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Key Points:

e Multi-channel seismoelectric spectral ratios are sensitive to the water table depth and

the permeabilities of shallow layers
e Broad learning neural network is introduced to perform the inversion efficiently

e This study allows us to monitor the water table depth from the ground surface for an

otherwise pre-defined model
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Abstract

Recent developments in predicting and interpreting seismoelectric signals suggest a great
potential for studying near-surface hydrogeological properties, particularly in the vadose zone.
Previous studies have revealed that the seismoelectric spectral ratios obtained from earthquake-
triggered seismoelectric data contain valuable hydrogeological information concerning porous
media (e.g., permeability, porosity, fluid viscosity, and salinity). This study introduces Multi-
Channel SeismoElectric Spectral Ratios (MC-SESRs) by considering an active seismic source
acting on the ground surface. The frequency- and saturation-dependent excess charge density is
adopted to calculate the cross-coupling coefficients. Applying a supervised learning task based
on a flat neural network, the so-called “broad learning” model, to map and extract the features of
MC-SESRs data, we seek to determine the permeability and the water table depth. Our results
indicate that (1) MC-SESRs are sensitive to the water table depth and permeability; (2) using
more traces of SESRs data for inversion can increase accuracy; (3) the changing water table can
be rapidly determined by the MC-SESRs by resorting to the broad learning inverse model, and it
can attain an excellent accuracy while disturbed by data noise and misspecified model
parameters (e.g., porosity and permeability) with errors of up to 20%. The proposed MC-SESRs
inversion has potential applications for non-invasive monitoring in shallow porous media (e.g.,

frost thawing and geothermal upwelling).
Plain Language Summary

A seismic source acting on the ground or occurring in porous materials containing water will
generate seismic and electromagnetic field waves. The spectral ratios between the electric field
and the seismic field are defined as SeismoElectric Spectral Ratios (SESRs), which are sensitive
to physical properties’ contrasts at layer boundaries (e.g., water table and hydrogeological and/or
lithological layer boundaries). Applying SESRs to reconstruct hydrogeological parameters
eliminates the need to know the seismic source function, which greatly facilitates quantitative
interpretation. However, SESRs are often acquired by natural earthquakes in previous studies. It
limits interpreting SESRs to one-trace data. This study uses an active seismic source to obtain the
Multi-Channel SESRs (MC-SESRs). We conduct several experiments on synthetic MC-SESRs
data by using a neural network to obtain water table depths and permeabilities for a layered Earth

model. Our results show that the trained neural network can instantly predict the time-variant
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water table depths accurately. This study indicates that the quantitative interpretation of MC-
SESRs data allows for effective and rapid characterization of near-surface hydrogeological
properties and also provide a possible approach for the non-invasive monitoring of

hydrogeological variations in shallow porous media by using controllable source.

Keywords Hydrogeophysics; Seismoelectric coupling; Vadose zone; Water table monitoring;

Seismoelectric spectral ratios; Broad learning

1. Introduction

In porous media, the surface of the solid grains (e.g., silicate minerals) is typically
negatively charged due to fluid-mineral interactions (Glover & Jackson, 2010; Hunter, 1981;
Revil et al., 2015). Considering the electrical double layer (EDL) model at the microscopic scale
(1 - 10 nm) (Figure la), a portion of the counterions (cations for negatively charged mineral
surfaces) coats the interface between the mineral surface and pore fluid forming the Stern layer
while the remaining excess charges are distributed in the diffuse Gouy-Chapman layer (Glover &
Jackson, 2010; Revil & Jardani, 2013). There is a shear plane in the diffuse Gouy-Chapman
layer, beyond which the pore fluid and ions can move relative to the solid frame. As shown in
Figure 1b, the electrical potential at the shear plane is defined as the Zeta potential (Hunter,
1981; Jougnot et al., 2020). The Zeta potential is commonly used to estimate the electrokinetic
coupling coefficient, which characterizes the relationship between electrical and hydraulic
potential differences associated with fluid flow within a porous medium (Hunter, 1981). Note

that all acronyms used in this paper are listed in Table A1 of Appendix A.

Relative motions occur during the passage of seismic wavefields. Due to the
electrokinetic effect, this process may generate streaming currents and natural electric fields
(Pride, 1994; Revil et al., 2015; Revil & Linde, 2006). This process is commonly called
seismoelectric (SE) conversion. The SE signals contain valuable information concerning the
physical properties of both the pore fluid and the solid skeleton. The SE method can be used to
determine hydrogeological properties provided the data measured on the ground surface or in
boreholes are properly interpreted (Revil et al., 2012). During the past two decades, the SE
method has seen significant development through (1) theoretical studies (e.g., Huang, 2002;
Jougnot & Solazzi, 2021; Monachesi et al., 2018; Solazzi et al., 2022; Thanh et al., 2022), (2)
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numerical modeling approaches (e.g., Garambois & Dietrich, 2002; Grobbe & Slob, 2016;
Haines & Pride, 2006; Hu & Gao et al., 2011; Jougnot et al., 2013; Ren et al., 2016a, b; Zheng et
al., 2021), (3) physical laboratory experiments (e.g., Bordes et al., 2015; Devis et al., 2018;
Wang et al., 2020; Zhu & Toksoz, 2013), and (4) field measurements (e.g., Butler et al., 2018;
Dupuis & Butler, 2006; Garambois & Dietrich, 2001; Rabbel et al., 2020; Thompson & Gist,
1993). As the understanding of SE signals grows, this method is of increasing interest to
researchers in near-surface geophysics (e.g., Grobbe et al., 2020). The electromagnetic (EM)
wave fields originating from seismic excitations are regarded as a superposition of three types of
patterns (Figure 1c): (1) localized SE field waves accompanying seismic waves in porous media,
which are also commonly referred to as coseismic electric field waves (Bordes et al., 2015;
Jougnot et al., 2013; Pride & Garambois, 2002); (2) radiation waves induced on interfaces or
directly converted from a seismic source (Dupuis et al., 2007; Haartsen & Pride, 1997;
Garambois & Dietrich, 2002; Pride & Haartsen, 1996) and (3) evanescent waves generated on
interfaces if the seismic incident angle is larger than the critical angle (Butler et al., 2018;
Dzieran et al., 2019; Ren et al., 2016a; Yuan et al., 2021; Zheng et al., 2021). The generation of
interfacial radiation and evanescent SE waves results from property contrasts at an interface
(Garambois & Dietrich, 2002; Ren et al. 2016a, b). Interfacial radiation SE waves and
evanescent SE waves offer a way to examine permeability or porosity contrasts (Dzieran et al.,
2019, 2020), parameters determining the soil moisture characteristic (Zyserman et al., 2017),
strong saturation contrasts such as the water table (Bordes et al., 2015; Warden et al., 2013), and

other parameters (e.g., Archie’s parameters, density, bulk, and shear modulus).
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Figure 1. Schematic illustration of the generation of electromagnetic waves by seismoelectric
conversion. (a) and (b) Electrical double layer and the corresponding electrical potential
distribution. (c) Generation of localized, interfacial radiated, and evanescent electromagnetic

wavefields due to an active seismic source.

Based on numerical simulation studies, Ren et al. (2016b) put forward the idea that
evanescent SE waves could be the main contribution to EM signals observed during earthquakes.
This idea was later adopted by Dzieran et al. (2019) to investigate earthquake-triggered SE
signals in data from Northern Chile. They show that the SeismoElectric Spectral Ratios (SESRs),
defined as the ratios between the absolute values of the electric field and the seismic acceleration
in the frequency domain, have a site-specific frequency dependence with a decreasing amplitude
with increasing frequency. Dzieran et al. (2019) explain this trend by the fact that the amplitudes
of evanescent SE waves decay approximately with exp(—wpAz), where w is the angular
frequency, p is the EM wave slowness, and Az is the separation in depth between the receiver
and the interface (Ren et al. 2018). Dzieran et al. (2019, 2020) successfully apply the SESRs to

interpret shallow layered porous media's porosity and fluid salinity. However, Dzieran et al.
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(2020) state that the SESRs are less sensitive to permeability variations. Inspired by Dzieran et
al. (2019, 2020), this study extends the applications of SESRs data in several ways.

First, we change the strategy of calculating the SE coupling coefficient. Dzieran et al.
(2019, 2020) calculate the electrokinetic coupling coefficient defined by Pride (1994),
accounting for the Zeta potential. Instead, we rely on the effective excess charge density to
calculate the electrokinetic coupling coefficient (e.g., Revil & Mahardika, 2013; Revil et al.,
2015). Both in saturated and partially-saturated conditions, the effective excess charge density is
highly correlated with permeability (Guarracino & Jougnot, 2018; Jougnot et al., 2020; Soldi et
al., 2019). At low frequencies, the ratio of the effective excess charge density at partial water
saturation to the excess charge density at full saturation is proportional to the reciprocal of water
saturation under the assumption of a thick EDL model (Linde et al., 2007a; Revil et al., 2007).
To account for frequency dependence, we adopt an approximate empirical formulation by using
the relaxation time to relate the quasi-static to dynamic electrokinetic coupling coefficient
proposed by Revil & Mahardika (2013), which has been tested by experimental measurements
and other approaches (Jougnot & Solazzi, 2021).

