), and r

is the distance between the dipole and measurement location, with rx and ry components in the x

and y directions, respectively.

At each measurement location, we project the measured components onto the centroid of

the tetrahedron and calculate the FDMGT, G, (Equation 3.3). From the full FDMGT, which we

visualize as pixels centered on the gradiometer centroid, we calculate the values of each invariant.

Figure 3.7 shows a schematic visualization for a dipole target buried at 15 cm depth and oriented

vertically (I = 90◦, D = 0◦), measured from 0.5 m height. Panel (a) shows the magnetic field

lines and TetraMag to scale, (b) shows the survey path in map view and centroid position where

invariants are calculated, and (c) shows the visualization of a calculated example invariant at each

pixel location. The pixels are left in gridded format for demonstration purposes only.

3.4.3 Field Data

Validation data were collected using TetraMag mounted on an aluminum scaffold over a bar

magnetic (meant to approximate a metallic AP landmine) buried at 15 cm depth in a test sand bed

and measured from 55 cm height. The test bed consists of a 300-gallon polyethylene containment

tray filled with sand, located at the Paint Branch Turfgrass Research Facility in College Park,

Maryland. The aluminum scaffold has MRI-safe wheels and an aluminum 8020 slider, allowing

TetraMag to move in two directions, resulting in a lawnmower-style survey pattern shown in
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Figure 3.7: Survey geometry and example schematic. (a) Magnetic field lines for a vertical dipole
buried at 15 cm depth and TetraMag, to scale (lower left), with orientations of Bx, By, and Bz for
magnetometer 1. (b) Lawnmower-style survey patterns followed by TetraMag, with gradients,
GΓ30790, referenced to its centroid (black star). (c) An example visualization for one of the
GΓ30790 invariants, with color of each pixel representing a chosen GΓ30790 invariant at that
location.
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Figure 3.7 (b). Two 1-D LiDAR units were used to keep track of the position of TetraMag during

a survey and tied to individual magnetometer measurements via a shared clock on a Raspberry

Pi 4 that simultaneously collected TetraMag and position data. The data were interpolated onto

a spatial grid, and the components of the FDMGT were calculated at each pixel point using the

methods described above for a regular tetrahedral gradiometer and presented in Xu et al. [85].

3.5 Results

In this section, we present synthetic data for a vertically oriented dipole, followed by syn-

thetic data that reflect the survey area’s magnetic inclination, declination, estimated target mag-

netic moment, and TetraMag tilt. We then validate the expected results with the field data de-

scribed above.

We can visualize the synthetic data in the way shown in Figure 3.7 to explore how the

IMGT and FDMGT will differ from one another as we rotate TetraMag. Figure 3.8, columns

1-3, shows how the patterns of λ1, λ2, and λ3 vary for IMGT and FDMGT when TetraMag is

oriented parallel to the ground (IMGT No rot., FDMT No rot.) and when it is rotated 30◦ with

respect to the x-axis (FDMGT 30◦ rot.), each measured from 0.5 m height. The dipole target

is indicated by a white asterisk and buried at 15 cm depth with vertical orientation (I = 90◦, D

= 0◦). As expected, the visualized patterns for IMGT do not change with 30◦ rotation since the

measurements are close to infinitesimal (side length = 0.000001 m), so their plots are omitted.

The target is localized with an anomalous high lobe for λ1 and λ2, and an anomalous low lobe

for λ3. For the FDMGT case, however, the target is localized by an anomalous low lobe for λ1,

λ2, and λ3. λ1 is surrounded by two positive high lobes which change orientation as TetraMag is
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tilted 30◦. It should be noted that the sign of the eigenvalues is arbitrary, but that its magnitude

differs significantly from the surrounding survey area.

Figure 3.8, columns 4-5, shows how determinant values for the full MGT, as well as its

symmetric and antisymmetric parts, vary for the same TetraMag orientations. An anomalous

high lobe for IMGT localizes the target, and the antisymmetric part, |GΓ30785|, is zero since the

infinitesimal case is traceless and symmetric. For the FDMGT case, the target is localized by

an anomalous low lobe whose |GΓ30803| part reveals surrounding anomalous high lobes. The

locality of the anomalous high lobe changes as TetraMag is tilted, and |GΓ30785| is non-zero

since the FDMGT is an approximation based on a side length of 0.5m.

Figure 3.8, columns 6-8, shows how Frobenius norm values for the full MGT, as well as its

symmetric and antisymmetric parts, vary for the same set of TetraMag orientations. The target

is localized by an anomalous high lobe for the IMGT and FDMGT cases, though the pattern and

amount of visual diffusivity depend on TetraMag rotation for FDMGT. The ||GΓ30785||F values

for FDMGT arise from the 0.5m TetraMag side length.

Figure 3.8, columns 9-11, shows how λC1, λC2, and NSS values vary for IMGT and FDMT

for the same TetraMag orientations. The target is localized by an anomalous high lobe for all

three IMGT invariants, though the amplitude of λC2 is significantly smaller than those from λC1

and NSS. The target is localized by anomalous high lobes for λC1 and NSS, and by a low lobe

for λC2 in the FDMGT case. When TetraMag is rotated in the FDMGT case, the patterns rotate

slightly. The diameter of the high λC2 lobe is proportional to the burial depth for both the IMGT

and FDMGT cases.

Figure 3.9 shows the average expected (Synth.) and measured (Field) values of Bx, By,

and Bz. Streak-like, spurious features in the field data are caused by inconsistent survey spac-
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ing, which maps into spatial features during interpolation (varying between 5-11 cm in the y-

direction). Additionally, magnetic noise from nearby ferromagnetic clutter has been piecewise

removed from the By data, ghosting from which can be seen near x = 50 cm.

Figure 3.10, columns 1-3, shows eigenvalues λ1, λ2, and λ3 for field and synthetic data.

There is a slight horizontal shift in the anomalous positive lobe of λ1 field data compared to the

expected values in the synthetic data. However, the target still appears along the edge of the lobe.

The target is well-localized at the center of the anomalous positive lobe of λ2 for both the field

and synthetic data. An additional anomalous negative lobe is seen in the field data that is not

present in the synthetic data. Target localization is consistently in the center of the anomalous

negative lobe in λ3 for both synthetic and field data, though the pattern is slightly more diffuse

for the field data.

Figure 3.10, columns 4-5, shows the determinant of the full FDMGT (|GΓ30822|), as well

as its symmetric part (|GΓ30803|). There is good agreement between the expected patterns for

|GΓ30822| in the synthetic and field data, with the target being localized in the center of the

anomalous negative lobe in |GΓ30803|. There is an additional positive anomaly seen in the field

data that is not present in the synthetic data.

Figure 3.10, columns 6-8, shows the Frobenius norm of the full FDMGT, ||G||F , as well

as its symmetric (||GΓ30803||F ) and antisymmetric (||GΓ30785||F ) parts. The expected patterns

from the synthetic data match the field data well, especially for ||G||F and ||GΓ30803||F . The

target is localized in the center of the anomalous positive lobe for both ||G||F and ||GΓ30803||F ,

with finer resolution seen in ||GΓ30803||F for both synthetic and field data, though the lobe

appears more elongated in the field data which is revealed to be a secondary positive lobe upon

inspection in ||GΓ30803||F . The target is localized at the edge of a positive anomaly lobe in
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||GΓ30785||F for both synthetic and field data, though two additional positive anomaly lobes are

seen in the field data that are not present in the synthetic data.

Figure 3.9: Average Bx, By, and Bz values for
synthetic data and corresponding field data mea-
sured by TetraMag at 55 cm height. The dipole
target is indicated by a black asterisk and buried
15 cm in a test sand bed in College Park, MD.
Synthetic data match the field magnetic inclina-
tion and declination values. Noise from mag-
netic clutter on the test scaffold has been piece-
wise removed from the field By values, ghosting
from which can be seen in the plot.

Figure 3.10, columns 9-11, shows

eigenvalue combinations λC1, λC2, and nor-

malized source strength NSS for field and

data. The target is localized in the center of

a positive anomaly lobe for λC1 and a negative

anomaly lobe for λC2 in both synthetic and

field data, though λC1 is more elongated than

the expected circular lobe in synthetic data.

The positive anomaly lobe seen to the north-

west of the negative lobe in λC2 is present in

both synthetic and field data. There is a slight

horizontal offset between the positive anomaly

lobe in the synthetic data and field data, and an

additional positive lobe is seen in the field data

that is unseen in the synthetic data.
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3.6 Discussion

3.6.0.1 The Impact of Finiteness on

FGMGT Invariants

The finiteness of TetraMag introduces

an antisymmetric component to the FDMGT.

As discussed in the magnetic gradiometry sec-

tion, ||GΓ30785||F grows with increasing side length and decreasing distance from a small-scale

magnetic anomaly. Its ratio to ||GΓ30803||F grows with the square of the side length, as shown in

Figure 3.6. However, the dependence of the ratio on location exhibits more complicated patterns,

reflecting the magnetization of the target. In Figure 3.11, we display ||GΓ30785||F/||GΓ30803||F

at two flying heights, 0.5 m (top row), corresponding to a ground-based survey, and 1.5 m (bot-

tom row), corresponding to a low-altitude drone-based survey; side length is set equal to the

flying height in both cases. The columns show how these patterns change with differing magne-

tization values. When the magnetization is oriented vertically (right column), for example, the

resulting pattern localizes the anomaly with a small radius ring of high-amplitude values encir-

cling the target location. The radius of this ring remains unchanged with changing flying height,

suggesting it may be leveraged to characterize its source parameters. This symmetry does not

persist for horizontally oriented or dipping magnetization vectors, as seen in the center and left

columns, which show lobate patterns.

The side length of TetraMag also plays a significant role in the expected invariant patterns

derived from the FDMGT, which can be seen from the synthetic data and validated by the field
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data. As the side length of the regular tetrahedral gradiometer increases, new features such as

additional positive or negative anomaly lobes can be seen surrounding the dipole target area

(present in λ1, |GΓ30803|, ||GΓ30803||F , and λC2 ). These structures reveal information that can

help estimate source parameters such as magnetic moment and burial depth in addition to map

localization. These features arise from the finiteness of the FDMGT producing an antisymmetric

part of the gradient tensor.

While the synthetic IMGT data presented here are rotationally invariant, consistent with the

literature [83, 131, 138, 140], the FDMGT is still subject to rotational variations of the physical

gradiometer which produce small changes in the expected pixel-to-pixel invariant pattern. The

invariant pattern differences when TetraMag is rotated are most apparent in λ1, λ3, |GΓ30803|,

||G||F , ||GΓ30803||F , ||GΓ30785||F , and λC2.

For |GΓ30803|, rotation of TetraMag results in a rotation of the vertices of the triangular

anomaly pattern, but the location of the central negative lobe is unchanged. Similarly, the central

negative lobe is unchanged for λ1 and λC2, but there is an apparent shift in the surrounding

positive anomaly lobe locations. The lateral extent of the central negative lobe is reduced with

TetraMag rotation for λ3, but the target remains centered within 2 cm of the non-rotated pattern.

In each of these cases, the target can still be localized well even with changes in surrounding lobe

patterns.

Rotation of TetraMag results in a preferential amplitude increase for one corner of the

positive anomaly lobe for ||GΓ30803||F , ||GΓ30803||F , and ||GΓ30785||F . For ||GΓ30785||F in

particular, this preferential brightening gives the appearance of a change in the overall invariant

pattern, which could complicate interpretation if inspected in isolation, or in the event of large

amplitude rotation of TetraMag.
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Invariants whose patterns are left largely unchanged when TetraMag is rotated include λC1,

λ2, and NSS, emphasizing that not all MGT invariants are equally invariant to rotation. Separating

the full FDMGT into its symmetric and antisymmetric parts, however, overcomes some of the

errors introduced by having a physical, finite gradiometer and increases the localization resolution

for the dipole target, especially for |G| and ||G||F but for the other invariants in this study as

well. While each of the included FDMGT invariants localizes the target, λC2 contains additional

information about the target burial depth, demonstrating that some invariants are more useful

depending on the desired source characterization.

3.6.0.2 Field Data Complications

Inconsistent survey y-direction spacing in the field (varying from 5 – 11 cm) mapped into

spurious, streak-like features during the interpolation step of the FDMGT processing. This may

have contributed to some of the errors between the expected synthetic invariant patterns and field

data patterns. Additionally, the fiberglass scaffold rolling tracks used for the field survey were

not level due to local topography, which resulted in a nearly 30° tilt of TetraMag with respect to

the y-axis. All synthetic data have factored in this amount of tilt when calculating the FDMGT

and its invariants.

3.7 Conclusions

This study illustrates how the finite size of magnetic gradiometers compared to the length-

scales of magnetic anomalies due to small buried objects affects the symmetry and invariant

properties of the finite-difference magnetic gradient tensor (FDMGT). This is in contrast to tra-
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ditional assumptions of theoretical magnetic gradient tensors, which should be symmetric and

whose invariants should not be affected by rotations. We showed that deviations from symme-

try decrease with the square of distance from the magnetic target (represented as a dipole), but

can exhibit complicated spatial patterns depending on the orientation of the magnetization of the

target. Furthermore, we show how even when using the symmetric component of the FDMGT,

rotational dependence of invariants persists.

We explored the utility and benefit of leveraging the symmetric and antisymmetric parts of

the FDMGT for locating and characterizing small-scale, small-amplitude targets in the shallow

critical zone. In particular, the Frobenius norm, NSS, and eigenvalue combinations λC1, λC2

enable high-resolution localization of small magnetic targets and characterization of their source

parameters such as burial depth and magnetization orientation. Building on theoretical frame-

works from potential fields literature, we built and tested a regular tetrahedral triaxial magnetic

gradiometer called TetraMag and demonstrated its ability to estimate the FDMGT, then compared

each derived invariant’s ability to localize the buried target.

The methodology presented here allows for rapid processing and interpretation of field

data. Since most of the errors that arise between the IMGT and FDMGT are wrapped up in the

creation of an antisymmetric part of the MGT, utilizing the symmetric part obviates the need for

some of the more rigorous calibration efforts traditionally applied to magnetic survey data.

This approach helps lay the foundation for UAV-based detection of small targets, and the

relative stability of invariant patterns to rotations of TetraMag may enable the instrument to be

rigidly mounted on the vehicle body. Accelerometer data could then be used to correct for Tetra-

Mag tilt during inversion calculations. This effectively shifts the correction task to the data

analysis side rather than the field operational side, where gimbals and other equipment would
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traditionally be used for the challenging task of always keeping the instrument level. Future in-

vestigations will include multiple dipole-like targets, as well as ferromagnetic clutter, to ensure

the robustness of the approach. For machine learning (ML)-assisted inversion and source param-

eter estimation tasks, which UXO and landmine detection lend themselves to, synthetic training

data should include rotations of the solid TetraMag structure to ensure all versions of the resulting

invariant patterns are included as the network learns and updates.
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Chapter 4: Machine Learning Methods for Detecting and Characterizing Land-

mines and UXO

In this chapter, we explore how machine learning (ML) methods may be leveraged to de-

tect UXO in radargrams and to determine magnetic source parameters of targets using FDMGT

invariants described in Chapter 3. We begin by introducing multi-layer perceptron and convolu-

tional neural networks. We then detail an analog UXO site we set up and collected GPR data for,

and discuss the design and optimization of a CNN for identifying whether a radargram contains

UXO or not. We then extend the use of CNN to magnetic data by adding a regression layer to

estimate source parameters such as burial depth and magnetic moment from detected targets. We

systematically compare the utility of various types of magnetic data – total field, vector, gradi-

ent measurements, as well as various invariants of the gradient tensor. Finally, we discuss the

utility and practicality of this technique in the context of traditional approaches, highlighting the

advantages and limitations of including ML as an interpretation aid for near-surface geophysical

data.

4.1 Classification and Regression Networks

Multi-Layer Perceptron (MLP) Multi-Layer Perceptron is a machine learning technique that

was first introduced in Rosenblatt’s 1957 report, “The Perceptron, A Perceiving and Recognition
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Figure 4.1: Architecture of a feed-forward multi-layer perceptron (MLP) network. (Source: [8])

Automaton,” which aimed to design an analog of the human brain for data analysis [145]. The

network consisted of two fully connected layers: an input layer and an output layer which is a

weighted sum of the input layer nodes with an applied Heaviside step activation function. The

MLP builds on the Perceptron by including additional hidden layers and by introducing a nonlin-

ear activation function with a nonzero gradient. Having a nonzero gradient is key for enabling the

model to learn and update by optimizing an objective function via backpropagation. Backpropa-

gation optimizes parameter values that control neuron activation by calculating the error function

gradient with respect to network weights and updating the model as it trains [146]. Figure 4.2

shows a few example nonlinear activation functions used today [9]. The functions relevant for

this study include the sigmoid function (Figure 4.2a), and the rectified linear unit (ReLU) func-

tion (Figure 4.2c). Sigmoid is a useful choice when the objective is to constrain the probability

of an output; the output is then interpreted as a binary class label. ReLU is more appropriate for

multi-class problems, when sparsity is desired and computational efficiency is a concern. The

incorporation of stochastic gradient descent, a fast optimization technique that follows the nega-
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tive gradient to minimize the error function, enables high-performance, time-efficient training of

large datasets [147]. Gradient descent algorithms used in this study include root mean squared

propagation (RMSProp), which increases the optimization speed by decreasing the number of

function calculations to reach a local minimum, and Nadam, which is similar to RMSProp but

with Nesterov momentum [148]. Nesterov momentum calculates the gradient at a position ahead

in the direction of the accumulated momentum rather than at its current position, enabling faster

convergence speeds. The efficiency and robustness of the produced models are largely influ-

enced by one’s choice of hyperparameters, which are configurable variables such as number of

epochs (the number of times training data are passed through), learning rate (the step size at each

iteration), dropout (number of nodes to ignore during training to avoid overfitting the model),

batch size (the number of samples processed before updating the model), padding (preserving

the spatial size of the input by adding zeros as necessary), and others.

MLPs can be used unaccompanied for classification problems, but are most often incorpo-

rated at the back end of other machine learning techniques in modern applications [149] and are

included as the backend of the networks built in Sections 4.3 and 4.4. In Section 4.3, MLP is used

as a binary classification mechanism; in 4.4, it provides the necessary data flattening and regres-

sion calculation capabilities to directly estimate source parameter values. Figure 4.1 shows an

example of a feedforward MLP (Figure 1 from [8]). Here, four inputs enter the network and pass

through two hidden layers, each with three neurons, before reaching an output layer, representing

a binary classification problem.

