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ABSTRACT

Subsurface resistivity in geophysics is commonly estimated indirectly from de-
pendent measurements. This relationship can be approximated in a forward
operator using physical models, such as Maxwell’s equations for time-domain
electromagnetics (TDEM), where measured voltages in receiver coils arise from
decaying magnetic �elds. In TDEM, the inverse operator usually does not exist,
so inversion methods estimate resistivity by incorporating measurements, prior
information, error assumptions, and the forward operator. A common assumption
in forward models is that the subsurface is one-dimensional (1D), with resistiv-
ity varying only vertically. When lateral variations are present, this assumption
introduces a 3D modeling error. Understanding these errors and their resulting
artifacts is crucial, as the 1D assumption is widely used but often inaccurate. The
e�ect of 3D modeling errors in TDEM inversion is examined using three distinct
three-layer geological model types: a buried valley, a lens at the surface, and
variation in topography. Realistic 3D data are computed for each of the three
scenarios, and the impact of using deterministic and probabilistic 1D inversion
is investigated. In all three cases, features appear in the solution to the inverse
problem that are not consistent with the reference model. The erroneous fea-
tures can be directly linked to using a 1D forward model to describe 3D data.
Goodness-of-�t metrics such as the normalized data residual are analyzed and
found to be unreliable indicators of whether the inversion model structure is real
or a 3D artifact. Lastly, a case is presented where inversion models of SkyTEM
data from Ribe in southern Denmark show structures similar to those found in
the analysis, highlighting the applicability of this analysis to interpretations of
real TDEM datasets.
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INTRODUCTION

The time-domain electromagnetic (TDEM) method is widely used in exploration geo-
physics due to its ability to non-invasively obtain information about the subsurface
conductivity structure at a large variety of depths. Generally, inductive methods such
as TDEM also have the advantage that they produce viable data when instruments
are mounted on a moving platform, which may either be towed on-ground (Auken
et al., 2019a,b), 
oating on a body of water (Auken et al., 2019b) or mounted on
an air-borne frame (Witherly et al., 2004; S�rensen and Auken, 2004; Lane et al.,
2000). This makes the method very versatile and useful for a large variety of applica-
tions, such as in environmental studies (Christensen and Halkj�r, 2014), mapping of
aggregate construction materials (Ellefsen et al., 1998), exploration for groundwater
resources (Siemon et al., 2009; Minsley et al., 2021), and even for general geological
mapping (H�yer et al., 2015).

Being able to properly model and calculate the physics of a TDEM sounding, the
forward calculation, is crucial for the extraction of information from data through
geophysical inversion. The TDEM method is based on Faraday’s law of induction,
which states that any magnetic �eld that varies in time is always associated with an
electric �eld which also varies in both time and space. By passing a constant cur-
rent through a conducting loop, a static magnetic �eld is induced. If the current is
abruptly switched o�, causing the magnetic �eld to quickly disappear, eddy-currents
are induced in the subsurface which di�use outwards and away from the loop source.
Since these eddy currents produce their own time-varying magnetic �eld, usually re-
ferred to as the secondary �eld, an electromotive force will be exerted in the loop
receiver. Data is obtained by measuring the value of this secondary electromotive
force in a receiver loop as it varies in time, with early values predominantly asso-
ciated with shallower eddy currents and later values associated with predominantly
deeper eddy currents. Given some discretization of the subsurface, divided into a
set of volumes with a constant conductivity value within each volume and su�cient
computational resources, it is possible to calculate an approximation to this forward
response under certain assumptions, usually by solving Maxwell’s equations in the
quasi-static approximation (Ward and Hohmann, 1987). However, this is often not
feasible in practice, especially for large scale surveys, due to the high computational
cost of the calculation (Bai et al., 2021; Deleersnyder et al., 2024). In practice many
approaches instead rely on a forward calculation that assumes a laterally homoge-
neous 1D layered earth, greatly reducing the complexity of the calculation (Auken
et al., 2015; Brodie, 2016; Heagy et al., 2017; Falk et al., 2025).

Given the widespread use of the 1D assumption it is important to keep in mind
that it is never ful�lled. In situations where the subsurface structure cannot be
approximated by a 1D model this assumption will introduce a 3D modeling error in the
forward model, sometimes referred to as "geological noise" (Everett and Weiss, 2002).
Often the presence of such 3D modeling errors may be identi�ed by characteristic
3D artifacts in the inversion results, such as sharply dipping layer boundaries at
the edges of lateral structure discontinuities, referred to as "pant-legs" (Goldman
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et al., 1994). Other well documented 3D artifacts include the underestimation of
layer boundary slopes (Danielsen et al., 2003), distortions of conductivity contrasts
(Goldman et al., 1994) and the underestimation of the depth to the base of a buried
valley structure (Bai et al., 2021). If not handled meticulously, these 3D modeling
errors may produce geologically unrealistic models - or worse, geologically realistic
models that are erroneous.

To the best of our knowledge, no studies comprehensively document the e�ects of
3D modeling errors on inversion results for models with more than 2 layers. Further-
more, while we know of no studies analyzing in detail the tempo-spatial structures
of 3D modeling errors in TDEM or their impact on �t metrics such as the normal-
ized data residual in least-squares inversion or the average likelihood of prior models,
known as the evidence in probabilistic inversion, Xiao et al. (2023) does show how
3D modeling errors near a conductive saltwater shoreline a�ect the normalized data
residual.

We document 3D modeling errors across both temporal and spatial domains, based
on synthetic TDEM survey datasets across three di�erent geological settings - a non-

at topography, a buried valley structure and a lens structure which is exposed at
the surface. All three models have three layers with resistivities 20
m, 70
m, and
200
m. The analysis will cover all six possible permutations of the combination of
these resistivities and the three layers for each geological type, so that there is a total
of 18 di�erent three-layer models. The aim of this study is to answer the following
questions: how do 3D modeling errors, leading to 3D modeling errors, manifest for
di�erent resistivity structures in data and in inversion models, what role does variation
in resistivity contrasts have in de�ning the answer to that question, and how are the
goodness-of-�t measures in
uenced by the presence of 3D modeling errors?

THEORY

The Forward Problem

The forward problem in geophysics describes the relationship between model param-
eters and the theoretically predicted data. For a given set of model parameters m,
the forward operator F refer to the forward mapping from m to predicted data d:

d = F (m) (1)

In time-domain electromagnetics (TDEM), the forward operator solves Maxwell’s
equations in the quasi-static approximation to predict the transient electromagnetic
response for a given subsurface resistivity distribution. This theoretical relationship
is exact in the sense that it does not account for any errors or uncertainties.
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Observed Data and Errors

In practice, observed data dobs di�er from theoretical predictions due to various
sources of error:

dobs = F (mtrue) + n(m) (2)

Here, n(m) represents the combined e�ect of all errors a�ecting the observed data.
These errors can be broadly categorized into:

1. Measurement noise: Random 
uctuations and systematic errors in the record-
ing instruments

2. Modeling errors: Discrepancies between the theoretical model, F , and reality

In TDEM surveys, modeling errors are particularly signi�cant when using simpli-
�ed theoretical approximations, such as using a 1D forward model to approximate
real-world 3D structures:

nmodeling = F3D(mtrue)� F1D(mtrue) (3)

Such 3D modeling errors may, if its amplitude is signi�cantly high as compared to
measurement noise, introduce systematic biases in the inversion results that appear
as artifacts in the recovered resistivity models.

We consider two di�erent approaches to inversion: deterministic and probabilistic
methods.

Deterministic Inversion

The deterministic approach to solving the inverse problem typically involves mini-
mizing an objective function consisting of data mis�t and model regularization terms
(Menke, 1989):

�(m) = �d(m) + ��m(m) (4)

Where:

• �d(m) = kWd(dobs � F (m))k2 is the weighted data mis�t

• �m(m) = kWm(m�mprior)k2 is the model regularization term

• � is the regularization parameter balancing data �t and model constraints
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• Wd and Wm are weighting matrices related to data and model covariances

The goal is to �nd a model m that minimizes �(m), typically through iterative
optimization techniques. The solution depends critically on the chosen regularization
and may be in
uenced by the starting model and inversion parameters.

Probabilistic Inversion

The probabilistic approach frames the inverse problem in terms of probability density
functions. Following Tarantola’s formulation (Tarantola and Valette, 1982; Tarantola,
2005), all information is expressed through probability densities:

1. Prior model information is represented by �m(m), incorporating any available
constraints on model parameters.

2. Data information is represented through the likelihood function L(m) the repre-
sent both measurement noise, �d(d), typically a Gaussian distribution centered
on the measured values, dobs, with covariance re
ecting measurement uncer-
tainties, and modeling errors, represented by �(djm).

The solution to the inverse problem is the posterior probability density function,
that represents the combined state of information, which is given by combining the
prior and data information as (Tarantola and Valette, 1982):

�(m) / �m(m) L(m) = �m(m)

Z
�(djm) �d(d) dd (5)

Unlike deterministic inversion that yields a single "optimal" model, the proba-
bilistic solution provides a distribution of models that re
ects the combined state of
information and associated uncertainties. In this framework, modeling errors can be
explicitly incorporated in the likelihood function �(djm), allowing for more robust
interpretations that account for the limitations of the theoretical approximations.

In practice, however, modeling errors are often ignored or inadequately accounted
for in the likelihood function. The typical assumption is that the theoretical rela-
tionship is exact, in which case �(djm) = �(d � F (m)), where � is the Dirac delta
function. Then the posterior distribution becomes:

�(m) / �m(m) �d(F (m)):wa (6)

This simpli�cation, while computationally convenient, potentially leads to biased
inversion results when signi�cant modeling errors are present (Hansen et al., 2014).

The central aim of this paper is to investigate the consequences of ignoring mod-
eling errors that arise from using 1D forward models to approximate 3D structures in
TDEM. We systematically examine how these modeling errors manifest in inversion
results using both deterministic and probabilistic approaches.

6



Goodness-of-Fit Measures

For both deterministic and probabilistic inversion approaches, we employ speci�c
goodness-of-�t (GOF) metrics to evaluate how well models explain observed data in
the presence of 3D modeling errors.

For the deterministic least-squares inversion, we use the normalized data residual
(Rnorm):

Rnorm =

vuut 1

N

NX
i=1

�
dobs

i � Fi(m)

�i

�2

(7)

where N is the number of data points, dobs
i is the i-th observed data point, Fi(m) is

the corresponding forward response, and �i is the standard deviation of the assumed
noise on the i-th data point. Values of Rnorm � 1 indicate that data �t within the
assumed noise level, while values signi�cantly greater than 1 suggest systematic mis�t
potentially caused by modeling errors.

For the probabilistic inversion, we use the evidence ratio (Eratio):

Eratio =
E(d1D)

E(d3D)
(8)

where E(d) is the evidence (marginal likelihood) for dataset d, representing the av-
erage likelihood of prior models, which can be estimated directly from likelihoods
computed for all the prior model realizations in the lookup table. This ratio quanti-
�es how much more di�cult it is to �t d3D compared to d1D within the probabilistic
framework. Values signi�cantly more than 1 indicate that the 3D data are systemat-
ically harder to explain with the 1D forward model.

METHODS

Geological Models

We analyze 3D modeling errors for three speci�c three-layer models with combinations
of resistivities of 20
m, 70
m and 200
m. The three model types imitate geological
structures: a buried valley, a surface lens, and varied topography. For each geological
type, we examine all six possible permutations of the three resistivity values across the
layers, resulting in a total of 18 di�erent models for analysis. Across these models,
we simulate TDEM measurements along pro�les consisting of 51 soundings. The
pro�les span 1000m for the lens and topography models, while the buried valley model
utilizes a 1500m pro�le. Each model is parameterized using continuous functions that
de�ne the depths of layer boundaries, creating the desired geological layer structures.
For numerical simulation, we map these continuous models onto discrete mesh-grids,
assigning appropriate resistivity values to cells between layer boundaries. If a layer
boundary passes through a cell we take the volume weighted mean conductivity of
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the layers present within the cell. The layer boundary modeled for each geologic type
are illustrated in Figure 1.

Buried Valley

The buried valley model is, contrary to the other models, a 2D symmetric model.
The function describing the depth to the valley boundary is given below:

dvalley(x) =

8<:
��

2x
W

�2

� 1

�
�D �D0 for jxj � W=2

�D0 for jxj > W=2
(9)

The valley is de�ned by a width, W, a depth to the valley top, D0, and a depth
from the top to the bottom of the valley, D. We use Wvalley = 500m, D0 = 24m, and
D = 48m. These buried valley parameters are highlighted in the conceptual drawings
in Figures 1a and 1d.

Surface Lens

The surface lens model is parameterized using a hyperbolic tangent function in the x
and y dimensions, that determines its thickness, Tlens:

Tlens(x; y) = Tmax �
1

2

�
tanh

�px2 + y2 � d
w

�
� 1

�
(10)

Where d is the radial distance from the origin to the middle-point of where the
lens thickness changes from Tmax to 0. This change in thickness primarily occurs in
the distance interval from d � w to d + w, measured from the origin, so w is the
half-width of this interval. We use w = 20m, d = 200m and Tmax = 9m. These
surface lens parameters are highlighted in the conceptual drawings in Figures 1b and
1e.

Topography

We parameterize the the z coordinate at the height of our topographic model in
the form of a simple Gaussian function in the x and y dimensions, with an isotropy
parameter, a, which determines the lateral shape of the topographic structure:

Htopography(x; y) = Hmax � exp
�
� 8

x2 + a � y2

(Wtopography)2

�
(11)
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Here, x = 0 and y = 0 are the x- and y-coordinates of the center point around
which the structure is symmetrical in the x and y directions, and is simultaneously
where the topography is at its heighest elevation, given by Hmax. The approximate
width of the structure in the x-direction is W and Wp

a
in the y-direction. We use

Wtopography = 300m, Hmax = 15m, and a = 0:25. These topography parameters are
highlighted in the conceptual drawings in Figures 1c and 1f.

Figure 1: The geological models are de�ned by the functions Dvalley(x; y), Tlens(x; y),
and Htopography(x; y). Relevant parameters for each model type are indicated on the
panels. Panels (a) to (c) show the three models along the x-direction, keeping y = 0
�xed. Panels (d) to (f) show the three models along the y-direction, keeping instead
x = 0 �xed.

Forward Modeling

All 3D TDEM forward modeling is done with SimPEG, which is a python-based
open-source library for simulation and parameter estimation in geophysics (Cockett
et al., 2015). SimPEG is particularly useful for the simulation of electromagnetic
geophysics (Heagy et al., 2017). When quantifying the 3D modeling error, we use the
3D TDEM forward algorithm to predict both data from a 3D geological model and the
1D equivalent horizontally homogeneous model. We use 1D forward modeling only for
the 1D inversion algorithms and to benchmark the 3D forward algorithm. Both the
deterministic least-squares inversion and the probabilistic inversion algorithms use
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AarhusInv for 1D forward modeling (Auken et al., 2015; HGG, 2017). This choice
of forward algorithm was made because it is already implemented in the AarhusInv
least-squares inversion algorithm, and choosing the same forward algorithm for the
probabilistic inversion was convenient and practical, ensuring that di�erences between
the two are minimized.

The TDEM system

We model a simple TDEM system consisting of a circular transmitter of area 1m2

with a central-loop vertical dipole receiver. The waveform is a trapezoid with ramp-
on from �1:9� 10�3s to �1:8� 10�3s and ramp-o� from -1� 10�5s to 0s. We model
30 logarithmically spaced dBz=dt values at points in time ranging from 1:0 � 10�5s
to 1:0� 10�2s.

Discretizing the mesh and time steps

We utilize SimPEGs OcTree meshing capability for the model grid used in the 3D
TDEM forward calculations, which is an adaptive meshing method where the model-
ing domain can be discretized by cubic cells (Cockett et al., 2015). In regions where
mesh re�nement is required, individual cells may be split into 8 cubic cells of equal
size, where the original cell is considered the parent cell, hence the tree structure.
Typically, one should re�ne the mesh in areas where high accuracy is needed and/or
the electromagnetic �elds are rapidly changing in time or in space, such as near the
TEM source or receiver. Re�nement may also be required to accurately capture the
geometries of the geological model itself. Because the optimal mesh re�nement de-
pends on the application we have designed three di�erent OcTree meshes which are
illustrated in Figure 2, one for each geological model. Our base cell-size is 3m, which is
used near the source-receiver pair, and as the distance to the instrument gets larger,
so does the mesh-grid cell size, re
ecting the dissipating sensitivity of the TDEM
method with depth. The mesh re�nement designed to capture the model geometry
is the primary di�erence between the grids, which all have a total domain width and
height of 12,288m. The mesh-grids for a buried valley, a surface lens and topography
contain 34980, 37108 and 77540 cells, respectively. The number of time steps is 1623,
of which half, 818, are during the waveform, primarily close to the current ramp-o�.
The smallest time step is 8 � 10�8s, for the last 10 microseconds of the waveform,
covering the ramp-o�, and for the �rst 10 microseconds, until the �rst measurement
at 1� 10�5s, The size of time steps then gradually increase, reaching a maximum of
4:3� 10�5s.
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Figure 2: Sections of the octree mesh-grids used for each of the three geologic models.
Yellow cells indicate cells below the instrument, zcellcenter < 0, while the orange cells
are above the instrument, zcellcenter > 0. Outlines indicate the shown sections, where
red is 48m wide, blue is 192m wide, and green is 960m wide. The black appearance
at some parts of each mesh-grid is due to a high density of cell edges.
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The challenge of modeling topography

The topography mesh requires signi�cantly more cells than other model types due to
inherent limitations of the OcTree mesh structure when representing smooth, curved
surfaces. OcTree meshes, while computationally e�cient, use cubic cells that create a
’stair-step’ approximation of curved boundaries. This becomes particularly problem-
atic when modeling electromagnetic responses over gradually sloping terrain. Using
the standard approach of mapping a geological model with smooth topography onto
an OcTree mesh with a �xed Cartesian coordinate system would result in arti�cial dis-
continuities as the modeled instrument moves across cell boundaries, creating abrupt
elevation changes rather than smooth transitions along the surface. To handle this
issue, we map the geological model onto a mesh where the coordinate system has been
transformed by translation along x and z, so that the instrument is always located in
(xmesh; zmesh) = (0; 0) and then by a rotation, equal to the topographic slope at the
instrument, getting the topography to be horizontal in the vicinity of the instrument.
For the case of our topographic model and choice of mesh, the vicinity in which the
horizontal within the mesh would approximately follow the slope was about 25 meters
in each direction. We expect that this approach would not work as well for models
with larger gradients, since that would reduce this distance. There is one major
downside to this solution, which is that we must now design the mesh to capture the
fact that the surface is sloping in the entire modeling domain, introducing a need for
larger mesh re�nement at large distances compared to solution 1. We chose solution
2 and found that the surface of the model could be adequately re�ned with cell sizes
of 3m, 6m, 12m, and 24m to distances in both the x and y directions of 100m, 250m,
500m, and 1000m, respectively. The cost of this is an approximate doubling in the
number of cells for the topographic mesh compared to the other two mesh-grids where
this extra re�nement is not used.

Validating the 3D Forward

To validate the accuracy of the 3D forward, we have bench-marked it against the semi-
analytical solutions for laterally homogeneous models provided by the AarhusInv 1D
forward algorithm. The geological models used in the analysis have layer boundaries
at various depths, ranging from 3 m to 144 m, and we decided to test the 3D forward
algorithm on two-layer models with boundary depths at 3m, 12m, 24m, 48m, 96m,
and 144m. Furthermore, given the three possible layer resistivities, 20
m, 70
m
and 200
m, there is a total of 6 unique resistivity combinations for each of the 6
depths, corresponding to 6 unique resistivity contrasts. Hence, we bench-mark the
algorithm against a total of 36 di�erent two-layer models. The 3D forward as set
up here generally produces relative di�erences lower than 3%, as shown in Figure 3,
which is the level of accuracy that we aimed for during development of the individual
mesh-grids. For depths 3m and 12m we test the lens mesh, for depths 24m and
48m we test the topography mesh, and for depths 96m and 144m we test the buried
valley mesh. A few models produced relative deviations above the target, where the
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models with high deviations in the early times all had the boundary depth at 3m,
with the largest error associated with a conductive upper layer and resistive lower
layer. Meanwhile, the models with high deviations at late times were associated with
a resistive lower layer and a shallow layer boundary.
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Figure 3: Results for bench-marking the 3D forward against the semi-analytical 1D
forward from AarhusInv on two-layer models with the boundary at di�erent depths
and for various resistivity contrasts. Generally, the relative deviation is below 3%.
The circles show the predicted data from the 3D forward while the solid lines show
the corresponding result using AarhusInv. The lines with cross-markers show the
relative deviation between the two forward algorithms while the black dashed lines
show a relative absolute deviation of 3% for reference.
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The 3D modeling error

The 3D modeling error for one single sounding is quanti�ed by the relative deviation
(RD), measured in percent, between the 3D forward response and the 1D forward
response.

RD1D=3D = 100 � d1D � d3D

d3D

(12)

This may be calculated using d3D from the 3D response obtained with SimPEG
and d1D as produced by AarhusInv for example. However, when quantifying this
relative absolute deviation, the result is not purely the 3D modeling error, but instead
a combination of any modeling errors that are not the same between the two responses,
for example errors that relate to the mesh in the 3D forward algorithm. As seen in
Figure 3, these di�erences can be assumed to be at least a few percent. We have
therefore also chosen to calculate the 1D forward response using the SimPEG 3D
forward at the cost of extra computation time, taking the 1D model at the sounding
location and propagating it onto the entire grid. With this setup the modeling errors
are expected to be the same for both d1D and d3D, canceling in the RD calculation.
The remaining di�erence is assumed to be the 3D modeling error only.

Inversion Algorithms

We invert both the data with and without 3D modeling errors, d3D and d1D, respec-
tively, using probabilistic and deterministic inversion algorithms. The goal is to show
how the choice of inversion framework in
uences the resulting 3D artifacts, and it is
not the goal to directly compare the algorithms. This approach highlights the general
manifestation of 3D modeling errors through artifacts shared by inversion models ob-
tained with di�erent frameworks. Caution is advised when comparing deterministic
and probabilistic methods, as their solutions represent fundamentally di�erent con-
cepts. Both inversion algorithms assume 3% uncorrelated Gaussian noise, though no
noise is added, to isolate the impact of 3D modeling errors under ideal conditions.

Deterministic Least Squares Inversion

For the deterministic inversion we use the a linearized least-squares inversion algo-
rithm as implemented in AarhusInv (Auken et al., 2015), which follows the formalism
of Menke (Menke, 1989). AarhusInv minimizes the L2 data and regularization mis-
�t with Marquardt damping. We use only vertical constraints, such that individual
soundings are inverted independently of each other, with an assigned variance of 1 for
the di�erence in resistivity between adjacent layers in the 1D inversion model. We
use a 30-layer model with �xed layer boundaries extending to 300m depth, and layer
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thicknesses that gradually increase, starting at 3m for layer 1 and ending at about
20m for layer 29. The inversion starting model is 30
m for all layers.

Probabilistic Inversion

For the probabilistic inversion, we use the extended rejection sampler Hansen (2020)
to sample the posterior distribution. It makes use of lookup-table containing a �nite
sample from the prior distribution of 1D resistivity models as well as the correspond-
ing 1D TDEM forward responses (prior data). Each prior model is accepted as a
realization of the posterior distribution proportional to the likelihood of each cor-
responding prior data. This method can be e�cient because we solve the inverse
problem repeatedly using the same prior distribution, hence the look-up table neeeds
to be computed only once. This, in turn, allows for the usage of quite a large sample
from the prior distribution. However, it is possible that in some cases it is hard to
�nd a model that �ts data, even for very large samples from the prior, so it is impor-
tant to evaluate the posterior sample to ensure that it consists of a suitable minimum
number of unique realizations from the prior, such that it adequately represents the
posterior distribution shape.

The prior distribution used contains models that all have 4 layers, with boundaries
following a log-normal distribution in the depth interval from 1m to 1000m. Layer
resistivities are similarly drawn from a log-normal distribution in the interval from
1
m to 1000
m, independently from the depth of each layer boundary.

RESULTS

For each of the three geological models, and for each of the six di�erent combina-
tions of layer resistivities, making a total of 18 di�erent reference models, we show
the inversion models for d3D given both the probabilistic and deterministic inversion
algorithms. The results for the buried valley, surface lens and non-
at topography
types are shown in Figures 4, 5, and 6, respectively. For each reference model we also
show the relative deviation, RD, between d1D and d3D across all 50 sounding locations
and for all 30 data points. Lastly, we show how the goodness-of-�t measure for each
inversion algorithm changes along the simulated pro�le for each reference model.

Generally, it is worth noting that the magnitude of the 3D modeling error is great-
est for models where the layer boundary causing the error is placed between layers
with a large conductivity contrast, and the 3D inversion artifacts tend to be more
pronounced when the most resistive layer is below the other two layers. Further-
more, it is also generally the case that positive 3D modeling errors cause artifacts
that underestimate resistivity while negative 3D modeling errors cause artifacts that
overestimate resistivity. For example, in the buried valley case, a large magnitude
3D modeling error and correspondingly well-de�ned artifacts are observed for model
3, which is the reference model in Figure 4a3, with the 3D modeling error having a
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positive value right beneath the valley, where the artifact is underestimating resistiv-
ity in both the probabilistic and deterministic algorithms, and negative right next to
the valley, where the artifact is instead overestimating resistivity, as shown in Figure
4b3 through 4d3. Models 4 and 6 consistently show no notable inversion artifacts for
the three geological types, which is consistent with these models having the lowest
3D modeling errors as shown in Figures 4d,5d, and 6d.

There is a general tendency for the goodness-of-�t measures to be mostly a�ected
by negative 3D modeling errors, as seen in Figure 4d1, 4d2, 4d3, and 4d5, but not in
a consistent manner. For example, buried valley models 3 and 5 have similar negative
3D modeling errors outside of the buried valley extent, as seen in Figure 4d3 and 4d5,
but the data residuals and evidence ratios in this region are hardly a�ected for model
5, despite its signi�cant 3D inversion artifacts, while for model 3 the GOF measures
are more a�ected. The increase in the GOF measures is generally also relatively small
for all models, where 3D modeling errors seem to cause an increase in data residuals
between only 0 and 1 for the deterministic inversion and changes in the evidence ratio
of a few orders of magnitude for the probabilistic inversion.

Buried Valley Model

Notable 3D artifacts occur for reference models 1, 2, 3 and 5. Models 1 and 2 exhibit a
vertical resistive structure below the buried valley with thinner and comparably more
conductive structures below the valley 
anks, as shown in Figures 4b1, 4c1, 4b2 and
4c2. For both the probabilistic and deterministic inversion algorithms, models 3 and
5 show a consistent overestimation of resistivity in the bottom layer in regions that
appear near the valley 
anks, as shown in Figures 4b3, 4c3, 4b5, and 4c5. However,
they are more directly related to the region right outside of the valley, where they
occur due to the discontinuity in the thickness of layer 2, caused by the buried valley.
Furthermore, for these two models the resistivity is underestimated in a vertical region
below the valley. This is consistent with the modeling error having a local amplitude
maximum below the valley center (Figure 4d).
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Figure 4: Models from inversion of the generated synthetic 3D TDEM data, d3D,
for the buried valley geological type along a 1 km pro�le. Column (a): reference
models; (b): probabilistic inversion; (c): deterministic inversion; (d): 3D modeling
error (RD) and GOF measures. The GOF measure for the probabilistic inversion,
the ratio between the evidence metrics for d3D and d1D is shown with a black line
while the GOF measure for the deterministic inversion, the normalized data residual,
is shown in blue for d3D and red for d1D.

Surface Lens Model

The results for the surface lens geological structure are shown in Figure 5. Similarly
to the buried valley models, notable 3D artifacts are seen for models 1, 2, 3 and
5. In model 1, Figures 5b1 and 5c1 show that the artifact manifests as a highly
resistive region below the lens, alongside a distortion of the location of the boundary
between layers 2 and 3. The geometries of the resistive region and the layer boundary
distortion appear well-de�ned for the deterministic inversion (Figure 5c1) and less
well-de�ned for the probabilistic inversion (Figure 5b1). Model 2 shows a di�erent
artifact geometry, where the dominant e�ect is the distortion of the boundary between
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layers 2 and 3, which is clearest in the probabilistic inversion result (Figure 5b2). This
is accompanied by a relatively small overestimation of the resistivity beneath the
valley, which is mostly visible in the deterministic inversion result (Figure 5c2). The
results for models 3 and 5 show regions with overestimated resistivity within the third
layer directly outside of the lens structure, which are more visible in the deterministic
inversion models, as shown in Figures 5c3 and Figure 5c5. Right beneath the lens
structure the resistivity is �rst overestimated in a small region, and then instead it
is underestimated in the deeper part. The initial overestimation of the resistivity is
not a 3D artifact, we refer to Appendix A for details on why this is the case. The
underestimation in the deeper part is, however, a 3D artifact.

Figure 5: Models from inversion of the generated synthetic 3D TDEM data, d3D, for
the lens geological type along a 1 km pro�le. Column (a): reference models; (b):
probabilistic inversion; (c): deterministic inversion; (d): 3D modeling error (RD) and
GOF measures. The GOF measure for the probabilistic inversion, the ratio between
the evidence metrics for d3D and d1D is shown with a black line while the GOF
measure for the deterministic inversion, the normalized data residual, is shown in
blue for d3D and red for d1D
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Topography Model

The results for the six topography models are shown in Figure 6. Models 1,2,3
and 5 show notable 3D artifacts. In contrast to the results for buried valleys and
the surface lens structure, all models for the topographic type is dominated by one
central 3D artifact, while those on the 
anks of the topographic structure are of
comparably low amplitude, as shown in Figure 6d. It is also worth noting that this
central modeling error is always negative because the surrounding material is air
which has an extremely large resistivity. Figures 6b1 and 6c1 show that for model
1 the artifact is a highly resistive structure (� > 1000
m) in the otherwise quite
resistive (� = 200
m) last layer. For model 2 the e�ect is a slight exaggeration in the
thickness of layer 2, alongside a slightly more resistive region in the last layer, as can
be seen in Figure 6b2 and 6c2. The less resistive region in the top of layer 3 on the

anks of the topographic structure is not a 3D artifact, but instead a characteristic
of the deterministic inversion, we refer to Appendix A for documentation. Model
3 shows a resistive region below the structure (see Figure 6c3), similar to model 1,
but the e�ect is reduced due to the higher resistivity (� = 70
m) of the �rst layer
compared to model 1, where it is 20
m. Interestingly, for model 3 the probabilistic
inversion does not show the same artifact (see Figure 6b3). Models 4, 5 and 6 do
not display any appreciable 3D modeling errors, and correspondingly no artifacts are
presented (Figures 6d4, 6d5, and 6d6).
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Figure 6: Models from inversion of the generated synthetic 3D TDEM data, d3D, for
the topography geological type along a 1 km pro�le. Column (a): reference models;
(b): probabilistic inversion; (c): deterministic inversion; (d): 3D modeling error
(RD) and GOF measures. The GOF measure for the probabilistic inversion, the ratio
between the evidence metrics for d3D and d1D is shown with a black line while the
GOF measure for the deterministic inversion, the normalized data residual, is shown
in blue for d3D and red for d1D

CASE: POSSIBLE 3D ARTIFACTS IN A DANISH TDEM
DATASET

To demonstrate the inherent value of understanding 3D modeling errors and their
associated artifacts, as provided in this paper, we present a real case from Ribe in
Southern Denmark, where inversion models from data acquired in a SkyTEM survey
displayed unexpected resistive ellipsoidal features. The survey was commissioned by
the local supplier of drinking water, DIN Forsyning, and was carried out for the
purpose of mapping groundwater resources.
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This airbone TDEM survey was done with typical 
ying altitudes of 30m to 60m,
sounding spacings of 20m and line spacings of 200m, with the direction of 
ight
lines striking north to south. The lines are shown in Figure 7a. The dual-moment
SkyTEM306 system was used with a low moment of approximately 2700Am2 and
a high moment of approximately 470000Am2 . Measurements for the low and high
moments were made in the interval 7:6�s�474�s and 0:079ms�10:6ms, respectively
(SkyTEM, 2025; S�rensen and Auken, 2004). After acquisition of the airborne TDEM
data and subsequent processing, it was inverted with the deterministic linearized
least-squares algorithm AarhusInv (Auken et al., 2015). The inversion was spatially
constrained (Viezzoli et al., 2008) and parameterized with 30 layers, where the �rst
has thickness 4m, increasing logarithmically with depth until the last layer boundary
which is located at 500m. All layer boundaries are �xed. The inversion result revealed
unusual ellipsoidal resistive features, embedded within a relatively less resistive unit
of approximate thickness 150m, as shown in Figure 7b-d.

In Figure 7a we show three selected pro�les from the inversion model, denoted
Line 1, 2 and 3, and highlighted in red. The corresponding inversion model pro�les are
shown in Figure 7b, 7c, and 7d. We chose these three pro�les because they illustrate
both the variety and abundance of the unexpected structures. The unit in which
the structures are visible is located directly below a highly conductive layer with a
thickness up to 35m. Similarly, below the unit we also observe a highly conductive
layer. The conductive layers seem to have average resistivities well below 10
m while
the resistive unit in between seems to vary a lot with resistivities between 40
m and
80
m.

We propose that many of the structures observed in this dataset are inversion ar-
tifacts, caused by 3D modeling errors introduced by lateral variations in the thickness
of the upper conductive layer due to erosional features such as buried valleys. For
example, looking at lines 1 and 2 in Figure 7b and 7c and around UTM Y coordinate
6:135 � 106m, two ellipsoidal structures seem to be located on each side of a more
than 100m deep buried valley structure. This resembles the 3D artifacts in Figure
4d3 and 4d5. Furthermore, in these regions the data residual is generally below 1,
with a peak in the residual near the northern side of the valley where the ellipsoidal
structure is more pronounced. This is consistent with expectations if we hypothesize
that the structures are indeed 3D artifacts. We can justify this claim by reference
to the blue curve in Figure 4d3 where only a slightly elevated residual occurs at the
artifacts below the valley 
anks. Interestingly, for comparison in Figure 4d5 there is
no discernible increase in residual, although the only di�erence between the models
is the magnitude of the resistivity contrast between layers 2 and 3. Though, due to
the small change in the residual one should be careful to use it as any sort of indica-
tor for 3D modeling errors. Another interesting section is seen in line 2, Figure 7c,
around UTM Y coordinates 6:140 � 106m, where some sort of erosional feature at the
surface has been �lled with a resistive material. It is unclear how much, if any, of the
conductive layer below remains, and ellipsoidal structures beneath the sides of the
feature can be observed with an apparently increased resistivity. This occurrence of
an erosional feature in conductive host sediments and resistive in�ll is similar to the

21



Figure 7: A SkyTEM Survey in Ribe, Southern Denmark, shows unexpected localized
structures within a thick and relatively resistive Miocene unit. (a) shows the survey
area with 
ight lines in black and three speci�c lines highlighted in red, denoted
Line 1, 2 and 3. (b) shows the inversion model for line 1, (c) shows the inversion
model for line 2 and (d) shows the inversion model for line 3. Models are blinded
with a transparent white shading below the depth-of-investigation (DOI). The smaller
axes below (a), (b) and (c) show the corresponding data mis�t in the form of a data
residual, normalized by the data uncertainty, for each sounding along the lines. White
shading is used for blinding in areas below the depth-of-investigation (DOI).
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