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SUMMARY

Frequency-domain electromagnetic induction measurements are acquired to understand

the distribution of electrical properties in the subsurface. Because the electromagnetic

induction method is widely used in geophysical applications to reveal information about

the subsurface, the algorithms for converting measurements into electrical conductiv-

ity distributions, or other petrophysical parameters are numerous. This geophysical

method is widely applied since it is easily deployable and can cover large survey areas

in a relatively small amount of time. A wide range of approaches, from simple linear

relationships to sophisticated inversion methods, have been used to transform mea-

surements into subsurface parameters. However, many of these methods depend on

additional geological or geophysical information to constrain and validate the inversion

result.

Near-surface applications of electromagnetic geophysical methods are crucial for so-

ciety because they provide cost-effective non-invasive ways to investigate the subsur-

face for water management, natural resources exploration, and environmental hazards.

Therefore, the appropriate use and accuracy of the estimations using this measurements

is vital for resource assessment, effective hazard mitigation, and reliable engineering

projects by providing a precise understanding of subsurface conditions. In general, this

geophysical method has been studied exhaustively, but is still challenging to understand

the uncertainties associated.

This thesis presents a comprehensive study of inversion methodologies for frequency-

domain electromagnetic induction surveys, addressing both computational efficiency

and model reliability. We start by studying the sensitivity of the measurements to the

electrical conductivity of the subsurface. We analyze the impact of using linear approxi-

mations and compare them to a global search strategy using precomputed lookup tables

of semi-analytic forward responses. The global search method enables rapid electrical

conductivity model estimation, without iterative forward modeling. This approach is

validated with synthetic and field datasets, demonstrating fast convergence and reliable

recovery of horizontally 2-layered earth models. Furthermore, the study demonstrates

the added value of using both quadrature and in-phase components of the measure-

ments. Numerical experiments demonstrate that incorporating the in-phase response

enhances sensitivity to conductivity and, as a result, improves result accuracy compared

with quadrature-only inversions, providing new insights into subsurface structure.

Moreover, this thesis investigates the well-posedness of frequency-domain electro-

magnetic induction data inversion. This analysis demonstrates that the uniqueness of

one-dimensional subsurface models with two layers is ensured only when both quadra-

ture and in-phase measurements are incorporated, for multi-coil single frequency con-

figurations. On the contrary, for three-layer models the solution remains underdeter-

mined without additional prior constraints. These findings highlight the fundamental

limits of the inversion problem and the importance of exploiting the full information
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10 SUMMARY

contained in the data.

Additionally, the limitations of piecewise inversion (subdividing the subsurface into

one-dimensional datasets) and laterally constrained inversion are assessed under real-

istic three-dimensional conditions. Simulations reveal that lateral conductivity varia-

tions, topographic effects, and instrument tilt introduce significant distortions, even for

small deviations from ideal assumptions. Numerical examples and field applications

demonstrate that, while laterally constrained inversion provides smoother results than

piecewise inversion, both methods remain vulnerable to error propagation in complex

environments.

Finally, this thesis proposes a novel approach based on machine learning inversion

via gradient boosted decision trees to estimate layered subsurface electrical conductivity

distributions from the measurements. This prediction algorithm provides three clear ad-

vantages: Firstly, the ability of the decision trees to provide individual influence weights

to different measurement parameters allows for a better understanding of the sensitivity

of the individual data values to the subsurface properties. Secondly, this machine learn-

ing algorithm learns the physical system’s non-linearity by understanding how the differ-

ent data parameters interact. Finally, predictions from the electrical conductivity model

are generated without prior knowledge of the subsurface. Compared to optimization-

based estimations, the machine learning resulting predictions more closely match the

true models.

Together, these contributions advance the knowledge about the inversion of electro-

magnetic induction measurements by evaluating estimation methodologies, analyzing

data utilization, and critically evaluating their application into electrical conductivity

distribution of the subsurface. The results emphasize both the potential and the lim-

itations of current inversion strategies, and they motivate the development of forward

modelling and inversion methodologies for realistic frequency-domain electromagnetic

induction survey conditions. The main contribution of this study is an easily applicable

machine learning estimation method without additional information of the subsurface.



SAMENVATTING

Metingen van elektromagnetische inductie in het frequentie-domein worden uitgevoerd

om de verdeling van elektrische eigenschappen in de ondergrond te begrijpen. Omdat

de elektromagnetische inductie methode veelvuldig wordt gebruikt in geofysische toe-

passingen om informatie over de ondergrond te onthullen, bestaan er talloze algoritmen

voor het omzetten van metingen in elektrische geleidbaarheidsverdelingen of andere

petrofysische parameters. Deze geofysische methode wordt veel toegepast omdat deze

eenvoudig inzetbaar is en grote onderzoeksgebieden in relatief korte tijd kan bestrijken.

Een breed scala aan benaderingen, van eenvoudige lineaire verbanden tot geavanceerde

inversiemethoden, is gebruikt om metingen om te zetten in ondergrondse parameters.

Veel van deze methoden zijn echter afhankelijk van aanvullende geologische of geofysi-

sche informatie om het inversieresultaat te beperken en te valideren.

Toepassingen van elektromagnetische geofysische methoden in de nabije ondergrond

zijn cruciaal voor de samenleving, omdat ze kosteneffectieve, niet-invasieve manieren

bieden om de ondergrond te onderzoeken voor waterbeheer, exploratie van natuurlijke

hulpbronnen en milieugevaren.

Daarom is het juiste gebruik en de nauwkeurigheid van de schattingen met behulp

van deze metingen van vitaal belang voor de beoordeling van hulpbronnen, effectieve

risicobeperking en betrouwbare technische projecten, door een nauwkeurig inzicht te

verschaffen in de omstandigheden in de ondergrond. Over het algemeen is deze geofy-

sische methode uitvoerig bestudeerd, maar het blijft een uitdaging om de bijbehorende

onzekerheden te begrijpen.

Deze thesis presenteert een uitgebreide studie van inversiemethoden voor elektro-

magnetische inductiemetingen in het frequentie-domein, waarbij zowel de computati-

onele efficiëntie als de modelbetrouwbaarheid aan bod komen. We beginnen met het

bestuderen van de gevoeligheid van de metingen voor de elektrische geleidbaarheid

van de ondergrond. We analyseren de impact van het gebruik van lineaire benaderin-

gen en vergelijken deze met een globale zoekstrategie met behulp van vooraf berekende

opzoektabelen van semi-analytische voorwaartse responsen. De globale zoekmethode

maakt een snelle schatting van het elektrische geleidbaarheidsmodel mogelijk, zonder

iteratieve voorwaartse modellering. Deze aanpak wordt gevalideerd met synthetische

en veldgegevens, waarbij een snelle convergentie en betrouwbare reconstructie van ho-

rizontaal 2-laags aardmodellen wordt aangetoond. Bovendien toont de studie de toege-

voegde waarde aan van het gebruik van zowel kwadratuur- als in-fasecomponenten van

de metingen.

Numerieke experimenten tonen aan dat het incorporeren van de in-faserespons de

gevoeligheid voor geleidbaarheid vergroot en daardoor de nauwkeurigheid van de resul-

taten verbetert in vergelijking met inversies die alleen gebruikmaken van kwadratuur,

wat nieuwe inzichten oplevert in de structuur van de ondergrond.
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12 SAMENVATTING

Verder onderzoekt dit proefschrift de welgedefinieerdheid van frequentie-domein

elektromagnetische inductie data inversie. Deze analyse toont aan dat de uniciteit van

eendimensionale ondergrondmodellen met twee lagen alleen gegarandeerd is wanneer

zowel kwadratuur- als in-fasemetingen worden opgenomen, voor configuraties met meer-

dere spoelen en één frequentie. Integendeel, voor drielaagse modellen blijft de oplossing

onderbepaald zonder aanvullende voorafgaande beperkingen. Deze bevindingen bena-

drukken de fundamentele beperkingen van het inversieprobleem en het belang van het

benutten van alle informatie in de data.

Daarnaast worden de beperkingen van stuksgewijze inversie (het onderverdelen van

de ondergrond in eendimensionale datasets) en lateraal beperkte inversie beoordeeld

onder realistische driedimensionale omstandigheden. Simulaties laten zien dat laterale

geleidbaarheidsvariaties, topografische effecten en instrumenthelling aanzienlijke ver-

tekeningen introduceren, zelfs bij kleine afwijkingen van ideale aannames. Numerieke

voorbeelden en veldtoepassingen tonen aan dat, hoewel lateraal beperkte inversie vloei-

endere resultaten oplevert dan stuksgewijze inversie, beide methoden kwetsbaar blijven

voor foutpropagatie in complexe omgevingen.

Ten slotte stelt dit proefschrift een nieuwe benadering voor, gebaseerd op machine

learning-inversie via gradient boosted decision trees, om gelaagde elektrische geleid-

baarheidsverdelingen in de ondergrond te schatten op basis van de metingen. Dit voor-

spellingsalgoritme biedt drie duidelijke voordelen: Ten eerste maakt de mogelijkheid

van beslissingsbomen om individuele invloedsgewichten toe te kennen aan verschil-

lende meetparameters een beter begrip mogelijk van de gevoeligheid van de individuele

datawaarden voor de eigenschappen van de ondergrond. Ten tweede leert dit machine

learning-algoritme de niet-lineariteit van het fysieke systeem door te begrijpen hoe de

verschillende dataparameters op elkaar inwerken. Ten slotte worden voorspellingen op

basis van het elektrische geleidbaarheidsmodel gegenereerd zonder voorafgaande ken-

nis van de ondergrond. In vergelijking met op optimalisatie gebaseerde schattingen ko-

men de voorspellingen van machine learning beter overeen met de werkelijke modellen.

Samen bevorderen deze bijdragen de kennis over de inversie van elektromagneti-

sche inductiemetingen door schattingsmethoden te evalueren, datagebruik te analyse-

ren en de toepassing ervan op de elektrische geleidbaarheidsverdeling van de onder-

grond kritisch te beoordelen. De resultaten benadrukken zowel de mogelijkheden als

de beperkingen van de huidige inversiestrategieën en stimuleren de ontwikkeling van

voorwaartse modellering en inversiemethoden voor realistische elektromagnetische in-

ductiemetingen in het frequentiedomein. De belangrijkste bijdrage van deze studie is

een eenvoudig toepasbare machine learning-schattingsmethode die geen aanvullende

informatie over de ondergrond vereist.



1
INTRODUCTION

Nothing is too wonderful to be true,

if it be consistent with the laws of nature.

Michael Faraday

1.1. ELECTROMAGNETIC INDUCTION

Electromagnetic induction (EMI) is a geophysical method used to map physical proper-

ties of the subsurface, in which a voltage difference is measured between the terminals

of a loop antenna that is connected to a receiver unit. In the EMI instrument, the elec-

trical signal frequencies are low enough that the source-receiver offset is less than the

free-space wavelength, called quasi-static range (Nabighian and Corbett, 1991). In this

case, the voltage difference can be understood as an electric field. These voltage differ-

ence measurements are used to infer the distribution of the electrical conductivity of

the Earth. Numerous EMI methods exist, depending on the transmitter-receiver config-

urations (e.g., ground-based, drone-based, airborne) and the signal type (e.g., time do-

main [TDEM], frequency domain [FDEM], very low frequency [VLF]). In EMI soundings,

a loop source generates the electromagnetic field.

The principles underlying the EMI geophysical method date back to the discovery

of electromagnetic induction by Michael Faraday in 1831. Faraday’s Law states that a

changing magnetic field induces an electric current in a nearby conductor. In the late

19th century, James Clerk Maxwell formalized the equations governing electromagnetic

fields, paving the way for practical applications (Nabighian and Corbett, 1991). Early

applications of EMI were largely confined to electrical engineering and communica-

tions, but geophysicists soon recognized its potential for subsurface exploration. The

first systematic application of electromagnetic induction for geophysical exploration be-

gan in the 1920s and 1930s, particularly for mineral prospecting (Blau, 1933; Eklund et

al., 1923).

Since then, EMI soundings have been used for exploration of resources such as oil

and gas (Davydycheva, 2010; Kaufman and Itskovich, 2017; Sainson, 2017), groundwater

13
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(Goldstein et al., 1990; McNeill et al., 1990; Mitsuhata et al., 2006), geothermal energy

(Berktold, 1983; Martinez-Garcia, 1992), and minerals (Duckworth, 1970; Eadie, 1987;

Witherly, 2000). Other applications are Earth’s crust studies, lithology mapping, haz-

ardous waste investigation, and many more.

This thesis focuses on the frequency domain electromagnetic induction method with

a loop-loop configuration (abbreviated as FDEM). This method was initially developed

by Sture Werner and Alfred Holm, who contributed with the creation of the first instru-

ment in 1936 and the Slingram method, a precursor to modern loop-loop FDEM tech-

niques (Påsse and Kim-Andersson, 1948). After World War II, technological advance-

ments led to more sophisticated FDEM instruments and increased interest in electro-

magnetic methods for various geophysical applications (Howell, 1966; Musson, 1968).

The 1970s and 1980s saw significant improvements in FDEM instrumentation and a

broader range of applications, such as multi-frequency and multi-coil configurations.

Furthermore, the development of digital signal processing enabled better noise reduc-

tion, data acquisition and interpretation (Lytle, 1979; McNeill, 1980, 1983a, 1983b; Smith

and West, 1987; Tabbagh, 1986). Likewise, developments in inversion algorithms allowed

geophysicists to obtain more accurate subsurface conductivity maps. By the 1990s, com-

mercial FDEM instruments such as the Geonics EM31, EM34, and EM38 became indus-

try standards for near-surface geophysics, particularly in environmental and agricultural

studies (Cook and Walker, 1992; Hendrickx et al., 1992; Sheets and Hendrickx, 1995).

Advancements in computational power and machine learning contributed in the

evolution of FDEM as an essential tool in geophysics. By integrating other geophysical

methods, such as Ground Penetrating Radar (GPR), Magnetotellurics (MT), and Time-

Domain Electromagnetic (TDEM) surveys, current geophysical applications offer a more

comprehensive understanding of subsurface conditions. Currently, the emergence of

UAV-mounted (drone-based) FDEM systems has expanded their use in rapid and cost-

effective geophysical surveys over large areas.

1.2. PRINCIPLES OF THE FDEM METHOD

The governing laws that relate the electromagnetic fields to physical properties in the

FDEM method are described by Maxwell’s equations (Nabighian and Corbett, 1991; West

and Macnae, 2012). According to Faraday’s law, when a time-varying magnetic field is

applied in the vicinity of a conductor, an electric current is generated within the con-

ductor itself. The mathematical formulation can be expressed as:

∇×E =−
∂B

∂t
− Jm , (1.1)

where E represents the electric field, B is the magnetic flux and Jm the magnetic current

density of the source.

Ampere’s law states that to every time-varying electric field, a magnetic field is asso-

ciated, expressed by:

∇×H =
∂D

∂t
+ Je , (1.2)

where H represents the magnetic field, Je is the electric current density, and D is the elec-
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tric displacement. These vectors E, D, B, H and Je are linked by the following relations:

D = ϵE, (1.3)

B =µH, (1.4)

Je =σE, (1.5)

where ϵ is the dielectric constant (F/m), µ is the magnetic permeability (H/m) and σ is

the electric conductivity (S/m), which are physical properties of the air, water and Earth’s

subsurface or materials within it.

Through temporal Fourier transformations of Maxwell’s equations, we can obtain a

set of two equations describing the propagation of the electric and the magnetic field in

a source-free, homogeneous and isotropic medium whose physical properties are given

by ϵ, µ and σ as follows:

∇
2

E = (iωµσ−ϵµω
2)E, (1.6)

∇
2

H = (iωµσ−ϵµω
2)H, (1.7)

where ω is the angular frequency. In equations 1.6 and 1.7, the term iωµϵ relates to the

so-called conduction currents, while the term ϵµω
2 relates with the so-called displace-

ment currents. When σ≫ ωϵ (generally at frequencies lower than 10 kHz), conduction

currents prevail with respect to the displacement currents; this is known as the diffusive

regime. When the frequency of the instrument signal is higher than 10 MHz, displace-

ment currents dominate with respect to the conductive currents, and this is known as

the radar regime (Nabighian and Corbett, 1991).

The FDEM method is based on a loop-loop electromagnetic inductive instrument,

where a time-harmonic electric current of intensity I
p flows in the transmitter coil Tx

usually laid out on the ground or in the air above it (Deidda et al., 2022). The current

generates a time-harmonic primary magnetic field Hp that spreads in all directions. Part

of the magnetic field directly arrives to the receiver coil Rx located at a distance s from

the transmitter coil, generating a voltage in the receiver coil that is then measured.

Simultaneously, the primary electromagnetic field travels through the subsurface, in-

ducing electric currents (eddy currents). Then, according to Ampere’s law, a secondary

magnetic field Hs is generated due to the eddy currents. This secondary electromagnetic

field will also flow through the receiver coil and will have a phase difference with respect

to the primary. The secondary magnetic field generated by the conductive materials in

the subsurface is much smaller than the primary magnetic field (∥Hs∥ ≪ ∥Hp∥). The

primary field Hp is known, as it depends solely on the instrument’s geometrical configu-

ration, and the secondary response will include information about the electromagnetic

field and the subsurface properties (Everett, 2013).

The primary and secondary magnetic field intensities (Hp and Hs) are complex val-

ues. The primary magnetic field is time-harmonic varying (Hp sin(ωt )). Therefore, using

the identity:

sin(ωt +ϕ) = sin(ωt )cos(ϕ)+cos(ωt )sin(ϕ), (1.8)

we can decompose the total magnetic field passing through the receiver coil HT into two



1

16 1. INTRODUCTION

Figure 1.1: a) Schematic representation of a rigid-boom frequency-domain electromagnetic (FDEM) device. b)

Time dependence of primary and secondary fields. c) Phasor diagram with the primary current as reference,

showing the phase lag of the secondary magnetic field with respect to the primary field. (modified from Grant

and West, 1966)

components,

HT
= Hp sin(ωt )+Hs sin(ωt +ϕ), (1.9)

= Hp sin(ωt )+Hs sin(ωt )cos(ϕ)+Hs cos(ωt )sin(ϕ), (1.10)

= [Hp
+Hs cos(ϕ)]sin(ωt )+ [Hs sin(ϕ)]cos(ωt ), (1.11)

such that P = Hp
+Hs cos(ϕ) is termed the in-phase response component (also known

as the real component) and Q = Hs sin(ϕ) is termed the quadrature response compo-

nent (also known as the imaginary component). These components are obtained from

the measurements of the FDEM instrument. Traditionally, the quadrature component is

used to infer information about the bulk electrical conductivity of the subsurface, also

called apparent electrical conductivity σa (McNeill, 1980).

1.3. ESTIMATION OF ELECTRICAL CONDUCTIVITY MODELS

The FDEM method is commonly applied for shallow subsurface estimations. It has been

used in numerous fields, including environmental monitoring, agriculture, archaeology,

groundwater studies, and mineral exploration (e.g., Section 1.1).

Initially, the FDEM method was implemented by mapping the apparent electrical

conductivity σa over an area. The changes in electrical properties between two sub-

surface materials were interpreted to detect targets, such as contaminants, moisture or

salinity changes (e.g., Ferguson et al., 1996; Sam and Ridd, 1998).
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In recent years, more sophisticated methods that determine the 1D, 2D, or 3D sub-

surface distribution of the electrical conductivity or other physical properties (salinity,

clay content, soil moisture, etc.) derived from petrophysical models have been presented

(e.g., Delefortrie et al., 2014; Delrue et al., 2020; Guillemoteau et al., 2017, 2019; Monteiro

Santos et al., 2011; Zhang et al., 2021).

