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Abstract 
Imaging subsurface small-scale features and monitoring transport of tracer plumes at a fine resolution 

is of interest to characterize transport processes in aquifers. Full-waveform inversion (FWI) of crosshole 

ground penetrating radar (GPR) measurements enables aquifer characterization at decimeter-scale 

resolution. GPR FWI provides 2D tomograms of the subsurface properties, the dielectric permittivity 

(Ů) and electrical conductivity (ů), which can be correlated with hydrological properties.  

In the framework of the thesis, we conducted synthetic and experimental tracer tests that were monitored 

using time-lapse crosshole GPR full-waveform inversion results, to test the potential and limitation to 

reconstruct the tracer plume. For the synthetic test, we generated a realistic high resolution aquifer 

model based on previous hydrological and GPR FWI data from the Krauthausen test site in order 

perform a transport simulation that represents reasonable heterogeneity of the tracer concentration. 

Using petrophysical relations, we converted the concentration distribution to dielectric properties of 

specific tracers: saltwater (increase ů only), desalinated water (decrease ů only) and ethanol (decrease 

in both ů and Ů). One important aspect of the GPR FWI is to investigate an optimal way to define 

adequate starting models especially for the time-lapse data. Therefore, we investigated three different 

starting model options in the synthetic test, resulting that Ů and ů models from the background provide 

the most accurate FWI of time-lapse data. Hereby, both Ů and ů FWI results have shown the potential 

to derive time-lapse changes. The gained insights of the synthetic optimization tests are applied for an 

experimental test. 

To prove the potential of the crosshole GPR FWI also under realistic conditions, we performed an 

experimental salt tracer experiment at the Krauthausen test site. Thereby, we injected to the sandy 

aquifer a salt tracer, and monitored the tracer development using crosshole GPR over a timeframe of  

14 days within 5 crosshole planes in an area of 11x10 m. These time-lapse data are independently 

inverted using the background models of each plane as starting models as proposed from the synthetic 

study to derive the best FWI results. We investigated the consistency of the reconstruction of the plume 

by temporal and spatial continuity across neighboring planes, by correlating with borehole logging data, 

and with expectations based on previous tracer experiments from the same site. One challenge arise 

from the time-lapse GPR data caused by the change of the borehole filling properties over the time and 

transport of the plume. The salt and freshwater mixture in the tubes couple with the borehole antennae 

thus influence the GPR data. Fortunately, the processing for the FWI enables accounting this effect by 

estimating effective source wavelets for each time step and each plane, which compensate for borehole 

filling effects caused by the salt tracer. If these borehole filling effects would not be considered, errors 

in the results would occur. Performing the FWI considering the corrected effective source wavelets 

allows recovery of the aquifer models independently from saltwater-antennae effects. Such effects 

cannot be incorporated using standard ray-based approaches.  In contrast from the synthetic tracer test, 

investigation of the best starting model for experimental data showed that ů homogenous model rather 
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than from FWI background provides more accurate results for FWI of time-lapse data. This can be 

explained that possible errors in the FWI background results caused by measurement or starting model 

uncertainties, are forcing the FWI with these models to be trapped in a local minimum. The time-lapse 

GPR FWI has shown a reliable manifestation of a tracer of about  0.2 m resolution, which was not 

observed before from other geophysical monitoring techniques. These improved and higher resolution 

images of such a tracer transport can help in future to better constraint hydrological properties of interest 

for hydrological models. In this thesis, we have shown for the first time the potential of the GPR FWI 

to characterize and monitor tracer experiments using crosshole GPR data. Especially, the application to 

salt tracers, which traditionally were  investigated with ERT, is now also possible with GPR and higher 

resolution images of the tracer transport are possible to obtain. 
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Chapter 1 

Introduction  

In order to control groundwater quality, monitoring contaminants in the aquifer and prediction of 

possible ones are essential. Detailed knowledge of the flow and transport processes, which control 

migration of fluids, particles, and solutes in the subsurface (hereafter tracers), is necessary, e.g., to 

protect groundwater pumping wells from pollution and operate remediation measures (Maliva, 2016). 

As groundwater system are sensible, any kind of contamination may lead to geochemical and biological 

reactions. This may lead to changes in groundwater constituents and to physical changes of the aquifer 

caused by dissolution and precipitation (Kitanidis and McCarty, 2012), or to groundwater temperature 

changes (Hermans et al., 2015). Important transport characteristics that need to be known are the tracer 

velocity, the tracer plume spreading, and the tracer dilution by mixing with groundwater. These 

transport characteristics depend strongly on the heterogeneity of hydraulic aquifer properties (Bear and 

Cheng, 2010), which are difficult to observe directly because of the intrinsic inaccessibility of the 

subsurface. Tracer experiments that monitor tracer plumes in aquifers can be used to determine transport 

characteristics and infer the underlying hydraulic aquifer properties and their spatial variability (e.g., 

Vereecken et al., 2000). Therefore, the enhancement of the resolution of time-lapse geophysical 

transport imaging, is essential to conceptualize the aquifer more precise and for getting predictions with 

probably less uncertainty (e.g., Scheidt et al., 2018). 

Solutes particles initially that introduced in the aquifer in a form of a ñpoint-sourceò (closely spaced 

particles) will firstly spread out as velocity at the microscopic level varies in magnitude and direction 

from point to point (Bear and Cheng, 2010). Consequently, the shape of the initial points-cloud will 

gradually change, and so will the fluid volume that occupied by it. At the single tube scale, we observe 

(Figure 1.1a, top) velocity variations in both magnitude and direction across any pore cross-section. At 

the microscopic scale, the void space can be visualized as an assembly of interconnected tubes with 

varying diameters (Figure 1.1a, middle). Between flow paths, we observe streamlines deviate from the 

mean direction of flow. That kind of spreading is called mechanical dispersion. As a result, 

heterogeneous pore system and flow through it generates finger-shape spreading of the tracer particles 

through fast flow paths, and a tailing part of the tracer particles, which are carried by slower velocities. 

In addition to the mechanical dispersion, a second dispersion-causing phenomenon that occur at 

microscopic scale is the molecular diffusion ï random motion of the molecules produces an additional 

flux of the componentôs particles from regions of higher concentrations to those of lower ones. 

Molecular diffusion fluxes occur intensely at microscopic streamlines transition zones, where high 

concentrations gradient are created, and tends to equalize the concentration across every microscopic 

stream tube (Figure 1.1a, bottom). Simultaneously, lateral molecular diffusion across a streamline, 

which tends to equalize the concentration across pores, are due to a concentration gradient, which is 
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produced also between adjacent stream-tubes. At the larger scales, the layer meter-scale and the field 

kilometer-scale (Figure 1.1b, c), the subsurface is highly heterogeneous with respect to their 

macroscopic coefficients, e.g., porosity and permeability (Bear and Cheng, 2010). Here, mechanical 

dispersion causes the plume spreading as dispersive fluxes, which result from the variability of the 

relevant macroscopic quantities. Like in the microscopic scale, the total flux is again the sum of an 

advective flux and a dispersive one. These larger scales are the ones of interest to monitor when a 

contamination is introduced to the subsurface. 

Traditional techniques for hydrologic characterization, such as pumping tests, provide data on large-

scale aquifer hydraulic properties, but with low spatial resolution (e.g., Li et al., 2007, Butler, 2005). 

Other well-established techniques provide fine-scale information in the vertical direction, such as 

borehole measurements (Englert, 2003), cone penetration tests (Tillman et al., 2008), and measurements 

on sediment cores (Vereecken et al., 2000), but cannot characterize spatial variability in the horizontal 

(flow) direction with high spatial horizontal resolution. Geophysical methods such as electrical 

resistivity tomography (ERT) and GPR can close this gap in observation capabilities and provide 

information on an appropriate scale (up to ~ 5-100 m) and with high spatial resolution in both vertical 

and horizontal direction, while being minimally invasive (e.g., Looms et al., 2008, Binley et al., 2015). 

Both methods have the capability to image the subsurface by sensing changes in the physical parameters 

of a porous medium. In addition, the use of geophysical methods in combination with stochastic 

subsurface hydrology, data inversion techniques, time-lapse approaches have emerged as tools 

("hydrogeophysics") to investigate shallow subsurface heterogeneity, dynamic processes and to link 

with hydrologically relevant properties (Binley et al., 2015). 

 

Figure 1.1: Flow in heterogeneities at different scales (adapted from Bear and Cheng, 2010). 
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Transport processes can be monitored by geophysical observables, when the tracer induces changes in 

hydrogeological state variables. For example, water saturation is strongly correlated with dielectric 

permittivity (Topp et al., 1980), salinity is correlated with electrical conductivity (Sreenivas et al., 

1995), and temperature is correlated with both of them (Seyfried and Grant, 2007). These changes in 

the plume can for example be imaged with time-lapse GPR (Klotzsche et al., 2019a, Looms et al., 2008) 

and ERT (Kemna et al., 2002, Singha et al., 2005, Hermans et al., 2015). As examples, soil water content 

(Klotzsche et al., 2019a), leaking of industrial fluids (Brewster and Annan, 1994) and saltwater 

(Giertzuch et al., 2020) were monitored by GPR, while seawater intrusion (Palacios et al., 2020), hot 

water (Hermans et al., 2015) and saltwater (Müller et al., 2010) were monitored by ERT. The most 

common used tracer types are salt and therefore ERT, which provides electrical conductivity 

distribution, is more frequently used rather than GPR. The occurrence of transport in principle can be 

monitored at the spatio-temporal scale resolution of the geophysical observable. Hydrogeological 

properties and structures, which control state changes are then derived from the geophysical properties 

by a given petro-physical model. However, subsurface structures finer than the resolution of the 

geophysical method, and those affected by constraints of each of the inversion methods in the imaging 

algorithm may be neglected from the image, or at best, their magnitude will be smoothed and presented 

over a larger spatial scale. 

1.1 Geophysical properties of subsurface material 

Subsurface materials are, in large, non-conducting materials that can accommodate a propagating, 

alternating electromagnetic (EM) field. These class of materials are called dielectrics and described by 

dielectric permittivity (Ů) and electrical conductivity (ů). Permittivity describes the ability of a material 

to store and release EM energy in the form of electric charge. In atoms, molecules or crystals contain 

bound electric charges (e.g., in the polar water molecule), which become physically displaced or 

polarized in relation to their original position. The EM pulse supplies energy to the displaced charges 

in the form of acceleration which in turn generates small displacement current that produces EM energy 

with a phase delay with the incident pulse. The total result is slowing down of the propagating wave, 

thus permittivity is directly linked to propagation velocity. At the atomic/molecular scale, the 

permittivity of a material depends on its electronic structure and temperature. Ů of a material is described 

using the relative permittivity (Ůr) to the Ů0 value of vacuum Ůr= Ů/Ů0 with Ů0=8.8542ẗ10-12 F/m. Note that 

all later mentions of permittivity are reconsidered as relative permittivity. If free charges that increase 

the electrical conductivity are available, e.g., salt solutes in water, under application of EM field they 

will flow through the material and produce attenuation and loss of pulse EM energy. Another property 

is the magnetic permittivity (µ), which describes the ability of a material to involve in magnetic 

polarization. Generally, the Ůr and ů of porous media of an aquifer vary in space and time (Everett, 

2013), while the µ is often simplified to the free-space value of 1.257ẗ10-6 H/m.  
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Above the scale of a single constituent, at the scale relevant for laboratory and field measurements, 

where multiple material phases exist (e.g., crystal grain, water and air), an averaging and empirical 

petrophysical models for permittivity (Birchak et al., 1974, Topp, 1980) and electrical conductivity are 

used (Archie, 1942). On that scale effective properties are called effective permittivity (Ů) and bulk 

electrical conductivity (ůb). For dielectric properties of common subsurface materials, see Table 1.1. 

Whereas ERT measurements are made using direct current (i.e., 0 to very low frequencies) and provide 

the ů (often also expressed by resistivity, which is 1/ů), GPR operates in a high-frequency range  

between 10-2600 MHz (Daniels, 1996) and uses the propagation of the EM wave in resistive earth 

materials. GPR utilizes transmission and reflection of propagating waves from subsurface material 

contrasts, in addition to attenuation of subsurface constituents. In contrast to ERT, GPR can provide 

both Ů and ů (Knight, 2001). High-frequency GPR systems allow higher imaging resolution of the 

subsurface that scales with the wavelength (ɚ) of the measured signal. For a typical used frequency (f) 

spectra of 10-200 MHz (the range used in this study) of the EM signal and a Ůr of 12-25 of the media, 

the wavelength scales between 0.3 and 8.5 m (ɚ (Ůr,f) = (c0 /ãŮr )/ f; with c0 =3Ā108 m/s as the EM velocity 

in air (Annan, 2009).  

Table 1.1: Typical values of relative permittivity and electrical conductivity for common subsurface 

materials at an antenna frequency of 100 MHz (based on Jol, 2008). 

Material Electrical conductivity 

ů [mS/m] 

Relative permittivity 

 Ůr [-] 

Air  1 1 

Clay ï dry 1-100 2-20 

Clay ï wet 100-1000 15-40 

Dry sand 0.01 3 ï 5 

Saturated sand 0.1 ï 1 20 ï 30 

Freshwater 0.1-10 78 (25 °C) ï 88 (0 °C) 

Freshwater ice 1-0.000001 3 

Dry salt 0.001-0.01 6 

Seawater 4000 81-88 

Gravel, dry? 0.1-100 4-7 

Soil ï sandy, dry 0.1-100 4-6 

Soil ï sandy, wet 10-100 15-30 

Soil ï loamy, dry 0.1-1 4-6 

Soil ï loamy, wet 10-100 10-20 

Soil ï clayey, dry 0.1-1 4-6 

Soil ï clayey, wet 100-1000 10-15 

Soil ï average 5 16 

Limestone 0.5 ï 2 6 

Granite 0.01-1 6 

Ice 0.01 3.18 
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Next to spatial resolution, another challenge in geophysical imaging is the translation of imaged 

parameters (dielectric properties Ů and ů for GPR) to the property of interest, in our case the tracer or 

substance concentration. To derive soil water content from GPR either empirical- or physical- based 

models can be used. The most famous ones are Toppôs equation (Topp et al., 1980) and the complex 

refraction mixing model (CRIM, Birchak et al., 1974), respectively. Since the relations between the 

dielectric properties and the state variable of interest depend on spatially variable aquifer properties like 

porosity (CRIM model), pore structure (Archie, 1942), and surface charge density of the mineral 

surfaces (Rhoades et al., 1981), the petrophysical relationships are site dependent and spatially variable 

(e.g., Müller et al., 2010). The translation of the imaged electric properties to concentration distribution 

is therefore afflicted by this spatial variability.  

1.2 Basics of GPR  

The GPR acquisition configuration geometry (Figure 1.2) is chosen depending on the subsurface 

question under investigation. The most common configurations are the surface-to-surface reflection 

surveying geometry, with the objective to map subsurface reflectivity versus spatial position (Huisman 

et al., 2003). In common offset profile (COP) survey from surface, the transmitter and receiver antennas 

are moved along the Earthôs surface with a constant spacing. Variations in reflection amplitude and 

time delay indicate variations in velocity, attenuation, and impedance. In Common-midpoint (CMP) or 

wide-angel-reflection-refraction (WARR) mode the antenna separation varies the signal path in the 

ground, while keeping the point of reflection fixed. CMP/WARRs enables to obtain an estimate of the 

radar signal velocity versus depth in the ground by varying the antenna spacing and measuring the 

change in the two-way travel time. While the COP method is very fast and easy to apply in the field in 

transects or grids, a direct conversion from the time to depth axis is often difficult if no hyperboles are 

present in the data (Huisman et al., 2003). In contrast CMP/WARR are more time consuming, but can 

provide a detailed description of the velocity distribution in the subsurface, which can be considered 

for COP data to derive an accurate depth scale. 

With the crosshole survey geometry, the transmitter and receiver antenna are placed in two neighboring 

boreholes and the measurements are performed in trans-illumination mode. In crosshole Zero-offset 

profiling (ZOP) the transmitting and receiving antenna are simultaneously moved together being at the 

same depth. ZOP is a quick way to derive a 1D-velocity profile and to locate velocity and attenuation 

horizontal zones. The second option to measure crosshole data are multi-offset gathers (MOG). 

Thereby, the transmitter is fixed at a certain location in one borehole, while the receiver (Rx) antennae 

are lower/rised in the second borehole with a constant spacing. Afterwards, the transmitter (Tx) 

antennae is moved to a new location in the borehole with a defined offset and the Rx measurements are 

repeated. After all transmitter positions in one borehole were measured, a semi-reciprocal setup 

(Klotzsche etal., 2010) can be achieved when the Tx and Rx switch boreholes, and the measurements 

are repeated. The advantage of this measurement technique is that a large number of angles are passing 
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through the volume between the boreholes. Because of the high amount of the data with a dense ray-

coverage and the known distance between the boreholes, such data are well constrained for inversion 

approaches (MIP paralyzed code, more details in Klotzsche et al., 2010). Therefore, crosshole MOG 

data are used in tomography inversion with ray-based and full-waveform methods, to investigate the 

distribution of subsurface parameters, and allows relatively small acquisition errors (Axtell et al., 2016). 

Vertical radar profiling (VRP) is a technique in which the receiver antenna is located within a borehole 

and the transmitter antenna is placed with a certain distance away from the borehole (Tronicke and 

Hamann, 2013). VRP surveying is used to derive 1D velocity models by inverting the arrival times of 

direct waves. 

 

Figure 1.2: Different acquisition geometries for GPR: a) common-offset profile, b) common-midpoint 

profile, c) crosshole zero-offset profile, d) multi-offset gathers and e) vertical radar profiling survey 

configurations. 
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For applications, where quantification is desired, more complex processing procedures such as imaging 

and/or inversion are necessary. Commonly in crosshole GPR, tomographic inversion is applied which 

reconstructs medium properties.  

The travel-time inversion, which considers the first arrival times of the data, provides information about 

the EM velocity structure, while first-cycle amplitude inversion, which use the first cycle amplitudes of 

the measured pulses, about the EM attenuation (Figure 1.3, red and green). They consider a straight or 

curved-line approximation for the wave propagation, and use smoothing and damping parameters 

during the inversion (e.g., Holliger et al., 2001). Furthermore, the inversions of travel-times and 

amplitudes are implemented separately, rather than intermittently update in an iterative process. 

Moreover, due to inconsistency in travel-time inversion for crosshole GPR, it is a common practice to 

limit the angular aperture (Peterson, 2001) that affects the resolution of the tomograms. Thereby, the 

resolution of the ray-based methods is scaled by the first Fresnel zone Ѝ‗ὒ, where L is the total path, 

and have been found to smooth structures finer than about 1 m (Gueting et al., 2017). With respect to 

monitoring of plume spread, the relevant scale is the meter scale (Figure 1b). Travel-time inversions 

have been used to map and characterize the subsurface (e.g., Binley et al., 2002) and to derive flow and 

transport due to soil water content changes at a meter scale (e.g., Eppstein and Dougherty, 1998, Looms 

et al., 2008). Specifically, the inversion of amplitudes depend critically on the complex directive 

properties of the antenna (Holliger et al., 2001). The inversion relies on the assumption that the radiation 

pattern corresponds to that of an electric dipole in a homogeneous medium (varies symmetrically with 

the deviation angle from the horizontal). However, the pattern depends on the filling in the borehole 

(air/water) and on the heterogeneities nearby the antenna as the electric dipole couple with interfaces 

between electrical material parameters. The effect on ray-based amplitude inversion from systematic 

radiation pattern error is to shift the inferred attenuation by a constant amount (Holliger et al., 2001). 