Convolutional Neural Networks (CNN) Convolutional Neural Networks (CNNs) are promi-

nent types of artificial neural networks, designed to replicate how we think humans process visual
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Figure 4.2: Typical nonlinear activation functions. (a) Sigmoid, (b) Tanh, (c) ReLU, and (d)
LeakyReLU. (Source: [9])

data under a variety of physical transformations [150]. They are conceptually similar to MLPs,

but are translationally and rotationally invariant [151]. Additionally, CNNs introduce nonlinear-

ity and pooling layers that adjust, limit, and summarize the generated outputs, allowing for robust

and efficient pattern recognition, especially in image-based datasets [152]. Functionally, CNNs

learn and dynamically adapt spatial hierarchies of features by passing an optimized feature ex-

tractor over smaller subsections of the data, summarizing the dominant features and associating

them with ground truth labels that are then used to update weights and biases of the classification

network. Figure 4.3 shows the general architecture of a CNN (Figure 2 from [10]). Here, input

nodes are signals that are passed to the current layer, which may come from the output of hidden

nodes in the previous layer or may be the input image itself. The filters perform a convolution

with the signal from the input nodes. Pooling filters are low-pass convolutional filters that re-
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Figure 4.3: CNN architecture example. An image undergoes two convolution and max pooling
functions before the results are flattened, passed through a fully connected MLP, then classified
into 2 categories at the output layer. (Source: [10])

duce dimensionality before the feature is extracted as output, enabling examination of the data at

larger scales. Output nodes form a representative subset that is then flattened and passed through

a feedforward MLP to categorize the image into one of two potential classes.

4.2 CNN for Detecting UXO in Radargrams

Machine learning techniques traditionally applied to GPR data include supervised learning

frameworks such as CNNs and support vector machines (SVM) since UXO detection is a binary

classification problem. Most studies rely on experimental data, where real or analog munitions

casings are buried in a controlled environment and GPR surveys are conducted. The resultant

data are then pre-processed using either open-source or proprietary software to produce radar-

grams, as described in Chapter 1. Reflection hyperbolas appear in radargrams at locations where

the material has a different dielectric property than the surrounding soil matrix. Metal and plas-

tic UXO have particularly large dielectric contrasts with common minefield soil matrices and

generally produce strong reflection hyperbolas. Neural networks are then trained to detect and
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Figure 4.4: Analog UXO Field Site. Pictures on the right show the analog UXO devices made of
metal (top), plastic (middle), and ceramic (bottom).

classify these hyperbolas as either UXO or non-UXO. SVM algorithms rely on separating differ-

ent classes with a hyperplane and predicting which side of the hyperplane new data points belong

to. This technique has been moderately successful at identifying UXO in the few studies it has

been applied to, but it constrains depth poorly [153]. CNN-based studies are showing excellent

potential and can achieve high accuracy [154,155]. Accuracy rates of 89-92% with false positive

rates between 4-7% and false negative rates of 4% are achieved in cases where a sliding window

technique is applied to an exhaustive dataset, such as in Nunez-Nieto’s 2014 study [155]. We

conducted a GPR study to explore the extent to which UXO detection is feasible using a CNN

with data collected in suboptimal field conditions.

We constructed a 5 m x 5 m survey area in a densely vegetated region near College Park,

MD, to match realistic minefield conditions in countries with high vegetation. Three UXO

analogs (non-lethal objects that approximate UXO dimensions and material properties), made
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Figure 4.5: Example pre-processed GPR radargrams from the UXO experiment. The horizontal
axis of the radargram represents 5 m length, and the vertical axis represents 0-2 m depth. The
upper panel contains UXO (location indicated with a red box and zoomed inset). The lower panel
contains no UXO.

of (1) metal, (2) plastic, and (3) ceramic were buried at 15-20 cm depth along the diagonal of

the field area. We chose a survey grid with 0.5 m spacing in North-South (N-S) and East-West

(E-W) orientations. After measuring and marking the survey grid, we calibrated the GPR scroll

wheel to ensure proper spatial measurements. N-S transects and E-W transects were collected

using a lawnmower-style pattern, avoiding trees and fallen limbs as necessary. In total, 25 unique

transects were collected throughout the experiment. The GPR data were then processed using

standard practices outlined in [31] and radargrams were exported as JPEG images to be fed into

the ML network. Figure 4.5a shows two examples of pre-processed data, one with UXO present

(top, indicated with a red box and zoomed-in inset), and the other without (bottom).

To ensure a robust dataset for training the CNN, we performed data augmentation using

Keras ImageDataGenerator [156], which takes an image and performs user-set alterations includ-

ing horizontal shifts, vertical shifts, random zooms, flips, and shearing, among others. Horizontal

shifts, horizontal flips, shearing, brightness variation, and random zoom alterations were applied
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to each image until the total dataset reached 5000 images, 80% of which was assigned for train-

ing, and 20% for testing. The training dataset consisted of 2000 radargrams containing UXO

and 2000 radargrams containing no UXO. The testing dataset consisted of 500 radargram images

containing UXO and 500 radargram images containing no UXO. All images were resized from

1530 x 680 pixels to 90 x 40 pixels, maintaining the original aspect ratio.

We designed the CNN architecture in Anaconda Spyder [157], using Keras with a Tensor-

Flow backend. The architecture consists of three convolutional layers with max-pooling layers

after each convolution, followed by two fully connected dense layers, and a binary output layer

that reports if the radargram image contains UXO or not. Figure 4.6 shows an illustration of the

architecture. All max-pooling layers are 2 x 2 dimension. The first convolution layer contains

32 filters, with a kernel size of 5 x 5 and a max pooling layer. The second convolution layer

contains 48 filters, with a kernel size of 4 x 4 and a max-pooling layer. The third convolution

layer contains 48 filters, with a kernel size of 3 x 3 and a max-pooling layer. The output from

convolution layer 3 is flattened, then fed into the first fully connected layer, which has 64 nodes.

The second fully connected layer has 16 nodes, and is fed to the output layer, which has 1 node.

To ensure all testing and training data would be included when constructing the model, 4

epochs were assigned, with a batch size of 15. ReLu activation was used for all convolution layers

and fully connected layers, while the output layer used sigmoid, as that is the more appropriate

activation function for binary classification. Padding was applied to all convolution layers to

keep the output size the same as the input size. Binary cross-entropy, which is commonly used

for classification problems, was used as the model’s loss function. The model optimizer selected

was Nadam, which is essentially RMSprop with Nesterov momentum and was chosen to avoid

both stalling and oscillating while training the model. The learning rate was set to 0.001, the
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Figure 4.6: CNN Architecture for UXO Detection in Radargrams. Input images with 90 pixel
width and 40 pixel height are fed through a series of convolution and pooling layers, followed by
2 fully connected layers before the output layer. The first convolution layer has 32 filters and a
kernel size of 5 x 5. The second and third convolution layers have 48 filters, with 4 x 4 and 3 x 3
kernels, respectively. The first fully connected layer has 64 neurons, the second fully connected
layer has 16 neurons, and the output layer has 1 neuron.

default rate for Nadam. To prevent overfitting, 0.1 dropout was applied to the fully connected

layers only.

During initial training, RMSprop was used for optimization, and no regularization was ap-

plied to the hidden layers. RMSprop consistently stalled by epoch 2, so other optimizers were

explored. Using Adam resulted in training accuracy oscillations, and the model ultimately under-

fitted. Once Nadam was applied, the training neither stalled nor oscillated, so it was chosen in the

final design. Batch normalization was tested on all layers, which resulted in either underfitting or

overfitting, no matter the combination of layers on which it was applied. Using batch normaliza-

tion also decreased the average speed for each epoch, operating between 7-8 s/step. Dropout was

tested in varying amounts on all layers, with the best performance at 0.1, and only when applied

to the fully connected layers preceding the output layer. Dropout had a regularizing effect on

training and allowed the model to generalize well. Adding dropout also increased the average

speed for each epoch from 3s/step to 36 ms/step, allowing for quicker hyperparameter tuning and
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evaluation. Batch sizes of 10, 15, 20, 30, and 50 were then explored. We found that a batch size

of 10 resulted in an error message that the model ran out of data when testing, so it was discarded

as an option. While batch sizes of 20, 30, and 50 produced similar results as a batch size of 15,

they increased the average speed per epoch, and a batch size of 15 resulted in the lowest average

speed and highest model performance. Increasing the number of epochs from 4 to 5, 10, 20, 25,

and 30 overfit the data by epoch 5, so we chose 4 epochs for the final design. To evaluate if

each layer was necessary for the model to learn (which has important computational efficiency

implications), we tracked the weight histograms for each epoch, as seen in Figure 4.7. The hori-

zontal axis represents the true weight applied to the model, and the vertical axis represents each

epoch starting at 0. The shape and amplitude of the model weights change in every layer for

every epoch, suggesting that each is making a significant contribution to the model’s learning

and should not be deleted from the CNN architecture. If the model weight curves appeared flat or

unchanging between each epoch, it would suggest the layer may not be necessary for the model

to learn effectively and should be discarded to maintain computational efficiency.

After fine-tuning the hyperparameters, we found that the CNN was able to achieve high

training and testing accuracy, as well as low training and testing loss. Figure 4.8 shows examples

of two input radargram images as they are transformed in each epoch. As the image is convolved,

certain features are recognized by the CNN as important, such as localized dark spots, while

others are recognized as unimportant and are eliminated by epoch 4.

Training accuracies between 89-99% and testing accuracies between 84-95% are seen in

Figure 4.9, which displays the results of 10 runs of the CNN. While the exact rates vary with each

run, the training and testing accuracy generally increases with each epoch. Training and testing

loss decrease with each epoch, with exceptions in runs “grateful-haze-24” and “good-pond-14”,
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Figure 4.7: Model weight histograms for each CNN layer. The distribution of true model weights
is displayed at each epoch step, where epoch 0 is the first epoch, and epoch 3 is the fourth epoch.
Changes in shape or amplitude between epochs suggest the model is using that layer to learn
successfully. Changes in shape and amplitude are present for all layers, supporting the use of all
in the final CNN design.
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Figure 4.8: Examples of input radargram image changes after each epoch. (a) shows an example
image containing UXO, while (b) does not contain UXO. Important features are kept by the CNN
after each epoch, while unimportant features are discarded.

where testing loss somewhat increased between epochs 3 and 4. The consistent increase in testing

accuracy and decrease in testing loss between each run suggests that the model is mostly stable,

and the results are reproducible within an acceptable margin of error.

Figure 4.10 shows the confusion matrix and classification report for the CNN. The con-

fusion matrix tracks how often the model classifies images correctly and incorrectly. A true

positive is the case when the model correctly identifies that UXOs are present, and a true nega-

tive is the case when it correctly identifies that no UXOs are present. False positives represent

times when the model flags the radargram for UXO, where none exists. The most dangerous

case given the nature of the problem, however, is a false negative, where the model incorrectly

classifies the radargram as “safe” when it does contain UXO. This CNN has a false negative rate

of 4.90%, which outperforms similarly designed networks, though does not reach the goal of 2%,

the standard set by the ordnance detection community. The F-score for a model is a weighted
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Figure 4.9: Loss and accuracy for training and testing phases of the UXO CNN for 10 consecutive
runs. Panels (a) and (b) show loss values for training and testing, respectively. While the rates
vary, each run shows decreasing loss with increasing epoch. Panels (c) and (d) show accuracy
values for training and testing, respectively. Both training and testing accuracies increase with
increasing epoch, but the testing accuracy lags slightly behind training accuracy. This is likely
a function of the model’s weights and biases changing drastically in epochs 1 and 2. Maximum
training accuracy values range between 86-99%, while testing accuracy values range between
84-95%.
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Figure 4.10: UXO CNN Confusion Matrix and Classification Report. The upper panel shows the
confusion matrix for the CNN, where 0 represents “No UXO Detected” and 1 represents “UXO
Detected”. A false negative is the most dangerous case for a de-miner; the CNN was able to
produce less than 5% false negatives for the 1000 radargrams used for validation. The F-1 score
represents the weighted average of precision and accuracy for the model, where 1 is a perfect
model.

representation of the precision and recall of a binary classification system. An F-score of 1 is

considered to be perfect; this CNN has a score of 0.91, suggesting that it is strong, with some

room for improvement.

The results from this work suggest that a CNN is an appropriate tool for identifying whether

radargrams contain analog UXO or not, even when the data is collected in suboptimal field con-

ditions. With only 4 training epochs and a small batch size of 15, the CNN was able to produce a

maximum of 95% testing accuracy, which is higher than most of the accuracies achieved for simi-

lar experiments. Given the nature of the problem, however, 95% may not be sufficient for dealing

with potentially explosive items. This CNN architecture and model are limited to classifying if

UXO exists somewhere in the radargram image, without giving any information about the exact

location or depth, which is a major limitation of the approach. The original radargram image set
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was sparse and abundant data augmentation was used to generate a larger dataset; this should be

taken into account when evaluating the performance of this CNN, as included radargrams may

not be representative of real-world variability in hyperbola distribution and amplitude. The clas-

sification matrix confirms that the model is generalizing well, though it does not achieve a false

negative rate of 2%, which would be ideal.

4.3 CNN for Magnetic Source Parameter Estimation

As we discussed in Chapter 3, detecting small signals associated with landmines, UXO,

and ERW is a challenging task. Equally challenging is characterizing the source parameters

associated with detected targets such as burial depth, magnetic moment, and orientation [158].

Modern approaches rely primarily on performing inversions of field data using a forward model

that approximates the UXO as prolate spheroids, spheres, simple dipoles, or volumes of dipoles

[159–163]. In this section, we examine the utility of multiple invariants derived from the FDMGT

described in Chapter 3 and explore their merit as inputs to a CNN that estimates source parameters

of small, detected ferrous targets.

While CNNs are used primarily for classification tasks, their architecture can be adapted

to perform regression tasks. We estimate parameters such as magnetic moment and burial depth

by adding a regression layer at the end of the CNN, using the weighted node values as inputs to

the regression model. We designed the CNN using the same approach detailed in Section 4.3,

tracking the model’s ability to learn with varying numbers of convolution layers, input nodes, and

filter sizes, and then tuning hyperparameters to arrive at the most computationally efficient archi-

tecture. Figure 4.11 shows the CNN architecture of the network designed for magnetic source
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Figure 4.11: CNN architecture for estimation source parameters using FDMGT invariant maps.

parameter estimation. It consists of an input layer, where 2-D FDMGT invariant maps are used

as individual input channels, followed by four convolution layers with average pooling, batch

normalization, and ReLU activation between convolution layers. The output from the fourth con-

volution layer is then flattened to a fully connected layer, followed by a regression layer that

estimates the expected value of the parameter of interest.

One can use as many input channels as desired to explore the impact of different FDMGT

invariants on the model’s ability to estimate the source parameter of interest, but it should be noted

that more inputs do not necessarily guarantee better results given the computational cost. For our

purposes, we restricted the number of input layers to a maximum of five to better understand the

information gained from different invariant combinations.

We generated 12, 314 instances of synthetic data for a buried dipole calculated using Tetra-

Mag’s sensor geometry, varying the orientation of TetraMag, magnetic inclination and declination

values, magnetic moment values, burial depths, and location of the target in a 5 m x 5 m domain.

We then calculated the FDMGT and corresponding invariants using the methods described in

Chapter 3 and organized invariant maps of interest as input layer channels for the CNN. Data
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were split into 70% training, 20% validation, and 10% testing sets. This ensured that the testing

data were not ”seen” by the CNN while the model was being constructed and trained.

To estimate the magnetic moment of the dipole, we systematically tested both tradition-

ally measured magnetic data (Bt, Bx, By, Bz) as well as the magnetic gradient tensor-derived

invariants as input channels to the CNN. Figure 4.13 shows a summary of the CNN performance

for each method in terms of accuracy within four error tolerances (within 0.06, 0.05, 0.04, and

0.03 Am2). Instances when the CNN was trained with a single channel are labelled with only

the data type used in that channel. Instances where multiple input channels were used list the

included data types, separated by commas. When only Bt is used as an input (which any total

field magnetometer would provide), magnetic moment is estimated to within 0.03 Am2 with 25%

accuracy. When vector component information is available (which a single vector magnetometer

would provide) and Bx, By, and Bz are included as three input channels, the magnetic moment

within 0.03 Am2 increases to 65% accuracy. The performance of single-channel magnetic tensor

invariants such as eigenvalues λ1, λ2, and λ3 within 0.03 Am2 is typically < 50%, but when

invariants are combined, the model performs dramatically better. When using |GS|, ||GS||F , λ1,

λ2, and λ3 invariants as input layers, for example, the magnetic moment is estimated within 0.03

Am2 at > 95% accuracy. Figure 4.12 shows the true magnetic moment vs. the magnetic mo-

ment predicted by the trained CNN in this instance. The mean orientation angle error for this

model is 1.5◦. Accurately estimating the magnetic moment within these error bounds amounts to

a full order-of-magnitude improvement on methods that are currently being used such as those

in [81, 160, 164]. This highlights that the full magnetic gradient tensor contains crucial informa-

tion about small-scale targets that are not sufficiently captured by measuring Bt alone, or even

Bx, By, and Bz.
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Figure 4.12: Magnetic moment estimation from source parameter CNN. The red line is a 1:1
reference line.

To estimate the burial depth of the dipole, we followed a similar approach as described

above to evaluate the CNN performance of traditionally measured magnetic data and invariants

of the gradient tensor. Figure 4.15 shows a summary of the CNN performance for each method

in terms of accuracy within four error tolerances (within 4, 3, 2, and 1 cm). The total field,

Bt, performs the worst, estimating depth within 3 cm at < 30% accuracy. Similar to the CNN

designed to estimate magnetic moment, including the three vector components Bx, By, and Bz

increases the depth prediction accuracy to 55% within 3 cm, but pales in comparison to the

performance of magnetic gradient tensor invariants, especially when used in combination. Figure

4.14 shows the resulting true burial depth vs the burial depth predicted by the trained CNN when

the ratio ||GA||F/||GS||F , and eigenvalues λ1, λ2, and λ3 are used as input channels. The burial

depth of the target can be estimated to be within 4 cm tolerance at 99.43% accuracy, and within 3
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Figure 4.14: Burial depth estimation from CNN. The red line is a 1:1 reference line.

cm at 94.4% accuracy. If one wishes to estimate to within 1 cm, the accuracy falls to 78.43% but

outperforms all other invariant combinations that were tested. This confirms the depth resolving

power of both the eigenvalues of FDMGT, and the ||GA||F/||GS||F ratio described in Chapter

3, especially when compared to traditionally measured magnetic data. Being able to estimate

the burial depth at cm scale is sufficient given current demining practices, and amounts to a

modest improvement on current depth estimation techniques such as [165], but has the benefit

of avoiding the upward continuation calculations required for the depth from extreme points

(DEXP) or multi-ridge methods.
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4.4 Conclusions

This study demonstrates how machine learning techniques such as MLPs and CNNs are

useful for both detecting small-scale, small-amplitude targets and estimating their source pa-

rameters. When GPR data is available, the CNN from Section 4.2 may be used to highlight

radargrams of interest that likely contain UXO, with 95% accuracy. The addition of a sliding

window to automatically identify the location of the detected UXO hyperbola would make this

method even more useful for rapidly identifying regions of interest. When a regression layer is

added to the end of the CNN architecture, source parameters such as magnetic moment and burial

depth may be estimated from FDMGT invariant maps with high accuracy and acceptable error

margins. The CNN’s ability to estimate both magnetic moment and burial depth highlights that

important information is contained within the FDMGT that is not necessarily captured by mea-

suring just Bt, or the vector components Bx, By, and Bz, especially at these small scales. The

inclusion of ML as a data processing tool enables the fusion of multiple geophysical modalities

when detecting and characterizing targets in the shallow critical zone, be they anthropogenic or

geological in origin.
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Chapter 5: Method of Self-Noise Reduction for Drone-Based Magnetometry

In this chapter, we present a method we have developed for modeling and reducing un-

wanted magnetic signals generated by vehicle self-noise when conducting drone-based surveys.