Like many other geophysical inverse problems, FDEM data inversion is typically ill-

posed, due to non-uniqueness or unstability of the solution (Tikhonov et al., 1977). Usu-

ally, the inversion methods applied to FDEM measurements implement optimization

schemes to obtain subsurface models. To handle the ill-posedness of the inverse prob-

lem, a stabilizing term (or regularization term) is introduced in the objective functional

to be minimized as prior information (Constable et al., 1987). However, this approach

holds two possible challenges: 1) the assumption of prior information about the subsur-

face, and 2) the result could depend on the chosen initial model.

The FDEM presents several advantages over other geophysical electrical methods

that encourage us to investigate the inversion of these measurements. Some of these

advantages are:

• FDEM is an inductive method, therefore, it is not affected by current injection

problems in resistive areas encountered in other geoelectric geophysical methods

(McNeill, 1980).

• FDEM methods are non-invasive, they do not require direct contact with the ground.

• In the FDEM method, physical contact with the ground is not necessary. The in-

strument is just placed above the area to be measured. This allows for flexibility

and easier movement above the surface. For this reason, the data collection is

done in a fast manner compared with other geoelectric measurements. This de-

creases acquisition costs.

On the other hand, the FDEM method also has disadvantages that affect an accurate

estimation of the electrical conductivity distribution:

• A major drawback of many FDEM surveys is that the measured bulk electrical con-

ductivity σa values are affected by systematic measurement errors, for which cor-

rection procedures might be necessary (Binley et al., 2015).

• Several factors, such as solar flares, humidity, and temperature changes, in addi-

tion to the proximity of metallic objects or instruments with wireless communi-

cation too close to the FDEM system, can distort the measurements (Delefortrie

et al., 2014; Gebbers et al., 2009; von Hebel et al., 2019).

• The vertical sounding capability is limited by the loop-loop offset and set frequen-

cies when these are fixed.

To address these challenges, we aim to study the accuracy of the inversion method-

ologies, their assumptions, and limitations.
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1.4. THESIS OBJECTIVES

The FDEM geophysical method holds promise as a tool for investigating the shallow sub-

surface. We are motivated to better understand the information in the measurements

and obtain accurate estimations from them. In this thesis, we investigate the impact of

the following approaches on a reliable and accurate estimation of electrical conductivity

models of the subsurface:

• The low induction number (LIN) approximation.

• Using an optimization inversion scheme.

• Assuming flat topography and horizontal position of the instrument.

• Horizontally isotropic, homogeneous layered Earth assumption.

• Using machine learning algorithms.

FDEM acquisition can contain a large amount of measurements; on average, a mea-

surement is taken every 0.2 m, but it can vary greatly. To obtain electrical conductivity

estimations at each measurement position, some methodologies perform iteratively for-

ward modeling until obtaining a minimal data misfit, which can make the estimations

computationally expensive for real-time applications. The approaches and assumptions

mentioned above are used for computing efficiency and simplification purposes. Our

aim is to study the consequences of these simplifications on the accuracy of the es-

timated models. Moreover, we plan to design an inversion strategy that balances the

computational effort with the accuracy of the estimation.

The contributions and objectives of this thesis are summarized in the following list:

• The analysis of the contribution of the quadrature and in-phase components of

the FDEM measurements with respect to distribution of electrical conductivity.

• The detailed study of the well-posedness of the inversion problem for 2- and 3-

layered subsurface models.

• Studying the impact of 3D variations of the earth into the FDEM measurements

and the propagation of this effect into the inversion methods when assuming a

horizontally earth.

• Developing a method for estimating electrical conductivity models of the subsur-

face using FDEM measurements using machine learning algorithms.

1.5. OUTLINE

This thesis focuses on investigating the impact of the assumptions made to solve the

FDEM inversion problem and developing a computationally efficient, accurate and reli-

able inversion methodology.

We dedicate Chapter 2 to demonstrate, using a global search inversion approach,

that both quadrature and in-phase measurement components are sensitive to the elec-

trical conductivity of the subsurface, using 1D horizontally layered earth models. Ad-

ditionally, we compare the impact of two different forward functions into the inversion
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scheme: the low induction number (LIN) approximation forward function and the semi-

analytical forward function. We show how the use of different forward functions impact

on the estimations with both numerical examples and a field case example.

In Chapter 3 we analyze the uniqueness and stability of the inversion problem for

1D horizontally layered earth models. For this, we show with numerical examples that

the inversion problem seems to be unique for 2-layered earth models when using both

quadrature and in-phase measurements. However, the inversion problem is affected by

stability issues even for a simple 2-layered case, meaning that it is still ill-posed. More-

over, we find results that suggest the problem is non-unique for 3-layered earth models.

The inversion methodology is further demonstrated with field data.

Afterwards, in Chapter 4 we present the effect of 2.5D and 3D conductivity distribu-

tions, including topographic variations and instrument pitch angle on the FDEM mea-

surements. In order to do this we examine how these measurement distortions propa-

gate into two inversion strategies, the Piecewise 1D (PWI) and the Laterally Constrained

Inversion (LCI) in different 2D and 3D electrical conductivity distributions. We show

that the FDEM measurements are highly sensitive to topography or tilt of the instru-

ment, which amplifies the limitations of using this geophysical method to obtain accu-

rate electrical conductivity information of the subsurface.

In Chapter 5 a simple and practical methodology is applied to train a machine learn-

ing algorithm to predict 1D electrical conductivity distributions without prior informa-

tion of the subsurface. This is done by training, testing and valuidating an XGBoost de-

cision tree algorithm with synthetic FDEM measurements. We analyse the prediction

power of the algorithm with numerical examples and show the advantages with respect

to the classical optimization approach.

Finally, Chapter 6 summarises the main conclusions based on the results obtained

in the previous chapters. Additionally, recommendations for future research are made,

which can help further develop the ideas and methodologies proposed in this thesis.
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2
EXPLOITING THE INFORMATION IN

FDEM MEASUREMENTS

It’s easy to play any musical instrument:

all you have to do is touch the right key at the right time

and the instrument will play itself.

Johann Sebastian Bach

Rigid boom electromagnetic surveys that use loop-loop configurations are often used to

obtain information about the subsurface conductivity. Semi-analytic solutions help to

simulate electromagnetic induction measurements for a large number of horizontally lay-

ered models, which can then be stored and used as a lookup table. This procedure is per-

formed once and then used to find the corresponding model that produces the best data

fit, eliminating the need to run numerous simulations in every minimization step of an

inversion scheme for large field datasets. We apply this methodology to a numerical ex-

ample and field data acquired in The Netherlands. Our results from both cases using the

global search demonstrate its ability to estimate electrical conductivity distributions in

two-layered models in a fast and accurate manner. Furthermore, we apply the workflow

using a lookup table based on low induction number approximation-derived measure-

ments. The outcome of implementing this methodology using the low induction number

lookup table shows poor accuracy in the electrical conductivity estimations for both the

numerical example and the field data in comparison to the semi-analytical approach.

Part of this chapter was published as M. Carrizo Mascarell, D. Werthmüller, and E. Slob, Global search inversion

for electromagnetic induction data using layered models, NSG2023 29th European Meeting of Environmental

and Engineering Geophysics 2023. Minor modifications have been applied to the text and figures for thesis

consistency.
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2.1. INTRODUCTION

FDEM instruments are commonly used to estimate the electrical conductivity of the

shallow subsurface for hydrogeological, environmental, agricultural, and archeological

purposes. McNeill (1980) proposed a way to linearly derive an approximated value of

the apparent electrical conductivity σa of a horizontally layered subsurface from FDEM

measurements, which is called the low induction number (LIN) approximation. This

methodology assumes two main conditions: 1) the low induction number (LIN) condi-

tion β≪ 1, where the induction number is defined as β = s/δ, s is the loop-loop sepa-

ration and δ =

√

ωµ0σ/2 is the skin depth (ω is the angular frequency of the source, µ0

is the magnetic permeability of free space), 2) the instrument lays on the ground surface

and free-space magnetic permeability.

From the LIN approach, McNeill (1980) defined sensitivity functions that calculate

for horizontally layered models the contributions of each layer thickness and electrical

conductivity to the apparent electrical conductivity, based on Wait (1962). Subsequently,

due to its simplicity and linearity, numerous inversion schemes to estimate electrical

conductivity vertical distribution profiles using McNeill (1980) sensitivity functions have

been developed (e.g. Hendrickx et al., 2002; Monteiro Santos et al., 2011). However,

previous studies suggest that using the LIN approximation approach, even under the

LIN conditions provides inaccurate estimations of electrical conductivity in the sub-

surface. For example, Callegary et al. (2007) compared the sensitivity of the apparent

electrical conductivity with respect to the vertical distribution using LIN approximation

and Maxwell’s equations for two-layered models and observed clear differences. Addi-

tionally, von Hebel et al. (2019) performed a multi-layered inversion using both the LIN

approximation and Maxwell’s exact solutions as forward models, finding erroneous elec-

trical conductivity estimations using the LIN approximation.

One of the assumptions of the LIN approximations is that while the LIN conditions

are being met the real part of the measurements (in-phase part) is very small, so it is con-

sidered negligible. This is a condition that is rarely accomplished since the bulk subsur-

face conductivity must be less than a few mS/m (Beamish, 2011). Previous studies men-

tion the influence of the subsurface electrical conductivity on the in-phase response.

Deidda et al. (2022) mentions that at a fixed magnetic permeability the in-phase com-

ponent will increase as with increasing electrical conductivity of an assumed volume

that influences the measurements. Delefortrie et al. (2014) presented the visual compar-

ison of in-phase responses to evidence the similarity with the distribution of electrical

conductivity, suggesting a relationship. de Alba and Rodriguez (2016) also investigated

the possibility of getting more information from the available data, considering either

the in-phase or the quadrature component of the signal for a regularized Gauss-Newton

inversion scheme. In this chapter, we study the sensitivity of both the quadrature and

in-phase components of the FDEM measurements and what information these mea-

surements could provide from the distribution of the subsurface conductivity.

Using the full non-linear solution from Maxwell’s equations for horizontally layered

models can be computationally expensive to perform in an inversion scheme that needs

to calculate many forward models in each minimization step. In this study, we use the

semi-analytical modeler empymod (Werthmüller, 2017) that provides the exact magnetic

response due to a magnetic point source in a layered-earth model with vertical trans-
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verse isotropic (VTI) electrical conductivity. This modeler allows us to calculate the mea-

surements for a large range of models and create a lookup table that can be used in a

global search to find the electrical conductivity model that better explains the FDEM

measurements. For completeness, we also use the LIN approximation function to create

a lookup table and perform the global search methodology. The workflow using both

semi-analytical and LIN lookup tables is applied to a numerical example and to data

acquired for hydrogeophysical evaluation in Ackerdijkse Plassen, The Netherlands.

2.2. METHODOLOGY

The basic FDEM instrument consists of a pair of loops: a transmitter loop (Tx ) and a

receiver loop (Rx ), where the subscript x denotes the measurement position on the x-

axis. The system uses an alternating current flowing in the transmitter coil that generates

a primary magnetic field Hp. This time-varying flux produces an electromotive force that

induces eddy currents in conductive materials of the subsurface. The eddy currents then

generate a secondary magnetic Hs. Both Hp and Hs fields go through the receiver coil.

Consequently, a voltage is induced in the receiver coil (the time variation of the magnetic

flux is then measured).

Since the primary field Hp is known, FDEM instruments can provide the coupling ra-

tio between the secondary magnetic field induced in the ground and the primary mag-

netic field from the direct wave propagating from the transmitter through the air to the

receiver coil, which is a complex ratio:

Hs

Hp
= P+ i Q, (2.1)

where P represents the in-phase part and Q represents the out-of-phase or quadrature

part. Equation 2.1 is derived from the polar decomposition of Equation 1.11.

SEMI-ANALYTIC (SA) FORWARD MODEL

From Ward and Hohmann (1987), for FDEM sensors where the distance between the

transmitter and receiver coils is at least five times larger than the radius of the coils, the

coils are considered independent magnetic dipoles. Ward and Hohmann (1987) derived

the formulations for the axial component of the magnetic field generated by a magnetic

dipole, assuming a horizontally layered subsurface. The derived equations for the hor-

izontal coplanar (HCP), vertical coplanar (VCP), and perpendicular (PRP) coil orienta-

tions, where both transmitter and receiver coils are placed at the same elevation, a, are

shown in the following equations:

ZHCP =

Hs
z

H
p
z

=−s3

∫

∞

0
R0e−2λa

λ
2 J0(λs)dλ, (2.2a)

ZVCP =

Hs
x

H
p
x

=−s2

∫

∞

0
R0e−2λa

λJ1(λs)dλ, (2.2b)

ZPRP =

Hs
x

H
p
z

= s3

∫

∞

0
R0e−2λa

λ
2 J1(λs)dλ, (2.2c)
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Figure 2.1: FDEM loop-loop configurations.

where λ is the Hankel transform integral parameter, R0 is the reflection coefficient, J0

and J1 are the Bessel functions of zeroth and first order respectively. In Equations 2.2

the integral represents the contribution from each layer to the measurements. With the

SA forward model, we compute Hp, Hs and calculate the complex ratios ZHCP, ZVCP and

ZPRP, to obtain Q and P values.

The equations are solved for the following coil configurations: 3 loop-loop orienta-

tions (HCP, VCP, and PRP) with three different offsets each (2, 4, 8 m for HCP and VCP

coils; 2.1, 4.1, 8.1 m for the PRP loop orientation) at a frequency of 9000 Hz (see Figure

2.1). FDEM data is modeled for n = 226981 electrical conductivity 2-layered models with

first layer thickness h1 ranging from 0.1 m to 7 m, sampled linearly in 51 steps. The elec-

trical conductivity for each layer ranged from 1 mS/m up to 100 mS/m, sampled loga-

rithmically in 51 steps. The electrical conductivity values for the proposed loop-loop ge-

ometry do not largely deviate from satisfying the LIN conditions. Therefore, the models

are formulated by two layers where the parameters are the logarithms of the conductivity

and the thickness, m = [log(σ1), log(σ2),h1]. The data generated for each model contains

the values of Q and P for each coil geometry and each loop-loop offset in ppt (parts per

thousand), d = [QHCP,QVCP,QPRP,PHCP,PVCP,PPRP]. The FDEM data d is computed and

stored in the lookup table DSA = [d1,d2, ...,dn], which is then used in the global search.

The workflow for the methodology is shown in Figure 2.3 , where this stage is shown as

step 1: Forward operation.

LOW INDUCTION NUMBER (LIN) FORWARD MODEL

McNeill (1980) proposed that the Equations 2.2 can be modified to a linear relationship

between a bulk apparent conductivity of the subsurface σa and the imaginary part of the

complex ratio ℑ(Hs/Hp), which belongs to the quadrature Q as we have mentioned, for

low induction numbers as follows:

σLIN
a =

4

µ0ωs2
Q. (2.3)
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Figure 2.2: LIN Relative sensitivity functions for each loop-loop configuration.

This approximation is defined for coils directly laying on the ground surface. From

the LIN approximation, the vertical distribution of the electrical conductivity is linearly

related to relative sensitivity (SR ) functions presented in McNeill (1980), from Wait (1962).

These functions are based in the LIN conditions, where the sensitivity of the different

coil orientations is a function of depth, frequency and the loop-loop offset solely, and

does not depend on the subsurface conductivity distribution. These relative sensitivity

functions SR weight the contribution of a 2-layered function in the following manner:

σ
LIN
a =σ1[1−SR (b1)]+σ2[SR (b1)], (2.4)

where b1 is the depth of the first layer normalized by the loop-loop separation. The SR

sensitivity functions for the different loop-loop separations are defined by McNeill (1980)

and Monteiro Santos et al. (2011), as:

S
HCP
R

(b) =
1

√

(4b2
+1)

, (2.5a)

S
VCP
R

(b) =
√

(4b2
+1)−2b, (2.5b)

S
PRP
R

(b) =
2b

(4b2
+1)1/2

. (2.5c)

These relative sensitivity functions are shown for the FDEM system configurations in

Figure 2.2. These equations are used to repeat step 1 Forward operation and obtain for

n = 226981 possible models the lookup table DLIN = [d1,d2, ...,dn].

GLOBAL SEARCH

After storing the solutions computed in step 1 of the workflow (see Figure 2.3) we per-

form for each position i in a survey a global search that minimizes the misfit min(d−di )

between the measurement di and all the measurements d stored in lookup table D.

The minimum misfit yields the best electrical conductivity model mi . Recall that each
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Figure 2.3: Global search workflow.

data vector d contains the measurements from all coil distances and loop configurations

shown in Figure 2.1.

SENSITIVITY OF THE quadrature AND in-phase MEASUREMENTS

For each loop-loop geometry and measurement component (Q or P), the sensitivity of

the measurements to changes in the electrical conductivity for a homogeneous halfs-

pace is calculated (see Figures 2.4 and 2.5). In Figure 2.4, the results show that the instru-

ment quadrature measurements are overall quite sensitive to the first few meters of the

subsurface (< 5 meters), increasing in depth with increasing loop-loop separation. Below

this depth, the sensitivity decays. The sensitivity differs between loop-loop geometries;

for this reason, FDEM instrument developers have incorporated multiple configurations

to include the sensitivity to different volumes of the subsurface and obtain more infor-

mation (Wait, 1962, Deidda et al., 2022, Blanchy et al., 2024).

In Figure 2.4, it is clear that the sensitivity of the measurement also changes with

halfspace conductivity, especially for the largest offset in all geometries. The sensitivity

of the measurements in the in-phase component (Figure 2.5) also differs from loop-loop

geometry and is affected by the halfspace conductivity. For increasing offsets, the LIN

conditions break down even with a halfspace conductivity under 10 mS/m. Therefore,

the in-phase part is no longer negligible and is sensitive to the subsurface conductivity.

2.3. NUMERICAL EXAMPLE

In order to test the appropriate forward function to use for estimating 2-layered electri-

cal conductivity models, we use the workflow presented in Figure 2.3 in two numerical

cases. The global search is applied for each position in a 2D section of stitched 1D earth

models using 4 different lookup tables: 1) a lookup table with semi-analytic Q values,

DSA-Q, 2) a lookup table with semi-analytic P values, DSA-P, 3) a lookup table with the full

semi-analytic measurements Q and P, DSA, and 4) a lookup table with the LIN forward Q

values, DLIN.

To evaluate the accuracy of the estimation, we calculate the normalized root mean

squared error (RMSE) between true and estimated 1D models obtained for the σ and h

model parameters, as follows:

RMSE(mtrue,mpred) =

√

∑M−1
i=0 (mtrue −mpred)2

M
, (2.6)

where mtrue is the true model and mpred is the predicted model.
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Figure 2.4: Sensitivity of Quadrature measurements with respect to halfspace conductivity for the different

loop-loop configurations.
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Figure 2.5: Sensitivity of In-Phase measurements with respect to halfspace conductivity for the different loop-

loop configurations.
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Figure 2.6: Results of estimation of electrical conductivity models for the upper conductive case. The RMSE of

the estimation with respect to the true model is shown on the left of each subfigure. The red dotted line shows

the thickness of the first layer of the true model.

The first numerical example has an upper resistive layer (σ1 = 5 mS/m, σ2 = 25

mS/m). The results of the estimations with the 4 lookup tables are shown in Figure 2.6.

From the results, it is clear that using either only Q or P measurements in a lookup table

approach is sufficient to estimate the model with an RMSE < 10 mS/m. Combining both

measurements in a lookup table search further improves the accuracy. The estimation

using the DLIN lookup table is not as accurate in both the electrical conductivity values

and the thickness of the first layer. The data simulated using Equation 2.2 of the esti-

mated models are shown in Figures 2.8 and 2.9, where the DLIN results deviate from the

true data, suggesting that the electrical conductivity values of the model do not comply

with the LIN conditions. In the data RMSE plots, it is also noticeable that the in-phase

measurements are fluctuating in the smallest offsets, perhaps due to the low sensitivity

to conductivity in this geometry, as it is observed in 2.5.

