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solutions contains equivalent models allowing us also to investigate the non-
uniqueness of FDEM data inversion.
Keywords: Frequency-domain electromagnetics, Laterally constrained

inversion, Minimum gradient support regularization, Peat characterization

1. Introduction

Portable electromagnetic induction (EMI) sensors usi~o . rmonic source
waveforms (also known as frequency-domain electromagne. s - FDEM) are com-
monly used to characterize near-surface geoelectrical ~rop :rties. Such methods
are used in various applications including archaer'ng, *al prospection (De Smedt
et al., 2014; Dabas et al., 2016; von Hebel et .'. J21), precision agriculture
(Jadoon et al., 2015; Rudolph et al., 207 Brogi et al., 2019), hydrological
studies (Vereecken et al., 2015; von FeL 1 ~¢ al., 2014; Rezaei et al., 2016;
Robinet et al., 2018), and envirc ime atas studies including the exploration of
peat deposits (Altdorff et al., 2016, Beucher et al., 2020; Clément et al., 2020;
McLachlan et al., 2020). Mode m single-frequency, multi-configuration sensors
can simultaneously sense tl2 ,ui..urface electrical conductivity for different vol-
umes of investigation. Thus, the resulting data sets allow the reconstruction of
heterogeneous model: through data inversion.

For their com utat.onal costs, 2D/3D inversion of EMI data have been used
for the recons cruc.ion of relatively small problems (Sasaki et al., 2010; Pérez-
Flores et al., 2012; Yi & Sasaki, 2015; Benech et al., 2016). However, recently,
new Fourier-uased approaches (Guillemoteau & Tronicke, 2016; Guillemoteau
et al., 2017a) made them practical for large data sets. For characterizing sub-
surface formations of relatively large lateral extent, EMI data are commonly
interpreted using 1D layered medium inversion approaches as they offer a good
balance between robustness and computational expense for this kind of target
(Saey et al., 2012; Grellier et al., 2013; von Hebel et al., 2014; Davies et al., 2015;
Guillemoteau et al., 2016; McLachlan et al., 2021). Like many other geophysical

inverse problems, EMI data inversion is typically ill-posed (Tikhonov & Arsenin,
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1977). To cope with this, a stabilizing term formalizing the available prior infor-
mation is introduced in the objective functional to be minimized. One popular
stabilizer consists of a smoothness constraint term (Constable et al., 1987). As
commonly used in vertically constrained inversion (VCI) approaches, the smooth
constraints limit the variability between the parameter values characterizing the
adjacent layers within the 1D model. To enforce lateral consistency of the in-
version result (i.e., in the neighborhood of 1D models), . erally constrained
inversion (LCI) approaches are used (Auken & Christiarsen, 2004). Here, the
neighboring 1D models are linked by lateral (smootl.c. ) constraints (Auken
et al., 2008; Viezzoli et al., 2010). Such LCI app.oac. = have also been suc-
cessfully applied to FDEM data (Christiansen et .., 2016; Frederiksen et al.,
2017). Nevertheless, such approaches are limited 1. “narp interfaces (e.g., geolog-
ical boundaries between two distinct forriat.ons) are present in the subsurface
(Linde et al., 2015; Zhdanov & Tolsta, . 20u4). One regularization strategy to
enforce a sharp or blocky soluti- n is pased on the minimum gradient support
(MGS) method (Portniaguir= & Zha nov, 1999; Zhdanov, 2002). Within the
MGS regularization, a focvzng | arameter controls the characteristics of the
used stabilizer; i.e., a small arameter value promotes sharp solutions while a
large value promotes sm. other models (Vignoli et al., 2015; Deidda et al., 2020;
Vignoli et al., 2021 The MGS regularization has been implemented in sev-
eral inversion anp. ~acaes for other geophysical methods. For example, it has
been succrssfully vsed for the inversion of gravity data (Last & Kubik, 1983),
electrical resisu vity data (Blaschek et al., 2008; Fiandaca et al., 2015; Thibaut
et al., 2021), seismic dispersion curves (Vignoli et al., 2021), traveltime data sets
(Zhdanov et al., 2006; Vignoli et al., 2012), and time-domain electromagnetic
data (Ley-Cooper et al., 2015; Vignoli et al., 2015, 2017). For FDEM data,
VCI strategies using the MGS regularization have been presented by Deidda
et al. (2020). In contrast, to our knowledge, this is the first implementation of
MGS-LCI for FDEM data.

