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Abstract

Quantitative characterization of subsurface properties is critical for many environ-
mental applications and serves as the basis to simulate and better understand dynamic
subsurface processes. Geophysical imaging methods allow to image subsurface prop-
erty distributions and monitor their spatio-temporal changes in a minimally-invasive
manner. While it is widely agreed upon that models integrating multiple indepen-
dent data sources are more reliable, the number of approaches to do so is increasing
rapidly and often overwhelming for researchers and, particularly, novices to the field.

With this work, we aim to contribute to the development multi-method imaging
through (1) an overview of, and didactic introduction to, existing inversion approaches
for the integration of multiple geophysical data sets with other measurement types
(e.g., hydrological observations), petrophysical models, and process simulations, (2)
a state-of-the-art review on the use and potentials of these approaches in various en-
vironmental applications, and (3) a discussion on new frontiers and remaining chal-
lenges in the field.

We hope that this chapter provides an entry point to recent developments in multi-
method geophysical imaging, clarifies similarities, differences and development po-
tentials of existing approaches, and ultimately helps practitioners to choose the opti-

mum one to integrate their data sets.
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1 Introduction

External stressors to our natural systems are increasing both in frequency and severity, caus-
ing ever changing and newly developing environmental problems. Geophysical techniques are
widely used to characterize these natural systems at scales that are representative of the key
processes defining these systems, covering the pore to the catchment scale, and are known to
supplement and link conventional local sampling approaches (e.g., by using boreholes) with
observations from remote sensing. Applications range from characterizing subsurface hydro-
logical features and critical zone properties (e.g., Holbrook et al., 2014; Thayer et al., 2018;
Hausmann et al., 2013; Moravec et al., 2020; Yamakawa et al., 2012), to natural hazards such
as landslides (e.g., Capizzi and Martorana, 2014; Sauvin et al., 2013; Sass et al., 2008; Bievre
et al., 2012) or sinkholes (e.g., Carbonel et al., 2014; Goémez-Ortiz and Martin-Crespo, 2012),
permafrost degradation (e.g., Parsekian et al., 2019; Mollaret et al., 2020; Steiner et al., 2021),

or geological CO, storage (e.g., Carcione et al., 2012; Bergmann et al., 2016).

A fundamental problem of geophysical measurements made at the Earth’s surface is that they
commonly can be explained by a multitude of models resulting in interpretational ambiguity.
For example, while the onset of subsurface permafrost typically coincides with a considerable
increase in seismic velocity and thus a strong signal in refraction data sets (e.g., Hilbich, 2010),
its base often represents a velocity inversion leading to the well-known hidden layer problem
(Banerjee and Gupta, 1975). Fortunately, this very same transition is likely to be well detectable
by electrical methods due to its change from frozen to unfrozen water. These complementary
sensitivities are one reason why seismic and electrical techniques are often combined in per-

mafrost research (e.g., Hauck et al., 2011).

The complexity of the subsurface and its dynamic processes that is characteristic for many envi-
ronmental problems motivates researchers and practitioners to combine multiple data streams
at a given site in order to maximize the information for a high-resolution and possibly quanti-
tative characterization. Such endeavors often involve the integration of multiple geophysical
techniques, geological data, borehole measurements, as well as petrophysical and process mod-
els. Approaches for data integration in combined imaging frameworks are manifold. Coupled
inversion, joint inversion, multi-physics inversion, simultaneous inversion - various terms ex-
ist in the continuously growing body of literature on multimethod geophysical imaging. Their
terminology and functional principle is often overwhelming for researchers and, particularly,
novices in the field. This is complicated by the fact that these terms are not always used con-
sistently across studies. The textbook by Moorkamp et al. (2016a) provides a comprehensive

review of different integrated imaging approaches covering a wide spectrum of applications
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ranging from near-surface studies over mineral and hydrocarbon exploration to structural in-
vestigations of the Earth’s lithosphere and mantle. Our contribution is focused on applications
in environmental geophysics, as the chapter of Linde and Doetsch (2016), but complemen-
tary in the range of inversion approaches and more extensive in the discussed applications and

examples shown.

We start this contribution with an overview and didactic introduction to existing imaging ap-
proaches for the integration of multiple geophysical and non-geophysical data sets, petrophysi-
cal models, and process simulations (section 2). This is followed by a state-of-the-art review on
the use and potentials of these approaches in various environmental applications (section 3).
We finalize this chapter with a discussion on new frontiers and remaining challenges in the field

(section 4) and concluding remarks (section 5).

We hope that this work provides an entry point to recent developments in the emerging and truly
interdisciplinary field of multimethod geophysical imaging and clarifies similarities, differences
and development potentials of existing approaches for data integration, and ultimately helps

practitioners to choose the most suited one for their data sets.

2 Theoretical foundation of multimethod imaging

2.1 Overview and terminology

In this section, we provide an overview of existing approaches to combine different geophysi-
cal methods in environmental geophysics and give recommendations for a clear and coherent

terminology.

In an independent inversion, geophysical data (e.g., seismic traveltimes) of one geophysical
method (e.g., refraction seismics) are inverted for one set of geophysical parameters (e.g., P-
wave slownesses) independently of other geophysical methods (Fig. 1A). A geophysical forward
model (e.g., raytracing algorithm) is needed and provides the link between the model parame-
ters and the model response. Multiple independent inversions of different geophysical methods

can then be used in a joint interpretation.

A straightforward way of combining two or more geophysical methods is by means of structural-
ly-constrained inversion. Here, the inversion of a data set belonging to geophysical method A is
informed about the location of a prominent subsurface boundary identified through indepen-
dent processing or inversion of observations from geophysical method B (Fig. 1B). An example
would be the use of strong reflectors in a ground-penetrating radar survey related to aquifer

boundaries to structurally constrain the inversion of electrical resistivity data (Doetsch et al.,
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Figure 1: Schematic overview of (A) independent geophysical inversion and various
multimethod imaging approaches including (B) structurally-constrained, (C)
joint, and (D) process-based inversion.

2012a). This is realized by locally decreasing the regularization strength across the bound-
aries derived from ground-penetrating radar (GPR) during the otherwise spatially smoothness-
constrained inversion of electrical resistivity data. Since the two geophysical methods can be

processed sequentially, we advise against using the term “joint” for these type of inversions.

Joint inversion rather refers to the amalgamation of multiple geophysical methods in one param-
eter estimation (Fig. 1C). Both data sets are part of a single objective function with concurrent
updates of the model parameters within one (joint) inversion. The most straightforward ap-

proach of joint inversion is the combined inversion of methods, which are sensitive to the same
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geophysical property. The simplicity of this approach lies in the concatenation of data vectors
and forward operators without the need for a mathematical coupling procedure between dif-
ferent model parameters. Although conceptually simple, single-property joint inversions may
entail challenges in practice due to different scale, resolution, and convergence properties for
example. Moorkamp et al. (2016b) point out that problems can also arise if the jointly inverted
geophysical methods have different sensitivities with respect to the anisotropy of the common

underlying parameter for example.

Multi-property joint inversions require a mathematical description of the link between these
properties, which can either be of structural nature or motivated by the shared sensitivity to
one or more petrophysical parameters. In case of the former, a structural joint inversion results
in parameter distributions of the involved geophysical methods usually with an improved de-
gree of structural similarity. In a petrophysical joint inversion, the geophysical parameters of
methods A and B are translated to a common petrophysical parameter (e.g., porosity or water
saturation), which is the parameter estimated during inversion, honoring the defined petro-

physical relations.

The aforementioned approaches, illustrated in Fig. 1A-C, have one thing in common - they only
depend on geophysical forward simulations (e.g., of electrical current flow or wave propaga-
tion), which in turn are solely based on geophysical model parameters. Yet, in many monitoring
applications in environmental geophysics, one aims to estimate process-relevant parameters of
the studied subsurface dynamics. When a simulation of this investigated process is available,
e.g., numerical simulations of flow and transport phenomena, opportunities exist to integrate
these simulations into a process-based inversion (Fig. 1D), enabling the estimation of process-
relevant parameters such as hydraulic conductivity for example. Parameters of interest are
updated, fed into a process model, and the resulting response (e.g., spatio-temporal solute
concentration) is translated to geophysical parameters leveraging upon petrophysical relations
and passed on to a geophysical forward simulation. The resulting geophysical response is there-
fore process-based, i.e., it depends on the parameters of the process model, which in turn can

be estimated from such a coupled workflow.

In the field of hydrogeophysics, these type of inversions are often termed coupled hydrogeo-
physical inversions (e.g., Ferré et al., 2009). We prefer the more general term process-based
inversion, since it is process-agnostic and may also cover plant physiological models or simula-
tions of freezing and thawing in the emerging fields of biogeophysics and cryogeophysics for

example.
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In the following subsections, we discuss the theoretical foundation of the mentioned approaches,

their advantages and disadvantages, and provide details on their technical implementations.

2.2 Independent inversion and joint interpretation

In geophysical imaging one commonly aims to infer parameters of the subsurface from observa-
tions made at the Earth’s surface or in boreholes. This endeavor represents an inverse problem
commonly solved in a deterministic manner seeking one model that describes the observed data
within its error bounds. While we describe this deterministic viewpoint and its extensions to
integrate multiple geophysical methods in the following, we note that the described approaches

for method combinations are equally applicable to probabilistic inversions.

The physical relationship between the model parameters m and the observations d is usually
described as a non-linear function d = % (m) governed by the forward operator %, which could
represent a numerical simulation of seismic wave propagation for example. A geophysical
inversion aims to obtain an estimate of m from d and can be formulated as a minimization

problem using the L2 norm through the following objective function
IWq(F (m) - D)||* + 2 [Wiym||* — min, M

where the first term quantifies the misfit between the observed data and the predictions made
by the model, multiplied by the data weighting matrix Wq. Under the assumption of uncorre-
lated data errors, Wy is diagonally occupied with reciprocals of the standard deviation ensuring
larger influence of high-quality measurements. Model regularization is implemented in the sec-
ond term with the model weighting matrix Wy, acting on the model m. In most cases, Wy, is a
roughness operator describing the spatial connectivity of model parameters and thereby impos-
ing smoothness constraints based on Occam’s principle (deGroot Hedlin and Constable, 1990).
The individual contributions of data misfit and model misfit are balanced by the dimension-
less regularization factor A commonly chosen to find the smoothest model, which describes the

observations within their error bounds.

Application of the Gauss-Newton scheme (e.g., Aster et al., 2013) to the iterative minimization

kt iteration AmX

of Eq. 1 leads to an expression of the model update at the
(ITWIWGI + AWE Wi ) Am* = JTWI Wy (d- 7 (m*)) - AW, Wpm*, )

where J is the Jacobian matrix holding the sensitivities of the i'h measurement with respect

to a change in the jth model parameter, ie. Jj; = 0F (mk)i/ %, m}‘. Equation 2 is solved for
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the model update mK and the parameter set of the next iteration is calculated by mkt! =

mK + AmX. This iterative process is usually continued until the target data misfit is reached,
i.e., the model describes the measured data within its error bounds, the objective function
cannot be reduced further, or a prescribed maximum number of iterations has been reached.
The final models of multiple independent inversions of different geophysical methods may be

subsequently interpreted structurally or petrophysically.

2.3 Structurally-constrained inversion

When structural subsurface information such as the presence and orientation of lithological
boundaries or faults is available from prior geological knowledge or conventional process-
ing of a structure-sensitive geophysical method, a relatively straightforward approach to ac-
count for this knowledge in a subsequent inversion of another geophysical method is through a
structurally-constrained inversion. This is illustrated in Fig. 2, where the upper row schemati-
cally shows a reflection seismic and an electrical resistivity survey conducted across an anticlinal
structure. On the basis of reflection seismic processing, a prominent horizon is interpreted from
the depth-migrated seismogram. Under the assumption that a sharp contrast in the seismic
impedance is accompanied by a contrast in electrical properties at the given site, the inter-
preted reflection may be used as a prior structural constraint during the inversion of electrical

resistivity data.