For the upper conductive case (σ1 = 25 mS/m, σ2 = 5 mS/m) shown in Figure 2.7, the

estimation results are similar to the previous case. The DLIN lookup table produces the

worst fit to the true model. Moreover, the DSA-Q and DSA-P lookup table search results

produce estimations with RMSE < 10 mS/m. These results also suggest that the P part

of the response is sensitive to the electrical conductivity distribution of the subsurface,

even with the low conductivity values of the models tested. In both numerical examples,
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Figure 2.7: Results of estimation of electrical conductivity models for the upper conductive case.
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Figure 2.8: Upper resistive case. Comparison of the data of the estimated electrical conductivity models with

respect to the true data for every loop-loop configuration. In the first, third and fifth columns are the measure-

ments for each position of the model. In the second, fourth and sixth columns, the RMSE of the measurements

is plotted.
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Figure 2.9: Upper conductive case. Comparison of the data of the estimated electrical conductivity models

with respect to the true data for every loop-loop configuration.

as the loop-loop offset increases, the data from the DLIN estimated model deviates from

the true data. This also indicates the breakdown of the LIN conditions.

2.4. CASE STUDY: ACKERDIJKSE PLASSEN

We apply the methodology for FDEM data acquired in the natural monument Ackerdi-

jkse Plassen, The Netherlands (see Figure 2.10). A total of 37 measurement lines were

acquired with an instrument configuration as described in Figure 2.1. The lines were ac-

quired in a southwest - northeast direction as shown in the Figure 2.10. For offsets up to

4m, the P values are considered less accurate according to the manufacturer of the FDEM

instrument (Taylor, 2023), therefore, these values were not included in the methodology.

The global search is performed using the DSA-Q, DSA-P, DSA and DLIN lookup tables sep-

arately. The estimated electrical conductivity models for Lines 1, 2 and 3 are shown in

Figures 2.11, 2.12, and 2.13, respectively. The location of these lines are shown in Figure

2.10. In Figures 2.14, 2.15 and 2.16 the data fit between the acquired measurements and

data simulated for the estimated models is shown.

In the electrical conductivity estimation results (see Figures 2.11, 2.12 and 2.13), us-

ing separate lookup tables provides quite different estimations. The results of DSA-Q,

DSA-P and DSA show an upper resistive layer above a conductive layer. However, the

depth and conductivity of these layers is not consistent. On the other hand, in the DLIN

case, the estimation shows a lower resistive body, similarly to DSA-Q.
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Figure 2.10: Study Area: Ackerdijkse Plassen, The Netherlands. The cross-sections L1, L2 and L3 are high-

lighted.

The data fit of the model estimations illustrates clear differences (see Figures 2.14,

2.15, 2.16). The acquired measurements are better described overall by the estimation

obtained using DSA. When simulating the measurements using the LIN forward function

(Equation 2.4), it seems that the model corresponding to DLIN describes well the field

measurements. However, when simulating SA data for the DLIN estimation, as shown in

the figure as SA-LIN data, it is clear that this model does not accurately describe the field

measurements.

Additionally, we can see in the data fit illustrations that, although the DSA-Q, DSA-P

data fit is good, the estimations differ from the DSA. This suggests that using either SA-

Q or SA-P separately extracts only a part of the full information of the measurements,

and therefore provides an incomplete and probably inaccurate estimation of the sub-

surface. Moreover, there could be 3D effects in the field data that are not accounted for

in Equations 2.2 and 2.3. It is also important to consider that the electrical conductivities

measured in the field showed values of σa where the LIN conditions are not satisfied for

the HCP 8m coil configuration.

Generating and storing the lookup table for the examples shown took only minutes.

Afterward, finding the best-fitting data for one position in the lookup table can be ac-

complished in just 7.68 milliseconds. In our numerical example, we estimated the elec-

trical conductivity model using a dataset with 20 horizontal distance positions, which

only took 70.78 milliseconds. For the field example, we utilized only the HCP and VCP

coil geometries in the data measurements. Estimating the 50 positions presented in this

case only took 118.90 milliseconds. Our computations were performed using an Intel(R)

Core(TM) i7-8665U CPU with 8 cores.

2.5. CONCLUSIONS

We used a semi-analytical modeler to simulate the exact response of frequency-domain

electromagnetic induction measurements in a layered earth and obtain a lookup table

to be used in a global search workflow. After computing the lookup table to find the best

fitting measurement for one position can be done in milliseconds. This method yields a
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Figure 2.12: Estimated electrical conductivity models for Line 2.
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Figure 2.13: Estimated electrical conductivity models for Line 3.
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Figure 2.14: Data fit of field measurements and simulated measurements for each estimated model for Line 1.

The SA, SA-Q, SA-P and SA-LIN were calculated using Equation 2.2. The LIN measurements were calculated

using Equation 2.4. LIN-SA shows the poorest accuracy.
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Figure 2.15: Data fit of field measurements and simulated measurements for each estimated model for Line 2.
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fast estimation for horizontal two-layered models of the subsurface, which can be easily

applied in field datasets. Furthermore, the application of the semi-analytical approach

to the numerical example reproduced the electrical conductivity model accurately. We

compared the results of using the semi-analytical simulated measurements with respect

to using low induction number approximation functions to generate the lookup table.

The global search methodology using the low induction number approximation lookup

table provided a poor estimation in the case of two-layered models, even when the low

induction number conditions are satisfied.

Moreover, this chapter illustrates the sensitivity of the quadrature and in-phase com-

ponents of the frequency-domain electromagnetic induction measurements separately.

Estimates with numerical and field case examples showed how both components con-

tain information about the electrical conductivity of the subsurface. This stresses the

importance of using both parts of the complex measurement in the estimation of elec-

trical conductivity earth properties.

DATA AVAILABILITY

The codes and data used in this chapter is available via 4TU.ResearchData: (Link).
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3
ESTIMATION OF ELECTRICAL

CONDUCTIVITY MODELS

In summary, there are no small problems.

Problems that appear small are large problems that are not understood.

Santiago Ramón y Cajal

Electromagnetic induction measurements from multi-loop configuration instruments are

used to obtain information about the electrical conductivity distribution in the subsur-

face. The resulting inverse problem might not have a unique and stable solution. In that

case, a local inversion method can be trapped in a local minimum and lead to an incor-

rect solution. In this study, we evaluate the well-posedness of the inverse problem for two

and three-layered electrical conductivity models. We show that for a two-layered model,

uniqueness is ensured only when both in-phase and quadrature data are available from

the measurements. Results from a Gauss-Newton inversion and a lookup table demon-

strate that the solution space is convex. Furthermore, we demonstrate that for even a

simple three-layered model, the data contained in such measurements are insufficient to

reach a correct or stable solution. For models with more than 2 layers, independent prior

information is necessary to solve the inverse problem. The insights from the numerical

examples are applied in a field case.

3.1. INTRODUCTION

Near-surface geophysical technologies are increasingly being used to estimate the elec-

trical conductivity of the subsurface as a way to better understand soil and groundwater

This chapter was published as M. Carrizo Mascarell, D. Werthmüller, and E. Slob, Estimation of electrical con-

ductivity models using multi-coil rigid-boom electromagnetic induction measurements, Computers and Geo-

sciences 2024, 105732 (193). Minor modifications have been applied to the text and figures for thesis consis-

tency
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properties. A commonly used geophysical technique for this purpose is the electromag-

netic induction method with FDEM instruments. The FDEM method can be used for

a wide range of environmental and hydrogeophysical applications such as soil charac-

terization (Moghadas and Christiansen, 2020), locating contaminants (de Oliveira et al.,

2020), evaluation of shallow aquifers (Kiflai and Whitman, 2023), and detection of buried

objects (Thiesson et al., 2018).

The non-destructive and cost-effective advantages of frequency-domain electromag-

netic induction (FDEM) instruments make them valuable for characterizing shallow sub-

surface properties. FDEM instruments enable rapid data collection across extensive

areas, facilitating quick acquisition of information. Consequently, there is a need to

promptly transform these data into a model interpretation of the subsurface. The abil-

ity to generate near real-time accurate estimations of subsurface electrical conductivity

would turn the collected measurements into an effective decision-making tool.

However, this is not a trivial task. The relationship between the electrical conductiv-

ity of the subsurface and the measurements obtained by the FDEM instrument is non-

linear. For this reason, the inverse problem is usually solved either by making a linear

approximation of the solution, which is not feasible for situations with large induction

number (Beamish, 2011; Delrue et al., 2020), or iteratively as an optimization problem.

Some examples of the optimization approach to obtain layered electrical conductivity

models are given by Monteiro Santos et al. (2011), Deleersnyder et al. (2020) and Klose

et al. (2022). This inverse scheme requires computing time to perform the forward func-

tion iteratively, which might not be practical for near real-time estimation. Moreover, the

inverse problem is non-unique, due to the inherent nonlinearity of the governing phys-

ical laws. This factor makes the outcome of the inversion by iterative forward modeling

strongly depend on the chosen initial model.

In the following study, we present in Section 3.2 in detail how we compute the FDEM

instrument responses using the method described by Ward and Hohmann (1987) for

magnetic dipoles over a horizontally, n-layered halfspace. In Section 3.3 we describe two

estimation algorithms: the global search method using a lookup table and the Gauss-

Newton inversion. In Section 3.4 we evaluate both methods using numerical exercises

for 2-layered and 3-layered earth models, with different electrical conductivity distribu-

tions. We investigate the uniqueness of the solution when in-phase and/or quadrature

components of the measurements are available. We also analyze the stability of the so-

lutions for noise presence in the data. From the results of these exercises, we discuss

the limitations of the measurements and the methods to obtain a unique solution for

3-layered earth models. Finally, we show the usefulness of the measurements in a field

data case, assuming a 2-layered earth.

3.2. BACKGROUND

The FDEM instrument consists of two components: a transmitter coil Tx and a receiver

coil Rx , where the subscript x denotes the measurement position on the x-axis. The

system uses as a source an alternating current flowing in the transmitter coil to create

a primary magnetic field H
p, where the magnetic dipole is perpendicular to the trans-

mitter coil plane of Tx . This time-varying flux produces an electromotive force, inducing

eddy currents in the conductive materials of the subsurface, which generate a secondary
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magnetic field H
s. The time-varying fluxes of the magnetic fields H

p and H
s pass through

the receiver coil, inducing a voltage that can be measured by the instrument. Since the

primary field H
p is known, FDEM instruments can provide the mutual impedance ratio

between H
s and H

p, which contains information about the subsurface conductivity.

The solutions of the mutual impedance ratio for diffusive electromagnetic fields for

loop-loop configurations over a horizontally layered medium are given by Wait (1982)

for the horizontal coplanar (HCP), vertical coplanar (VCP), and perpendicular (PRP) coil

orientations as in Equation 2.2.

Ward and Hohmann (1987) proposes that for FDEM sensors, where the distance be-

tween the transmitter and receiver coils is at least five times larger than the radius of the

coils, the coils are considered magnetic dipoles. Moreover, in Equation 4.19 on page 205

of Ward and Hohmann (1987), we find that R0 can be calculated recursively, beginning

with Rn+1 = 0 and

Rn =

Γn−Γn+1

Γn+Γn+1
+Rn+1e

−2Γn+1hn+1

1+
Γn−Γn+1

Γn+Γn+1
Rn+1e−2Γn+1hn+1

, (3.1)

where Γn =

√

λ2
+γ2

n , the vertical wavenumber is defined as γn =

√

ωµ0(iσn −ωϵ0), ω

is the angular frequency, µ0 is the magnetic permeability of free space, ϵ0 is the vacuum

permittivity, h is the layer thickness, λ is the radial component of the wavenumber, and

σn is the electrical conductivity of the n-th layer. For a diffusive field approximation

Γ0 =λ. The ground surface is at z = 0, and the z-axis points into the ground.

3.3. METHODOLOGY

DATA GENERATION

Considering an earth model with 2 layers, with first layer thickness h1, we end up with

the following equations to solve the reflection coefficient described by Ward and Hohmann

(1987):

R2 = 0, (3.2a)

R1 =
Γ1 −Γ2

Γ1 +Γ2
, (3.2b)

R0 =

λ−Γ1

λ+Γ1
+R1e

−2Γ1h1

1+
λ−Γ1

λ+Γ1
R1e−2Γ1h1

. (3.2c)

It is possible to obtain the ratios between primary and secondary magnetic fields for

each coil geometry using Equation 2.2 and solving the Hankel transform using a digital

filter (Werthmüller et al., 2019). This forward operator is fast and easy to compute, gen-

erating quickly a large range of possible 1D earth models and storing them in a lookup

table.

We assume the model parameters to be m = [σ1,σ2,h1], where σ1,σ2 are the electri-

cal conductivities of the two layers, h1 is the thickness of the first layer, the second layer

is the rest of the halfspace. We use Equations 3.2a - 3.2c to calculate the response R0 and

subsequently compute the ratios ZHCP, ZVCP and ZPRP using Equation 2.2 for an FDEM
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Table 3.1: Lookup tables variables

Lookup table D2-layers Lookup table D3-layers

Model parameters m h1, σ1, σ2 h1, h2, σ1, σ2, σ3

Number of model parameters M 3 5

Number of layers 2 3

σ range 10 - 2000 mS/m 10 - 2000 mS/m

h range 0.1 - 7 m 0.15 - 5 m

Number of samples N 121 51

Number of models simulated N M 1,771,561 345,025,251

system shown in Figure 2.1. Each ratio is a complex number where the real part is called

in-phase or P, and the imaginary part is called quadrature or Q. For each model, we

compute the data d = [QHCP,QVCP,QPRP,PHCP,PVCP,PPRP] for the combination of three

different offsets, obtaining 18 data values. We then simulate the data measurements for

a large range of possible electrical conductivities sampled on a logarithmic scale and

possible thicknesses. Finally, the corresponding synthetic data are stored in the lookup

table D2-layers (see Table 3.1).

We proceed in the same manner, for an earth model with 3 layers, where the model

parameters are given by m = [σ1,σ2,σ3,h1,h2], with σ1,σ2,σ3 being the electrical con-

ductivities of the 3 layers, and h1,h2 being the thicknesses of the first layer and second

layer (See table 3.1, D3−l ayer s ), the third layer is the rest of the halfspace.

GLOBAL SEARCH (GS)
After storing the pre-computed solutions in a lookup table, we perform a global search

for the data acquired in each position. This search minimizes the misfit between the

acquired data dtrue and the data di stored in the lookup table D. The minimum misfit

yields the index of the corresponding best estimate for the electrical conductivity model,

mi = ∥dtrue −di∥
2 (3.3)

GAUSS-NEWTON INVERSION (GN)
The gradient-based optimization scheme uses the Gauss-Newton method to solve non-

linear least square problems (Nocedal and Wright, 1999) to minimize the following ob-

jective function:

Φm = ∥Cd (F (m)−d)∥2
2 +α∥Cm(m−m0)∥2

2, (3.4)

where F (m) is the forward operator, Cd and Cm are the data weighting and model con-

straint weighting matrices, m0 is the initial model, and α is a regularization term. The

Gauss-Newton scheme to minimize this equation updates the model ∆mk in the k th it-

eration as follows:

(JT CT
d Cd J+αCT

m Cm)∆mk
= JT CT

d Cd (∆dk )−αCT
m Cm(mk

−m0), (3.5)

where J = ∂F (m)
∂m

, ∆dk = d−F (mk ). The model vector m is updated iteratively following:

mk+1
= mk

+τ
k
∆mk , (3.6)
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using a linear search parameter, τ, the superscript k indicates the iteration number. The

linear search parameter τ is obtained by linear interpolation between the old and new

model responses. This is solved using a conjugate-gradient least squares solver (Günther

et al., 2006), implemented in the pyGIMLi package (Rücker et al., 2017).

Model performance was assessed using two commonly employed error measures:

the root mean squared error (RMSE) to quantify the absolute deviation between pre-

dictions and reference values, and the normalized root mean squared error (NRMSE) to

provide a scale-independent comparison:

RMSE =

√

1

n

n
∑

i=1

(yi − ŷi )2, (3.7)

NRMSE =

RMSE

ymax − ymin
, (3.8)

where yi represents the true/observed values, ŷi represents the predicted/estimated val-

ues, n the number of samples, ymax and ymi n denote the maximum and minimum val-

ues of the true values.

3.4. RESULTS AND DISCUSSION

We start by presenting the estimation of electrical conductivity models on several syn-

thetic datasets of 1D FDEM measurements, where each measurement is at an x position,

generating a 1D solution and combined to create a stitched 2D section. We generated

the estimations using the GS and GN methods. These synthetic datasets were generated

using the forward operator discussed in Section 3.2 (Equations 2.2). In the following

analysis, we investigate for the 2-layered earth whether P and Q data are needed to find

the correct estimations or if having only Q or P data is sufficient. Furthermore, we inves-

tigate whether the solution space is convex and contains a unique minimum. We apply

this analysis to a 3-layered earth as well.

2-LAYERED EARTH

The estimation methods presented in Section 3.3 are used for predicting electrical con-

ductivity models in eight numerical cases with different electrical conductivity contrasts

(see Table 3.2). Each case uses twenty 1D synthetic earth models with the same conduc-

tivity values for both layers but with increasing thicknesses of the first layer, from 3.25 m

to 5.15 m. These are noise-free tests. We present two main cases: A1) Top resistive layer,

A2) Top conductive layer. It is important to note that while these models fall within the

simulated ranges of the lookup table, the exact values are not included in it (See the

ranges in Table 3.1). In the global search (GS) workflow, we found for each 1D model

the corresponding model with the best data fit in the lookup table. The obtained models

are compared with estimated models using the Gauss-Newton inversion (GN). For the

GN method, an initial homogeneous model is set with m0 = [3 m,500 mS/m,500 mS/m],

and the regularization parameter is set to α= 0.

The results for cases A1-3 and A2-3 are presented in Figures 3.1 and 3.2. In each case

panel, the true 1D models are in the top row, the GS results are in the left column and the
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Table 3.2: 2-layered earth numerical cases

A1: Top resistive layer A2: Top conductive layer

Subcase Top EC [mS/m] Bottom EC [mS/m] Top EC [mS/m] Bottom EC [mS/m]

1 20 200 200 20

2 20 400 400 20

3 20 800 800 20

4 20 1600 1600 20

Table 3.3: RMSE table: 2-layered models

Data: Q +P Data: Q Data: P

Method Case RMSE

σ

[mS/m]

RMSE

h [m]

RMSE

Q

[ppt]

RMSE

P

[ppt]

RMSE

σ

[mS/m]

RMSE

h [m]

RMSE

Q

[ppt]

RMSE

σ

[mS/m]

RMSE

h [m]

RMSE

P

[ppt]

Global A1-1 0.725 0.34 0.112 0.038 6.087 0.133 0.093 2.534 0.11 0.01

search A1-2 4.213 0.061 0.246 0.161 12.102 0.102 0.094 9.333 0.164 0.022

(GS) A1-3 5.537 0.029 0.252 0.243 12.198 0.027 0.19 7.993 0.054 0.026

A1-4 0.75 0.017 0.251 0.333 0.646 0.017 0.271 4.039 0.018 0.025

A2-1 1.27 0.064 0.108 0.028 3.073 0.121 0.084 1.294 0.066 0.027

A2-2 9.325 0.213 0.539 0.113 40.252 0.353 0.432 10.191 0.236 0.114

A2-3 18.019 0.066 0.944 0.736 43.39 0.216 0.903 8.511 0.115 0.307

A2-4 5.174 0.018 0.121 0.145 4.174 0.018 0.106 5.619 0.018 0.125

Gauss A1-2 0.035 0 0.013 0.003 0.172 0.003 0.004 2.359 0.076 0.005

Newton A1-2 0.016 0 0.005 0.002 0.009 0 0.003 8.781 0.165 0.009

(GN) A1-3 0.014 0 0.004 0.002 0.037 0 0.003 16.612 0.125 0.024

A1-4 0.027 0 0.007 0.003 0.022 0 0.006 88.015 0.257 0.14

A2-1 0.003 0 0.001 0 965.09 3.788 5.582 0.042 0.001 0.004

A2-2 0.181 0 0.022 0.03 657.04 3.603 9.151 1.353 0.032 0.023

A2-3 0.382 0.001 0.018 0.05 51.979 0.264 0.8 1.942 0.019 0.031

A2-4 1.012 0 0.045 0.102 5.301 0.019 0.105 3.648 0.01 0.088

GN results are in the right column. The relative difference of each result is in the third

row, and in the fourth- and fifth rows, the Q and P data fit is shown. The models were

estimated using both P and Q data values. For all A1 cases, the estimated models using

both GS and GN methods show accurate results (see Table 3.3). The GN produces better

results than the GS method because the lookup table was created with discrete steps, in

which the true model is not included, giving only the best available model. However, for

the A2 cases, both the GS and GN method shows a poor estimation of the bottom resis-

tive layer, which worsens with increasing contrast in the electrical conductivity values

and with greater thickness of the top conductive layer. Figures of the estimated results

for all cases are presented in the Supplementary Material (Carrizo Mascarell et al., 2025).