Depending on the application, targeted structures may show different lateral

consistency (e.g., tens to hundreds of meters of soil layers versus meter-sized ar-
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chaeological artifacts) and variable interface sharpness (e.g., gradual variations
in fluid or sand content within a single geological unit versus a sharp, distinct
interface between two geological units). The inverse problem is often non-unique
regarding these characteristics. It is therefore necessary to develop rapid and
rather exhaustive data inversion procedures, which automatically provide a so-
lution for different geological settings.

In this study, we present a novel LCI approach for FL"™“M data based on
the MGS regularization in both the vertical and the 1te1 ! direction. Our
inversion strategy relies on a gradient-based inversion r.o. ~aure which converges
for arbitrary model sharpness and lateral consisten :y «.-<, thus, efficiently and
automatically provides a set of equivalent solutions ‘in terms of data misfit). In
the following, we provide the details of this inversic» strategy. Then we evaluate
our proposed method using 1D and 2D s/n*aetic data sets computed with full
non-linear forward modeling approache.. Finally, we apply such a multi-solution
strategy to a field data set acqu'red n Paulinenaue, Germany, to explore and

characterize peat deposits.

2. Theory

EMI multi-config. ratio.. sensors typically provide LIN (low induction num-
ber) apparent conduc“ivity o, data calculated after McNeill (1980). In the
presented inve csio ~ procedure, we convert the given LIN conductivities back to
out of phasc (Ui ) data and to robust o, values using the full homogeneous
half-space th-_ry (Wait, 1962) as described in Guillemoteau et al. (2016). Simi-
lar transformations are commonly used in electrical resistivity tomography and
have also been used for time-domain electromagnetic approaches (Christensen,
1995; Guillemoteau et al., 2011, 2012). They allow to remove the effect of the
acquisition parameters (e.g., frequency, configuration or sensor clearance) from
the data. The resulting modified data space used for the inversion thereby only
contains information related to the subsurface properties. Following Johansen

(1977), we invert the logarithm of o,. The vector of the observed data d°®® is



O©CO~NOOOTA~AWNPE

90

95

100

105

110

given by

debs = [logog,1,log0g2,. .., logaawd]T, (1)

where Vg is the number of data points. When performing a 1D inversion for one
sounding, N4 is equal to the number of configurations V.. When simultaneously
inverting several soundings, Ny is equal to the number of configurations N, times
the number of soundings N,. Similarly, we define the model parameter vector

m using the logarithmic conductivities of the individual layec.~ by
m = [logor, 1ogos, ... loga,, | )

where N,, is the number of model parameters. * the inversion is performed
for one sounding, N,, is equal to the number Of la_ers N;. If the inversion is
performed for N, soundings, m is a vector cont-.ini. @ the N, times N; elements.

In our inversion approach, to obtair a. ~stimated solution of the model
parameters explaining the observed da. =, we minimize the following objective

function ¢:

obs mod a (D m) (D m)
¢ = Z W), — (Wd™o*)) +a ) (Dzm)3 + ¢ Y (D, m)3 + 2

j=1
(3)

The first sum describ»s “he aata misfit; i.e., it characterizes the difference be-

tween the observed da.> d°®® and the modeled data d™°¢. W is a diagonal
matrix containing 'at . weights, which are set depending on the characteristics
of the assrmed dat 1 uncertainties. The second sum of equation 3 is the regular-
ization term. 'i’he importance of this sum with respect to the data misfit sum is
controlled by the scalar value a. Within this second sum, the two terms describe
the model constraints in the vertical (z) and lateral (x) direction, respectively.
The relative level of the lateral constraints is controlled by the scalar value w.
Having a different weight between the spatial components is not unusual (in this
respect, for example, Auken et al., 2015) as the correlation lengths are generally
different. The matrices D, and D, are first-order spatial differential operators
for corresponding neighboring model elements of m in the vertical and lateral

direction, respectively. The scalar value e avoids singularity occurrences when
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(D.m)? = 0 or (Dym)3 = 0, and defines the threshold to consider the varia-
tion of the model parameters significant (e.g., Vignoli et al., 2021). Due to the
latter fact, € is commonly referred as the focusing parameter.