Second, we consider the case of having both the seismic source and sensors located near
the ground surface, which is very common in active-source SE field measurements (e.g., Butler
et al., 1996, 2018; Dupuis et al., 2007; Garambois & Dietrich, 2001; Mikhailov et al., 1997;
Thompson & Gist, 1993). Three-dimensional SE forward modeling algorithms using the
reflectivity method (e.g., Garambois & Dietrich, 2002; Grobbe & Slob, 2016; Haartsen & Pride,
1997; Ren et al., 2007, 2010) to calculate full waveform simulations for layered media suffer
from highly time-consuming computations when the source and receivers both lie very close to
surface. As the computation of full waveforms relies on numerical integration in the
wavenumber domain, the integrand oscillates strongly with the wavenumber when the depth
difference between the source and the receiver is small, which may cause a slow convergence.
Zheng et al. (2021) solved this convergence problem by adopting the peak-trough averaging
method (Zhang et al., 2001, 2003), which selects peak and trough values in a stably oscillating
sequence to apply the repeated average method (Dahlquist & Bjorck, 1974). Hence it offers an
accurate and efficient tool for active-source SE forward modeling. This allows us to deal with
any source-receiver geometries, particularly ground-based seismic sources. The Amplitude

Variation versus Offset (AVO) method based on multi-channel observation has been widely
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applied in oil and gas exploration (Rutherford & Williams, 1989). Multi-channel measurements
can also be implemented in SE field experiments for stratified sediments. For example, Butler et
al. (2018) presented that the multi-channel high-resolution EM field data, illustrating multiple
modes of SE signals, providing information on subsurface porous materials complementary to
that provided by multi-channel seismic reflection data. Moreover, Rabbel et al. (2020) document
the potential of using the interfacial SE responses to map the water table by comparing the multi-
channel SE measurements with other geophysical measurements, such as ground-penetrating
radar and traditional seismic recordings. Inspired by AVO and SESRs, we propose a Multi-
Channel SESRs (MC-SESRs) method that, in addition to frequency variations, makes use of the
variations of SESRs with respect to the source-receiver offsets. Thus, we can use more spatial

information of SESRs data in the inversions and obtain an improved reconstruction accuracy.

Third, the SESRs are determined by different parameters in different complicated non-
linear ways. For example, the water table variations affect the water saturation distribution,
which determines the effective permeability (e.g., Mualem, 1976; van Genuchten, 1980), the
permittivity (e.g., Linde et al., 2006), the electrical conductivity, the electrokinetic coupling
coefficient (e.g., Warden et al., 2013; Revil & Mahardika, 2013; Zyserman et al., 2017), the bulk
density, the elastic moduli, the seismic velocity (e.g., Mao et al., 2022; Solazzi et al., 2021) and
so on. Dzieran et al. (2019) mentioned that inverse modeling of SESRs may need a more
advanced approach compared to the conventional linearized inversion algorithm used in their
work. Machine learning, which is enjoying increasing interest in geophysics, may offer a

corresponding option.

In this study, we rely on the broad learning (BL) model to invert hydrological parameters
using MC-SESRs data. The BL system proposed by Chen and Liu (2017) is a flat neural network
with a single lateral layer neural network, in contrast to deep structured neural networks. It is
developed from the Random Vector Functional Link Neural Network (RVFLNN) (Pao et al.,
1994) to apply an enhancement layer to link the input and output. Broadly expanding the
enhancement nodes may enhance the capacity to approach non-linear problems. It only needs to
learn the matrix weights of the link between the enhancement layer and output. Other matrix
weights are randomly generated. Thus, the RVFLNN is a flat net without hidden layers, which
avoids overtraining the neural network with many adjustable hyperparameters (Pao et al., 1994).

Correspondingly, the BL structure improves the RVFLNN by adding a mapping feature layer to
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replace the original input based on the sparse autoencoder. Hence the BL structure first captures
the features of input data in the mapping feature layer. Since the BL network structure is fixed,
its main advantage is that it avoids elusive complicated deep architectures and iterative training
processes (Gong et al., 2022). Its efficient capacities for processing noisy time series and text
classifications have been verified (Chen & Liu, 2017; Du et al., 2020; Feng et al., 2019; Gong et
al., 2022).

Most recently, Yang et al. (2022, 2023) applied the BL neural network to Rayleigh wave
inversion. Considering a 1-D Earth model, Yang et al. (2022) examined the thickness and shear-
wave velocity ranges of each layer by the well-trained BL neural network. Then they used the
optimal ranges as the search space of a Bayesian approach to complement the parameter
optimization. Their results indicated that this two-stage approach can provide more accurate
shear-wave velocity models than without using a priori search space estimated by a BL model.
Yang et al. (2023) also verified that using the BL approach to Rayleigh wave inversion may
achieve a comparable accuracy but consume less training time than deep convolutional neural
networks. In this study, we aim to determine hydrogeological parameters (water table depth and
shallow layer permeabilities) under partially-saturated conditions by MC-SESRs data. For a
specific investigated area whose layered structure had been determined, the well-trained BL
model can, if fed with MC-SESR data, estimate the water table depth and update the
permeability in the shallow layer in a quasi-instantaneous manner. Due to its high training
efficiency, BL can easily be retrained to optimize the network when more MC-SESRs data is
obtained. This study may provide a new monitoring strategy for obtaining the water table depths
using the time-lapse MC-SESRs data. It also has the potential application in long-term

observations for assessing groundwater storage and monitoring volcanic activities.

This paper is structured as follows. Section 2 describes the basic SE coupling equations,
numerical simulation of the SE data, and our inversion framework. Section 3 focuses on
analyzing the sensitivity of permeability and depth of water table (dwt) to MC-SESRs. Section 4
tests the performance of the BL neural network and presents the inversion results. Section 5

discusses the inversion results, and we provide conclusions in Section 6.
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2. Methodology

2.1. Cross-coupling equations

For fluid-saturated isotropic porous media, the cross-coupled constitutive transport
equations, including macroscopic Ohm’s and Darcy’s Law, can be expressed in the frequency
domain through the following governing equations (Pride, 1994; Pride & Haartsen, 1996; Revil
& Mahardika, 2013):

J = 0" (w)E + L' (0)(=Vps + w?ppuy), (1)

—iow = L*(w)E + % (=Vps + w?pguy), 2)
—ps=CV-ug+ MV-w, 3)
T=|(Ke—26)V-u,+ CV-w|T+G(Vuy + Vu,", )

—ppw?u, — pro® w = (Kg +26) V(Y- ug) = GV X V X ug + CV(V-w) + F, ()

where Equations 1-2 describe the electrokinetic cross-coupling relationship between the electric
field E (V/m) and the volume-averaged fluid filtration displacement w (m) = ¢(us — uy),
which is defined by the porosity ¢ (m3/m3) and the volume-averaged fluid and solid
displacements (uf and ug). The subscripts ‘t” and ‘s’ designate fluid and solid properties,
respectively. We consider a time-harmonic disturbance varying as e ~“t with i =+/—1 the
imaginary unit, o = 2mf the angular frequency in rad/s, and f (Hz) the frequency. The
superscript ‘*’ indicates that a property is frequency-dependent and hence complex. k*(w) thus
denotes the frequency-dependent permeability (m?). Permeability reflects the ability of porous
media to allow fluid to flow through the pores. Equations 3 and 4 describe the poroelastic
relations (Biot, 1956, 1962a, b) with I denoting the identity matrix. The parameters C (Pa) and M
(Pa) are associated with the elastic moduli (Pride, 1994). K; (Pa) and G (Pa) denote the
undrained bulk modulus and shear modulus of the solid skeleton. p, (kg/m3) and F (N) in
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Equation 5 are the mass density of the porous material and the body force applied on the bulk
material, respectively. All parameters and their units used in this study are listed in Table A2 of

Appendix A.

Due to harmonic variations of the bulk-stress tensor T (N/m?) and the pore fluid pressure p¢
(Pa), the flow changes from the viscous laminar regime to the inertial laminar regime beyond the
critical or transition frequency (Revil & Mahardika, 2013; Solazzi et al., 2020, 2022). The
permeability becomes frequency-dependent and complex-valued beyond the critical frequency,
and its absolute value decreases with increasing frequency (Solazzi et al., 2020). 7n,, denotes the
dynamic viscosity of pore water (1.002x 1073Pa- s). The macroscopic electrical current density
J (A/m?) is the superposition of the conduction current density 6*(w)E and the streaming current

density J¢j written by:

Jox = L' () (—Vps + w?pruy), (6)

in which ¢*(w), and pf = (1 — S,,)pa + pw denote the complex electrical conductivity (S/m)
and the fluid density (kg/m3), respectively. S,,, p, = 1.21 (kg/m?) and p,, = 1000 (kg/m?3)
are the water saturation, the density of the air and pore water. Note that we consider pore water
as a dilute solution with low salinities (commonly around 0.002 mol/L) and, hence, the solute
density is neglected. For highly saline solutions (e.g., seawater, contaminated water), the mass
density of the solute would need to be included. Unless mentioned otherwise, the parameters
used in this paper refer to standard ambient conditions (1 atm and 20 °C). The presence of
harmonic electric fields usually makes the electrical conductivity of porous materials vary with
frequency due to polarization effects of electrically conductive mineral grains, interfacial
electrochemistry, or colloidal chemistry (Revil, 2013). The effective electrical conductivity in the

frequency domain can be expressed by (Revil et al., 2015):
0" (w,Syw) = F71SIoy, + Ogur + i(Oquad — WEK). (7)