We begin by motivating the need to model vehicle self-noise when using rigidly mounted mag-

netometers and discuss their sources. We then describe our workflow and the construction of our

model. Finally, we validate our model using field data and discuss the strengths and limitations

of our technique.

5.1 Introduction

Detecting small-scale, small-amplitude anomalies is particularly challenging, whether us-

ing vector or scalar magnetometers. This is partly due to cultural and space weather noise sources

that can obfuscate anomalies when used in isolation [159]. Magnetic gradiometry largely solves

the issue of cultural and space weather noise [166, 167], but does not address the impact of the

drone platform, which will produce a non-trivial, time-varying magnetic signature as part of the

total measured signal. Magnetometer systems are often slung-loaded to avoid these unwanted

signals. However, swinging motions during flight restrict users to total field magnetometers due

to the pointing sensitivity of vector magnetometers [168]. Additionally, slung-loaded systems

are inappropriate in cases requiring very low-altitude flying. Total field magnetometers provide
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less information than triaxial vector magnetometers, limiting the ability to detect and constrain

dimensions of small-scale anomalies. To mitigate space weather and cultural noise sources and

maximize the amount of information collected in the field, we utilize magnetic gradiometry with

an array of rigidly-mounted triaxial fluxgate sensors, called TetraMag, aboard a Freefly Alta X

drone, capable of carrying 15 kg payloads. This necessitates characterizing the combined mag-

netic signature of the drone to remove from magnetic data.

5.1.1 Sources of Magnetic Self-Noise

Magnetic self-noise sources of drone platforms include current draw from DC motors,

motions of permanent magnets inside the motors, vibration, vehicle attitude, and any payload

instrumentation being flown. Figure 5.1 illustrates these noise sources on the Freefly Alta X

platform. Owing to Ampere’s Law, DC brushless motors (BLDC) aboard the Alta X contribute

magnetic signature as current is drawn from the DC power bus to each motor (labeled a on

Fig. 5.1) [169–171]. The motion of permanent magnets inside BLDC motors produces time-

varying magnetic fields, and any conductive drone components moving through Earth’s field will

also produce magnetic fields, resulting in additional self-noise [172], with label d. Additionally,

small-scale motions from the drone platform vibrating can be faster than the ability for onboard

sensors to measure and compensate for, creating noise in collected data (label c) [37]. Payload

instrumentation, labeled e on Fig. 5.1, may also contribute magnetic noise depending on their

specifications. Triaxial fluxgate magnetometers measure along the axis of each sensor core, so

Earth’s ambient field is sampled as the projection of that field onto the axis of each component

(label b). For a rigidly mounted system, microradian uncertainty in sensor orientation and posi-
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Figure 5.1: Sources of magnetic noise on a drone. (a): current draw from DC power bus to mo-
tors. (b): Earth’s ambient magnetic field. (c): vibration of the platform. (d) motion of permanent
magnets inside BLDC motors. (e): payload instrumentation.

tioning with respect to the attitude of the drone (yaw, pitch, and roll) will result in the creation

of spurious magnetic signals or the suppression of true magnetic signals, contributing to the total

vehicle self-noise.

This motivates the need to model the combined magnetic signature of the drone to cancel

out their contribution to measured magnetic data for the rigidly-mounted triaxial fluxgate mag-

netic gradiometer.

5.2 Magnetic Noise Reduction Model

Figure 5.2 shows the workflow for the magnetic noise reduction model and the creation of

anomaly detection maps. TetraMag data are collected using a Raspberry Pi 4 equipped with

a real-time clock, while the Alta X logs its telemetry data using its embedded Black Cube,

with timestamps from real-time kinematic (RTK) GNSS data. We begin with data preparation

(described in Section 5.3.2), including calibration of TetraMag data, synchronization with the
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Figure 5.2: Magnetic noise reduction workflow.

telemetry data, and downsampling to 4 Hz. We leverage telemetry data the Alta X measures to

construct the TetraMag Predictive Model. Since we are only interested in the total contribution

from the combined magnetic noise sources, multiple potentially useful parameters could help

capture information about the combined signal, including:

• GPS Position: latitude (λ), longitude (τ )

• Altimeter Elevation (h)
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• Vehicle Attitude: yaw (ψ), pitch (θ), roll (ϕ)

• Motor Current Draw (I⃗)

• Motor Speed: RPM (Ω⃗)

• Etc...

We train candidate linear regression models using parameters from the telemetry dataset

described below.

5.2.1 Expected B⃗ Value

We combine the latitude, longitude, elevation, and attitude information with the known

TetraMag sensor locations to calculate expected Bx, By, andBz values for each sensor. We begin

by querying the world magnetic model (WMM) for the expected Earth Bx, By, and Bz values

for the drone’s measured latitude, longitude, and elevation from an externally integrated laser

rangefinder. Each sensor’s position is corrected for the known separation between the drone’s at-

titude sensor before querying the WMM for that sensor. Due to ground effects impacting barom-

eter stability, the laser rangefinder provides more reliable altitude measurements for our very

low-altitude (< 1 m) flights than the Alta X’s combination IST8310 magnetometer and BMP388

barometer. We then use the telemetry-logged yaw, pitch, and roll to construct the cosine rotation

matrix and project the ambient expected field onto the plane of the drone. We abbreviate these

estimations as ”Exp” in the model construction.
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5.2.2 Motor Current Draw, Speed And Their Time Derivatives

DC motors convert current and voltage into mechanical motion (+ heat). They are generally

governed by two equations: the time rate of change of the conservation of energy and the motor’s

voltage balance equation. The conservation of energy equation can be written as:

IV = I2R + τΩ (5.1)

where I is current, V is the voltage applied to the motor, R is the resistance that comes

from the motor’s armature, τ is torque, and Ω is the angular speed [173]. The motor voltage

balance equation is given as follows:

V = IR + Lİ + VEMF (5.2)

where L is motor inductance, İ is the time derivative of current, and VEMF is the back

electromotive force (EMF), which is associated with the work the DC motor does to convert

either electrical to mechanical energy, or mechanical to electrical energy.

Motor current draw, I⃗ = (I1, I2, I3, I4), is measured for the four motors aboard the Alta

X via its built-in telemetry system. Each motor is wired to a central power distribution unit, so

we can expect a magnetic field around each of these wires as the motor draws current from the

central batteries to approximately follow the Biot-Savart Law [174]:

B⃗(r⃗) =
µ0

4π

∫
C

Id⃗l × r⃗′

|r⃗′|3
(5.3)

107



where C is the path, d⃗l is the differential length along the path in the direction of the current

flow, r⃗′ = r − l is the full displacement vector from the measurement point r to the point along

the wire, and µ0 is the permeability of free space. By including I⃗ , we consider the conservation

of energy of the motors and torque since the current is directly proportional to torque [175]. We

include the time derivative of current, ⃗̇I , to account for the motor’s voltage balance. We also

include the Hilbert Transform of each motor’s current measurement, h⃗I , the imaginary part of

the analytic signal of I⃗ , to capture information about any potential phase delays.

Similar to the current draw, the motor speed, Ω⃗ = (Ω1,Ω2,Ω3,Ω4) is measured for the four

motors by the Alta X telemetry system. A motor may be thought of as being in series with a

resistor [176]. As the induced current increases, VEMF will also increase, proportional to Ω (see

Eqn 5.1 and 5.2). To account for both the back EMF and the conservation of energy, we include

Ω⃗ in our model. Since the drone will not necessarily be moving at a constant velocity, we also

include the time derivative of motor speed, ⃗̇Ω, which may account for eddy currents in the motors

that arise by Faraday induction [177]. Additionally, we include the Hilbert Transform of each

motor’s speed, h⃗Ω, to ensure potential phase delay information is considered.

5.2.2.1 Candidate Models

We construct three separate models to explore the extent to which these telemetry and

telemetry-derived parameters are useful in capturing magnetic noise from the drone:

• Model A: Expected B⃗, I⃗ , Ω⃗, h⃗I , h⃗Ω

• Model B: Expected B⃗, ⃗̇I , ⃗̇Ω, h⃗I , h⃗Ω

• Model C: Expected B⃗, I⃗ , ⃗̇I , Ω⃗, ⃗̇Ω, h⃗I , h⃗Ω
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5.3 Field Data

This section describes our field area and the data processing and preparation steps required

to train the magnetic self-noise model.

5.3.1 Inert Minefield

Our site, located near Glenn Dale, MD, lies between three fields primarily used for agro-

nomic crop research and is in a soil map named for the Downer and Hammonton soil series

(Coarse-loamy, siliceous, semiactive, mesic Typic Hapludults, and Coarse-loamy, siliceous, semi-

active, mesic Aquic Hapludults). We assembled a 17.5 m x 7.5 m survey area using a collection

of inert landmines and cluster munitions at realistic depths for their typical deployment. Figure

5.3 shows the location of the field site (top left), a picture of the Freefly Alta X with our multi-

sensor payload (top right), as well as an illustration of the survey layout, with row labels A, B,

and C, and column labels 1-7. Targets known as ferrous are in red, possibly ferrous are in yellow,

non-ferrous are in white, and blank control holes are in black. Table 5.1 contains a complete

description of each target, with dimensions and burial depths.

5.3.2 Data Preparation

We flew a clover-shaped mission 8 m above the survey area to calibrate our magnetic data

and applied the least-squares ellipsoid fitting calibration process described in [43, 126, 129]. We

then flew a grid pattern survey (N-S and E-W orientations) at 0.5 m altitude with 30 cm spacing

between transects across the field area at 0.5 m/s. We synchronized TetraMag measurements

with telemetry data by cross-correlating Alta X’s onboard magnetometer with the closest mag-
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Target Label Type Dimensions Burial Depth

A1 Control hole N/A N/A

A2 AT Mine 24 cm D, 12 cm H 7 cm

A3 Dummy Bomb 33 cm L 10 cm

A4 IED Analog 4 cm D, 10 cm L 13 cm

A5 EM Mine 30 cm D, 10 cm H 5 cm

A6 Dummy Grenade 5 cm D, 8 cm H 8 cm

A7 Simulant AT mine 30 cm D, 10 cm H 10 cm

B1 M42 Submunition 3 cm D, 5 cm H 10 cm

B2 AT mine 15 cm D, 5 cm H 10 cm

B3 PDM AP mine 6 cm L, 10 cm W 10 cm

B4 Dummy Bomb 33 cm L 10 cm

B5 Claymore AP 22 cm L, 4 cm W, 12 cm H 5 cm

B6 Simulant AT mine 12 cm D, 4 cm H 7 cm

B7
Bouncing Betty

AP mine 10 cm D, 15 cm H 12 cm - 0 cm

C1 AT mine 24 cm D, 8 cm H 9 cm

C2 Control hole N/A N/A

C3 Metal AT mine 33 cm D, 13 cm H 10 cm

C4 BLU-26 Bomb 6 cm D (spheroid) 10 cm

C5 Artillery Shell Analog 33 cm L, 7 cm H 5 cm

C6 Plastic AP mine 10 cm D, 5 cm H 10 cm

C7 Simulant AT mine 30 cm D, 8 cm H 8 cm

Table 5.1: Target specifications for Glenn Dale, MD, field site. Abbreviations: D (diameter), H
(height), L (length), W (width), AT (anti-tank), AP (anti-personnel), IED (improvised explosive
device), EM (electromagnetic), PDM (pursuit deterrent munition).
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Figure 5.3: Inert Minefield and target locations near Glenn Dale, MD. The photo inset shows the
Alta X drone with our geophysical sensor payload.

netometer to the platform (magnetometer 4). We then downsampled all telemetry data to match

TetraMag’s 4 Hz sampling frequency. To evaluate the extent to which filtering is required to

suppress vibration noise from the drone, we compared the unfiltered data to a 0.25 Hz low-pass

filtered version. Figure 5.4 shows anomalies, defined as the measured B⃗ value subtracted from

the Expected B⃗ value, for magnetometer 1, z-component (B1z) for the unfiltered case (top) and

filtered case (bottom). The spatial coherence increases dramatically once the 0.25 Hz low-pass

filter is applied, suggesting that vibration noise contributes significantly to the measured data

and should be filtered out, especially when small-scale, small-amplitude anomalies are expected.

As a result, we applied the 0.25 Hz low-pass filter to both TetraMag and telemetry data before

constructing candidate models.
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Figure 5.4: Comparison between no filter and 0.25 Hz low-pass filtered data. The filtered data
has better spatial coherence as it suppresses vibration from the drone flying.

5.4 Results

Here, we present the results for candidate models A, B, and C using data collected at

the inert minefield. We begin by discussing the relative importance of each model’s included

parameters by normalizing the input variables and data to a standard deviation of 1 and comparing

the resultant coefficients. We then show each model’s performance with respect to root mean

squared error (RMSE) and spatial coherence.

5.4.1 Candidate Model A Coefficients

Figure 5.5 shows how Model A’s coefficient amplitudes of included parameters compare,

component-by-component, for each magnetometer. Expected B⃗ values are omitted since they

are included in all models. Magnetometers 1 − 4 (B1 − B4) are displayed as ”Mag1”, ”Mag2”,
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”Mag3”, and ”Mag4”, respectively. Model A may be written as:

⃗BExp +



a⃗1 b⃗1 c⃗1 d⃗1

a⃗2 b⃗2 c⃗2 d⃗2

a⃗3 b⃗3 c⃗3 d⃗3

a⃗4 b⃗4 c⃗4 d⃗4





I⃗

Ω⃗

h⃗I

h⃗Ω


=



⃗AB1

⃗AB2

⃗AB3

⃗AB4


(5.4)

where AB1−4 is Model A’s predicted magnetic field for each magnetometer, ⃗BExp is the set

of expected B⃗ values for each magnetometer, I⃗ , Ω⃗, h⃗I , and h⃗Ω are the input variables, and a(1−4)

- d(1−4) represent the model coefficients that scale each variable. When modeling B(1−4)x, the

current draw from motor 2 (I2) dominates the model coefficients for all magnetometers. Ω1 con-

tributes the least for B1x, but is the second most dominant for B1y. Hilbert transforms of current

draw and RPM make significant contributions across all components, suggesting the existence of

nonlinearity that can be approximated as a phase shift. The relative importance of each parameter

is consistent across all magnetometers in B(1−4)x and B(1−4)y. Still, parameters for B4z (located

closest to the drone body) are different, with Hilbert transforms of both Ω (hΩ) and I (hI) being

the most prominent. I3 does not contribute much to B(2−4)y for magnetometers, but does for

magnetometer 1.

5.4.2 Candidate Model B Coefficients

Figure 5.6 shows the coefficients for variables in Model B. Model B may be written as:
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⃗BExp +



a⃗1 b⃗1 c⃗1 d⃗1

a⃗2 b⃗2 c⃗2 d⃗2

a⃗3 b⃗3 c⃗3 d⃗3

a⃗4 b⃗4 c⃗4 d⃗4





˙⃗
I

˙⃗
Ω

h⃗I

h⃗Ω


=



⃗BB1

⃗BB2

⃗BB3

⃗BB4


(5.5)

where BB1−4 is Model B’s predicted magnetic field for each magnetometer, ⃗BExp is the

set of expected B⃗ values for each magnetometer, ˙⃗
I , ˙⃗

Ω, h⃗I , and h⃗Ω are the input variables, and

a(1−4) - d(1−4) represent the model coefficients that scale each variable. Hilbert transforms of I

and Ω dominate across all components of all magnetometers, suggesting increased nonlinearity

when only the gradients of I and Ω are included in the model. The amplitudes of all variable

coefficients are larger than those from Model A. The relative importance of each variable is

similar for B1(x,y,z), B2(x,y,z), and B3(x,y,z), but İ4 and Ω̇4 are more prominent in B4z, and hΩ4

and hΩ1 are more prominent when predicting B4y. Ω̇4 contributes very little for B1(x,z), B2(x,z)

andB3(x,z), but contributes significantly for theB(1−4)y components. İ1 is consistently larger than

İ2 for all components and all magnetometers.

5.4.3 Candidate Model C Coefficients

Figure 5.7 shows the coefficients for variables in Model C. Model C may be written as:
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⃗BExp +



a⃗1 b⃗1 c⃗1 d⃗1 e⃗1 f⃗1

a⃗2 b⃗2 c⃗2 d⃗2 e⃗2 f⃗2

a⃗3 b⃗3 c⃗3 d⃗3 e⃗3 f⃗3

a⃗4 b⃗4 c⃗4 d⃗4 e⃗4 f⃗4





I⃗

Ω⃗

˙⃗
I

˙⃗
Ω

h⃗I

h⃗Ω



=



⃗CB1

⃗CB2

⃗CB3

⃗CB4


(5.6)

where CB(1−4) is Model C’s predicted magnetic field for each magnetometer, ⃗BExp is the

set of expected B⃗ values for each magnetometer, I⃗ , Ω⃗, ˙⃗
I , ˙⃗

Ω, h⃗I , and h⃗Ω are the input variables,

and a(1−4) - f(1−4) represent the model coefficients that scale each variable. For B(1−4)x, hΩ1

and Ω2 dominate, while hI4 and I3 dominate for B(1−4)z. İ3 does not contribute significantly to

B(2−4)x, but does across all magnetometers for y- and z-components. Like Model A and Model

B, magnetometer 4 has different dominant variables in the y- and z- components (Ω2, I4, I3, and

I1 for B4y and hΩ2, I1, Ω3, and hΩ3 for B4z).

5.4.4 Model Performance Comparison

Figure 5.8 summarizes each model’s performance by the error between the model’s pre-

dicted value of B and the TetraMag measured values (RMSE). Figure 5.8(i) shows RMSE by

component for the models A, B, and C, and when only BExp is included. The largest errors occur

for the BExp case, which only accounts for the drone’s orientation with respect to the world mag-

netic model. Model B has consistently higher errors than models A and C, and model C has the

lowest errors across all components. Z-component predictions produce the lowest RMSE values

for all models, with CB4z producing average < 60 nT errors. Figure 5.8(ii) shows measured B4z

117



Fi
gu

re
5.