We minimize equation 3 using the following iterative formula (Constable

et al., 1987):

mgy1 = [J7 (my)Cqd (my)+a,S(my)] LI (my)Cyqld®® — f(m,)+J (ms)m,),

(4)
where s denotes the iteration number, J is the Jacobian of tt 2 problem, Cyq =
WTW is the data weighting matrix, S the regula izat.on matrix described
below, and f represents the 1D forward modeling ~f the data. Here, f is the
logarithm of the full 1D non-linear forward .- deli, g of o4, which consists of
two steps:

m, —— OP(m,) — > — log(c4(OP)).

Transformation 1 corresponds to +ue ull *D forward modeling of the OP data,
and transformation 2 is the conve. -on of the OP data into o, data using the
full homogeneous half-space t1. ory. The latter transformation is univocal and
reversible in the low to mod 'r7.ce “aduction number range, which is the operating
domain for portable rieid-. ~om mono-frequency sensors as considered in this
study. The Jacobian ' of ile logarithm of o, ; with respect to the conductivity
of the layer j com be -alculated, by simply applying the differentiation chain

rule, as (Guill :m¢ cau et al., 2016)
gj 80(“- OPZ(O'+AO'])7OP1(U)

Til, = Oai OOP, Ao; ’ (5)

dO’a,qj

00O P;

where the derivative is numerically evaluated when converting OP data
into robust o, data. The diagonal entries of the Ny x Ny data weighting matrix
C are set depending on the data uncertainties after Tarantola (2005) which,

for the logarithmic space, is calculated by (Guillemoteau et al., 2017b)
(Ca)ii = log(1 + &) 2, (6)

where d; is the relative uncertainty of the o, data. In practice, when assuming

relative uncertainties, we directly set d; to the required value. On the other
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hand, to model absolute uncertainties Aog; in S/m, we set §; to

6‘ _ Aaa,i

Ta,i

)

In equation 4, the regularization matrix S is defined as:

1
S=——— . [LTL LTL 8
Sdiag(LIL,) ebe T ekele) ¥
where the matrices L, and L, are the MGS operators for the vertical and lateral
direction:

D, W

L,=—————— and Lp=—— . (9)
[D,m]? + €2 L s+ €

The MGS operator is model-dependent. As a co. sequence, the optimal reg-
ularization weight o might vary during the itera. ons primarily depending on
m. In equation 8, the scaling by the t ace of LLL, is applied to make the
a-search general and avoid the need fo. rdjustments every time the range of the
conductivity and/or its spatial ¢ >rivr.cives change. The optimal « value is au-
tomatically found at each ite-ation by computing the root mean square relative
error (RMSRE) between ths ~bsc ved and modeled o, as a function of a (the
a-search is performed ovor s vrral orders in a logarithm scale beginning with
a large value and decvecing it until the RMSRE value is increasing). In our
inversion strategy, v~e s arting model mg contains Ny homogeneous media M

defined as the mea. o' the observed robust o, data for each sounding k:
mo = [M;,...,My,..., Mn,]", (10)

where, for all components of the k-th 1D conductivity model, each layer has a

conductivity equal to
My, = log(5%) forl=1,...,N,. (11)

It is important to highlight here that for the case of portable single-frequency
instruments, which operate at low to moderate induction numbers, the starting
model is by definition not a critical choice, and thereby nor a relevant parameter

to be explored as the vertical sensitivities are very poorly dependent on the
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model of conductivity (Guillemoteau & Tronicke, 2016). The estimated solution
m of the inverse problem is found, when 1) the RMSRE is below a threshold,
which is set according to the assumed noise/uncertainties, or 2) the relative
change in RMSRE is below a certain threshold, which we set to 25 % of the
RMSRE.