In Figure 3.3 case A1-3 is estimated using the GS and GN methods described using ei-

ther the Q or P component of the measurements only. The estimated models show good

results for both methods. The results of case A1-3 show that when all data is used both

GS and GN result in an accurate estimation of the lower conductive layer. Using only Q

data values produces reasonably good estimates. Interestingly, with Q-data both layers

are well estimated, whereas with the P data, the conductive layer is better estimated.

On the other hand, in Figure 3.4 for case A2-3, both GS and GN methods using Q data

only produce poorer estimations, especially of the lower resistive layer. The estimation

of the electrical conductivity of the resistive layer worsens with increasing contrast (see

Table 3.3). Using P data only also describes better the upper conductive layer.

In both cases, it is clear that the data is more sensitive to the conductive layer than

the resistive one. The results shown in this section indicate that P data is sensitive to
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Figure 3.1: 2-layered earth model estimated using Q and P data. Case A1-3. Top row: true model. Left column:

results using GS (Global search). Right column: results using GN (Gauss-Newton inversion) method. Third

row: relative difference of the electrical conductivity of the estimated models. Fourth and fifth row: fit between

the true and simulated data for the estimated models.
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Figure 3.2: 2-layered earth model estimated using Q and P data. Case A2-3. Top row: true model. Left column:

results using GS (Global search). Right column: results using GN (Gauss-Newton inversion) method. Third

row: relative difference of the electrical conductivity of the estimated models. Fourth and fifth row: fit between

the true and simulated data for the estimated models.
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the conductivity of the model and combined with Q measurements produces better es-

timates in both the GS and GN than using Q data alone. It is clear then, that FDEM data

is sensitive to the conductive layer and that using both Q and P increases the chance to

better estimate the 2-layered model. These results will be further analyzed in section 3.4.

Apart from the instrument depth sensitivity, a thick conductive first layer attenuates

the electromagnetic field more than a resistive first layer, and signal strength is important

for deep targets. This can be seen in Figure 3.4 from the fact that neither method with Q

or P data only cannot predict the conductivity of the lower resistive layer

SOLUTION SPACE ANALYSIS

To analyze the reasons behind the results in the previous section, we sample the solution

space and study different cross-sections for the model in position x = 10 m, presented in

Figures 3.5c and 3.6. In these figures, it is clear that in case A1-3 the GS and GN methods

can find a unique minima. In case A2-3 the GN method is able to find the minima, but

there is also a large area of the solution space that has very low NRMSE values which

could present a problem when there is noise present in the data. This means that in

cases where the subsurface has an upper conductive layer, finding the minima could

depend on the data quality.

In A2 cases using Q data only for the estimations, we obtained poor results in exam-

ples A2-1 and A2-2. In Figure 3.6 we observe that the error space using Q data only has a

saddle shape, which is also the case for cases A2-1 and A2-2 (see Supplementary Material

(Carrizo Mascarell et al., 2025)). For this reason, depending on the initial model chosen

the estimation might follow a path with a direction to a local minima instead of the true

minima. This explains the inaccurate results seen in Figure 3.4.

In Figure 3.6 the solution space cross-sections for case A2-3 using P data only for the

estimations. The cross-sections show that the solution space has a valley shape that al-

lows the GN method to find the convex area where the true minima can be found. For

this reason, we can obtain better estimations of an upper conductive 2-layered earth

model using P data only. This suggests that P data is relevant and should be included in

FDEM estimations. The Q + P cross-sections represent the combination of the overlap-

ping of the Q and P cross-sections

NOISE ANALYSIS

FDEM measurements can be affected due to a low signal-to-noise ratio (Delefortrie et

al., 2014). Therefore, we evaluate the performance of the methods against random noise.

The random noise is created as in the following equation:

d̃ = d(I+Nε) (3.9)

where d̃ is the noisy data, I is the identity matrix, N is a diagonal matrix of random

values with a standard normal distribution of zero mean and unit standard deviation

N = diag(N (0,1)), and ε is the error fraction.

In Figure 3.7 we observe the estimation with GS and GN methods of a 1D model using

data with 10% random noise in 100 instances. For A1 cases the estimation results show

a good estimation of the lower conductive layer and a larger variance in the conductivity

and thickness of the upper resistive layer. The variance of the thickness decreases for
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Figure 3.3: 2-layered models A1-3 estimated using Q component (top row) or P component only (bottom row)
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Figure 3.4: 2-layered models A2-3 estimated using Q component (top row) or P component only (bottom row)
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Figure 3.5: Cross-sections of the solution space for case A1-3. Top panel: using Q + P data. Middle panel: Q

data. Lower panel: P data. In each panel the estimated model is shown in the left column, the cross-section

for fixed σ1 to the estimated value in the middle column, and in the rightmost column the cross-section for a

fixed σ2 equal to the estimated value. In the cross-sections, the true model is indicated with a white dot which

corresponds to the only minima present. The GS and GN methods can find the minima.
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Figure 3.6: ross-sections of the solution space for case A2-3. In the cross-sections, the true model is indicated

with a white dot which corresponds to the minima in a wide area of small NRMSE. The GS estimated model

falls close due to the true model not being contained in the lookup table sampled models, therefore estimating

slightly different models to the true model
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Table 3.4: 3-layered earth cases

B1: Conductive middle layer B2: Resistive middle layer

Subcase Background EC [mS/m] Middle layer EC [mS/m] Background EC [mS/m] Middle layer EC [mS/m]

1 20 200 200 20

2 20 400 400 20

3 20 800 800 20

4 20 1600 1600 20

higher contrast in the electrical conductivity. For A2 cases the estimations cannot accu-

rately describe the lower resistive layer using either the GS or GN method. The results

worsen with increasing contrast in EC between the upper and lower layers. The variance

of the conductivity values for the resistive layer ranges several orders of magnitude in the

worst case (A2-4). This can be explained by looking at Figure 3.6 where a no-noise case

can find the true minima using the GN method, but the solution space shows a wide low

misfit valley where by adding only 10% of noise to the measurements the method finds

very different models that can explain the data within the noise range. This means, that

for an upper-conductive 2-layered earth model even when using both Q and P measure-

ments, the model estimations might not be accurate depending on the noise levels.

A1 and A2 cases estimated with noisy data are shown in the Supplementary Material

(Carrizo Mascarell et al., 2025). The RMSE increases for both estimation approaches

for increasingly noisy data. The resulting 1D model estimations are worse for the case

of the upper conductive layer (A2). The GS and the GN approach focus on solving the

conductive part of the models.

3-LAYERED EARTH

We analyze a more complex inverse problem by increasing the number of model pa-

rameters to a 3-layered model and studying whether the inversion methods can reach

a unique solution. We show the results of the estimations for the GS and GN methods

using twenty 3-layered 1D earth models in a stitched 2D section. The estimations were

carried out using both Q and P components in the measurements. We present eight

cases: B1) Four conductive middle-layer cases in a resistive background. B2) Four resis-

tive middle-layer cases in a conductive background. For all examples, the middle layer

thickness increases from 1.5 m to 3.5 m (see Table 3.4). As in the previous case, while

these models fall within the simulated ranges of the lookup table, the exact values are

not included in it. For the Gauss-Newton inversion, an initial homogeneous model is set

with m0 = [3 m,3 m,100 mS/m,100 mS/m,100 mS/m], and the regularization parameter

α= 0.

The results for the conductive middle layer case B1-3 and the resistive middle layer

case B2-3 are presented in Figures 3.8 and 3.9. The RMSE values for all the cases are

indicated in Table 3.5. All estimated models are shown in the Supplementary Material

(Carrizo Mascarell et al., 2025). The GS and GN methods’ performance differs in B1-3

and B2-3 cases. In case B1-3, the GS method can properly estimate the thickness and

conductivity of the first and second layers. The estimation of the third layer, however, is

the least accurate. On the other hand, the GN model predictions are quite poor.

For the B2-3 case, neither the GS nor the GN could predict the true models with suf-
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Figure 3.7: Results for the GS and GN method results using the data measurements for a 1D model with added

10 % random noise in 100 instances. The estimated models are presented in pale turquoise lines. The true

and no-noise estimated models are presented in black and red lines, respectively. In A1 cases the results show

a wider variance in the estimation of the top resistive layer. For A2 cases (top conductive) the results show

that the bottom resistive layer varies widely. This suggests that the estimation problem in these cases is quite

unstable due to noise presence in the data.
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Table 3.5: RMSE table: 3-layered models

Data: Q +P

Method Case RMSE σ [mS/m] RMSE h [m] RMSE Q [ppt] RMSE P [ppt]

Global search (GS) B1-1 10.314 0.309 0.114 0.016

B1-2 15.765 0.284 0.165 0.038

B1-3 15.546 0.104 0.143 0.061

B1-4 39.095 0.138 0.223 0.138

B2-1 11.447 0.573 0.287 0.041

B2-2 82.463 1.862 0.239 0.068

B2-3 249.355 1.078 1.207 0.652

B2-4 323.55 1.167 0.51 0.284

Gauss-Newton (GN) B1-1 1.422 0.0488 0.01 0.003

B1-2 10.197 0.069 0.04 0.027

B1-3 275.136 1.285 28.048 10.953

B1-4 916.156 1.316 27.269 15.034

B2-1 21.324 0.677 0.034 0.011

B2-2 15.013 0.134 0.038 0.01

B2-3 479.202 0.793 39.046 29.249

B2-4 666.667 1.585 145.819 68.717

ficient accuracy. Both the GS and GN could predict the conductivity of the first layer,

and the thickness of the first layer for some positions. However, the resistive body is not

well determined in conductivity or thickness. These results will be better explained in

the following sections.

INITIAL MODEL m0

Using the GN estimation method, we must choose an initial model m0 to initialize the

minimization of Equation 3.4. Depending on the shape of the error space, the choice

of m0 might affect the resulting estimation, as was shown in Figure 3.6 for the A2 case

using Q data only. In Figure 3.10 we show the estimated models for the position x =

10 m in case B1-3 using different initial models m0. From these results, it is clear that

the estimated models differ greatly depending on the initial model. This indicates that

estimating a 1D 3-layered model using Q and P measurements might not be feasible.

SOLUTION SPACE ANALYSIS

When increasing the number of layers from 2 to 3 we find that both the GS and GN

schemes have trouble estimating the 1D models. To explain this better, let us focus on

Figure 3.11 where we study the 1D model in position x = 10 m of the 3-layered case B1-

3. In the figure, the left panel contains the true and estimated 1D model, and the right

panel shows a 3D cloud of points of the solution space (corresponding to the solutions

computed in the lookup table). In the solution space cloud, the low NRMSE values cor-

respond to a large volume, with models from wide ranges of different thicknesses and

electrical conductivities. The path taken by the GN method shows that the minimiza-

tion is trapped in a local minimum far from the true solution. From this analysis above,

there are two main insights: First, different 3-layered earth models can explain the mea-

surements within a small error range, translating into an unstable solution. Second, de-

pending on the initial model the path taken by the GN method might differ and thus,

result in very different estimations of the earth models.
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Figure 3.8: 3-layered earth: Models estimated using Q and P data. Top row: true model. Left column: results

using GS. Right column: results using GN. Third row: relative difference of the estimated models. Fourth and

fifth row: fit between the true and simulated data.
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Figure 3.9: 3-layered earth: Models estimated using Q and P data. Top row: true model. Left column: results

using GS. Right column: results using GN. Third row: relative difference of the estimated models. Fourth and

fifth row: fit between the true and simulated data.



3.4. RESULTS AND DISCUSSION

3

61

10−2 10−1 100

σ [mS/m]

−12

−10

−8

−6

−4

−2

0

De
p 

h 
[m

]

Case B1-3
m0 :100 mS/m, nrmse: 0.55
m0 :200 mS/m, nrmse: 0.12
m0 :300 mS/m, nrmse: 0.33
m0 :400 mS/m, nrmse: 0.59
m0 :500 mS/m, nrmse: 0.24
m0 :600 mS/m, nrmse: 0.25
m0 :700 mS/m, nrmse: 0.18
m0 :800 mS/m, nrmse: 0.15
m0 :900 mS/m, nrmse: 0.39
m0 :1000 mS/m, nrmse: 0.19
True

Figure 3.10: Estimation of a 1D 3-layered earth models in case B1-3 using GN method with different m0

101 102 103

σ [mS/m]

−10

−8

−6

−4

−2

0

De
pt

h 
[m

]

1D Model X=10m - Case: B1-3
True
GS
GN
Initial

1.8
2.0

2.2
2.4

2.6
2.8

3.0
3.2

3.4 log
10
(σ 2

) [m
S/m

]
1.52.02.53.03.54.04.55.0

5.5

h
1  [m]

1

2

3

4

5

h
2  [m

]

B1-3
GS
True
GN
Initial

5

10

15

20

25

NRMSE %

Figure 3.11: In the left panel, the true and estimated 3-layered 1D models for cases B1-3 are shown. In the right

panel, the solution space cloud points corresponding to the position x = 10 m in case B1-3 is shown. The true

model in the 3D plot is a black dot, and the GS estimated model is a red dot. The initial model for GN is a green

dot, the path of the model updates is a dotted black line, and the final GN estimated model is a yellow dot.



3

62 3. ESTIMATION OF ELECTRICAL CONDUCTIVITY MODELS

Table 3.6: Computing parameters of the GS method for increasing n number of layers using 8 processors

n number

of layers

Parameters Samples

per pa-

rameter

Number of

pre-computed

measurements

Time to

compute

measure-

ments

Memory re-

sources

Time to esti-

mate 1 model

2 3 121 1,771,561 57 seconds 230 Megabytes 0.24 seconds

3 5 51 345,025,251 3.08 hours 45 Gigabytes 48 seconds

LIMITATIONS OF THE METHODS

The GN method is usually applied to estimate earth models with this type of electro-

magnetic measurement. However, as we have seen in the previous results, in a 2-layered

earth for the configuration of the instrument described, it is necessary to use both Q and

P measurements, which are not available in some instruments already existent in the

industry. Additionally, for a 3-layered case, even with the Q and P components available,

the success while using this method depends highly on the initial model chosen. More-

over, many possible models that differ greatly from each other explain the data within

a 5% NRMSE of the measurements, which makes the solution to this inversion problem

quite unstable.

On the other side, the GS method for a 2-layered earth can determine an acceptable

estimate, depending on how many models are pre-computed and whether the ranges of

the variables contain the true earth model. However, for a 3-layered earth, the GS is only

moderately successful for a middle conductive layered earth. Due to memory limitations

(see Table 3.6), the variable sampling ranges of the pre-computed models are coarser for

a 3-layered case, which translates to less accurate estimations. In the middle resistive

case, the estimations worsen, due to the low sensitivity of the instrument to resistive

bodies under a conductive layer.

In the following section, we analyse the benefit of using the GS method as a previous

step of the GN method to increase the chance of success in estimating 3-layered earth

models.

GLOBAL SEARCH + GAUSS-NEWTON

The previous results showed that for a 3-layered earth, the GN method is limited by the

initial model. If there is no previous knowledge of the subsurface, the GN method esti-

mation could be very far from the true subsurface. We study if for such a case using the

GS method to obtain an initial estimate could be beneficial. The method begins by do-

ing a global search in the pre-computed solutions present in the lookup table obtaining

a 1D estimated model. Afterward, this estimated model can be used as the initial model

m0 in the Gauss-Newton inversion, providing a better opportunity for the minimization

to reach the appropriate minima in the error space. In Figure 3.12 the results of the two

previous estimation methodologies and the new combination of GS and GN for the 3-

layered earth numerical examples are shown. In both cases B1-3 and B2-3, we can see

that for some 1D models, there is a slight improvement in the detection of the middle

layer and the RMSE decreases. For the resistive middle layer cases (B2-3), there is an

improvement, however, the estimates still differ from the true models. This brings out

the point that the GN method is still in some cases unable to find the true solution for

3-layered cases. Moreover, the GS method also cannot always find the proper solution
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Figure 3.12: Global search + Gauss Newton results. Top row: B1-3 case (middle conductive layer). Bottom row:

B2-3 case (middle resistive layer). The GS method estimates are in the left column, the GN estimates in the

middle column and the combined algorithm results in the right column.

due to several models satisfying a certain data misfit criterion, then the GN method can-

not be expected to improve the estimation further. This further suggests that such data

cannot be used for 3-layered model estimation without prior information.

FIELD DATA CASE

We use an electromagnetic induction dataset acquired in Ackerdijkse Plassen, The Nether-

lands (see Figure 2.10) containing 1850 measurements. The dataset is pre-processed re-

moving noisy spikes. Following the instrument developer’s recommendations, we do

not use the P measurements for offsets under 4 meters in the estimations (Taylor, 2023).

We use only the HCP and VCP loop-loop configurations. We assume the area to have a

2-layered shallow subsurface (up to 10 meters depth) based on lithology samples taken

from nearby boreholes.

We carry out 2-layered 1D model estimations from the field measurements using the

two approaches: global search (GS) and Gauss-Newton (GN) inversion. In Figure 3.13

three cross-sections from each estimation methodology are shown. In the first column

are the results from the GS method, and in the second column are the results from the GN

approach. These cross-sections show that the area holds a top resistive layer with values

around 60 mS/m, with a maximum thickness of 6 meters, and a bottom conductive layer

with values around 120 mS/m. Both methods show similar results. There are differences

in the thickness of the first layer in a topographic low where a water stream is present in

the field. This is better observed in the maps in Figure 3.14 where the estimated model

parameters are shown in the area.

From Figure 3.14 we can see that the distribution of the electrical conductivity and

thicknesses generally does not show great changes in the different methods. The top
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Figure 3.13: Cross-sections of estimated models. The estimations show a top resistive layer above a conductive

layer. The top layer increases in conductivity around the stream feature present in the satellite image

layer resistivity shows higher conductivity values above the stream feature. The thick-

ness maps show a thickness increase above the stream feature. The misfit RMSE be-

tween true and simulated data for all measurements acquired is 2.29 ppt and 1.79 ppt

for the GS and GN methods, respectively. We can see a slight improvement using the

Gauss-Newton inversion methodology, however, the difference is marginal. Therefore,

we can deduce that for this 2-layered field case, either method can be used and will reach

a satisfactory outcome.

3.5. CONCLUSIONS

In this study, we evaluate the well-posedness of the inverse problem in estimating two-

layered and three-layered 1D earth models using multi-coil single-frequency rigid-boom

electromagnetic induction measurements. This analysis is carried out using a global

search through lookup tables and a Gauss-Newton inversion scheme.