7:
M

od
el

C
co

ef
fic

ie
nt

s.
In

pu
td

at
a

an
d

m
od

el
va

ri
ab

le
s

ha
ve

be
en

no
rm

al
iz

ed
to

st
d

=
1.

T
he

fo
ur

m
ag

ne
to

m
et

er
s

of
Te

tr
aM

ag
ar

e
la

be
le

d
”M

ag
1”

,”
M

ag
2”

,”
M

ag
3”

,”
M

ag
4”

.

118



Component BExp Only Model A Model B Model C

Bx 1 2 2 2

By < 1 1 1 1

Bz 2 3 3 3

Table 5.2: Average order of magnitude variance reduction by component for each candidate
model.

(blue) and predicted CB4z (dashed black) for one of the 0.5 m altitude survey flights, with the

resulting errors (anomalies) in the bottom panel (iii). Model C recovers the longer periods and the

majority of shorter periods from the measured signal. The remaining errors (anomalies) match

typical landmine, UXO, and ERW anomaly ranges. Figure 5.8(iv) is a scatterplot of the predicted

CB4z vs measured B4z values seen in panel (ii), and the red line is a 1:1 (y=x) reference. Model

C predicted values closely follow the 1:1 line, amounting to three orders of magnitude variance

reduction. Table 5.2 summarizes the remaining variance reduction estimates. While models A,

B, and C all produce the same order of magnitude variance reduction, the smallest values for

individual magnetometer components are in model C.

Table 5.3 provides a summary of the root mean squared error between different compo-

nents of the finite-difference magnetic gradient tensor, G, using both uncorrected and corrected

TetraMag data for each model. Model C has the smallest RMSE for all components of G, and

models A, B, and C all perform better than the BExp correction.

Figure 5.9 shows the average Bx, By, and Bz anomaly maps for the inert minefield with

the known target locations overlaid. We use basis spline interpolation to visualize the data, con-

structing a piecewise polynomial function that passes through each data point while minimizing

error or curvature. We used 0.25 m knot spacing, L1 misfit to quantify the error, and a damping

factor of 100 for all maps. The top row shows the average component maps for orientationally
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Figure 5.8: Model performance summary. (i) shows the root mean squared error for each compo-
nent by model. ”Exp B” uses only the geometrically-compensated values. (ii) shows an example
signal from Magnetometer 4, z-component (CB4z), with the values predicted by Model C. (iii)
shows the anomalies from Model C. These values match the expected anomaly ranges for land-
mines, UXO, and ERW. (iv) shows predictedB4z vs measuredB4z. The red line is a 1:1 reference.
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G Component BExp Only Model A Model B Model C

Bxx 1880.37 1871.77 1871.87 1871.45

Byx 209.93 161.84 168.53 159.99

Bzx 1374.23 1364.86 1364.99 1363.82

Bxy 726.79 712.75 712.69 711.40

Byy 1398.341 1389.57 1389.22 1389.14

Bzy 219.97 106.64 109.58 106.40

Bxz 1611.19 1607.59 1607.45 1607.38

Byz 1961.91 1960.60 1960.61 1960.58

Bzz 3259.63 3249.01 3249.14 3248.96

Table 5.3: Root mean squared error (RMSE) between different components of G using both
uncorrected and corrected TetraMag data for each model.

compensated B values (BExp), and rows 2, 3, and 4 show maps for models A, B, and C, respec-

tively. Bx, By, and Bz maps show very little spatial coherence for the BExp case but increase

dramatically with models A, B, and C. Model C shows the strongest spatial coherence across all

components. However, model A highlights many of the same features as model C, especially

in the x-component. Bz anomalies are smaller than those for Bx and By, but the increase in

spatial coherence is still dramatic for models A and C, highlighting areas with small-scale, small-

amplitude signals. Locations of targets that are ferrous or suspected to be ferrous have black

crosses, and non-ferrous or control hole locations have black circles. The increase in spatial co-

herence for each average component approximately localizes many of the targets with a spatial

offset. Still, many of the signals blend together, making it difficult to differentiate them.
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5.5 Discussion

Here, we discuss the results of our magnetic self-noise models and their implications. We

begin by describing the impact of drone magnetic noise on data fidelity and then discuss the

limitations resulting from TetraMag’s low sampling frequency.

5.5.1 The Impact of Drone Magnetic Noise on Data Fidelity

As one would expect, the largest contributing signal measured by magnetometers comes

from Earth’s ambient field. For total field magnetometers, this may be partially compensated by

using a base station magnetometer. Still, triaxial magnetometers are sensitive to orientation, so a

base station alone is not sufficient for correcting triaxial data, especially on drones. As described

in Section 5.2.1, we can calculate more accurate B⃗ correction values ( ⃗BExp) by projecting the

WMM ambient field vectors onto the plane of the drone using a direction cosine matrix derived

from the telemetry’s logged yaw, pitch, and roll data. Figure 5.8(i) and Table 5.2 show that this

results in 1, < 1, and 2 orders of magnitude variance reduction for Bx, By, and Bz, respectively.

While this may be sufficient for detecting large-scale anomalies, it is far larger than the expected

signal amplitudes from small-scale anomalies such as landmines, UXO, and ERW. Including the

logged current draw, motor speed, as well as their gradients and Hilbert transforms, in a linear

model allows us to capture information about the drone’s generated magnetic self-noise, while a

low-pass filter helps suppress some of the signals associated with vibration during flight. Models

A, B, and C all produce the same order of magnitude variance reduction (see Table 5.2), but

Model C produces the lowest RMSE overall. This suggests that the magnetic signals generated by

the drone have both linear and nonlinear factors but that nonlinear factors are well-approximated
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as a phase shift from the Hilbert transforms of I⃗ , Ω⃗, and their gradients.

The average anomaly maps in Figure 5.9 are similar to what one might expect from using a

single triaxial fluxgate magnetometer. While the spatial coherence increases and noise is reduced

using these models, the locations of ferrous targets remain uncertain, reinforcing the importance

of leveraging invariants derived from the magnetic gradient tensor. Figure 5.10 shows one of the

invariants of interest, the determinant of the symmetric part of the magnetic gradient tensor (|GS|)

for all models, with the known target locations overlaid. Many spurious signals are present when

only BExp is included, which obfuscates target locations. Models A and B dramatically improve

the resolution for different sections of the survey area. Model C, which incorporates elements

from A and B, produces the highest-resolution map, localizing most targets. Chapter 6 introduces

additional invariant maps based on the gradient tensor results computed from model C.

5.5.2 Sampling Frequency Limitations

The drone telemetry sensors have a sampling frequency of 25 Hz, while the MEDA FVM-

400 sensors used by TetraMag in continuous data streaming mode are 4 Hz. While downsampling

the telemetry data to match TetraMag prioritizes the retention of all magnetic data without the

risk of introducing spurious signals, the loss of information from telemetry impacts both the

maximum surveying velocity and the accuracy of yaw, pitch, and roll measurements included in

the model. High data density is important for all magnetic surveys, but especially so when one

expects the presence of small-scale, small-amplitude anomalies. To ensure proper data coverage

for the scales of our known buried targets, we were limited to a flying velocity of 0.5 m/s. Flying

slowly has the benefit of increasing the drone’s stability at the limiting cost of battery life. Our
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Figure 5.10: The determinant of the symmetric part of the full magnetic gradient tensor (|GS|)
for all models. A black ”+” symbol indicates GNSS locations of ferrous and possibly ferrous
targets. A black ”o” symbol indicates GNSS locations of non-ferrous targets and control holes.
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payload weight amounts to roughly 12 − 15 minutes of flying time for each set of batteries,

which take upwards of 40 minutes to charge once used. Additionally, since the model relies on

yaw, pitch, and roll measurements to correct the orientation of the drone, this information loss

may limit our ability to properly describe the drone’s position at every timestep. This directly

impacts the efficacy of the BExp calculation.

Our magnetic self-noise model for the drone outperforms current compensation techniques

and enables the rigid mounting of sensitive triaxial magnetometers to the drone body. Still, it

would benefit from a higher sampling magnetometer array. If TetraMag could sample at the

same 25 Hz as the telemetry, we could fly more than six times faster for the same survey data

density. This would obviate the need for downsampling, allowing for all yaw, pitch, and roll

measurements to be included, which may improve the self-noise model even more. This, in turn,

would increase overall data fidelity.

5.6 Conclusions

This study demonstrates how data logged by UAV telemetry may be leveraged to model

and reduce vehicle magnetic self-noise. The method is useful for any drone-mounted magnetic

system with an accessible telemetry log. It is standard for commercial drones to log yaw, pitch,

roll, Ω, and battery status (I⃗), so no additional sensors are required to utilize the developed tech-

nique. However, if desired, this does not preclude using extra, higher-resolution accelerometers

and/or current sensors to measure these parameters. To measure I⃗ in a non-invasive way, for

example, one could attach split-core current sensors at each motor wire connection and log the

data using either the flight controller or an external microcontroller fitted with a real-time clock.
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Data fidelity and spatial coherence improve dramatically for models A, B, and C compared to

results using ⃗BExp only. Model C, which includes currents, motor speed, and their derivatives,

ultimately outperforms the others. It is consistent with the conservation of energy equation (5.1)

and the motor voltage balance equation (5.2), which govern DC motors. Measurable magnetic

signals from the vibration of the drone may be suppressed effectively with a low-pass filter, fur-

ther increasing data fidelity. This method may be improved by using higher sampling frequency

magnetometers, enabling faster surveying velocity and wider coverage per set of drone batteries.

For the Freefly Alta X, a higher sampling frequency for TetraMag would ensure no telemetry data

are lost while downsampling. Since the Alta X has a vibration-damping ring between its body

and our custom landing gear, it is worth investigating the extent to which yaw, pitch, and roll

measured by the drone matches the movement of TetraMag. Integrating an additional accelerom-

eter on the landing gear would verify the accuracy of the telemetry measurements and inform

future versions of the drone package. This method is not restricted to UAV-based magnetometry

and may be applied to any vehicle that utilizes DC motors. Ground robotics systems such as

the AeroVironment tEODor EVO [178], for example, which disarms and disposes of explosive

ordnance, could be fitted with TetraMag and use these modeling methods to model and subtract

out the vehicle’s self-noise for UXO detection prior to removal.
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Chapter 6: Landmine and ERW Detection using UAV-Based Multi-Modal Geo-

physics

In this chapter, we present the individual sensor and multi-modal results of TetraMag, Li-

DAR, IR, and visible light photogrammetry for a drone-based survey of the Glenn Dale inert

minefield using the techniques developed in Chapters 2, 3, and 5. We begin by describing the

field area, surveying methods, and steps taken to process the data. We then present TetraMag

data, including anomaly maps generated by invariants of the finite-difference magnetic gradient

tensor. After, we present FLIR data, including visible light and thermal photogrammetry. We

then display the LiDAR data and consider the textural features of the produced point cloud. We

combine these into multi-modal maps of the survey area. Finally, we discuss our approach’s

detection capabilities and limitations, including suggestions for future improvements.

6.1 Field Area Survey and Data Preparation

As described in Chapter 5, our field area consists of an inert minefield we constructed in

Glenn Dale, MD (see Section 5.3). We buried 19 targets in a 17.5 m x 7.5 m portion of the field

and included two additional control holes in the grid for a total of 21 known target locations.

We flew a 0.5 m/s lawnmower grid over the field area with 0.3 m spacing at 0.5 m altitude to

collect TetraMag and LiDAR data. We then flew the same grid at 10 m altitude to collect FLIR
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thermal and visible light photogrammetry, as both cameras were out of focus at 0.5 m altitude.

We then applied the data synchronization described in Chapter 5 to TetraMag data. We processed

LiDAR data using GeoSLAM Draw, importing the high-precision GNSS measurements of the

ground control points to georeference the 3D point cloud. We truncated the point cloud volume

to a maximum of 0.3 m above the ground surface and filtered outliers from the dataset. We then

exported the point cloud as a .laz file and imported it to MATLAB for visualization. We pro-

cessed the FLIR thermal and visible light data using PIX4Dmapper. We separated the visible and

thermal images from their combined RJPG file format. Then, we calibrated each set separately,

calculating tie points using geometric similarity and location information from the camera’s at-

tached GNSS puck. After initial processing, we merged the visible and thermal datasets for

stitching. Since the thermal camera of the FLIR Duo has a much lower resolution than the visible

light camera, we used the visible light data to calculate the 3D mesh geometry. We then projected

the thermal texture on top, creating thermal and visible light orthomosaics.

6.2 TetraMag Data

Chapter 5, Figure 5.9 showed the field area before and after applying the noise model. We

calculated the full magnetic gradient tensor (FDMGT) using the anomaly values and Equation

3.3. We then calculated the gradient tensor’s invariants for each timestep, as described in Section

3.3. Below, we show invariant maps for the eigenvalues, determinants (symmetric and antisym-

metric parts), Frobenius norms (symmetric and antisymmetric, and the ratio of antisymmetric-to-

symmetric), eigenvalue combinations 1 and 2, and NSS.

Figure 6.1 shows λ1 (top), λ2 (middle), and λ3 (bottom) maps, with GNSS-measured target
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positions overlaid. White ”+” symbols indicate ferrous and possibly ferrous targets. White ”o”

symbols indicate non-ferrous targets or control holes. The λ1 map shows anomalously low spots

that align with targets A5-A7, B2, B4-B7, C1, and C3. λ3 maps show anomalously high spots

that align most strongly with targets A2, A4, A6, A7, B4, B6, and B7. Anomalously high and

low spots for λ2 maps align with the same target locations seen in maps λ1 and λ3. All three

eigenvalue maps present additional low and high anomalies not associated with the known targets.

Figure 6.2 shows |GS| (top), ||GS||F (middle), and ||GA|| (bottom) for the field area. Back-

ground signals are suppressed well for the symmetric determinant map, with targets A2-A4, A6,

A7, B1, B2, B4-B7, C1, and C3 visible as spots with high or low anomalous spots compared with

the background. Targets A2-A7, B1-B7, C1, C3, and C7 are localized as anomalously high spots

for both ||GS||F and ||GA|| with amplitudes in the symmetric map nearly six times larger than the

antisymmetric. Control holes and non-ferrous objects do not appear as anomalies in any maps.

As we showed in Chapter 3, the ||GA||F/||GS||F ratio is a potentially useful parameter

for determining burial depth (see Figure 3.6). Figure 6.3 displays this ratio for the field area

(top). The bottom panel shows the predicted target depth using the Frobenius norm ratio at the

GNSS-marked locations. The red line is a 1:1 (y = x) reference. A strongly linear dependence

(r2 = 0.99) exists between the Frobenius norm ratio and the measured burial depth. Table 6.1

summarizes the measured burial depths, predicted burial depths using the Frobenius norm ratio,

and the error as a percentage of the measured burial depth. While error percentages vary between

1− 20%, all errors are less than 1 cm.

Figure 6.4 displays maps for λC1 (top), λC2 (middle) , and NSS (bottom). Anomalously

high spots localize targets A2-A4, A6, A7, B1, B2, B4-B7, C1, and C3 for λC1, while λC2

localizes the same targets with a mix of both anomalously high and low spots. Targets A2-A7,
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Figure 6.1: Eigenvalue anomaly maps from a drone-based survey of the inert minefield. A white
”+” symbol indicates GNSS locations of ferrous and possibly ferrous targets. A white ”o” symbol
indicates GNSS locations of non-ferrous targets and control holes.
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Figure 6.2: Determinant and Frobenius norm anomaly maps from a drone-based survey of the
inert minefield. A black ”+” symbol indicates GNSS locations of ferrous and possibly ferrous
targets. A black ”o” symbol indicates GNSS locations of non-ferrous targets and control holes.
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Figure 6.3: Frobenius norm ratio ||GA||F/||GS||F map of the inert minefield (top) and the corre-
sponding predicted vs measured depth values (bottom). The red line in the bottom panel is a 1:1
reference line.
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Target Description Measured Depth
(cm)

Predicted Depth
(cm)

Error
(%)

A2 AT Mine 7 7.54 7.8

A3 Dummy Bomb 10 9.89 1.1

A4 IED Analog 13 12.71 2.2

A5 EM Mine 5 5.87 17.3

A6 Dummy Grenade 8 8.97 12.1

A7 Simulant AT mine 10 10.43 4.3

B1 M42 Submunition 10 10.91 9.1

B2 AT mine 10 9.51 4.9

B3 PDM AP mine 10 9.25 7.5

B4 Dummy Bomb 10 10.10 1.0

B5 Claymore AP 5 5.96 19.3

B6 Simulant AT mine 7 7.83 11.9

B7
Bouncing Betty

AP mine 12 11.03 8.1

C1 AT mine 9 8.63 4.1

C3 Metal AT mine 10 9.34 6.6

C4 BLU-26 Bomb 10 10.70 7.0

C5 Artillery Shell Analog 5 5.13 2.7

C7 Simulant AT mine 8 7.88 1.6

Table 6.1: Detected ferrous target measured and predicted burial depths. Predicted depths are
calculated using the Frobenius norm ratio ||GA||F/||GS||F .
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B2-B7, C1, C3, and C7 are localized by anomalously high spots for the NSS map. Control holes

and non-ferrous objects do not appear as anomalies in any of the maps.

6.3 FLIR Data

Figure 6.5 shows the stitched visible light orthomosaic from the 10 m flight, where each

pixel represents a single 4000x3000 photo that has been calibrated, zoomed, and rotated to match

neighboring photo key features. Areas with anomalous features, defined as having sharp color

contrasts with the rest of the photo or very symmetric features, are highlighted at insets on the

orthomosaic. The top left inset shows an anomalous area where, once zoomed in, target B7 is

visible. The green cross-hair position indicates the location with the most anomalous feature

compared to its surroundings. The middle and right insets show circular patches where the grass

is not growing, exposing the soil beneath. The four white squares in the photo are the survey

area ground control points. Figure 6.6 shows the orthomosaic cropped around the survey area.

Anomalous features are circled in black.

Figure 6.7 shows the stitched thermal orthomosaic for the inert minefield. Temperatures

reported are relative, with 0 representing the coldest spots and 1 representing the hottest spots.

White squares correspond to survey ground control points. Figure 6.8 shows the thermal or-

thomosaic cropped around the survey area, with anomalously high- or low-temperature features

circled in white. Figure 6.9 shows the cropped survey area, where the anomalous features are

isolated from the background signal.
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Figure 6.4: Eigenvalue combinations and normalized source strength anomaly maps from a
drone-based survey of the inert minefield. A black ”+” symbol indicates GNSS locations of fer-
rous and possibly ferrous targets. A black ”o” symbol indicates GNSS locations of non-ferrous
targets and control holes.
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Figure 6.6: Visible light orthomosaic of the inert minefield. Anomalous features are in black
circles.