Therein, n denotes the saturation exponent and F = ¢p~™ is the electrical formation factor in

Archie’s first and second laws with cementation exponent m (Archie, 1942). &, = 8.85418 X
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10712 F/m is the vacuum permittivity. k denotes the static effective dielectric constant, which is

the function of the water saturation: (Linde et al., 2006):

K(SW) — (F-1)Kks+Sw ’;w"'(l_sw )Ka' (8)

The range of the dielectric constant for most rock-forming minerals is 4-6 and is commonly
assumed to be kg = 4 for dry sand grains in near-surface measurements (e.g., Fitterman, 2015;
Knight & Endres, 2005). k,, = 80.1 and k, = 1 represent the dielectric constants of the pore
water and the air, respectively. Based on a volume-averaging method, Equation 8 is derived from
a two-phase model (i.e. pore fluid and solid grains) by Pride (1994), accounting for the effective
pore fluid formed by water and air and combining Archie’s first and second laws (Linde et al.,
2006). This equation assumes that the two fluid phases in the pore space are immiscible. The
physical relationship (Equation 8) has been previously used to simulate seismoelectric signals
(e.g., Rosas-Carbajal et al., 2020). The surface electrical conductivity gg,, and the quadrature
electrical conductivity gqyuaq in Equation 7 are related to the fraction and mobility of counterions
in the diffuse layer and in the Stern layer, respectively (Revil, 2013; Revil et al., 2015). Both
conductivities are functions of water saturation. More details of these coefficients calculated by

material properties and saturation levels, can be found in Table A3 of Appendix A.

Based on the EDL model (Figure 1a), Equations 1 and 2 express that the poromechanical
influence contributes to the streaming source current, and the electric field contributes to the
pore-fluid flow under the electroosmosis effect (Revil & Mahardika, 2013). The critical dynamic
parameter L*(w) reflects the cross-coupling relationship. Due to the significance of frequency-
dependent cross-coupling coefficient L*(w) in transport equations, its calculation has attracted
considerable attention in the recent decade (Jougnot & Solazzi, 2021; Jouniaux & Zyserman,
2016; Soldi et al., 2020; Thanh et al., 2022; Warden et al., 2013). A popular approach is using
the Zeta potential to describe the cross-coupling coefficient (Dukhin & Derjaguin, 1974; Pride,
1994; Warden et al., 2013; Zyserman et al., 2017). An alternative is to use the movable
(effective) excess charge density Qi (C/m?) and permeability to directly relate the relative flow
to streaming current generation (Revil & Linde, 2006). The cross-coupling coefficient calculated

by both approaches explains some experimental measurements (Bordes et al., 2015; Revil &
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Mabhardika, 2013; Zhu & Toksoz, 2013). In terms of partially-saturated conditions considering
only water and air in the pore space, the latter approach conveniently relates L*(w) to the

effective permeability and Q; as functions of the water saturation by (Revil & Mahardika, 2013;
Soldi et al., 2020):

L' (@,5,) = et ©)

The frequency-dependent (dynamic) characteristics of permeability and effective excess charge
density are approximately described by the relaxation time or the angular transition frequency
wy (rad/s), which determines the transition from the viscous (low frequency) to inertial laminar
flow (high frequency) (Revil & Mahardika, 2013). w(S,,) 1s expressed as a function of water
saturation by Revil and Mahardika (2013) and Solazzi et al. (2020):

— NwPSw (1 0)
Ot o (Su) T Sw)’

where 1, denotes the tortuosity related to the topology of the pore space. The saturation-
dependent tortuosity is equivalent to ¢pF Sw(l_") based on Archie’s law (e.g., Niu & Zhang,
2019; Jougnot et al., 2018; Revil et al., 2007; Revil & Jougnot, 2008). Sincen > 1 (1 —n < 0),
the tortuosity increases with the decrease of water saturation (e.g., Ghanbarian et al., 2013;
Jougnot et al., 2018), while the transition frequency increases with the decrease of water
saturation. Here, k((S,,) denotes the quasi-static (w = 0) effective permeability as a function of
saturation. When the frequency-dependent effective permeability and excess charge density are

considered, Equation 9 is written by (Revil & Mahardika, 2013):

ko (Sw)0y o (Sw) (11)

iw
Nw 1_“’_t

There are two main approaches to describe this effective excess charge density Qy¢: either by

L'(w,Sy) =

volume-averaging (Linde et al., 2007a) or flux-averaging (Jougnot et al., 2012). In this work, the
excess charge density at a saturated state is estimated from permeability using (Jardani et al.,

2007):
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log10(Q53) = —0.82log10(k§") —9.23. (12)

The superscript ‘sat’ denotes a fully saturated condition. This empirical relationship has been
applied to various samples ranging from different salinities and lithologies even if it did not
consider the effect of salinities of pore water on the excess charge density (Jardani et al., 2007;

Jougnot et al., 2015).

Another empirical relationship between the voltage coupling coefficient under saturated
conditions C§2* (mV/m) and the electrical conductivity of pore water g, (S/m) is expressed as

(Linde et al., 2007b):
log(|C52*]) = —0.895 — 1.3191og(0y,) — 0.1227[log(oy,)]?, (13)
where gy, is estimated by the salinity C,, (mol/L) (Sen & Goode, 1992):

2 (14)

(2.3640.099T)Cy, 2
1+0.214Cy,

o, = (5.6 + 0.27T — 1.5 x 107*T2)C,,

2

where T is the temperature in Celsius (°C). Thus, the voltage coupling coefficient C§2* varies

with pore water salinity. Compared with laboratory and field measurements, Equation 13 works
well in a range of 10 — 10*°S/m for a,,, which covers typical pore water environments (Linde et
al., 2007b, Jougnot et al., 2015; Hu et al., 2020). By changing the unit of C§2*to V/m, it can be

transformed from the static coupling coefficient L' (A/m?) by:

Csat 15" (15)

0 .
Further, C§2* can be used to express the Q53 with:

jsat — _ C6% 00l (16)
v,0 — gsat
0
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We may use Equation 12 to estimate Q53 under a known k§*or we may derive Q5% by

sat

Equations 13-16 using the salinity of pore water (Jougnot et al., 2015). Otherwise, C3%* can be
obtained by measuring the voltage differences and hydraulic pressure differences of samples to

calculate values of Q33 by Equation 16.

For partially saturated conditions, we applied the volume-averaging method to scale Q, o by

the effective saturation S, = @ (Linde et al., 2007a; Revil & Cerepi, 2004; Revil et al.,

—Swr

2007):

_uY (17)

Se ’

QV,O (SW)

where S, (unitless) denotes the residual (irreducible) water saturation. Alternative formulations
have been derived to explicitly describe the dynamic process of Q,, varying with water
saturation based on the characteristic pore-size distribution (Jackson, 2010; Jougnot et al., 2012;

Soldi et al., 2020; Solazzi et al., 2022). Furthermore, the frequency-dependent effective excess
charge density is calculated by applying a scaling factor ’1 - ;ﬁ (Revil & Mahardika, 2013),
t

which also has been further developed by Jougnot and Solazzi (2021) and Thanh et al. (2022).

Apart from the effective permeability and excess charge density, other effective
parameters (e.g., the electrical conductivity o*, the mass density of fluid pf) in Equations 1 and 2
strongly depends on the water saturation as well. Besides, the two fluid phases in the pore space
affect the mechanical properties (e.g., the effective bulk moduli) that need to be considered in
hydromechanical modeling of the volumetric strain of porous media and the infiltration
displacement (Equations 3-5). This indicates that seismic signals could respond to variations in
water saturation. We summarize the frequency-dependent (dynamic) and saturation-dependent
parameters in Table A3 of Appendix A. More details with regard to the parameters mentioned

above as well as the derived equations can be found in Revil & Mahardika (2013).
2.2. Multi-Channel SeismoElectric Spectral Ratios (MC-SESRs)

For isotropic layered media, as the SE field and the seismic particle acceleration field are

triggered by the same seismic source, the seismic source function can be canceled when we
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calculate the ratios of SE fields to the seismic acceleration fields in the frequency domain
(Dzieran et al., 2019). Therefore, the SESRs can be represented by the ratio of their Green’s
functions GE (w) and Ga(w), which is expressed as (Dzieran et al., 2019):

— Ew) _ GE(w) 18
SESR(w) =2 == Garay (18)
where E(w) denotes the SE field spectra. a(w) denotes the seismic ground acceleration field
spectra, which also can be replaced by the components of seismic ground velocity spectra with
iwv(w) or displacement spectra with —w?u(w). The SESR indicates the ratio of Green’s
functions, which contains the information of stratified porous media. The modulus of SESRs

varies with position, or offset from the seismic source, represented by:

MC-SESR(wx;) = 2@l _ 15 B (19)

laxi(@)] =

where i denotes the measured points and B is the total number of measured points. Here, E,, ; and
a,; denotes the horizontal electric field and seismic ground acceleration in the frequency domain

at point i.