We showed that for a two-layered model, a Gauss-Newton approach is sufficient to

find the minimum misfit and estimate the model only when using both quadrature and

in-phase data components. Adding the in-phase part to the quadrature part of the mea-

surements increases the amount of information about the subsurface and produces a

convex solution space for two-layered earth models. Hence, the inverse problem is well-

posed in this case. Moreover, we show the solution is quite stable under the influence of
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Figure 3.14: Maps of estimated models. Left column: Thickness of first layer (h1). Middle column: electrical

conductivity of first layer (σ1). Right column: Electrical conductivity of the second layer (σ2).

noise, except when the upper layer is more conductive than the lower halfspace.

On the other hand, already for a three-layered noise-free numerical model, the Gauss-

Newton method is not able to find the correct model, except when the initial estimate is

close to the correct model. This is due to the shape of the solution space, which is rather

flat close to the true minimum, and it has multiple local minima where the optimiza-

tion might get trapped. This suggests that the problem is ill-posed for a three-layered

earth due to the solution’s non-uniqueness. The global search method might provide

better estimations given a sufficient sampling of the pre-computed models in the mid-

dle conductive layered earth. Nonetheless, neither method can describe the subsurface

precisely for a middle resistive layered earth.

Additionally, we tested an alternative inversion scheme that combines a global search

to get an initial estimate before the Gauss-Newton inversion to improve the model es-

timate through a local search. The scheme was applied to synthetic cases, where the

middle resistive layered cases showed little improvement. For finite precision data, the

global search cannot improve in reaching the true model because a local minimum can

have the same or smaller misfit value than the true solution. This emphasizes the point

that the data available for the instrument configuration used in this study are insuffi-

cient to uniquely and precisely determine a three-layered 1D earth model without prior

knowledge of the subsurface.

Finally, the application of both inversion approaches to field data produced consis-

tent results. As predicted by the numerical experiments, the two-layered case yields a

unique and stable solution.
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DATA AVAILABILITY

The codes and data used in this chapter is available via 4TU.ResearchData (Link).
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4
IMPACT OF 3D DISTRIBUTION OF

ELECTRICAL CONDUCTIVITY

An experiment is a question which science poses to Nature

and a measurement is the recording of Nature’s answer.

Michael Faraday

Subsurface electrical conductivity models estimated from FDEM measurements are often

derived using computationally efficient one-dimensional piecewise inversion (PWI) ap-

proaches. However, PWI does not account for lateral conductivity variations or the mea-

surement overlap between adjacent soundings, which can limit model estimation accu-

racy. Laterally constrained inversion (LCI) introduces smoothness constraints to reduce

lateral variability between neighboring models, potentially improving continuity. In this

study, both PWI and LCI use a 1D forward function, assuming a horizontally layered earth,

and a horizontally laying rigid boom instrument, to perform the estimations. This study

presents a detailed analysis of how various 2.5D and 3D conductivity distributions, in-

cluding topographic variations and instrument pitch angle, affect FDEM measurements.

We examine how these measurement distortions propagate into PWI and LCI inversion re-

sults. Under ideal conditions, such as flat terrain, no instrument tilt, and simple two-layer

models, both methods recover accurate conductivity structures, with LCI offering little ad-

vantage in accuracy. When topography is introduced, however, distortions occur even at

slopes as small as 2◦, and both methods show degraded performance, particularly in 3D

scenarios. In the field example, LCI produces smoother and more stable results than PWI

in the presence of noise, but its assumption of lateral smoothness can be restrictive in ge-

ologically complex settings. Our findings demonstrate that both inversion strategies are

sensitive to topographic and 3D effects, and that error propagation has a significant influ-

ence on inversion reliability. These results highlight the need for improved methodologies

capable of handling realistic acquisition conditions and measurement uncertainties in

FDEM surveys.
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4.1. INTRODUCTION

Ground-based frequency domain electromagnetic (FDEM) induction soundings with

loop-loop configurations are commonly used for mapping electric conductivity inside

the subsurface. Electrical conductivity models estimated with this geophysical mea-

surement are used in various applications, such as geologic mapping, mining, water

exploration, precision farming, and archeology. Single-frequency, multi-configuration

sensors can simultaneously measure different volumes of subsurface investigation. The

resulting measurements are commonly used to image the subsurface through data in-

version.

It has been suggested with numerical examples that for a 2-layered horizontal sub-

surface, the inversion problem is unique for a specific instrument configuration (see

Chapter 3). This allows for the estimation of electrical conductivity models from loop-

loop configuration FDEM measurements using a 1D piecewise layered medium approach,

as they are computationally easy to solve (Heagy et al., 2017, Kiyan et al., 2022, McLach-

lan et al., 2021). However, FDEM measurements are influenced by a volume of the sub-

surface that contains lateral and vertical variations in three dimensions. This might

present a limitation for an accurate representation of the true distribution of the elec-

trical conductivity of the subsurface. Moreover, the piecewise 1D approach presents a

lack of continuity between adjacent soundings when, in reality, there is an overlap of the

subsurface volumes that are influencing the measurements.

A way to tackle the lack of continuity between 1D estimations is to introduce prior

information through smoothness constraints, to limit the variability between the param-

eter values characterizing the adjacent 1D models (Constable et al., 1987). This inversion

method is called Laterally Constrained Inversion (LCI), see, e.g., Auken and Christiansen

(2004). Some examples of FDEM data are shown in Monteiro Santos (2004), Christiansen

et al. (2016) and Klose et al. (2022).

Previous studies have mentioned the limitations of the PWI and LCI methods in re-

producing 2D and 3D structures, since they rely on 1D forward modelling (Ley-Cooper

et al., 2010, Silic et al., 2015). Several corrective approaches have been proposed to ad-

dress these issues (Bai et al., 2021, Deleersnyder et al., 2022). Moreover, full 3D inversion

of electromagnetic measurements has also been subject to research in the past decade

(Alumbaugh and Newman, 2000, Oldenburg et al., 2020, Zhang et al., 2021). However, it

requires a significant amount of computational resources that can be prohibitive.

In this study, we investigate how different forms of three-dimensional variability in

subsurface electrical conductivity affect FDEM measurements. Our goal is to deter-

mine to what extent the 1D forward model is sufficient to reproduce measurements in

2.5D/3D earth models. To this end, we demonstrate how the differences in the measure-

ments impact the accuracy of PWI and LCI inversion results in noise-free conditions,

where 1D forward modelling assumptions are considered. To better approximate field

conditions, we simulate dipping interfaces, instrument pitch angle, and realistic topog-

This chapter was published as M. Carrizo Mascarell, D. Werthmüller, and E. Slob, Impact of non-1D Earth on

FDEM measurements and the performance of PWI and LCI Inversions, Journal of Applied Geophysics 2026,

106130 (247). Minor modifications have been applied to the text and figures for thesis consistency.
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raphy, where the instrument follows the slope of the air–subsurface interface. We then

evaluate how these effects influence model estimations in a series of numerical exam-

ples, culminating in a discussion of the results and their implications for field surveys.

4.2. METHODOLOGY

In this section, we describe the methodologies used to invert electrical conductivity

models using FDEM measurements. We compare the results of two inversion method-

ologies: Piecewise 1D Inversion (PWI) and Laterally Constrained Inversion (LCI). Both

inversion methods use 1D horizontally layered forward modelling described in the fol-

lowing section.

FORWARD MODELLING

For the 1D forward modeling, used in the PWI and LCI inversion methods, we assume

a horizontally layered medium and use the wavenumber-frequency formulation given

by Wait (1982). We use a digital linear filter provided by Werthmüller (2017) for the

Hankel transform to the space-frequency domain. We make two key assumptions: (1)

The medium is horizontally layered. (2) The instrument coils are positioned at the same

height (meaning pitch angle zero). These assumptions are presented as Case (a) in Fig-

ure 4.2. Moreover, we used a 3D forward modeling scheme to simulate the data for the

numerical examples in which the 1D assumptions do not hold, in order to realistically

assess the impact of violating these assumptions. The scheme was created with the open

source package emg3d presented in Werthmüller et al. (2019).

PIECEWISE 1D INVERSION (PWI)
In the PWI method, we estimate each sounding location separately (see Figure 4.1).

FDEM measurements are inverted using the Gauss-Newton optimization presented by

Günther et al. (2006) and implemented in the pyGIMLi package (Rücker et al., 2017) as

described in Chapter 3. This inversion uses internally the 1D forward modeling men-

tioned in Section 4.2.

LATERALLY CONSTRAINED INVERSION (LCI)
We carry out the LCI using the method introduced by Auken et al. (2005) and presented

for FDEM measurements on a 2-layered earth, the first layer with thickness h1, and the

second layer being the rest of the halfspace. The LCI produces a simultaneous inversion

of adjacent sounding locations to obtain quasi-layered subsurface models (see Figure

4.1). The basic assumption of the LCI concept is that the lateral constraints are con-

sidered prior information on the spatial variability in the area. Lateral continuity is im-

posed, regularizing the inverse problem by constraining neighboring model parameters.

We implement the previously mentioned Gauss-Newton optimizer, also used for the LCI

method by Thalhammer (2022). This inversion also uses the 1D forward model men-

tioned for PWI.

The objective function is expressed by Auken and Christiansen, 2004 as

Φm = ∥C d(F (m)−d)∥2
2 +α∥RCm(m−m0)∥2

2, (4.1)
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Figure 4.1: Inversion methods: In the PWI method, each sounding position x is estimated separately. In the

LCI method, all of the models are inverted simultaneously using spatial constraints between adjacent models

R. Modified from Auken et al. (2005)

where F (m) is the forward operator, Cd and Cm are the data weighting and model con-

straint weighting matrices, m0 is the initial model, and α is a regularization term. The

roughening matrix R applies the lateral constraints as

Rδm = δr+er, (4.2)

where er represents the error on the constraints, δr the identity between parameters

linked by constraints, and δm = m−m0. The roughening matrix R, defined by Auken and

Christiansen, 2004, is sparse, containing only diagonals of 1 and -1 for the constrained

model parameters (as in Equation 4.3). Each matrix row enforces a constraint between

two model parameters,

R =













1 0 ... 0 −1 0 ... 0 0 0

0 1 0 ... 0 −1 0 ... 0 0
...

...
...

0 0 0 ... 0 1 0 ... 0 −1













. (4.3)

The objective function in Equation 4.1 is minimized also using pyGIMLi in a Gauss-

Newton scheme (Günther et al., 2006). The model update is calculated by

∆m
k
= ([ℜ[J

†
Cd J]+RCm)−1(ℜ[J

T
Cdδd

∗]+αRCmδm), (4.4)

where J =
∂F (m)
∂m

, the superscript † indicates the complex conjugate transpose and the

superscript ∗ indicates complex conjugation. It is clear if we compare equations 3.4 and

4.1 that the PWI method is equivalent to the LCI method in the case where no constraints

are imposed by a roughening matrix R.
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Figure 4.2: Illustration of four possible configurations of instrument geometry with respect to subsurface ge-

ometry. Case (a): Horizontally layered earth, instrument coils at the same height. Case (b): Air-subsurface

interface with respect to the rigid-boom axis is not zero. Case (c): Dipping air-subsurface interface, instru-

ment parallel. Case (d): Dipping second interface, rigid boom axis horizontal.

4.3. ERROR ANALYSIS ON MEASUREMENTS DUE TO 3D EFFECTS

In this section, we present several cases where the assumptions of the 1D forward model

mentioned in Section 4.2 are violated: the subsurface is not horizontally layered, or the

instrument is not positioned at the same height. These cases are shown in Figure 4.2.

CASE (A): HORIZONTAL EARTH MODEL

In this case the earth model is horizontally layered and the instrument lays parallel to

the ground. The instrument coils are all at the same height.

CASE (B): AIR-SUBSURFACE INTERFACE WITH RESPECT TO THE INSTRUMENT

IS NOT ZERO

This case (see Figure 4.2) illustrates when one of the two 1D forward function assump-

tions is violated. Either the instrument coils are at equal height and the air-subsurface

interface is not horizontal. Or the air-subsurface interface is horizontal, but the instru-

ment is at non-zero pitch angle. These cases are equivalent geometrically, representing

an angle of the instrument with the air-subsurface interface. These measurements were

modelled using empymod (from Werthmüller, 2017), modifying the coil heights and dip

angles to retrieve the corresponding measurements. We show in Figure 4.3 the measure-

ments corresponding to the instrument configuration at 8 m offset, for a wide range of

homogeneous half-spaces with increasing degrees of angle between instrument and air-

subsurface interface. In the figure it is clear that the measurements are distorted with
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Figure 4.3: Case (b): Effect on the measurements due to pitch angle for offset 8 m. The first and third columns

show the measurements and the second and fourth columns show the respective differences with a 0◦ pitch.

increasing pitch angle. The quadrature values of VCP and in-phase values of the PRP

geometry are the most affected and differ largely with increasing pitch angle in all off-

sets and electrical conductivities of the halfspace. These results suggest that, if the rigid

boom is positioned horizontally, the dip of the air-surface interface creates distortions

of more than 5% in the measurements with only 2◦ dip. This effect worsens with increas-

ing offset. It is possible that these measurement distortions will negatively impact the

estimation of electrical conductivity models. The results for the remaining offsets are

presented in the Supplementary Material (Carrizo Mascarell et al. (2025)).

CASE (C): DIPPING AIR-SUBSURFACE INTERFACE

In case (c) we show the influence on the FDEM measurements of breakdown of both 1D

forward function assumptions: the air-subsurface interface is not horizontal, and the in-

strument lies parallel to this interface, thus, the instrument coils are not at equal height.

In Figure 4.4 the measurement deformations due to the violation of both assumptions

are plotted for a range of different electrical conductivity halfspaces at 8 m offset. It is

clear that for increasing dip angle the measurement is increasingly distorted. The VCP

quadrature and the VCP anr PRP in-phase components show the largest deviations with

only 2-3◦ of dip, in similar manner to case (b). The results for the remaining offsets are

presented in the Supplementary Material (Carrizo Mascarell et al. (2025)).

CASE (D): DIP OF THE SECOND INTERFACE

In case (d) the subsurface geometry causes the breakdown of the first 1D assumption for

a 2-layered model, since the interface between the first layer and the second layer is not

horizontal. We show the results for eight 2-layered models presented in Table 4.1 with

different electrical conductivity contrasts. The results of the upper conductive cases are

presented in Figure 4.5 and the upper resistive cases are shown in Figure 4.6. Overall, for

the upper conductive and upper resistive cases the measurement distortions are similar
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Figure 4.4: Case (c): Effect of dipping topography for the coils at 8 m offset. The left column shows the mea-

surements. The right columns presents the measurement difference percentage.
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Table 4.1: Electrical conductivity (EC) distribution in 2-layered earth numerical cases

Upper conductive layer Upper resistive layer

Model Top EC [mS/m] Bottom EC [mS/m] Top EC [mS/m] Bottom EC [mS/m]

1 200 20 20 200

2 400 20 20 400

3 800 20 20 800

4 1600 20 20 1600
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Figure 4.5: Case (d): Measurement distortion for a dipping second interface for upper conductive 2-layered

models. Top row: Quadrature measurements. Bottom row: In-Phase measurements.

for different electrical conductivity contrasts. For all the upper conductive cases, the VCP

in-phase measurements are the most affected. However, for the upper resistive cases,

the PRP in-phase measurements are highly distorted (more than 20 % of difference) with

only 2-3◦ of dip in the second interface.

4.4. ROBUSTNESS OF THE INVERSION METHODS

In the previous section, we showed how the FDEM measurements are quite rapidly dis-

torted with the breakdown of the 1D forward function assumptions in the presence of

variations of not-horizontally layered geometry (even with only 2-3◦ of difference), or

due to the instrument pitch. In this section, we will test how these distortions affect the

PWI and LCI results, in noise-free conditions. We present examples for two-layered earth

models, for a horizontally layered earth and this instrument configuration, with all coils

at the same height. It is important to mention that using a 2-layered model parameteri-

zation substantially constrains the solution space, and thus it limits the capability of the

inversion method to explain the data.
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Figure 4.6: Case (d): Measurement distortion for a dipping second interface for upper resistive 2-layered mod-

els. Top row: Quadrature measurements. Bottom row: In-Phase measurements.

First, we apply the method for numerical 2.5D models (3D models where the third di-

mension projects the 2D model) and 3D models. Then, we apply the methods in a field

case. Example 0 is a base case where the measurements are calculated using 1D forward

modelling. In the following numerical examples, the measurements were simulated us-

ing 3D forward modelling. Examples 1 to 3 are 2.5D models (where the third dimension

is a projection of a 2D cross-section). Examples 4 and 5 are 3D models, with variations

in the electrical conductivity distributions in 3 dimensions.

EXAMPLE 0. 1D FORWARD MODELLED MEASUREMENTS

In this case, we show the results of the PWI and LCI methods for Model 4 in Table 4.1 for

the upper conductive contrast. This case is shown as a base result to demonstrate the

capabilities of the inversion methods when the measurements 1D assumptions are not

broken. The estimation results are presented in Figure 4.7. The data fit is presented in

Figure 4.8. It is clear that the fit of the models is very accurate. The measurements are

reproduced with less than 1% difference.

EXAMPLE 1. FIXED DIP OF THE SECOND INTERFACE

We applied both inversion methods to 2-layered models with different electrical con-

ductivity contrasts presented in Table 4.1 and increasing dip. The inversion results for

two cases are presented in Figures 4.9 and 4.11 (the results for all examples in Table 4.1

are provided in the Supplementary Material (Carrizo Mascarell et al. (2025))). The poor

estimation of the lower layer, in the upper conductive cases, can be explained by the low

sensitivity of the measurement to the resistive part of the subsurface. However, we also
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Figure 4.7: Results of inversion methods for Model 4 using 1D forward modelled measurements.
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Figure 4.8: Measurements corresponding to the results of Figure 4.7.
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Figure 4.9: Inversion results of 2-layered earth models with an upper conductive layer and a slope of 10◦ be-

tween positions 10 to 30. Upper row: True models. Second row: LCI estimated models. Fourth row: PWI

estimated models. The third and fifth show the error percentage of the inversion results. In each model esti-

mation, the RMSE of the model parameters is shown.

see erratic estimations from PWI for Models 3 and 4 for a 10◦ dip. In Figure 4.10, we can

see that the response of the PWI estimation does not differ more than 20 % difference

with respect to the true measurements. However, we observe a much larger difference

(larger than 100 % in some positions) between the true measurements, simulated in 3D,

with respect to their respective 1D forward modelled measurements, especially for the

8 m offset. With the PWI, the measurement distortions in this case negatively affect the

possibilities of obtaining accurate estimations.

On the other hand, the results provided by both the PWI and LCI methods are similar

in the upper resistive cases. In Figure 4.12 the data fit for the upper resistive Model 4 for

a 10◦ dip. In this case, we also observe that the 3D forward-modeled and 1D forward-

modeled measurements differ significantly. This affects equally the LCI and PWI results,

although not as strongly as in the upper conductive example.