6.4 LiDAR Data

Figure 6.10 shows the processed 3D LiDAR point cloud from oblique (a) and nadir (b)

angles, and the color is scaled by LiDAR return intensity. Distance measurements are made with

respect to the position of the GeoSLAM Zeb Horizon upon takeoff. The field area has a vertical

gradient, visible in (a). Figure 6.11 shows the point cloud after being georeferenced using GNSS

measurements from the four ground control points. Areas with anomalously low return intensity

are circled in white.

6.5 Multi-Modal Anomaly Maps

In this section, we present anomaly maps using multiple modalities, using the LiDAR map

as a base on which other data are draped. Figure 6.12 shows the visible light orthomosaic overlaid

on the LiDAR intensity map. Anomalies in LiDAR alone are circled in white, while LiDAR and
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Figure 6.8: Thermal orthomosaic of the inert minefield with anomalous features circled in white.

Figure 6.9: Thermal orthomosaic of the inert minefield with anomalous features isolated and
circled in white.
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Figure 6.10: Processed GeoSLAM Zeb Horizon LiDAR data. (a) shows an oblique view, and (b)
a nadir view of the survey area. The coordinate system is referenced to the drone takeoff location,
not the survey markers.
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Figure 6.11: Georeferenced LiDAR map with anomalies circled in white.

visible light anomalies are circled in pink.

Figure 6.13 shows thermal and visible light orthomosaics draped on the LiDAR return

intensity map. Anomalies only in thermal imagery are circled in yellow, while anomalies present

in all three modalities are circled in pink.

Figure 6.14 shows thermal, visible light, and λ2 invariant maps draped on LiDAR return

intensity. Anomalies only in thermal imagery are circled in yellow, while anomalies only in the

invariant map are circled in black. Anomalies that appear in multiple modalities are circled in

pink. This same color designation continues throughout all the following multi-layer maps with

magnetic gradient invariants. Figure 6.15 shows visible light, thermal, and |GS| invariant maps

draped on LiDAR return intensity. Figure 6.16 shows visible light, thermal, and ||GF ||F invariant

maps draped on LiDAR return intensity, while Figure 6.16 shows the ||GF ||F invariant. Figure

6.17 shows visible light, thermal, and λC1 invariant maps draped on LiDAR return intensity, while

Figure 6.18 shows λC2. Figure 6.19 shows the NSS invariant map, visible light, and thermal
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Figure 6.12: Visible light orthomosaic draped on the LiDAR return intensity map. Anomalies
present only in LiDAR are circled in white. Anomalies in both LiDAR and visible light are
circled in pink.

Figure 6.13: Thermal and visible light orthomosaics draped on the LiDAR return intensity map.
Anomalies present only in thermal imagery are circled in yellow, and anomalies present in Li-
DAR, visible, and thermal orthomosaics are circled in pink.
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Figure 6.14: Visible light, thermal, and λ2 invariant maps draped on the LiDAR return intensity
map. Anomalies present only in thermal imagery are circled in yellow. Anomalies present only
in the invariant map are circled in black. Anomalies present in multiple modalities are circled in
pink.

draped on LiDAR return intensity. Finally, all anomalies are layered in Figure 6.20. The radius

of circles on this map represents the known location of each target, with 0.25 m tolerance. A

positively identified target contains anomalies in at least one of the modalities within this range.

Known target labels appear above the circled anomalies associated with each, with black circles

corresponding to anomalies only seen in TetraMag, yellow only in thermal, and pink circles seen

in multiple modalities. The locations of the control holes, A1 and C2, are in dashed black circles

and are not detected as anomalies by any of the instruments. The dashed circles with question

marks in the center correspond to the additional anomalies detected by TetraMag and/or thermal

that are not associated with known targets.

6.6 Discussion

Here, we discuss the results above and their implications. We individually discuss each

sensor’s detection capabilities and limitations (FLIR, LiDAR, TetraMag) and then compare these
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Figure 6.15: Visible light, thermal, and |GS| invariant maps draped on the LiDAR return intensity
map. Anomalies present only in thermal imagery are circled in yellow. Anomalies present only
in the invariant map are circled in black. Anomalies present in multiple modalities are circled in
pink.

Figure 6.16: Visible light, thermal, and ||GS||F invariant maps draped on the LiDAR return
intensity map. Anomalies present only in thermal imagery are circled in yellow. Anomalies
present only in the invariant map are circled in black. Anomalies present in multiple modalities
are circled in pink.
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Figure 6.17: Visible light, thermal, and λC1 invariant maps draped on the LiDAR return intensity
map. Anomalies present only in thermal imagery are circled in yellow. Anomalies present only
in the invariant map are circled in black. Anomalies present in multiple modalities are circled in
pink.

Figure 6.18: Visible light, thermal, and λC2 invariant maps draped on the LiDAR return intensity
map. Anomalies present only in thermal imagery are circled in yellow. Anomalies present only
in the invariant map are circled in black. Anomalies present in multiple modalities are circled in
pink.
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Figure 6.19: Visible light, thermal, and NSS invariant maps draped on the LiDAR return intensity
map. Anomalies present only in thermal imagery are circled in yellow. Anomalies present only
in the invariant map are circled in black. Anomalies present in multiple modalities are circled in
pink.

to the stacked multi-modal anomaly maps.

6.6.1 Detection Capabilities and Limitations for Individual Sensors

Invariant maps produced from TetraMag data localize ferrous and low-ferrous targets very

well in the field area, though not all equally. In particular, the eigenvalues (Figure 6.1) include

many anomalous high and low spots not seen in other invariant maps and not coinciding with

known target locations. |GS|, seen in Figure 6.2 (top), resolves the individual targets better than

λ1, λ2, or λ3. The detected targets are easier to distinguish from the background and are well

located with respect to the known GNSS locations. The signal from A5 is weak but still present in

|GS|, which may suggest lower ferrous content. Frobenius norm invariants in Figure 6.2 (middle

and bottom) localize the targets well, with ||GS||F producing higher amplitude anomalies that

coincide with known ferrous target locations. The ratio of ||GA||F/||GS||F in Figure 6.3 reveals

depth information that is consistent with the known burial depths within 2 cm, reinforcing the
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importance of considering the antisymmetric part produced from the magnetic gradient tensor,

especially when small-scale, small-amplitude signals are present. The eigenvalue combination

and NSS maps in Figure 6.4 also localize the targets well, though signal amplitudes from λC2

produce larger amplitude anomalies and suppress background signals slightly better than λC1,

which may be tied to the orientation of each ferrous target’s dipole. NSS anomaly maps show

high anomalies over ferrous targets, consistent with the literature. By examining the invariants

of the magnetic gradient tensor, anomalous signals from small targets are amplified, making

their detection more likely than traditional methods. The main limitation of using TetraMag in

isolation is that it is sensitive only to targets with at least some ferrous material. Not all landmine,

UXO, or ERW casings are detectable with this method alone.

The visible light and thermal orthomosaics produced from the FLIR Duo Pro R are useful

for geolocating and calibrating other sensors and detecting surface-laid munitions. The visible

light orthomosaic seen in Figures 6.5 and 6.6 identify three anomalous regions, one of which

was confirmed to be target B7 from a zoomed-in image, and the other two aligned with known

buried target locations. The thermal orthomosaic localizes many targets and is especially useful

as a confirmatory metric for other modalities such as TetraMag. Since the visible light camera

has a much higher resolution, we used its 3D mesh as the base for the thermal map projection,

with limited success initially. However, we achieved a reasonable result after changing some of

the processing parameters. A slower-speed survey and/or tighter transect spacing is necessary

for reliable results. Such high overlap requirements constitute a significant limitation of this

technique when used in isolation.

The LiDAR return intensity maps are useful not only for draping the other sensor data on

but also for their return intensity textural features. The LiDAR texture maps show anomalous
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spots around known target locations A3, A5, A7, B2, B6, B7, C1, C3, C5, and C7. These textural

features may arise from the ground disturbance from buried targets and the divots resulting from

target burial. It is worth noting that there were two months between burial and surveying so that

these divots may be a reliable detection metric for recently buried landmines, UXO, and ERW.

The return intensity may also be low in burial spots where the overlying vegetation has not fully

recovered from the target burial, as seen in the visible light photogrammetry. LiDAR texture

alone does not recover the locations for targets A2, A4, A6, B1, B3, B4, B5, or C4, highlighting

the limitation of LiDAR as a means of detection.

6.6.2 Detection Capabilities and Limitations of Multi-Modal Maps

Combining multiple modalities in a single anomaly map produced far more accurate and re-

liable results than the individual sensors could. For instance, combining LiDAR and visible light

results in the positive detection of 10 targets. Including thermal data shows overlap of 5 targets,

though the thermal data has distortion-related offsets (see Figures 6.12 and 6.13). Most known

targets are detected once the TetraMag gradient tensor invariants are included. The most accurate

results occur when combining |GS|, ||GS||F , λC2, or NSS with visible light, thermal, and LiDAR,

as all expected targets are detected. Additional anomalies are seen in the invariant maps below

target C7, which may be a piece of clutter associated with farming equipment. The presence of

these targets in the thermal data helps verify the likelihood that those signals come from a real

source and are not merely artifacts from the interpolation. Figure 6.20 shows the combination of

visible light, thermal, λC2, ||GS||F , |GS|, and NSS invariant maps draped on the LiDAR return

intensity map, with circles adjusted to center on the known GNSS target locations. Dashed cir-
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cles A1 and C2 were not detected by any modality, demonstrating that back-filled holes without

anthropogenic targets are not a source of erroneous detection. Target C6 was only detected with

thermal photogrammetry (yellow circle), while targets A2, A4, and B3 were detected only with

TetraMag invariant maps (black circles). Targets detected by multiple modalities are circled in

pink, including A3, A5, A6, A7, B1, B2, B4, B5, B6, B7, C1, C3, and C7. Dashed circles with

question marks in the center represent targets that appeared in multiple TetraMag invariants but

were not part of the known set of buried objects. Since the thermal data also show anomalies

here, we are confident they are real. While robust, this technique suffers from long computing

time for visible and thermal photogrammetry, and careful survey planning is necessary to ensure

each modality meets its individual requirements. Every modality included in the multi-layer map

enabled the successful detection of all known targets in the survey area, including three additional

anomalies of unknown origin. Since the additional anomalies appear in the TetraMag invariant

maps, it can be reasonably assumed that, if real, they are ferrous.

6.7 Conclusions

This study demonstrates that multiple geophysical modalities enhance the detection of

small-scale, small-amplitude anomalies such as landmines, UXO, and ERW. While LiDAR, vis-

ible light and thermal photogrammetry, and TetraMag magnetic gradient tensor invariants can

detect some of the targets individually, the combination of all methods enabled the successful

detection of all 19 buried targets, with a localization error tolerance of 3 cm. This technique is

limited mainly by payload weight and computation power required to process some of the in-

cluded modalities. The full instrument payload limits flying time to < 15 minutes per set of
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batteries, which reduces the survey coverage capabilities. This can be improved by using lighter

fluxgate magnetometer sensors with TetraMag. Processing the visible and thermal data is both

time-consuming and computationally expensive. Processing data from a single survey took days,

limiting how quickly one can produce the multi-modal maps. This could be improved using a

camera or software other than PIX4Dmapper. Despite these limitations, the techniques developed

here are robust. They can be applied to landmine, UXO, ERW detection and characterization ef-

forts, and general critical zone geoscience. Other use cases for the payload package and data

processing framework developed here include mapping the shallow critical zone, detecting non-

lethal anthropogenic targets such as utilities, and hydrogeologic studies, among many others.
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Chapter 7: Conclusions and Future Research

In this chapter, we summarize the main conclusions from this work, including lessons

learned and directions for future research that build on our results. The key takeaway is that

geophysical methods, data analysis techniques, and instrumentation enable the detection and

characterization of small-scale, small-amplitude targets in the shallow critical zone, including

landmines, UXO, and ERW. Chapter-specific conclusions are summarized below.

7.1 Chapter Conclusions

Chapter 1 introduced the global landmine, UXO, and ERW crisis as a humanitarian-focused

use case of multimodal geophysics. However, the methods and instruments developed within

are useful for general geophysical surveying, especially for the shallow critical zone, which is

poorly understood. The techniques developed to address the issue must be geoscience-centered,

as current methods that rely solely on engineering principles have been largely unsuccessful.

Chapter 2 described and discussed the geophysical sensors used in this project. Ground-

based GPR is suboptimal for realistic minefield conditions due to data quality issues caused by

needing to lift the instrument across difficult-to-navigate terrain. Utilizing commercial GPR on a

drone is also not feasible due to power loss and side reflections caused by the choice of antenna.

IR and Visible Light photogrammetry have been utilized for near-surface geophysics. They are
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often used for landmine and ERW detection since their thermal properties are different than the

natural environment. LiDAR is useful for the precision localization of targets but also provides

textural feature information that can be leveraged to locate munitions or areas of interest with

potential buried objects. TetraMag, which we developed in-house using MEDA FVM400 triaxial

fluxgate sensors, successfully overcomes the limitations of single-sensor systems. By measuring

the gradients across the triaxial sensors, one can construct the full finite-difference magnetic

gradient tensor, which is rotationally invariant, insensitive to distant noise sources from space

weather and cultural features, and sensitive to small-scale changes near the sensor. Our general

approach is summarized in Figure 2.14. It includes the use of both geophysical and telemetry

sensors to detect and characterize the small-scale, small-amplitude signals from landmines, UXO,

and ERW.

Chapter 3 illustrated how the finite size of magnetic gradiometers compared to the length

scales of magnetic anomalies due to small buried objects affects the symmetry and invariant prop-

erties of the finite-difference magnetic gradient tensor (FDMGT). This is in contrast to traditional

assumptions of theoretical magnetic gradient tensors, which should be symmetric and whose in-

variants should not be affected by rotations. We showed that deviations from symmetry decrease

with the square of the distance from the magnetic target (represented as a dipole). Still, they

can exhibit complicated spatial patterns depending on the orientation of the magnetization of the

target. Further, we showed how the rotational dependence of invariants persists even when using

the symmetric component of the FDMGT.

We explored the utility and benefit of leveraging the symmetric and antisymmetric parts of

the FDMGT for locating and characterizing small-scale, small-amplitude targets in the shallow

critical zone. In particular, the Frobenius norm, NSS, and eigenvalue combinations λC1, λC2
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enable high-resolution localization of small magnetic targets and characterization of their source

parameters such as burial depth and magnetization orientation. Building on theoretical frame-

works from potential fields literature, we built and tested a regular tetrahedral triaxial magnetic

gradiometer called TetraMag and demonstrated its ability to estimate the FDMGT, then compared

each derived invariant’s ability to localize the buried target.

The methodology presented in Chapter 3 enables rapid processing and interpretation of

field data. Since most of the errors between the IMGT and FDMGT are wrapped up in creating

an antisymmetric part of the MGT, utilizing the symmetric part obviates the need for some of

the more rigorous calibration efforts traditionally applied to magnetic survey data. Our approach

helps lay the foundation for UAV-based detection of small targets. The relative stability of in-

variant patterns to rotations of TetraMag enables the instrument to be rigidly mounted on the

vehicle body. This effectively shifts the correction task to the data analysis side rather than the

field operational side, where gimbals and other equipment would traditionally be used always to

keep the instrument level.

Chapter 4 demonstrates how machine learning techniques such as MLPs and CNNs are

useful for detecting small-scale, small-amplitude targets and estimating their source parameters.

When GPR data is available, the CNN from Section 4.2 may highlight radargrams of interest that

likely contain UXO with 95% accuracy. Adding a sliding window to identify the detected UXO

hyperbola’s location automatically would make this method even more useful for rapidly identi-

fying regions of interest. When a regression layer is added to the end of the CNN architecture,

source parameters such as magnetic moment and burial depth may be estimated from FDMGT

invariant maps with high accuracy and acceptable error margins. The CNN’s ability to estimate

both magnetic moment and burial depth highlights that important information is contained within
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the FDMGT that is not necessarily captured by measuring just Bt, or the vector components Bx,

By, and Bz, especially at these small scales. As a data processing tool, ML enables the fusion of

multiple geophysical modalities when detecting and characterizing targets in the shallow critical

zone, whether anthropogenic or geological.

Chapter 5 presented a method for reducing magnetic self-noise from a UAV by utilizing

telemetry data for a rigidly-mounted triaxial magnetic gradiometer (TetraMag). It is standard for

commercial drones to log yaw, pitch, roll, Ω, and battery status (I⃗), so no additional sensors are

required to utilize the developed technique for any drone-mounted magnetic system. However,

if desired, this does not preclude using extra, higher-resolution accelerometers and/or current

sensors to measure these parameters. To measure I⃗ in a non-invasive way, one could attach split-

core current sensors at each of the motor wire connections and log the data using either the flight

controller or an external microcontroller fitted with a real-time clock. Data fidelity and spatial

coherence improve dramatically for models A, B, and C compared to results using ⃗BExp only.

Model C, which includes currents, motor speed, and their derivatives, ultimately outperforms the

others. It is consistent with the conservation of energy equation (5.1) and the motor voltage bal-

ance equation (5.2), which govern DC motors. Measurable magnetic signals from the vibration

of the drone may be suppressed effectively with a low-pass filter, further increasing data fidelity.

This method may be improved by using higher sampling frequency magnetometers, enabling

faster surveying velocity and wider coverage per set of drone batteries. For the Freefly Alta X, a

higher sampling frequency for TetraMag would ensure no telemetry data are lost while downsam-

pling. Since the Alta X has a vibration-damping ring between its body and our custom landing

gear, it is worth investigating the extent to which yaw, pitch, and roll measured by the drone

matches the movement of TetraMag. Integrating an additional accelerometer on the landing gear
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would verify the accuracy of the telemetry measurements and inform future versions of the drone

package. This method is not restricted to UAV-based magnetometry and may be applied to any

vehicle that utilizes DC motors. Ground robotics systems such as the AeroVironment tEODor

EVO [178], for example, which disarms and disposes of explosive ordnance, could be fitted with

TetraMag and use these modeling methods to model and subtract out the vehicle’s self-noise for

UXO detection before removal.