3. 1D synthetic data example

With this first example, we want to demonstrate the rasic principles of the
presented inversion procedure using a 1D synthetic d ‘ta s t consisting of a sin-
gle sounding (Ns = 1). We consider the case of a fo. -configuration instrument
operating at a single frequency of 9 kHz place. at ' .25 m above ground. The
four configurations consist of two horizont=1 coplanar (HCP) and two perpen-
dicular (PERPx) configurations with ~o0." sp..cings of 1 m, 2 m, 1.1 m, and
2.1 m, respectively. Here, we pe’.o1 n « noise-free synthetic test to focus on
the characteristics of the impleme..* :d model constraints. The used subsurface
model consists of two layers \igure 1): A conductive layer at the top with
o1 = 0.1 S/m, and a mo1> e “tive layer below with oo = 0.01 S/m. The
interface between these cwce 'ayers is located at a depth of 0.5 m.

For the inversion - f thi. synthetic sounding, we set the number of layers IV;
in the model space t. 50 with increasing thickness towards deeper layers up
to a depth of + n. because we analyze a single sounding, we consider vertical
constrainus ¢ ~ly .u equation 3 and, thus, we follow a VCI strategy. Because all
other param “crs are fixed or automatically found within the inversion proce-
dure, only two user-specified parameters control the inversion result. These are
the scalar value ¢ and the assumed data uncertainty ; (see also equations 6, 7

and 9).

8.1. Influence of € on the inversion result

To show the influence of € on the inversion result, we set the assumed noise

Ao, to a constant absolute value of 0.1 mS/m. This value is indeed quite
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small and definitely far from being realistic, but, here, the point of this exercise
is to verify the impact of the focusing parameter values on the inversion. The
inversion results for different e values are shown in Figure 1. The RMSRE of all
results are in the same range (between 0.22% and 0.36%); i.e., all of the shown
results can be considered as equivalent models. In general, a small value of ¢,
for this example 0.01, produces a sharp/blocky inversion result. In fact, the
name minimum gradient support indicates that the chosen stabilizer tends to
minimize the support of the spatial model gradient (i.e. che rea in which the
gradient is not vanishing). The focusing parameter <c..nes, in a broad sense,
when a conductivity variation is small enough to be --glected (so it defines
the support). On the other hand, large values o1 ‘he spatial variation of the
model are not particularly penalized (as, on the contrary, it happens in the
standard Occam’s inversion). Using a 'idg'. ~ value, the regularization term
aims at minimizing the gradient of the noder parameter vector equally over the
whole model space. Thus, in thi firs, synthetic example, high e values favor a

smooth inversion result.



O©CO~NOOOTA~AWNPE

215

220

1D VCl results

R |

0.1f R
0.2F 1
0.3f 1
0.4+ 1
~0.5 1
E
£ 06 R
[o%
o)
00.7r ]
0.8 | DU mt'(-gl‘
e=0..
0.9 ——c — (07 1
e=NA1
r —016 |
— 025
1.1 1
B S
0.01 1204 0.07 0.1 0.13

a (S/m)

Figure 1: 1D VCI results for sevr ra) alues of e. The input model (black line) used for forward
modeling the synthetic data ~ons¢ <t of a conductive top layer with o1 = 0.1 S/m and a

second, more resistive layer 7ith o, = 0.01 S/m. The interface is located at a depth of 0.5 m.

3.2. Influence of the «.sumed noise level on the inversion result

The MGS »per. tor describes an iterative sharpening procedure which is re-
lated to the .. wmber of iterations. Therefore, a change in the assumed noise
level, which influences the number of iterations needed to solve a specific inver-
sion problem, results in different levels of model sharpness. To illustrate this
link, the inversion results for each iteration using € = 0.01 are shown in Figure
2a (see also orange line in Figure 1). In Figure 2b, we show the corresponding
RMSRE values for each iteration. In this example, the assumed absolute noise
Aog; is set to 0.1 mS/m. We obtain the logical final inversion result after six
iterations. Starting with a homogeneous initial model, the level of sharpness in-

creases at each iteration; i.e., the size of the gradient variations along the model