A summary of the measurement errors for Model 1 in the upper resistive case is pre-

sented in Figure 4.13. The figure shows that for increasing dip values, for every coil con-

figuration, the 1D forward modelled measurements increase their mean error, as well as

the standard deviation. This is also true for the responses calculated for the LCI and PWI

estimates. In Figure 4.14 we show the same analysis for Model 4, which has an increasing

contrast between upper and lower layer conductivities. The mean error values are larger

for these cases, since the conductivity also affects the estimations. Overall, for all cases

the behaviour is similar, having increasing mean error values in the measurements with



4

80 4. IMPACT OF 3D DISTRIBUTION OF ELECTRICAL CONDUCTIVITY

40

60
[p

pt
]

HCP s=2m Quadrature

0

10

Error

50

100

HCP s=4m Quadrature

0

25

Error

0

200

HCP s=8m Quadrature

0

100

Error

50

75

[p
pt

]

VCP s=2m Quadrature

0

10

Error

150

200

250
VCP s=4m Quadrature

0

50
Error

400

500
VCP s=8m Quadrature

0

100
Error

50

100

[p
pt

]

PRP s=2.1m Quadrature

0

20

Error

200

300

PRP s=4.1m Quadrature

0

50

Error

500
600
700

PRP s=8.1m Quadrature

0

100

Error

10
20
30

[p
pt

]

HCP s=2m In-Phase

0

10

Error

50
100
150

HCP s=4m In-Phase

0

50

Error

200

300

HCP s=8m In-Phase

0

100
Error

10

20

[p
pt

]

VCP s=2m In-Phase

0

5

Error

50

100

VCP s=4m In-Phase

0

25

Error

200

400

VCP s=8m In-Phase

0

100

Error

0 20 40
Distance [m]

5
10
15

[p
pt

]

PRP s=2.1m In-Phase

0 20 40
Distance [m]

0

5

Error

0 20 40
Distance [m]

50
100
150

PRP s=4.1m In-Phase

0 20 40
Distance [m]

0

50
Error

0 20 40
Distance [m]

250
500
750

PRP s=8.1m In-Phase

0 20 40
Distance [m]

0

200

Error

Data fit of Model 4 Dip 10 ◦

3D 1D LCI PWI SD 1D SD LCI SD PWI

Figure 4.10: Data fit results corresponding to Model 4 in Figure 4.9. The first, third and fifth column show the

data values. The second, fourth and sixth column show the error percentage. The black line represents the

measurements of the true model using the 1D forward function. The red line corresponds to the 3D forward
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Figure 4.11: Inversion results of 2-layered earth models with an upper resistive layer and a slope of 10◦ between

positions 10 to 30.
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Figure 4.12: Data fit results corresponding to Model 4 in Figure 4.11.

increasing dip angle for the interface between first and second layer.

With the intention of demonstrating the impact of noise in the result of the inversion

methodologies, we estimate an example for Model 2 in the upper conductive case. In

Figures 4.15 and 4.16 the resulting models for increasing Gaussian random noise per-

centages in the measurements are shown. As expected, the estimates RMSE values in-

crease with increasing noise in the measurements. It is clear that the LCI estimates show

less spurious results, and the interface between first and second layer is better predicted.

In order to show the the performance of the inversion methodologies in a complex

2-layered geological setting, where the subsurface is not nearly layered, we present an ex-

ample in Figure 4.17. Predictably, both inversion methodologies have inaccurate estima-

tions. This is due to the fact that the measurements in these complex environments are

not properly reproduced by the internal 1D forward modeller in the inversion schemes.

Moreover, the LCI method holds constraints that assume a nearly layered geology, which

is clearly not correct.

EXAMPLE 2. INCREASING DIP OF THE SECOND INTERFACE

In order to evaluate the effects of lateral variations in the LCI and PWI inversion method-

ologies, we introduced a numerical case where the boundary between two electrical con-

ductivity layers increasingly changes with distance, based on a similar analysis by Klose

et al. (2022). The estimation results are shown in Figure 4.18. We observe that the PWI

estimated model shows a worsening of the estimation with increasing lateral variation of

the boundary, especially in the peaks. However, it reproduces, on average, the position

of the boundary. On the other hand, the LCI shows a smoothed result that does not re-

produce the boundary position of the peaks. These results indicate that lateral variations

will affect the PWI and LCI estimations when assuming a 1D horizontally layered earth
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Figure 4.13: Mean error values of the measurements for Model 1: Upper Resistive case.
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Figure 4.14: Mean error values of the measurements for Model 1: Upper Resistive case.
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Figure 4.15: Effects of noise in the measurements in the PWI inversion.

−6

−4

−2

0

De
pt
h 

[m
]

True Model

RMSE σ: 33.08 mS/m
RMSE h: 0.43 m

LCI - 0% noise

RMSE σ: 37.81 mS/m
RMSE h: 0.47 m

LCI - 1% noise

0 5 10 15 20 25 30 35
Distance [m]

−6

−4

−2

0

De
pt
h 

[m
]

RMSE σ: 38.03 mS/m
RMSE h: 0.46 m

LCI - 2% noise

0 5 10 15 20 25 30 35
Distance [m]

RMSE σ: 41.10 mS/m
RMSE h: 0.57 m

LCI - 5% noise

0 5 10 15 20 25 30 35
Distance [m]

RMSE σ: 63.08 mS/m
RMSE h: 0.89 m

LCI - 10% noise

101

102

103

El
ec

tri
ca

l c
on

du
ct

iv
ity

 σ
 [m

S/
m

]
Figure 4.16: Effects of noise in the measurements in the LCI inversion.
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Figure 4.17: Estimation results of the inversion methods for a complex geological distribution.
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Figure 4.18: Results of inversion methods for an increasing dip of the second interface. Top: True model.

Middle: LCI estimated model. Bottom: PWI estimated model. The dotted red line indicates the true position

of the interface. RMSE values of the estimated model parameters is presented.

in the inversion forward function, as in this case. The data fit between the true mea-

surements and the estimation responses are presented in the Supplementary Material

(see Carrizo Mascarell et al., 2025). We can see how the measurements are increasingly

different to the true 3D measurements. However, the difference between the 1D forward

response of the model and the 3D measurements is even larger. Meaning the inversion

methods try to fit the 3D data, jeopardizing the accuracy of the estimations. These nu-

merical examples assumed an earth model without topography, with an air-surface in-

terface at z = 0, and the instrument lying parallel above the air-surface interface at a

height ha = 0.3 m.

EXAMPLE 3. INCREASING DIP OF THE AIR-SUBSURFACE INTERFACE

To understand the effects of the dipping air-surface interface, we pose an instrument

positioning case (Case (c) in Figure 4.2) where we assume that the instrument is always

parallel to the surface, with a height ha = 0.3 m from the interface. The geometry of

the instrument changes as we follow the topography while measuring, as in Figure 4.19.

We designed a numerical example shown in Figure 4.21, in which the topography varia-

tions increase laterally. It is important to stress that the topography’s maximum height

is quite small (50 cm) and the figure aspect is exaggerated (∼ 300:2), the maximum dips

are 4°. The measurements are simulated using 3D forward modelling. In Figure 4.20, we

illustrate the positioning of the rigid boom in the simulated model.

The results from PWI and LCI methods shown in Figure 4.21 present increasingly

worse estimations with increasing topography dip. We infer that this is due to the in-

creasing pitch angle in the instrument geometry, and that the air-surface interface is not

parallel to the rigid boom, violating the assumptions of the 1D forward model. Therefore,

the 1D forward function used in the inversion methods is not able to accurately represent
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Figure 4.19: Scheme of data acquisition with topography. The midpoint is positioned 0.3 m above the air-

subsurface interface. The instrument pitch follows the dip of the slope.
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Figure 4.20: Rigid boom position for positions at distance X: 340-370 m. Red star: transmitter position. Blue

triangle: receiver position at 8 m offset. Dotted line: rigid boom. The midpoint of the boom is located 0.3 m

above the air-surface interface. The instrument pitch angle is tangent to the slope. Due to the increasingly

undulating topography and rigidity of the boom, there will be a larger vertical air-surface interface distance

from the transmitter or receiver coil in some positions.

the true model measurements. This is also shown by the inversion responses compared

to the true measurements in the Supplementary Material (see Carrizo Mascarell et al.,

2025). These results suggest that these gentle topography variations negatively impact

the estimations when assuming an instrument parallel to the air-surface interface and a

horizontally layered earth in the inversion methods.

EXAMPLE 4. CHANNEL FEATURE

In this numerical example, we present a 3D model of a 2-layered earth with a channel

feature. The measurements were simulated using the 3D forward modeler previously

mentioned. The model contains the channel feature in the upper layer along with chan-

nel bars at each side and river plains, with an electrical conductivity of 50 mS/m, 30

mS/m and 10 mS/m, respectively. The bottom layer electrical conductivity is 100 mS/m.

In Figure 4.22, a map representation of the model parameters (σ1,σ2,h1) of the channel

is presented, as well as the results of the LCI and PWI estimations. The maps show that

PWI and LCI estimations are very similar in all parameters. The results of the estimations

in cross-section Y = 10 m is presented in Figure 4.23. The resulting estimations show

alike results for LCI and PWI inversion methodologies for the different cross-sections,

presented in the Supplementary Material (Carrizo Mascarell et al. (2025)). The higher

inaccuracies are located in the transitions from channel bars to river plains, due to the

effect in the measurements to lateral changes in the model parameters, which are also

clear in the misfit between the 1D and 3D responses in these positions (see Supplemen-
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Figure 4.21: Results of inversion methods for an increasing dip of the air-subsurface interface. Top: True model.

Middle: LCI estimated model. Bottom: PWI estimated model. RMSE values of the estimated model parameters

σ and h, and the response d are presented.

tary Material (Carrizo Mascarell et al., 2025)). The fit between the LCI and PWI estimated

and true response is below 10% error.

EXAMPLE 5. CHANNEL FEATURE WITH TOPOGRAPHY

This example presents the previous 3D channel feature in a soft valley topography, which

is presented in Figure 4.24. The computed measurements were obtained using 3D for-

ward modelling assuming the instrument positioning parallel to the air-subsurface in-

terface (as in Case (c)). The results of the PWI and LCI estimated models are presented in

Figures 4.25 and 4.26. In the maps and cross-section of the estimated models, it is clear

that both PWI and LCI methods provide similar results for the model parameters. Both

inversion methodologies are significantly affected by the topography effects in the mea-

surements. The breakdown of the estimations with increasing topography is observed

in the worsening of the estimated models from crossline Y = 10 m to crossline Y = 30 m,

due to the topography valley becoming narrower in that direction, and thus, larger dips.

Moreover, comparing the responses misfits, it is clear that in the Y=30 m crossline, the

difference between 1D forward-modeled and 3D forward-modeled responses increases

largely (see Supplementary Material (Carrizo Mascarell et al., 2025)). Neither the PWI or

the LCI methods correspond accurately to the true responses.

CASE STUDY: ACKERDIJKSE PLASSEN

We applied both inversion methods for FDEM data acquired in the natural monument

Ackerdijkse Plassen, The Netherlands (see Figure 2.10). This area shows a sandy chan-

nel deposit feature embedded in peat-silt plains in satellite images and nearby borehole

data. In this case, we used only the HCP and VCP coil geometries in the methodology.

For offsets up to 4 m, the in-phase values are considered less accurate according to the
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Figure 4.22: Maps of model parameters in Channel example. Top row: True model parameters. Second and

fourth row: Maps of the LCI and PW estimated model parameters. Third and fifth row: Maps of the difference

percentage between true and estimated models. The position of cross sections is indicated with black lines.
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Figure 4.23: Inversion results at crossline Y = 10 m from channel feature example. Top row: True model. Second

and fourth row: LCI and PWI estimated models. Third and fifth row: difference percentage between true and

estimated model.
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Figure 4.24: Topography map of a valley for the numerical example of a 3D Channel.
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Figure 4.25: Maps of model parameters for the 3D channel example with topography. The position of the cross-

sections is indicated with a black line.
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(b) Cross-section at Y=30 m.

Figure 4.26: Inversion results at two cross-sections for a 3D channel feature in a valley topography. The cross-

section at Y=10 m presents better results than the cross-section at Y=30 m, where the valley is narrower and

the dips are larger.
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Figure 4.27: Topography map of the field study area in Ackerdijkse Plassen natural monument (see Figure 2.10.

FDEM instrument manufacturer so these were not included in the estimations (Taylor,

2023). The data was acquired holding the rigid-boom parallel to the topography dip,

with the midpoint at a fixed height from the air-subsurface. The topography of the area

is shown in Figure 4.27.

The acquired data was inverted using the PWI and LCI methodologies. Cross-sections

and maps of the estimated models are shown in Figures 4.28 and 4.29. From the cross-

section results, we deduce that both inversion methods obtain similar electrical con-

ductivity values of the layers and thickening of a channel feature in the center area of the

cross-sections. However, the LCI method presents a smoother estimated model, with

transitional changes with respect to the thicknesses and electrical conductivities. We

consider that this is an advantage of the LCI method since it provides more stable solu-

tions with respect to the noise present in the data, which creates a laterally inconsistent

estimated model in PWI results. In Figures 4.30 and 4.31, the field measurements and

the estimated responses are compared. As expected, the 1D forward-modeled responses

differ from the true measurements, which were acquired by infringing the assumptions.

The resulting responses reproduce the HCP and VCP, both 2m and 4m coil separation

quadrature measurements. However they do not reproduce the field measurements in

the HCP quadrature at 8 m offset coil geometry. It is difficult to determine the reason,

which could be due to 3D variations of the electrical conductivity or additional layers

not considered in the parameterization of the inverse problem. The in-phase responses

are reproduced with errors from 10-20%. We know that some distortions caused by the

dipping topography and the instrument pitch are being propagated into the estimation

of the model. However, since the distribution of electrical conductivity in the area is

not known with certainty it is difficult to quantify the exact influence of breaking the 1D

forward modelling asummptions in this case.

4.5. DISCUSSION OF RESULTS

In section 4.3, we presented several examples where the assumptions of the 1D forward

function are violated. Cases (b) and (c) show that the pitch angle of the instrument and

topographical variations can notably affect the measurements in both quadrature and
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Figure 4.28: Left: Cross-sections of the models estimated with PWI. Right: Cross-sections of the models esti-

mated with LCI. RMSE values of the estimated responses are presented. The positions of these cross-sections

are shown in Figure 2.10.
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Figure 4.29: Top: Maps of model parameters estimated with PWI. Bottom: Maps of model parameters esti-

mated with LCI. The results show similar estimations overall with both inversion methods.
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Figure 4.30: Data fit of the inversion results of Line 1 in Figure 4.28. Red line: Field measurements. Blue dashed

line: LCI response. Green dashed line: PWI response.

4

6

[p
pt
]

HCP Quadrature s=2m

20

25

HCP Quadrature s=4m

60

80
HCP Quadrature s=8m

5

6

7

HCP In-Phase s=4m

40

50
HCP In-Phase s=8m

True
LCI
PWI

0.00

0.25

0.50

[p
pt
]

Error

0

2

Error

0

10

Error

0.0

0.5

1.0

Error

20

25

30

Error

2

4

[p
pt
]

VCP Quadrature s=2m

15

20

VCP Quadrature s=4m

60

80

VCP Quadrature s=8m

3

4

VCP In-Phase s=4m

20

25

30

VCP In-Phase s=8m

0 20 40
Distance [m]

0.0

0.5

1.0

[p
pt
]

Error

0 20 40
Distance [m]

0

2

4

Error

0 20 40
Distance [m]

0

10

Error

0 20 40
Distance [m]

0.5

1.0

Error

0 20 40
Distance [m]

5

10

Error

Figure 4.31: Data fit of the inversion results of Line 3 in Figure 4.28. Red line: Field measurements. Blue dashed

line: LCI response. Green dashed line: PWI response.



4

94 4. IMPACT OF 3D DISTRIBUTION OF ELECTRICAL CONDUCTIVITY

in-phase components, particularly in the VCP quadrature and PRP in-phase parts. Fur-

thermore, case (d) showed that the dip of the second interface also impacts the mea-

surements, especially the VCP and PRP in-phase parts. In cases (c) and (d), it is clear

from Figures 4.4, 4.5 and 4.6, that the in-phase component is the most affected by the

breakdown of the 1D forward function.

To determine how far these measurement distortions affect the model estimations,

we applied the PWI and LCI methods to several numerical examples shown in section

4.4. Although the results of case (d) show large distortions in the in-phase measurements

for all the model contrasts, the estimation results of both PWI and LCI methods in exam-

ple 1 are sufficient to solve 2-layered earth models accurately. This is true when mea-

surements are acquired without topography, the assumption of instrument positioning

parallel to the air-surface interface holds, and the second interface dip is not greater than

7.5◦. This is also clear in example 2, where with increasing dip of the second interface,

the inversion results worsen. The LCI methodology presents little to no advantage with

respect to estimation accuracy. In Figure 4.18, the results show that both PWI and LCI

are affected by the effects of 2D lateral variability. While the PWI can overall estimate

the position of the first layer thickness, the results also present spurious estimations. On

the other hand, while LCI does not resolve properly the first layer thickness, it provides

smooth and more stable electrical conductivity estimations.

From the results in Figure 4.3, we observe that in a data acquisition scheme where

the instrument is held horizontally, a dipping air-subsurface interface at an angle greater

than 2◦ can distort the measurements in all coil configurations and components. This is

also demonstrated by both the results of PWI and LCI in example 3 (Figure 4.21), where

the inversion results worsen with increasing undulation of the air-subsurface interface.

The PWI results show poor first-layer thickness estimations, even with slight topography

variations, and worsening in the electrical conductivities as the dip increases. Moreover,

LCI provides a better first-layer thickness estimation but, like PWI, exhibits declining

accuracy in electrical conductivity values with increasing dip.

Examples 4 and 5, which include a 3D channel feature, also illustrate very clearly

the effect of a dip in the topography. In example 4, where there is no topography in-

fluence, the PWI and LCI estimations and responses did not diverge significantly from

the true values. The largest errors were only present where there were lateral conduc-

tivity variations. However, in example 5, imposing on the model a very soft topography

made the measurements diverge significantly, causing poor results of the model estima-

tions. Comparing all the geometry cases and their error propagation in the numerical

examples, we consider that case (c) shows the largest impact. The breakdown of both

assumptions creates distortions larger than 10% with only 2◦ dip in all the coil configura-

tion in-phase measurements and in the VCP quadrature measurement, which increased

with the resistivity of the halfspace.

The resulting estimations of the case study are quite similar for both PWI and LCI

methods in terms of electrical conductivity values. In both, the channel feature can be

observed in the first layer. The thickness of the first layer varies smoothly in the LCI

results. We presume that the spiky nature of the thickness of the first layer for the PWI

estimated model can result from noise in the data. We consider that LCI can be used to

obtain smoother estimations of the model parameters when noise is present in the data,
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which is very common in field cases. Nonetheless, we must be careful with the geological

setting where this algorithm is applied since LCI assumes that lateral variations of the

parameters are smooth.

In this field case study, it is not possible to determine whether the discrepancies be-

tween the PWI and LCI responses and the true measurements arise from topographic

variations or from other factors, such as noise. It is also likely that the imposed 2-layer

model parameterization does not accurately represent the complexity of a three-dimensional

Earth. Consequently, we cannot quantify the influence of topography and pitch angle

on the measurements, nor assess the extent to which these factors affected the model

estimations. Even so, the numerical examples showed that there must be errors in the

estimations due to the presence of topography and holding the instrument parallel to

the dipping ground surface. Both PWI and LCI estimations are likely not reproducing

the true distribution, partly due to the measurement distortions.

This analysis demonstrates that while both PWI and LCI can provide reasonable esti-

mations, under ideal acquisition conditions, their accuracy decreases significantly when

measurements are affected by topography, pitch angle, or subsurface complexity. Rely-

ing on 1D forward functions in the presence of 3D effects not only amplifies errors in the

estimations but also increases the potential non-uniqueness of the inversion problem.

These observations highlight the importance of accounting for acquisition geometry and

geological complexity when interpreting inversion results. Future work should focus on

integrating topographic and orientation corrections directly into the inversion process

or developing approaches that introduce the acquisition and geological geometry.