Chapter 6 combined the results obtained in Chapters 1-5 and applied them to an inert mine-

field we constructed in Glenn Dale, MD. This study demonstrated that multiple geophysical

modalities enhance the detection of small-scale, small-amplitude anomalies such as landmines,

UXO, and ERW. While LiDAR, visible light and thermal photogrammetry, and TetraMag mag-

netic gradient tensor invariants are able to detect some of the targets individually, the combination

of all methods enabled the successful detection of all 19 buried targets, with a localization error

tolerance of 3 cm. This technique is limited mainly by payload weight and computation power re-

quired to process some of the included modalities. The full instrument payload limits flying time

to < 15 minutes per set of batteries, which reduces the survey coverage capabilities. This can be

improved by using lighter fluxgate magnetometer sensors with TetraMag. Processing the visible

and thermal data is both time-consuming and computationally expensive. Processing data from

a single survey took days, limiting how quickly one can produce the multi-modal maps. This

could be improved by using a different camera or software other than PIX4Dmapper. Despite

these limitations, the techniques developed here are robust. They can be applied to landmine,

UXO, and ERW detection and characterization efforts and to general critical zone geoscience.

Other use cases for the payload package and data processing framework developed here include

mapping the shallow critical zone, detecting non-lethal anthropogenic targets such as utilities,
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and hydrogeologic studies, among many others.

7.2 Lessons Learned

Here, we describe the challenges faced during this project and the lessons we learned.

7.2.1 Sourcing and Operating High-Payload Drones

One of the biggest challenges we faced during this project was finding a drone with suffi-

cient payload capacity to suit our requirements and learning to operate it without the support of

experienced pilots and/or aerospace engineers. If given the opportunity to re-do this project, I

would ensure that the Freefly Alta X was acquired within the first year of the project and that suf-

ficient training was arranged and provided before attempting any activities with the vehicle. The

learning curve for drone piloting was steep and would have only improved if given more time.

Not having access to the drone until the end of year 4 of the project hindered noise modeling

efforts, though the results we achieved are sufficient for our purposes.

7.2.2 The Importance of Appropriate Sampling Frequency

While the relatively low cost of the MEDA 400FVM enabled us to build a four-sensor

gradiometer, the limited sampling frequency presented challenges throughout this work. The

maximum sampling frequency we achieved while in continuous data streaming mode was 4 Hz,

dramatically reducing the drone velocity required to have sufficient data coverage and fidelity

of our various field areas. One of the lessons we learned was to prioritize a higher sampling

frequency fluxgate magnetometer to increase survey speed and more fully leverage the higher
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sampling frequency telemetry sensor data.

7.2.3 The Importance of Magnetometer Calibration

Talk about needing to subtract off the mean from all magnetometers when conducting cor-

ner surveys and how this is tied to magnetometer 2 having an offset from the other magnetometers

tied to being out of calibration. While de-meaning works in case calibration is not possible, it

is best practice to ensure fluxgate magnetometers are calibrated annually, especially if they have

been saturated by being in highly magnetic areas. Our magnetometers have been operated in var-

ious settings, including inside a highly magnetized indoor laboratory. This may have saturated

the magnetometers and necessitates calibration before future surveys.

7.2.4 Limiting Factors for Drone-Based Geophysics

Payload weight and battery capacity are the most limiting factors for any drone-based work,

especially when combining both commercial and bespoke sensors as a combined payload. With

the Alta X fully equipped, we could fly for an average of 10 − 13 minutes for each battery set,

which decreased surveying efficiency. To achieve longer flight times that are more appropriate

for geophysical surveying, the payload weight must be decreased. One way to do this would be

to re-design TetraMag to either use different, more lightweight sensors or to prioritize the analog

data rather than digital, which could reduce the weight per sensor by half. A potential downside

to this approach would be an increase in necessary post-processing steps to ensure proper filtering

and calibration. Still, the increase in flying time alone makes it inconsequential.
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7.2.5 The Challenge of Relying on Open-Source Tools

We utilized open-source software and hardware wherever possible during this project. This

was the optimal choice for some applications, such as collecting and organizing TetraMag data

on the open-source Raspberry Pi. For other applications, however, such as processing LiDAR

and FLIR data, open-source software was both difficult to find and not well supported, easily

quadrupling the time it would take to process those data using proprietary software packages

such as GeoSLAM Draw (for LiDAR) and PIX4Dmapper (for FLIR).

7.3 Future Research

Here, we present ideas for follow-up research based on the results of this work.

7.3.1 UAV-Optimized Triaxial Fluxgate Magnetometers

The design and fabrication of a more payload-friendly vector magnetic gradiometer with

a higher sampling frequency would be a useful follow-on project to enable longer flying times,

faster flying speeds, and better data coverage. Altering the MEDA 400FVM sensors to achieve

this is possible. Still, it may require the assistance of an electrical engineering student to work on

the hardware side, while a geophysics student can build on our codes for the software side. Opti-

mizing such a sensor suite for geoscience purposes requires the participation and active research

from a geophysicist, who understands what good magnetic data look like and how to process

them, which is key to making progress.
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7.3.2 Utilizing Flight Controller for Instrument Control

An additional future project could involve utilizing the drone’s flight controller to sequence

and control geophysical instruments. Due to time constraints, we could not fully integrate each

sensor into the Alta X’s Black Cube, but such a task is feasible, especially for TetraMag and

FLIR. The Black Cube has additional input and output spaces that could control the timing of

FLIR photos and trigger TetraMag’s data collection and storage functions. This would obviate the

need for an additional real-time clock and streamline data processing steps since the data would

be synchronized automatically. This would also pave the way to near real-time data processing

aboard the drone.

7.3.3 Quantifying Optimal Survey Conditions and Correcting FLIR Data with

an Albedometer

The quality of thermal data depends on several factors, including the reflectivity of the

survey area. A follow-on project could integrate a lightweight albedometer into the drone package

to better quantify this and find optimal surveying conditions. By comparing the data quality with

albedo measurements, one could determine the best time of day to conduct a FLIR survey and

potentially correct for atmospheric interference in the IR images (or identify them as anomalous

to streamline data processing better).
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7.3.4 Integrating Mid-Wavelength FLIR Camera for Gas Leak Detection

The FLIR Duo Pro R used in this study is considered a long-wavelength IR device (8 −

15µm). This is appropriate for detecting larger-scale thermal differences between landmines and

the surrounding soil. Adding a mid-wavelength (3 − 8µm) thermal camera would allow one to

detect gas leaks. It would be a useful tool for a methane mapping project at finer scales than the

Cessna-mounted detection system can provide.

7.3.5 Drone-Based Software-Defined GPR

One of the sub-projects we worked on that ended up being too time-intensive for the scope

of this thesis is the development of a software-defined GPR compatible with low-altitude flying

drones. While commercial GPR units are ill-suited for drone work, the technique is ripe for

research and development for geophysical surveying. Based on the work of [84, 179–182], we

tested the capabilities of NanoVNA, Analog Devices ADALM-PLUTO, and AMD RFSoC 4x2

software defined radio hardware as potential signal generation devices for a drone-based GPR.

We found that the RFSoC 4x2 had the most robust capabilities and would be lightweight and low

power enough to be used on the Freefly Alta X. We performed initial antenna design tasks and

found a pair of Vivaldi antennas to be the most promising. The follow-on project would involve

picking up where we left off to write the PYNQ GPR signal generation and processing codes and

designing/fabricating the appropriate instrument housing to be attached to the drone. A student

could then test the imaging capabilities using known reflectors buried in the relatively homoge-

neous sandbox, utilizing the rolling scaffold setup we constructed at the Paint Branch Turfgrass

Facility to explore the data fidelity when using pulsed-echo, frequency sweeps, and a ”comb”
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of simultaneous frequencies. Since the RFSoC 4x2 has 4 RF ADCs and 2 RF DACs, one could

also explore the extent to which polarization data (either circularly or linearly polarized) enables

shape and dielectric permittivity characterization of detected targets. The drone implementation

of SDR GPR on the Alta X may be as simple as extending lateral booms at the vibration-damping

disk and mounting the Vivaldi antennae on opposite sides of the drone. However, shielding may

be necessary if it is found that the other payload instruments produce noise or side clutter in the

measured radar signals.

7.3.6 Shallow Critical Zone Moisture Mapping with Drone-Based SDR GPR

and FLIR

Once the SDR GPR is made, a series of projects could combine the GPR with the previously

integrated LiDAR, FLIR, and TetraMag. One project would be to use lower frequency signals

generated by the SDR GPR alongside FLIR to map shallow subsurface soil conductivity. Since

radar waves attenuate with increasing soil moisture, the data quality and produced radargrams

could be leveraged to characterize the soil conductivity across a field area. The FLIR could

be utilized to highlight pockets of higher soil moisture, as they would have a different thermal

response than the surrounding soil. This has potential tie-ins for investigating the impact of road

salt use near local watersheds, for example.

7.3.7 Detection and Mapping of Environmental Contaminants

A project that could utilize drone-based FLIR and TetraMag data would be detecting and

mapping environmental contaminants such as steam condensate leaks. For steam leaks, one
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could fly over areas with suspected leaks to first map out the location of ferrous pipes carrying

the steam, as they would have different magnetic and thermal properties than the surrounding

soil. Once the pipes have been approximately located, the next step would be to conduct drone

FLIR surveys before dawn, at dawn, and after dawn, as one can expect fresh leak locations to

have a continuous influx of warmer material over time, and areas farther from the active leak to

exhibit thermal decay over time.

7.3.8 Mapping of Oxidation Fronts for Magnetic Minerals

Magnetic minerals, such as magnetite, maghemite, hematite, and goethite, form in the

soil in response to complex pedogenic processes that are sensitive to physical, chemical, and

biological conditions and are useful for paleoclimate reconstruction and climate change studies

[183]. TetraMag could map the ferrous oxide fronts in a field area if flown at low altitudes. Total

field magnetic gradiometry has been used to study soil creep and pedoturbation associated with

the weathering of ferrous basalt dikes [184]; invariants of the finite-difference magnetic gradient

tensor TetraMag produces may provide more information to understand the evolution of these

weathering features. These data may also be useful for tracking the geomorphological history of

an area [185].

7.3.9 Flight Path Optimization using FDMGT Invariants

As demonstrated in Chapter 3, the ratio of the antisymmetric-to-symmetric parts of the

magnetic gradient tensor’s Frobenius Norm is proportional to the distance from the sensor to the

magnetic source. A follow-on project would leverage this information to update a flight plan,
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effectively seeking out more ferrous material rather than relying on a standard grid and post-

processing to update the plan. This could be especially useful when mapping large anomalies

such as abandoned wellheads from the oil industry.
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Appendix A: Exploring Principal Component Analysis, Convolutional Neural

Networks, and Scattering Transforms in a Rock Image Classifier

Advances in instrumentation, storage technology, computational power, and compression

for storage management have enabled geosciences to collect large datasets. As the size and col-

lection rate of geoscientific data increase, so does the need to automate some classification tasks

that help us make inferences from the data. Despite advances in machine learning (ML) perfor-

mance and reliability, methods are often portrayed as “black boxes” without statistical or physi-

cal meaning. This leads to hesitation in incorporating ML as a data processing tool in scientific

workflows. Traditional dimensionality reduction techniques such as principal component analysis

(PCA) remain ubiquitous in the geosciences. Still, ML-based methods like convolutional neural

networks (CNNs) and scattering transforms (STs) promise high accuracy and meaningful feature

extraction for classification tasks. This work aims to (1) evaluate PCA against the ML-based

methods of CNNs and ST summary coefficients as inputs to a multilayer perceptron (MLP) net-

work for classifying rocks, (2) gain insight into how each technique discriminates between rock

type classes, and (3) explore the extent to which differences in the ability to distinguish rock types

arise when using grayscale versus color images. We designed a simple rock classifier MLP using

two fully-connected, hidden layers and an output layer. The input dataset consisted of 29, 998

28x28 pixel hand-sample images of andesite, gneiss, marble, quartzite, rhyolite, and schist, in

166



grayscale and 3-channel color versions. We performed PCA, CNN, and ST calculations with two

different orientations on each rock image, then used 80% of the outputs to train the MLP. After

training, the remaining 20% were used to evaluate the performance of each network. To visualize

and understand the classification performance of each technique, we used t-Distributed Stochas-

tic Neighbor Embedding (t-SNE) on the PCA, CNN, and ST summary coefficient outputs. The

ST-based rock classifier outperforms PCA by at least 20% accuracy in both grayscale and color

and outperforms the CNN by 1 − 4% accuracy in grayscale and color. Negligible differences in

accuracy are observed when using 2 versus 8 ST orientations.

A.1 Machine Learning in Geosciences

As the ability to rapidly collect large, high-quality datasets increases, so does the need

to automate some classification tasks that help us make inferences from the data. Classifica-

tion problems in the geosciences include but are not limited to discriminating rock types from a

large sample set, characterizing fracture system topologies, classifying volcanic material to infer

eruption mechanisms, and categorizing diverse seismic events [186]. Despite advances in ML

performance and capability, impressive results are often reported without insight into the meth-

ods that created them. This leads to hesitation in incorporating ML as a standard data processing

tool [186].

We evaluate the traditional dimensionality reduction technique of Principal Component

Analysis (PCA) against the ML-based methods of convolutional neural networks and scattering

transforms when all are used as inputs to the same multilayer perceptron network for rock classi-

fication. Since image-based data are not always 3-channel color, an additional goal is to explore
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how differences in the ability to distinguish rock types arise when using grayscale versus color

images.

A.1.1 Multi-Layer Perceptron (MLP)

As discussed in Chapter 4, multilayer perceptron (MLP) is a machine learning technique

that has its origin in Rosenblatt’s 1957 report, “The Perceptron, A Perceiving and Recognition

Automation,” which aimed to design an analog of the human brain for data analysis [145]. MLPs

can be used unaccompanied for classification problems but are often incorporated at the back end

of other machine learning techniques in modern applications [149]. Some examples of MLPs in

the geosciences include predicting swell potential of clay-rich soils [187], distinguishing between

volcanic earthquakes and false events [188], evaluating geochemical parameters in organic data

[189], and detecting faults from 3D seismic data [190].

A.1.2 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a multivariate statistics technique that captures es-

sential data patterns by finding “lines and planes of closest fit to systems of points in space” and

projects the important information in a set of orthogonal variables called principal components

(eigenvectors of the covariance matrix), which are used to find patterns of similarity [191]. The

goals of PCA include simplification, data reduction, modeling, outlier detection, variable selec-

tion, classification, and prediction [192]. PCA is non-parametric and linear in how it reduces di-

mensionality, meaning that mapping from higher-dimensional space to lower-dimensional space

happens via matrix multiplication, so it cannot capture higher-order dependencies that may exist
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in the input data nor interpret complex polynomial relationships between features [193]. Ex-

amples of PCA used in the geosciences include de-noising seismic data [194], simplifying geo-

chemical datasets for exploration and mining geology [195], separating hydrochemical facies

and anomalous fluoride content from GIS and tectonic data [196], separating crossing events and

diffracted waves from reflected waves in seismic data [197], and identifying changes in surface

features from satellite data [198].

A.1.3 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are one of the most commonly used types of ar-

tificial neural networks, designed to replicate how humans process visual data under various

physical transformations [150]. They are conceptually similar to MLPs but are translationally

and rotationally invariant [151]. Additionally, CNNs introduce nonlinearity and pooling layers

that adjust, limit, and summarize the generated outputs, allowing for robust and efficient pattern

recognition, especially in image-based datasets [152]. Functionally, CNNs learn and dynami-

cally adapt spatial hierarchies of features by passing an optimized feature extractor over smaller

subsections of the data, summarizing the dominant features, and associating them with ground

truth labels that are used to update weights and biases of the classification network. Exam-

ples of CNNs in the geosciences include automating P-wave arrival picking to generate focal

mechanisms [199], classifying volcanic ash particles based on their shape to infer eruption mech-

anisms [200], predicting spatial groundwater potential for hydrological maps [201], calibrating

subsurface flow system models [202], and producing high-resolution geological maps from un-

manned aerial vehicle (UAV) data [203].
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A.1.4 Scattering Transform (ST)

The scattering transform (ST) [204] is a relatively new technique of pattern recognition

that computes transnationally-invariant coefficients that retain high-frequency information and

are stable under diffeomorphisms via wavelet modulus decompositions and low-pass averaging

filters [205]. Representations produced in the scattering transform method have a similar structure

to CNNs [206]. Unlike CNNs, which use the Fourier power spectrum to represent stationary

processes at lower order [207], the ST is Lipschitz-continuous to random deformation [204]. By

neglecting the phase, spectral correlations that may have otherwise been hidden from higher-

order moments are captured by the ST, making it an effective method of texture recognition and

discrimination [206].

While a CNN will produce filter banks with pooling functions and nonlinearities that are

learned while training by the chosen gradient descent method, the ST will produce a bank of

wavelet filters and pointwise nonlinearities via stability, invariance, and informative require-

ments. The ST will also produce a feature representation at every level, allowing for direct

interpretation at any layer in the network; a CNN will only produce a feature representation at

the final layer. Tunable hyperparameters of the ST implemented in the MATLAB-based ScatNet

software include scale (J), which controls the timescale of the lowpass filter, orientations (L),

which controls the number of wavelet orientations, and order (M), which controls the maximal

order of the transform [208].

Uses of ST in the geosciences include categorizing seismic structures from seismic images

[209], predicting stratigraphic units from well logs [210], and detecting and clustering seismic

events from continuous seismic data [211].
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A.2 Data Organization and Methods

The dataset we used is publicly available from Kaggle and consists of 29, 998 3-channel

hand-sample images of andesite, gneiss, marble, quartzite, rhyolite, and schist, each of which

is 28x28 pixels in size [212]. We split the set into 80% training and 20% testing, with equal

amounts of rock sample images from each class. We separated images by folder hierarchy, each

representing one of the 6 rock types. We then loaded the images into MATLAB in grayscale

and 3-channel color formats. The 3-channel color images were separated by red, green, and

blue channels, and the 4 versions of each image (grayscale, red channel, green channel, and blue

channel) were saved as separate vectors.

A.2.1 PCA Methods

For grayscale images, we performed PCA using MATLAB native commands, which nor-

malize the input prior to calculating principal components. 33 total components were calculated

per image, resulting in a 23998x33 training matrix and a 6000x33 testing matrix, both of which

were then fed in to the MLP.

We treated each color in the 3-channel color images separately, and PCA was performed

in MATLAB. 33 total components were calculated for each channel (red, green, and blue), then

combined for 99 principal components per image. The resulting training matrix was 23998x99,

and the testing matrix was 6000x99, each of which was then fed to the MLP.
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Figure A.1: Convolutional Neural Network (CNN) architecture. Each of the 23998 rock images
is fed in and traverses through two convolution layers, with max pooling functions between them,
then flattened at the output layer. The flattened outputs are then fed into the MLP for classifica-
tion.