Moreover, the inherently under-deterministic character of the inversion problem does not enable to 

invert the radiation pattern and the attenuation structure to a unique solution. As a result, inversion of 

amplitudes is not able to constrain absolute values of attenuation, but it could detect and constrain 

relative changes in attenuation for locating electrical conductivity contrasts. These challenges inherited 

in the inversion of amplitudes restricted its use with crosshole GPR data. One of the few studies, used 

an attenuation feature (difference attenuation) in ray-based tomography inversion was in monitoring of 

a saline tracer transport through a fracture (Day-Lewis et al., 2003). Due to the limitation to derive 

quantitative information about amplitude inversion and hence electrical conductivity, GPR has 

traditionally not applied to monitor salt tracer plumes. Other borehole GPR techniques have been used 

before for monitoring salt tracer in fractures from time-lapse trace differences (Dorn et al., 2011, Shakas 

et al., 2016, Giertzuch et al., 2020), but not using tomography. 
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Figure 1.3: Illustration of the difference between ray-based (first arrival in red, first-cycle amplitude 

in green) and full-waveform (blue). a) Shows an exemplary trace from a single transmitter-receiver 

combination. b) Image plot of a MOG data set of all receiver traces from a single transmitter. 

Waveforms between 6.5-7 m depth show a waveguiding behavior caused by a high porosity layer. 

In contrast to ray-based approaches, which consider only a limited part of the measured signal, the full -

waveform inversion (FWI) uses the entire measured data (Figure 1.3, in blue) to constrain the inversion 

and is therefore able to obtain higher resolution images (Klotzsche et al., 2019b). Over the recent five 

decades, significant developments have been made in the field of seismic waveform inversion (e.g., 

Tarantola, 1984, Pratt and Worthington, 1990, Virieux and Operto, 2009) using time-domain, 

frequency-domain, and hybrid methods (Sirgue et al., 2008, Agudo at al., 2018). More recent, Ernst et 

al. (2007) and Meles et al., (2010) developed an algorithm for time-domain crosshole GPR FWI, which 

was successfully tested in synthetic and experimental studies (overview provided by Klotzsche et al., 

2019b).  The approach of Meles et al. (2010) was further adapted and tested in the last decade (overview 

in Klotzsche et al., 2019b). Until now more than 50 different crosshole GPR datasets have been 

successfully inverted and showed the potential to derive high-resolution images of the permittivity and 

conductivity. Thereby, they were able to resolve sub-wavelength features in high-resolution (decimeter 

scale) and could detect high contrast layers. Note that all these studies have been performed in steady 

state considering no changes over time in the medium properties. In one of these studies, the GPR FWI 

was performed to improve the characterization of a gravel aquifer (Gueting et al., 2017) and the results 

could be linked to previously performed tracer experiments from the same test site. Thereby, a 

hydrogeological facies model that was derived from the FWI models could explain a plume splitting 

imaged by a previous time-lapse ERT data. Note, that applying the FWI to experimental data requires 

several pre-processing steps to guarantee reliable inversion results. Klotzsche et al. (2019b) highlights 
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the challenges, which arise with these steps and provided a guideline how to carefully handle certain 

problems. 

Generally, the time-domain crosshole GPR FWI is an iterative approach that simultaneously estimates 

Ůr and ů by minimizing the misfit function between measured and modeled GPR data with a gradient-

type approach. It is considered to be multi-parameter inversion since it enables to update permittivity 

and conductivity values within the same descent step (Klotzsche et al., 2019b). Thereby, a 2D finite-

difference time-domain (FDTD) algorithm solves the full Maxwell equations and allows predicting the 

EM wave propagation through the heterogeneous medium. To prevent the misfit function from 

converging to a local minimum, a Ůr starting model is required that yields synthetic traces that match all 

the observed data within less than half of the wavelength to avoid cycle-skipping (Meles et al., 2010). 

Normally, ray-based inversion results can provide such starting models. In the presence of high 

contrasts, such as a water table or high permittivity zones, ray-based starting models often need to be 

updated to meet this criteria (Klotzsche et al., 2012). Local invasion of tracers may generate high 

contrasts in Ůr and ů over short distances, which cannot be resolved by ray-based inversions and could 

cause problems in the FWI by using ray-based inversions as starting models. So far, most studies 

analyzed the effect of starting model errors mainly on the Ůr model and different methods were 

suggested, such as the amplitude analysis approach, to guarantee meeting the wavelength criterion (e.g., 

Klotzsche et al., 2014, Zhou et al., 2020). The definition of the ů starting model is more challenging. In 

common practice, the first cycle amplitude inversion provides a first guess for a homogenous starting 

model (e.g., Klotzsche et al., 2010). Note, that all the previous studies on crosshole GPR FWI were 

performed for steady state conditions, and therefore, how to handle the starting models for time-lapse 

data is not clear. Next to the stating model criteria, the FWI workflow requires an estimation of the 

effective source wavelet (ESW) based on the observed waveforms and using a deconvolution approach 

(Ernst et al., 2007b, Klotzsche et al., 2010). Therefore, inversion of the dielectric models with a priori 

estimated source wavelet reduces uncertainty in the final models. 

1.3 Objectives and outline 

The primary objectives of this thesis are to test the potential, to access the limitations, and to apply the 

crosshole GPR FWI for the first time to time-lapse measured data to characterize and monitor flow and 

transport processes related to tracer experiments. Note, that in tracer tests commonly, changes in ů 

monitored from salt (Kemna et al., 2002) and heat (Hermans et al., 2015) tracers in alluvial aquifers are 

imaged with methods like crosshole ERT. In contrast, ray-based crosshole GPR tomography inversion 

of amplitudes is not used to image attenuation changes, as errors are added to the attenuation model 

because the antenna radiation pattern cannot be estimated accurately. However, GPR full-waveform 

inversion has shown an improved resolution and aquifer characterization and it is able to calibrate 

simultaneously both the Ůr and ů. From here it is straight forward to hypothesize, that as GPR FWI has 
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shown better subsurface characterization, it will show better time-lapse changes from both Ůr and ů 

models to eventually reconstruct different kind of tracers. 

In addition, utilizing high-resolution GPR FWI before tracer injection can be used to reduce the 

uncertainty in such petropysical relations. Some petrophysical parameters such as the porosity that is 

used in the CRIM model and the formation factor used in Archieôs Law can be calculated directly for 

each pixel of the background models that are obtained by FWI of GPR datasets that are acquired before 

tracer injection. Furthermore, it is expected that these results are significantly better and higher in 

resolution than traditional time-lapse ray-based inversion approaches.  

Following the introductory chapter, Chapter 2 provides a theoretical background of electromagnetic 

wave propagation, and the crosshole GPR full-waveform inversion. In Chapter 3, we present a derived 

high-resolution aquifer model, that manifests realistic distribution of hydrological and dielectric 

properties, which are used as the aquifer model before the injection ("background"). The aquifer model 

is based on past hydrological measurements from the Krauthausen test site (Germany), from which a 

variogram model (i.e. defining a histogram and correlation lengths) is derived, and then that model is 

used in a stochastic simulation. The aquifer model is developed to generate a flow and transport model, 

which realistically mimics a tracer test. The concentration distribution is affected by the heterogeneity 

of the aquifer model. We present how different types of tracers change the permittivity and conductivity, 

thus in principle these changes can be monitored from time-lapse measurements. Then, the 

concentration distribution is assigned to specific tracers: saltwater, desalinated water and ethanol. 

Adequate petrophysical relations are used to convert the tracer concentration to dielectric properties. In 

Chapter 4, we acquired time-lapse crosshole GPR data, which are used as input data for FWI. Noise 

was introduced to the data in order to add a realistic challenge for FWI. We applied different tracer 

concentration to test the ability of FWI to reconstruct large parameter anomalies and sharp contrasts. 

Eventually, the fate of the plume was recovered from plume reconstruction that was acquired by 

converting back the dielectric properties from FWI to tracer concentration. In Chapter 5, the 

experimental saltwater tracer test in a sandy aquifer is presented. Saltwater was injected through a 

borehole and monitored on a daily basis by crosshole GPR in five different planes. In this study, the 

plume reconstruction was derived by subtracting the FWI background conductivity from the time-lapse 

one. We tested the consistency of the plume reconstruction using neighboring planes, planes on different 

days and with borehole logging data. In the final Chapter 6 the main findings and results of this thesis 

are summarized. We draw conclusions and present an outlook for future work. 

Appendix A provides detailed extension to topics from Chapter 4. Appendix A is adapted from 

Supplementary File of publication Haruzi et al. (2022), WRR. 

Appendix B of thesis includes an additional paper Zhou et al. (2020) that I was involved in my Ph.D. It 

involves a 3D characterization of a gravel aquifer. The layers mapping explain preferential paths 

observed from ERT imaging in a previous tracer test. My main contribution was to administrate the 
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week field trip and its coordination with our hosts in Belgium, taking the responsibility on the GPR 

acquisition and measure the GPR data and verify its credibility. 

Appendix C of the thesis presents an extended abstract accepted to a conference, which shows , to show 

the potential of reconstruction of the plume in a numerical experiment not only by subtraction of 

individual time-lapse FWI models, but also using another time-lapse inversion approach which uses the 

difference between the time-lapse and the background data.   
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Chapter 2 

Theory 

In this chapter, the fundamental and theoretical background of the electromagnetic (EM) wave 

propagation is highlighted. After explaining the ray-based approaches, the details of the GPR FWI are 

described and discussed including the 3D to 2D conversion and the estimation of the effective source 

wavelet for experimental data.  

2.1 Electromagnetic wave propagation  

Maxwell's equations explain the propagation of the electrical and magnetic fields in terms of their 

sources. Considering Maxwell's equations, GPR waves can be explained and information about the 

medium through which the waves travelled can be derived. The classical, differential, time-domain, 

form of Maxwell's equations, in terms of free charges and currents (Griffiths 1981): 

​ ╔ ‬║Ⱦ‬ὸ Eq. (2.1) 

​ ╗ ╙╬ ‬╓Ⱦ‬ὸ Eq. (2.2) 

​Ͻ╓ ” Eq. (2.3) 

​Ͻ║ πȟ Eq. (2.4) 

where E is the electric field [V/m], H is the magnetic field [A/m] , D is the electric flux density 

[C/m²], B is the magnetic flux density [T], Jc is the conduction or free current density [A/m²], ɟf is 

the volumetric free charge density [C/m³], and t is time [s].  

The constitutive relationships describe the material responses to EM fields at macroscopic scale. For 

earth material, the constitutive parameters are anisotropic, complex and non-linear (Slob et al., 2010). 

However, for a simplification to modelling it is accepted to regard them linear, isotropic, non-dispersive 

(Jol ,2009). Thus, the constitutive relationships are: 

╙╬ „╔ Eq. (2.5) 

╓ ‐╔ Eq. (2.6) 

║ А╗ȟ Eq. (2.7) 

where ů is the electrical conductivity [S/m], Ů is the dielectric permittivity [F/m], and µ is the magnetic 

permeability [H/m], and they control the nature of EM wave propagation within a material (see     

Section 1.1).  

The fundamental prerequisite for the successful application of GPR is that EM wave propagation can 

occur. In such state, the displacement currents (╙▀ = ‬╓Ⱦ‬ὸ), i.e. the energy storage mechanisms 
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(propagation behavior), dominate over the conduction currents ╙╬ loss mechanisms (diffusion behavior). 

That transition from diffusion to propagation is defined by the transition frequency Ὢ = „Ⱦς“‐. The 

constitutive relationships are also frequency-dependent, due to irreversible process of the conversion of 

EM energy into heat through the conduction and relaxation process, which result from the EM 

interaction with the material. It causes the pulse to change shape and amplitude (in frequency and time 

domains) with propagation distance. However, for a range of frequencies between 10-2600 MHz and 

common geological materials an approximation of frequency-independent is adopted for use in GPR 

applications.  

Through substitution of the constitutive parameters (Equations 2.5, 2.6 and 2.7) into Maxwell's 

Equations (2.1 and 2.2), the EM wave propagation can be described: 

π ​╔ А‐Ͻ
‬╔

‬ὸ
А„‬╔Ⱦ‬ὸ 

Eq. (2.8) 

π ​╗ А‐Ͻ
‬╗

‬ὸ
А
„‬╗

‬ὸὴ
Ȣ 

Eq. (2.9) 

The solution for a harmonic linear polarized EM plane wave, with eiɤt dependence (ɤ is angular 

frequency), through an electrically conducting dielectric medium of uniform magnetic properties, can 

be described by the propagation (k), attenuation (Ŭ), phase coefficient (ɓ), intrinsic impedance (Z) and 

velocity (v) in the direction of propagation. For low-loss dielectrically materials, frequency-

independent, plane wave travelling in the z-direction the solutions are (Jol, 2008):  

Ὁᶻᾀȟὸ ╔Ὡ  Eq. (2.10) 

and 
 

Ὄᶻᾀȟὸ ╗Ὡ ȟ Eq. (2.11) 

where ╔  and ╗  are the complex amplitudes containing the wave polarization and phase,. 

The complex propagation constant k*, the attenuation coefficient ‌ [Np/m] and the phase coefficient ‍ 

[rad/m] can be describe with  

Ὧᶻ ‌ Ὥ‍ „ ὭὭ‫А Eq. (2.12)‐‫ 

‌ ‫
А‐

ς
ρ

„

‐‫
ρ

ϳ

 

Eq. (2.13) 

‍ ‫
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ρ

„

‐‫
ρ
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ȟ 

Eq. (2.14) 
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while the intrinsic impedance of the medium ὤ [ohms] and the phase velocity ὺ [m/s] is: 

ὤ
Ὦ‘‫

„ Ὦ‐‫
 

Eq. (2.15) 

ὺ
‫

‍
Ȣ Eq. (2.16) 

The fields may diffuse or propagate as waves, depending on the frequency magnitude and on the relative 

magnitude of energy loss (associated with conductivity) to energy storage (associated with permittivity 

and magnetic permeability). GPR is viable when conditions yield a wave-like response and realized in 

the following conditions: 

„

‐‫
Ḻρȟ Eq. (2.17) 

under that condition in Equations 2.8 and 2.9 the right-most part becomes negligible, and the solutions 

in Equations 2.13-2.16 reduce to: 

‌
ρ

ς
„
А

‐
ὤ
„

ςЍ‐
 

Eq. (2.18) 

ὺ
ρ

Ѝ‐А

ὧ

Ѝ‐
 

Eq. (2.19) 

ὤ
А

‐
σχχ ɱȢ 

Eq. (2.20) 

2.2 Geophysical inversion theory  

After acquisition (Section 1.2), and after the processing of the GPR data in order to isolate a signal 

(about processing experimental GPR data we will elaborate on the Section 5.3), in order to convert the 

data into other quantities more closely related to the physical properties of the target, imaging and 

inversion techniques are often applied. 

The idea of imaging and inversion is to reconstruct a model of the subsurface under investigation 

(Tarantola, 2005). Geophysical inverse theory assumes that we understand the physics of the problem, 

such if we knew the physical properties accurately (the model properties m(x)) we could predict the 

outcome of possible experiments (forward simulation Ὣ□  generates modelled data dmod) to 

reconstruct the observation data dobs. In a mathematical notation, the forward problem can be written as 

follows: 

▀□▫▀ Ὣ□  ȟ Eq. (2.21) 

where Ὣ represents the forward operator that describes the underlying physics and geometry.   
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The inverse problem can be described by  

□▬►▄▀Ὣ ▀▫╫▼ȟ Eq. (2.22) 

and its solution is to find an appropriate model mpred, which generates modelled data dmod that fit well 

the observed data.  

In geophysical tomography, where the model is composed of multiple parameters, there are more 

unknowns than observations. The inverse problem is then termed underdetermined, and many different 

models exist that generate a satisfying fit within the uncertainty of the observed data. In most cases in 

tomography, it is not possible to converge the model for heterogeneous medium without additional 

damping and regularization, i.e. to reduce the number of possible solutions to find a physically 

meaningful and realistic model. In addition, the inverse problem of crosshole GPR data for tomography 

is non-linear, i.e. dmod is a function of the unknown model parameters, and therefore the problem is 

needed to be solved iteratively. This optimization in tomography inversion usually uses local search 

algorithms such as gradient-type (Polak and Ribiere, 1969), which are appropriate for large-scale 

model-parameter inversion. These algorithms require a starting model that is subsequently refined or 

updated iteratively in accordance with data misfit between dobs and dmod. The big advantage of the local 

minimization search algorithms is their effectiveness and computational efficiency (Meles et al., 2010). 

For GPR the inversion method uses the georadar data and a forward model Ὣ of the physics of ray/wave 

propagation (depending on the forward model used). In the inverse problem for GPR tomography, the 

many parameters that characterize the model and the source current density wavelet (or equivalently, 

the antenna radiation pattern) are unknown. In a first step to reduce the ill-posing of the problem, the 

effective source wavelet (ESW) is estimated based on information about the antenna (Holliger et al., 

2001) or from analysis of the measured waveforms (Klotzsche et al., 2019). Then, once the ESW is 

specified, the GPR data is used to estimate a subsurface model through inversion. 

2.3 Ray-based method 

After introducing the ray-based inversion method in Section 1.2, we provide here a more rigorous 

description of the travel-time and the first-cycle amplitude inversions, which provide information about 

the EM velocity and attenuation structure of the subsurface. The inversions use a regular grid of points 

with appropriate spacing, at which the velocities and attenuations are defined, and updated in each 

iteration.  

2.3.1 Travel-time inversion 

The method uses the first-arrival travel times in the data to derive a velocity model for the subsurface. 

In the forward model, ray-paths from the transmitters to the receivers are simulated, using model 

parameters at equidimensional cells m. Modelled data of first-arrival travel time t that the wave travels 

along a ray-path S through a 2D isotropic medium is described as follows: 
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ὸ ό►ὼȟᾀ Ὠὶȟ 
Eq. (2.23) 

where u(r) represents the slowness (u=1/v) and r(x,z) indicates the position vector. In the grid 

representation, the i th travel time of n observations can be expressed by the linear relationship: 

ὸ ὰό Ἐ◊ȟ 
Eq. (2.24) 

where the length l ik represents the portion of the ray path i in the k th cell of the model space, and uk is 

the slowness in the k th cell. L  should be solved with respect to the slowness field, to provide a curved 

ray path, which has the earliest travel time among the possible ray paths from a transmitter to a receiver. 

As a solver of the forward model that calculates L , the Eikonal equation with finite-difference 

implementation is preferred for heterogeneous mediums (Vidale, 1990). A travel-time misfit function 

ὅ  between the observed and modelled ὸ  data is used until the error is small enough to provide a 

good model: 

ὅ
ὸ ὸ

ὲ
ȟ 

Eq. (2.25) 

where t and r are transmitter and receiver numbers, respectively, ὸ  and ὸ  are the observed 

and modelled travel times between a transmitter at location xt to receiver at xr, and n is the number of 

data points. For the inverse part in the scheme, the modelled slowness field u is derived. Commonly for 

heterogeneous medium addition regularization constraints are needed in the form of smoothing and 

damping, such Equation 2.24 is written: 

ὸ
π
◊

Ἐ
Ἃ
ἓ
◊, 

Eq. (2.26) 

where u0 is a vector of damping constrains, A is a smoothing matrix, and I is the identity matrix. The 

damping is used to minimize the amount of deviations from the input model u0. The smoothing requests 

that differences of neighboring model parameters are small, thus makes sure that distinctive features 

are resolved only if they really present the data. The inversion problem that intents to solve the objective 

function is non-linear, as the ray-path (controlled by u) that is represented by L  is unknown, and 

therefore it needs to be solved iteratively.  

2.3.2 First-cycle amplitude inversion 

The method uses the first-cycle amplitudes of the data to derive an attenuation model for the subsurface, 

where the attenuation Ŭ is associated with the ů of the medium (Equation 2.18, Davis and Annan, 1989). 

Thereby, it is assumed that the radiation patterns of the borehole antennas can be described by 

infinitesimal dipoles (Holliger et al., 2001). The amplitudes of the electrical fields E in the far-field can 

be described by: 



20 

 

 
 
 

Ὁὶ
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ȟ 

Eq. (2.27) 

where A0 is a normalization factor that symbolizes the source strength (i.e., amplitude radiation pattern) 

and depends on the effect of transmitter and receiver gain and antenna efficiency, and it is generally 

unknown. r is the distance along the ray, ds is the increment along the ray path; Ūtrn and Ūrec the 

amplitude radiation pattern of the transmitter and receiver antennas, respectively; and ű is the angle 

relative to the horizontal. Ray paths are obtained from the first-arrival travel time inversion. 

To achieve a linear form of Equation 2.26 (similar to Equation 2.24, but with attenuation Ŭk in the kth 

cell instead of slowness uk), for a discretized model we can write: 

ὃᴂ ‌Ἐ ὃᴂ 
Eq. (2.28a) 

ὃᴂ ὰὲ
Ὁ В Ἐ

Ὸὸ•ὸὭ
Ὸὶ •ὶὮ

 

Eq. (2.28b) 

ὃᴂ ὰὲὃ , Eq. (2.28c) 

where Eij and A'ij are the amplitude of the electric field and modified amplitude function, along a grid 

of k cells from transmitter i to receiver j; L ijk represents the segment length through the k th cell; A'0 is 

the modified normalization factor. 

The system of linear equations to be solved (Equation 2.21) can now be written by the model parameters 

vector m = (A'0, Ŭ1, Ŭ2, é, Ŭk, é), which contains the normalization factor A'0 and the attenuation values 

Ŭk. A0 that symbolizes the source strength is approximated and introduced as a constant to the inversion. 

However, the uncertainty in A0 (Equation 2.27) increases the ill-pose of the problem in comparison to 

ray-based travel-time inversion (which does not estimate A0), and causes shifts in the absolute values 

of the attenuation. To stabilize the inversion, damping and smoothing constraints are included in a 

similar way to the travel-time inversion. 

2.4 GPR full -waveform inversion methodology  

GPR full-waveform inversion (FWI) is introduced in Section 1.2, but here the method is presented in 

more detail. The general workflow of the FWI is shown in Figure 2.1. In Part I, we describe the pre-

processing stage. In Part II, the effective source wavelet (ESW) estimation is defined. In Part III, we 

discuss the inversion algorithm and implementation details. Note that Part I and II are only required for 

the applications to experimental data. The crosshole GPR FWI is implemented in 2D, therefore 

Equations 2.1-2.4 determine the propagation of the waves in the x-z plane for the forward model. In 

crosshole cases the vertical component of the electrical field is obtained by the standard vertical antenna 
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orientations. Therefore, in the following the transverse electrical mode of the Maxwell Equations is 

used. 

 

Figure 2.1: Full-waveform inversion workflow showing the three main parts: preprocessing, source 

wavelet estimation and full-waveform inversion. The arrow indicates that these steps should be repeated 

until the misfit between the observed and synthetic data between sequenced iterative steps is below 

0.5%. (adopted from Klotzsche et al., 2010). 
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2.4.1 Data pre-processing  

The processing part involves three main steps. First noise is removed outside the frequency source 

spectrum by applying a dewow filter and if necessary a band-pass filtering (Figure 2.1, Step A). Second, 

the starting model for the FWI is obtained based on ray-based inversions (Figure 2.1, step B) using the 

first -arrival travel times and first-cycle amplitude inversion, which provide Ůr and ů from Equations 

2.18-2.19.  

Note that for high contrast changes, especially at the inversion domain boundary often ray-based models 

do not provide starting models within half a wavelength. Therefore, these models needed either 

manually updated by testing (Klotszche et al., 2012, 2013) or applying an amplitude analysis approach 

as introduced by Klotszche et al. (2014). This approach allows detecting and mapping the high contrast 

zones based on measured data already by checking the data for characteristic wave propagation 

behaviour, which are related to high contrast zones. 

2.4.2 3D to 2D data transformation  

The GPR FWI algorithm is implemented in the computationally attractive 2D domain, while the 

observed data was measured in 3D. Therefore, it is required to account for the 3D radiation 

characteristics of electromagnetic wave propagation and to adapt the data to the 2D scheme. The 

geometrical spreading describes the decrease of the energy density along a propagating wave front. The 

wave front area is widening with increasing travel distance. Consequently, the geometrical spreading is 

different in 2D and 3D cases, as for the 3D case the wave front propagates spherically and the amplitude 

A decay is proportional to the travelled distance, while the wave radius r depends on the velocity and 

time t, where ὶ ὺὸ and ὃᶿρὸϳ. In 2D, the energy is spread over the perimeter of the circle, which 

leads to the geometrical amplitude decay of ὃᶿρЍὶϳ ᶿρЍὸϳ  (Liner, 2004). Therefore, it is necessary 

to multiply the 3D data with Ѝὸ when using a 2D code. Furthermore, in 2D the sources are implicitly 

considered as infinitive long extended lines of point dipole in the perpendicular direction of the 2D 

plane. This is not true in reality, thus a phase shift must be introduced. 

To compensate for differences in geometrical spreading and pulse shape (Figure 2.1, step C), we apply 

a 3D to 2D transformation technique (Bleistein, 1986), as proposed in the GPR FWI scheme by Ernst 

et al. (2007). The transformation uses a phase shift of ˊ/4 and a scaling factor of 
Ѝ

 in the frequency 

domain. The corrected data ╔  for the transmitter at locations ●  and receiver ● . 

╔ ● ȟ● ȟ‫ ╔ ● ȟ● ȟ‫
ς“ὸ● ȟ●

Ὦ‐‫ ʈ
ȟ 

 Eq. (2.29) 

where ɤ is the frequency, ╔  is the original data, and ὸ● ȟ●  are the travel times (account for 

3D to 2D geometrical spreading), ‐  is the mean dielectric permittivity of the media, and ̂  indicates 

the frequency domain. Note that this assumption is only valid in the far field, which is for most crosshole 
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applications achieved (Ernst et al., 2007b). Furthermore, the transformation assumes that the highest 

amplitude is associated with the first arrival time. In cases where this is not fulfilled, like in the presence 

of high contrast layers, this transformation produces errors in the transformed data, which affect the 

final permittivity and conductivity tomograms (Mozaffari et al., 2020). In addition, as in crosshole setup 

the energy is spread in 3D, it is not possible to distinguish between in-plane and out-of-plane events. 

However, the assumption is that most energy comes from in-plane events, which are linked to the media 

in the first few cycles of the traces. In a heterogeneous aquifer with presence of a tracer, that imposes 

large dielectric contrasts over decimeter scale distances this assumption needs to be revalidated. 

2.4.3 Full-waveform forward model 

As part of the GPR FWI scheme, a forward model that simulates the entire EM fields based on Maxwell 

Equations (Equations 2.1-2.4) is required. A 2D finite-difference time-domain (FDTD) solution of the 

Maxwell Equations in Cartesian coordinates is applied to solve the forward problem (for more details 

and mathematical descriptions see Ernst et al. (2007) and Meles et al., (2010)). The forward model is 

necessary for the effective source wavelet estimation and the FWI, thus a large amount of computing 

resources is necessary for the FWI scheme (Figure 2.1). 

2.4.4 Source wavelet estimation  

The source wavelet is unknown, and is necessary to be estimated (Figure 2.1, Steps D,E) prior to the 

FWI, to model the entire waveform correctly and to reduce the ill-pose of the FWI problem. The 

effective source wavelet reflects the current density pattern of the finite length antenna and the antenna 

coupling conditions, e.g., due to the influence of borehole filling, either air or water. The steps of the 

effective source wavelet estimation are adopted from Klotzsche et al. (2010) and illustrated in detail in 

detail in Figure 2.2.  

Part A describes the initial source wavelet estimation. There, the shape of the wavelet is determined 

without considering any amplitude information. Only the horizontal travelling waves are chosen, then 

they are normalized and aligned to estimate an average pulse (Figure 2.2, step 1). These traces are cross-

correlated and as a result, data containing erroneous wave shapes due to for example interfering 

reflections are identified and excluded. Because the electric field is proportional to the time derivative 

of the current density source wavelet (Klotzsche et al., 2013b), to obtain the shape of the initial source 

wavelet, we divide the average Fourier transformed selected electric field pulse by jɤ in the frequency 

domain (Figure 2.2, step 2). This wavelet is normalized to 1 and the amplitude is optimized in the next 

step. Part B describes the steps for correction of the first initial source estimation. First, synthetic data 

is calculated using the 2D FDTD code for each Tx-Rx pair (Figure 2.2, steps 3-4). Therefore, the 

estimated source wavelet Sini(t), and the ray-based permittivity Ůray and conductivity ůray models are 

utilized. Note that these starting models later also used as starting models for the FWI and if these 

models are updated also the ESW needs to be updated.  
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Mathematically, the GPR data ╔▫╫▼ὸ can be seen as the convolution of the source wavelet ╢ὸ with 

the impulse response of the earth G ὸ (Greenôs function) in the time-domain, or equivalently, as the 

multiplication of the source spectrum ╢Ὢ with the Fourier-transformed Greenôs function ╖Ὢ in the 

frequency (f) domain. Therefore, an effective source wavelet ╢Ὢ can be calculated by deconvolving 

the data ╔ Ὢ with an appropriate Greenôs function ╖Ὢ calculated using the travel time inversion 

results as input. This is best done using a least-squares approach in the frequency domain (Ernst et al., 

2007b; Streich, 2007b). The Green's function ╖Ὢ is calculated by division of ╔ Ὢ in the frequency 

domain with the initial wavelet spectra ╢ Ὢ (Figure 2.2, step 5). Then we estimate ╢ Ὢ by 

dividing the spectral observed data ╔  by Green's function ╖Ὢ using all traces in a least-squares 

sense (Figure 2.2, steps 6). We apply the quantities ɖD and ɖI as pre-whitening factors to stabilize the 

solution and avoid a division by zero when notches are present in the spectrum of ╖Ὢ. Next, the time-

domain source wavelet ╢▓ ὸ is calculated by the inverse Fourier transformation (Figure 2.2, step 7). 

Steps 3-7 can be repeated until the source wavelet has converged and is stable, where k indicated the 

iteration (Loop 1), however one correction is usually enough. Note that after this step the phase and the 

amplitude were updated. Part C (Figure 2.2) describes an additional option to update and refine the 

source wavelet after a few FWI iterations, when the permittivity Ůk+1 and conductivity ůk+1 models have 

been updated (Loop 2).  
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Figure 2.2: Source wavelet estimation flow consisting of three parts: Part A: initial source wavelet 

estimation using averaged horizontal rays (steps 1 - 2), Part B: the source wavelet correction (steps 3 

- 7) with the deconvolution method using all available data (Klotzsche et al., 2019b) and Part C: source 

wavelet refinement during the full-waveform inversion. The source wavelet estimation is always carried 

out before starting the full-waveform inversion (loop 1) and can also be performed after several 

iterations of the full-waveform inversion (loop 2). 
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2.4.5 FWI inversion scheme  

After the initial models and the effective source wavelet are obtained the FWI can be performed. Note 

that the synthetic data based on the initial models and the effective source wavelet need to be within a 

half-wavelength with the observed data, in order to avoid cycle-skipping and to update the inversion in 

the wrong direction. 

2.4.5.1 Inverse problem 

The full-waveform inversion approach uses conjugate gradient method (Tarantola, 1984) and involves 

finding the spatial distribution of the permittivity and conductivity models that minimize the squared 

norm cost (misfit) function ὅ ‐ȟ„ between the modelled ╔  and measured ╔  traces for all 

transmitter-receiver combinations within a defined time window (Figure 2.1, Part III): 

ὅ ‐ȟ„
ρ

ς
╔ ‐ȟ„ ╔ ȟ

Ͻ‏●ᴂ ● ȟὸᴂ ὸ╔ ‐ȟ„ ╔ ȟ ȟ 

 Eq. (2.30) 

where Ὁ  stands for the electric field of a particular transmitter and contains the entire space-time 

domain x' and t', superscript T indicates the transposed operator, ‏ is the delta function, ●  is the 

receiver location, and trn, rec, and t indicate sums over transmitters, receivers, and observation times. 

In the full-waveform inversion ὅ  the complete traces of the electrical field Ὁ  in time are taken 

into account, whereas in the travel-time ὅ  (Equation 2.25) only the first-arrivals are used the misfit 

function.  

We use a gradient type approach that minimizes the cost function. The gradient indicate in which 

direction the model should be updated to reduce the misfit between the measured and modelled data. In 

addition, specific step-lengths for each cell need to be determined which indicate the magnitude of the 

model updates. 

2.4.5.2 Gradients of the misfit function 

Permittivity and conductivity perturbations ‏‐ and ‏„ are used to calculate the modelled electric field 

╔  due to small changes in ‐ and „ (Meles et al., 2010). The Maxwell's equations can now be 

rewritten for small changes in the measured field for a perturbed system, which describes the changes 

in the measured wavefield due to permittivity and conductivity changes as ‏‐ and ‏„ changes: 

╔ ‐ „ȟ‐‏ „‏  ╔ ‐ȟ„ Ὃ‬╔ ╔‐‏  „‏

╛ ╛
‐‏
„‏
 Ȣ 

 Eq. (2.31) 

 The operator ╛ is defined for specific contribution at cell x of permittivity and conductivity: 

╛ ●ᴂ Ὃ‏● ●ᴂ‬ ╔   Eq. (2.32) 
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╛ ●ᴂ Ὃ‏● ●ᴂ╔   Eq. (2.33) 

The gradients of ὅ  can now be estimated from the first order approximation of ὅ  in Equation 2.30:  

ὅ ‐ „ȟ‐‏ „‏  ὅ ‐ȟ„ ​ὅ
‐‏
„‏

ὕ‏‐ȟ‏„  
 Eq. (2.34) 

To estimate the total gradient ɳ ὅ , first all the separate contributions for each transmitter, receiver 

and observation time combination terms of Equation (2.30) are calculated. Next, all these gradients 

terms are added. The summation of the misfit function over all transmitters t can be written as: 

ὅɳ ●

ὅɳ ●

●‏ ●‬╔ Ὃ╡

●‏ ●╔ Ὃ╡
 

 Eq. (2.35) 

where ╡, is the generalised residual wave field: 

╡ ЎὉ ȟ 
 Eq. (2.36) 

where Ὃ╡  can be interpreted as the back-propagated residual wavefield in the same medium as 

Ὁ . The spatial delta function ‏● ●  corresponds to the spatial components of the gradients and 

reduces the inner product to a zero-lag cross-correlation in time. The residual wavefield ὋὙ  is back-

propagated from all receivers to the corresponding transmitters through the model, simultaneously 

(Figure 2.1, step H). Finally, the gradient at each point x is obtained by a zero-lag cross-correlation of 

the stored values of Ὁ  with the back-propagated residual wavefield and by summing over all 

tranmitters and times-steps (Figure 2.1, step I, J). 

2.4.5.3 Step lengths 

FWI requires step-length to identify the magnitude of the ‐ and „ models update that is necessary for 

each iteration. We use two individual step-lengths that allows a simultaneously update of the 

permittivity and conductivity models in each iteration (Meles et al., 2010), while other approaches only 

consider one step length and a factor for the parameters. The updated ‐ and „ models can be formulated 

as: 

‐ ‐ ‒ ὅɳ ȟ Eq. (2.37) 

and  

„ „ ‒ ὅɳ ȟ Eq. (2.38) 

The step lengths ‒ and ‒ determine how far we will move alongside the direction indicated by misfit 

function C, too small ‒ and ‒ leads to slow convergence while too big cause overshooting of the FWI. 

Therefore, the step-lengths are adjusted by choosing appropriate perturbation factors ‖ and ‖: 
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В В В ╔ ‐ ‖​ὅȟ„ ╔ ‐ȟ„

ȟ
ὼ‏ ὼ ȟὸ ὸᴂ╔ ‐ȟ„ ╔

ȟ

В В В ╔ ‐ ‖​ὅȟ„ ╔ ‐ȟ„
ȟ
ὼ‏ ὼ ȟὸ ὸᴂ ╔ ‐ ‖​ὅȟ„ ╔ ‐ȟ„

ȟ

 
Eq. (2.39)) 

and  

‒ ‖
В В В ╔ ‐ȟ„ ‖​ὅ ╔ ‐ȟ„

ȟ
ὼ‏ ὼ ȟὸ ὸᴂ╔ ‐ȟ„ ╔

ȟ

В В В ╔ ‐ȟ„ ‖​ὅ ╔ ‐ȟ„
ȟ
ὼ‏ ὼ ȟὸ ὸᴂ ╔ ‐ȟ„ ‖​ὅ ╔ ‐ȟ„

ȟ

 Ȣ 
Eq. (2.40) 

To avoid numerical artifacts close to the boreholes, caused by high gradients close to the antenna 

positions, we use a methodology proposed by van der Kruk et al. (2015). It applies a gradient 

preconditioning operator ╟  to damp the transmitter and receiver artifacts. For that, the maximum 

values of the forward-propagated field and the back-propagated residual field are used, with 

╟ ●
ὦ●

άὥὼὦ●
 ȟ 

 Eq. (2.41) 

ὦ●
ρ

ὥ● ὅ ὥ
 ȟ 

 Eq. (2.42) 

ὥ● άὥὼ╔ άὥὼȿ╡ ȿ ȟ  Eq. (2.43) 

where ὅ  represents the stabilization factor that can range between 1 and 100, which needs to be 

estimated for Ůr and ů gradients. The terms ╔  and ╡  depend on space x and time t. The term ὥ 

represents the spatial average of ὥ●. The first term on the right side of equation 2.43 considers the 

maximum of the synthetic wavefield, and the second term takes the maximum of the residual wavefield 

into account. 

2.4.5.4 FWI convergence criteria 

The ‐ and „ models at each iteration are updated with the obtained gradient and step-length using 

Equations 2.33 and 2.34 in an iterative process (Figure 2.1, step L) until the following criteria are 

achieved (Klotzsche et al., 2019b):  

1) the root-mean-squared error (RMSE) of the observed and modeled data between subsequent 

iterations changes less than 0.5%, 

2) decrease of at least 50% in RMSE in contrast to the ray-based inversion starting model,  

3) absence of the remaining gradients (in the FWI optimization method) for the final models, and 

4) good fit between the measured and modeled data (direct sample by sample correlation without any 

shift should be better than 0.8). Note that this value indicates a good trend in the data fit and is based 

on experimental data experience. 

It is important to note that all four points need to be satisfied. For example, if the data fit is less good, 

although maybe the other three points are satisfied, it indicates that a model was found which is not 

providing data that fit the entire measured data range (Klotzsche et al., 2014).   
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Chapter 3 

Realistic hydrological aquifer model for tracer modelling 1 

In this chapter, we develop a realistic hydrological model domain of an aquifer in which we simulate 

flow and transport processes to realistically model time-lapse GPR data and perform the FWI for the 

different tracer scenarios. This model represents an aquifer with a high spatial resolution considering 

heterogeneity, which is necessary to demonstrate the potential of the FWI to reconstruct small-scale 

structures and hence plume spreading. This model is based on an extensive database of different 

hydrological and geophysical measurements of the Krauthausen test site in Germany. Thereby, we first 

adopt a 3D hydrological facies model, which was in a second step considered to calculate for each of 

the facies a histogram and correlation lengths of the hydrological properties (porosity and hydraulic 

conductivity) and dielectric properties (permittivity and electrical conductivity). Last, we established a 

stochastic model of the hydrological and dielectric properties for each of the facies. This high-resolution 

aquifer model is then used to mimic realistic flow and transport scenarios, to generate a plume fate from 

which different tracer types, magnitudes and distributions are derived, by using adequate petrophysical 

relations that convert the concentration to dielectric properties. The synthetic tracer fate enables a 

thoughtful consideration for site-specific design and measurement planning. 

  

                                                           
1 Adapted from Haruzi, P., Schmäck, J., Zhou, Z., van der Kruk, J., Vereecken, H., Vanderborght, J., & 

Klotzsche, A. (2022). Detection of tracer plumes using full waveform inversion of time lapse ground 

penetrating radar data: a numerical study in a high resolution aquifer model. Water Resources Research, 

e2021WR030110. 
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3.1 Description of the Krauthausen test site   

The Krauthausen test site is located north to Düren and south to Forschungszentrum Jülich, North 

Rhine-Westphalia, Germany. It is part of the TERENO network and was established 30 years ago. 

Therefore, long and intensive investigations have been performed in terms of hydrology, hydrogeology 

and geophysics. The test site extent is 200 x 70 m and has more than 70 wells used for pumping and 

water sampling which reach to 9 - 12 m depth (Figure 3.1). The site was investigated in multiple studies 

using hydrogeological characterization by cone penetration test (CPT) (Tillman et al., 2008), tracer tests 

(Vereecken et al., 2000, Vanderborght and Vereecken, 2001), soil and water sampling (Englert et al., 

2000), borehole velocity measurements (Englert, 2003), pumping tests (Li et al., 2008), and  

geophysical imaging methods of ERT (Kemna et al., 2002, Müller et al., 2010), GPR (Oberröhrmann 

et al., 2013, Gueting et al., 2015, 2017, Zhou et al., 2020), and spectral induced polarization (Kelter et 

al., 2018).  

The ground water level varies through the year between 1-3 m below surface (Englert, 2003). The 

Krauthausen aquifer is an alluvial sandy-gravel aquifer with a silt and clay content that varies between 

0.5 - 7.5% (Vereecken et al., 2000).The aquifer can be divided into three distinct hydrologic 

compartments (Figure 3.1b). High K layer from water level down to ~4 m of gravel (with large clay 

extent), lower K from approximately 4-6 m of well-sorted medium size sand, and intermediate K of a 

sandy gravel layer, with a general trend of increasing gravel extent and K with depth (Gueting et al., 

2015). Each layer by itself is heterogeneous, manifested by a recent tracer test and high-resolution 

characterization of GPR FWI (Gueting et al., 2015, 2107). The groundwater velocity direction 

distributes spatially and varies between 210°N to 90°N, and the mean flow direction is 340°N 

(Vereecken et al., 2000), with an overall specific discharge of approximately 1 m/day (Müller et al., 

2010). Heterogeneity of K that mostly influences preferential path thickness was derived from lnK (ln 

ſ log10) histograms with variance of 0.6 and correlation lengths (I) in the vertical and horizontal 

directions, Iv=0.18 m (Englert et al., 2003) and Ih=1.75 m (Tillmann et al., 2008), respectively, at the 

main facies below 6 m. With respect to GPR, the aquifer is well suited due to its low to intermediate 

bulk electrical conductivity (ůb) between 5 and 20 mS/m (Zhou et al., 2021). 



31 

 

 
 
 

 

Figure 3.1: Krauthausen test site. a) Locations of the wells. Rectangle represents the area, where the 

salt tracer is injected and monitored in Chapter 5. b) Cross-section of the uppermost Krauthausen 

aquifer adapted from Döring (1997) and Tillmann et al. (2008). c) View at the site from the most 

northern point. 
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3.2 Stochastic aquifer model setup 

We modelled the Krauthausen aquifer using information from past studies. As a first step, we adopted 

the 3D facies model (Figure 3.2a) from Gueting et al. (2017 and 2018), which was generated based on 

adjoint tomograms from 2D GPR full-waveform inversions, and subsequently expanded to a 3D cube 

using multiple-point statistics. This model is composed of three facies: Facies 1 of gravel (mainly above 

4 m), Facies 2 of sand (mainly between 4-6 m) and Facies 3 of sandy gravel (mainly below 6 m). The 

model covers a domain size of 20.07 x 30.15 x 4.68 m, from 3.58 to 8.26 m depth and this is composed 

of cubic cells with an edge size of 0.09 m. As a second step, based on available data (see Table 3.1), we 

calculated histograms and correlation lengths to each of the four aquifer parameters (hydraulic 

conductivity (K), porosity (ʟ ), Ůr, ůb) in the 3 facies. The CPT data provide local measurements with 

high vertical resolution information about mechanical resistance, natural gamma activity, bulk density, 

matrix density, water content and electrical resistivity. The CPT measurements were used by multiple 

regression (Tillman et al., 2008) to estimate local grain size distributions, from which K was calculated 

using empirical formulas provided in the literature.  ʟin the saturated part of the aquifer is equal to the 

water content. For our hydrological aquifer model, we considered K and ʟ . For our aquifer model of 

dielectric properties which will be used later for GPR modelling, Ůr was calculated from ʟ  (CRIM 

model, Birchak et al., 1974) and ůb from electrical resistivity. As a third step, we generated the 

distributions of the aquifer parameters (K, ʟ , Ůr, ůb), in each of the three facies using stochastic Gaussian 

simulation (SGSIM) based on variogram modeling (SGeMS software, Remy et al., 2009).  

For each property and facies (see Figure 3.2b-e, Table 3.1), stochastic simulations were performed over 

the entire model domain. The resulting models were then integrated into one aquifer model domain 

(ñcookie-cutterò) based on the 3D facies distribution. K and ʟ  models were simulated independently 

with no spatial cross correlation, Ůr was calculated directly from the ʟ model using the CRIM model 

(Birchak et al., 1974), and ůb was simulated using sequential Gaussian co-simulation (COSGSIM) based 

on the Ůr spatial distribution as a secondary information with correlation r=0.5 in each facies (Gueting 

et al., 2015, 2020). For all the stochastic simulations an exponential variogram model was used 

(Gringarten and Deutsch, 2001). 
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Figure 3.2: Aquifer model domains used for the hydrological flow and transport modelling. (a) Facies 

model (adopted from Gueting et al. (2018), (b) log-conductivity, (c) porosity model, (d) background 

relative permittivity, and (e) electrical conductivity. 
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Table 3.1: Mean values, variance, horizontal and vertical correlation lengths (Ih, Iv) of aquifer 

properties: the porosity ʟ, log hydraulic conductivity lnK, relative permittivity Ůr and electrical 

conductivity ůb of the Krauthausen test site used for stochastic simulation within Facies 1-3. 
 

*ה  lnK**  

[K in m/d] 

Ůr***  ůb****  

[mS/m] 

Facies 1 - sand 

    

Mean 35. 8 -7.69 21 17.2 

Variance 7.7 0.1 2.94 2 

Iv [m] 0.13 0.6 0.13 0.13 

Ih [m] 0.56 5 0.56 0.56 

Facies 2 - sandy-

gravel 

    

Mean 31.9 -6.4 18.6 12 

Variance 3.6 0.6 1.24 1.75 

Iv [m] 0.12 0.18 0.12 0.12 

Ih [m] 0.39 1.75 0.39 0.39 

Facies 3 - gravel 

    

Mean 25.7 -5.78 15.2 10.3 

Variance 6 1 1.97 1.5 

Iv [m] 0.12 0.4 0.12 0.13 

Ih [m] 0.6 0.3 0.6 0.6 

* The mean variance of the porosity was calculated from water content point measurements from 

neutron logs at CPT locations (Tillmann et al., 2008). The correlation lengths Ih and Iv were calculated 

(using semi-variogram analysis) after conversion from Ůr tomograms at multiple GPR FWI planes 

(Gueting et al., 2017, Zhou et al., 2021) using the CRIM model.  

** Mean value of lnK was adopted from a K model based on grain size distribution (GSD) (Bialas and 

Kleczkowski, 1970, Gueting et al., 2017). Variance and Ih of lnK were calculated based on a dense grid 

of vertical CPT with ~1.5 m horizontal separation distance (Tillmann et al., 2008), using a calibrated 

correlation between GSD and CPT geophysical properties (mechanical resistance, natural gamma 

activity and bulk density), where co-located data was available. Iv=0.18 m of lnK in the main Facies 2 

of the model (green facie in Figure 3.2a) was adopted from borehole groundwater velocity measurement 

(Englert, 2003).  

*** Ůr was calculated directly from the porosity model using CRIM model.  

**** Mean value of ůb and variance, Ih and Iv were calculated from ůb tomograms at multiple GPR FWI 

planes (Gueting et al., 2017, Zhou et al., 2021).  
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3.3 Tracer transport simulation 

We used a flow and transport model based on the designed aquifer model domain (Figure 3.2, Table 

3.2) to imitate the past positive saline tracer test performed by Müller et al. (2010). The results of Müller 

et al. (2010) are used in our study as reference for the synthetic plume fate reconstruction. The 3D flow 

equation was solved using TRACE (Vereecken et al., 1994) and the transport equation was solved using 

a random-walk particle-tracking algorithm PARTRACE (Bechtold et al., 2011). We simulated a tracer 

injection for 7 days using a uniform water influx source of 20 m³/day between 3.58 - 8.26 m depth in 

the borehole, and a particle injection source of 1Ā108 ñconservative or non- reactiveò particles which 

were injected uniformly through the injection period, resulting in an injection concentration of 7.15Ā105 

particles/m3. We modelled the borehole (diam. 50.8 mm, slots 0.5 mm) by a vertical column of grid 

cells (cubic, edge of 0.09 m) assigned with K = 267 m/d (Klotz, 1990) and a porosity of 1. The borehole 

was surrounded by a gravel pack that fills the well (diam. 0.328 m), modelled by 8 grid cell columns 

with K = 2246 m/d (Klotz, 1977) and a porosity 0.4. To solve for the total head and velocity distributions 

in the heterogeneous aquifer, we adopted a natural hydraulic gradient in the aquifer of 0.002 m/m 

(Vereecken et al., 2000) implemented by pressure head boundary conditions at the up and downstream 

boundaries, and zero flux conditions at the lateral, top and bottom boundaries. During the injection 

phase, we used the flow velocity field that was simulated considering the water injection in the well for 

the transport simulation. After the injection ceased, we simulated the tracer transport using a velocity 

field that represents the natural hydraulic gradient of the Krauthausen test site. The heterogeneity of the 

simulated plume was controlled by the stochastically-generated lnK and porosity (Table 3.1), which 

generated a variable fluid velocity. To account for the effect of velocity fluctuations on solute transport 

at the grid-cell scale, we used longitudinal and transverse dispersivities of 0.003 and 0.001 m, 

respectively.  

The high-resolution aquifer model can predict transport processes with high spatial resolution as shown 

for day 15 after the start of the injection (Figure 3.3). In each plane view, the distribution of mass 

represents the sum of particle mass along the perpendicular axis to that plane. A substantial part of the 

plume was transported over a large distance in the lower part of the aquifer (between 7 and 8 m depth), 

whereas a second part of the plume was moving slower between roughly 5 and 6.5 m depth. The plume 

is mainly transported in Facies 2, which has a higher hydraulic conductivity than Facies 1, whereas 

Facies 3 (with the highest conductivity) was barely present within the range of depths where the tracer 

was injected.  

This high-resolution flow and transport model allows us to compare the simulated tracer distribution at 

monitoring planes with the ERT results from the Krauthausen test site (Figure 3.4). Note that injection 

well and injection rate in the simulation were the same as the ones of the real tracer experiment for 

which the ERT images were obtained. For example, 15 days after the injection started, we can observe 

a splitting of the simulated plume in a transverse view, similar to the ERT images (Figure 3.4b,c). The 
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general similarity between simulated and ERT observed patterns suggests that the reconstructed facies 

distribution satisfactorily represents the true distribution. Note that the ERT images did not resolve 

small -scale tracer concentration variations and the results are more smoothed (Figure 3.4d). The 

simulated tracer distribution as imaged in longitudinal view (Figure 3.4d) is characterized by thin 

horizontal lenses of 0.1 m thickness with high concentrations (e.g., at 6.2 m depth), which corresponds 

with the vertical correlation length of Iv = 0.18 m of the hydraulic conductivity in Facies 2.  

 

Figure 3.3: Normalized particles mass in plan (a), side (b) and front (c) view at day 15 after beginning 

of the tracer injection. The mass shown is a sum of mass in a line of cells perpendicular to the view. 

Color maps are normalized to the maximum mass for each.  
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Figure 3.4: Tracer distribution in the monitoring plane. (a) Facies model, (b, d) concentration 

distribution in transverse and longitudinal directions, and (c) ERT image (modified from Müller et al. 

(2010), Figure 5) for the domain of the plane between the two GPR monitoring boreholes 10 m 

downgradient from the injection borehole (see Figure 3.3). The concentration represented the 

distribution after day 15 from the transport simulation normalized to injected tracer distribution. The 

red dashed lines in the perpendicular stitching tomograms (b) and (d) represent the stitching location.  

The electrical conductivity image is derived from the ERT tomogram and borehole loggers from a 

previous tracer test at day 15 after beginning the injection. Note that the logger data was obtained in 

two boreholes (seen as vertical anomalies) with vertical intervals of 0.35 m. The color scale represents 

the bulk electrical conductivity difference. 

3.4 Tracer types and petrophysical relations 

3.4.1 Change only in electrical conductivity: Salt and desalinated water tracer 

The concentration of electrolytes in the groundwater determines the electrical conductivity of the fluid 

phase, whereas it has only minor influence on the permittivity (Sreenivas et al., 1995, Hagrey and 

Mülller, 2000). For pore fluid conductivities that are smaller than ~15 S/m, the fluid electrical 

conductivity is proportional to the equivalent electrical charge concentration (Sreenivas et al., 1995). 

Salt tracers with a higher concentration are not often imaged with GPR in transmission mode, because 

of the high attenuation of the EM wave and the restriction of the ray-based approaches to derive 

quantitative high-resolution results (exception in Day-Lewis, 2003). 
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3.4.1.1 Implementation of the salt tracer simulation  

We simulated solute transport using particle tracking and one particle was associated with a certain 

equivalent additional charge compared to the background charge concentration in the groundwater. If a 

tracer solution with a lower electrical conductivity than the background groundwater conductivity was 

injected (desalinated water), particles were associated with a ónegativeô additional charge. Assuming 

that the electrical conductivity of the injected tracer solution ůf_tracer_injection is constant during the 

injection and that the background fluid conductivity in the aquifer ůf_background is constant in space, the 

electrical conductivity of the fluid at time t in a grid cell centered at a 3D coordinate x, ůf (x,t), was 

related to the number of particles in that grid cell np(x,t) at time t, the volume Vcell and porosity (ʟx) in 

the grid cell, the total number of particles injected np,injection, and the total volume of water that was 

injected Vinjection as:  

ůf(x,t) =  (ůf_tracer_injection - ůf_background) Ā C(x,t) / Cinjection   + ůf_background  Eq. (3.1) 

with   

C(x,t) = np(x,t)/(Vcell Ā  ʟ(x))  and Eq. (3.2) 

Cinjection = np injection/Vinjection . Eq. (3.3) 

C(x,t) and Cinjection are the particle concentrations in a cell and in the injected tracer solution, 

respectively. Following Müller et al (2010) we consider a background pore fluid conductivity equal to 

ůf_background = 93.7 mS/m. For the electrical conductivity of the injected salt tracer, we considered four 

cases:  

I. Injection of water with an electrical conductivity smaller than the background (negative tracer, 

Desalinated case, ůf_tracer_injection = 69.6 mS/m),  

II.  Injection with a conductivity slightly higher (positive tracer) than the background (Low salinity 

case: ůf_tracer_injection = 117.8 mS/m),  

III.  Injection with an Intermediate conductivity (Intermediate salinity case, ůf_tracer_injection = 610 mS/m), 

and  

IV.  Injection with a High conductivity (High salinity case, ůf_tracer_injection = 1525 mS/m).  

The Low salinity case adds the same magnitude of tracer fluid electrical conductivity as the Desalinated 

case subtracts, and the High salinity case adds 2.5 times the tracer fluid conductivity of the Intermediate 

salinity case. The background pore water conductivity and the negative and intermediate tracer 

conductivities were adopted from the tracer experiments carried out by Müller et al. (2010). 
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3.4.1.2 Salt tracer ï electrical conductivity petrophysical relations 

The bulk electrical conductivity ůb is simplified by an adapted Archieôs Law which considers a model 

of two conductors in parallel: the dissolved ions in the water and adsorbed ions on the soil surface as 

described by Mualem and Friedman (1991): 

ůb(x,t)=ůf(x,t)/F(x)+ ůsurf(x), Eq. (3.4) 

where F(x) is the formation factor of saturated soil and ůsurf(x) is the surface conductivity. F(x) is linked 

to the complex geometry of the pore channels and is smaller for a larger porosity and smaller tortuosity 

of the pore network (Archie, 1942; Jackson et al., 1978). ůsurf(x)  is controlled by the specific surface 

area, surface charge density, and effective ionic mobility in the electrical double layer around the 

charged surface (Johnson et al., 1986). For low fluid conductivities, ůsurf depends in a non-linear way 

on the fluid conductivity ůf. But, for sufficiently large ůf, ůsurf reaches a constant value so that the relation 

between ůb and ůf is linear (Friedman, 2005), which we assume further in this study.  

For ůsurf we based our chosen values on laboratory measurements on soil samples from Krauthausen 

test site (Müller et al., 2010). Surface conductivities were derived from measurements on sieved 

material and may therefore be larger than the true values. Therefore, we choose the lowest value 

observed for the mean ůsurf of 1.2 mS/m to better reflect the presence of stony material in the samples 

on the electrical conductivity with a standard deviation of 0.3 mS/m. Using this information, we 

generated a random field of ůsurf(x) using with the same correlation lengths as ůb (Table 3.1), but with 

no spatial correlation between ůsurf and ůb (Müller et al., 2010). Then, we calculated F(x) using Equation 

3.4 with ůf(x,t)= ůf,background.  

The flowchart in Figure 3.5 illustrates and summarizes the steps to obtain the tracer concentrations from 

GPR FWI ůb images. First, F(x) is recovered from background GPR FWI ůb (Figure 3.5a) using 

ůf,background and assuming a constant ůsurf, which represents the average of ůsurf(x) derived from lab 

measurements. Second, ůf is estimated from time-lapse GPR FWI ůb (Figure 3.5c). Last, the tracer ůf,tracer 

is calculated by subtracting ůf,background from ůf.  

3.4.2 Change in permittivity and electrical conductivity: Ethanol tracer 

Ethanol is commonly used as an additive in gasoline blends (McDowell et al., 2003, Spalding et al., 

2011), and is currently treated as an emerging environmental contaminant (Gomez and Alvarez, 2009). 

The dielectric properties of ethanol differ from water and these differences can be used to detect ethanol 

in water-saturated conditions in a sand matrix with GPR (Glaser et al., 2012). Pure ethanol has a relative 

permittivity of 26.7 at 10 °C and an electrical conductivity of 0.025 mS/m (Petong et al., 2000, Glaser 

et al., 2012). Note that the properties of the (ground)water at the Krauthausen test site at 10 °C are Ůr = 

84 (Malmberg and Maryott, 1956) and ů  ~ 90 mS/m (Müller et al., 2010). Water-EtOH mixtures are 

miscible in all proportions as they are both dipolar liquids (Lide, 2004). Ethanol experiences 

polarization relaxation at central frequency of about 1 GHz and dispersive behavior becomes effective 
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from about f > 200 MHz, lower than those of water: 25 GHz and 1GHz, respectively (Petong et al., 

2000). Thus, dispersive behavior is expected for high GPR frequency ranges, but was not considered in 

this study using low frequencies between 10-200 MHz with central frequency of 57 MHz. Regarding 

transport properties, ethanol has a lower density and a higher viscosity than water, and it is 

microbiologically degraded. However, we neglected density, degradation, and temperature effects on 

ethanol transport for our study, which focused on the ability to retrieve the distribution of the tracer 

from time-lapse GPR FWI parameter changes (Ůr, ůb). Therefore, we simulated the ethanol plume 

migration with the same particle tracking method and using the same transport parameters (velocity, 

dispersivity) as the ones used for the salt tracer.  

 

Figure 3.5: Flowchart presenting the recovery of solute (salt and desalinated water) and ethanol 

tracers. a) Formation factor and b) porosity recovery from background GPR FWI. c) Salt and d) ethanol 

recovery from time-lapse GPR FWI. 



41 

 

 
 
 

3.4.2.1 Implementation of the ethanol tracer simulation 

We produced heterogeneous ethanol plumes that have the same structure as the salt tracer plumes. For 

the ethanol plume simulations, a particle represents a certain volume of ethanol Veth, and therefore the 

volumetric concentration of ethanol in a cell Seth(x,t) is: 

Seth(x,t) = Seth injection Ā (np injection / Vinjection )
-1 Ā np(x,t)/ (Vcell Ā (ʟx)), Eq. (3.5) 

where Seth injection is the volume concentration of ethanol in the injected solution, which was 0.5. The 

injection volume Vinjection and the duration of the injection were identical to those of the saline tracer 

simulations.  

3.4.2.2 Ethanol-permittivity petrophysical relations 

We derived an effective mixing model for permittivity of water ethanol mixtures, Ůr,f , at 10°C by 

fitting a second-order polynomial to experimental data (Wyman, 1931):  

Ůr,f (x,t) = 84.05 ï 42.6ĀSeth(x,t) ï 15.7ĀSeth(x,t)2 Eq. (3.6) 

To derive the bulk relative permittivity Ůr of the mixture-soil system, we used the Complex Refractive 

Index Model (CRIM) (Birchak et al., 1974) 

Ůr (x,t)=(  ʟ(x)ãŮr,f  (x,t)Ā + (1-  ʟ(x)) ãŮr,s ) 2 Eq. (3.7) 

where Ůr,s =4.5 is the relative permittivity of the solid grains (Carmichael, 1988). In order to retrieve Ůr,f 

and eventually S(x,t) from a GPR FWI permittivity model (Figure 3.5d), the porosity must be recovered 

from Ůr background measurements (Figure 3.5b):  

rʟecovered(x) = (ãŮr(x,t0)-ãŮr,s) / (ãŮr,f-ãŮr,s) Eq. (3.8) 

3.4.2.3 Ethanol-conductivity petrophysical relations 

We modeled the electrical conductivity of the ethanol-water fluid mixture following Personna et al. 

(2013):  

ůf(x,t) = (Seth (x,t) Āůeth 
Ŭ+(1-Seth (x,t)) Ā ůf,background 

Ŭ) 1/Ŭ Eq. (3.9) 

Where ůeth =0.0252 mS/m is the ethanol electrical conductivity, with Ŭ = 0.3 for ethanol volumetric 

concentration Seth Ò 0.5.  

In order to retrieve ůf(x,t) and eventually Seth (x,t) from a GPR FWI bulk electrical conductivity model 

(Figure 3.5c), the formation factor must be recovered from ůb(x,t0) background measurements (Figure 

3.5a, Equation 3.2). 
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3.5 Conclusions 

Using the extensive hydrological, hydrogeological, and geophysical dataset from the Krauthausen test 

site a high resolution and realistic 3D aquifer model was established. This model allows to construct 

realistic dimensions and heterogeneity of various tracer plumes and the corresponding electrical 

properties. Using this model we performed several different transport simulations to mimic a real tracer 

experiment at the entire aquifer dimension. The spatio-temporal field of concentration provides a setup 

to derive different tracer options and magnitudes that will change the dielectric properties and allow 

testing the FWI to reconstruct small-scale structures and hence plume spreading. Using this high-

resolution aquifer model, it is not only possible to simulate different types of tracers, but also different 

magnitudes. Specifically, we provided a workflow to implement a recovery of solute and ethanol tracers 

from time-lapse GPR FWI measurements, which can be adapted to other tracers using the appropriate 

petrophysical relationships. 
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Chapter 4 

Detection of tracer plumes using full-waveform inversion of time-

lapse ground penetrating radar data: a numerical study in a high-

resolution aquifer model 2 

In this chapter, the potential of time-lapse crosshole GPR FWI for imaging tracer tests in heterogeneous 

aquifers is analyzed, using a numerical experiment. The setup of the experiment is based on the aquifer 

model that we generated based on Krauthausen test site, which was described in Chapter 3. Different 

tracer scenarios are analyzed using a saltwater, desalinated water and an ethanol tracer. Through 

petrophysical relations the plume concentrations I) of positive/negative salt tracers were converted to 

increases/decreases in ůb, and II) of an ethanol tracer to decreases in both ůb and Ůr. Crosshole GPR data 

were generated before and during the plume intrusion. We test the ability of FWI to recover the tracer 

distribution for different tracer concentrations that generated different changes and contrasts in Ůr and 

ůb. To optimize the FWI of time-lapse data, we test different starting models for Ůr and ůb. As the GPR 

FWI provides 2-D images, we investigated of out-of-plane effect (3D) on crosshole GPR data due to 

increase heterogeneity and magnitude in dielectric properties which caused by the tracer. 

  

                                                           
2 Adapted from Haruzi, P., Schmäck, J., Zhou, Z., van der Kruk, J., Vereecken, H., Vanderborght, J., & Klotzsche, 

A. (2022). Detection of tracer plumes using full waveform inversion of time lapse ground penetrating radar data: 

a numerical study in a high resolution aquifer model. Water Resources Research, e2021WR030110. 
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4.1 GPR FWI modeling 

Synthetic GPR data were calculated using the highly resolved parameters of the aquifer model in a 

crosshole setup at 10 m distance from the injection borehole and perpendicular to the main flow 

direction (Figure 3.3, Figure 3.4a,b). The distance between the boreholes was 4.95 m. GPR data were 

derived below the water table (2.4 m depth) between 3.2 - 10 m depth. We added a realistic random 

instrumental noise level to the synthetic traces to evaluate its effect on the inversion performance 

(Appendix A.1). To realistically include reflection and refractions of the GPR data, we describe the 

unsaturated zone above 2.4 m depth with Ůr = 8 (in the range of Ůr for ñsoil sandy dryò in Table 4.1 in 

Daniels (2004)). Similar to previously performed GPR measurements at the Krauthausen test site 

(Oberröhrmann et al., 2013), we used a semi-reciprocal acquisition setup with 35 transmitters and 69 

receivers on each side, spaced with 0.2 and 0.1 m, respectively. With this setup a high ray coverage that 

enhances the electrical conductivity reconstruction can be obtained (Keskinen et al., 2021). We 

considered for our modeling a constant source wavelet (SW) with a central frequency of 57 MHz for 

the background and time-lapse cases (adopted from a previous FWI studies (Gueting et al., 2015, 

2020)). It has been shown in experimental studies that for this operating frequency GPR FWI models 

can be obtained with a vertical resolution as small as 0.2 m (Zhou et al., 2020). Note that changes on 

the effective wavelet caused by the difference in borehole filling caused by the tracers are not considered 

in this study, and will be investigated for the experimental data applications. 

In this numerical study, we concentrate on modeling and inverting 2D data, because of the high 

computational demanding 3D environment). For the inversion and forward modeling, we considered a 

model cell size of 0.09 m and 0.03 m, respectively. Note that the inversion grid has the same cell size 

as the transport simulation (Figure 3.4b). To avoid numerical artifacts in the crosshole GPR FWI that 

are caused by high gradients of the Ůr and ůb near the boreholes, we considered the approach based on 

van der Kruk et al. (2015) that allows an update of the medium properties close to the boreholes by 

using a gradient preconditioning. The choice for the final iteration and to stop the inversion of the time-

lapse datasets were fulfilled based on the FWI convergence criteria (Section 2.4.5.4). 

4.2 GPR FWI results - Background models 

To evaluate tracer changes over time, we derived FWI results for background data, measured before a 

tracer injection. The starting models for this FWI were derived from ray-based inversion results (Figure 

4.4b,g). For the ůb starting model, we considered a uniform ůb of 15 mS/m provided by the mean of the 

first-cycle amplitude inversion and adaptations of this value based on numerical forward modeling tests 

(Holliger et al., 2001). In contrast to the ray-based inversion results, the FWI results better reconstruct 

the medium parameters and resolve finer structures, which the ray-based inversion is not able to detect 

(Figure 4.1b). Additionally, we performed the FWI for the noise-free and noise-added datasets (Figure 

4.1c,d,h,i). Both Ůr and ůb results show the same structures with decimeter-scale resolution for the noise-
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free and noise-added datasets. The final RMSE of the noise-added and the reconstruction of the 

parameters is only slightly less good in comparison to the noise-free data (Table 4.1). The minor 

differences are caused because the noise-added dataset inversion cannot fit the data below the noise 

level. Since we have seen that the FWI models of both datasets reconstruct almost identical parameters, 

hereafter we consider only the more realistic noise-added dataset.  

Table 4.1: Performance evaluation of the FWI results of the background data and models. 

  Noise-free Noise 

GPR FWI data Number of FWI iterations 67 59 

 RMSEa ẗ10-7 1.26 1.42 

 R2 b 0.9986 0.9983 

 MAEcẗ10-7 4.94 5.41 

 RMSEa ẗ10-7 1.77  1.96 

FWI model Ůr R2 b 0.768 0.742 

 MAE c 0.659 0.714 

 RMSE a 0.862 0.936 

FWI model ůb R2 b 0.648 0.698 

 MAEc [mS/m] 1.24 1.27 

 RMSEa [mS/m]  1.64 1.68 

a ï Root-mean squared error of the misfit between real and modelled data.  
b ï R-squared of the GPR FWI data fit (between 40 and 250 ns). 

c ï Mean absolute error 

 

  



46 

 

 
 
 

 

Figure 4.1: Background permittivity (top row) and electrical conductivity (bottom) models. (a, f) real 

models, (b, g) starting models based on ray-based inversion results, and (c, h) FWI models of the noise 

free dataset and (d, i) with noise. (e, j) Show the difference between real and FWI models with noise. 

Transmitter and receiver positions are located on black circles and crosses, respectively near the panel 

side boundaries. Above and right to (d), plots compare the real (blue) with FWI (orange) permittivity 

models (a, d) along vertical profile at 2.5 m distance and horizontal profile along 6.5 m depth (indicated 

by arrows). Below and right to (i), plots compare the real (blue) with FWI (orange) electrical 

conductivity models (f, i). 

Generally, the reconstruction of the permittivity and conductivity is very good by the FWI, which is 

also indicated by the lower RMSE of the modeled data, the FWI data correlation coefficient of almost 

1, and the low FWI Ůr and ůb model errors compared to the real models (Figure 4.1e,j; Table 4.1). It can 

be noticed that the model errors are larger at locations of high contrasts. The RMSE of the background 

models are 0.86 for Ůr and 1.64 mS/m for ůb. The Ůr FWI models resolved the fine features better than 

the FWI ůb models, as indicated in horizontal and vertical 1D profiles and by spectral analysis (Figure 

4.2, (Van der Schaaf and van Hateren, 1998). The illumination of the domain using crosshole acquisition 

results in a better resolution of the vertical than the horizontal structures (Meles et al., 2010). In the 

vertical direction, the ratio of the spectral densities of the FWI to the real model starts decreasing for 

wavenumbers larger than ɡ = 3 m-1 and ɡ = 1.13 m-1 (equiv. to wavelength ɚ of 0.33 m and 0.88 m,           

ɚ = 1/ɡ) for Ůr and ůb, respectively. In the horizontal direction, this ratio starts decreasing for 

wavenumbers larger than ɡ = 0.77 m-1 (ɚ = 1.3 m) and ɡ=0.51m-1 (ɚ = 2 m) for Ůr and ůb, respectively. 
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Figure 4.2: Spectral density of (a) permittivity and (b) electrical conductivity. Curves compare 

between the real models (RM, blue) and reconstructed FWI (orange) models for horizontal (solid line) 

and vertical (dashed line) directions. 

Calculating the porosity ʟrecovered and the formation factor Frecovered distributions using Equations 3.4 and 

3.8 (Figure 3.5) for both background ray-based and FWI results (Figure 4.1 b,d,i), we can see clearly 

that FWI better reconstructs the parameters than the ray-based inversion. The ʟrecovered calculated from 

ray-based shows smoothed and dampened structures, while the FWI rʟecovered structures show more 

details and are closer to the true model ʟ RM (Figures 4.3a-c). The Frecovered calculated from the ray-based 

(attenuation) inversion recovered an erroneously lower value and a smaller variance than in FWI 

(Figures 4.3e-g). Thus, FWI provides a more accurate recovery than the ray-based inversion of these 

parameters, which in turn, through the use of petrophysical relations, reduces the uncertainty of the 

tracer recovery. ʟrecovered shows a better correlation with ʟRM than Frecovered with the true model FRM. The 

mismatch for both parameters is related to the unresolved structures and deviations between FWI and 

real Ůr and ůb models (Table 4.1, Figure 4.1e,j). Low values of rʟecovered (<0.28) overestimate ʟRM, while 

high values of rʟecovered underestimate ʟRM (Figure 4.3c), which is a bias originating from FWI results. 

We derived FRM using the ůb,background from a previous study by Gueting et al. (2015, 2020). Note that 

this F is larger than the point measurements of Müller et al. (2010), where the soil was sieved and only 
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soil grains smaller than 20 mm were considered. For higher values of Frecovered (>10) we can notice larger 

scatter. Locations with a high F correspond with locations where ůb,background is low. Errors in the 

recovered ůb,background and deviations between the local ůsurf and the mean ůsurf, which is used to recover 

F, lead to a larger scatter for high values of Frecovered. 

Analyzing the correlation plots between the true and the FWI recovered distribution of F(x) shows a 

range from 4.5 to 14.5. F is bimodally distributed (Figure 4.3h), reflecting the two main Facies 1 and 2 

(Figure 4.2a, whereas the contribution of Facies 3 is minor). The sand Facies 1 has a mean porosity of 

1ʟ_mean=0.36 and a mean F(x) of approximately 6. The sandy gravel Facies 2 shows a mean porosity 

2ʟ_mean=0.31 and a mean formation factor of 8.5. The gravel Facies 3 has a mean porosity 3ʟ_mean= 0.25 

and a mean F(x) value is about 11, which is larger than the laboratory measured value for the disturbed 

samples of Müller et al. (2010) of 4.56 to 6.63, which excluded larger stones. 

 

Figure 4.3: Porosity (top row) and formation factor (bottom row) distribution calculated from 

permittivity and electrical conductivity models, respectively: a) and e) show the true models, b) and f) 

are calculated from the ray-based models, and c) and g) from the FWI models. (d, h) Correlation plots 

between the true and FWI recovered d) porosity and h) formations factors.  
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4.3 Starting model strategies for time-lapse FWI 

As mentioned before, for the FWI of time-lapse data it is highly important to guarantee that the starting 

models of the different time steps hold the half wavelength criterion. Because of the extensive 

knowledge that is already existing on how to optimize the Ůr starting model (e.g., Keskinen et al., 2021), 

we will concentrate on defining the best strategy for time-lapse ůb starting models, which to our 

knowledge has not been investigated before.  

Therefore, we first tested four different FWI starting model strategies for the salt tracer time-lapse GPR 

data. Note that we used for all the strategies the FWI Ůr background model mt0 as permittivity starting 

model, while for the ůb starting model different options were tested: using a uniform ůb value (FWI1), 

the background model mt0 (FWI2) and the previous day model mt-1 (FWI3, FWI4). For FWI3 the mt-1 

model was calculated from the day-by-day sequential FWI inversions starting with the background, 

while in FWI4 mt-1 was calculated using a single FWI inversion with starting model mt0. Note that we 

also tested different standard ray-based starting model approaches for the permittivity, which resulted 

in less good results and reconstructions of the tomograms, and we therefore do not present them.  

For all the tests, the real permittivity models are unchanged (Sreenivas et al., 1995) in the salt tracer test 

and therefore only the ůb real models are investigated. 

For the FWI starting model tests (Figure 4.4), the time-lapse GPR data are derived for day 15 after the 

salt tracer injection based on the ůb distribution shown in Figure 4.4a. Overall, all the 4 FWI recovered 

the main structures of the true model. While FWI1 shows fewer features of the tracer anomaly, FWI2 

provided more accurate structures and performs better based on R2 between the true and FWI model 

and the RMSE of the difference between the two (R2 ï 0.64, 0.66, 0,58, 0.69; RMSE [mS/m] ï 5.8, 5.6, 

6.5, 5.4 for FWI strategies 1-4, respectively). Although FWI3 provides a more detailed ůb structure, the 

R2 and the RMSE of FWI3 compared to the true model resulted in a worse performance than of FWI1 

and FWI2. Analyzing the spectral density in the recovered FWI ůb models (Figure 4.5), FWI3 provides 

the most information. These results of FWI3 are explained on the one hand by a better resolution of 

small-scale structures due to the better ůb starting model from the previous day mt-1, but on the other 

hand there is a lower accuracy due to model overfitting, most likely caused by accumulation of errors 

in recovered FWI models which are then used as starting models for the following day. 

The structure of FWI4 is similar to FWI2 but does not show as many details as FWI3. The best results 

of the four different starting models are obtained with FWI4, while the spectral analysis information is 

between FWI3 and FWI2. Overall, FWI2 shows robust results and in addition can be applied fast, 

because as a starting model it requires the FWI background and not any following day.  

Thus, all FWI from here (for both salt and ethanol tracer tests) will use FWI2 starting model strategy. 
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Figure 4.4: FWI ůb results for the salt tracer using different starting model strategies. (a) ůb true model 

at day 15. (b-e) FWI ůb models from using starting modelsô strategies FWI 1-4, as explained in the text.  

 

Figure 4.5: Spectral density of recovered FWI ůb using different starting model strategies. The spectral 

information of the true model is shown by a thick line, and of the FWI from different starting model 

strategies by thinner curves. FWI 1-4 are presented in Section 4.3. (a,b) Spectral density in horizontal 

(solid line) and vertical (dashed line) directions, respectively. 

4.4 Recovery of different salt tracer magnitudes and days 

After we defined an appropriate starting model strategy, we now apply this to four different salt tracer 

scenarios with different ůb changes at day 15 after injection. Similar to the tests before, the real 

permittivity models are unchanged for all scenarios and only the ůb models are analyzed (Figure 4.6). 

For injections with Intermediate and High salinity tracers, the ůb distribution is predominantly 

determined by the distribution of the saline tracers, which generate larger variations in ůb than the spatial 

variations of ůb_background (Figure 4.6d-e). For the Desalinated (negative) and Low salinity (positive) 

tracers, the changes in ůb are in the same order of magnitude as the spatial variation in ůb_background. 

(Figure 4.6a-c). The FWI ůb models show a recovery of the structures for all cases, but the High-salinity 

case shows a worse recovery, for example at z=6.5 m, x=1 m it misses a main anomaly, probably due 

to the high attenuation of the signal.  
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Figure 4.6: Bulk electrical conductivity FWI recovery from the synthetic salt tracer. Input (top) and 

recovered (bottom) models in the monitoring plane for different cases of injected salt tracer salinities: 

(a,f) Desalinated water, (b,g) Background, (c,h) Low, (d,i) Intermediate and, (e,j) High. The intrusion 

is shown for 15 days after the injection, and the main location of the tracer intrusion are emphasized 

by rectangles in (a). Note that panels (a-c, f-h) have the same colorbar scale, and (d-e, i-j) have different 

ones. Transmitter and receiver positions are located on black circles and crosses, respectively near the 

panel side boundaries. 

Investigating the data fit between the simulated and FWI modeled traces between 4 to 8 m (Figure 4.7, 

Figure A.2 for Desalinated and High salinity cases) for the different salinity cases of day 15 (Figure 

4.6), we generally notice a good overlap of the traces and that FWI traces can recover most details of 

the traces. A higher ůb entails lower amplitudes causing gradually decreased amplitudes from 

Background to Intermediate salinity cases (Figure 4.6a-c, compare the Observed data for the transmitter 

shot gathers at 6 m of different cases ï note for the amplitude scale). We observed a gradual decrease 

in R2 between the true and modeled traces from Background to Intermediate salinity cases. The FWI 

traces seem to have difficulties to fit the signal amplitude and phase at regions where the tracer intrudes 

in comparison to where there is no intrusion (e.g., between transmitter at 6 m and 9.6 m in Intermediate 

salinity case). This is even more pronounced for the High salinity case (Figure A.2b). At the central 

part of the plume, the High salinity FWI traces at 6 and 7 m show a bad fit (Figure A.3f,h), with 

erroneous amplitudes and phase shifts.  
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Figure 4.7: Observed (real data noise-added), FWI inverted and the difference between inverted and 

observed data for transmitters at the depth of major tracer intrusion (6 m) and at depth, where no 

intrusion occurs (9.6 m). GPR Data is presented for the (a) background (tracer case in Figure 4.6b) 

and (b,c) Low  and Intermediate (tracer case in Figure 4.6c-d) salinity tracer cases. Note that for the 

Intermediate salinity case in (c) for the transmitter at 6 m depth panel where the signal is weaker 

because the wave travels through the increased ů of the tracer, the color scale is 15 times smaller. R2 

quantifies the correlation between FWI inverted and the observed data. The standard deviation of the 

Gaussian random noise was 4.6Ā10-8 in all cases. Desalinated and High salinity cases are shown in 

Figure A.2.  
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Note, at high salinities the amplitudes of traces that cross regions with tracer intrusion are much lower 

than those of traces that cross regions without tracer intrusion and can be even lower than the 

instrumental noise level (Figure A.4b). No weighting on the data is applied to enhance the small 

residuals and for all data the squared differences between the measured and modeled traces are 

minimized. As a consequence, a poor match is obtained between the measured and FWI modeled traces 

for the high salinity data having much lower amplitude (Figure A.3f,h). The higher conductivity 

changes result in an increased non-linearity of the FWI, which is more difficult to invert and needs more 

sophisticated FWI techniques using progressively expanded bandwidths of the data and effective source 

wavelet (Zhou et al., 2021), which are beyond the scope of this paper. 

To evaluate the possibility to monitor the ůf tracer movement and transport over time, we performed an 

intense study by inverting 50 sequential days for the Intermediate-salinity case (Figure 4.8, 8 days 

chosen from day 6 until day 30). At all days the structures of the plume could be recovered and resolved 

to about 0.2 m scale, thus showing the potential of time-lapse monitoring. 

Figure 4.8: Salt tracer conductivity ůf recovered on different days. Top row: real ůf from transport 

simulation. Bottom row: recovered ůf from GPR FWI bulk conductivity. Only the depths within the 

transport model domain are shown, from 3.67 to 8.26 m.   
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4.5 Recovery of ethanol tracer  

As described in Section 3.4.2, we derived GPR data for a synthetic ethanol tracer experiment. Similar 

to the saline tracer tests, we considered the distribution of the tracer at day 15 after the tracer injection 

and applied for the ůb starting model the optimal strategy by considering the background FWI results. 

To define the optimal Ůr starting model for this time-lapse data, we performed different tests by 

considering the travel time inversion (not shown) and the FWI results of the background data. As 

expected, the background FWI model provided the best results, therefore we choose this strategy for 

the following steps and do not show the FWI results for other tests.  

The true models of Ůr and ůb in the monitoring plane 15 days after the ethanol tracer injection show a 

decrease in both Ůr and ůb (Figure 4.9a,b) compared with the background (Figure 4.1a,e), with maximum 

changes of ȹŮr = -3.35 and ȹůb = -11.95 mS/m at Z = 6.3 m, X = 1 m. This corresponds to the GPR 

traces with increased amplitude, and which are shifted to earlier times by about 1-1.5 ns (examples of 

ethanol FWI and corresponding real traces at the main intrusion depth are shown in Figure A.5). We 

used the FWI results of the background as a starting model (Starting model strategy FWI2). Overall, 

both medium parameters are resolved well, and the main features are detected within high resolution. 

Especially permittivity changes caused by the ethanol tracers around 8 m depth are well reconstructed. 

The final FWI ůb recovery is more smoothed than the Ůr recovery (Figure 4.9c,d), as was also observed 

for the FWI background models (Figure 4.1). This phenomenon is related to a higher sensitivity in Ůr in 

fitting the phase than in fitting the amplitude of the signal in natural media (Lavoué et al., 2015). 

Modeled FWI traces (blue dashed lines in Figure A.5) for the ethanol case show a good fit to the 

observed traces. 
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Figure 4.9: Permittivity and bulk electrical conductivity FWI recoveries from the synthetic ethanol 

tracer for 15 days after the injection. Real models are shown in (a) permittivity and b) electrical 

conductivity, while (c) and (d) show the corresponding FWI results.  

Also, for the ethanol tracer, we performed a similar study as for the Intermediate salinity case and 

calculated for 50 consecutive days the FWI results using starting model strategy FWI2 (Figure 4.10). 

For these days, we recovered the volumetric concentration of ethanol Seth distributions from time-lapse 

FWI Ůr and ůb models. For both cases, the Seth distributions show a good correspondence to the true 

time-lapse distributions for all days. Because of the better recovery of FWI Ůr  (see also Figure 4.9), a 

more accurate recovery of Seth distribution is derived from Ůr than from ůb, which is also caused by higher 

uncertainty in ůsurf(x) that propagates in the derivation of Seth from ůb. In addition, since the uncertainty 

of ʟ recovered is smaller than that of Frecovered (Figure 4.3), less errors propagate in the recovery of Seth from 

Ůr than from ůb. 
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Figure 4.10: Volumetric concentration of ethanol Seth recovered on different days. Top row: real Seth 

derived from transport simulation. Middle and bottom rows: recovered Seth from GPR FWI permittivity 

and conductivity, respectively. 

Further, subtracting Ůr at day 13 from that in day 15 (Figure 4.11a,b) shows that time-lapse GPR FWI 

can image tracer changes based on time lapse Ůr images with about 0.2 m resolution, and better than 

from time lapse ůb images (Figure 4.11c,d). 

Note that a movie that shows the tracer reconstruction and developments over time for both ethanol and 

salt tracers can be found in (link and description is provided in Appendix A.6). 

 

Figure 4.11: Tracer distribution changes between day 15 and day 13 based on permittivity: a) Real and 

b) FWI recovered models and based on bulk conductivity: c) Real and d) FWI recovered models. 
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4.6 Breakthrough curves at single cells  

The day-by-day tracer FWI recovery results of the Intermediate-salinity and the ethanol tracer allowed 

to calculate the breakthrough curves (BTC) at each single cell (0.09 m) in the crosshole tomogram. 

From these results three FWI parameters can be considered: ůb from salt tracer (Figure 4.12a), and Ůr 

and ůb from ethanol tracer (Figure 4.12b). The true tracer properties (ůf or Seth), which were derived 

using petrophysical relations from the same synthetic transport simulation, were normalized to the 

highest values, to allow a better comparison. From observing BTCs at 4 random locations (Figure 

4.12a,b) we identify that the shapes of the FWI breakthrough curves are in general recovered. However, 

for the majority of the recovered BTCs the first arrival is too early, the tail is too long, and the 

breakthrough peak is in general too low, but sometimes also too high. That inaccuracy is partly because 

for the given acquisition settings the receiver antenna records a signal which represents roughly the 

volume of the wave path with an effective cross-section of the size of Fresnel zone and with a diameter 

of about 1.25 m (in Section 4.6.1). 

To assess which tracer test and which FWI parameter recovered BTCs the most accurately, we used the 

RMSE of the BTCs at all cells to calculate the cumulative distribution function (CDF, Figure 4.12c). 

Low values of RMSE and a similar CDF are observed for normalized ůf (salt) derived from ůb and for 

normalized Seth (ethanol) from Ůr, while for Seth (ethanol) derived from ůb RMSE is higher. The larger 

normalized error of ůb-derived Seth (ethanol) than the normalized error of the salt tracer is due to the 

larger change in ůb caused by the Intermediate salinity tracer than by the ethanol tracer. 

 

Figure 4.12: Recovered tracer breakthrough curves at single cells from FWI parameters. Breakthrough 

curves for days 0-49 drawn at 4 locations in the crosshole plane (see legend) in the plane for the salt 

(a) and ethanol (b) tracers. The breakthrough curves are normalized to the maximal true ůf (salt test) 

and Seth (ethanol test) in the entire aquifer volume, respectively. The true tracer, and the tracer 

recovered from permittivity and conductivity are presented by continuous, dotted and dashed lines, 

respectively. (c) Cumulative distribution function (cdf) from all-cells of RMSE of the breakthrough 

curves, for the recovered tracer that was derived from salt (from ůb) and from ethanol (from Ůr and from 

ůb). 2444 breakthrough curve locations cells were used for the cumulative distribution function. 
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4.7 Considerations for experimental tracer test  

Overall, we have demonstrated a high potential of the FWI to recover tracer from time-lapse crosshole 

GPR data. Especially in contrast to the ray-based results, the FWI can reconstruct the medium 

parameters with high resolution resolving small-scale structures within the decimeter-scale and allows 

detecting tracers that mainly affect the electrical conductivity. Nevertheless, for the application to 

experimental data, several issues and challenges should be considered. 

4.7.1 3D versus 2D GPR wave behavior  

The crosshole GPR FWI is currently mainly applied in 2D due to computational limitations for 3D 

approaches. Therefore, diffracted energy from out-of-plane scatters, and specifically in the case of 

heterogeneous tracer concentration, cannot be considered. Appling a 2D FWI to 3D measured/simulated 

data, can cause several issues that should be considered in the results evaluation of experimental data. 

Two main problems arise by inverting 3D data with a 2D inversion. First is the out-of-plane effect on 

the GPR signals, which is not simulated with a 2D forward model. Second is the errors introduced by 

the 3D to 2D transformation of measured GPR data for experimental data application (e.g., Klotzsche 

et al. (2019b). Note that for our presented synthetic study both effects are not incorporated.  

To investigate out-of-plane effects on the 3D and 2D data, we can apply two approaches. One way is to 

estimate the zone of influence on the GPR data. The Fresnel zone of the used GPR signals indicates the 

sampling zone for the cross-borehole signals. The Fresnel zone can be described by a 3D ellipsoid 

volume (Fresnel volume), which depends on the distance between the antennas, the center frequency of 

the signals, and permittivity of the medium. Generally, the radius of the first Fresnel zone RFR is 

approximated for a monochromatic wavelength ɚ (Schuster, 1996): 

Ὑ
 Ͻ

 , 
Eq. (4.10) 

where x0 is half the crosshole distance [L], and ɚ [L]  is depending on Ůr and f. To evaluate the effect of 

the Fresnel zone in a tracer experiment due to out-of-plane effects, we compare RFR with the horizontal 

correlation length (Ih) of lnK, which dominates the distribution of the plume in the flow direction. For 

the aquifer conditions and acquisition setup in this study, the minimum, average and maximum of Ůr 

result in RFR of 0.96, 1.23 and 1.83 m, respectively. Thus, in the main Facies 2 the RFR for the average 

Ůr is smaller than the horizontal correlation length Ih=1.75 m and, larger than the vertical Iv=0.18 m. 

Therefore, for the size of RFR, there are small spatial variations in out-of-plane direction, but large spatial 

model variations in the in-plane vertical direction. As a result, out-of-plane effects in these crosshole 

measurements have a relatively low weight in the overall signal. Using FWI with 2D data and for an 

RFR of 1.23 m, features with a size of about 0.2 m could be resolved in the vertical direction (Figure 

4.6), and also at a decimeter scale for a real GPR data (in 3D) in Krauthausen aquifer (e.g., Gueting et 
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al., 2017). This shows that FWI of an extensive and dense dataset can get better model resolution than 

expected from the magnitude of the Fresnel zone. 

Additionally, we performed some modeling tests and compared 3D, 2.5D and 2D GPR data of an 

exemplary day after a salt tracer injection to investigate the effect of plume heterogeneity on the data 

itself. A detailed description can be found in the Appendix A.7. Our tests, which considered a day with 

a strong out-of-plane ů contrast, indicate that in 3D and 2.5D data only minor differences are shown in 

the phase and amplitude, mainly where off-plane scatterers are present. Overall, the out-of-plane effects 

on the GPR data seem to be minor (comparing 2.5D and 3D data), and probably related to the zone of 

influence on the signal. It is expected that they will not change the inversion results significantly, since 

the phase and amplitude differences will probably not change gradient directions because the out-of-

plane travel paths cannot be explained by the travel paths in-plane that are used by the FWI. 

A larger effect and hence influence on the final 2D FWI tomograms is associated with the 3D to 2D 

transformation filter of the GPR data to allow a 2D FWI (Bleistein, 1986). We performed for our 3D 

data a 3D-to-2D conversion, resulting in ñsemi 2Dò GPR data (Figure A.6b-d). Mozaffari et al. (2020) 

demonstrated that this transformation mainly affects late arrival amplitudes of the measured data in the 

presence of high contrast layers, which results in a difference of approximately 2% between 2.5D and 

2D FWI results for both Ůr and ůb. A similar behavior can be seen in our tests. Especially in the zone 

where the tracer is present, which causes a high contrast (Figure A.6a, right), late arrival data is affected 

and a mismatch between the 2D and ñsemi 2Dò is present. These errors are introduced by the Bleistein 

filter, because one assumption of the filter is that the highest amplitude of the data is associated with 

the first arrival times. But in the presence of high contrast zones, which can cause wave interferences, 

this assumption is not always valid and hence the amplitudes are not accurately correct towards 2D. 

Note that the Bleistein filter for data outside the tracer region performs well and a good fit between the 

2D and ñsemi 2Dò can be observed (Figure A.6d, receiver at 5.5 m). As expected the ñsemi 2Dò data 

in the presence of the high contrast tracer show some errors in the amplitude of the wavelets (Figure 

A.6d, receiver at 6.58 m, 7.66 m) and hence will affect the electrical conductivity results.  

Overall, it seems that the out-of-plane effects on the GPR data are minor and the errors introduced by 

the 3D to 2D conversion are probably larger. As a result, only 3D GPR FWI and to a lesser extent 2.5D, 

which consider the 3D medium and plume heterogeneity, can minimize such errors. Although a 2.5D 

FWI method in the time domain exists (Mozaffari et al, 2020), to analyze a high number of datasets is 

currently not feasible due to the high computation costs, as just for a single forward run it is 10 times 

larger than for a 2D forward run. 
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4.7.2 Time-lapse data acquisition   

To improve the quantitative values mainly of the ůb FWI results and decrease the uncertainties of the 

results, Oberröhrmann et al. (2013) and Keskinen et al. (2021) indicated that a dense transmitter and 

receiver spacing during the acquisition should be used. Such acquisitions are time consuming and 

should not be applied during a tracer experiment, where shorter temporal changes are expected. 

Therefore, we propose to measure a dense background dataset that is able to reconstruct the medium 

with a good accuracy, which is then used as a starting model for the time-lapse data that is sampled with 

a larger spacing. To improve the ůb results in the region of the expected tracer, a denser transmitter 

sampling could be used for a limited domain. For large contrasts in permittivity due to tracer changes, 

cycle-skipping between the starting modelôs background and time-lapse data should be carefully 

checked to set the wavelength criteria. In case that criterion is not met, another approach should be 

adopted, e.g., ray-based permittivity inversion from that time-lapse data. 

4.7.3 Temporal tracer changes during crosshole GPR data collection 

In our studies, we assumed quasi-static conditions for each FWI and time-step. For experimental data 

acquisition this is of course not the case and if the GPR data collection is slower than the dynamic 

process of tracer transport, this could cause changes in the aquifer for GPR measurements during the 

survey period. From our experience in crosshole GPR field measurements, for the amount of data 

considered in this study (7 m depth interval in both boreholes using a transmitter and receiver spacing 

0.2 and 0.1 m, respectively), data collection takes about 3 hours. From the transport modeling results 

(Figure 4.8, top row) under realistic aquifer conditions the plumeôs leading front and center is 

transported at about 3 m/day and 1 m/day, respectively. This results in approximately 0.375 m and 0.125 

m transport distance in 3 hours. These transport distances are shorter than the Fresnel Zone. Thus, 

transport changes in the aquifer during GPR measurements occur across distances shorter than the GPR 

sampling zone, and therefore are not resolved by GPR. Overall, the effect for the Krauthausen test site 

is expected to be minor under the mentioned conditions, but this should be judged independently for 

different aquifers having a higher flow velocity. One approach to reduce the error introduced by data-

collection time for crosshole GPR was performed using space-time parameterization and regularization 

of two sequential datasets (Day-Lewis et al., 2002, 2003), and principally could be applied also to the 

FWI scheme.  

4.8 Conclusions 

In this study, we tested the reconstruction of tracer plumes with crosshole GPR FWI in a numerical 

experiment. We tested the GPR FWI to reconstruct the plume for a saline and desalinated tracers, which 

changed ůb, and an ethanol tracer, which changed both Ůr and ůb, and found that the resolution obtained 

with FWI was much higher than ray-based inversion. To mimic field conditions, we added random 

instrumental noise to the synthetic data and found that FWI fitted the data successfully, except for when 
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the tracer attenuated the signal too much. Similar aquifer structures and only a minor statistical degrade 

in comparison to FWI noise-free data was obtained due to instrumental noise. We showed that as long 

as the data amplitude is higher than the level of the random noise, and not attenuated too much due to 

the presence of the tracer, the FWI reconstructs the plume successfully.  

Since all previous crosshole GPR FWI studies were applied under steady state conditions, we tested 

four different strategies to define the optimal starting model of the time-lapse data. Thereby it was 

shown that using the FWI of the previous day (strategy III), the FWI images contain more spectral 

information in comparison to the background starting model, however the tomograms showed a lower 

model accuracy. One reason for this could be that numerical model errors are accumulated in the 

recovered FWI models, which are then sequentially further propagated in the following inversion 

resulting in overfitting causing more numerical artifacts. Therefore, using FWI background (strategy 

II) is found as a robust and practical FWI starting model strategy for time-lapse data, adequate for all 

tracer experiments. FWI Recovery of both permittivity and electrical conductivity distributions resolved 

structures of about 0.2 m. While the electrical conductivity structures are more smoothed and the 

anomalies in the model are more dampened, the permittivity model is able to reconstruct more details. 

Therefore, the reconstruction of the plume from GPR time-lapse datasets and using petrophysical 

relations which depend both on porosity (from FWI permittivity background) and formation factor 

(from FWI electrical conductivity background), provided better reconstruction of permittivity changes. 

The high-resolved reconstructed distribution of the tracer allowed us to calculate breakthrough curves 

which successfully recovered the true ones, at each cell in the cross-borehole plane.  

We showed by estimating the approximated first Fresnel volume (zone which affects the GPR traveling 

wave) and by performing 3D modeling, that out-of-plane effects which include the heterogeneity of the 

elongated plume, do not significantly affect the signal. Because the horizontal distribution of the plume 

is relatively uniform within the Fresnel zone radius, for synthetic 2D data that is generated in a crosshole 

plane perpendicular to the flow direction, out-of-plane effects of the heterogeneity of the plume will not 

dominate the recorded signals. Thus, for the realistic tracer transport heterogeneity, investigating GPR 

FWI with 2D data is acceptable, and saves computation time in comparison to simulating 3D data for 

multiple days in a tracer test. In addition, changes in concentrations during acquisition time were small 

and it was acceptable to neglect these changes. However, in aquifers with a fast transport velocity, this 

assumption would require further testing. 

To summarize, the ability to monitor and locate environmental tracers using two GPR FWI parameters 

at a high-resolution, shows the potential of time-lapse GPR FWI in practical applications, e.g., to locate 

and monitor pollutants and remediation injection liquids. 
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Chapter 5 

GPR full-waveform inversion monitoring of a salt tracer test 3 

In this chapter, for the first time we apply the GPR time-lapse FWI to an experimental dataset acquired 

during a salt tracer experiment. Thereby, we investigate the potential and challenges for time-lapse GPR 

data and discuss several processing steps to derive reliable FWI results for each data set measured 

during the experiment. As already discussed in Chapter 4, important aspects are to have a robust starting 

model strategy and the estimation of the effective source wavelets are carefully investigated. We 

investigated the consistency of the reconstruction of the plume by analyzing the temporal and spatial 

continuity across neighboring GPR FWI planes, by correlating with borehole logging data, by 

comparing to time-lapse ZOP analysis and with expectations based on past tracer tests in the aquifer. 

5.1 Saline tracer test 
For our experimental study, we acquired data at the Krauthausen test site, as described in Section 3.1. 

In April 2019, 4000 L of salt tracer was injected to the sandy aquifer. The tracer was prepared by mixing 

dry CaCl2 salt with pumped groundwater at the site and stored in one-cubic-meter containers. The 

electrical conductivity (ů) in each container was approximately 1200 mS/m (13 times more than 

groundwater of ~ 92 mS/m), which regard to density it is equivalent to about 0.7% denser tracer than 

the groundwater at the injection borehole. The tracer and the groundwater temperature were about 10°C 

with negligible changes with time. The tracer was pumped into the aquifer through borehole B29 

(Figure 5.1a) using an injection pipe at a depth of 5 m and a mechanical pump at a constant rate of 2100 

L/hour (Figure 5.1b). Borehole B29 is screened from 3.1 to 11.1 m below surface and therefore allows 

a direct flow of the tracer into the aquifer along the entire water filled borehole. During the pumping, 

we carefully checked that no rise of the water table height in the borehole occurred to avoid infiltration 

from the unsaturated zone of the aquifer. The tracer was transported from the injection well in the 

aquifer with the natural groundwater velocity.  

Additionally to the GPR measurements, the tracer was monitored at the boreholes in the expected tracer 

transport path using electrical conductivity borehole sensors (CTD-Diver DI27, vanEssen Instruments). 

These tools provided ů and temperature depth profiles, and were measured at the injection borehole 

B29, and at the monitoring boreholes B32, B31 and B34, during the first two weeks after the injection 

once or twice a day, and later every 2-4 days. Borehole B38 has no slots in the tube, is not connected to 

the aquifer and was therefore not measured. The temperature is measured using a semiconductor sensor.  

                                                           
3 adapted from Haruzi, P., J. Schmäck, J. van der Kruk, H. Vereecken, J. Vanderborght and A. Klotzsche, 2022. 

GPR full-waveform inversion monitoring of a salt tracer test, Water Resources Research, in preparation. 
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Figure 5.1: Setup of the salt tracer test scenario at the Krauthausen test site a) Schematic setup of the 

used boreholes for the injection (red circle) and the crosshole GPR measurements. Note that the setup 

is embedded in Figure 3.1b. The seven crosshole GPR planes are indicated with the black lines. The 

green and blue squares indicated the location of the fixed and time-lapse conductivity logs, respectively. 

For a larger view on the test site see Figure 3.1a. b) Picture of the injection pump and salt tracer 

containers. c) Example of a crosshole GPR measurement performed during the tracer test.  
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The conductivity in the water is measured using a 4-electrode measuring cell (vanEssen product manual 

Diver®). The temperature measurements at each location were used to standardize the corresponding ů 

measurement to ů at 25 °C (see e.g., Hermans et al., 2015). The depth is measured as a sum of the water 

level from the surface, calculated using a water level indicator (dipmeter), and the water column (WC) 

from the pressure measurements. The Diver measures the absolute pressure (pDiver), i.e. the sum of the 

water pressure and the atmospheric pressure (pBaro) pushing on the water. The WC can be expressed as: 

ὡὅ ωψπφȢφυ Ͻ 
ὴ ὴ

”ẗὫ
 ȟ Eq. (5.1) 

where WC is measured in meters, p is the pressure in cmH2O, ɟ is density of the water (1000 kgẗm-3), 

and g is the acceleration due to gravity with 9.81 mẗs-2. A slow move-down of the measuring sensor and 

a sampling rate of 1 second produced high-resolution depth profiles within centimeter scale. However, 

the daily GPR measurements with borehole antennae along the water column unavoidably mixed the 

water. As a result of the mixing, the conductivity profile was smoothed. We measured each day with 

the Diver in the morning before the GPR measurements, and after the measurements.  

5.2 Borehole logging 

Thirty minutes after the injection was terminated, we can observe a slightly lower ů in B29 of about 

1180 mS/m than the ů of the injected tracer of 1200 mS/m (Figure 5.2a). Additionally, distinct 

differences of ~30 mS/m can be observed in the ů depth profile. Above 4 m, the lower ů is related to 

dilution in the borehole due to high velocity in that region, in agreement to the gravel facie (Figure 3.1b) 

of high hydraulic conductivity (K). Between 4-5.9 m, high ů values relate to a lower dilution in the sand 

facie, which has a smaller K. Between 6-7.5 m and 8.3-10 m, the low ů correspond with high velocity, 

whereas the high ů between 7.6-8.3 m corresponds to a small K layer. The aquifer facie between 6-10 

m was interpreted as a sandy gravel facie (Gueting et al., 2015); however, the slow flow velocity layer 

at 7.6-8.3 m was not observed in previous measurements that were measured at different locations at 

the site, thus suggesting also horizontal variability. Inside that facie, the vertical variability of the 

velocity magnitude inside is in general agreement with stratification (Döring, 1997), with well water 

velocities from dilution tests (Englert, 2003), and grain size distribution along the profile (Gueting et 

al., 2015). ů abrupt changes of 0.1 m width scale are observed at 7 and 9 m depths, suggesting narrow 

flow paths. High ů below 10 m is due to less dilution, which may be related to a layer of a lower K, due 

to an increase in clay fraction (Tillmann et al., 2008), or also due to sinking of the dense plume to the 

bottom of the well.  
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Figure 5.2: Electrical conductivity measurements in the injection borehole B29. a,b) Electrical 

conductivity depth profile a) 30 minutes and b) 7 days after the end of injection. C) Mean electrical 

conductivity at depths below and above 10.5 m over a time of 15 days. The injection conductivity was 

1200 mS/m. 

Figure 5.2b shows that on Day 7 the ů above 10.5 m is back to the values of the groundwater and ranges 

only within 2 mS/m. In general, for all following days after the injection in B29 (ů logging depth profiles 

on Days 1-6, not shown here), we observed a decrease in ů, but because of unavoidable mixing of the 

water by the moving of the GPR antennae, clear variability was not observed above 10.5 m depth. 

Below 10.5 m ů was high (up to ~500 mS/m) due to tracer density effects. Therefore, for all time-lapse 

logging measurements we averaged the ů for the regions above and below 10.5 m (Figure 5.2c). The 

upper part shows an exponential-like decay with ů back to normal groundwater values at about Day 4, 

and the lower part shows normal groundwater values after 15 days. 

In the monitoring boreholes B32 and B31 (5 m at the sides to the main flow path, Figure 5.1a) on Day 

7, we observe ů variability of about 1 mS/m (Figure 5.3a,b), but it is too small for interpretation for 

velocity variability. We averaged the ů depth profile across the water column. Mean ů changes were 

too small to show a trend (Figure 5.3d), thus we cannot imply that a change is due to a tracer migration 

at these boreholes, and it is indicating that the plume is narrow. B34 at the main flow path on Day 7 

shows variability of ů with depth (Figure 5.3c). On 6 m depth, low ů is probably related to high velocity, 

which causes dilution, but not to migration of tracer due its lower values. In addition, the daily vertical 

mixing by GPR antenna complicates the quantitative interpretation of ů. Still, we recognize three 

distinct layers in the profiles at all days: above 8 m (L1), between 8 and 10.5 m (L2), and below 10.5 

m depth (L3). Similar layers were derived from the grain size analysis from Gueting et al., (2015). First 

arrival of the plume at B34 (10.8 m distance) can be observed after 3 days. For the top two layers, the 

curve breakthroughs after 8 days, and the ů increase from the background with respect to the injection 

ů are 3.5% and 5.8% for L1 and L2, respectively. At bottom part L3 breakthroughs after 18 days with 

22.7% difference to the injection ů, probably related to the dense injection salt water that sunk at B29 

and migrated on the bottom of the aquifer. 
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Figure 5.3: Electrical conductivity logs in monitoring boreholes B34, B32 and B31. a-c) Electrical 

conductivity depth profile 7 days after the end of injection, in borehole B34, B32 and B31, respectively. 

d) Mean electrical conductivity from depth profiles over a time of 30 days. 

5.3 GPR data acquisition 

We measured five crosshole GPR planes with distances between 5 and 6 m with the 200 MHz antennae, 

while for larger borehole distances we utilized the 100 MHz antennae of the Sensors and Software 

(Canada) pulseEKKO Pro system. Note that in this study, we only investigated in detail the 200 MHz 

data.  
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Table 5.1: Detailed overview of the acquisition days and when each crosshole plane was measured, 

and the number of transmitters and receivers used in the acquisition. 

Plane 

 

Back-

ground 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 

3831 ṉ  ṉ ṉ ṉ ṉ ṉ ṉ ṉ  ṉ     

trn. 62   32 44 49 48 49 49 49  49     

rec. 126  126 125 125 125 125 125 125  125     

3238 ṉ  ṉ ṉ ṉ ṉ ṉ ṉ ṉ  ṉ     

trn. 43   43  31  42  50  50  50  50  50      

rec. 135  135  132 132 132 132 132 132 132     

2938 ṉ ṉ ṉ ṉ ṉ   ṉ  ṉ  ṉ   ṉ 

trn. 47 44 33 44 56   46   62  62   62 

rec. 142 114 131 129 139   138  137  137   137 

3834 ṉ       ṉ  ṉ  ṉ   ṉ 

trn. 47       46   61   63   52 

rec. 142       139  137  137   137 

3134 ṉ         ṉ      

trn. 55         61      

rec. 144         137      

In crosshole data there is no air wave, hence calibrations measurements are needed to estimate the time-

zero of the GPR data. Therefore, we performed WARR measurements in air, which were repeated 

several times during the acquisition of one crosshole plane to capture time dependent variation on the 

signals (about 3-4 times per plane). In WARR mode, one borehole antenna is held fixed, while the other 

antenna is moved from a starting antenna offset of 0.5 with a 0.1 m spacing to the end of a 6 m long 

profile. ZOP data were measured for the same planes, where MOG data was measured at the same day. 

ZOP data was acquired with a vertical spatial sampling of 0.1 m and temporal sampling of 0.2 ns. 

Considering a water table height of approximately 2.5 m, the ZOP data have 65-80 traces per plane 

depending on the depth of the boreholes.  

Per day, we normally measured between 1-4 crosshole MOG planes using a semi-reciprocal setup 

(Section 1.2). For both background and time-lapse datasets, we always used receiver spacing every 0.1 

m. As shown by Oberröhrmann et al. (2013), a denser transmitter and receiver spacing is providing 

better FWI models as a more spares one. Moreover, the synthetic study showed that starting models for 

time-lapse data, which are closer to the reality of the subsurface provide more accurate FWI results 

(Figure 4.4). Therefore, the background GPR data were measured with a denser transmitter spacing of 

0.2 m than the time-lapse data that were measure with 0.4 m transmitter spacing. For the time-lapse 

data a compromise between spacing and measurement time needed to be found to allow to measure as 
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many MOG planes as possible per day. Note that in the processing of some of the background datasets 

(2938, 3238 and 3834) inconsistencies were observed, which required to use background datasets from 

another tracer experiment performed some months later (Tx spacing 0.4 m).  

The acquisition time of one crosshole plane depends on the amount of data, and for trained persons the 

time was approximately 1-2 hours. Measurements were conducted from 0.5 m below the water table, 

until the maximal depth of available deviation data at 9 - 10.5 m depth. Borehole deviation data were 

used to correct for the lateral antenna location, which are necessary to avoid inversion artifacts. 

5.4 GPR data processing 

Before the inversion of the crosshole GPR data, the following pre-processing steps were performed: 

dewow filtering, time-zero correction, deviation correction of the tubes and first arrival time picking to 

obtain a ray-based start model for the FWI. 

5.4.1 Dewow filter 

In raw GPR data, a low-frequency wow is present (Huisman et al., 2003), which can be removed with 

the so called dewow filter. In the frequency domain, this wow is present for low frequencies (Figure 

5.4a), resulting in the time domain with long wavelength and static amplitude offset (Figure 5.4b) that 

interfere the actual signal of interest. Additionally, the dewow filter shifts all the traces to zero amplitude 

at time t=0. Figure 5.4c shows a raw data image scan with shot gathers from WARR, ZOP and part of 

the MOGs that were measured at the beginning of the measurement in an exemplary plane. The 

dewowed data image scan shows that the wow is removed (Figure 5.4d). Overall, the noise level in 

crosshole GPR data is low, therefore no additional filters are applied. 
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Figure 5.4: Example of the procedure of the dewow filter. a) Frequency spectra and b) time-domain 

plot of an exemplary raw and dewowed trace. c) Raw and d) dewowed data from WARR, ZOP and 

MOG shot gathers as indicated in the figure.  
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5.4.2 Time-zero correction  

The pulse time that is measured at the receiver depends on the subsurface properties where it is 

travelling, and also on the time when the pulse enters the medium (commonly called 'time zero'). This 

starting time is generally unknown, system dependent and time varying, therefore it needs to be defined 

and corrected for each data set (Klotzsche et al., 2019b). Differences in this time zero point can be 

caused by thermal drifts, cable length differences, electronic instability, and variations in antenna air 

gap. Especially for crosshole applications, where no air wave is present in the data, additionally 

calibration measurements need to be performed. Commonly, calibration measurements in air are 

applied, by either measuring the air wave at a fixed offset using Tx and Rx antennas, or by performing 

WARR/CMP measurements at defined profiles. Since the known velocity of the wave in air and the 

known offset, the time zero ὸ can be calculated. Because ὸ  can change during the measurements 

(Klotzsche et al., 2019), WARR calibrations were acquired approximately every one hour. 

From WARR acquisition on the surface, where the signal is measured from direct air wave, ὸ is 

calculated from subtracting the expected arrival time of the pulse in air from the actual first arrival time 

ὸ : 

ὸ ὸ
ȿ● ●ȿ

ὧ
ȟ Eq. (5.2) 

where ● (fixed) and ● (moving) are the positions of transmitter and receiver antenna, and ὧ is the 

velocity in air. These calibrations measurements are in the best case performed several times during the 

measuring time of the crosshole plane. Using this approach, ὸ of the WARR measurements is 

calculated from the intercept of the linear regression line with the vertical axis. WARR acquisitions are 

performed at the beginning and at the end of each plane, and the ὸ of each individual MOG (or ZOP) 

in between is estimated over time between the exact defined calibration time zeros by a linear 

interpolation from assuming that the ὸ shift is linear (example in Figure 5.5a). However, time zero shift 

can vary during the measurement time, and because the FWI is sensitive to small time zero errors, this 

approach is sometimes not sensitive enough. to capture also small-time changes.   
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Figure 5.5: a) Zero time from WARR calibration. b) Absolute zero time derived from ZOP cross-

correlation (a, red line), with blue and red circles from WARR calibration. 

Oberröhrmann et al. (2013) introduced a new improved time-zero correction method, which uses ZOP 

measurements and one subsequent WARR measurement. This method cross-correlates each ZOP trace 

with the corresponding trace of each MOG, which has travelled the same path between the same 

transmitter and receiver positions (Figure 5.6a,b). Note that the ZOP traces first need to be time 

corrected using the WARR measurement, which is recorded in a short time interval before or afterwards. 

From the highest cross-correlation of the two ZOP and MOG traces shows the time shift that occurs 

over time (Figure 5.4), caused by the time zero changes. This time difference between the ZOP and 

MOG traces (Figure 5.6c) is used to correct the time zero of the single MOG shot data (Figure 5.5b). 

 

Figure 5.6: Time zero correction for MOG data based on ZOP and MOG traces cross-correlation. (a) 

The setup of one MOG data set for one transmitter (TRN) position and (b) the ZOP data set. This method 

cross-correlates each ZOP trace with one trace of every MOG, which has traveled the same path 

between the same transmitter and receiver positions (red lines in a and b). The corresponding red traces 

of (a and b) are shown in (c and d), respectively. The time zero is the time shift ȹt, which needs to be 

applied to correct the MOG data (Reprinted from Klotzsche et al., 2019b). 
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5.4.3 Borehole geometry  

In reality, boreholes deviate from straight vertical lines, which influence the distance between 

transmitter and receiver, hence can influence the travel times and the obtained soil properties. Therefore, 

accurate deviation coordinates of each borehole were determined using the QL40, DEV Borehole 

Deviation Probe (ALT, Mount Sopris Instrument). Using this logging tool, the azimuth and the magnetic 

inclination for each antennae position in the borehole is measured and the true coordinates for each 

measurement point can be obtained (Figure 5.7). Additionally, the depth of the measurement is correct 

to the surface by subtracting the height of the tubes and to an overall maximum height of the test site. 

 

Figure 5.7: Exemplary borehole depth and lateral distance projected to the crosshole plane of two 

boreholes.   

5.4.4 Picking of first arrival time of ZOP and MOG traces  

Although the full-waveform approach uses the entire trace information, the first arrival time of each 

MOG trace (Figure 5.8) is needed as input data to constrain the ray-based inversion to derive the 

background starting models for the FWI. To avoid manual picking of thousands of traces, an automatic 

picking routine is used, which requires only picking of some reference traces (Klotzsche et al., 2019c). 

This routine requires for each data type a constant between the first break and the first maxima position 

of the traces. These constants are picked for some exemplary traces and applied with the automatic 

picking routine to all the data. Note that these constants are defined for each crosshole plane dataset. In 

a second step, data that have a high noise level or small amplitudes (normally high angle data) are 

excluded to avoid errors in the ray-based inversion.  
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Figure 5.8: Exemplary first arrival time picking of one MOG trace. Green circle represents the first 

arrival-time, red circle represents the first maxima. The time difference (here in samples) indicated by 

the purple line is the defined constant used in the automatic picking routine.    

5.4.5 Investigation of data consistency 

A GPR signal emitted from a source in a water-filled borehole is coupled with high electrical 

conductivity of salt solutes in water (Liu et al., 1998) which causes frequency-dependent attenuation. 

In a crosshole survey during a salt tracer migration each antennae is located at boreholes with different 

salt concentration, and later the Tx and Rx switch locations. We introduce a new data validation 

approach to investigate the borehole filling effect on the data. In each semi-reciprocal data set, data 

pairs are considered, which have the same Tx-Rx and Rx-Tx locations (Figure 5.9). We tested this 

approach for two planes, one which only has a minor effect and one which has a large effect by the 

temporal ů changes. Plane 3831 is perpendicular to the flow direction, therefore the ů temporal changes 

in B31 are minor, while in B38 water ů is not affected by the tracer (not connected to the aquifer, sealed 

tube). For the plane 2938 significant differences are expected due to that this plane is parallel to the 

flow direction and B29 is the injection borehole. For each plane, we plot the semi-reciprocal traces for 

two locations where the tracer is expected to travel (8.3-10.2 m): one horizontal pair of Tx-Rx and one 

pair with a 20° angle (Figure 5.9).  

All the results show visually and mathematically by calculating correlation coefficient R2 between both 

reciprocal traces, and root mean square error NRMSE (ὙὓὛὉὃ ὃϳ ), that the semi-

reciprocal traces are almost identical. The good alignment of traces regardless whether the transmitter 

(or receiver) was located in a high or low conductivity borehole suggests that the total effect of the 
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borehole water on the signal is an integration of the borehole effect on both the transmitter and the 

receiver. These findings underline that the contribution of the Tx and the Rx on the GPR data are same. 

 

Figure 5.9: Data quality check for the time-lapse crosshole GPR data. Exemplary GPR traces from 

reciprocal locations of transmitter and receiver antennae during the tracer transport, at time and 

location which the tracer is present at the plane. Left and right columns show the traces in time and 

frequency domain, respectively. R² and NRMSE between the traces are shown to estimate the alignment 

of the reciprocal traces. a,b) Plane 3831, horizontal direction. c,d) Plane 3831, 20° to the horizontal. 

e,f) Plane 2938, horizontal direction. g,h) Plane 2938, 20° to the horizontal.  

In planes 3831 and 2938 the data are from days 4 and 3, respectively (see Table 5.1 for more details). 



75 

 

 
 
 

5.5 Crosshole ZOP analysis 

The time-lapse ZOP data with relation to the background ZOP data are used to produce 1D-depth 

profiles of the permittivity and attenuation. With the final ZOP results, we investigate the effect on the 

permittivity and attenuation over time by calculation of the permittivity differences ȹŮr using  

Ůr=(c0/ (ȹx/tarrival-time))2 Eq. (5.3a) 

and  

ȹŮr=Ůr(Day t) ï Ůr(Day 0), Eq. (5.3b) 

where ȹx is the Euclidean distance between the transmitter and receiver position, and tarrival-time is the 

wave traveling time between transmitter and receiver (see Section 5.3.2).  

From the ZOP data, we can also derive the differences of the attenuations of each ZOP. The difference 

attenuation dŬ (calculated in dB) between data measured in time-lapse to background data for a single 

trace comparison is calculated for the respective transmitter and receiver locations (Day-Lewis et al., 

2003): 

Ὠ‌ ρπϽὰέὫ
В ὃ

В ὃ
 ȟ 

Eq. (5.4) 

where n is the number of samples in a single trace, and ὃ  and ὃ are the amplitudes of samples in the 

background and time-lapse data, respectively.  

Ůr depth profile of all days, and ȹŮr time interpolation using a color scale, are presented for all ZOP 

depth measurements (Figure 5.10).   

The results of plane 2938 show increased permittivity until ȹŮr=3 on days 1-3, days when high ů were 

still observed in the borehole (Figure 5.2c), and no changes on later days. This effect could maybe be 

caused by the correlation between high ů and an effect of the borehole filling (i.e. high ů in boreholes 

because of the salt tracer) and the resulted of delay in time on the data. In the planes 3238, 3831 and 

3834 we observe time-lapse ȹŮr -1.5 and 1.5, but with no clear explanation for depth or correlation to 

other data. In general, no changes in permittivity are expected caused by the salt tracer changes. A 

possible explanation for these observed differences could be explained by acquisition errors (position 

of the antennas in the boreholes) or picking errors.  

Trace energy depth profile of all days, and difference attenuation dŬ time interpolation using a color 

scale, are presented for all ZOP depth measurements (Figure 5.11).  We note that the measurements and 

interpolation for plane 2938 (B29 is the injection borehole) after Day 1 present a decay shape of dŬ, 

which were caused by the salt tracer. Before the first time-lapse measurement at Day 1, however, the 

results erroneously show an increase in dŬ. On Day 0 the background was measured with no tracer and 

thus resulted in low attenuation. After the injection was terminated (after 0.1 day) and until Day 1 data 

was not measured. Therefore, the expected high ů in borehole B29 until Day 1 are not shown in  
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Figure 5.10: Analysis of the time-lapse ZOP relative permittivity data. Top two planes (3831 and 3238) 

were measured perpendicular to flow direction, while the bottom two planes (2938 and 3834) were 

measured in flow direction. a,c,e,g) Depth profiles for the single ZOPs. The colors of the different 

measurement days for a,c,e,g are shown at the bottom of the figure. b,d,f,h) Interpolated relative 

permittivity difference (difference to base line data). The measurement days are indicated with the black 

lines.  
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interpolation curve. Thus, for plane 2938, for the times between 0 and 1 day, we should assume trace 

difference attenuation at values close to those measured at Day 1. 

Figure 5.11b,d,f,h shows dŬ time interpolation for all time-lapse ZOP measurements. For the planes in 

the flow direction that include boreholes B29 and B34, we expect a significant ů effect caused by an 

energy loss due to the presence of the tracer. For the plane 2938 (Figure 5.11a), which is located at0-5 

m distance in flow direction, the trace energy difference dŬ is visible at all depths, especially for the 

measurements of Day 1-3. The high dŬ on these days is related to the tracer in the plane, and to the 

tracer in borehole B29 which was shown to be high on days 1-3 (Figure 5.2c). On the following days, 

of measurements 7,9,11 and 14 the effect of the tracer that remained in B29 was removed. Then, at 

depths, and on days in which dŬ decays, (Figure 5.11a) the tracer has already effectively finished 

passing through the plane, which generally implies on the hydraulic conductivity of the layer in that 

depth. For example, the main parts of the plume travel at ~9 and 10.5 m depth and leave the plane 2938 

after about 9 days (Figure 5.11b), whereas between 4-5.5 m depth of the tracer did not leave the plane 

at 14 days after the injection, correlating with previous knowledge of the sand facie with a lower K 

(Gueting et al., 2017). In the results of the parallel plane 3834 (Figure 5.11h) of 5-11 m distance in flow 

direction, we observe on Day 7,9,11 (the first 3 time-lapse measurement for this plane) the plume is at 

all depths below 7.5 m. The main plume at 9-10 m depth had left the plane after 14 days, and between 

7.5-8.5 m and below 10.5 m the tracer didnôt leave the plane after 14 days. This stratification is in 

agreement with the ů dilution results at the injection borehole (Figure 5.2a). At Day 14, we observe an 

increase in attenuation between 5.5-7.5 m depth, suggesting that this is a layer with lower hydraulic 

conductivity than the layers below 7.5 m. 

For the planes perpendicular to the flow direction 3238 and 3831 (Figure 5.11c-f), we see especially for 

depths below 7.5 m that the dŬ increases after a few days, reaching the maxima of this depth, and then 

decreased in a breakthrough-like curve shape. Above ~7.5 m depth the energy is very similar for all 

time-lapse measurements indicating that tracer transport cannot be deduced confidentially in this region. 

Plane 3831 show 3 compartments: 7.5ï8.2 m, 8.2-9.5 m and below 9.5 m, and the interpolation suggests 

arrival times after 5, 3 and 1 days, respectively. Based on this, we can assume that the main plume 

traveled below 9.5 m. The results for plane 3238 shows only the two bottom compartments. Larger 

trace difference attenuation at plane 3831 than 3238 suggest that more tracer mass flows thorough 3831, 

in accordance with the previous knowledge on the flow direction (Figure 1a, Vereecken et al., 2000). 
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Figure 5.11: Time-lapse ZOP trace energy data. Top two planes (3831 and 3238) were measured 

perpendicular to flow direction, while the bottom two planes (2938 and 3834) were measured in flow 

direction. a,c,e,g). Depth profiles for the single ZOPs. The colors of the different measurement days for 

a,c,e,g are shown at the bottom of the figure. b,d,f,h) Interpolated trace difference attenuation 

(difference to base line data). The measurement days are indicated with the black lines.  
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Note, that erroneous results with higher energy for time-lapse days than the background are observed, 

but they are small and probably related to acquisition errors (e.g., antenna positioning).  

To sum up and conclude, the ZOP results provide a first insight into the flow patterns of the salt tracer. 

However, the borehole filling effects and changing salt concentrations in the boreholes over time 

prevents the ZOP analysis, which is based on ray-based assumptions, to provide a reliable and 

quantitative reconstruction of the permittivity and conductivity. 

5.6 Time-lapse FWI approach  

As mentioned in Section 2.4, to apply the FWI to experimental data requires several pre-processing 

steps including the definition of the starting models and the estimation of the effective source wavelet 

(ESW). We have seen in the numerical study that special care needs to be taken to find an adequate 

starting model strategy for inverting the time-lapse data with FWI. To enable the use of measured 3D 

GPR data in the 2D forward simulation as part of the full-waveform inversion scheme, we applied the 

3D to 2D conversion to all data sets (Equation 2.29). Similar to the synthetic studies, first, the FWI was 

applied to the background datasets for all the planes. Thereby, the ray-based inversion results of the 

travel time inversion are used as starting models for Ůr. For ů a homogeneous starting model based on 

extense previous studies was applied (e.g., Zhou et al., 2020). We normalized the background data to 

the maximal amplitude in that dataset, which is not affecting the resulting conductivity results but 

minimizes the computational burdens. Note that the time-lapse data is normalized not to its maximal 

amplitude, but to the background maximal amplitude of the same plane. By that, we assume that for 

each crosshole plane the actual transmitter antenna was identical at all days.  

Based on the starting models, the ESWs are estimated using the two steps deconvolution approach (See 

Section 2.4.4). An accurate estimation of the source wavelet is important for accurate FWI results and 

especially for the background data, which in turn is crucial when it is used as starting model for the 

FWI of time-lapse datasets. To improve the ESW correction, the FWI loop can be stopped, and the 

source wavelet can be updated again using the last FWI models (Klotzsche et al., 2019). Since the ESW 

estimation is depending on the starting models, we decided to keep the conductivity starting modelôs 

constant over all time steps and background. Similar to the synthetic study (Section 4.3) we study the 

effect of using different starting model strategies based on the time-lapse FWI (Figure 5.12). Strategy 

S1 applies the same starting model approach described for the background data, i.e. Ůr from ray-based 

and ů homogenous of the time-lapse data. Strategy S2 uses the FWI background Ůr and a homogenous 

ů as starting models. Strategy S3 uses both the FWI background Ůr and background ů as starting models.  

To estimate the ESW (Figure 5.12) we also used the two steps deconvolution approach (Section 2.4.4). 

However, for the first step, while S1 is based on the horizontal rays of the time-lapse data, S2 and S3 

the ESW is adopting the ESW of the FWI background. The second step uses the deconvolution approach 

for all three strategies. 
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Figure 5.12: Sketch of the different starting model strategies tested for FWI of time-lapse data. SW ï 

source wavelet; Bkgd ï background; homog ï homogeneous;  

For the forward modeling and inversion of the FWI, we considered a model cell size of 0.03 m and 0.09 

m, respectively. To realistically include reflections and refractions of the GPR data, we describe the 

unsaturated zone with Ůr = 8 (in the range of Ůr for ñsoil sandy dryò in Table 4.1 in Daniels (2004)) 

above the water table. As Klotzsche et al. (2019b) showed, it is necessary to adjust four inversion 

parameters to tune the FWI. Therefore, we adjusted the Ůr and ů perturbation factors (Equations 2.39-

2.40) that provided the best inversion update and minimized the cost function best. For most of the 

background, and the saltwater intruded time-lapse datasets, the perturbation factors of 10-3 and 100 for 

Ůr and ů, respectively, provided the best solution. For days and planes where more tracer was present in 

the planes (e.g., Day 1 of plane 2938), the conductivity perturbation was changed to 101. In order to 

avoid numerical artifacts close to the boreholes, we applied the gradient normalizations which allows a 

medium parameter to be updated in the entire inversion domain with a value of 50 for both parameters 

(Equations 2.41-2.43). According to Section 2.4.5.4, we applied the proposed criteria to define the best 

FWI. Note that for all the following presented results these criteria were fulfilled.  

  



81 

 

 
 
 

5.7 GPR FWI results 

To reconstruct the plume from ů time-lapse changes, we inverted crosshole GPR data from 5 crosshole 

planes (Figure 5.1a): 5 background and 29 time-lapse datasets from Day 1 until Day 14. To characterize 

the saltwater tracer ů from the ů FWI models, which represent the bulk conductivity, we derive the 

plume reconstruction from electrical conductivity difference to the background (rather from 

petrophysical relations, Chapter 4). 

5.7.1 FWI of the background data 

In a first step all the background datasets were inverted using the FWI (exemplary shown for Plane 

3831 in Figure 5.13a,b). To check the robustness of the FWI results, we compare the new background 

results from plane 3831 with a previous study (Figure 5.13c,d) described by Zhou et al., (2020). Note 

that the previous dataset was measured in 2012, while our dataset was acquired 7 years later. The final 

FWI permittivity and electrical conductivity tomograms show very similar structures and values. Small 

local changes are present, which can be explained by the different transmitter and receiver spacing in 

the two data sets. While in the previous study the transmitter and receiver spacings were 0.5 m and 

0.1m, respectively, we have in the current study 2.5 times more data with transmitter and receiver 

spacing of 0.2 m and 0.1m, respectively, which better constrain our FWI results. As Oberröhrmann et 

al. (2013) showed, especially the conductivity results improve with a higher spatial sampling, 

concluding that the new conductivity results are quantitatively better. Nevertheless, the very similar 

results show a great repeatability of the FWI and the results of the test site.  

5.7.2 Starting model strategy for time-lapse GPR FWI 

To make sure we find an optimal strategy for all planes, we investigate the effect of the three starting 

model strategies as described in Section 5.6 for two planes in detail. We first consider plane 3831 

perpendicular to flow direction (Figure 5.16). Although the plume reconstruction in the salt tracer is 

derived from ů changes, to obtain a reliable ů recovery it is required that the Ůr time-lapse model is 

accurate (,Klotzsche et al., 2019b). As expected, since the salt tracer should only affect Ůr very minorly 

(Hagrey and Mülller, 2000), the structure of the FWI Ůr models in plane 3831 of the background and 

strategies S1-S3 for time-lapse data are very similar (Figure 5.16i-l). As expected, the magnitude of 

FWI Ůr results from S2 and S3 is similar to the Ůr background. However, the magnitude of FWI Ůr from 

S1is lower, because it used as starting model from Ůr from that day ray-based inversion which is different 

than Ůr background for S2 and S3. The Ůr final gradient of S2 is the lowest amongst the three strategies 

(Figure 5.14m-p, Table 5.2). In contrast to the background conductivity model, the final time-lapse FWI 

ů models show a large similar increase at 9-10.5 m depth for all three strategies S1-S3 (Figure 5.14q-

t). However, strategy S2 shows the lowest ů final gradient (Figure 5.14u-x, Table 5.2). Note that all 

three inversion strategies resulted in a decay RMSE behavior with proceeding iterations and showed 
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generally a good data fit (not shown). Summarizing the S2 shows also the best RMSE and R2 of the data, 

in addition to the other criteria.  

 

Figure 5.13: Comparison of the FWI background results of plane 3831 from two different acquisitions. 

(a,b) permittivity and electrical conductivity in the current study, and (c,d) from previous study (Zhou 

et al., 2021). Transmitter and receiver locations are indicated by circles and crosses, respectively. Note 

that the conductivity models are plotted with a logarithmic scale.  
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Figure 5.14: FWI results for the 

background and the three starting 

model strategies for plane 3831 

(perpendicular to flow direction), 

at Day 4. B38 is the left and B31 

is the right borehole. a-d) Ůr 

starting models for the different 

starting model strategies and e-h) 

corresponding ů starting models. 

i-l) Final FWI Ůr models and 

corresponding m-p) Ůr gradients. 

q-t) Final ů FWI models and u-x) 

corresponding Final ů gradient. 

Circles and crosses, respectively 

indicate transmitter and receiver 

locations. 






















































































































































