4.6. CONCLUSIONS

The analysis demonstrates that deviations from the 1D forward modelling assumptions,

particularly instrument tilt, topographic undulations, and layer dips, can significantly

distort frequency domain electromagnetic induction measurements, with the severity

increasing as these factors become more pronounced. These deviations are propagated

into the inversion results. Both piecewise and laterally constrained inversion methods

can produce accurate results for flat topography, gentle slope 2-layered earth models,

but their performance deteriorates in the presence of topography (larger than 2◦) or

drastic lateral conductivity variations. Piecewise inversion tends to estimate first-layer

thickness more precisely but suffers from spurious or spiky outputs in the presence of

measurement distortions or noise. On the other hand, laterally constrained inversion

produces smoother and more stable conductivity estimates, especially in noisy data, al-

though with reduced thickness accuracy. Neither method fully compensates for strong

2D/3D effects, and the reliability of both depends heavily on the geological setting and

acquisition conditions. Therefore, care must be taken to assess the assumptions con-

sidered before applying these inversion approaches to real-world surveys. It is possible

that for strongly 3D varying geological settings, topography/pitch-angle corrections or a

2D/3D inversion methodology should be used. The findings show the importance of de-

veloping realistic yet computationally efficient forward modelling and inversion meth-

ods that can account for complex acquisition conditions in frequency-domain electro-

magnetic induction surveys.
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DATA AVAILABILITY

The codes and data used in this chapter is available via Zenodo (Link).
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5
PREDICTING 1D MODELS USING

XGBOOST

But still try, for who knows what is possible...

Michael Faraday

The successful inversion of geophysical data has been a major challenge for decades. Con-

ventional geophysical inversion techniques suffer from several limitations including com-

putational cost, non-linearity and non-uniqueness of the inverse problem. Here, a novel

approach based on machine learning inversion via gradient boosted decision trees is pro-

posed to instantaneously estimate subsurface electrical conductivity layering from fre-

quency domain electromagnetic induction data. To achieve this, an XGBoosted decision

tree was trained on a large synthetic data set generated based on 1D electrical conductiv-

ity models. The accuracy of the proposed approach was examined using several synthetic

scenarios. Moreover, the trained model was used to find subsurface electrical conductiv-

ity models from FDEM data measured along three transects in Ackerdijkse Plassen, The

Netherlands. The XGBoost approach directly returns an electrical conductivity distribu-

tion from FDEM measurements without requiring prior information or iterations. The

proposed strategy simplifies the inversion approach and allows for rapid and accurate es-

timation of the electrical conductivity of the subsurface from multiconfiguration FDEM

data.

This chapter is being prepared for publication.
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5.1. INTRODUCTION

In exploration geophysics, the goal is to extract information about the subsurface from

geophysical data. Translating geophysical data into useful information usually requires

geophysical inverse modelling, resulting in a model of the physical properties of the

Earth’s subsurface that explains the measured data. The frequency domain electromag-

netic (FDEM) method is a non-invasive geophysical method used to image the spatial

variability of the electrical conductivity in the subsurface, which reflects the geological

features. Hence, it is an effective non-invasive approach for mapping soil properties,

groundwater mapping, mineral exploration, saltwater intrusion mapping, etc.

The basic principles of FDEM are well understood from Chapters 1 and 2. As pre-

sented in Chapter 3, FDEM data inversion typically provides an estimate of the subsur-

face properties by iteratively updating and refining an initial subsurface model until an

optimal model is obtained. Using the forward model, a response is numerically calcu-

lated. The model is considered optimal if the observed and the calculated data agree

within some uncertainty bounds. If not, the initial model is adjusted to minimize the

error between the calculated and measured response. Model updates are typically per-

formed iteratively using a Gauss-Newton methodology and continue until an acceptable

data fit criterion is satisfied or the data fit fails to improve (Tarantola, 2005).

In Chapter 3, the ill-posedness of the FDEM measurements inversion problem was

discussed. The success of an iterative optimization of the solution strongly depends on

the initial model, since the error space is highly nonlinear. Moreover, the solution is un-

stable with respect to the presence of noise. An alternative approach is to use machine

learning methods to estimate the electrical conductivity models. Machine learning (ML),

which is a data-driven approach, has become popular over the past decades and is use-

ful for solving such inverse problems. An advantage of machine learning methods is

that they can be implemented without knowledge of physical equations or theories.

The challenges of machine learning lie in acquiring enough training data and select-

ing relevant parameters, which are essential to obtain an accurate model. Moreover, ML

can capture complex, nonlinear relationships between observed data and subsurface

parameters, which other inversion methodologies may struggle with. ML-based inver-

sion, especially with sufficient training data, avoids the dependence on the initial model

choice by learning a direct mapping from data to models. Examples of ML-based inver-

sion applications into electromagnetic induction measurements have been presented in

van ’t Veen et al. (2022), Moghadas and Christiansen (2020) and Moghadas (2020).

An easy-to-apply ML tool is the Decision Tree (DT), which is a supervised ML tech-

nique that performs classification or regression based on observations (Alpaydin, 2014).

A DT is a non-parametric supervised learning algorithm, which is utilized for both classi-

fication and regression tasks. It has a hierarchical tree structure, which consists of a root

node, branches, internal nodes and leaf nodes. The goal is to create a DT model that

predicts the value of a target variable by learning simple decision rules inferred from the

data features. A tree can be seen as a piecewise constant approximation of the inverse

of the forward function (Kuhn and Johnson, 2013). DTs are computationally inexpen-

sive, but they can have limited predictive skill. To improve their performance, DTs are

often augmented by ensemble learning methods such as bagging (Breiman, 1996) and

boosting (Friedman, 2001).
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In this study, we have applied the Extreme Gradient Boosting Decision Tree (XG-

Boost) as a predictive tool. Developed by T. Chen and Guestrin, 2016, XGBoost is an

optimized ensemble algorithm based on the Gradient Boosting Decision Tree (GBDT)

framework. This algorithm improves the predictive power and stability of the model by

constructing and combining multiple decision trees, and has been widely applied in nu-

merous studies (Tarwidi et al., 2023, J. Chen et al., 2024, Wang et al., 2023, Joshi et al.,

2023, Zhang et al., 2024). Additionally, XGBoost introduces regularization terms and a

second-order Taylor expansion to optimize the loss function, thus offering advantages

such as preventing overfitting and rapid convergence. Therefore, XGBoost can theoreti-

cally achieve better predictive performance than classical optimization estimators with

less computational resources.

This chapter aims to develop an XGBoost model to predict layered electrical con-

ductivity models from 1D ground-based FDEM measurements. First, we explain the

training of the XGBoost model and discuss the feature importance to understand the

decision-making process of the model. Secondly, we show the prediction performance

of the model with synthetic examples. Finally, we apply the XGBoost model prediction

to field measurements and discuss the results.

5.2. METHODOLOGY

GENERATING SYNTHETIC DATA

The synthetic dataset for this study was generated using Equation 2.2 for the instru-

ment configuration described in Figure 2.1. We assumed horizontally layered earth mod-

els with logarithmically increasing thickness (see Figure 5.1) until reaching a maximum

depth of 9.52 m, considering the decreasing sensitivity of the measurements to depth.

Several datasets with increasing number of layers were created and applied to the train-

ing and testing workflow explained in the following sections (see Figure 5.2). We stopped

increasing layers when the RMSE values of the test dataset started increasing, reaching a

maximum of 9 layers for the electrical conductivity model. The 9-th layer represents the

remaining of the halfspace. Thus, the model has 9 electrical conductivity parameters,

m = [σ1,σ2, ...,σ9]. (5.1)

The data vector corresponding to a model is:

d = [QHCP-2,QHCP-4,QHCP-8,QVCP-2,QVCP-4,QVCP-8,QPRP-2.1,QPRP-4.1,QPRP-8.1,

PHCP-2,PHCP-4,PHCP-8,PVCP-2,PVCP-4,PVCP-8,PPRP-2.1,PPRP-4.1,PPRP-8.1],
(5.2)

where the subscripts correspond to the coil geometry. The data measurements in d are

transformed into amplitudes and phases of the electromagnetic field.

Here, amplitude A =

√

Q2
+P 2 and phase ϕ= arctan(Q/P ). Therefore, the data vec-

tor d is transformed to:

d = [AHCP-2, AHCP-4, AHCP-8, AVCP-2, AVCP-4, AVCP-8, APRP-2.1, APRP-4.1, APRP-8.1,

ϕHCP-2,ϕHCP-4,ϕHCP-8,ϕVCP-2,ϕVCP-4,ϕVCP-8,ϕPRP-2.1,ϕPRP-4.1,ϕPRP-8.1].
(5.3)

We generated 800,000 data measurements corresponding to randomly chosen 9-layered

earth models with a wide range of electrical conductivities, from 1 to 1000 mS/m. We
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Figure 5.1: 9-Layered earth electrical conductivity model used to train the XGBoost predictor.

tested the training data sets in increasing intervals of 100,000 samples until obtaining

no improvement in the validation loss. The final dataset size was 400,000 samples. The

electrical conductivity values were chosen randomly. The dataset was subsequently split

into training, validation and test subsets using 60, 20 and 20 % of the data, respectively.

The training subset is used to train the XGBoost model, while the validation subset is

used to evaluate the performance of the XGBoost model during the training procedure.

The test subset is applied after training for an unbiased evaluation of the algorithm.

EXTREME GRADIENT BOOSTING (XGBOOST )
As mentioned in the introduction, GBDT, proposed by Friedman (2001), adopts the gra-

dient descent algorithm to minimize the objective function by generating a new tree

based on all previous trees. XGBoost is an optimized ensemble tree model based on the

GBDT framework, effectively applicable for both classification and regression tasks (T.

Chen and Guestrin, 2016). In the next paragraphs, we explain the scheme of a tree en-

semble.

For a given data set with n examples and m features, D = {(xi , yi )} (|D| = n,xi ∈

R
m , yi ∈R), a tree ensemble model uses K additive functions to predict the output.

ŷi =φ(xi ) =
K∑

k=1

fk (xi ), fk ∈F , (5.4)

where xi is the input of the tree, yi and ŷi are the true and predicted output values of the

ith sample, respectively, fk and K represent the kth tree and the total number of trees

in the model, respectively. Consequently, F = { f (x) = wq(x)} (q : Rm → T, w ∈ R
T ) is

the space of regression trees. Here, q represents the structure of each tree that maps an

example to the corresponding leaf index. T is the number of leaves in each tree. Each fk

corresponds to an independent tree structure q and leaf weights w .

For regression tasks such as continuous data prediction, the XGBoost algorithm can

use the Classification and Regression Tree (CART) scheme (Breiman et al., 1984) as its
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base learner to construct its objective function L , which includes a loss function l (yi , ŷi )

and a regularization term Ω( fk ), defined as:

L =

n
∑

i=1

l (yi , ŷi )+
K
∑

k=1

Ω( fk ). (5.5)

The parameter Ω( fk ) is defined as:

Ω( fk ) = ζTk +
1

2
ξ

Tk
∑

j=1

w2
k, j , (5.6)

where Tk is the total number of leaf nodes in the kth tree, wk, j represents the weight of

the j th leaf node in the kth tree. The parameters ζ and ξ are constants that represent the

penalty coefficients for Tk and w , respectively.

Equation 5.5 is solved iteratively with:

L
(t )

=

n
∑

i=1

l
(

yi , ŷ (t−1)
i

+ ft (xi )
)

+Ω( ft )+C , (5.7)

where ŷ (t−1)
i

is the prediction result from the previous iteration, ft (xi ) represents the

residual fitting of ŷ (t−1)
i

using the t th tree and C is a constant representing the sum of the

weights from the first tree to the (t −1)th tree. The loss function in the equation can be

approximated using a second-order Taylor expansion,

L̃
(t ) ∼=

n
∑

i=1

[

l

(

yi , ŷ (t−1)
i

+ gi ft (xi )+
1

2
hi f 2

t (xi )

)]

+Ω( ft ), (5.8)

where gi and hi represent the first and second derivatives of the loss function. If the

constant term C is omitted and the regularization termΩ( ft ) expanded, then a simplified

objective function can be obtained,

L̃
(t )

=

n
∑

i=1

[

gi ft (xi )+
1

2
hi f 2

t (xi )

]

+ζTt +
1

2
ξ

Tt
∑

j=1

w2
t , j

=

Tt
∑

j=1

[(

∑

iϵI j

gi

)

wt , j +
1

2

(

∑

iϵI j

hi +ξ

)

w2
t , j

]

+ζTt ,

(5.9)

where I j = {i |q(xi ) = j } is the instance set of leaf j . Then, by taking the derivative of the

objective function with respect to wt , j and making it equal to 0, we obtain the optimal

weight w∗
t , j

as:

w∗
t , j =−

∑

iϵI j
gi

∑

iϵI j
hi +ξ

. (5.10)

Finally, we substitute the optimal weight w∗
t , j

into Equation 5.9, providing the optimal

objective function:

L̃
(t )∗

=−
1

2

Tt
∑

j=1

(

∑

iϵI j
gi

)2

∑

iϵI j
hi +ξ

+ζTt , (5.11)

The ∗ superscript indicates the tree structure with the best prediction score.
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Figure 5.2: Workflow for training, validation and testing of the XGBoost model.

WORKFLOW

We illustrate the training and prediction workflow in Figure 5.2. Initially, we split the

synthetic data into training, validation, and test subsets. The proposed workflow uses

noise-free measurements for the training. The hyperparameters of the XGBoost model

were chosen using a hyperparameter tuning process, the random search, as proposed by

Bergstra and Bengio (2012). In the random search, a number of hyperparameter com-

binations are tested, and cross-validated with slices of the training data subset. The

different predictor scores are compared. The score is obtained from the RMSE values

of each predictor using the validation set, which are calculated as described in Equa-

tion 2.6. The random search indicates the hyperparameters for the predictor with the

best score. Then, we train an XGBoost model with the hyperparameters obtained from

the random search. We apply an early stopping approach to avoid overfitting the data

by stopping the training procedure when the loss does not improve in 50 consecutive

learning rounds. The best XGBoost model is then evaluated with the test data subset.

Finally, we use the best XGBoost model chosen by the workflow to estimate the electrical

conductivity models in the synthetic examples.

5.3. RESULTS AND DISCUSSION

After training and validating the XGBoost model, we present the results in the training

and test subsets. In Figure 5.3, the parameters of the true versus predicted model are pre-

sented for the test subset. It is clear from the RMSE values that, in general, the shallow

layers are better predicted than the deeper layers, except for the 9th layer, which consti-

tutes the rest of the halfspace. This makes sense if we consider the decreasing sensitivity

of the measurements with depth. Moreover, we also observe that from σ4 and deeper

layers, for smaller conductivity values (left bottom of the subfigures), the values are over-

estimated. In contrast, for larger conductivity values (top right of the subfigures), the val-

ues are underestimated. This problem arises from the rapidly decreasing sensitivity of
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Figure 5.3: True vs. Predicted electrical conductivity model parameters. The NRMSE value of all predictions

for each parameter is given. The red line represents a perfect prediction.

electromagnetic induction measurements with depth. As a result, deep conductivities

are weakly constrained by the data. The machine learning model, therefore, produces

predictions that regress toward the mean conductivity of the training data, leading to

overestimation of low values and underestimation of high values at depth. The error dis-

tribution is also shown in Figure 5.4, where histograms of the error frequency above and

below 10 mS/m are shown. It is clear that for conductivities larger than 10 mS/m, the

error spreads to higher predictions. While for conductivities below 10 mS/m the error

spreads to smaller predictions.

In Figure 5.5, we present the importance of each feature, or data parameter, in the

prediction of each model parameter as pie charts. In the shallowest layer (σ1) the most

important feature belongs to the VCP configuration, which makes sense since this con-

figuration is sensitive to shallow depths (as demonstrated in Figures 2.4 and 2.5). In

layers σ2 and σ3, the offset configuration of PRP 2.1 m is of greater importance. The PRP

and HCP largest offset configurations start to present more influence in the prediction

from σ6 onwards. This clearly illustrates how the physical phenomenon is learned by

the XGBoost algorithm, since the largest offsets are the most sensitive to deeper depths.

This Figure also shows how the combination of the different configurations and mea-

surement components all influence the prediction.

In Figures 5.6 and 5.7, we present the results of the XGBoost prediction of the elec-

trical conductivity for 10 random earth models from the training and test subsets, re-
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Figure 5.4: Error frequency histograms. In blue, errors for conductivity values below 10 mS/m. In red, errors

for conductivity values larger than 10 mS/m.
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darkest colors belong to larger offsets. The hatching represents the phase component of the measurement.
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Figure 5.6: XGBoost prediction results in training models. The error values are given for the model prediction

and their corresponding data measurements.

spectively. The training earth models are learned by the XGBoost model, therefore the

predictions have a mean data error of ≈ 5%. The models are not perfectly learned, since

there is regularization in the process to avoid overfitting. In the test models case, the XG-

Boost model has not seen these samples previously. For this case the predictions overall

reproduces the general trend of the conductivity distribution, with a mean data error of

≈ 10%. It is clear for both the training and test earth models that the predictions worsen

with depth, especially for low conductivity layers.

NUMERICAL EXAMPLES

We performed an estimation using the XGBoost predictor for two 3-layered transects

illustrated in Figures 5.8 and 5.9, for a middle conductive body and a middle resistive

body, respectively. We tested the prediction for three cases: noise-free, 5% and 10% nor-

mally distributed noise in the measurements. The resulting predicted models follow the

general trend of the electrical conductivity distribution of the true models. In both sub-

surface models, the predictor is able to obtain the true middle layer geometry. Although

the boundaries of the layers are not so clearly defined, the XGBoost prediction is closer

to the true model than the results of the Gauss-Newton optimization presented in Chap-

ter 3 subfigures 3.8 and 3.9. In Figures 5.10 and 5.11, the data fit of the true and predicted

models is shown for the noise-free case.

Moreover, we used the predicted estimations as initial models in a Gauss-Newton

optimization scheme (see Chapter 3, section 3.3). The results of these estimations are

also shown in Figures 5.8 and 5.9. In XGBoost + GN, the resulting estimations have a

better data fit than with XGBoost only, since the optimization tries to obtain a model
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Figure 5.7: XGBoost prediction results in test models. The error values are given for the model prediction and

their corresponding data measurements.

that explains the data within a certain tolerance. However, the model is less accurate

than the XGBoost predictions, in both cases. The data fit of these estimations is also

defined in Figures 5.10 and 5.11 for the noise-free case. Both the XGBoost and XGBoost

+ GN results are similarly affected by increasing levels of noise in the measurements.

In both the numerical examples of the middle conductive and the middle resistive

body, using the Gauss-Newton optimization to improve the XGBoost prediction results

increases the overall conductivity of the subsurface to better explain the measurements.

This can be explained as a larger sensitivity of the measurements to the conductive parts

of the subsurface, bypassing the resistive parts. The advantage of using the XGBoost

algorithm lies in the fact that the prediction model has also learned the relationship

between the measurements to resistive parts of the subsurface, as illustrated by these

results.

An additional advantage of the XGBoost predictor over a Gauss-Newton optimization

is the ability to make decisions and identify the most important variables (data param-

eters) and their complex interactions to make a prediction. This is shown in the feature

importance plots (see Figure 5.5), where several data variables are given a greater influ-

ence in the prediction of a given model variable. This is important since the FDEM in-

strument provides measurements from different coil geometries, which are not sensitive

to the same volumes of the subsurface.

FIELD CASE APPLICATION

We applied the XGBoost prediction methodology to the FDEM measurements obtained

in Ackerdijkse Plassen location in the Netherlands (Figure 2.10). We used the workflow
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Figure 5.8: Numerical example: Middle conductive body. Top: True model. Second row: XGBoost (left) and

XGBoost + GN (right) estimated models. Third row: 5% noise case for XGBoost (left) and XGBoost + GN (right)

estimated models. Fourth row: 10% noise case for XGBoost (left) and XGBoost + GN (right) estimated models.

True positions of the boundaries are shown in black dashed lines.