A.2.2 CNN Methods

We constructed the CNN in Python using Tensorflow, SciKitLearn, and Keras libraries

[213]. The architecture of the CNN consists of 2 convolution layers with max pooling and ReLu

(rectified linear unit) activation functions between each convolution layer (see Figure A.1). Layer

1 contains 48 filters with 5x5 kernel size and 14x14 outputs, and layer 2 contains 33 filters with

3x3 kernel size, resulting in 7x7 outputs. After passing through the convolution layers, the output

is flattened before being fed to the MLP. Using the original 3-channel color image dataset, only

one channel was used for grayscale image runs, while all three channels were used for color

image runs.

A.2.3 ST Methods

We used Scatnet, a MATLAB-based software, to calculate scattering transforms for both

grayscale and 3-channel color versions of the rock sample images with two different configura-

tions: (a) J = 4, L = 2, M = 2, and (b) J = 4, L = 8, M = 2, where J represents timescale for the
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lowpass filter, L represents number of orientations, and M represents maximal order.

For grayscale images with J = 4, L = 2, and M = 2, a total of 33 ST coefficients were

produced, each with 7x7 dimension. We then calculated the absolute mean value of each of the

7x7 ST coefficients to produce 33 single summary coefficients for each image. The resulting

training matrix was 23998x33, and the testing matrix was 6000x33, each fed to the MLP.

For grayscale images with J = 4, L = 8, and M = 2, a total of 417 ST coefficients were

produced, each with a 7x7 dimension. We then calculated the absolute mean value of each of

the 7x7 ST images to produce 417 single summary coefficients for each image. The resulting

training matrix was 23998x417, and the testing matrix was 6000x417, each of which was then

fed to the MLP.

For 3-channel color images with J = 4, L = 2, and M = 2, each channel was treated separately

(red, green, and blue), and a total of 33 ST coefficients were produced per channel, each with 7x7

dimension. We calculated the absolute mean value of each of the 7x7 coefficients to produce 33

single-value ST summary coefficients, then combined them into a 1x99 vector of ST summary

coefficients for each image. The resulting training matrix was 23998x99, and the testing matrix

was 6000x99, each fed to the MLP.

For 3-channel color images with J = 4, L = 8, and M = 2, each channel was treated sepa-

rately, and a total of 417 ST coefficients were produced per channel, each with 7x7 dimension.

We calculated the absolute mean value of each of the 7x7 coefficients to produce 417 single-

value ST summary coefficients, then combined them into a 1x1251 vector for each image. The

resulting training matrix was 23998x1251, and the testing matrix was 6000x1251, each fed to the

MLP.
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A.2.4 t-Distributed Stochastic Neighbor Embedding (t-SNE) for Visualization

To gain insight into how PCA and ST methods organize data in higher dimensions after

performing their respective operations, we used t-Distributed Stochastic Neighbor Embedding

(t-SNE) as a visualization aid. t-SNE is an unsupervised, nonlinear technique that minimizes

the divergence between the distribution of pairwise similarities in the inputs and the distribu-

tion of measurements of pairwise similarities in corresponding lower-dimensional points [214].

The power of incorporating t-SNE is in its ability to balance attention between local and global

patterns in the data via its perplexity hyperparameter, mapping a faithful representation to lower-

dimensional space.

A.2.5 MLP Methods

We used each of the competing methods (PCA, CNN, and ST) the input to an MLP con-

sisting of two fully connected layers and an output layer (see Figure A.2).

Using single channel (grayscale) input, the first fully connected layer contained 33 nodes

for PCA, CNN, and ST with J = 4, L = 2, and M = 2. For the ST with J = 4, L = 8, and M =

2, the first fully connected layer contained 417 nodes to accommodate the additional coefficients

calculated using 8 orientations rather than 2. Using 3-channel (color) images, the first fully

connected layer contained 99 nodes, with 33 nodes for each channel, for PCA, CNN, and ST with

J = 4, L = 2, and M = 2. For the ST with J = 4, L = 8, and M = 2, the first fully connected layer

contained 1251 nodes to accommodate the additional coefficients calculated with 8 orientations

rather than 2. All first fully connected layers used ReLu as the activation function.

The second fully connected layer contained 48 nodes and a ReLu activation function for
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Figure A.2: Multilayer Perceptron (MLP) architecture. Outputs from either PCA, CNN, or ST are
used as input to the MLP, where they traverse through two fully-connected layers containing 33
and 48 nodes, respectively, before reaching the output layer, containing 6 nodes corresponding to
the 6 rock types (andesite, gneiss, marble, quartzite, rhyolite, and schist). Positive edges between
nodes are shown in yellow, and negative edges are shown in orange
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single- and 3-channel versions of PCA, CNN, and ST.

The output layer contained 6 nodes, representing the 6 potential rock types: andesite,

gneiss, marble, quartzite, rhyolite, and schist. Since this is a multiclass problem, a softmax

activation function was applied at the output layer.

We used sparse categorical cross-entropy as the loss function for the MLP, with Adam

optimization and accuracy evaluation metrics. The MLP was allowed to train for 100 epochs

using a batch size of 60. No additional hyperparameters were tuned across the PCA, CNN, and

ST during or after training.

A.3 Results

In this section, we present the results from each of the ML methods described above.

A.3.1 PCA Results

Beginning with grayscale rock images, 33 principal components were calculated and used

as input to the MLP. After training, the highest accuracy on the testing dataset was 72.2% (see

Figure A.3a). While the training accuracy converged to approximately 85% by Epoch 100, the

validation accuracy converged around Epoch 20 and remained relatively stable throughout the

following 80 Epochs. Loss decreased throughout all 100 training epochs but increased during

validation after epoch 20 and continued to increase in epochs thereafter (see Figure A.3b). Figure

A.4 shows the confusion matrix for the model when fed input images unseen during the training

and validation stages. The model misclassifies rhyolite as marble 3.03% of the time, quartzite as

andesite 2.08% of the time, schist as gneiss 2.83% of the time, and schist as quartzite 2.35% of
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Figure A.3: Accuracy and Loss of PCA-based Rock Classifier (Grayscale Images) (a) shows the
accuracy for training (red) and testing (blue) as a function of epoch number. (b) shows the loss
of training (red) and testing (blue) as a function of epoch number.

the time.

Using 3-channel color rock images, 33 principal components were calculated for each

channel, combined to make 99 total principal components, and used as input to the MLP. Af-

ter training, the highest accuracy was 87.4% (see Figure A.5a). The training accuracy converged

to approximately 99% by Epoch 60, but the validation accuracy was less stable and decreased

from an average of 88.5% in the first 20 epochs to 87.5% by epoch 60. Loss decreased over

the 100 training epochs but increased almost linearly during validation (see Figure A.5b). The

confusion matrix shows the model misclassifies schist as gneiss 2.38% of the time, rhyolite as

andesite 2.18% of the time, gneiss as schist 1.87% of the time, and andesite as quartzite 1.97% of
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Figure A.4: Confusion matrix of PCA-based Rock Classifier (Grayscale Images). Input images
were not used during the training or validation phases. True labels correspond to ground truth,
and the model generates predicted labels after running through the trained MLP.
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Figure A.5: Accuracy and loss for PCA-based Rock Classifier (Color Images). (a) shows the
accuracy for training (red) and testing (blue) as a function of epoch number. (b) shows the loss
of training (red) and testing (blue) as a function of epoch number.

the time (see Figure A.6).

A.3.2 CNN Results

Using grayscale rock images, the inputs underwent two rounds of convolution and max

pooling before being flattened and fed into the MLP. After training, the highest accuracy was

90.5% (see Figure A.7a). The training accuracy increased throughout its 100 epochs, converging

to 99% by epoch 95. Validation accuracy converged to 90% by epoch 40 and remained relatively

stable throughout the following 60 epochs, with some jitter around epoch 65 (see Figure A.7a).

Training loss consistently decreased throughout its 100 epochs, but validation loss slightly in-
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Figure A.6: Confusion matrix for PCA-based Rock Classifier (Color Images). Input images were
not used during the training or validation phases. True labels correspond to ground truth, and the
model generates predicted labels after running through the trained MLP.
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Figure A.7: Accuracy and loss for CNN-based Rock Classifier (Grayscale Images). (a) shows
the accuracy for training (red) and testing (blue) as a function of epoch number. (b) shows the
loss of training (red) and testing (blue) as a function of epoch number.

creased after epoch 60, with a notable spike in loss around epoch 65 (see Figure A.7b). Figure

A.8 shows the confusion matrix when the model was fed images unseen in training and valida-

tion. The model misclassifies quartzite as andesite 1.83% of the time, andesite as quartzite 1.65%

of the time, and schist as gneiss 1.22% of the time (see Figure A.8).

Using 3-channel (color) rock images, the inputs underwent two rounds of convolution and

max pooling before being flattened and fed into the MLP. After training, the highest accuracy

reached using images previously unseen by the model was 98% (see Figure A.9a). Both training

and validation accuracies increased throughout each of the 100 epochs, with some jitter between

epochs 15 and 80 (see Figure 9A.9a). Loss decreased for training and validation stages throughout
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Figure A.8: Confusion matrix for CNN-based Rock Classifier (Grayscale Images). Input images
were not used during the training or validation phases. True labels correspond to ground truth,
and the model generates predicted labels after running through the trained MLP.
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Figure A.9: Accuracy and loss for CNN-based Rock Classifier (Color Images). (a) shows the
accuracy for training (red) and testing (blue) as a function of epoch number. (b) shows the loss
of training (red) and testing (blue) as a function of epoch number.

100 epochs, with jitter at the same epochs as the accuracy plots (see FigureA.9b). The confusion

matrix shows the model misclassifies quartzite as andesite 0.47% of the time, schist as gneiss

0.43% of the time, andesite as quartzite 0.33% of the time, and rhyolite as andesite 0.23% of the

time, and andesite as rhyolite 0.23% of the time (see Figure A.10).

A.3.3 ST Results

Using grayscale rock images as input to scatnet with J = 4, L = 2, M = 2, 33 scatter-

ing transform coefficient images were produced, each with 7x7 pixel dimensions. The average

absolute value of each 7x7 image was calculated to produce 33 summary coefficients for each
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Figure A.10: Confusion matrix for CNN-based Rock Classifier (Color Images). Input images
were not used during the training or validation phases. True labels correspond to ground truth,
and the model generates predicted labels after running through the trained MLP.
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image, which were then fed as input to the MLP. After training, the highest accuracy reached

on rock images unseen during training and validation was 93.3% (see Figure A.11a). Accuracy

increased across all 100 epochs for both the training and validation stages, with negligible jitter

for validation accuracy occurring between epochs 10 and 45 (see Figure A.11a). Loss consis-

tently decreased across 100 epochs for training and validation stages of model creation; small

deviations in validation loss occur near epochs 41 and 48 (see Figure A.11b). Figure A.12 shows

the confusion matrix for the previously unseen rock images. The model misclassifies quartzite

as andesite 1.70% of the time, schist as gneiss 1.10% of the time, andesite as quartzite 0.92% of

the time, andesite as rhyolite 0.72% of the time, and rhyolite as andesite 0.57% of the time (see

Figure A.12).

Using grayscale images as input to scatnet with J = 4, L = 8, M = 2, 417 scattering transform

coefficient images were produced, each with 7x7 pixel dimensions. The average absolute value

of each 7x7 image was calculated to produce 417 summary coefficients, which were then fed

as input to the MLP. After training, the highest accuracy on rock images unseen during training

and validation was 93.8% (see Figure 13a). Accuracy increased for training and validation stages

across 100 epochs, with the validation accuracy converging to 98% by epoch 78 (see Figure

A.13a). Loss decreased across all 100 epochs for training but slightly increased after epoch 80

for the validation stage (see Figure A.13b). The confusion matrix shows the model misclassifies

quartzite as andesite 2.02% of the time, andesite as quartzite 0.97% of the time, schist as gneiss

0.67% of the time, andesite as rhyolite 0.58% of the time, and rhyolite as andesite 0.48% of the

time (see Figure A.14).

Using 3-channel color rock images as input to ScatNet with J = 4, L = 2, and M = 2,

33 scattering transform coefficients were produced separately for the color channels, each with
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Figure A.11: Accuracy and loss for ST-based Rock Classifier, L = 2 (Grayscale Images). (a)
shows the accuracy for training (red) and testing (blue) as a function of epoch number. (b) shows
the loss of training (red) and testing (blue) as a function of epoch number.
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Figure A.12: Confusion matrix for ST-based Rock Classifier, L = 2 (Grayscale Images). Input
images were not used during the training or validation phases. True labels correspond to ground
truth, and the model generates predicted labels after running through the trained MLP.
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Figure A.13: Accuracy and loss for ST-based Rock Classifier, L = 8 (Grayscale Images). (a)
shows the accuracy for training (red) and testing (blue) as a function of epoch number. (b) shows
the loss of training (red) and testing (blue) as a function of epoch number.
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Figure A.14: Confusion matrix for ST-based Rock Classifier, L = 8 (Grayscale Images). Input
images were not used during the training or validation phases. True labels correspond to ground
truth, and the model generates predicted labels after running through the trained MLP.
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7x7 pixel dimensions. The average absolute value of the 7x7 images was calculated to produce

33 summary coefficients for each channel, combined in a single vector for 99 total summary

coefficients, and fed as inputs to the MLP. After training, the highest accuracy reached using

rock images unseen during training and validation was 98.1% (see Figure A.15a). Accuracy

increased across 100 epochs for training and validation, with minimal jitter for the training stage

(see Figure A.15a). Loss decreased for training and validation across 100 epochs, with some

jitter for the validation stage after epoch 80 (see Figure A.15b). Figure A.16 shows the confusion

matrix when using previously unseen rock images and shows the model misclassifies andesite as

quartzite 0.57% of the time, rhyolite as andesite 0.42% of the time, schist as gneiss 0.33% of the

time, quartzite as andesite 0.17% of the time, and andesite as rhyolite 0.13% of the time.

Using 3-channel color rock images as input to ScatNet with J = 4, L = 8, and M = 2, 417

scattering transform coefficients were produced separately for the color channels, each with 7x7

pixel dimensions. The average absolute value of the 7x7 images was calculated to produce 417

summary coefficients for each channel, combined in a single vector of 1251 summary coefficients,

and fed as inputs to the MLP. After training, the highest accuracy reached using rock images

unseen during training and validation was 98% (see Figure A.17). The confusion matrix produced

with previously unseen rock images as inputs shows the model misclassifies schist as gneiss

0.83% of the time, quartzite as andesite 0.47% of the time, rhyolite as andesite 0.38% of the time,

andesite as quartzite 0.20% of the time, and andesite as rhyolite 0.10% of the time (see Figure

A.18).
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Figure A.15: Accuracy and loss for ST-based Rock Classifier, L = 2 (Color Images). (a) shows
the accuracy for training (red) and testing (blue) as a function of epoch number. (b) shows the
loss of training (red) and testing (blue) as a function of epoch number.
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Figure A.16: Confusion matrix for ST-based Rock Classifier, L = 2 (Color Images). Input images
were not used during the training or validation phases. True labels correspond to ground truth,
and the model generates predicted labels after running through the trained MLP.
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Figure A.17: Accuracy and loss for ST-based Rock Classifier, L = 8 (Color Images). (a) shows
the accuracy for training (red) and testing (blue) as a function of epoch number. (b) shows the
loss of training (red) and testing (blue) as a function of epoch number.
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Figure A.18: Confusion matrix for ST-based Rock Classifier, L = 8 (Color Images). Input images
were not used during the training or validation phases. True labels correspond to ground truth,
and the model generates predicted labels after running through the trained MLP.
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A.4 Discussion

This section discusses the results of each technique for grayscale and color images.

A.4.1 PCA: Grayscale vs Color

Figures A.19 and A.20 show t-SNE plots of calculated principal components for grayscale

and color images.

A.4.1.1 PCA with Grayscale Rock Images

Using grayscale images results in lower MLP accuracy than the color image version for the

PCA-based rock classifier (see Figure A.3). From Figure A.19, which shows the t-SNE projection

for grayscale images, limited distinguishable clustering occurs using 33 principal components.

Some separation is visible for marble and gneiss, which would suggest an MLP may be able to

discriminate the two classes more easily, and the confusion matrix supports this claim, as there are

no instances where gneiss is misclassified as marble nor marble misclassified as gneiss (see Figure

A.4). The t-SNE projection for rhyolite and marble show considerable intermingling, suggesting

the MLP may confuse the two. The confusion matrix supports this claim, where the highest

instances of misclassification occur when marble is misidentified as rhyolite (3.90%), and rhyolite

is misidentified as marble (3.03%) (see Figure A.4). Quartzite and schist show similar intermixing

and are misidentified frequently by the MLP, with quartzite being misclassified as schist 2.30%

of the time and schist as quartzite 2.35% of the time (see Figures A.4, A.19). Schist is more

frequently misidentified as gneiss than gneiss as schist (2.83% vs 1.42%), which is consistent

with the t-SNE plot, where schist appears spread out along the entire manifold shape, with limited
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Figure A.19: t-SNE projection of PCA scores (Grayscale Images).

clustering (see Figure A.19).

A.4.1.2 PCA with 3-Channel Color Rock Images

Using 3-channel rock images results in 15.2% higher MLP accuracy than grayscale images

for the PCA-based rock classifier (see Figures A.3 and A.5). Figure A.20 shows the t-SNE rep-

resentations for each channel and the projection for the combined principal components. There

is limited clustering or visible separation between each rock class when viewing the channels

separately. Still, substantial clustering is present for the combined 3-channel t-SNE representa-

tion (see Figure A.20, lower panel). Marble has a distinct grouping with well-defined boundaries

compared to the t-SNE representations in grayscale, suggesting the MLP would misidentify that

class less frequently. The confusion matrix for the 3-channel PCA rock classifier confirms this,

as marble has the fewest instances of misclassification across all rock types (see Figure A.6).
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Quartzite and rhyolite appear to have distinct boundaries despite being neighboring clusters, sug-

gesting the MLP would misclassify them less frequently (see Figure A.20). The confusion matrix

confirms this, as rhyolite is misclassified as quartzite 0.43% of the time, and quartzite as rhyolite

0.02% of the time (see Figure A.6). Schist and gneiss, however, show considerable intermixing

in the t-SNE representation, suggesting the MLP might misclassify the two. The confusion ma-

trix supports this suggestion, as schist is misclassified as gneiss 2.38% of the time and gneiss as

schist 1.87% of the time. Obscured from the static view of Figure A.20, rhyolite and andesite are

substantially intermixed, suggesting they may be difficult to distinguish, which is confirmed by

the confusion matrix, where rhyolite is misidentified as andesite 2.18% of the time. Surprisingly,

andesite is misclassified as rhyolite only 0.40% of the time, suggesting additional distinguishing

features may be present for andesite samples (see Figure A.6).

A.4.2 CNN: Grayscale vs Color

Figures A.21 and A.22 show t-SNE plots of outputs from the CNN for grayscale and color

images after the second convolution layer and the last layer.

A.4.2.1 CNN with Grayscale Rock Images

Using grayscale images as input, the CNN-based rock classifier accuracy reached 90.5%,

outperforming the PCA-based versions for both grayscale and 3-channel inputs (see Figures A.4,

A.6, and A.8). Figure A.21a, the t-SNE representation for the CNN output following convolution

layer 2, contains no discernable clustering for the six rock type classes. This is unsurprising, as

CNNs do not produce feature representations until their final layer. However, the t-SNE projec-
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Figure A.20: t-SNE projections of PCA scores for 3-channel input images. PCA was performed
on red, green, and blue channels separately, then combined to create the 3-channel principal
components. t-SNE representations for the separate channels are shown in the upper portion, and
the representation for the combined principal components is shown below
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tion of the output at the final layer shows very little separation of the outputs. It does not elu-

cidate how the CNN can separate classes from one another with such high accuracy (see Figure

A.21b). While layer-by-layer feature maps can be produced for an image by running it individu-

ally through a pre-trained network, visualizing the operations the CNN performs during training

would help develop an intuition for what features are important from input data to discriminate

between different classes.

A.4.2.2 CNN with 3-Channel Color Rock Images

Using 3-channel color versions of the input rock images, the CNN-based classifier accuracy

reached 98.0%, outperforming the grayscale CNN by 7.5% and the 3-channel PCA classifier

by 10.5% (see Figures A.6, A.8, and A.10). Figure A.22a, the t-SNE representation for the

CNN output following convolution layer 2, shows a different manifold shape than the grayscale

version but still contains no discernable clustering of the six rock-type classes. Similarly, the

t-SNE representation before the final layer shows a different manifold shape than the second

convolution layer but no clustering of individual classes with one another (see Figure A.22b). It

is unclear what physical meaning, if any, can be gained from observing how the t-SNE projection

changes for the outputs of each CNN layer. However, it is interesting to note that the number of

group clusters matches the number of nodes for the final convolution layer in Figure A.22b.

A.4.3 ST: Grayscale vs Color

Figures A.23-A.26 show t-SNE plots of ST summary coefficients calculated for grayscale

and color images, for J = 4, L = 2, M = 2, as well as J = 4, L = 8, M = 2.
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A.4.3.1 ST with Grayscale Rock Images

Using grayscale images and summary coefficients calculated with 4 timescales, 2 orienta-

tions, and 3 orders (J = 4, L = 2, M = 2), the ST-based rock classifier reached 93.3% accuracy,

outperforming the grayscale CNN classifier by 2.8% and the grayscale PCA classifier by 21.1%

(see Figures A.4, A.8, and A.12). Substantial clustering for most of the 6 classes is visible in

the t-SNE plot, suggesting the MLP may perform better than the grayscale PCA classifier (see

Figure A.23). Andesite and gneiss show distinct boundaries and distance from one another in the

t-SNE representation, suggesting the MLP may have an easier time distinguishing between the

two, and the confusion matrix supports this, as there are no instances where andesite is misclassi-

fied as gneiss, nor gneiss as andesite (see Figure A.12). Schist and marble are similarly separated

from one another, and the confusion matrix supports that the MLP should have an easier time

discriminating between the classes, as there are no instances of schist being misclassified as mar-

ble, nor marble as schist (see Figure A.12). There is considerable intermingling between andesite

and quartzite clusters, suggesting the MLP may struggle to distinguish one from the other; this

is supported by the confusion matrix, where quartzite is misclassified as andesite 1.70% of the

time, and andesite is misclassified as quartzite 0.92% of the time. Schist and gneiss show some

clustering and intermixing, and the schist cluster is more spread out than gneiss, suggesting not

only that the MLP may confuse the two but that it may misclassify more often when schist is

the ground truth label, rather than gneiss (see Figure A.23). The confusion matrix supports these

claims, as schist is misclassified as gneiss 1.10% of the time, but gneiss is misclassified as schist

only 0.58% of the time (see Figure A.12). Andesite and rhyolite clusters intermix at some posi-

tions and are misclassified as one another 0.72% of the time, for andesite as rhyolite, and 0.57%
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Figure A.23: t-SNE plot for summary ST coefficients with J = 4, L = 2, M = 2 (Grayscale Images).

of the time (for rhyolite as andesite).

Using grayscale images and summary coefficients calculated with 4 timescales, 8 orienta-

tions, and 3 orders (J = 4, L = 8, M = 2), the ST-based rock classifier reached 93.5% accuracy,

outperforming the grayscale CNN classifier by 3%, the grayscale PCA classifier by 21.3%, and

the L = 2 ST classifier by 0.2% (see Figures A.6, A.10, A.14, and A.16). Similar to the L = 2 case,

substantial clustering is visible in the t-SNE representation for most of the 6 rock type classes,

though the L = 8 case has a different manifold shape than L = 2 (see Figures A.23 and A.24).

Quartzite has multiple smaller clusters spread throughout the t-SNE plot, and one of the quartzite

clusters mixes with the andesite cluster near the center, suggesting the MLP may confuse the two

(see Figure A.24). The confusion matrix supports this, as quartzite is misclassified as andesite

2.02% of the time, and andesite is misclassified as quartzite 0.97% of the time (see Figure A.16).

Quartzite being misidentified as andesite more frequently than andesite as quartzite is consistent
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Figure A.24: t-SNE plot of summary ST coefficients with J = 4, L = 8, M = 2 (Grayscale Images).

with the observation that fewer andesite clusters are present in the t-SNE plot, and the clusters

are closer to one another. Schist and gneiss clusters show some intermixing, suggesting the MLP

may confuse the two; the confusion matrix shows schist is misclassified 0.67% of the time, and

gneiss is misclassified as schist 0.53% of the time (see Figure A.16). Obscured from the static

view of Figure A.24, rhyolite and andesite clusters also exhibit substantial intermixing and are

misidentified as one another 0.48% and 0.58% of the time, respectively.

A.4.3.2 ST with 3-Channel Color Rock Images

Using 3-channel color images and summary coefficients calculated with 4 timescales, 2

orientations, and 3 orders (J = 4, L = 2, M = 2), the ST-based rock classifier reached 98.1%

accuracy, outperforming the 3-channel CNN classifier by 0.1%, the 3-channel PCA classifier

by 21.2%, and the 3-channel L = 2 ST classifier by 4.8% (see Figures A.6, A.10, A.16, and
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A.18). Figure A.25 shows t-SNE plots for the separate channel summary coefficients and the

combined color coefficients. Though clustering is present for t-SNE plots of each color channel,

the combined summary coefficients result in a t-SNE plot with considerable clustering and larger

separation between clusters than the grayscale ST and color PCA versions (see Figures A.20,

A.23, and A.25). There is a substantial distance between rhyolite and marble clusters, suggesting

the MLP may distinguish the two classes more easily; this is supported by the confusion matrix,

as there are no instances where rhyolite and marble are misclassified as one another (see Figure

A.16). Gneiss and rhyolite are similarly separated in Figure A.25, and there are no misclassifica-

tion instances between the two classes in the confusion matrix (see Figure A.16). Andesite has

multiple, smaller clusters throughout the t-SNE representation, some of which are mixed with

quartzite clusters, suggesting the MLP may misclassify the pair; indeed, andesite is misclassified

as quartzite 0.57% of the time, and quartzite is misclassified as andesite 0.17% of the time. The

gneiss cluster shows good separation from other classes, except near the center, where there is

intermixing with schist, whose cluster is more spread out, suggesting not only that the classes

may be confused by the MLP but that misclassification is likelier when the ground truth is schist.

This is confirmed by the confusion matrix, where schist is misclassified as gneiss 0.33% of the

time, but gneiss is misclassified as schist only 0.13% of the time (see Figure A.16).

Using 3-channel color images and summary coefficients calculated with 4 timescales, 8

orientations, and 3 orders (J = 4, L = 8, M = 2), the ST-based rock classifier reached 98.0% ac-

curacy, matching the performance of the 3-channel CNN classifier, outperforming the 3-channel

PCA classifier by 21.1%, and underperforming by 0.1% when compared to the 3-channel L = 2 ST

classifier (see Figures A.6, A.10, A.16, and A.18). Similar to the L = 2 case, the individual chan-

nel t-SNE plots have distinguishable clustering present for the six rock-type classes. However,
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Figure A.25: t-SNE projections of ST summary coefficients for 3-channel input images, J = 4,
L = 2, M = 2. STs and summary coefficients were calculated on red, green, and blue channels
separately and then combined to create the 3-channel ST summary coefficients. t-SNE represen-
tations for the separate channels are shown in the upper portion, and the representation for the
combined coefficients is shown below.
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the combined summary coefficient t-SNE plot has more well-defined clusters with larger sepa-

rations (see Figure A.26). A substantial distance between marble and andesite clusters suggests

that the MLP may have more success distinguishing between the two (see Figure A.26). This

is confirmed by the confusion matrix, where there are no instances where marble and andesite

are misclassified as one another (see Figure A.18). Gneiss and andesite are similarly separated in

t-SNE space, and there are also no instances of misclassification between the two. There is appar-

ent intermixing between schist and quartzite clusters in the static view of Figure A.26. However,

a more distinct separation is visible when the view is rotated, suggesting the MLP may be able to

separate the boundary between the two more easily. The confusion matrix confirms this, as there

are no instances of misclassification between schist and quartzite. Schist is more spread out than

other clusters, and there are schist mini-clusters inside the gneiss cluster; this suggests the MLP

may confuse the two, especially when schist is the ground truth. The confusion matrix confirms

this, as schist is misclassified as gneiss 0.83% of the time, and gneiss as schist 0.00% of the time

(see Figure A.18). The rhyolite cluster has distinguishable boundaries, with some mixing present

in the andesite cluster, suggesting the two may be confused by the MLP; the confusion matrix

shows rhyolite misidentified as andesite 0.38% of the time and andesite as rhyolite 0.10% of the

time.

A.4.3.3 ST Orientations (L = 2 vs L = 8)

The accuracy of the ST-based rock classifier with 2 orientations is very similar to those with

8 orientations for both grayscale and 3-channel color rock images. Computationally, however, the

two orientations perform very differently: on average, the L = 8 calculations took 75% longer to
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Figure A.26: t-SNE projections of ST summary coefficients for 3-channel input images, J = 4,
L = 8, M = 2. STs and summary coefficients were calculated on red, green, and blue channels
separately and then combined to create the 3-channel ST summary coefficients. t-SNE represen-
tations for the separate channels are shown in the upper portion, and the representation for the
combined coefficients is shown below.
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run for both grayscale and color versions.

A.5 Conclusions

PCA produces consistently lower accuracies than CNN and ST for grayscale and 3-channel

color rock images. This suggests that texture may be an important factor in discriminating rock

samples from one another. Since textures are often the result of non-Gaussian processes, charac-

terizing them by their spectral densities alone, as PCA does, may not be sufficient and is likely

one of the reasons the ST technique outperforms PCA and, to a lesser extent, CNN. To compare

how each technique performed with the same MLP design, no hyperparameters were tuned be-

yond the initial network design, so it is possible that ill-performing techniques like PCA could

achieve higher accuracies after tuning hyperparameters.

The use of grayscale images results in lower accuracies for all techniques. Building on

the assertion that texture features are critical for distinguishing between rock classes, color fea-

tures provide sufficient information to help distinguish between rock types indistinguishable in

grayscale. The supplementary computation time required to use three channels versus a single

channel pays off in higher accuracies overall.

For the scattering transform technique, using 2 orientations versus 8 orientations results in

little difference in accuracy, but 8 orientations requires 75% more computation time. While this

suggests that fewer orientations are sufficient for this classification problem and dataset, it would

be useful to test on different datasets and explore if the observation generalizes well, as it would

have implications for storage handling on larger-scale projects.

Visualization of intermediate layer outputs with t-SNE provides useful information about
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how PCA and ST extract meaningful, distinguishing features from each image. It may be used

to estimate how well each input class may be accurately identified or which classes are likely to

result in misidentification. Since CNNs do not output spatial mapping at each layer, t-SNE pro-

vides no additional insight or visualization for understanding how the convolution layers summa-

rize extracted features, making it less accessible to a broader audience. While the CNN and ST

performed similarly in accuracy, ST lends itself better to directly understanding the relationship

between the summary coefficients and their original images via t-SNE. At the same time, the

CNN’s inner workings remain elusive.

Incorporation of t-SNE in ML network design and workflow practices may be useful for

estimating potential performance. It would allow end-users to adjust their network designs before

initiating any training. One could, for example, do initial PCA, ST, and other statistical summary

calculations on a dataset, visualize the results with t-SNE, and then use that information to de-

cide between potential classification or prediction architectures, saving time by eliminating the

techniques whose t-SNE plots have poorly-defined clusters.
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Appendix B: Standard Operating Procedures and Checklists

This appendix provides standard operating procedures for TetraMag, GeoSLAM Zeb Hori-

zon, FLIR Duo Pro, as well as flight checklists for use when operating Debbie.

B.1 TetraMag SOP

1. Laptop/Peripherals Setup

(a) Connect the Wi-Fi router ethernet cable to the laptop.

(b) Connect the Wi-Fi router USB power cable to the laptop.

(c) Check that Wi-Fi is broadcasting

SSID: HDDODY

Password: doandti23

2. Instrument Setup

(a) Check that all RJ45 connectors are connected and secured at each sensor head and

each dackie.

(b) Check that all dackie 3mm-to-serial connectors are plugged in at the dackie and serial-

to-USB hub.
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(c) Check that the serial-to-USB hub is plugged into the Raspberry Pi.

(d) Switch dackies on using toggle.

(e) Ensure battery levels are full (note: □□□□x□□□□ in the lower left of LCD screen

indicates battery levels for both 9V are full □x□ in the lower left of the dackie LCD

indicates battery levels for both 9V are <25%).

(f) Check that each dackie LCD displays data for X, Y, and Z components

(g) Press ALT + Remote buttons on each dackie to put it into text output mode.

(h) Check that the bottom right on dackie LCD displays “TEXT”.

(i) Power on Raspberry Pi using the power bank (it should connect to the WiFi network

automatically after booting).

3. Data Collection

(a) On the laptop, open the command prompt and type:

ssh hddody@192.168.8.2

(b) Once prompted for the password, type:

doandti23

(c) To start data collection, type:

cd serial

sudo python3 TetraMag_MagOnly.py
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Note: the command prompt screen should display something like:

Mag1: numbers, numbers, numbers

Mag2: numbers, numbers, numbers

Mag3: numbers, numbers, numbers

Mag4: numbers, numbers, numbers

If you do NOT see numbers displayed for all Mags, proceed to the troubleshooting

section.

(d) To stop data collection and close the data file, type:

ctl+c

4. Data Offloading

(a) Connect a monitor to the Raspberry Pi (note: ”Serial” folder will contain all collected

data)

(b) Filename has a starting timestamp in UTC.

(c) Copy/paste to the storage device of choice.

5. Troubleshooting

(a) Dackie not turning on

i. Check batteries and replace them if needed.
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(b) Magnetometer data not streaming to laptop control prompt screen

i. Ensure all the cables are connected and secured.

ii. Ensure all the dackies are in “TEXT” mode.

iii. Turn relevant dackies off/on again, put in text mode and try again.

(c) SSH connection not initializing

i. Check if the Wi-Fi router is broadcasting.

ii. See if SSID shows up as an available network on a phone or other device.

iii. Plug the touchscreen monitor into Raspberry Pi and check network connectivity.

If all else fails:

i. Connect touchscreen monitor to Raspberry Pi

ii. Open a terminal using Raspberry Pi GUI and type:

cd serial

sudo TetraMag_MagOnly.py

{ctl+c to stop}

B.2 FLIR Duo Pro R

1. FLIR Setup

(a) Ensure GPS puck is plugged in and unobstructed.

(b) Plug LiPO battery into FLIR Duo Pro R.

(c) Open the ”FLIR UAS” app (preferably on an Apple device).
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Figure B.1: FLIR Duo Pro Operation Buttons.

(d) Press the Bluetooth button on the Duo Pro.

i. Ensure both SD cards are full on the app home screen.

ii. Press ”record” on the app. This will initiate 1 Hz data collection.

B.3 GeoSLAM Zeb Horizon
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Figure B.2: GeoSLAM Zeb Horizon SOP
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PREFLIGHT CHECKLIST

Date:

Pilot in control (PIC):

0. Weather Check
https://www.wunderground.com/dashboard/pws/KMDBOWIE
82

1. Payload SECURED
1a Landing Gear SECURED
2. Mr. Squishy VERIFY SECURE
3. Propellers CHECK CONDITIONS, VERIFY TIGHT
4. Propeller Hubs VERIFY SECURE
5. Motors CHECK CONDITION
6. Radio Controller ON, VERIFY TX BATTERY
7. Radio Controller

Model
SELECT

8. Aircraft
Placement

AWAY FROM PEOPLE AND OBSTACLES

9. Battery Pack
Voltage

VERIFY ABOVE 48V

10
.

Battery Packs SECURE

11. Battery Leads CHECK CONDITION AND CONNECT BATTERY #1
12
.

Aircraft KEEP STATIONARY

13
.

Flight Controller ALLOW TO INITIALIZE

14
.

Blade Dampers VERY 8 PRESENT AND IN GOOD CONDITION

15
.

Orientation
Lights

VERIFY SOLID COLORED, DIM

16
.

Receiver VERIFY BOUND

17
.

ALTA
QGroundContro
l

CONNECT, VERIFY NO WARNINGS

18
.

Compass
Calibration

CALIBRATE IF REQUIRED

19
.

Radio Control
Range Check

AS REQUIRED

20
.

Battery CONNECT BATTERY #2
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BEFORE TAKEOFF

Date:
Pilot in control (PIC):

1.
Prop Area CLEAR

2. Mode Switch POSITION
3. Home Switch UP/OFF
4. Radio Controller VERIFY CORRECT MODEL
5. Telemetry CHECK OPERATION
6. GPS Signal LOCKED (GREEN LIGHT)
7. ALTA X CHECK ORIENTATION AND ARM
8. Orientation Lights VERIFY USER-DEFINED COLOR

9. Motors START, AND VERIFY OPERATION
10. Flight Controls VERIFY CORRECT
11. Throttle VERIFY MINIMUM
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POSTFLIGHT CHECKLIST

Date:
Pilot in control (PIC):

1. Mode Switch POSITION
2. Home Switch OFF
3. ALTA X LAND
4. Motors DISARM AND STOP
5. Orientation Lights VERIFY LIGHTS DIM
6. ALTA X QGroundControl CHECK FOR WARNINGS

7. Batteries DISCONNECT AND REMOVE
8. Radio Controller Power TURN OFF
9. Aircraft Condition INSPECT
10. Motor and Prop Condition INSPECT

11. Battery Condition INSPECT
12 Landing Gear INSPECT
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