2.3. Inversion framework

Deterministic inverse modeling (e.g., Gauss-Newton, Conjugate Gradient, Levenberg-
Marquardt) algorithms need to construct an objective function, including the data misfit and a
regularization term. The latter depends on prior and empirical information. In weakly non-linear
problems, the iterative adjustment of model parameters using gradient-based information enables
a minimum objective function to be attained. However, it is time-consuming when we deal with
high-dimension parameter estimation, and these parameters affect the SESRs in a non-linear way.
Furthermore, such deterministic inversions might fail to recover the true model, although the

modeling data well match the observed data (Wu et al., 2021).

In this study, we aim to reconstruct the permeability and water table depth using the near-
surface MC-SESRs data. As the water table is affected by land-management practices,

precipitation, evapotranspiration, and other environmental changes, its depth may change with
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time. Machine learning techniques may allow us to efficiently monitor the dynamic water table.
A large number of samples are employed to train a neural network, which can construct the
mapping process between the input data (MC-SESRs) and the output data (water table depth and
permeability). Once the neural network is well trained, we can adapt it to a specific region to
monitor variations of its water table and permeability efficiently. Deep-structured neural
networks have been employed in solving geophysical inverse problems (e.g., Laloy et al., 2021;
Wu et al., 2021), which are alternatives for the SESRs inversion. But the many hidden layers
included in such networks produce a large quantity of hyperparameters, which need large data
sets and many training epochs to be estimated. Complicated deep architectures empower the
neural network to project a more complex relationship between the input and output layers.
However, the computing time is increased due to the iterations of training epochs, and
overtrained networks could result. Chen and Liu (2017) propose a broad learning (BL) neural
network that adopts a flat architecture without a complex multilayer structure. Its network
structure does not change within the training process (Figure 2). It avoids adjusting elusive
hyperparameters in the network, and its design largely decreases the training time compared with
deep networks. Broadly expanding the mapping layer enhances the capacity of the neural
network to approach complicated projecting relationships. More important, the broadly
expanding structure can be used for incremental learning without retraining the network when
additional data are available in input data (Chen & Liu, 2017). Compared with the performance
of deep structured neural networks (e.g., deep convolutional neural networks, deep Boltzmann
machines, and deep belief networks) on MNIST and NORB data sets, Chen and Liu (2017)
demonstrated that the BL system can ensure a comparable classification accuracy while vastly
reducing the training time. Recently, the BL approach has been applied to effectively and
efficiently process classification and regression problems (Gong et al., 2022). Therefore, the BL
approach is considered here to perform water table depth and permeability inversions using MC-

SESRs data.

As a supervised machine learning task, we need to generate a large number of training
samples. We assume the number of samples is N for training the network and the number of
inverted layers of permeability is L. If there are 4 frequencies and B measured points (traces) in
Equation 19, the input matrix X is MC-SESRs data (Figure 2a). The output matrix Y is made up

of N depths of the water table written by a vector dwtyy, and N X L permeability matrix written
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by Kyx; (Figure 2c). Using the neural-network architecture of the BL model (Chen & Liu,
2017), we first need to extract the features of MC-SESRs data as the input layer (Figure 2b):

Fi = (pl(XWl + Bi)a i = 1, 2, ey Q (20)

where F; denotes the ith mapped feature matrix. W; and 8; denote the random weighting matrix
and bias term, which are initially generated by standard uniform distributions in a range of [-1,1].
Assuming A X B = C, the sizes of matrices of W; and 8; are C X P and N X P, respectively. As
shown in Figure 2b, P is the number of feature nodes in each mapping feature group i. Q is the
number of mapping features. The function ¢; maps the sum of matrices XW; + B; to [-1,1] by
normalizing the minimum and maximum value each row (1,2, ..., N). The sparse autoencoder is
employed to shrink the input data and extract its mapping features by adapting W; (Chen & Liu,
2017). As shown in Equation 20, this feature extracting step of the input data can be replaced by
other extracting approaches from popular artificial neural networks (e.g., deep convolutional

neural networks) (Gong et al., 2022).

The features of input data extracted by mapping feature groups FC = [F, F,, ..., Fo] are

broadly expanded by M enhancement nodes with:

E] = E—]([Fl' FZ' ""FQ]wej + Be]),] = 1, 2, ,M (21)

where E; denotes the matrix of jth enhancement node. W,; and B,; are randomly generated
similar to Equation 20. In this study, we used the hyperbolic tangent sigmoid transfer function as

the non-linear activation function &;(+). Each enhancement node is integrated to an enhancement

layer with EM = [El, Ez, ey EM]

The output-layer hydrogeological parameters Y = [dwt, K] and the last layer integrated

by input features and the enhancement layer are connected by a weighting matrix W

Y = [F, F,, ..., Fy|Ey, Ey, ... Ey JWH, (22)

Therefore, the training process only needs to estimate the connected-link matrix W through

solving the pseudoinverse matrix [F¢|EM]*:



417

418

419
420
421
422
423
424
425
426
427
428

manuscript submitted to Journal of Geophysical Research: Solid Earth

WM = [FQ|EM]*Y. (23)

Following Chen and Liu (2017), the ridge regression approximation is employed to optimize W™

by fulfilling:

arg min: |[[FC|EM]WM —Y||Z + A||WM]|2, (24)

where A denotes a tradeoff regularization factor and ||[F?|EM WM — Y||2 is the error term of the
training set. Except for the connected matrix WY, the remaining weight matrices in the network
are randomly generated. Consequently, we can use the well-trained network with the optimal
connected weights W to invert MC-SESRs data. For example, if we acquired more MC-SESRs
data, we just need to replace Input X with the new (untrained) data in Equation 20. By following
similar computations to the training process by Equations 20-22, we then extract the mapping
features of the inversion data and use an activation function to learn these features in the
enhancement layer. Thus, we obtain the newly mapped feature matrices and enhancement
matrices. Multiplied with the weight matrix derived from the training process (Equations 23 and

24), we can obtain the estimated water table depth and permeability (Equation 22).
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429
430  Figure 2. Broad learning (BL) procedure including (a) the input (MC-SESRs data) layer, (b) the

431  mapping feature layer and the enhancement layer, and (c) the output (permeability with water

432 table) layer employed in this study.
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3. Sensitivity Analysis

3.1. Basic test model

We first design a basic test model (Figure 3). It consists of five horizontal layers of
porous materials. It is assumed that the shallow two layers (layers 1-2) are mainly made up of
loamy sands, and the deeper two-layer soils (layers 3-4) with lower permeabilities considered as
silty sands. The bottom layer 5 is assumed as a known layer with lower permeability (0.01 D),
porosity (0.05), and electrical conductivity (16 uS/cm). These hydrogeological parameters are
chosen based on Carsel and Parrish (1988). The initial water table is set at 3 m, implying that the
shallowest layer is partially saturated (Figure 3a). The Richards’ equation (Richards, 1931) is
used to solve the hydraulic problem in the vadose zone. The Mualem-van Genuchten (MVG)
empirical model (Mualem, 1976; van Genuchten, 1980) is used to estimate the relationship
between the water saturation and the effective permeability with the pore pressure. Based on the
MVG model by introducing the soil-water characteristic parameters ayg (m™), nyg and myg =
1 — 1/nyg, the effective water saturation S, and the static permeability k, at partially saturated

conditions are expressed by:
1

Se = (25)

~ [1+(avltphmve] ™

1 |\ Mvag 2
Ky = kEtS. S [1 ~ (1-sme) ] | (26)

Here, we assume that the absolute pressure head |H,| (m) in the vadose zone is equal to the
vertical distance between its elevation and the position of the water table (Zyserman et al., 2017).
The effective electrical conductivity is calculated by Equation 7, whose formulas and the used
parameters are given in Table A3 of Appendix A and Table S1 of the Supporting Information).
The water saturation, the effective permeability, and the effective electrical conductivity of the
top four layers are presented in Figures 3b-d under the assumption that the pore water salinity is
homogeneous at 2 X 1073 mol/L at 293.15 K, respectively. Note that the effect of the salinity at
this level on the fluid mass density is negligible. In contrast, the mass density of the fluid solute
should be considered in a highly saline environment (e.g., Hu et al., 2023). The specific
parameters of each layered material are given in Table 1, whose descriptions can be found in

Table A2 of Appendix A.
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¥ Water table

'¥Receiver (dipole/accelerometer)

Figure 3. Basic test model and its observations. (a) Geometry, (b) water saturation, (c) effective

permeability, and (d) effective electrical conductivity in the top four layers

There is a vertical force point source at the ground marked with a red square in Figure 3a.
We assume that the seismic source function f;(t) (N) presents as a Ricker wavelet with a peak

frequency f;, of 20 Hz:

2 27
£.(6) = —2.506 x 105 [1 — 2(nf,)? (t - %) lexp[—(nfp)z(t - 252 @7

The spectrum of this zero-phase wavelet is in a range of ~ 70 Hz. This wavelet and its frequency
band are usually considered in seismoelectric simulations (e.g., Jardani et al., 2010). Equation 27
is applied to calculate the body force of Equation 5 in forward modeling. Receivers are installed
at 0.1 m below the ground surface. The offset ranges from 5 — 105 m with 101 horizontal
acceleration sensors and 101 horizontal point dipoles. The offset represents the distance between
the source and each accelerometer or central point of each dipole. The interval of two adjacent
receivers is 1 m (Figure 3a). Please note that the seismic particle velocity v(w) obtained by
geophones could also be used to calculate SESRs by transforming a(w) to iwv(w). As

mentioned in Section 2.2, measuring SESRs does not require knowledge of the seismic source
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function, so we would not need to know the amplitude of the seismic source. Additionally, the
SE responses are proportional to the amplitude of seismic sources, either for explosive sources or
weight drops, demonstrated in the field tests (Butler et al., 1999). Therefore, according to the
specific prospecting conditions, this seismic source function can be replaced with other source
functions. However, the seismic strength and waveform used here are adopted to illustrate that

the predicted electric fields are expected to be measurable for a reasonable seismic source.

Based on Section 2.1, with the dynamic and saturation-dependent parameters chosen,
especially the cross-coupling coefficient L*(w, Sy,) in Equation 11, the peak-trough averaging
approach based on Luco-Apsel-Chen Generalized Reflection and Transmission Method (LAC
GRTM) (Zheng et al., 2021) is applied to obtain the frequency solution of the governing
equations. The wave-field components are derived from the numerical integral over the
wavenumber domain. The integrand includes the Bessel function and exponential terms of fast
and slow P, S, and EM waves. Compared with the seismic wavelength, the relatively small
source-receiver vertical differences make integrands more intensively oscillate. Therefore, this
situation may cause a slow convergence computationally (Zheng et al., 2021). The peak-trough
averaging approach uses a certain wavenumber interval in a stably oscillating range to determine
peaks and troughs of integrands and subsequently apply the repeat average method to efficiently
compute the numerical integration (Dahlquist & Bjorck, 1974). Thus, it allows us to consider
more flexible source-receiver geometries. All used dynamic and saturation-dependent parameters
and corresponding formulations are given in Table A3 of Appendix A, and we summarize a flow
chart of the model generation in Figure 4. We assume that the data recorded from 0 to 0.5 s is
digitized by 4096 samples with a sample interval of 0.1221 ms. After the full-waveform
computation of this model, we display the horizontal components of seismic ground acceleration
and SE wave fields (Figure 5). Since a zero-phase wavelet was applied to simulate the seismic
source (Equation 27), a time delay is shown in the waveforms (Figure 5). In addition, due to a
low saturation (S,, =0.12) occurring on the near-surface (~0.3 m), the corresponding S-wave
velocity is 1242.5 m/s. The surface waves can have a high apparent velocity to present in longer
source-receiver offsets than the offset range shown in Figure 5. In this case, the maximum
absolute horizontal electric field is 26.27 pV/m. Although the electric-field signals are vulnerable

to noise, the environmental noise level can be managed to below the order of 0.1 pV/m (see
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Butler et al., 2007; Dupuis et al., 2007; Thompson & Gist, 1993). The near-surface electric field

of this case is, hence, sufficient to be observed.

Permeability

Water table depth

A

/-‘ ixed parameters of matcrials/ /
' ¢

Frequency- or/and saturation-dependent parameters

Water saturation
Transition frequency
Relative permeability
Relative effective excess charge density
Effective dielectric constant
Complex electrical conductivity

Cross-coupling coefficient
Effective mass density
Effective bulk modulus

(Source time function)

BL inverse modeling

A

MC-SE@

[ Observations '

A

Governing equations

Maxwell’s equations

Richards’ equation
Cross-coupling equations

LAC-GRAM-based
peak-trough averaging algorithm

EM wave-fields
Seismic wave-fields

Biot constitutive equation

Figure 4. Framework of MC-SESRs generation
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Figure 5. Horizontal components of wave fields under the basic test model (a) seismic ground

acceleration and (b) seismoelectric wave fields

The horizontal components of seismic ground acceleration and SE wave fields recorded

in the time domain are subsequently transformed into the frequency domain. Then the MC-

SESRs over the full 0.5s time window are calculated by Equation 19. Here, we take the
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frequency in the range of 2-72 Hz. The MC-SESRs’ contour map of this numerical model is
shown in Figure 6a. The SESRs with greater strength are mainly distributed in a short-offset
range (10 - 40 m) and a low-frequency range (~ 10 Hz). Since the SESR concept under the
assumption of the localized (coseismic) SE field waves are linear with the ground acceleration,
the frequency-dependent behaviors depend on the evanescent and radiated SE field waves
(Dizeran et al., 2019). The generation of the radiated SE field waves is commonly regarded as
caused by the seismic waves nearly vertically arriving at interfaces and the ground surface.
Although the radiated EM waves generated by the direct SE conversions at the source also
depend on the frequency, their strength is weak. The subsurface properties’ variations barely
affect the component of MC-SESRs originating from the direct SE conversions.

Once the seismic incident angle is larger than the critical angle 6,:

Vsei>’ (28)

0. = arcsin(
EM

where Vg (m/s) and Vgy (m/s) denote the seismic wave velocity and EM wave velocity,
respectively, the SE conversion leads to the generation of evanescent SE waves. Actually, 6,
approaches zero due to Vg > Vgei. The existence of physical properties’ contrasts causes the
interfacial SE responses, mainly containing evanescent SE field waves. The superposition of
different modes of SE conversions makes the spectral ratios between the SE responses and the
ground acceleration are of frequency dependence. Thus, the SESR modulus decreasing with the
increasing frequency mainly attributes to the evanescent SE waves, which approximately decay
with a factor exp(—wpAz) (Ren et al., 2018). The horizontal EM wave slowness p relies on the
incident angle of the seismic waves arriving at the interface and inducing the localized SE waves.
The spatial variations of SESRs presumably are complicated due to the presence of a vadose
zone. The multi-channel SE field waves combined with the ground acceleration field waves are
sensitive to water table variations (e.g., Rabbel et al., 2020). Using MC-SESRs facilitates the
inversion of hydrogeological parameters due to without reconstructing the seismic source
function. Selecting SESRs from near- and far-offset receivers, we show the SESRs varying over
frequency for three receivers with different offsets of 5 m, 30 m, and 50 m, respectively. As
shown in Figures 6b-d, the SESRs at different offsets have a similar frequency dependence. The

SESR generally increases as the frequency decreases, and their log-scale variations show an
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approximately linear correlation in the low-frequency domain (~10 Hz), and it oscillates at
higher frequencies. Notably, the oscillating signatures are more notable in the far-offset range
(Figures 6¢-d). These oscillatory characteristics may originate from the electric field induced by

the guided P-wave traveling in the upper two layers.

2 | |
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Figure 6. The MC-SESRs of the basic test model with (a) the contour map of MC-SESRs in
logarithmic scale showing variations both with frequency and offsets. Sample SESR curves as a

function of frequency at different offsets: (b) 5 m, (¢) 30 m and (d) 50 m.
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Parameters of the basic test model

Property Units Layer 1 Layer 2 Layer 3 Layer 4 Layer 5
Thickness m 6 9 5 15 Inf.
0] m3/m3 0.41 0.43 0.46 0.38 0.05
ayg m™! 12.4 - - - -
Nyg - 1.89 - - - -
Swr - 0.1585 - - - -
Ps kg/m3 2650 2650 2650 2650 2700
Pw kg/m? 1000
Pa kg/m3 1.21 - - - -
peat kg/m3 1973.5 1940.5 1891 2023 2615
Cw mol/L 2x 1073
a5t S/m 0.0073 0.0077 0.0083 0.0067 0.0016
Nw Pa-s I1x 1073
Na Pa-s 1.8x 107> - - - -
T K 293.15
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Ks - 4

Kw - 80.1

K, - 1

m - 135

n - 1.85

K GPa 35 35 35 35 36
G GPa 2.49 2.49 14.08 14.08 15
K, GPa 2.84 2.84 14.4 14.4 20
K, GPa 2.25

K, Pa 1.43x 10° - - - -
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3.2. Analysis of permeability

First, we test the sensitivity of SESRs with respect to permeability. The considered
typical ranges in the critical zone refer to Carsel and Parrish (1988). The saturated permeability
k;*%" of the top four layers (j = 1,2,3,4) in the basic test model is 5.67, 8.51, 1.42, and 4.26 D,
respectively (Figure 3c). By changing the saturated permeability of shallow layers (j =
1,2,3,4) £ 50%, we calculated the absolute MC-SESRs difference concerning the original model

by:
ASESR(w, x;,j) = |SESR(w, x,)%i™* +50% —SESR (w, x;)*"" ~50%| (29)

where the horizontal offset x; ranges from 5 to 105 m with the number of receivers i =
1,2,...,101. The short-offset (~20 m) SESRs have more changes when the permeability of
shallow layers has been changed than the permeability of deep layers has been changed (Figure
7). Their maximum absolute differences with changing the saturated permeability of each layer
decrease in depth, which is 0.0877, 0.0636, 0.0377, and 0.0069 (Figures 7c, 7e, 7h, and 71),
respectively. The MC-SESRs mainly change in near-offset traces (x;<45 m) and low frequencies
(/< 10 Hz). The absolute differences of SESRs are less when the permeability in the lower zone
changes (Figure 71), whose maximum absolute difference of SESRs is an order of magnitude
smaller than for layers 1 and 2. As shown in Figure 7, by changing the permeability of different
layers, the absolute differences of SESRs produce different variations either in frequency or

laterally.
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Figure 7. The MC-SESRs in logarithmic scale with respect to (a-d-g-j) 50% decrease and (b-e-h-
k) 50% increase the basic test model of (a-c) layer 1, (d-f) layer 2, (g-i) layer 3, and (j-1) layer 4.
(c-f-i-1) The absolute MC-SESRs difference in logarithmic scale of the corresponding layers
calculated by Equation 29.

To test the behaviors of SE wave-fields by changing the permeability of each layer, we
compare the differences between the original waveforms with the changed waveforms in Figure
8. As shown in Figures 8e-h, the variations of SE wave fields are largest when the permeability
of layer 2 changes (Figures 8b and 8f). Layer 2 is saturated and provided with the highest
saturated permeability in the basic test model. Interestingly, the differences by changing the
permeability of layer 1 (Figure 8e) show a very different trend within 0.06 — 0.14 s in contrast
with other layers (Figures 8f-h). Layer 1 is a partially saturated zone, which produces a different

behavior on waveforms compared with other layers.
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Figure 8. (a-d) Horizontal components of SE wave fields for the basic test model (black solid
lines) and for cases of 50% increase (red lines) and decrease (blue lines) in the permeability of
layers 1-4 respectively. (e-h) Differences between SE wave fields obtained for cased of 50%
increased (red lines)/decreased (blues lines) permeability in layers 1-4 respectively compared to
those obtained for the original model, at three particular offsets, whose amplitudes are amplified

by a factor of 8 compared to those in (a-d).
3.3. Analysis of water table

Second, we test how the different depths of the water table or partially-saturated
conditions influence the distributions of MC-SESRs. Accounting for a static partially-saturated
state, the VG model is used to determine the water saturation (van Genuchten, 1980). The water
table of the basic test model is assumed to vary seasonally in a year. In this case, we assume the
rainy season is from September to November with higher water levels, and the period of March
to May is the dry season with lower water levels (Figure 9a). Correspondingly, the water
saturation and the effective permeability at the shallow layer change with the water table
(Figures 9b-c). As the used parameter ayg (12.4m™1) of the VG model is large, the

permeability is rather low at low saturations. Note that the contour map of permeabilities shown
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in Figure 9c is an interpolation result in the time and space domain. Permeabilities below the
water level in each layer are different constants, as the basic test model presented in Figure 2c.
The SESRs with the short (5 m), medium (30 m), and long (50 m) source-receiver offset are
collected to show their responses to the variations of the water table (Figures 9d-f). The absolute
ratios increase in the rainy season with higher water levels and decrease in the dry season with

lower water levels.

Furthermore, the strength of SESRs in the high-frequency domain is increased when the
water table is in the shallow zone (e.g., September-November). The amplitudes of evanescent SE
signals decay exponentially with the normal direction of the interfaces (Ren et al., 2016b; Ren et
al., 2018). This implies that deep water tables cause weaker SE signals than shallow water tables.
This characteristic is also embodied in the SESRs data obtained at the source-receiver offset of
30 m (Figure 9¢). Nevertheless, the sensitivity of the SESRs obtained at a more extended offset
(50 m) responding to the dynamic water table depth is considerably weakened (Figure 9f). This
test implies we may use the time-lapse MC-SESRs data in short source-receiver traces to monitor

the water table depth variations.
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Figure 9. The modeling results with the water table vary over time. (a) The depth of the water

table, (b) the time-lapse variations of the water saturation with depth, (c) the effective

permeability, and the SESRs in logarithmic scale collected at a source-receiver distance of (d) 5

m, (¢) 30 m and (f) 50 m.
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4. Inversion Results

Employing synthetic seismic and SE data generated for the basic test model introduced in
Section 3.1, we carry out a three-step strategy to perform MC-SESRs inversion. We assume that
the depth and properties of the bottom layer 5, and all other layer depths and properties except
for the water table depth and the permeabilities of layers 1-4 are known. The prior information
could have been determined by drilling and other geophysical methods (e.g., Dzieran et al,
2019). This could represent a scenario where there was interest to monitor temporal changes in
depth to the water table and to determine permeabilities of the near surface layers (to 35 m

depth) for hydrogeological applications.

To begin, we generated random samples by drawing permeabilities for each of layers 1 -
4 from predefined reasonable ranges, and drawing a water table depth in layer 1 randomly from
the range of 1 - 5 m. We account for the ranges of hydraulic conductivity stat of layers 1-2,
referring to materials consisting of loamy sands. Layers 3-4 with a lower range of the soil
permeabilities are considered to contain more silty sands (Carsel & Parrish, 1988). The hydraulic

conductivity of layers 1-2 ranges from 3 to 35 cm/h and layers 3-4 ranges from 0.02 to 15 cm/h,

K-Satn
. gw, where g

which can be transformed to the ranges of permeability kjsat by is equal to

w

(m/s?) denotes the gravitational acceleration (9.81 m/s?). Following the flowchart of the model
generation (Figure 4), we calculated MC-SESRS of 7000 random samples. Therefore, the first
step is to obtain the 7000 input-output pairs.

4.1. Performance of the BL neural network

In the second step, we randomly selected 5000 from the 7000 input-output pairs for
training the BL neural network (Figure 2). In addition, 1500 randomly generated samples were
split into the original validation dataset (500 samples) and the original testing dataset (1000
samples). The input MC-SESRs data of the training samples are noise-free synthetic data, and
output data are the dwt and the permeability of layers 1-4 (kl1, k2, k3, k4) (Figure 2c). First, to
accurately extract and map features of the input data, we need to set the number of mapping
groups (Q) and feature nodes (P) of each group and their corresponding enhancement nodes (M)

based on the BL architecture (Figure 2) introduced in Section 2.3. After that, the BL network is
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fixed. We tested different configurations of the BL neural network to present the root-mean-

squared errors (RMSEs) of training models (water table depth and permeability):

RIVISEJ.:\/Z’f(Output_Yij—Tr'ue_Yij)2 (30)

n

where j denotes the corresponding numbers of different parameters (j = 1 for dwt, and j =2 - 5

for k1-4 respectively). n is the number of samples for training the network, which is 5000 in this

case. Output_Yij and True_Yl.j are the reconstructed and true output of the jth parameter of the
ith sample. Here, we separately present the RMSEs of different parameters since the output
dataset indicate different properties and in different scales. The ranges of P, Q and M are
[10:5:100], [10:5:100], and [10:10:500], respectively. The regularization coefficient is set to
1078 (see Chen & Liu, 2017). The optimum sets of parameters for training models are given in
Table 2. The RMSEs of water table depth can be limited to 0.034 m. The RMSEs of permeability
of layer 1 are much higher than layers 2-4. In contrast with deep layers, the permeability of the
top layer is easier to be directly investigated in situ. k2 and k3 reach their optimum under P=15,
0=10 and M=500, and correspondingly, the RMSEs for estimating the dwt and k4 are
satisfactory with the same setting.

Table 2

RMSEs of training data set with different configurations of the BL model (bold numbers denote
the corresponding minimum RMSEs)

Parameters of BL. model RMSE of training models
P ) M dwt (m) k1 (D) k2 (D) k3 (D) k4 (D)
100 100 500 0.0210 24174 0.1462 0.1899 0.1526
80 40 500 0.0271 2.4090 0.1713 0.2005 0.1644
15 10 500 0.0339 24274 0.1415 0.1603 0.1616
10 10 500 0.0336 2.4239 0.1473 0.1628 0.1500

As the parameters’ estimation accuracy is the highest when the number of enhancement
nodes (M) reaches the maximum in the search range, we expanded this range to search for an
appropriate neural network. The neural network gets more complex structures with a large
number of groups, mapping feature nodes, and enhancement nodes, which may empower the BL

model to describe the approximate mapping relationship between the input and output data from
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the training data set. As shown in Figure 2b, M directly reflects the complexity of the connected
matrix for linking the integration of the feature mapping layer and the enhancement layer with
the output layer. To examine whether the RMSEs would be reduced by keeping increasing the
enhancement nodes and fixing P = 15 and Q = 10, we display the RMSEs varying with the
number of enhancement nodes (Figure 10). In addition, we utilized 500 untrained samples from
the validation dataset to test the inverted performance with increasing M. Further, the measured
data in practice ineluctably contain some noise. With the improvement of pre-and post-
processing techniques on near-surface SE applications, the signal-to-noise ratio (SNR) can be
achieved to 20 — 45 dB (Butler & Russel, 2003; Butler et al., 2007). Thereby, to account for the
possible interferences from self-noise and background noise, we add 5% random noise of the
mean amplitude of synthetic SESRs at each trace (SNR=~26 dB) to the initial validation and
testing datasets without noise contamination. Similar to the treatment of the training dataset, the
RMSEs of the validation dataset are calculated by replacing the number of samples in Equation
30 to 500 and updating the corresponding output dataset. Slightly though, the RMSE set keeps
decreasing with M increasing (Figures 10a, 10c, 10e, and 10g), which indicates the neural
network has been adapted to the training data set. However, there are different trends shown in

untrained samples (Figures 10b, 10d, 10f, and 10h).

The parameter estimation using untrained noisy data as input performs better when M is
lower than 300 (Figures 10b, 10d, 10f, and 10h). The number of enhancement nodes of each
parameter reaching a minimum RMSE is given in Table 3. To show the influence of chosen M
on the inversion accuracy, we contrast the true and reconstructed models by inputting noisy MC-
SESRs of the validation dataset under the BL neural networks trained by M = 50, 200, 500, and
1000, respectively. Taking the water table depth as an example to display (Figure 11), the
majority of reconstructed models are visually closer to the true models with increasing M, but the
RMSE increases when M>200 (Figures 11c-d). The reconstructed permeability also presents a
similar trend (see Figures S1-S3 of Supporting Information). It can be attributed to the large
departure of a few estimations from the true models. Finally, to detect the dynamic water table,

we choose M = 240 as the number of enhancement nodes to train the BL model.
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705  Table 3

706 RMSEs of validation data set with the optimum number of enhancement nodes (bold numbers

707 denote the corresponding minimum RMSEs)

Enhancement node RMSE of validation models
M dwt (m) k1 (D) k2 (D) k3 (D) k4 (D)
240 0.0895 2.7884 0.8879 0.5321 0.4339
20 0.1839 2.6092 0.4798 0.6212 0.5654
300 0.1945 4.5221 0.3084 0.9505 0.8540
220 0.1196 2.7551 0.6383 0.4510 0.4140
200 0.1117 2.8753 0.5839 0.4730 0.4101

708
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Figure 11. Comparisons of the true and reconstructed depth of water table (dwt) of the validation

dataset with (a) M = 50, (b) M = 200, (c) M = 500, and (d) M = 1000

4.2. Comparisons of reconstructed and true models

After the 500 validation samples validated the BL model obtained by the 5000 training
samples, we took the third step to attain MC-SESRs inversion. We applied this BL neural
network configured by P=15, 0=10, and M=240 to invert the water table depth and permeability
of 1000 testing samples with the same amount of noise contamination as the original testing MC-
SESRs dataset. The testing dataset is independent of the training or validation datasets. The
RMSEs of the testing dataset are calculated similarly to the validation dataset (Equation 30). The
reconstructed depth of the water table has great consistency with corresponding true values
(Figure 12a), whose RMSE is 0.09 m. The inversion results can nicely reconstruct the
permeability of layer 2 (Figure 12¢), whose RMSE is 0.46 D. the reconstructed permeability of
layers 3 and 4 deviates more from true values than layer 2 (Figure 12d), while their RMSEs are

acceptable (0.56 D and 0.43 D, respectively). Nevertheless, the permeability of the partially
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saturated layer 1 cannot be reconstructed, which concentrates around 5 D. It reflects that the
SESRs data did not constrain the permeability of the unsaturated layer well since the low
saturation makes a very low effective permeability to obtain a small SE coupling coefficient

(Equation 11).

(a) (b)

,-\6 Ve A10
E 8
3 <
- 4 3
3 5
3 ). RMSE=0.09 3 L e .
g | . S |- RMSE=2.61
(14 = ‘
0 0
0 2 4 6 0 5 10
True dwt (m) True k1 (D)
c d
.10 ©) 6 .( ) g
=) =) * k3 = 5
= T (Lo |, L%
3 g
S 5
é g 2 & .o,
S O 27 .RMSE, ,=0.56
i) RMSE=0.46 N4 g RMSE, ,=0.43
o 0 5 0 . o k4 7
0 5 10 0 2 4 6
True k2 (D) True k (D)

Figure 12. Comparisons of the true and reconstructed (a) depth of water table, (b) permeability
of layer 1, (c) permeability of layer 2 and (d) permeability of layers 3-4 using noisy MC-SESRs
data (SNR = 26 dB).

Based on the settings of the basic test model, we used the SESRs data introduced in
Section 3.3 to characterize variations in the water table depth. As the data uncertainty not only
can originate from the noise but also possibly contains the errors of the model parameters, here,
we assumed five-percent errors of dwt, permeability, and porosity included in the basic test
model. Still, the data are assumed to be contaminated by five-percent random noise in the
following tests. Meanwhile, as the sensitivity analysis of SESRs to the dwt in Section 3.3 shows,
the short-offset SESRs are more sensitive than the long-offset SESRs to the variations of dwt, we
test to apply the different number of channels to reconstruct the dynamic dwt. All 101 channels’

or 26 short-offset channels’ SESRs data used to invert the dwt can obtain comparable accuracy
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under five-percent errors in model parameters (Figure 13). This test indicates that we can
reconstruct dynamic shallow dwt by using less short-offset MC-SESRs data. Since higher errors
may occur in realistic measurements, we compare the inversion accuracy under five-percent, ten-
percent, and twenty-percent errors in the pre-defined model using 26 short-offset channels’
SESRs in Figure 14. The inverted water table depths are more deviated from the true values by
enhancing errors. However, the overall inverted values are consistent with the true values with
twenty-percent errors in the known model parameters, except for the result in September (Figure
14c).
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Figure 13. Detection of the water table depth using noisy MC-SESRs data collected from (a) 101
traces (5 - 105 m) and (b) 26 traces (5 - 30 m). The blue diamonds represent the inverted value
without the model errors; The red diamonds represent the true values with 5%-misspecified
errors in pre-defined model parameters; The circles represent the inverted values, whose

misspecified levels are indicated by the shaded areas and error bars.
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Figure 14. Detection of the water table depth using the noisy 26-channel SESRs data with
misspecified errors of (a) 5%, (b) 10%, and (c) 20% in pre-defined model parameters. Diamonds
represent the true values; The circles represent the inverted values, whose misspecified levels are
indicated by the shaded areas and error bars.

As the absolute pressure head in the vadose zone is assumed to be the distance between
its elevation and the water table level, the effective permeability and water saturation are
calculated by the MVG model. We show that the true and the inverted permeabilities vary with
time in Figure 15. The permeability can still be reconstructed in the time-lapse profiles (Figure
15a). The predicted accuracy is also reduced when errors added to the model are enhanced
(Figures 15b and 15¢). Particularly, the inverted errors of permeability increase in layer 4 due to
the increasingly attenuated seismic and SE signals strength. The model parameters may be
misspecified by larger errors, which causes lower inverted accuracy in deep layers due to the

fragile signals.
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Nov. Jan.

Figure 15. Comparison of true (black lines) and inverted (pink) permeability with the changing
water table depth by accounting for errors of (a) 5%, (b) 10% and (c) 20% in pre-defined model

parameters.

5. Discussion

To test the capability of this neural network in the presence of noise, we decrease the
SNR to 20 dB, 16 dB, and 14 dB by considering different random noise levels (10%, 15%, and
20%) into synthetic MC-SESRs data. Based on the assumptions in Section 4.3, we attempt to use
the SESRs data at different noise levels to detect the changing water table levels. As shown in
Figure 16, the inverted accuracy is reduced when the noise is enhanced from 5% to 10% and
more. In this case, the water table detection can be achieved at a 10% noise level when 26-
channel SESR data (5 — 30 m) have been involved in the inversion (Figure 16a). This scenario
can be improved by increasing the data by using more traces. The RMSE reaches 0.1671 m at a
20%-noise level when the used channels increase to 101. Correspondingly, the source-receiver
offset ranges from 5 to 105 m (Figures 16b, 16d, and 16f). The inverse modeling may be able to

perform well for stronger noise levels when the used MC-SESR data are sufficient. Note that the
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monitoring test in Section 4.2 discussed the influence of different levels of errors in model
parameters (Figures 13-15). Ideally, although the water table and permeability changed with time
and contained model perturbations, the well-trained network (Figure 2) can recover their true
values for a specific site. Therefore, the inverted values are still close to the true values using 26-
channel data with mixing the noise level of 5% (Figure 13). However, the porosity of each layer
is also assumed to be misspecified. Thus, the increased errors in the pre-defined model decrease

the inverted accuracy of the water table depth and permeability.
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Figure 16. Comparison of true (blue) and predicted (purple) water table depth by adding (a-b)
10%, (c-d) 15% and (e-f) 20% random noise into data. The left panels (a, ¢, and e) use 26-
channel SESRs data and the right panels (b, d, and f) use 101-channel SESRs data. The shaded

areas indicate the misspecified levels.

As aforementioned sensitivity of permeability and water table depth in Sections 3.2-3.3,
the SESRs at different source-receiver offsets respond to the variations of different layers. The
number and locations of sensors used for inversion may affect the inverted results. We test the
inverted RMSEs using MC-SESRs with different offsets by 1000 untrained random models. The
interval distance of adjacent sensors is kept at 1 m. It starts from offset = 10 m, which means that
MC-SESRs data obtained by 6 traces in the range of 5 — 10 m are used for inversion (see Section
2.3 X: SESR5000x36x6)- Figure 17 shows that the RMSEs dropped considerably when the used
offsets increased to 30 m, but they continued reducing to a lesser extent. Generally, more SESRs

data used for inversion should obtain higher inverted accuracy.
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Picking a model to contrast the true with reconstructed parameters, the predicted
permeability can reconstruct the effective permeability above the capillary fringe based on the
water table estimation. However, the predicted saturated permeability of layer 1 deviates from its
true value (Figure 18a). The inverted saturated permeability of the top layer poorly fits the true
value embodied in the whole test set (Figure 12b). As the effective permeability drops
considerably at low water saturations, the SE coupling coefficient is rather small. Thus, the
information of the saturated permeability in layer 1 cannot be extracted by the mapping feature
layer of input MC-SESRs data. The water table depth and permeability of layers 2-4 of the
model are well estimated. Although the noisy MC-SESRs data for inversion are affected by
disturbances (Figure 18c), the MC-SESRs data calculated by the predicted model (Figure 18d)
well fit the synthetic MC-SESRs data (Figure 18b). The fitting errors concentrate in 10 — 25 m
and low frequencies (~3 Hz) (Figure 18e). The inversion accuracy for this case is satisfactory by
using data from 26 channels (~30 m) to train and invert the water table depth and permeability.
One estimation with lower accuracy is presented in the Figure S4 of Supporting Information,
whose modeling result from the inverted parameters can recover the overall shape and trend of

the original data, but the maximum absolute difference is one order of magnitude larger than

Figure 18e.
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Figure 17. RMSEs between inverted and true models vary with the offset (SNR = 26 dB). (a)
water table depth, (b) permeability of layers 1-2 and (¢) permeability of layers 3-4



826

827
828
829
830
831
832

833

834
835
836
837
838
839
840
841
842
843
844

manuscript submitted to Journal of Geophysical Research: Solid Earth

(a) b (9
. ., (b) , ©)
N - -
E 3
L‘ 0-10 [ 10 i
5[ o
L =
72~ d 72+ L — d
5 10 15 20 25 30 5 10 15 20 25 30
107 T Offset (m) Offset (m)
— — — o—
-4 -3 2 -4 -3 2
E15 1 log10(SESR) log10(SESR)
-
8 (d)
22 g T——
N
T :
10 3 1
25 g |
%72 :
| —True k | 5 10 15 20 25 30 5 10 15 20 25 30
30 —True dwt Offset (m) Offset (m)
~ = ~Reconstructed k — — oo
Reconstructed dwt 4 3 2 2 4 6 8
35 0 5 10 15 log10(SESR) |SESR™-SESR™®| x10™*

Permeability (D)

Figure 18. Comparisons of the true model and the reconstructed model using 26-channel SESR
data. (a) The blue (solid) and cyan (dashed) lines represent the true and predicted water table
depth, respectively. The black (solid) and pink (dashed) lines represent the true and reconstructed
permeability, respectively. (b-d) display the 26-channel synthetic and noisy SESR data modeling
by (b-c) the true model and (d) the inverted model. (e¢) shows SESRs difference between the data

modeling by the true model and the inverted model.

6. Conclusions

In this paper, we propose using MC-SESRs to process multi-channel SE signals and
seismic signals recorded at the ground surface. By analyzing the sensitivity of MC-SESRs to the
water table depth and permeability, the results indicate that MC-SESRs data obtained by
different offsets respond to the variations of different water table depths and permeability.
Moreover, we introduce a simple and efficient BL approach to interpret MC-SESRs data to
quantitatively infer the water table depth and permeability of layered-porous materials. As a type
of non-invasive measurement, MC-SESRs obtained by surface observations can supplement
traditional piezometer installations. It can be applied to rapidly and accurately detect the water
table for a specific investigated field even though pre-defined model parameters are misspecified
by 20%. This feature of monitoring the water table has potential applications for assessing

groundwater storage and studying frost thawing and volcanic eruption. Nevertheless, as
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aforementioned, the dynamic effective excess charge density using the scaling factors by
volumetric average and relaxation time suffers several limits as predictions, particularly at the
pore scale. We suggest considering explicit frequency- and saturation-dependence in the future

(Jougnot & Solazzi, 2021; Solazzi et al., 2022; Thanh et al., 2022).

Appendix A

Tables A1 and A2 list the acronyms as well as the notation and description of symbols
used in the manuscript, respectively. The formulations of frequency-dependent (dynamic) and

saturation-dependent parameters are summarized in Table A3.

Table Al. Acronyms and meaning

Acronyms Meaning
SE SeismoElectric
SESR SeismoElectric Spectral Ratio
MC-SESR Multi-Channel SeismoElectric Spectral Ratio
EDL Electrical Double Layer
AVO Amplitude variation Versus Offset
BL Broad Learning
Random Vector Functional Link Neural
RVELNN Network
EM ElectroMagnetic
MVG Mualem-van Genuchten
VG van Genuchten
LAC GRTM Luco-Apsel-Chen Generalized Reflection and
Transmission Method
dwt Water table depth
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Table A2. Nomenclature of the Material Properties

Symbol Unit Description
W rad/s Angular frequency
f/ Hz Frequency
Wy Hz Angular transition frequency
The critical angle of evanescent
0. rad/s electromagnetic waves
Sw - Water saturation
Swr - Residual water saturation
Se - Effective water saturation
o S/m Complex electrical conductivity
Ow S/m Electrical conductivity of pore water
gy S/m Static bulk electrical conductivity
E V/m Electric field
J A/m? Total current density
L A/m? Streaming cross-coupling coefficient
st A/m? Streaming cross-cp}lplipg coefficient at
the saturated condition in low frequency
Asat C/m? Saturated effective excess charge density
v,0 in low frequency
) C/m? Effective excess charge density in low
V0 frequency
M C/m3 Complex effective excess charge density
CEC C/kg Cation exchange capacity
B, m? /sV Mobility of the counterions in the diffuse
layer
B, sur m? /sV Mobility of the counterions in the Stern
layer
fq - Fraction of counterions in the Stern layer
Cy%" V/m Streaming voltage coupling coefficient
Cy mol/L Salinity of pore water
F - Electrical formation factor
m - Cementation exponent of Archie’s law
n - Saturation exponent of Archie’s law
Ds Pa Pore-fluid pressure
Ps kg/m3 Mass density of fluid
Ps kg/m3 Mass density of solid
2t kg/m3 Saturated bulk mass density
U, m/s Averaging solid displacement
Us m/s Averaging pore-fluid displacement
w m/s Averaging filtration displacement
k* m? Frequency-dependent permeability

Effective permeability in low frequency
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k32t m? Saturated permeability in low frequency
¢ m3/m3 Porosity
ayg m~! Parameters of van Genuchten model
Nyg - Parameters of van Genuchten model
T - Tortuosity
Nw Pa-s Dynamic viscosity of pore-water
a - Biot coefficient
asat - Saturated Biot coefficient
T °CorK Temperature
& F/m Vacuum permittivity
Ky - Dielectric constant of water
Ky - Dielectric constant of air
K - Dielectric constant of solid phase
K, Pa Bulk modulus of solid phase
G Pa Frame shear modulus
Ksr Pa Frame bulk modulus
Ky Pa Bulk modulus of water
K, Pa Bulk modulus of air
K¢ Pa Undrained bulk modulus
C Pa Biot modulus
M Pa Biot modulus

Table A3. Frequency- and saturation-dependent parameters and corresponding formulations

Parameter Unit Expression References
Angular
o Revil & Mahardika,
transition Nw®Sw
Hz 2013; Solazzi et al.,
frequency Pwko(Sw)Tw(Sw)
2020
wt(sw)
) Revil & Jougnot,
Tortuosity
- PFS,' " 2008; Jougnot et al.,
Tw(Sw)
2018
Dynamic
bili ko (Sw) Revil & Mahardika,
permeability - lw
TN 2013
k*(w, Sw) ¢
Effective water
saturation - M
1—Sur
Se(Sw)
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Quasi-static

1 1 myg12
ko*tS,2 [1 - (1 — Semvc> ]

Mualem, 1976; van

effective
permeability Genuchten, 1980
myg =1—nyg™!
kO (Sw)
Specific
. . 1 _1 \™Mve Richards, 1931; van
moisture m~ ayeMygP(l — Syyr)Se™vG | 1 — S.™ve G hen. 1980
enuchten,
capacity Cp, (Sy) 1—myg
Frequency-
dependent ' .
) R iw Revil & Mahardika,
effective excess - Qvo(Sy) [1——
. ' Wt 2013
charge density
Qv (@,Sw)
Complex
electrical s S 0w . Revil et al.. 2015
Conductivity /m F + asur(Sw) + l[o-quad(sw) - wSOK(Sw)] eviletal,
0" (w,Sy)
Effective surface ] )
ductivity s/ 2 (F-1 ¢ g (1 CEC Revil, 2013; Revil &
conductivi m — —
3 S B (= fo)es Mahardika, 2013
Osur (Sw)
Effective
quadrature 2 (F-1) Revil, 2013; Revil &
S m _ n-1 sur E
conductivity / 3" F Sw' "B+ fopsCEC Mahardika, 2013
Oquad (Sw)
Diclectric ; (F = Dics & Sw"tew + (1 = Sw' )k Linde et al., 2006
constant k(S,y) F N
Biot coefficient Sw — Swr sat Revil & Mahardika,
a(Sy) 1= Swr 2013
Mass density of kg/m? S (1-5.)
m pw+ (11— p
fluid p(Si) g wPw w/Fa
Bulk modulus of | 1
a S 1-S
fluid K¢ R TR,
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