Figure 5.9: Numerical example: Middle resistive body earth model. Top: True model. Second row: XGBoost

(left) and XGBoost + GN (right) estimated models. Third row: 5% noise case for XGBoost (left) and XGBoost +

GN (right) estimated models. Fourth row: 10% noise case for XGBoost (left) and XGBoost + GN (right) estimated

models. The true positions of the layer boundaries are illustrated in black dashed lines.
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Figure 5.10: Data fit of true and simulated measurements for the estimated models. Middle conductive body

case.
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Figure 5.11: Data fit of true and simulated measurements for the estimated models. Middle resistive body case.
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presented in Figure 5.2 to choose the hyperparameters, train, validate and test the al-

gorithm as mentioned in the previous sections. We acquired measurements using only

the HCP and VCP coil configurations, and used offsets larger than 2 meters as suggested

by the manufacturer (Taylor, 2023). We present the results of the predictions for three

subsurface trajects (indicated in Figure 2.10), using both XGBoost and XGBoost + GN

prediction methods (see Figure 5.12). The datafit of the predicted responses is shown in

Figure 5.13.

The results of XGBoost and XGBoost + GN differ greatly. In the XGBoost predicted

trajects we observe a resistive layer between 5.5 - 8 m depth, with a conductivity of ap-

proximately 20 - 50 mS/m, that is not present in the XGBoost + GN prediction. We deduce

that, as we observed in the synthetic case, the Gauss-Newton optimization increases the

conductivity of the subsurface to better explain the measurements. However, this does

not necessarily mean that the XGBoost + GN estimation is closer to reality. As it was

displayed in the synthetic case, the XGBoost algorithm manages to better describe the

resistive bodies between larger conductivity layers. We believe the machine learning al-

gorithm, since learning from previous models, can learn the relationship between the

measurements and resistive bodies. However, the Gauss-Newton optimization is driven

by the sensitivity of the measurements to conductivity in the subsurface, and therefore,

while improving the data fit, resistive features might be lost.

We already know from previous chapters that Gauss-Newton optimization alone is

not sufficient to predict 1D subsurface models with more than 3 layers. The XGBoost

algorithm, although predicting with limitations (due to underestimating conductivities

larger than 10 mS/m and overestimating conductivities under 10 mS/m with depth), still

provide us with an approach that predicts the trend of the distribution of electrical con-

ductivity in the subsurface for a 1D earth with 9 layers. A further combination of XGBoost

with the Gauss-Newton minimization improves the data fit, but might not improve the

model prediction.

5.4. CONCLUSIONS

This study proposes a novel approach for 1D inversion of FDEM data using extreme gra-

dient boosted regression tree algorithms (XGBoost). The recent availability of fast and

easy 1D electromagnetic modellers allowed us to perform a large number of FDEM for-

ward models necessary to train a machine learning algorithm to predict the 1D distri-

bution of electrical conductivity of the subsurface. An XGBoost model was trained on a

sufficiently large amount of subsurface models to be able to generalize to unseen data.

To construct a highly accurate XGBoost model, hyperparameter tuning has been per-

formed using the grid search method.

The 1D numerical examples demonstrated that the trained predictor allows for ac-

curate subsurface characterization for models that lie within the training conductivity

range. Compared with the existing conventional inversion techniques, the proposed

approach offers several key advantages. This technique estimated earth models from

FDEM data in a few milliseconds without any iterations. Moreover, the trained algo-

rithm returns the subsurface conductivity distribution without using any initial model.

As a consequence, this approach does not suffer from the non-uniqueness issue that is

typically encountered using classical inversion techniques.
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Figure 5.12: Field lines predicted using XGBoost algorithm (left) and XGBoost + GN (right).
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Figure 5.13: Data fit for Line 1. We observe that, similarly to the numerical cases, the XGBoost + GN response

has lower error than the XGBoost predicted model response.
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The comparison between the machine learning predictions and subsequent Gauss-

Newton optimization demonstrates the inherent non-uniqueness of FDEM inversion.

While Gauss–Newton optimization further reduces data misfit, it tends to suppress re-

sistive features that are weakly constrained by the measurements. In contrast, the ma-

chine learning approach preserves such features by using learned subsurface correla-

tions to the measurements. This indicates that improved data fit does not necessarily

correspond to improved model fidelity, particularly at depth.

This study illustrates how a machine learning algorithm can be trained successfully

to obtain predictions of electrical conductivity models from FDEM measurements in a

computationally efficient manner. The results demonstrate that XGBoost models can be

a valuable tool to predict the electrical conductivity distribution of the subsurface.

DATA AVAILABILITY

The codes and data used in this chapter is available via Zenodo (Link).





BIBLIOGRAPHY

Alpaydin, E. (2014). Decision trees. In Introduction to machine learning (pp. 213–238).

MIT Press. http://ieeexplore.ieee.org/document/6284943

Bergstra, J., & Bengio, Y. (2012). Random search for hyper-parameter optimization. J.

Mach. Learn. Res., 13, 281–305. https://doi.org/10.5555/2188385.2188395

Breiman, L. (1996). Bagging predictors. Machine Learning, 24, 123–140. https://doi.org/

10.1007/BF00058655

Breiman, L., Friedman, J., Olshen, R., & Stone, C. (1984). Classification and regression

trees (1st ed.) Chapman; Hall/CRC. https://doi.org/10.1201/9781315139470

Chen, J., You, J., Wei, J., Dai, Z., & Zhang, G. (2024). Interpreting XGBoost predictions

for shear-wave velocity using shap: Insights into gas hydrate morphology and

saturation. Fuel, 364, 131145. https://doi.org/10.1016/j.fuel.2024.131145

Chen, T., & Guestrin, C. (2016). XGBoost: A scalable tree boosting system. Proceedings

of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and

Data Mining, 785–794. https://doi.org/10.1145/2939672.2939785

Friedman, J. H. (2001). Greedy function approximation: A gradient boosting machine.

Annals of Statistics, 29, 1189–1232. https://api.semanticscholar.org/CorpusID:

39450643

Joshi, A., Vishnu, C., Mohan, C. K., & Raman, B. (2023). Application of XGBoost model for

early prediction of earthquake magnitude from waveform data. Journal of Earth

System Science, 133. https://doi.org/10.1007/s12040-023-02210-1

Kuhn, M., & Johnson, K. (2013). Regression trees and rule-based models. In Applied pre-

dictive modeling (pp. 173–220). Springer New York. https://doi.org/10.1007/

978-1-4614-6849-3_8

Moghadas, D. (2020). One-dimensional deep learning inversion of electromagnetic in-

duction data using convolutional neural network. Geophysical Journal Interna-

tional, 222(1), 247–259. https://doi.org/10.1093/gji/ggaa161

Moghadas, D., & Christiansen, A. V. (2020). Soil electrical conductivity imaging using a

neural network-based forward solver: Applied to large-scale Bayesian electro-

magnetic inversion. Journal of Applied Geophysics, 176, 104012. https : / / doi .

org/10.1016/j.jappgeo.2020.104012

Tarantola, A. (2005). Inverse Problem Theory and Methods for Model Parameter Estima-

tion. Society for Industrial; Applied Mathematics. https://doi.org/10.1137/1.

9780898717921

Tarwidi, D., Pudjaprasetya, S. R., Adytia, D., & Apri, M. (2023). An optimized XGBoost-

based machine learning method for predicting wave run-up on a sloping beach.

MethodsX, 10, 102119. https://doi.org/10.1016/j.mex.2023.102119

Taylor, R. (2023, April). Website of DualEM manufacturer: EM Induction (accessed on

21/04/2023). Retrieved April 21, 2023, from https://dualem.com/documents/

em-induction/

115



5

116 BIBLIOGRAPHY

van ’t Veen, K. M., Ferré, T. P. A., Iversen, B. V., & Børgesen, C. D. (2022). Using machine

learning to predict optimal electromagnetic induction instrument configura-

tions for characterizing the shallow subsurface. Hydrology and Earth System Sci-

ences, 26(1), 55–70. https://doi.org/10.5194/hess-26-55-2022

Wang, T., Bian, Y., Zhang, Y., & Hou, X. (2023). Classification of earthquakes, explosions

and mining-induced earthquakes based on XGBoost algorithm. Computers Geo-

sciences, 170, 105242. https://doi.org/10.1016/j.cageo.2022.105242

Zhang, J., Wang, R., Jia, A., & Feng, N. (2024). Optimization and application of XGBoost

logging prediction model for porosity and permeability based on K-means method.

Applied Sciences, 14(10). https://doi.org/10.3390/app14103956



6
CONCLUSIONS AND

RECOMMENDATIONS

One never notices what has been done;

one can only see what remains to be done.

Marie Skłodowska-Curie

This thesis discusses methods to improve the accuracy, efficiency, and reliability of

estimations of electrical conductivity distributions in the subsurface from frequency-

domain electromagnetic induction (FDEM) measurements, by analyzing the informa-

tion contained in the measurements, the performance of inversion methods and care-

fully analyzing their limitations.

The results of the study show that the measurements are sensitive to the distribution

of electrical conductivity in all three dimensions. The relationships are highly non-linear

and the inversion problem is already not well posed for a simple 3-layered 1D model.

The ill-posedness of the inversion problem limits the estimation possibilities for cases

where there is no additional information of the subsurface. Many of the inversion meth-

ods used currently in the geophysical industry combine different geophysical methods

to avoid this limitation. However, there are instances where only non-invasive FDEM

methods can be used and we provide insights based on cases using only these measure-

ments.

A method using machine learning algorithms is proposed. The advantage of using a

machine learning method corresponds, in this case, to the ability of learning the com-

plex non-linear relationships between the measurements and the subsurface model,

also providing larger importance to the more sensitive loop-loop configurations. More-

over, the trained algorithm does not require initial information of the subsurface. In this

chapter, we discuss the main findings of this thesis.
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6.1. CONCLUSIONS

In Chapter 2, we used a semi-analytical FDEM modeller to calculate in-phase and quadra-

ture components for horizontally layered earth models. We calculated the sensitivity

of the FDEM measurements to changes in the conductivity of the earth. This analysis

demonstrated that both both quadrature and in-phase components contain essential

and complementary sensitivity to subsurface conductivity, demonstrating the impor-

tance of using the full complex measurement in the inversion of these measurements.

We also demonstrated that a near real-time estimation of two-layered models can be

obtained using a global search inversion scheme. This global search inversion method

outperforms using low induction number approximations, which fail even under low

induction number conditions.

In Chapter 3, we demonstrated that for two-layered 1D earth models, the inverse

problem is well-posed when both in-phase and quadrature components are used, en-

abling stable and unique solutions with Gauss–Newton inversion. In contrast, the three-

layered problem exhibits non-uniqueness, flat misfit regions, and numerous local min-

ima, making the inverse problem fundamentally ill-posed with the acquisition configu-

ration studied. Moreover, the inversion problem is also unstable in the presence of noise.

Neither Gauss–Newton nor global search reliably resolves three-layered structures, par-

ticularly for resistive middle layers, confirming that for this instrument configuration,

FDEM data alone is insufficient without strong prior information or alternative mea-

surement setups.

In Chapter 4, we analyze systematically how instrument tilt, topography, dipping lay-

ers, and lateral conductivity contrasts introduce significant distortions in FDEM mea-

surements with respect to a 1D layered earth model response. Consequently, these dis-

tortions propagate into the subsurface estimations for inversion methods that use in-

ternally 1D forward modellers. Both piecewise 1D and laterally constrained inversion

schemes perform well only under near-ideal 1D conditions (flat ground, small dips, gen-

tle conductivity variations). Piecewise 1D inversion overall better resolves first-layer

thickness but is highly sensitive to distortions and produces spurious oscillations. Lat-

erally constrained inversion is more stable and robust against noise, but at the cost of

thickness accuracy. However, neither method adequately compensates for significant

2D/3D geological effects, confirming that proper assessment of the 1D assumption is

essential before applying these inversion methods.

In Chapter 5, we propose a machine learning XGBoost based inversion strategy, which

successfully maps FDEM data to 1D electrical conductivity profiles. We make use of the

advantage of the XGBoost algorithm to handle non-linearly related measurements and

complex interactions of the different loop-loop configurations. This algorithm, once it

is trained on a sufficiently broad set of synthetic data generated using 1D modelling,

provides estimations in milliseconds, requires no initial model and avoids the itera-

tive and non-unique characteristics of the optimization inversion approach. The XG-

Boost predictor was tested with numerical 3-layered models, proving better results than

the Gauss-Newton approach, even in noise presence. This demonstrates that advanced

machine-learning methods can overcome limitations inherent to traditional inversion,

particularly for speed and non-uniqueness issues. Although their performance depends

on the representativeness of the training dataset and the sensitivity of the measurements
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to the subsurface parameters.

The results of this thesis show that the full use of data (in-phase + quadrature) pro-

vides more complete subsurface information for reliable inversion. However, as we demon-

strated, the FDEM inversion problem is already ill-posed for 1D 3-layered earth models,

requiring prior information. Assuming we have prior information of the subsurface, the

model complexity and geometry of the instrument with respect to topography condi-

tions strongly control the FDEM measurements. Therefore, the assumptions with re-

spect to these factors must be carefully considered, since they impact the performance

of FDEM inversion. Machine learning offers a new pathway for robust and rapid con-

ductivity estimation, provided that training data are representative of the problem we

are determined to resolve.

6.2. RECOMMENDATIONS

The FDEM geophysical method shows great potential as a tool for fast and non-invasive

estimation of the electrical conductivity of the subsurface. As we demonstrated, it is

quite sensitive to changes in the distribution of the conductivity in depth as well as spa-

tially. To better harness the potential of this method, we put forward these recommen-

dations:

METHODOLOGY

Both quadrature and in-phase components of the measurement should be included in

the inversion workflows for improved sensitivity and solution uniqueness. Additional

efforts should be given from instrument developers to provide accurate in-phase mea-

surements. An alternative would be to provide for both amplitude and phase.

Moreover, the combination of multi-frequency, multi-offset and multi-elevation con-

figurations should be investigated. It has been mentioned in previous studies that multi-

frequency and multi-offset instruments have sensitivity to different volumes of the sub-

surface (Blanchy et al., 2024). The combination of complementary sensitivities might

add information to better constrain the inversion problem.

For estimations with multi-layered models, with three-layered or more, when using

optimization inversion approaches it is necessary to incorporate prior geological con-

straints or consider additional frequencies, coil separations, or survey geometries, to

better constrain the solution.

Before applying inversion methodologies, it is recommended to evaluate the validity

of the survey design assumptions, especially for topography, layer dip, and lateral con-

ductivity variations. For surveys in environments with moderate or strong 3D electrical

conductivity variations, one should consider topography 2D/3D forward modelling, or

2D/3D inversion techniques.

Expand machine-learning-based inversion by increasing the range and diversity of

training models, incorporating noise and realistic measurement distortions into the train-

ing data, evaluating model generalization on varied geological settings.
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NOISE

In this thesis, the results of including noise to the inversion problem showed a large im-

pact for inversion estimations. Moreover, we demonstrated with synthetic examples the

instability of the inversion problem to noise even in the two-layered 1D case. It is im-

portant to consider the large uncertainty of the results when the measurements contain

noise. Advanced signal processing techniques, statistical filtering, and machine learning

approaches could be explored for noise reduction and pattern recognition.

6.3. FUTURE RESEARCH

This thesis provides insights into several areas where additional research could help mit-

igate the challenges associated with FDEM forward modelling and inversion. Firstly,

there is a clear need for the development of more efficient 2D and 3D FDEM forward

modelling algorithms. Although 1D assumptions have enabled fast, cost-effective, and

practical surveys, they are often inadequate in areas characterized by complex geology

or highly heterogeneous near-surface environments. In such settings, lateral variations

in conductivity can significantly distort the electromagnetic response, leading to biased

or oversimplified inversion results. Future work should therefore prioritize the develop-

ment of computationally efficient 3D forward solvers that balance accuracy with speed,

potentially through numerical optimization, adaptive meshing, or high-performance

computing strategies. Making robust 3D modelling tools more accessible will be essen-

tial for integrating them into routine inversion workflows and expanding their applica-

bility in both research and industry contexts.

Secondly, further investigation is required to better understand and exploit the infor-

mation content of multi-frequency and multi-offset FDEM systems. These systems pro-

vide complementary sensitivity to different depths and spatial scales, offering the poten-

tial to better constrain multi-layer conductivity models. However, the tradeoffs between

model parameters, the impact of noise, and the optimal configuration of frequencies

and coil separations can be explored further. Future research should focus on system-

atic sensitivity analyses, resolution studies, and uncertainty quantification frameworks

to determine how acquisition design influences model reliability. Improved strategies

for joint inversion of multi-configuration datasets may significantly enhance the robust-

ness and interpretability of subsurface models.

Thirdly, the usefulness and limitations of correction methods for topographic vari-

ations and sensor tilting effects in FDEM measurements warrant more comprehensive

investigation. In real world surveys, deviations from ideal instrument geometry can in-

troduce systematic errors that propagate into inversion results. Future studies should

evaluate these correction approaches through synthetic modelling and controlled field

experiments, with the aim of establishing best practice guidelines and survey strategies

that explicitly account for 3D effects and measurement uncertainties.

Finally, extending machine learning–based inversion approaches to 2D or pseudo-

3D frameworks represents a promising research direction. While current implemen-

tations often rely on 1D assumptions, incorporating lateral variability into data-driven

inversion models could substantially improve performance in complex environments.

This will require the generation of large training datasets and mechanisms to ensure

physical consistency and generalization beyond synthetic training scenarios. Success-
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fully integrating machine learning with advanced forward modelling could ultimately

provide faster, more flexible inversion tools capable of handling realistic geological com-

plexity.
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SYMBOLS

Boldface type indicates vector quantities.

Symbol Description Units

E Electric field strength V/m

B Magnetic flux density T

H Magnetic field strength A/m

Je Electric current density A/m2

Jm Magnetic current density V/m2

D Electric displacement C/m2

I Electric current A

t Time s

ω Angular frequency rad/s

f Frequency s−1

ϵ Dielectric constant F/m

µ Magnetic permeability H/m

ϕ Phase

σ Electrical conductivity S/m

∆V Voltage V

R Resistance ohm

L Inductance H

Hp Primary magnetic field A/m

Hs Secondary magnetic field A/m

P In-phase -

Q Quadrature -

σa Apparent electrical conductivity S/m

β Induction number -

s Loop - loop separation m

δ Skin depth m

µ0 Magnetic permeability of free space H/m

λ Hankel transform integral parameter -

J0 Bessel function of zeroth order -

J1 Bessel function of the first order -

a Elevation from the surface m

R0 Reflection coefficient -
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Z Mutual impedance ratio -

h Thickness of layer m

RS Relative sensitivity -

b normalized depth -

γn Vertical wavenumber m−1

ϵ0 Vacuum permittivity F m−1

m Model vector

m0 Initial model vector

d Data vector

J Jacobian matrix

Cd Data weighting matrix

Cm Model weighting matrix

Φm Objective function

F (m) Forward operator

α Regularization term

ε Error fraction

I Identity matrix

N Diagonal matrix of random values

A Amplitude

D Data set

x Tree input

y Tree output

K Number of tree ensembles

L Objective function
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ABREVIATIONS

EMI Electromagnetic induction

TDEM Time domain electromagnetic induction

FDEM Frequency domain electromagnetic induction

VLF Very low frequency

GPR Ground penetrating radar

ERT Electrical resistivity tomography

MT Magnetotellurics

GPS Global positioning system

IP In-phase

Q Quadrature or Out-of-phase

PWI Picewise 1D inversion

LCI Laterally constrained inversion

HCP Horizontal coplanar

VCP Vertical coplanar

PRP Perpendicular

GS Global Search

GN Gauss-Newton inversion

RMSE Root-mean squared error

NRMSE Normalized root-mean squared error

ML Machine learning

DT Decision Trees

XGBoost Extreme gradient boosting decision tree

GBDT Gradient boosting decision tree

CART Classification and regression trees
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