10
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parameter vector is increasing. The RMSRE value decreases with each iteration
and, using a noise level of 0.1 mS/m, the corresponding RMSRE threshold of
0.25% (red dotted line in Figure 2b) is reached after six iterations. If we assume
a noise level of 1 mS/m, we reach the corresponding RMSRE threshold of 2.5%
(blue dotted line in Figure 2b) after four iterations. Comparing the models
obtained after four and six iterations (blue and red line in Figure 2a) illustrates
that a higher value of the assumed noise level decreases the 1 ‘mber of iterations

needed to obtain a final inversion result but, decreases tlz le =l of sharpness in

the result.
a) 1D VCl iterative results for ¢ = 0.01 b) 40 RmSRE for € = 0.01
T T T l(’, T T T
01F b I
(]
0.2f b I F
0.3F 1
w (]
0.4r 1 @© 25 —————— |
g |
0.5 b
E SO *
06 © |
§ I °
077 ] 025 ———— —— - —— — o
os | - | |
m— npL. model 0.1 1 2 3 4 5 6
0.9r m— == G orting model | |
= — == eration: 1 Number of iterations
i — - Iterat?on: 2 T ® RMSRE
| lteration: 4 | | — — — Noise level = 0.1 mS/m
-l Ilteratlon: 6 — — — Noise level =1 mS/m
0.01 0.04 0.07 0.1 0.13
o (S/m)

Figure 2: a) 1D VCI results for several iterations using ¢ = 0.01. The input model (black
line) used for forward modeling the synthetic data consists of a conductive top layer with
01 = 0.1 S/m and a second, more resistive layer with oo = 0.01 S/m. The interface is located
at a depth of 0.5 m. b) The RMSRE evolution with each iteration corresponding to the
results shown in a. The dotted lines indicate two different RMSRE thresholds, using different

absolute values of noise.
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4. 2D synthetic data example

Typical field data sets consist of thousands of soundings across large areas
(e.g., several hectars) along numerous profile lines. In this second synthetic
example, we use the same four-configuration instrument as used in the first ex-
ample and compute a 2D synthetic data set across a subsurface model showing
lateral variations in electrical conductivity. For simulating ‘his data set, we use
a 3D non-linear forward modeling method based on the finite . ~lume approach
(Haber, 2014). The synthetic data set consists of 215 fou. -cor.iguration sound-
ings with a in-line spacing of 0.6 m, resulting in Ny = 60. The input subsurface
model consists of two layers separated by an oscilla.‘ng interface. Comparable
to the fist synthetic example, the electrical co. duc ivity of the upper layer is
0.1 S/m and 0.01 S/m for the lower layer Tne imerface depth starts with a
constant value of 0.3 m and varies betw. n (.3 m and 1.5 m with increasing
wavelengths towards the end of t'.e |, roi’» (see Figure 3a). This input model
can be separated into two parts. L. : first part, up to approximately X = 70 m,
can be regarded as a 2D contex* because the wavelength of the interface undu-
lations is below or equal to the -~eral footprint of the used coil configurations,
which can be approximited by 1.5 times the maximum coil spacing as learned
for example by study ng ti.e 3D sensitivity patterns of the configurations (e.g.,
Guillemoteau & Trom %e, 2015). The second part of the profile (at around X =
70 m and mo'e) v n be regarded as a quasi-1D context. We add uncorrelated
noise of =1 M5, to the synthetic LIN o, data, and define the value of the
assumed noi: - Aog ; for the inversion at the same level. In accordance to the
first synthetic example, we set the number of layers IV, to 50 with increasing
thickness towards deeper layers up to a depth of 4 m.

First, we perform a VCI of the synthetic data set for two different € val-
ues, where the individual soundings are inverted independently and, thus, the
resulting solutions are stitched together for generating a pseudo-2D model. In
Figure 3, we show the inversion results of a VCI for ¢ = 0.01 (Figure 3b) repre-

senting a sharp result, and for e = 1 (Figure 3c) representing a smooth result.