The effect of the integration of this structural boundary is further illustrated in Fig. 3. Fig. 3A
shows a 100 Qm bedrock overlain by a 50 2m overburden. In an independent inversion with
isotropic smoothing (Fig. 3B), the interface is blurred out, in particular towards the edges of
image, where the interface dips towards larger depths and the sensitivity of surface acquisitions
typically decreases. In Fig. 3C the smoothness-constraint is locally down-weighted across the
interface up to x = 10m leading to an improved image of the sharp layer boundary in the
left part of the tomogram. Note that not only the interface position is sharpened, but also the
amplitudes of the resistivities of each layer are in a better agreement to the true model, since
the inversion is no longer forced to produce smooth transitions with intermediate parameter
values absent in the true model. Once the structural constraint is no longer present (x > 10m
in Fig. 3C), the smoothing regularization exerts its influence and produces a smooth transition

comparable to the tomogram in Fig. 3B.

The structural decoupling is technically implemented into a smoothness-constrained inversion
by manipulation of the roughness operator Wy, (Giinther and Riicker, 2006). In its first-order
form, the operator approximates the first derivative (i.e., the gradient) of the model. Since this

quantity is minimized in the objective function (Eq. 1), the term favors models where adjacent
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Figure 2: Schematic illustration of structurally-constrained inversion of electrical resis-
tivity data honoring an expected sharp parameter change across a prominent
interface derived from reflection seismic processing by means of a synthetic
anticline model. The white square indicates the position of the seismic source,
whereas white triangles and circles represent geophones and electrodes, re-
spectively (after Bergmann et al., 2014).

parameter values are closer to each other, i.e., do not exhibit strong jumps. Yet in many cases,
these strong parameter jumps are deemed more realistic. Examples in near-surface geophysics
include, but are not limited to, lithological interfaces, the water table, or the bottom of the
seasonal thaw layer (active layer). Structurally-constrained inversion thus aims to down-weigh,

or completely remove, the smoothness constraint across known interfaces.

Fig. 3F shows a subset of the mesh at the right edge of the interface and Fig. 3E shows the

roughness operator for this part of the mesh, i.e., Wy, in Eq. 1, with the dimensions B x M,
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Figure 3: Two-layer model with an anticlinal interface in-between (A), corresponding
conventional smoothness-constrained inversion result (B), and a structurally-
constrained inversion result in which the known structural boundary is as-
sumed to be known until x = 10 m. The latter is realized by down-weighting
the corresponding cell connections across the interface (boundaries 0 and 2
shown in panel F) in the regularization matrix (E).

where B is the number of inner mesh boundaries and M is the number of mesh cells. The factor
w may be set to unity on structured grids and would result in subtracting the values of adjacent
model cells upon multiplication of W, with the model vector. On unstructured grids with
strongly varying cell sizes, w should include normalization by the distance of the respective cell

centers (Oldenburg et al., 1993).

The first boundary in Fig. 3F (boundary #0) is connecting cells #4 and #0. The corresponding
entries in the roughness operator are scaled with an additional factor 3 (Fig. 3E). If 3 is set
to one, no special treatment is given to the boundaries belonging to the interface, leading to
an isotropically smoothed model as shown in Fig. 3B. If 3 is set to zero, smoothing constraints
are completely omitted across the known boundary resulting in the structurally-constrained

inversion result shown in Fig. 3C.
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2.4 Joint inversion

2.4.1 Structurally-coupled joint inversion

Structural joint inversion approaches rest on the assumption that one geophysical method ex-
hibits spatial changes at similar locations of the subsurface as another geophysical method.
In structurally-constrained inversions (see subsection 2.3), these locations are fixed and mani-
fested in the spatial regularization operator leading to a certain rigidity of this approach. Haber
and Oldenburg (1997) introduce a structural joint inversion approach, which promotes struc-
tural similarity of two geophysical models without prescribing the locations where this struc-
tural similarity is expected. Their approach is based on the minimization of the squared differ-
ence of a weighted Laplacian operator of both models and is dependent on the magnitudes of
changes (Linde et al., 2006). Gallardo and Meju (2003); Gallardo (2004) introduce an alter-
native approach based on a simple, yet powerful, quantitative measure of structural similarity

- the cross-product of two (or more) model gradients.

This cross-gradient functional 7 (x,y,z) of two geophysical models mp and mg is defined as

T(X,y,2) = Vmy (x,y,2) X Vg (x,y,2), 3)

where x denotes the cross-product of the two model gradient vectors. This functional (Eq. 3)
equates to zero if the two model gradient vectors my and mg are parallel or anti-parallel to
each other or if one of them is zero implying that the associated model does not change. Trans-
lated to the structurally-coupled joint inversion of two geophysical data sets, this means that
a minimization of this term penalizes model gradient vectors that point in different directions
(with the exception of them being anti-parallel, e.g., electrical resistivity increases while seis-
mic slowness decreases) and thereby promotes models which exhibit spatial changes at similar
locations. The characteristic behavior of the cross-gradient term is illustrated in Fig. 4D for two

hypothetical geophysical models (shown in Fig. 4B and Fig. 4C).

In regions where mp and mp change in the same or opposite direction and where Vmg is
small, the normalized cross-gradient product (Fig. 4D) is zero. In the lower right corner of the
model domain, the model gradients deviate from each other, coinciding with regions of non-
zero values in the cross-gradient image. By minimizing Eq. 3 as an additional term within the
objective function, this approach promotes models of structural similarity during the inversion.
Gallardo (2007) further develops this approach to multiple geophysical methods (i.e., more

than two) and Gallardo and Meju (2011) provide an overview on its multitude of applications.
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Figure 4: The characteristics of vectors and their cross-product (A) is applied to the
gradients of two geophysical models (B and C) denoted by the grey arrows.
The magnitude of the corresponding cross-gradient functional (D) is zero if
the model gradients are parallel or anti-parallel (or one of the models does
not change).

2.4.2 Structurally-coupled cooperative joint inversion

Based on the principle of robust modeling, i.e., a minimization of the data misfit based on the
L1-norm known to be less susceptible to outliers and non-Gaussian noise (Claerbout and Muir,
1973), Gunther and Riicker (2008) introduce a joint inversion approach leveraging upon the
exchange of structural information between two otherwise independent geophysical inversions.
Since the inversions run in parallel and do not rest on the minimization of a common objec-
tive function, the approach is termed structurally-coupled cooperative inversion (SCCI). It is
independent of the mesh type, but requires the involved geophysical methods to use the same
spatial discretization such that the regularization operators have the same dimensions. The
approach has successfully been used to invert electrical resistivity and seismic refraction data
(Guinther and Riicker, 2008; Hellman et al., 2017; Ronczka et al., 2017) as well as magnetic
resonance and resistivity data in 1D (Gtinther et al., 2010; Skibbe et al., 2018) and 2D (Skibbe
et al., 2021).

Similar to the structurally-constrained inversion (section 2.3), the approach is implemented via
a local decrease of the smoothness constraints in the regularization operator. But in contrast
to structurally-constrained inversions, the regularization operator is not manipulated once, but
dynamically between iterations. It starts by calculating the roughness vector rP for each pa-
rameter distribution mP. The model mP is subjected to a method-specific transformation (e.g.,
logarithmized in most electromagnetic methods) and the roughness is calculated on the basis

of this transformed model after each iteration of the independent geophysical inversions:

P =W mP. 4)
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Here, W?n is the initial unmodified roughness operator. Based on these model roughnesses,

individual weights are calculated for each of the n methods according to:

a

wh=_2&
|tP| +a

+b, forpin[1...n], (5)
where a and b are coupling parameters chosen to satisfy 0 < a/b < 1. The combined weights WE
for one method are based on the multiplication of the individual weights for all other methods

to be coupled:
wgzl—[wi, forpin[1...n]. (6)

These combined weights are finally used to update the roughness operator for the next iteration:

Wh = diag(w?) - w2 (7

The approach enables the exchange of structural information and the focusing on common
boundaries. This is illustrated in Fig. 5, which shows how the models and weighting factors
based on Eq. 5 are developing throughout the course of iterations of the SCCI based on the
work by Skibbe et al. (2021).

Itis applicable to any kind of discretization (e.g., 1D to 3D, structured and unstructured meshes)
and geophysical method and is relatively straightforward to implement, since the original in-

version algorithms are not modified.

2.4.3 Petrophysical joint inversion

In many interdisciplinary applications in environmental geophysics, one is interested in petro-
physical subsurface properties such as porosity for example. To study the widespread degrada-
tion of permafrost for instance, researchers strive to directly estimate the volumetric fractions
of liquid water, ice, and air in partially-frozen systems from multiple geophysical observations
(e.g., Hauck et al., 2011; Dafflon et al., 2016; Mollaret et al., 2020; Steiner et al., 2021). An
estimate of these quantities is often realized by applying a suitable petrophysical relationship
to transform an inverted geophysical tomogram to the parameter distribution of interest. One
problem of post-inversion transformation of geophysical models is represented by the fact that
physical plausibility of the petrophysical estimate cannot be ensured. When redefining the in-
version problem such that the petrophysical parameter is estimated directly, physical constraints
can be imposed during the parameter estimation (e.g., keeping porosity between 0-100 %).
Furthermore, this petrophysical transformation does not need to be limited to one geophysical

method, building the basis for petrophysical joint inversions. Riicker et al. (2017) present a
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Figure 5: Models and individual weighting factors based on Eq. 5 of three steps of the
SCCI: smooth inversion results of the ERT as (A) resistivity and for MRT as (B)
water content and (C) relaxation times; (D-F) first iteration; and (G-I) final
iteration of the SCCI. Individual weights based on the model roughnesses are
shown with the black lines of increasing thickness. Thicker lines represent a
stronger gradient of the two adjacent cells. The synthetic model values are
marked in the color bar with white lines (modified from Skibbe et al., 2021).

generalized framework for this. The steps of such a workflow are schematically illustrated in
Fig. 6.

The petrophysical target properties represent the inversion parameters in the objective function
(m in Eq. 1). Based on an initial guess of this target parameter distribution (e.g., a porosity
gradient model), the parameters of the involved geophysical methods (e.g., electrical resistiv-
ity) are calculated on the basis of petrophysical relations p(m). These geophysical parameter
distributions are subsequently used to calculate the geophysical forward responses # (p(m)) in
order to evaluate their error-weighted misfit to the corresponding field observations. Based on
an iterative minimization of the objective function including this misfit and additional model
regularization terms, the petrophysical target parameter distribution is being updated. In the
calculation of the model update (Eq. 2), the Jacobian matrix needs to hold the sensitivities of
the geophysical measurements with respect to the petrophysical target parameter(s). This is re-
alized by an appropriate scaling of the conventional Jacobian matrices of the involved methods

on the basis of chain rule splitting

_3Fm) _ 27 (p) dp

J =
dm op om’

)]



2.5 Process-based inversion 15

Petrophysical domain

N\

/" Petrophysical parameters \
(e.g., porosity, water saturation, <€
/

———

o solute concentration) A
Petrophysical coupling A Petrophysical coupling B
(e.g., Archie's Law) (e.g., complex refractive index model)
Geophysical domain A Geophysical domain B
|'/ Geophysical parameter A \‘\' |'/ Geophysical parameter B \‘\'
' (e.g., electrical resistivity) / \ (e.g., electrical permittivity) /
Geophysical forward Geophysical forward
simulation A simulation B
( Geophysical response A ) \’\ Geophysical response B :)
Petrophysical joint inversion
/’/Geophysical observations A >\ /’/Geophysical observations B >\
\\\ (e.g., apparent resistivities) _.~ \\\ (e.g., GPR waveforms) .-

Figure 6: Schematic illustration of a petrophysical joint inversion workflow.

where the outer derivative represents the original Jacobian entries of the geophysical methods
scaled by the inner derivatives, i.e., the partial derivatives of the petrophysical relations with
respect to the petrophysical target parameters. This concept can be applied to couple multiple
geophysical methods sensitive to one or more petrophysical target properties. For petrophysical
joint inversions, representative petrophysical models are needed, which are equally important

once a process model is involved in the context of process-based inversions.

2.5 Process-based inversion

When studying dynamic subsurface processes, field observations are often compared to predic-
tions made by numerical process simulations with the ultimate aim to improve the parametriza-
tions of these process models. Hydrological observations such as soil moisture measurements
can often directly be compared to the prediction of a partially-saturated flow simulation for

example. The integration of geophysical observations in this context is not straightforward.
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While joint inversions may lead to tomograms with improved structural consistency or esti-
mates of petrophysical parameters, process-based inversions take the dynamic physical process
into account and allow the combination of geophysical and non-geophysical observations (e.g.,
soil moisture or temperature measurements) for an improved imaging of non-geophysical sub-

surface properties.

Two different approaches to process-based inversion prevail in the literature, the uncoupled (or
sometimes referred to as sequential) and the (fully) coupled approach (e.g., Aines et al., 2002;
Kowalsky et al., 2005; Hinnell et al., 2010; Camporese et al., 2015). Fig. 7A illustrates the un-
coupled approach to use time-lapse geophysical observations for the estimation of parameters

of a dynamic subsurface process, which involves three steps (e.g., Camporese et al., 2015):

1. Geophysical field observations are used in a conventional inversion approach to estimate
a spatio-temporal distribution of the underlying geophysical parameter (e.g., time-lapse
apparent resistivities are inverted for a spatial distribution of electrical resistivity at each

time-step).

2. A petrophysical relationship is used to transform the geophysical property into a proxy
observation relevant for the studied process (e.g., Archie’s law is used to derive a spatio-

temporal distribution of saturation from electrical resistivity tomograms).

3. The geophysically-derived observations are used in conjunction with other multi-physical
observations to estimate parameters of a process model (e.g., derived salinities from geo-
electrical measurements are used together with salinity measurements in boreholes to

estimate hydraulic conductivity).

Steps 1 and 2 can be performed with different geophysical methods and are uncoupled from the

subsequent inversion of process-relevant parameters, i.e., they can be performed sequentially.

Fig. 7B shows the alternative coupled approach involving the following steps (e.g., Camporese
et al., 2015):

1. A process model is used to simulate the studied dynamic process and the evolution of
state variables (e.g., saturation or temperature) based on process-relevant parameters

(e.g., porosity and/or hydraulic conductivity).

2. On the basis of a suitable petrophysical relation, the state variables of the process model

are translated to spatio-temporal distributions of geophysical parameters.
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Figure 7: Schematic illustration of (A) coupled and (B) uncoupled process-based inver-

sions.

3. A geophysical forward simulation is carried out and the predicted process-based data is

used in conjunction with other multi-physical observations to update the parameters of

the underlying process model.

The uncoupled and the coupled approach have several common characteristics: they usually

involve time-lapse data, allow to integrate non-geophysical observations, and their success

strongly depends on the validity of the petrophysical relation used. Their main difference lies

in the fact that the uncoupled approach contains multiple inversions (one for the process model

and one for every geophysical method used to constrain it), while the coupled approach con-

sists of a single combined parameter estimation. Didactic examples on coupled process-based

inversions are presented by Riicker et al. (2017) and Commer et al. (2020).



18 3 Environmental applications

3 Environmental applications

The following section gives an overview on the applications of the discussed imaging approaches
in various fields of environmental geophysics. Our aim is to highlight the current state and de-

velopment potential in these different applications without claiming to be exhaustive.

3.1 Estimating vadose and critical zone properties

Even though the Earth’s shallow subsurface is mostly readily accessible, making direct obser-
vations at the spatial and temporal resolutions necessary to capture and characterize processes
controlling subsurface flow and transport is difficult. Yet, by controlling storage and release
of nutrients, water, or contaminants, these processes are having a direct impact on ecosystems
and communities, and hence the zone where these processes are taking place is often referred
to as the critical zone (Brantley et al., 2006). Geophysics has been shown to be a valuable tool
for upscaling direct observations, which are mostly restricted to a limited number of sampling
locations (e.g., boreholes or point sensors), by providing measurements of (mostly) proxies to
the variables of interest at the required resolution and scales that can be used to shed light on
the processes in this critical zone (Parsekian et al., 2015; Binley et al., 2015). This has been
shown to be particularly useful in tracking hydrological dynamics in the critical zone, such as
root-water uptake (Mary et al., 2020; Werban et al., 2008), or water infiltration (Looms et al.,
2008; Carey et al., 2019; Mawer et al., 2016). Depending on the properties and processes
to be imaged, different geophysical methods may provide the best sensitivity and resolution,
which has been discussed in detail in various textbooks (Reynolds, 2011; Telford et al., 1990;
Knodel et al., 2007). For instance, seismic techniques are well known to be sensitive to bedrock
weathering in crystalline environments (e.g., Hayes et al., 2019), while for identifying litho-
logical units in sedimentary environments, geoelectrical methods may be better suited (e.g.,
Crook et al., 2008; Uhlemann et al., 2017). Many studies have shown that by combining mul-
tiple geophysical techniques, the limitations of a single technique can be overcome and their
benefits be combined to obtain robust estimates of subsurface properties. In the following, we
will discuss some of those studies, particularly regarding their use of multiple geophysical tech-
niques, and we will distinguish them based on the nomenclature used in section 2. Within this
section, we focus on applications that range from the unsaturated to the saturated zone, and

mostly consider characterization of the structure and the physical properties of this zone.
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Independent inversion and joint interpretation

Holbrook et al. (2014) combine seismic refraction and electrical resistivity data to characterize
the subsurface of the Southern Sierra Critical Zone Observatory (SSCZO) in California, USA
(Fig. 8). While seismic data clearly distinguishes weathered from unweathered bedrock, elec-
trical resistivity data were used to distinguish saturated from dry conditions. Their combined
interpretation allowed to go from a purely structural interpretation to a hydrological inter-
pretation of the subsurface, thereby providing means to assess groundwater storage and flow
potentials. This study shows the benefit of a combined interpretation; solely from the seismic
data, it would have been difficult to distinguish saturated from dry bedrock, whereas if only
electrical resistivity data would have been available, estimating weathering fronts would have
been challenging. Hence, by combining the two methods, Holbrook et al. (2014) could derive
a detailed hydro-geological model of the SSCZO.
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Figure 8: Combined interpretation of (A) electrical resistivity and (B) seismic data to
obtain (C) a detailed groundmodel of a critical zone study site in California,
USA. Saprolite (S) overlies moderately weathered bedrock (MWB) through-
out most of the profile. Fractured bedrock (FB) is outcropping on the northern
end (modified from Holbrook et al., 2014).

Many studies use multiple geophysical techniques to characterize the subsurface at a single
point in time. Yet, geophysical monitoring has been shown to be able to, e.g., image thermo-
hydrological variability in the subsurface. Combining time-lapse seismic refraction and electri-
cal resistivity tomography (SRT and ERT, respectively) data, Blazevic et al. (2020) show that
infiltration pathways through the vadose zone can be imaged using both methods. They were
able to identify preferential flowpaths and, while not employed in this study, highlight the op-

portunity to use co-located, time-lapse seismic and ERT data for joint inversion (e.g., using
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petrophysical coupling) to provide better estimates of the hydrological processes and proper-

ties.

Structurally-constrained inversion

To characterize the vadose and saturated zone at a site close to Heby, Sweden, Mohammadi
Vizheh et al. (2020) combine RMT and GPR to estimate the water content within an aquifer.
By translating a GPR wave velocity model into estimates of water content and porosity, petro-
physical constraints are used to invert RMT data. By updating the petrophysical model and
inversion of the RMT data, Mohammadi Vizheh et al. (2020) determine a water content model
that fits both the GPR and RMT data. Using this constrained inversion, it was shown that thin
(~3m) saturated zones could be imaged, which was not possible using an independent inver-
sion of the RMT data. By comparing their results to available hydrogeological data, the authors
showed that the results of the constrained inversion were in good agreement with the known

subsurface conditions.

Joint inversion

Within vadose and critical zone studies, joint inversion is often applied using structurally cou-
pled approaches to delineate the geological layering of the subsurface. For example, Bouchedda
et al. (2012) use crosshole ERT and GPR travel time tomography to characterize the vadose zone
in a sandstone aquifer that is known to be complex and consisting of many different hydroge-
ological facies, ranging from siltstone, over fine to medium sandstone. While independent
inversion of the data provide results that were largely in agreement with borehole records, the
structural joint inversion showcased improved results with better delineation of these known
boundaries. Their results highlight that the joint inversion can improve the interpretability of
geophysical imaging by providing coherent layers that are indicative of different key hydrogeo-

logical facies, and variations between sandier and siltier units that may retain water differently.

While Bouchedda et al. (2012) show the benefit of joint inversion in delineating thin layers (<
1 m) within a small domain (< 10 m), Ronczka et al. (2017) use ERT and seismic refraction
tomography data acquired under water along an almost 1 km long transect to provide sub-
surface information for nuclear waste disposal at the Aspé Hard Rock Laboratory. They show
that despite logistical limitations, which resulted in poor data coverage of the SRT, the joint
inversion of resistivity and seismic data enabled the identification of a water-bearing fracture
zone, which was not imaged using independent inversions of the data. It is noteworthy that

the SRT data did not overlap the ERT data, yet the imposed structural similarity in the rest of
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the model helped in providing a clearer image of this important fracture zone. This shows that
joint inversion can provide improved results even in areas where only one method provides
better data coverage, but also that joint inversion of multiple geophysical methods can increase
the resolution, particularly in complex geological environments.

Independent inversion
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Figure 9: Comparison between independent and joint inversion of underwater ERT and
SRT data acquired at the Aspé Hard Rock Laboratory. While the independent
inversion (A-B) fails at imaging the known fracture zone NE-1, the joint in-
version (C-D), despite having no seismic coverage in that area, clearly images
the fracture zone (modified from Ronczka et al., 2017).

Process-based inversion

Hydrological modeling is well developed within soil science and critical zone applications. This
is mainly driven by the common assumption that the subsurface consists of layered facies with
predefined properties. Yet, this assumption is often violated due to the inherent heterogeneity
of the subsurface caused by, e.g., the depositional regimes. Here, geophysical methods can pro-
vide the high-resolution data required to estimate subsurface parameterization for hydrological

models to understand and predict hydrological processes of the vadose zone.

Many studies implement inversion approaches linking GPR data with hydrological models to
provide detailed estimates of hydrological properties, such as soil water content (Busch et al.,
2013; Finsterle and Kowalsky, 2008), hydraulic conductivity or permeability (Hinnell et al.,
2010; Kowalsky et al., 2006), but also root parameters like root water uptake (Kuhl et al.,
2018). For instance, Finsterle and Kowalsky (2008) developed an approach to estimate soil
water content through a process-based inversion linking crosshole GPR data with a hydrolog-
ical model, TOUGH2. Their proposed inversion methodology jointly estimates hydrological,

petrophysical, but also geostatistical parameters, to provide a realistic parameterization of the
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subsurface that explains both the measured hydrological and geophysical data (Fig. 10). Based
on a synthetic example, their results show that this approach is successful in recovering a per-
meability field that is in close agreement with the true permeability distribution, even though
the dimensionality of the problem was reduced significantly. This shows that linking geophys-
ical data with process-based models can provide results that go beyond the estimation of geo-
physical properties, but also provide parameter distributions that can directly be used by, e.g.,

hydrologists.

Similarly, Tran et al. (2016) used ERT data and the TOUGH2 modeling code for non-isothermal,
multiphase flow in porous and fractured media to estimate not only hydrological, but also
thermal properties of the subsurface. By including the thermal component, Tran et al. (2016)
showed improved estimates of hydrological parameters, compared to approaches neglecting

the thermal dependency of electrical resistivity measurements.

Experimental setup True permeability Inverted permeability

Figure 10: Process-based inversion linking crosshole GPR and TOUGH2 hydrological
model to estimate soil water distribution during infiltration experiment. a)
Location of neutron probes and GPR ray paths used for the inversion, as
well as the spatial distribution of liquid saturation. b) True permeability
distribution, c) inverted permeability distribution (modified from Finsterle
and Kowalsky, 2008).

Although by no means complete, this review shows that often multiple geophysical methods
are used in the study of the critical zone. This is likely due to the complexity and heterogeneity
of this shallow part of the Earth. Many studies use independent inversion of multiple geo-
physical methods, but then jointly interpret their results, and often use additional data, e.g.,
from boreholes, to provide reliable subsurface models, which can then be used as input to, e.g.,
Earth system models. Going beyond that, structurally-coupled joint inversion was shown to
provide results that pushed the limit in terms of resolution and accuracy than what indepen-
dent inversion could image, particularly in complex and stratified environments. Process-based
inversion can not only produce direct estimates of hydrological properties, but also improve the

understanding of hydrological processes in the critical zone.
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So far, we discussed studies that focus on providing detailed information mostly on a site scale.
Yet, to enable process understanding in cascading systems (e.g., linking site to hillslope pro-
cesses and river corridors), approaches that are capable of spanning across scales are needed.
Some recent work by von Hebel et al. (2018) and Falco et al. (2019) combine near-surface
geophysical methods with remote sensing data to integrate subsurface information with above-
ground observations, thereby providing actionable information on the ecosystem as a whole.
Similarly, Shailaja et al. (2019) use remote sensing and geophysical data to estimate groundwa-
ter potential in western India. Although these studies link near-surface geophysical and remote
sensing data, there is a lack of a integrated inversion of those approaches. In seismology, similar
efforts have shown to be successful in combining remote sensing and ground-based measure-
ments to define slip movements of earthquakes (Delouis et al., 2002). Such approaches could
also be developed for environmental problems, where a combination of remote sensing data
and near surface geophysics could be used to, e.g., track changes in soil moisture content for

agricultural applications.

3.2 Groundwater investigation

Many communities worldwide rely on groundwater for their water supply. Yet, climate change,
pollution, and changing water demands are increasing the stress on these aquifers, and hence
are changing groundwater security (MacDonald et al., 2021). Over-exploitation, e.g., in the
Central Valley of California, ultimately leads to a decrease not only in communal water sup-
ply but also in crop production (Scanlon et al., 2012). Hence, developing novel groundwater
management approaches, supported by scale-appropriate technologies, is critical to achieve
sustainable exploitation of this critical resource, and many questions still remain on how to
achieve this goal (Bloschl et al., 2019). To date, subsurface structure and property distribu-
tions remain the biggest uncertainty in hydrology and watershed sciences (Fan et al., 2019).
Geophysical techniques, as shown in the previous section, can be used to define these important
components. The previous chapter focused on applications that covered the unsaturated to sat-
urated zone, with most of the presented studies aiming at characterizing the static conditions.
Here we focus on applications that either target structural control on particular groundwater
dynamics, such as preferential flow, or use multi-geophysical studies to image the temporal

evolution of groundwater systems.

Independent inversion and joint interpretation

Many groundwater exploration projects are still making use of single geophysical techniques,

geoelectrical methods in particular, to provide guidance in siting of groundwater wells, espe-
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cially in developing countries (Boucher et al., 2009). While these techniques have been shown
to be quick and reliable, in complex geological or hydrological settings, a single technique may

not provide the information required to estimate groundwater resource and flow dynamics.

McClymont et al. (2011) use ERT, GPR, and seismic P-wave refraction data to investigate sub-
surface flow in alpine moraine deposits, which are characterized by complex hydrological sys-
tems due to their formation. While the GPR and SRT data proved essential in delineating
the interface between the moraine deposits and the underlying bedrock, the ERT data delin-
eated impermeable barriers to groundwater flow that correlate with spring locations where
groundwater emerged at the surface. Low resistivity and P-wave velocity anomalies showed
preferential groundwater flow through a network of fractures in the shallow bedrock, while
high resistivity and velocity anomalies indicated barriers that confined the groundwater flow
to shallow depths in other parts of the studied area. This highlights that by jointly interpreting
ERT, GPR, and SRT, a detailed model of the complex flow of groundwater through a moraine
deposit and its underlying bedrock could be obtained. Some details, like the flow pattern in the
shallow bedrock may have been missed when interpreting the ERT data only, as the interface
between the moraine deposit and the bedrock was not as well defined as imaged from the GPR

and SRT data.

Focusing on imaging the interface between glacial and alluvial deposits and a Gneiss bedrock,
Busato et al. (2019) use ERT and GPR data that spanned across the hyporheic and riparian
zones of the Vermigliana Creek, Italy. While the ERT could be used to delineate the interface
along a longer transect, the GPR data confirmed the shape of the interface and was used in a
hydrogeophysical monitoring study, which showed that water exchanges between the river and

the hyporheic zone were happening at very short timescales.

By employing time-lapse GPR and ERT, Steelman et al. (2017) were able to image the 3D mi-
gration of a CH4 plume within a shallow aquifer (Fig. 11). While the ERT results imaged the
formation of an isolated CH,4 bulb around a shallow injector and showed a lateral extension of
the CH,4 plume, further along the groundwater flow gradient the CH,4 did not cause a signifi-
cant desaturation of the porespace, to which ERT would have been most sensitive, and hence
imaging the migration of the plume was not possible. This limitation could be overcome using
GPR data, which due to the change in dielectric properties related to the migrating CH4 plume,
showed distinct time-varying reflections that could be used to track the migration of the plume.
This shows an exemplary case of the complementary nature of multiple geophysical measure-
ments. While using ERT would have allowed to image the built-up of a gas bulb around the
injection borehole, the migration of the CH4 plume downgradient would have been missed.

Yet, the GPR data was not sensitive to the increasing gas concentration in the vicinity of the
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injection, but successfully imaged the migrating plume. Hence, the integrated interpretation of

both techniques could successfully image the entire evolution of the CH4 plume.
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Figure 11: Tracking of CH, migration using independent time-lapse inversion of ERT
data and GPR reflection imaging (modified from Steelman et al., 2017). The
results show that ERT is sensitive to the built up of a CH,4 gas bulb around the
injection location, while a change in dielectric properties is used to image

the migrating plume using GPR.

Constrained inversion
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To provide a detailed image of aquifer geometry, geophysical techniques that are known to pro-

vide well defined boundaries, such as GPR or seismics, are often used to constrain the inversion

of other methods, such as ERT or magnetic resonance tomography (Doetsch et al., 2012a; Jiang
et al., 2020; Vouillamoz et al., 2012).

For instance, Doetsch et al. (2012a) identify layers within an aquifer based on 3D GPR reflection

data, and use these layers to constrain a 3D ERT inversion (Fig. 12). They apply this approach

on a gravel bank of the river Thur in northeastern Switzerland at a location of a recent river

restoration. To recover the distinct reflectors observed in the GPR data, regularization is discon-

nected above and below the picked interfaces, while across the identified groundwater table,

even though included in the mesh generation, regularization is still enforced. This approach
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clearly combines the strength of the two techniques. Without the GPR constraints, the layers
could be identified from the ERT resistivity model, but as it is common for geoelectrical imag-
ing, layer boundaries are smooth and difficult to decipher. By including the information from
the GPR data, the layer boundaries are integrated in the inversion and more detail within the
layers could be obtained. This detailed characterization of the aquifer was subsequently used
to inform the design of a salt tracer experiment, which was monitored using 3D ERT (Doetsch
et al., 2012b). The results highlighted preferential flow paths within the aquifer. While conven-
tional hydrological monitoring equipment (deployed in a set of monitoring boreholes) failed in
coherently detecting the tracer movements, the imaged changes in resistivity showed complex
movement patterns of the salt tracer, and allowed to estimate plume movement velocities and

directions.
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Figure 12: Detailed imaging of an aquifer using ERT constrained by GPR reflection data
(modified from Doetsch et al., 2012a). GPR reflection data (A) were used
to pick reflectors associated with lithological changes within the aquifer and
used to constrain the ERT inversion (B). Note that regularization was discon-
nected across the intra-gravel and clay boundary, while across the ground-
water interface regularization was maintained (even though the interface
was included in the mesh generation).

By constraining magnetic resonance tomography (MRT) and ERT data using lithological layers
derived from GPR reflection data, Jiang et al. (2020) obtained similar results that also highlight
that including structural constraints improved the resolution of variability within units and at
larger depths, but also provided hydrological properties that were in closer agreement with

borehole data than obtained from smoothness-constrained MRT inversions.

These examples show that constraining one geophysical technique with the results of another,
particularly a method with higher spatial resolution or better performance in delineating layer
boundaries, can improve hydrogeophysical characterization of hydrologically important units,

and allow to image complex aquifer structures and groundwater flow dynamics.
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Joint inversion

Often, geophysical data are used to parameterize hydrological models, which usually consist of
a number of distinct hydrological facies with well defined boundaries. Yet, geophysical imaging
usually provides smooth and ambiguous images of these boundaries. Similar to the incorpo-
ration of structural constraints, joint inversion of multiple geophysical methods can help to
overcome this limitation and to better resolve the boundaries of the hydrological facies (Linde
and Doetsch, 2016). Some of the early approaches have focused on combining different types
of geophysical data to provide well-defined hydrological facies within a domain bounded by
a set of boreholes. In particular, borehole GPR and ERT have been used quite intensively to
achieve this goal. Linde et al. (2006) use structural coupling based on cross-gradients to jointly
invert ERT and multi-offset gather GPR traveltimes to reconstruct the structural and hydro-
logical properties in 3D within the Sherwood Sandstone formation close to Eggborough, UK.
They make use of stochastic regularization operators that are based on geostatistical models
estimated from the additional borehole data available at this site, which above the saturated
zone are a function of the geology and the water content, and below just a function of the geol-
ogy. Hence, by using these stochastic regularization operators, Linde et al. (2006) include prior
information about the sandstone unit into their structurally-coupled joint inversion and obtain
geologically realistic models, even though the independently inverted GPR and ERT data did
not show apparent structural correlation. In their work, Linde et al. (2006) did not assume a
petrophysical relationship between electrical conductivity and electrical permittivity, but rather
obtain such a relation as a by-product of the joint inversion. Based on the analysis of scatterplots
of electrical conductivity vs. relative permittivity, a zonation of the hydrostratigraphy could be
achieved. Using a similar approach, but applying it to 3D time-lapse inversion of GPR travel-
time and ERT data, Doetsch et al. (2010) could significantly improve the imaging of subsurface
plume migration, including its lateral spreading and the movement of the center of mass, com-
pared to results from independent inversion of the data sets. Incorporating recent advances in
GPR full-waveform inversion, Domenzain et al. (2020b,a) developed a structurally-cooperative
joint inversion approach that, by coupling GPR full-waveform and ERT data, can reconstruct
significant details from both datasets. By comparing the joint inversion to the independent
inversion results, they conclude that for the joint inversion, the ERT method complements the
GPR data, particularly in regions of high attenuation, whereas the GPR data support the ERT
measurements in areas of low conductivity. They apply their code to a synthetic aquifer model
and show that by using the joint inversion, boundaries in the permittivity and conductivity
fields can be resolved with high accuracy, and even smaller contrasts within potential aquifer

subunits can be imaged (Fig. 13).
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Figure 13: Imaging of a synthetic aquifer using full-waveform GPR and ERT data. (A-B)
show the synthetic aquifer model in terms of its permittivity and electrical
conductivity. (C-D) the recovered permittivity and electrical conductivity
fields obtained from the joint inversion of full wave-form GPR and ERT data
(modified from Domenzain et al., 2020a).

Based on the joint inversion of vertical electrical and magnetic resonance soundings, Giinther
and Miiller-Petke (2012) estimate the hydraulic properties of a layered groundwater system
on the North Sea island of Borkum, Germany. By solving for the water content, the relaxation
time Ty, and the electrical resistivity of a 1D layered earth, they are able to distinguish litho-
logical units in a complex freshwater/saltwater system that otherwise would have been hidden
by the ambiguity of the results of independent inversions. They also show that by applying
petrophysical relationships to these inverted parameters, they can provide important hydrolog-
ical parameters such as hydraulic conductivity, porosity, and salt concentration, which are all
critical for density-driven flow and transport modeling of this coastal aquifer. Developing this
methodology for 2D applications, Skibbe et al. (2021) show that the joint inversion of mag-
netic resonance and electrical resistivity tomography data yield improved aquifer zonation and
property estimates, particularly with regard to imaging the hydraulic conductivity distribution,

even in a complex environment.

Process-based inversion

In groundwater-focused applications, and in hydrogeophysics in general, geophysical data are
often used to constrain hydrological models, either by providing structural characteristics, or
by providing data on temporal dynamics (Binley et al., 2015). Given this well-developed link to
hydrological flow and transport models, process-based inversions have been adapted relatively
early on in groundwater applications, similarly to the many developments in vadose zone ap-

plications. The first example of an uncoupled process-based inversion was achieved through a
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thorough hydrogeophysical characterization of the South Oyster Bacterial Transport Site (Hub-
bard et al., 2001) that eventually enabled detailed modeling of solute transport by Scheibe
and Chien (2003). Scheibe and Chien (2003) constrained their transport model using both the
hydraulic property estimates from borehole flow meters, in addition to the cross-sectional es-
timates of hydraulic conductivity derived from cross-borehole measurements of Hubbard et al.
(2001). They show that by just constraining the model with the borehole flow meter data,
the estimated model predictions did not significantly improve and were overly confident. Yet,
when incorporating the hydraulic conductivity estimates from the cross-borehole GPR data,
considerable improvements in both the accuracy and precision of the model predictions were

observed.

Using a fully coupled approach, Johnson et al. (2009) use time-lapse ERT data and hydro-
logical observations to invert for the hydraulic conductivity field. Rather than using specific
petrophysical relationships, which depending on the subsurface heterogeneity may not be spa-
tially continuous, their approach only assumes the form of the petrophysical relationship, e.g.,
whether it is linear or exponential, and include this into the objective function of the inversion.
While this should be applicable to various geophysical properties, Johnson et al. (2009) use this
approach to link changes in observed bulk resistivity to changes in the fluid conductivity. The
changes in the fluid conductivity are then linked to the results of a MODFLOW-based flow and
transport model to jointly invert the ERT data with observed measurements of hydraulic head
and fluid conductivity. Their results, based on a synthetic example, show that this approach
provides a detailed image of the true hydraulic conductivity field that is superior to both the
estimated hydraulic conductivity field from the hydraulic and geophysical observations alone
(Fig. 14).

Avoiding potentially poorly defined petrophysical relationships altogether, Lochbiihler et al.
(2013) propose a methodology that, similar to structurally-coupled joint inversion of multi-
ple geophysical data sets, uses spatial gradients in both the geophysical and hydrological data
to jointly invert these data sets assuming structural similarity. Using an alternating direction
method of multipliers (known as ADMM), Steklova and Haber (2017) break down the complex
joint inversion problem and solve the geophysical and hydrological problem separately, while
still minimizing the misfit for both problems simultaneously. This approach allows to combine
two inverse problems that potentially have different convergence properties, and generally re-
duces the computational effort and allows for flexibility in the choice of forward modeling and
inversion codes. Applied to a seawater intrusion problem, Steklova and Haber (2017) show

that using ADMM time-lapse ERT and groundwater sampling data can be jointly inverted to
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Figure 14: Inversion results of synthetic hydraulic conductivity field (A), using only hy-
draulic head and fluid conductivity observations (B), only time-lapse ERT
data (C), and a joint inversion of both hydraulic and geophysical observa-
tions (D) (modified from Johnson et al., 2009).

provide accurate estimates of the 4D solute concentration distribution throughout the studied

aquifer.

Going beyond providing physical parameter distributions, Tso et al. (2020) show that process-
based models can also be used to estimate parameters important for contaminant release, such
as leak location, time of leak onset, and contaminant discharge. Their results show that par-
ticularly the leak parameters, such as location, time of leakage, and duration can be estimated
to a high accuracy, whereas estimating hydrological parameters and contaminant discharge
showed large uncertainties. While this work required a good parameterization of the hydrolog-
ical model, it shows that parameters critical for understanding complex contaminated sites can

be gained from such methods, which can be crucial for a reliable long-term monitoring strategy.

These examples show the benefit of applying multimethod investigations to groundwater prob-
lems. Not only can joint investigations improve the structural characterization of aquifers, many
studies also showed that detailed images of complex hydrological processes can be obtained by
considering multiple geophysical methods or by integrating geophysical and hydrological mod-
els. Given the rising stress of aquifers around the globe, geophysical investigations used to
characterize and assess groundwater resources for their sustainable use will become increas-

ingly important in the future. These studies show that combined geophysical/hydrological
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approaches are able to address this need and that they will play a decisive role in sustainable
groundwater management, since direct hydrological observations are (1) often expensive to
obtain, and (2) only provide estimates at sparse borehole/sampling locations. However, there
is a need to further develop geophysical methods to provide accurate and rapid estimates of
groundwater potential, particularly for deep and fractured aquifers, which may be overlain by

conductive formations, and hence “hidden” to many geophysical imaging techniques.

3.3 Natural hazards

Urban areas and infrastructure networks are progressively moving into regions prone to nat-
ural hazards, such as earthquakes, landslides, sinkholes, flooding, or wildfires. With climate
change causing an increasing frequency of extreme weather events, the triggering conditions
for some of those natural hazards are becoming more frequent and severe. Hence, it is becom-
ing increasingly important to investigate the subsurface characteristics and processes linked to
these hazards to assess the risk that they pose. As for previous applications, natural hazards
studies also use multiple geophysical techniques to image and characterize the subsurface con-
ditions and processes triggering these natural hazards. Since these processes are known to be
complex, combining the sensitivity of multiple geophysical methods has shown to be very ben-
eficial in distinguishing subsurface features related to earthquake ground displacements and
liquefaction (Khan et al., 2021), landslide slip surfaces (Zarroca et al., 2014; Schmutz et al.,
2009), and sinkhole features (Carbonel et al., 2014). Such methods can overcome the inher-
ent limitations of conventional studies, which are often based on visual observations or remote
sensing, which commonly provide information about ongoing effects related to the hazards,
such as ground displacements, rather than providing data that can be used for early warning

of natural hazards.

Independent inversion and joint interpretation

Due to the complexity of the ground conditions associated with natural hazards, multiple meth-
ods are frequently used to assess various features and to improve the robustness of the devel-
oped ground-model. Depending on the hazard, subsurface targets include stratigraphy, location
of the groundwater table, or imaging the response of the subsurface to the hazards. In any of
those cases, single geophysical techniques may not be able to provide the information that is
needed to identify the subsurface features that are controlling the severity of the hazard, and
often geophysical techniques are complemented with engineering geological or geotechnical
studies (e.g., Merritt et al., 2014; Sass et al., 2008; Bekler et al., 2011; Malehmir et al., 2013).
For example, Bichler et al. (2004) use seismic, GPR and ERT data, combined with stratigraphic
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and geomorphological analysis to provide a 3D model of the Quesnel Forks landslide, British
Columbia, Canada. Using this combined approach Bichler et al. (2004) were able to image
rupture surfaces and other displacement features, and were able to identify possible triggering
factors for this landslide, allowing them to assess the risk of this landslide. They highlight that
“the multi-geophysical survey approach resulted in a more detailed and less ambiguous inter-
pretation of the 3-dimensional structure of the landslide and terrace than if any one geophysical
method were used in isolation”, and hence provide an excellent example on how the use of mul-
tiple geophysical techniques can overcome the limitations of single techniques. In their case,
because of the range of scales and the required depth-of-investigation, no one method would

have been ideal to characterize this landslide.

Similarly, Heincke et al. (2010) and Socco et al. (2010) use a combination of seismic and elec-
trical methods to characterize rockslide and rock avalanche deposits. The combined use of
multiple geophysical techniques enabled the identification of fracture zones and the determi-
nation of the thickness of these deposits across a range of depths and contrasts in geophysical

properties.

For sinkhole applications, Carbonel et al. (2014) combine GPR, ERT, and trenching to image the
characteristics of sinkholes impacting upon urban areas of Zaragoza, Spain (Fig 15). They show
that trenching can provide reliable information on the extend of sinkholes and their internal
structure. Trenching across large areas is prohibitive, therefore, geophysical surveys can be used
to provide detailed images of the sinkholes features both in 2D and 3D. While GPR is highlighted
as the most appropriate technique, mostly due to its sensitivity and resolution to distinguish
sinkhole fill from the host rock, the applicability of GPR is limited in the case of electrically
highly conductive fill, or deep features. Carbonel et al. (2014) show that this limitation can be
overcome by combining GPR with ERT measurements, which although do not provide data at
the required resolution to image detailed sinkhole fill, this approach can be used to investigate
the deeper features and perhaps controlling conditions of sinkholes that cannot be reached
using GPR.

Similarly, Samyn et al. (2014) use ERT and multi-channel analysis of seismic surface waves
(MASW) combined with geotechnical investigations to assess the risk of seepage through river
dams. By determining anomalies from the ERT and seismic data, they were able to define a fail-
ure susceptibility index, which they could use to map seepage risk at high spatial resolution (10
m) across the studied area comprising 90 km of dams along the Loire river. Samyn et al. (2014)
highlight that conventional studies, e.g. using borehole investigations, only provide data at a
spatial resolution usually of about 500 m. In many cases where the features of interest are of

small scale, such as identifying seepage or karst feature, this resolution may be inappropriate,
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Figure 15: Integrated investigation of sinkholes close to Zaragoza, Spain. Trenching
(A), ERT (B), and GPR (C) are used to provide a detailed image of the
sinkhole stratigraphy, elucidating the forming mechanism of this sinkhole
(modified from Carbonel et al., 2014).

but can be overcome by using a combined acquisition and interpretation of geophysical imaging

techniques and conventional investigations.

Constrained inversion

The subsurface conditions related to natural hazards are often complex. For the example of
landslides, the movement of soils or rocks are creating intricate subsurface features including
cracks, fissures, and mixtures of materials, next to complex hydrogeological conditions, with
perched groundwater tables and preferential flow. Landslides are commonly investigated using
geotechnical and geomorphological approaches, which can provide detailed data representa-
tive of small volumes, but may fail in providing data representative for these heterogeneous
conditions. Geophysics has been proven a valuable tool in the characterization and monitoring
of landslides, particularly when combined with standard geotechnical and geomorphological
investigations (Jongmans and Garambois, 2007). By combining the results of different geo-
physical methods, detailed images of the complex subsurface conditions commonly related to
natural hazards can be obtained. For instance, Uhlemann et al. (2017) use results from seis-

mic refraction surveys (P- and S-wave) to define a lithological boundary based on the derived
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Poisson’s ratio. This interface is used to constrain the inversion of ERT monitoring data and
eventually to assign petrophysical relationships to translate the obtained electrical resistivity
distribution into distributions of gravimetric moisture content. By doing so, they not only ob-
tain more reasonable images of the lithological interfaces, but also improved the estimates of

moisture content in the shallow subsurface, which were shown to be in agreement with inde-

pendent soil moisture measurements and variations in groundwater table.
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Figure 16: Constrained inversion applied to landslide investigations (modified from Uh-
lemann et al., 2017). (A) Interface between the mudstone and the sand-
stone, as defined from the Poisson’s ratio, which was determined from P-
and S-wave seismic refraction tomography. (B) Inversion mesh, showing
how the two different domains for the mudstone and sandstone. (C) In-
verted resistivity model highlighting the difference between the lithological
units and landslide features. (D) Gravimetric moisture content derived from
the ERT data by applying separate petrophysical relationships to the mud-
stone and sandstone units, as distinguished from the seismic data.
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Joint inversion

To fully exploit the sensitivity of multiple geophysical methods, Hellman et al. (2017) use a
structurally-coupled cooperative inversion approach to jointly invert seismic and ERT data to
investigate a landslide setting in Vagnhérad, Sweden (Fig. 17). In their study, they highlight
that jointly inverting multiple geophysical data addresses the equivalence problem, common to
geophysical inversion, and that the structurally-coupled cooperative inversion aids in enhanc-
ing subsurface contrasts that are common in the geophysical methods used. In this case, the
subsurface could be divided into 3 layers, with clay overlying a glacial till, which is underlain
by bedrock. The investigated landslide was triggered by a rise in pore pressure at the interface
between the till and the clay. A joint use of ERT and seismic is beneficial in this case. While
there is a large electrical resistivity contrast between the till and clay, the contrast between till
and bedrock is small, yet the contrast in seismic velocity of this lower interface is large. Hence,
by jointly inverting the data of the two methods, more pronounced interfaces between both clay

and till, and till and bedrock were obtained compared to independent inversion of the data.
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Figure 17: Results of independent (left) and structurally-cooperative joint inversion of
ERT and seismic P-wave refraction data, acquired on a landslide in Vagn-
hédrad, Sweden (modified from Hellman et al., 2017). The top two panels
show the ERT and seismic inversion results, the bottom panel shows a clus-
ter analysis of the resistivity and P-wave velocity models. The structurally-
cooperative joint inversion enables a better delineation of the interface be-
tween the clay (cluster 1) and the glacial till (cluster 2), as well as between
the till and the bedrock (cluster 3).
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To investigate sinkholes in northern France, Jardani et al. (2007) jointly invert SP and EM data,
using a simulated annealing approach. The two methods are linked under the assumption
that the thickness of the vadose zone is determining both the EM and SP response. Their
results show distinct variations in the thickness of the vadose zone that correspond with the
location of known sinkholes, however, they were also able to identify anomalies that could be
linked to previously unknown sinkholes. The depressions of the base of the vadose zone are
linked to preferential groundwater flow towards the underlying aquifer. While both methods
are sensitive to these variations in flow and soil moisture content, their joint inversion provided
robust estimates of anomalous locations that correlated with known sinkhole locations, and

highlighted the hydrological conditions governing these systems.

To image potential piping in a test embankment, Rittgers et al. (2016) jointly invert time-lapse
P-wave refraction and ERT data. By comparing independent, structural cross-gradients (SCG),
and time-lapse SCG, and an iteratively reweighted SCG, it is shown that the small scale, targeted
piping feature could only be imaged using time-lapse SCG and the time-lapse reweigthed SCG
constraints. This highlights the use of joint inversion approaches to increase contrasts and
hence resolution to image even small scale features, which can be very difficult to image using

a single geophysical technique.

Process-based inversion

To progress from monitoring proxies to the factors triggering natural hazards to eventually pre-
dict the hazard, linking geophysical data with the appropriate mechanistic model is necessary.
Yet, in contrast to vadose zone or groundwater studies, where many process-based inversion
approaches have been developed and used, in the field of natural hazards this is only now
starting to emerge. Some recent studies have combined subsurface structures identified from
airborne EM data with hydro-geomechanical models to assess the stability of volcano flanks
(Peterson et al., 2021; Finn et al., 2018). By incorporating subsurface features into the slope
stability model, Finn et al. (2018) could improve the hazards assessment for slope failure of
Mt. Baker, Alaska, US, which showed reduced stability due to hydro-thermal alteration of the
rocks forming the flanks of this volcano. When modeling a homogeneous subsurface property
distribution the most likely flank to collapse was estimated to be the north-western flank, how-
ever, when incorporating rock alterations mapped by the AEM data, the south-eastern flank
was estimated to having a higher susceptibility to failure. Similar results where also obtained
by Peterson et al. (2021), which show that particularly deep hydro-thermal alteration of the
Iliamna Volcano considerably increases the susceptibility of slope failure, but also increases the

potential volume of material that could be released during failure (Fig. 18).
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Figure 18: Incorporating subsurface rock alteration identified from airborne EM data
into hydro-geomechanical models to assess the stability of the flanks of II-
iamna Volcano (modified from Peterson et al., 2021). (A)-(B) Depth slices
at 10 and 200 m below the ice covered volcano surface, with low values in-
dicating hydrothermally altered rock. (C) Slope stability estimated using a
homogeneous subsurface model, and using the imaged alterations (D). (E)
Depth of the most likely flank failure scenario.

Incorporating time-varying subsurface features, Uhlemann et al. (2021a) propose a process-
based joint inversion scheme that extracts the groundwater table from time-lapse ERT data,
and uses this information in a hydro-geomechanical model to assess the stability of a landslide.
They show that by incorporating the geophysical data, and simulating future storm events, the
hazard can be assessed and predicted. These developments of integrating subsurface infor-
mation obtained from geophysical data into slope stability models are showing encouraging

results, and due to improving capabilities with regards to data telemetry and modeling capabil-
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ities, such joint approaches are likely to provide a paradigm change for early warning of natural

hazards.

While many studies have shown that geophysics can delineate subsurface features critical to
assessing various natural hazards, often there is a disconnect between geophysical and geotech-
nical or civil engineering investigations. This is mainly due to the different physical properties
that are of concern to the various disciplines. As for other fields, the focus of the geophysi-
cists should be to translate geophysical proxies into parameters that are used in geotechnical
and civil engineering. Applied to landslide problems, such an approach has been developed
by, e.g., Crawford and Bryson (2018). Developing these relationships between geophysical
and geotechnical properties is still a pressing issue, but will provide a means of more easily

integrating geophysical data into geotechnical and geomechanical models.

3.4 Permafrost degradation

Arctic environments present massive storage units for CO5 and hence are pivotal elements to as-
sess the impact of climate warming on the Arctic feedback loop that has the potential to acceler-
ate climate change (e.g., Schuur et al., 2015). In addition, permafrost degradation can increase
the probability of slope failures in Alpine regions (e.g., Huggel et al., 2011). Yet, measuring the
geological and hydrological properties and processes of those permafrost environments, both
in the Arctic and in Alpine settings, is difficult due to inaccessibility, sensitive ecosystems, and
the harsh environmental conditions, which is causing a data gap associated with those proper-
ties and processes. Geophysical techniques are known to complement point observations and
to assess the intermediate depths (1 - 10’s of m) at spatial and temporal resolutions critical
to understanding the impact of climate change on permafrost hydrological dynamics (Kneisel
et al., 2008; Dafflon et al., 2017; Minsley et al., 2012; Farzamian et al., 2020). This is because
electrical and seismic properties of soils and rocks, particularly at temperatures below freez-
ing, are highly sensitive to variations in temperature and thus ice content (Wu et al., 2017;
Dou et al., 2016). Hence, in frozen environments, seismic and electrical methods are often
used to image the geological variation, but also the temporal dynamics of permafrost systems.
(Hilbich, 2010; Uhlemann et al., 2021b; Buchli et al., 2013; Scandroglio et al., 2021). GPR and
magnetic resonance techniques are also used frequently due to their sensitivity to the unfrozen

water content in such environments (Parsekian et al., 2019; Campbell et al., 2018).
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Independent inversion and joint interpretation

Many studies have employed multiple geophysical methods to image the characteristics, and
derive the formation and thermo-hydrological functioning of permafrost environments. For
instance, Emmert and Kneisel (2021) combine ERT and GPR data to investigate the internal
structure of palsas, i.e., peat mounds underlain by permafrost, in central Iceland. Based on
their data they could assign the studied palsas to different development stages, highlighting
recent changes in environmental conditions that impacted and changed the trajectory of palsa
development. To investigate the controls of thermal degradation of a rock glacier in the Turt-
mann valley, Switzerland, Buchli et al. (2013) use a combination of seismic and GPR data,
together with geotechnical investigations and multi-level temperature measurements. While
the seismic data were used to identify the top of permafrost, and confirmed by borehole tem-
perature measurements, GPR data proved useful in identifying the active shear zone of the
rock glacier, which was validated through depth-resolved deformation measurements. This in-
tegrated study shows that using a combination of geophysical measurements, detailed geotech-
nical and thermo-hydrological investigations the thermo-hydromechanical dynamics within a
degrading, creeping rock glacier could be imaged, thereby providing insights into the factors

influencing the stability of the rock glacier.

Joint inversion

Formulating a petrophysical link between electrical and seismic properties of rocks, Hauck et al.
(2011) built the basis for a number of recent studies employing petrophysical joint inversion of
ERT and SRT data sets (e.g., Wagner et al., 2019; Mollaret et al., 2020; Steiner et al., 2021). In
their model, Hauck et al. (2011) define the frozen subsurface to consist of four phases: rock,
air, and unfrozen and frozen water (i.e., the four-phase model - 4PM). Employing Archie’s law
and an extension of Timur’s time-averaging equation, both independently inverted geophysical
data sets can be linked to provide estimates of the volumetric fraction of each phase in the sub-
surface. While it is shown to provide robust estimates of air and water content, distinguishing
between rock and ice proved difficult because of their similar electrical and seismic properties.
Since the electrical and seismic data were inverted independently, the 4PM model applied to
these tomographic images can return nonphysical values, like negative volume fractions, and
does not account for other constraints such as mass-conservation laws. To overcome this limi-
tation, Wagner et al. (2019) developed this approach further and used the 4PM model as the
petrophysical link for a joint inversion of ERT and SRT data (Fig. 19). Rather than solving
for the geophysical property distribution, i.e., electrical resistivity and seismic slowness, this

approach solves directly for the distribution of the four phases. Doing so, Wagner et al. (2019)
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could include other constraints such as the mass-conservation law, and could show that only
physical values were obtained. They also demonstrated that for petrophysical joint inversion,
if the porosity distribution is known, it can result in more accurate estimates, in particular for
the ice content. Although the petrophysical joint inversion provides more robust estimates of
the ice/air/water/rock content of the subsurface, the pronounced sensitivity to the subsurface
porosity distribution has yet to be overcome. This has also been shown by Steiner et al. (2021),
who compare the two approaches in detail based on data from the summit of Hoher Sonnblick,
Austria. Using GPR data as structural constraints within the petrophysical joint inversion (i.e.,
a combination of the workflows illustrated in Fig. 1B and Fig. 1C), Steiner et al. (2021) can
provide an independent estimate of the subsurface structure, limiting the non-uniqueness of the
approach. Applying this framework to time-lapse data, they can show that variations derived
from the petrophysical joint inversion are in agreement with auxiliary data streams indicating

infiltration of snow melt.
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Figure 19: Quantitative imaging of an alpine permafrost site using different inversion
approaches. (Top) Independent inversion of both ERT and SRT data and
subsequent application of the 4PM model after Hauck et al. (2011), (Cen-
ter) Petrophysical joint inversion (PJI) after Wagner et al. (2019), (Bottom)
Structurally-constrained PJI after Steiner et al. (2021). The columns show
P-wave velocity, electrical resistivity, and the volumetric fractions of water
(fy), ice (f), air (f,), and rock matrix content (f;) (modified from Steiner
et al., 2021).

Process-based inversion

Earth system models are widely used in Arctic and permafrost research to investigate feed-
back of climate warming to the release and storage of greenhouse gases, and to assess related
changes in hydrology and vegetation dynamics (McGuire et al., 2018; Mekonnen et al., 2021;

Jafarov et al., 2018). These models are becoming increasingly sophisticated, being able to
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model important parameters such as snow redistribution, lateral groundwater flow, and dy-
namic plant distributions (e.g., Coon et al., 2020; Grant and Roulet, 2002; Lawrence et al.,
2019). These models have recently been coupled with geophysical data in process-based in-
versions to estimate soil organic carbon, porosity, and thermal conductivity of permafrost en-
vironments (Tran et al., 2016; Jafarov et al., 2020). Tran et al. (2016) develop a coupled
hydrological-thermal-geophysical forward model, by linking the Community Land Model (hy-
drological and thermal modeling, Lawrence et al., 2019) through petrophysical relationships
with the geoelectrical modeling code BERT (Riicker et al., 2006). By using a Markov chain
Monte Carlo approach, Tran et al. (2016) can estimate the 1D distribution of organic carbon
sand content, and estimate the petrophysical parameters linking the thermo-hydrological esti-
mates to the geophysical data. They show that compared to separate inversion of the various
input parameters, i.e., temperature, soil moisture, and electrical resistivity, the process-based
inversion significantly reduced the uncertainty of the estimated parameters, particularly for
shallow depths. Building on this work, Jafarov et al. (2020) use the Advanced Terrestrial
Simulator (ATS, Coon et al., 2020) to estimate the 2D distribution of porosity and thermal
conductivity. Including monthly ERT monitoring data led to better defined minima of the cost
function, thereby providing more accurate estimates of the inverted parameters. They highlight
the importance of including time-lapse ERT data, and acknowledge the importance of optimally
distributing sensors to capture the dynamics and heterogeneities that are needed for accurate

parameter estimations.

These studies show an increasing trend of multimethod geophysical applications in permafrost
environments that are often linked to thermo-hydrological models. Due to the inaccessibility of
many Arctic, Antarctic, and mountainous permafrost regions, direct observations of these pro-
cesses that are critical to understand the impact of climate change are often missing. Hence,
geophysical methods have frequently been used to image those processes, and these studies
highlight the potential of geophysical investigations to provide critical parameter estimates,
but also subsurface trends, e.g., related to deep temperature variations. Some questions still
remain in this field, e.g., imaging the base of permafrost is still challenging due to the phys-
ical similarities with bedrock properties, as well as disentangling hydrological from thermal
dynamics in these complex environments. Using multimethod geophysical investigations and
petrophysical joint inversion approaches are likely to aid in addressing and answering these

questions.
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3.5 Geological CO, storage

Recent observations of increasing temperatures and more frequently occurring weather ex-
tremes provide evidence for climate warming and global climate change. The increasing vol-
ume of CO4 in the atmosphere is known to be one of the driving forces of this change. Hence,
technologies are being developed that can reduce CO5 emissions, or capture CO9 and store it in
geological formations. Often, similar geological units than exploited for oil and gas production
are used to store CO5 and geophysical techniques have long been employed to characterize and
monitor these units. Most of these developments are focused on seismic exploration and moni-
toring techniques, and hence not the focus of this chapter. But some studies have used multiple
geophysical techniques to provide, e.g., structural constraints to the inversion of another tech-
nique, or geophysical data has been coupled with process models to provide improved estimates
of the reservoir properties. These developments are often based on COy-induced changes in
seismic and electrical properties, where usually an increase in COy saturation relates to a de-
crease in seismic velocities and an increase in the electrical resistivity (Kim et al., 2013; Carcione
et al., 2012).

Structurally-constrained inversion

Based on data from the Ketzin Pilot site for COy storage, Bergmann et al. (2014) investigate
the potential of including structural constraints obtained from seismic reflection data into the
inversion of surface-downhole ERT data. They show that by incorporating the seismic con-
straints, the inverted ERT data reflects more closely independent observations of the geological
boundary, i.e., the location of the reservoir-caprock boundary, but also provides better esti-
mates of the CO5 migration patterns. Through a thorough sensitivity study, Bergmann et al.
(2014) also show that incorporating the seismic constraints helps to reduce the data misfit for
the ERT inversion, providing models that are in better agreement with the observed data. The
surface-downhole ERT measurement layout of this study, although providing ease in logistics
for repeated measurements, has some limitations in terms of sensitivity and resolution. There-
fore, adding the constraints from the seismic and wellbore data clearly aids in providing more

detailed electrical information by reducing the number of degrees of freedom.

Process-based inversion

At the Cranfield CO storage site in Mississippi, various geophysical monitoring methods have
been employed (e.g., Zhou et al., 2020). Doetsch et al. (2013) link time-lapse crosshole ERT

measurements in an uncoupled process-based inversion, together with gas composition data,
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to a process model describing CO9 migration in the reservoir. Due to data quality limitations,
the authors report that it was critical to invert the ERT data first using structural constraints
derived from borehole logs. This demonstrates that uncoupled process-based inversions can be
combined with other multimethod inversion approaches discussed in this chapter. The authors
use the ERT-derived changes in CO4 saturation along with gas composition data to estimate
reservoir permeability and effective reservoir width of their model. In doing so, they test several
conceptual models and found that the reservoir response is inadequately captured by a radial
model. A three-layer model with horizontal layers, whose widths and permeability values are
obtained from the process-based inversion, is able to explain the observations and the estimated
permeability values are in agreement with those obtained from laboratory measurements on
rock cores. The authors conclude that fully-coupled inversion of time-lapse ERT data would be

an important extension of their work.

Building upon the geophysical characterization and monitoring of the Ketzin CO5 storage site
Bergmann et al. (2016), a fully-coupled process-based inversion approach has been developed
(Wagner and Wiese, 2018; Wiese et al., 2018). Combining commercial reservoir modeling
codes to simulate the hydrology and CO5 migration within the reservoir and surrounding with
geoelectrical forward modeling, Wiese et al. (2018) show that these models can be integrated
into a fully-coupled inversion approach that fits both hydrological and geophysical observa-
tions. To reduce the dimensionality of this complex problem, Wiese et al. (2018) make use
of so-called superparameters, which are factors that link a subset of eigenvectors to the actual
model parameters. Through this approach, the full Jacobian, including both hydrological and
geophysical sensitivities, only needs to be calculated once at the beginning of the inversion, and
following iterations calculate the sensitivity for these superparameters only. This is shown to
reduce the computational time by a factor of at least four. This process-based, fully-coupled in-
version scheme is shown to be able to fit the observed data, with smaller errors for the hydraulic
data than for the resistivity data. Applied to actual data from the Ketzin test site, Wagner and
Wiese (2018) show that this model also accurately predicts acquired field data, particularly the
gas pressures and CO, migration patterns, thereby confirming the accuracy of the estimated

permeability field.

These studies show that multimethod imaging aids to provide a better understanding of sub-
surface storage units, as shown here for COy storage applications, but also for, e.g., shallow
geothermal applications (e.g., Lesparre et al., 2019). While most studies combine seismic and
ERT methods, also crosshole EM and GPR should provide valuable information, particularly in

the area of enhanced geothermal systems, where fracture zones may need to be characterized.
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4 Remaining challenges and new frontiers

We have reviewed the theory and applications of several multimethod imaging approaches
in environmental geophysics. In the following discussion, we highlight some considerations
and potential pitfalls in the use of these approaches and discuss areas, where we anticipate

particular research potential in the near future.

4.1 Potential pitfalls in multimethod geophysical imaging

4.1.1 Structurally-constrained inversion

Structurally-constrained inversions disconnect spatial regularization across predefined subsur-
face boundaries. The effect of this can be striking (e.g., Fig. 3C) and has shown to provide
clearer differentiation of subsurface units, stronger contrasts between properties, and more
reliably deduced petrophysical parameters (e.g., Jiang et al., 2020). However, the obvious pit-
fall lies in possible uncertainties in the locations of the prescribed interfaces. Binley and Slater
(2020) hence emphasize that prescribed structural constraints should always be evidence-based
and used with caution. Even if the position of a particular subsurface boundary is known,
another choice has to be made with regard to the degree of decoupling, i.e., a locally down-
weighted or fully-disconnected regularization. As both the presence and strength of the struc-
tural constraints do not solely influence the structure, but also the amplitudes of the retrieved
geophysical properties, they can also impact the subsequent quantification of petrophysical
properties (e.g., Steiner et al., 2021). We recommend to follow a procedure as described by
Bergmann et al. (2014), in which the interplay of the coupling parameter (e.g., # in Fig. 3E)
and the overall regularization strength (A in Eq. 1) is investigated over a range of values in
light of data misfit and model misfit. If the position (or presence) of subsurface boundaries
is not clear, a safer and less subjective alternative is presented by structural joint inversion

approaches, which circumvent the prior prescription of expected subsurface boundaries.

4.1.2 Structural joint inversion

Structural joint inversions promote structural similarity in the parameter distributions of dif-
ferent methods, given that this similarity is supported by the observations. Yet, structural sim-
ilarity between different rock properties may not necessarily exist. Structural joint inversion
approaches are therefore only recommended if individual inversions of the involved methods
exhibit structural similarity or if such similarity can be expected on the basis of petrophysical

considerations (Linde et al., 2008).
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Practitioners may also wonder whether a coupled or cooperative joint inversion approach is
more suited for their data. Linde and Doetsch (2016) point out that the advantages and dis-
advantages of the SCCI approach compared to the structurally-coupled joint inversion based
on cross-gradients remain to be demonstrated. While we fully agree, a few differences can
already be outlined that may support a case-specific decision. Structurally-coupled joint inver-
sion based on cross-gradients uses the cross product, which is defined for two vectors in a 3D
Euclidean space. This has two consequences. First, while the third dimension can be set to zero
for the application of cross-gradients in 2D, it cannot be applied to 1D data (e.g., electromag-
netic soundings), which is not the case for the SCCI approach, where structural information
is only exchanged between two otherwise independent inversions (e.g., Skibbe et al., 2018).
However, a potential pitfall of the SCCI approach lies in the appropriate choice of the coupling
parameters (i.e., a and b in Eq. 5) as discussed in more detail by Skibbe et al. (2021). Second,
joint inversion based on cross-gradients is particularly suited for structured rectilinear grids. In
such regular discretizations where cell boundaries are either vertically or horizontally oriented,
the functional can be readily computed. Its translation to unstructured meshes, however, is not
straightforward. Jordi et al. (2020) present an extension of the cross-gradient method, which
calculates the cross-gradient operator on the basis of a correlation model allowing to define
physical length scales. This strongly reduces its dependency on the model discretization, which

is particularly beneficial for unstructured meshes with varying cell sizes.

Inversions of different geophysical methods may strongly differ with regard to model discretiza-
tions, forward modeling approaches, and used inversion algorithms. Coupling these into a
single objective function and inversion algorithm can thus be challenging. Based on the work
of Um et al. (2014) and Gao and Zhang (2018), approaches are emerging, where the cross-
gradient constraint is also used in a cooperative manner to better account for varying sensitivity

magnitudes and different data coverages of the methods involved.

4.1.3 Petrophysical joint inversion

In comparison to structural joint inversions, where the only assumption is structural similar-
ity between multiple geophysical properties, petrophysical joint inversions require knowledge
of the petrophysical relationships between the geophysical properties and the parameters of
interest. These relationships are most often defined on the representative elementary volume
(REV), whereas their use in coupled inversions operates at a much larger scale, which is ulti-
mately dictated by the resolutions of the methods involved. Linde and Doetsch (2016) point out
that there are few reasons to believe that the chosen parameters are applicable to both scales.

Additionally, the spatial and temporal distributions of petrophysical parameters are often as-
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sumed to be constant. If practitioners encounter convergence problems in petrophysical joint
inversions, which do not occur in individual inversions of their data, this is often an indication

for a discrepancy in the underlying petrophysical model and/or its parameters.

Petrophysical coupling approaches can increase in robustness when applied in a monitoring
context, if selected petrophysical parameters can assumed to be constant over the investigated
time period (e.g., Klahold et al., 2021). Aside from time-lapse joint inversion, an interesting
research avenue is also represented by a combination of structural and petrophysical coupling
approaches. This may allow to produce models, which switch to qualitative structural agree-

ment, if quantitative petrophysical agreement is not possible.

4.1.4 Process-based inversion

Coupled process-based inversions use a single process-based forward simulation and inversion,
while in uncoupled process-based inversions, the geophysical data sets are inverted convention-
ally before they are linked to the dynamic subsurface process. While the former may seem more
elegant and is often believed to be superior, Camporese et al. (2015) highlight that this is case-
dependent and uncoupled inversions can be more robust. If the overall computational time
allows for it, the authors recommend to always conduct an uncoupled inversion prior to the
coupled one. The uncoupled approach also provides more flexibility with respect to the type of
geophysical inversion, e.g., a structural joint inversion of two geophysical methods could serve
as the basis for an uncoupled process-based inversion. The indisputable advantage of the cou-
pled approach is that the geophysical predictions are based on the physical process. While this
is often interpreted as a quasi-regularization, Commer et al. (2020) argue that this can be mis-
leading, since every ill-posed problem requires regularization and as such, coupled inversions
may also require spatial smoothing of the process parameters. Previously discussed pitfalls in
petrophysical joint inversions such as upscaling issues of petrophysical models or unjustified
homogeneity of petrophysical parameters are equally valid for process-based inversions. In
addition, inappropriate conceptual decisions made for the process model (e.g., boundary con-
ditions) may lead to convergence problems and misinterpretations in process-based inversions

of geophysical data.

4.2 Optimal experimental design

The discussed applications have demonstrated how geophysical methods are being used to
jointly image the subsurface. In addition to the physical limitations of the methods involved,
the field survey design ultimately dictates their data quality and the overall survey benefit.

While considerable research effort is directed towards novel geophysical processing and inver-
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sion schemes, comparably less attention is paid to optimized geophysical experimental design.
Maurer et al. (2010) highlight advances in the field of optimized geophysical survey design
including examples from geoelectrical, crosshole and surface seismic, as well as microseismic
monitoring methods. In electrical resistivity imaging for example, optimized experimental de-
sign approaches have been developed to identify optimal four-point measurements (Stummer
et al., 2004; Wilkinson et al., 2006), optimal electrode positions for permanent monitoring
(Wagner et al., 2015), as well as both simultaneously (Uhlemann et al., 2018) that are shown
to improve the resolution of ERT imaging. Yet, these studies optimize electrical resistivity mea-

surements independent of their use in integrated multimethod imaging campaigns.

A question with considerable research potential is hence: How do the sensors of various geo-
physical methods have to be arranged in the field to optimally complement each other? This
optimality may differ if the methods are sought to be combined petrophysically or structurally.
Furthermore, the trend of geophysical inquiry of dynamic subsurface processes with the aim to
quantify process-relevant parameters may give rise to process-based geophysical survey design,
i.e., optimal experimental design algorithms, which simultaneously optimize the positions and
depths of boreholes for fluid sampling and temperature monitoring as well as those of geophys-
ical sensors for example. Such interdisciplinary optimized experimental design approaches will
have an impact on the advancement of multimethod geophysical imaging and will benefit from

the increasing availability of high-performance computing systems.

4.3 Incorporation of geological realism

While the ill-posed inverse problem can be efficiently tamed through the use of spatial smooth-
ness regularization, the resulting images are often hard to interpret as potentially sharp geo-
logically boundaries tend to be smeared. A large body of literature is addressing this problem
through advanced regularization strategies. Based on the minimum-gradient support for ex-
ample (Portniaguine and Zhdanov, 1999), sharp changes can be allowed in the tomogram if
needed (e.g., Blaschek et al., 2008; Grombacher et al., 2017). The choice of the additional
regularization parameters is not straightforward and often arbitrary, but may be estimated ob-
jectively from time-lapse data (Nguyen et al., 2016). With a similar goal, but a completely dif-
ferent approach, Deleersnyder et al. (2021) present a regularization method, which transforms
the model into the wavelet domain. This novel scale-dependent regularization term can favor
both blocky and smooth models, as well as high-amplitude features embedded in an otherwise
smooth model domain. Jordi et al. (2018) incorporate prior geological information through
geostatistical regularization operators into 3D geophysical inversion on unstructured meshes,

which lead to models in good accordance with the expected geology and improved interpretabil-
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ity, in particular for layered structures. A thorough comparison of the different regularization
approaches and their benefits and limitations in the context of multimethod geophysical imag-

ing remains to be addressed.

Incorporating known interfaces in structurally-constrained inversions can help to improve the
geological realism of the resulting models. Zhou et al. (2014) for example apply image pro-
cessing techniques to a guiding image in order to extract edges, which are subsequently exempt
from spatial smoothness regularization promoting layer-internal consistency and sharp bound-
aries in-between. The guiding image could stem from a high-resolution seismic or GPR survey
or a cross-section drawn by a geologist. As for other structurally-constrained inversions, where
the roughness operator is only manipulated once, this static approach is dependent of the va-
lidity of the guiding image. Alternatively, the position of a sharp interface may be estimated
during the joint inversion, as demonstrated in the context of bedrock detection by means of
probabilistic joint inversion of electrical resistivity and seismic refraction data (de Pasquale
et al., 2019). We expect that the recent availability of open and versatile geological modeling
tools (e.g., de la Varga et al., 2019) will pave the way for an improved amalgamation of geo-
physical and geological data in joint structure-based inversion frameworks (e.g., Guidiik et al.,
2021; Forderer et al., 2021).

4.4 Uncertainty quantification

In this chapter, we have shown that the use of multiple geophysical techniques, and their cou-
pling to process models usually result in an increased resolution enabling more detailed imaging
of structural characteristics and dynamic processes. Although this suggests that joint interpre-
tation and inversion approaches reduce the ambiguity of geophysical imaging, a detailed uncer-
tainty quantification is often omitted, yet required to communicate limitations of geophysical
parameter estimates (Linde, 2014). This may have several reasons: uncertainty quantification,
particularly for multimethod investigations may (1) require a complex theoretical framework
(e.g., joint posterior sampling), and (2) likely requires considerable computational resources to
determine posterior parameter distributions (Linde et al., 2017). Especially for problems with
a large number of parameters, such as in fully-coupled process-based inversion approaches,
such analysis can become computationally prohibitive. Linde et al. (2017) highlight recent ad-
vances in the field of geophysical uncertainty quantification, noting that although uncertainty
can meanwhile relatively easily be addressed in forward modeling approaches, more research
is required to fully address uncertainty of measurements and petrophysical relationships, par-

ticularly for process-based modeling and inversion approaches. For more details on recent
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developments in uncertainty quantification in geophysical problems, the reader is referred to
the review by Linde et al. (2017).

Highlighted by Linde et al. (2017) as an important contribution to the overall uncertainty of
geophysical parameter estimation, the uncertainty in petrophysical relationships has been ad-
dressed by Tso et al. (2020). Using an ensemble-based data assimilation framework, they show
that for a synthetic case the posterior distribution of petrophysical parameter estimates can be
very narrow, in a real data example, the posterior distribution, and hence the uncertainty, re-
mained wide and therefore large. Within their framework, Tso et al. (2020) estimate petrophys-
ical parameters, yet in many other process-based or petrophysical joint inversion approaches,
the petrophysical parameters are defined. Assessing the uncertainty that those assumptions

introduce into the inversion remains to be addressed.

Due to the increasing complexity and the expanding range of scales investigated using modern
geophysical methods, inevitably advanced numerical techniques are required to perform well
on large parameter and high-dimensional spaces. Since a thorough uncertainty quantification
is required to fully exploit the opportunities multimethod geophysical imaging can provide to
Earth system modeling, and the use of novel machine learning approaches within the field of
geophysics is rapidly increasing, we envisage that this field of research will see many advances

in the near future.

4.5 Machine learning

Recent developments in machine learning and artificial intelligence algorithms have shown to
be valuable tools in the interpretation and inversion of geophysical data (e.g., Araya-Polo et al.,
2018; Delforge et al., 2021; Brillante et al., 2016). These algorithms provide the opportunity
to jointly analyze multiple data streams, ranging from hydrological and geophysical to remote
sensing data, while exploiting co-variability that may exist between the various parameters.
This has been highlighted as an emerging technology, particularly in multi-disciplinary research,

such as watershed science (Hubbard et al., 2020).

Machine learning, and classification in particular, has been used quite extensively to map
above/below ground variability across multiple scales. Hubbard et al. (2013) studied an Arctic
permafrost environment and applied clustering approaches to both remote sensing and geo-
physical data independently and observed a strong co-variability of the spatial distribution of
the two sets of clusters. This co-variability indicates a strong linkage between surface proper-
ties, i.e., microtopography, and subsurface properties, i.e., active layer thickness and permafrost

distribution.
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By exploiting these links, Wainwright et al. (2015) used an unsupervised clustering approach
to jointly analyse remote sensing and surface geophysical data to identify zones that provide
the most unique spatial grouping of above and below ground observations. The co-variability
of vegetation distribution, elevation, permafrost and hydraulic properties, as imaged by the
geophysical methods, allowed them to automatically classify the landscape into various Arctic

landforms, such as high- or low-centered polygons, and their surrounding drainage areas.

Similarly, Falco et al. (2019) use a support vector machine to estimate the spatial distribution
of key plant communities using remote sensing, geophysical, and soil sampling data and show
that by including information on the soil structure, the classification of particularly meadow
plants can be significantly refined. Making use of a random forest regression model, Falco et al.
(2019) also predict the spatial variability of the soil electrical properties from key topographic
indices, such as slope, curvature and topographic wetness index. They achieve a Pearson’s
correlation of 0.93 between the measured and predicted data and show that for their analysed

hillslope, the slope is the most important predictor of soil electrical properties.

A similar approach was also followed by Terry et al. (2019), which map the discharge of a
contaminant plume into surface water at a crude oil spill site using EMI, GPR, and specific con-
ductance and surface observations of the spill through linear and logistic regression approaches.
They compare their machine learning-based classification results with conventional inversion
approaches and show that the machine learning approach was less sensitive to variations in the
pore water conductivity, that may obscure electrical changes caused by the oil spill. Although
these studies were applied to comparably small domains (i.e., hillslope and site scales), it shows
that such approaches, both in terms of classification but also prediction, are viable tools to do
similar analysis on much larger scales, such as watersheds or basins, at which remote sensing
data is readily available, and geophysical data is becoming available (e.g., Zamudio et al., 2021;
Minsley et al., 2021).

Recent developments aim particularly at analysing large data sets, such as those produced by
distributed acoustic sensing (DAS) technologies, which are increasingly being used for envi-
ronmental applications (e.g., Rodriguez Tribaldos and Ajo-Franklin, 2021), where conventional
data analysis tools are either too time or memory consuming. For instance, Dumont et al. (2020)
present a deep learning approach that, based on image recognition methods, assesses the like-
lihood of a DAS recording to contain surface wave energy. Given the vast amount of data that
can be recorded by DAS (e.g., Lindsey and Martin, 2021), such approaches are very valuable,
as they allow for an automated, focused analysis of subsets of the data that actually contain the
information needed for, e.g., time-lapse imaging of near-surface dynamics. Although most of

these recent developments are focused on seismological studies, similar approaches, particu-
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larly with regards to parameter estimation, are also emerging for electrical and electromagnetic
methods (e.g., Moghadas, 2020).

Machine learning and artificial intelligence techniques may path the way for novel analysis
strategies and applications of geophysical data to provide direct estimates of parameters re-
quired by, e.g., hydrological or geomechanical models, and may aid in linking various, inde-
pendent observations into mutually agreeing observations of key subsurface parameters, critical
for a range of environmental problems, such as groundwater management, early warning of
natural hazards, or precision agriculture. Hence, machine learning approaches are likely be-
coming a standard tool in the analysis of multimethod geophysical investigations, as shown by

the increasing number of studies already implementing them.

4.6 Opportunities through open-source software developments

The reviewed joint and process-based inversion approaches implicate considerable technical
challenges, since they require coupling of different geophysical forward models, petrophysi-
cal relations, and process simulations within single inversion frameworks. This represents an
obstacle for many practitioners and particularly novices in the field. Even technically versatile
users often build customized solutions by coupling different and potentially proprietary forward

simulators impeding scientific reproducibility.

Fortunately in recent years, many open-source software packages for different geophysical
methods have been developed. Some of these allow to simulate different geophysical methods
as well as subsurface processes and hence offer opportunities to realize joint and process-based
inversions (e.g., Cockett et al., 2015; Johnson et al., 2017; Riicker et al., 2017). Increased
usage and collaborative community-driven development of these tools have the potential to
accelerate progress in multimethod geophysical imaging, while ensuring its transparency and
reproducibility. Since many of these codes are either written in or readily linked to popular
programming languages like Python, which also see rapid developments in novel aspects such
as deep learning, this will further facilitate the development and combination of various ap-
proaches for integrated geophysical imaging. This integration is likely allowing for exciting new
developments in the field of near-surface geophysics, such as parameter estimation, feature ex-
traction, and complex process-based geophysical analysis, supported by, e.g., physics-informed

machine learning approaches.
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5 Concluding remarks

A considerable set of approaches to combine geophysical and non-geophysical observations
for high-resolution and quantitative subsurface imaging has been developed in recent years.
Structurally-constrained and structural joint inversions are widely used and have matured to
robust imaging methods. Their robustness can be largely attributed to the limited amount
of necessary prior information when compared to petrophysically-coupled or process-based
inversions, for which representative rock-physics and process models are inevitable. While
structural coupling based on cross-gradients is the prevailing type of joint inversion, a detailed
comparison of different structural coupling approaches remains to be addressed. An additional
benefit of structural joint inversions (both coupled and cooperative), is that the structures are
not prescribed as in structurally-constrained inversions. Moreover, the advent of versatile open-
source geological modeling tools offers new possibilities for structure-based joint inversions of

geological and geophysical observations for models with improved geological plausibility.

Several recent studies have demonstrated the applicability of multi-parameter petrophysical
joint inversions. Ultimately limited by the goodness of the underlying petrophysical relation,
their benefit will also depend on robust means to quantify the contributions of petrophysical
and geophysical data uncertainties within the overall parameter estimation. Such thorough
uncertainty assessment is required to provide meaningful estimates of parameter distributions
and dynamics, and should be included as a standard part of multimethod geophysical imaging

approaches.

Process-based inversion has been widely adopted in many fields in environmental geophysics
and the coupled approach is perhaps the most prevailing. The increased computational cost
due to the involved process model is one reason why process-based inversion is still widely used
in a deterministic manner lacking a full probabilistic description and quantification of param-
eter uncertainties. While the use of physics-informed surrogate models and new approaches
from machine learning in general can help to improve computational efficiency, the uncertainty

introduced by surrogate models also requires careful treatment.

We reviewed the use and potentials of multimethod imaging approaches in critical zone and
groundwater investigations, natural hazards, permafrost degradation, and geological CO4 stor-
age. While many sophisticated petrophysical models as well as flow and transport simulation
codes exist within the scope of the saturated and vadose zone, the numerical description of,
e.g., freeze and thaw processes and their effect on geophysical properties is still insufficiently
understood. Consequently, petrophysical and process-based inversions in cryospheric applica-

tions are only starting to emerge. Similar limitations also exist for the application to natural
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hazards, where geophysical properties often need to be linked to geotechnical parameters. Re-
cent developments in this field show great potential, but the link to, e.g., open-source slope

stability models (in the case of landslides) is still mostly rudimentary.

Future research avenues of interest for multimethod geophysical imaging in all applications
include experimental design optimized for multiple methods and process monitoring, the use of
surrogate models and other machine learning approaches, and the incorporation of geological
observations and realism leveraging upon community-driven open-source software to ensure
transparency, reproducibility and more rapid development in the interdisciplinary and exciting

field of multimethod geophysical imaging.
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