12
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The OP data and the corresponding robust o, data misfits are shown in Figure
3d-e. Both results provide a good image of the input model (see Figure 3a)
as also indicated by the black lines in Figure 3b-c representing the location of
the true interface. Major discrepancies are found in the first part of the pro-
file, which corresponds to the 2D context. These results are expected and are
used here to illustrate the limitations of the 1D assumption regarding the lat-
eral resolution capabilities. The major difference between " e inversion results
obtained using different € values can be seen in the trans’ion zone between the
two layers. A lower value of € shows a higher gradie. ™ wuis zone. The two
solutions are indeed comparable as they are chara<ter..~. by a similar level of
data fitting (Figure 3f). In the VCI results, the tai ~au variations in the electri-
cal conductivity values, especially visible within v.~e bottom layer, show a lack
of lateral consistency, which can be tack’ed when including lateral constraints

in the inversion procedure.

13
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Input subsurface model d) Out of phase data

Stiched VCI results for € = 0.01

o (S/m)

50 100 0 50 100

| —— Syn. data —<— Mod. data: € = 0.01 —+— Mod. data: ¢ = 1

Robust o,

Stiched VCl results for e = 1

o (S/m)

50 100

0

50 100

280

o (S

0 50 100
X (m) X (m)

Figure 3: a) Input subsurf>-e mc lel used to compute the synthetic data. b) Stitched VCI
result using € = 0.01. ¢) . itche VCI result using e = 1. In b) - ¢), the black line indicates the
true interface depth ana he gray line indicates an estimated maximum depth of investigation
for this scenario. 4) L™ .ata of the second synthetic example (black line) compared to the
data from two Y CI results. e) Converted robust o, of the second synthetic example (black

line) compared ~ the data from two VCI results. f) RMSRE misfit for the two VCI results.

When using our LCI approach, all soundings are inverted together and we
have to consider two regularization parameters (e and w, see also equation 3).
The value for w defines the weight of the lateral constraints; i.e., a higher value
enforces a larger lateral coherence. Similar to Figure 3, we show in Figure 4
the LCI results for two selected € values. We tested different w values between
0 and 1. In practice, an acceptable value can be easily and rapidly found with

few tests by checking if the model of the first iteration shows lateral variations

14



O©CO~NOOOTA~AWNPE

285

290

295

300

which are consistent with the lateral distribution of the data. For this example,
such strategy yielded a value of w = 0.3. Compared to the VCI case (Figure 3),
the lateral consistency in the LCI results increases (Figure 4) and the difference
between the sharp (Figure 4b) and the smooth (Figure 4c) inversion result is
more obvious. The data misfit for both LCI results are similar. Compared to
the misfit curves shown in Figure 3, the misfits for the LCI results are higher
for the first part of the profile and lower for the second art of the profile.
Thus, in the 2D context part of the profile (where later . vc viations are more
pronounced), enforcing lateral coherence increases th: . isuatch between cal-
culated and observed data. On the other hand, in the ') context part of the
profile (where the lateral variations have chara tei stic lengths larger than the
instrument footprint), imposing lateral constraints ‘mproves the performance in
terms of local data fitting. In this part of tb: nrofile, the LCI models also show
a better reconstruction of the input su’ surtace model compared to the VCI re-
sults. To demonstrate this in m e .etail, we show zoom-ins of the inversion
results for all four cases (tw~ VCI a.d two LCI results) in Figure 5. We no-
tice here that the lateral co . ‘ste. cy increases when adding lateral constraints
(from left to right columr of ““ieare 5) and the level of sharpness increases when

decreasing the value ct ¢ (from bottom to top line of Figure 5).
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Figure 4: a) Input subsurfe -2 moJ 21 used to compute the synthetic data. b) LCI result using
€ = 0.01 and w = 0.3. ) LC. result using ¢ = 1 and w = 0.3. In b) - ¢), the black line
indicates the true interic "e aepth and the gray line indicates an estimated maximum depth
of investigation for th. < enario. d) OP data of the second synthetic example (black line)
compared te the data from two LCI results. e) Converted robust o, of the second synthetic
example (black "‘ne) compared to the data from two LCI results. f) RMSRE misfit for the
two LCI result-
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Figure 5: VCI results using (a) € = 0.01 and (b) : = L, and LCI results using (c) e = 0.01 and
w = 0.3 and using (d) e = 1 and w = 0.3. T} - blac.. line indicates the true interface depth.

5. Field data example

Our field data set has »e . -cquired in Paulinenaue, Germany, on a test
site of the Leibniz Centre [~r Agricultural Landscape Research (ZALF). This
area is characterized by p -at deposits in an overall sandy environment. The
peat is expected to st w rather large electrical conductivities (around 0.1 S/m)
and, thus, a ci.ea. contrast to the surrounding, more resistive sand. The goal
of our geupw. sica survey is to assess the potential of the EMI method and the
proposed tur-ble LCI approach to delineate and characterize the peat layer.

Our data have been acquired using the commercially available EMI system
DUALEM-21S (Dualem Inc.). This device operates at a fixed frequency of 9 kHz
and consists of four configurations, with a horizontal transmitter coil. Two hor-
izontal receiver coils (HCP configurations) are placed in 1 m and 2 m distance
and two receiver coils are placed perpendicular (PERPx configurations) respec-
tively at 1.1 m and 2.1 m from the transmitter. During the survey, the device

was mounted on a cart at a fixed height of 0.25 m above ground. The positions
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of the system are obtained by using a self-tracking total station (Boniger &
Tronicke, 2010). In this work, we focus on one selected profile of about 50 m
length with a spacing of around 0.5 m between the individual soundings. We
focus on this specific profile as several push soundings (performed for measuring
the peat thickness) are available.

For the inversion, we set the number of layers N; to 50 with increasing
thickness towards deeper layers up to a depth of 4 m. The a umed noise of the
data Aog; is set to 1 mS/m which is a reasonable asstmp.'on for describing
sensor noise and drift for this specific instrument (s.c¢ Qaussens et al., 2021,
Figure 9) as well as noise due to the instrument atu*.de. In Figure 6, we
show a total of nine inversion results using th ee ‘iherent values of ¢ and w.
For w = 0, all soundings are inverted together h.vever, no lateral constraints
are used. This can be considered simile : t, a VCI. However, compared to a
classical single sounding VCI, here. ai. the soundings are jointly inverted; i.e.,
the inversion relies on a single glchal d ata misfit norm. In this way, all soundings
can be inverted with the sarme numuw >r of iterations, so that the whole set of
solutions shows a comparab'_ lev ' of sharpness.

In the shallower part of the inversion results (Figure 6), we see a low con-
ductivity body (aroura * 005 S/m) at the beginning of the profile, followed by
a high conductivity hod - (around 0.07 S/m to 0.12 S/m) towards the right side.
At depth, the cond rct.vity is quite homogeneous and higher (around 0.02 S/m
to 0.04 S/ ™) ‘han wmside the resistive body. A small 2D/3D data anomaly can
be seen at arou1d X = 28 m. Such short wavelength data anomaly locally yields
1D LCI models, which likely are unrealistic (2D/3D artefacts). By definition, it
may be more robustly interpreted with a multi-dimensional inversion procedure
(e.g., Benech et al., 2016; Guillemoteau & Tronicke, 2016; Guillemoteau et al.,
2017a). In Figure 6, we interpret the shallow low conductivity body as unsatu-
rated sand and the high conductivity body as the peat layer. The bottom part is
interpreted as water-saturated sand characterized by a higher conductivity than
the unsaturated sand. When comparing each inversion result in Figure 6, we

notice two major features that are in agreement with our expectations: 1) The
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Level of sharpness

lateral consistency increases when using a higher value for w; i.e., the abrupt
changes in electrical conductivity along the profile decrease with increasing w.
30 Additionally, the 2D/3D artifact at around X = 28 m is less noticeable when
using a higher value of w. 2) The level of sharpness increases with decreasing

values of e.

e=001;w=0

€ =0.01;w=0.1 e=0.01;w=1

10 20 30 40 10 20 30 40 v
e=0.1;w=0.1

20 30 40
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110

10 20 30 40 10 20 “u 40
e=1"w-.0."

S

- 1
30 40
X (m)

0
8

(] o

Lateral consistency

Figure 6: Results of the fielc data example using the LCI approach with three different values
for € as well as for w All shown results have similar data misfits and can therefore be seen
as equivalent sol 1tion. The gray lines indicate an estimated maximum depth of investigation

for each scena. 1.

All shown inversion results fit the data at the assumed level of measurement
uncertainty despite having different lateral consistencies and levels of sharpness.

s Finding the best solution is therefore only possible with additional knowledge or
(geophysical) data. For this field data set, former studies, for example borehole
drillings, provide such additional knowledge. Firstly, the peat-sand-interface is
expected to be sharp, and secondly, the peat layer is expected to be laterally
continuous. Thus, we select the LCI case using ¢ = 0.01 and w = 1 as the

w0 preferred solution. We analyze this result in more detail in Figure 7. In the
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inversion result (for clarity replicated in Figure 7a), we also show the results
from the available push soundings (indicated by the black lines). The estimated
peat thicknesses from these soundings are in good agreement with the selected
inversion result. The RMSRE along the profile (Figure 7b) shows larger values
for the first part (from X = 1 m to X = 18 m), which can be easily justified by
the low o, values in this part. Additionally, the RMSRE curves for all other
LCI results in Figure 6 are plotted in Figure 7b confirming the equivalence of
all retrieved solutions in terms of data misfit. As indi ate.' by the OP and
the robust o, misfit plots (Figure 7c-d), the absolut. & 'fterences between the
observed and modeled data are equally good alov.g 1.~ entire profile. Given
the satisfactory data misfit and the excellent c¢orre’ation with the results from
the push soundings, the selected inversion resul* p. wides a plausible subsurface

conductivity model with an easily interp: ets.ole result.
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Figure 7: a) LCI result of the selected model - sirg - = 0.01 and w = 1. The black lines

indicate the estimated peat thickness obtains - frou. push soundings. The gray line indicates
an estimated maximum depth of invest'gati n fo. this scenario. b) RMSRE along the whole
profile of the selected model (red line) a. -~ all the other LCI results shown in Figure 6 (gray
lines). c¢) OP data of the observed 'ata (black line) and the modeled data (red line) from the
selected model. d) Converted o, <. *a ¢. the observed data (black line) and the modeled data

(red line) from the selected moael

6. Conclusions

In this we.k, we present a novel tunable LCI approach for FDEM data
using a regu'arw..cion based on the MGS method. We apply this approach to
a 1D and a 2T synthetic data set and, finally, to a field data example recorded
to characterize peat deposits. Our results clearly confirm that one can rather
easily control the level of sharpness of the inferred model by simply acting on
the focusing parameter e. Using our 1D synthetic example, we also illustrate
that the required number of iterations of the inversion strongly depends on the
assumed noise level of the data. That means, a lower level of the assumed
noise increases the number of iterations, whereby a higher number of iterations

results in a higher level of sharpness in the inversion result. Our 2D synthetic
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example demonstrates the advantage of using lateral constraints in a quasi-
layered environment. However, despite using a 2D regularization, it is important
to keep in mind that the present inversion approach is based on a 1D theory.
Consistently, the effectiveness of the proposed approach shows its limitations
when the 1D ansatz is not met (for example on the left side of the 2D synthetic
example or near X = 28 m in the field data example).

For our field data example, we generate a set of ninc solutions showing
distinct levels of sharpness and lateral consistency (all v ith -imilar misfit lev-
els). For this specific survey, we aim at characterizins, a ~avuer clear boundary
between a laterally extended peat deposit and tbe w. '-claying sand. In this
context, we expect that the sharpest solution w’ch . strong lateral weight is the
most adapted approach. This is indeed confirme. by the push measurements
available.

With our field data example, we sh. v that our LCI approach can automati-
cally provide (in terms of data 1 sfit’ a set of equivalent inversion results char-
acterized by different levels ¢f sharpn.ss and variable lateral consistencies. It is
therefore applicable for a wil. ra. e of subsurface settings. This multi-solution
strategy highlights the rou-1 ni jueness of the presented 1D LCI problem and
underlines the importan e ot having additional complimentary data helping to

find a reliable solut:~n.
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- First LCI of FDEM data using both vertical and horizontal MGS constraints
- The presented algorithm can generate pseudo-2D models of adjustable sharpness
- The generated sets of equivalent solutions highlight non-uniqueness



Conflict of Interest

Declaration of interests

The authors declare that they have no known competing financial interests or personal relationships
that could have appeared to influence the work reported in this paper.

CThe authors declare the following financial interests/personal relationships which may be considered
as potential competing interests:




