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Riassunto 

Le acque di superficie e di falda sono i due elementi della stessa preziosa e 

vulnerabile risorsa. Per una gestione e protezione efficace di tali risorse, è necessario 

comprendere e quantificare i relativi meccanismi di flusso e trasporto e i processi di scambio 

e miscelamento. A questo scopo, la geofisica fornisce utili strumenti di visualizzazione e 

quantificazione. In questa tesi è stata applicata la tecnica di tomografia elettrica in foro (ERT) 

in 3D per investigare le proprietà idrogeologiche e la risposta idrologica di un acquifero 

localizzato nella Svizzera nordorientale ricaricato continuamente dal vicino fiume. In 

particolare, la ERT è stata usata per definire le principali strutture litologiche all’interno 

dell’acquifero (attraverso inversione statica) e per rappresentare il miscelamento delle acque 

fluviali con le acque di falda e i relativi fenomeni di trasporto (attraverso inversione time-

lapse). 

In seguito a eventi pluviali e successive variazioni della portata del fiume, la 

percentuale di solidi dissolti cambia facendo variare la resistività dell’acqua. 

Conseguentemente, le caratteristiche elettriche dell’acqua che s’infiltra nell’acquifero 

possono essere usate come un tracciatore naturale per evidenziare i percorsi preferenziali e le 

velocità del flusso al suo interno.  

Il sistema di monitoraggio comprende diciotto fori che attraversano l’intero acquifero, 

ciascuno di questi equipaggiato con dieci elettrodi. Un ohmmetro multicanale è programmato 

per seguire il ciclo di una sequenza di configurazioni a quattro elettrodi e misurare, ogni sette 

ore, circa 15000 resistività apparenti. Tale processo è reiterato senza interruzione. 

L’inversione statica in 3D dei dati acquisiti in un periodo di condizioni idrologiche 

stabili, fornisce il modello di base per lo studio d’inversione time-lapse e permette di 

investigare la capacità di risoluzione del sistema di acquisizione dati. Nel modello statico 

finale si delinea uno strato intermedio più resistivo, e probabilmente meno poroso, che si 

estende attraverso tutto il volume dell’acquifero. Questa struttura è coerente con i risultati 

ottenuti tramite logging in foro e con i modelli sismici e georadar. 

Per ridurre il numero di artefatti nel modello d’inversione, si è tento conto sia dei fori 

che il fluido in essi contenuto. L’effetto del fluido nei fori è stato studiato attraverso 

modellizzazione numerica in 3D agli elementi finiti e con mesh non strutturata. Tale studio 



Riassunto 

 iv 

mostra come per forti contrasti delle proprietà elettriche, grandi diametri dei fori e utilizzando 

configurazioni classiche di misura questo effetto possa essere significativo. In particolare, per 

un contrasto di 100:1, un diametro di 10 cm e un dipolo distanziato di 5 m, le resistività 

apparenti sono sottostimate del ~12% se è utilizzata una configurazione AB-MN e 

sovrastimate del ~24% per la scelta di una combinazione di elettrodi AM-BN. 

Paradossalmente, senza l’inclusione dei fori contenenti fluido a bassa resistività, l’inversione 

di un sottogruppo di dati misurati al sito sperimentale produce artefatti ad alta resistività 

intorno ai fori. L’utilizzo di fattori di correzione basati sui risultati della modellazione 

numerica con e senza fori, non migliora le immagini in maniera rilevante. Per rimuovere 

questo effetto è necessaria, quindi, l’esplicita integrazione dei fori e del fluido in essi 

contenuto, nella parametrizzazione del modello d’inversione .  

Le variazioni temporali delle caratteristiche elettriche dell’acqua del flume sono state 

usate per caratterizzare la dinamica del aquifero a esso connesso. Sulla scala di un singolo 

evento idrologico, le resistività apparenti sono principalmente sensibili alla posizione della 

superficie freatica (che implica una variazione della saturazione dell’acquifero) e alla salinità 

dell’acqua di falda. A questi due fenomeni si aggiunge il trend stagionale della temperatura 

dell’acqua. Il contributo dei soprammenzionati effetti varia in funzione del tempo e della 

configurazione degli elettrodi. L’inversione time-lapse dei dati ERT, esclusivamente corretti 

per l’effetto della temperatura, mostra notevoli artefatti legati alle fluttuazioni della superficie 

freatica.  

Per ridurre questo effetto, le variazioni delle resistività apparenti (corrette per la 

temperatura) sono state descritte come la sovrapposizione lineare di funzioni filtro convolute 

con le serie temporali delle variazioni del livello nel fiume e con le serie temporali delle 

variazioni della resistività dell’acqua. Attraverso un processo di deconvoluzione, per ogni 

configurazione ERT, è stata ottenuta la stima dei valori delle funzioni filtro. Il metodo è stato 

applicato per dati di monitoraggio geoelettrico in foro in 3D ottenuti sul sito sperimentale. Le 

funzioni filtro, stimate con il metodo sopra descritto, riproducono e predicono accuratamente 

i dati sperimentali. Con il loro utilizzo, la componente delle resistività apparenti legata alle 

variazioni della superficie freatica è stata stimata e , in seguito, rimossa dai dati. Le serie 

temporali delle resistività apparenti corrette e quelle dei modelli di resistività ottenuti 

attraverso l’inversione time-lapse di tali dati, sono altamente correlate con le serie temporali 

della resistività dell’acqua e minimamente con quelle della posizione della superficie freatica.  

I modelli di resistività ottenuti attraverso l’inversione time-lapse mostrano una 

distribuzione di percorsi di flusso e di zone d’infiltrazione relativamente complessi. La parte 
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superiore dell’acquifero è quella generalmente più toccata dal processo d’infiltrazione mentre 

le velocità di flusso più elevate si localizzano in regioni più profonde. Inoltre, sono state 

identificate possibili zone di flusso preferenziale in varie sezioni dell’acquifero. Le serie 

temporali dei modelli di resistività concordano con quelle di resistività elettrica dell’acqua 

misurate nei fori. Le similarità sono notevoli nella parte superiore e mediana dell’acquifero 

mentre nella regione più profonda e vicina all’acquitardo, le prime mostrano variazioni più 

piccole e risposte ritardate rispetto a quelle dell’acqua di falda.  

Questo studio ha dimostrato che, utilizzando monitoraggio ERT in foro e le variazioni 

naturali della resistività elettrica dell’acqua di un fiume, è possibile visualizzare e analizzare, 

in 3D e con elevata risoluzione spaziale, il processo d’infiltrazione e la dinamica di flusso 

all’interno di un acquifero. 

	  



 

 

Abstract 

Understanding and quantification of flow and transport mechanisms and surface 

water - groundwater exchange processes are necessary for the effective management and 

protection of precious surface water and groundwater resources. Geophysics provides 

powerful imaging and quantification tools for this purpose. In this thesis, I use 3D crosshole 

electrical resistivity tomography (ERT) to investigate the hydrogeological properties and 

hydrological responses of a producing aquifer in northeastern Switzerland. Specifically, I use 

ERT to define the main lithological structures within the aquifer (through static inversion) 

and to image the mixing of river water with groundwater and associated groundwater 

transport (through time-lapse inversion).  

During rainfall-runoff events, the river water resistivity increases. As a consequence, 

the electrical characteristics of the infiltrating water can be used as a natural tracer to 

delineate preferential flow paths and flow velocities. I install a monitoring system that 

comprises 18 boreholes, each equipped with 10 electrodes extending through the entire 

thickness of the gravel aquifer. A multichannel resistivity meter is programmed to cycle 

through various four-point electrode configurations in a rolling sequence. This allows the 

measurement of ~15,500 apparent resistivity values every seven hours or so on a continuous 

basis and with a suitable speed for capturing the fast dynamics of the system. 

The 3D static ERT inversion of data acquired under stable hydrological conditions 

provides a base model for the time-lapse inversion studies and the means to investigate the 

resolving capabilities of our acquisition scheme. The final ERT static model delineates a 

relatively high-resistivity low-porosity intermediate-depth layer throughout the investigated 

aquifer volume, consistent with results from well logging, and companion seismic and radar 

tomography models.  

In deriving this static resistivity model, the boreholes, their contained conductive 

fluids, and several well-established geological and hydrogeological boundaries are 

considered in the inversion. If the à priori information is not accounted for, distortions in the 

resistivity images occur. In particular, 3D finite-element modeling using an unstructured grid 

demonstrates that the borehole fluid effect is severe for large resistivity contrasts and large 

borehole diameters when using standard electrode configurations. For a resistivity contrast of 
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100:1, a borehole diameter of 10 cm, and a bipole electrode spacing of 5 m, the apparent 

resistivity is under-estimated by ~12% using AB-MN configurations and overestimated by 

~24% when using AM-BN configurations. Inversions of a subset of the raw field data from 

the site that ignores the boreholes filled with low resistivity fluid paradoxically produces high 

resistivity artefacts around the boreholes. Including correction factors based on the modeling 

results for a 1D model with and without the boreholes does not markedly improve the 

images. The only satisfactory approach is to use a 3D inversion code that explicitly 

incorporates the effects of the boreholes in the actual inversion.  

Temporal fluctuations of river water electrical resistivity are used to characterize the 

dynamics of groundwater in the adjoining aquifer as it is infiltrated by the river water. On the 

scale of a single rainfall-runoff event, the raw ERT apparent resistivity data are mainly 

sensitive to groundwater height, which translates to variations in aquifer saturation, and 

groundwater salinity, with the relative contributions of these two effects depending on the 

timing and electrode configuration. To these two effects, a seasonal drift due to varying 

groundwater temperatures needs to be considered and removed. Time-lapse inversions of the 

ERT data corrected for seasonal temperature variations display strong artifacts related to 

groundwater-height fluctuations. To resolve this problem, I first express fluctuations of the 

temperature-corrected apparent-resistivity data as linear superpositions of filter functions 

convolved with time series of river-water-height and river-water-resistivity variations 

(measured with borehole loggers). Individual filter functions are obtained for each electrode 

configuration via deconvolution. The method is applied to the 3D borehole ERT monitoring 

data. The estimated filter functions accurately predict the variations in the land-based 

apparent resistivity data and reasonably distinguish the groundwater-resistivity from the 

groundwater-height contributions. In fact, the filtered ERT data correlate closely with 

groundwater electrical resistivity and only weakly with groundwater-height fluctuations. 

Furthermore, the time-lapse resistivity models obtained from the apparent resistivities filtered 

for the unwanted effects show significantly fewer artifacts attributed to the groundwater table 

than the results from the raw data. 

The time-lapse resistivity models indicate rather complex infiltration and flow 

patterns. I find that the upper part of the aquifer is generally the most affected by the river 

infiltrate. The highest groundwater velocities and a possible associated preferential flow path 

are confirmed to be at shallow to intermediate depths. Time series of the reconstructed 

resistivity models agree well with groundwater electrical resistivity data in the upper and 

middle parts of the aquifer, whereas the resistivity models in the lower part display smaller 
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variations and delayed responses with respect to the groundwater monitoring data. This study 

has demonstrated that natural electrical resistivity variations in river signals can be used to 

image 3D infiltration and aquifer dynamics at a high spatial resolution through long-term 

crosshole ERT monitoring. 
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1.1. Surface water - groundwater interactions and hydrogeophysics 

Surface water and groundwater form two components of a single precious resource 

that is critical for human survival (drinkable water), agricultural production, mining 

operations, and sustainable ecosystems (Winter et al., 1998). Understanding and quantifying 

flow and transport processes as well as surface water – groundwater interactions (Figure 1.1) 

are fundamental for the management and protection of this resource. The importance of these 

issues is clearly demonstrated by the increase in water-related regulations, such as the 

European Water Framework Directive (WFD, 2008). The key scientific questions include, as 

examples, the potential of the surface water - groundwater interface zone (i.e., the hyporheic 

zone) to attenuate pollutants (Schwarzenbach and Westall, 1981) and/or enhance 

denitrification (Ranalli and Macalady, 2010; Banzhaf et al., 2011). Answering these 

questions implies a proper understanding of hyporheic flow dynamics (Endreny et al., 2011a; 

Endreny et al., 2011b; Gerecht et al., 2011; Gerecht et al., 2011). For water supply wells that 

rely on recharge through river water, knowledge of the traveltime distributions of the 

infiltrating water is mandated by legislation in many countries to assure drinking water 

quality (BUWAL, 2004). These are just some examples of the importance of quantifying 

surface water - groundwater infiltration and ex-filtration zones and their seepage rates. In the 

past few decades, specific methods for quantifying these fluxes and mixing processes have 

been developed (Kalbus et al., 2006; Fleckenstein et al., 2010).  

Conventional hydrological techniques are, to certain extent, unable to provide a 

sufficiently large volume of investigation at a high enough spatial resolution. For example, 

fluid loggers, flowmeters, and slug tests provide only small scale details. They are limited by 

the fact that they rely on local flux-averaged measurements, which may not capture important 

signals or be unrepresentative of the information away from the sampling positions. In 

particular, there is a disturbed zone in the immediate vicinity of the borehole. Similarly, 

laboratory experiments on recovered samples only provide small-scale information on intact 

specimens that may not be representative of the in-situ conditions. Measurements such as 

pumping tests provide broad scale information of the hydraulic property in question, but 

often at low spatial resolution (Figure 1.2).  
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Figure 1.1: Surface and groundwater are two components of the same resource. Coupled processes and 

properties influencing groundwater flow and transport act on a wide range of spatial scales. Modified 

from US DOE (2010) Complex Systems Science for Subsurface Fate and Transport, Report from the 

August 2009 Workshop, DOE/SC-0123, U.S. Department of Energy Office of Science. 

Geophysical techniques bridge the middle ground between these two extremes, 

supplying almost continuous subsurface coverage. They exploit physical principles to yield 

information on different physical properties of the earth materials (e.g., elasticity, density, 

resistivity, dielectric permittivity, thermal diffusivity, etc), which can be related to the 

geologic and hydrologic properties (Telford et al., 1992; Reynolds, 1997). In the near-surface 

exploration context, they provide volumetric information on a range of scales, from tens of 

centimeters (geophysical well logging and temperature measurements) to tens of meters (e.g., 

the resistivity, EM, self potential, GPR, and seismic methods) and even up to hundreds of 
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meters (e.g., the seismic, gravity, and magnetic methods). The spatial resolution is highest for 

high frequency seismic and GPR methods and lowest for potential field methods (e.g., 

gravity and magnetics). For the GPR method, depth penetration is quite limited in conductive 

ground. Moreover, geophysical measurements are non-invasive (airborne and most surface 

geophysical surveys) or minimally invasive (borehole and some surface surveys). 

Hydrogeophysics is a relatively new research field that, in a synergistic way, links 

hydrogeological research and geophysics with the aim to characterize, monitor and 

investigate hydrological parameters and processes in the shallow subsurface (Rubin and 

Hubbard, 2005). It has the potential to fill the gaps of hydrological techniques, as shown in 

Figure 1.2. 

 

Figure 1.2: Relative scales of typical geophysical (G) and hydrological (H) measurement techniques and their 

information content. Benchtop measurements refer to those such as core, column, and tank 

measurements collected within a laboratory (after Rubin and Hubbard, 2005). 

Geophysical surveying for groundwater has been practised for a long time (e.g., 

Morley, 1967), but hydrogeophysics as a distinct discipline only started to emerge about 
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twenty years ago (Rubin and Hubbard, 2005). Since then, it has continuously grown and 

extended its reach (Vereecken et al., 2006; Binley et al., 2010; S Hubbard and Linde, 2011).  

In the area of surface water - groundwater interactions, geophysical techniques have 

been successful in building conceptual models from the meter to kilometer scale in attempts 

to understand flux exchanges between groundwater and connected rivers (Narbutovskih et al., 

1996; Nyquist et al., 2008; Slater et al., 2010). Numerous other studies have demonstrated the 

usefulness of hydrogeophysics in investigating how surface water salinity or pollution can 

compromise groundwater quality (Slater and Sandberg, 2000; F.D.  Day-Lewis et al., 2006; 

Amidu and Dunbar, 2008; de Franco et al., 2009; Fàlgas et al., 2009; Goes et al., 2009; 

Henderson et al., 2009; Nguyen et al., 2009; Ogilvy et al., 2009; Viezzoli et al., 2010; Hatch 

et al., 2010; Kirkegaard et al., 2011). In addition, hydrogeophysics has played an 

increasingly important role in helping to understand the exchange mechanisms at the 

hyporheic zone level (Acworth and Dasey, 2003; Crook et al., 2008; Singha et al., 2008; 

Ward et al., 2010a; b; Cardenas and Markowski, 2011). Electrical and electromagnetic 

methods (including SP and NMR) have been the techniques of choice to date. They offer the 

greatest promise for surface water - groundwater interaction studies. In particular, the direct 

current (DC) resistivity method (sometimes referred to as the geoelectric method) is amongst 

the most popular techniques and is the technique primarily employed in my research. In the 

next section I cover the fundamentals of resistivity prospecting and why it is important in 

hydrological studies. 

1.2. The electrical resistivity method  

1.2.1. Basic concept and applications 

The electrical resistivity method uses an artificial low frequency (referred to as DC in 

most textbooks) power source to create an electric field in the subsurface by injecting current 

into the ground between two metallic electrodes. By measuring and analyzing the resulting 

potential (voltage) response on the ground surface or underground (in boreholes, for 

example), one can obtain an apparent resistivity distribution map of the subsurface. This map 

is then used with other information to help identify and delineate different geological and 

hydrological zones. The relative simplicity of the method, the low equipment cost, and the 

ease of use combine to make electrical imaging a useful prospecting technique, and highly 

competitive with alternative methods. There are several excellent texts devoted to the subject 
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(e.g., Kunetz, 1966; Van Nostrand and Cook, 1966; Bhattacharya and Patra, 1968; Keller 

and Frishchknecht F., 1996; Butler, 2005). 

The resistivity method senses the electrical resistivity distribution (or its reciprocal, 

electrical conductivity) in the subsurface. Resistivity is a fundamental intrinsic point property 

of materials. It expresses the capability of a material to resist the flow of electric current. 

Electrical resistivity covers many orders of magnitude (from perfect conductors to 

insulators), more than other physical property. Figure 1.3 provides an overview of the range 

of resistivity values for materials commonly encountered in hydrogeological studies. The 

resistivity method finds a diverse range of applications. For example, it is widely employed 

in archaeological searches (Ranieri et al., 2005; Papadopoulos et al., 2011), mining 

exploration (Verma and Bhuin, 1979; Singh et al., 2004), civil and hydrological engineering 

(Kruse et al., 2006; Sjödahl et al., 2009), environmental investigations (Slater and Binley, 

2006; Radulescu et al., 2007; Slater et al., 2009;), landslide research (Friedel et al., 2006; 

Cassiani et al., 2009; Travelletti et al., 2011;), and hydrogeophysical studies (Robinson et al., 

2008).  

 

Figure 1.3: Range of electrical properties for different geological and hydrogeological media (adapted from 

Marescot, 2006).  

1.2.2. Conductivity mechanisms in water-bearing rocks  

The conduction of electricity through materials can be accomplished by three means: 

 the flow of electrons, as for example in a metal;  
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 the flow of ions, as for example in salt water; 

 dielectric polarization, in which ions or electrons move only a short distance under the 

influence of an electric field, and then stop. 

The latter (displacement current) is only associated with high frequency alternating 

current (AC) fields and is unimportant under DC conditions. The second (electrolytic) is by 

far the most important type of conduction for electrical exploration; that is, most earth 

materials conduct electricity via the motion of ions. There are only three exceptions to this 

generalisation (i) sulphide ores and a few other materials that are metallic or electron 

semiconductors, (ii) completely frozen rock or completely dry rock, and (iii) rock with 

negligible pore space, such as massive igneous rocks and rocks in the deep crust (Hermance, 

1973; Hoekstra, 1975; Keller and Frishchknecht F., 1996).  

Conduction in most rocks and soils is largely electrolytic, taking place in the pore 

space and not significantly through the mineral grains. In porous rocks, the primary 

contribution to conduction might take place in as little as 1% of the total volume. For most 

earth materials, the following important generalization should be kept in mind: resistivity 

depends very largely inversely upon the amount and salinity (ion content) of the connate 

water.  

Archie’s empirical law (Archie, 1942) describes the relationship between the 

formation electrical resistivity ρeff and the conductivity of the pore fluid ρw for fully saturated 

media: 

         (1.1) 

where F is the electrical formation factor, n is the total porosity, and m is the cementation 

index (increasing from 1.3 to 4 as the material consolidates). Note that in (1.1), the effective 

porosity ne (fraction of pore space where the fluid can flow) is considered equal to the total 

porosity n. In reality, connectivity (i.e., the inter-connection of the pore space that contains 

the water) plays an important role. In fact, if numerous pore spaces are isolated (i.e., ne < n), 

ions cannot move through the solid matrix, water content becomes much less important, and 

equation (1.1) underpredicts ρeff. 

Moreover, the presence of clay minerals in a rock or soil contributes some special 

effects (surface conductivity, σs), which generally tend to decrease the resistivity (Revil and 

Glover, 1997; 1998) since: 
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 clay minerals adsorb cations, retaining these in an exchangeable state; the clay mineral 

surface then acts as a separate conducting path that is additional to the solution path 

(electrical double layer); 

 adsorption of water into the lattice; 

 the clay minerals themselves tend to ionize and contribute to the supply of free ions 

(second order of importance in DC conditions). 

Surface conductivity influences on ρeff have been widely studied and formalised with many 

different models, for example the one described by the following equation (Bussian, 1983):  

       (1.2) 

Lesmes and Friedman, 2005) provide an extensive review of the different relationships. 

To summarize, the bulk resistivity of soils and rocks is mainly affected by lithology, 

water content, and pore fluid chemistry. Therefore, resistivity measurements are very useful 

in hydrogeophysical applications. 

1.2.3. Surface resistivity surveying procedures  

Resistivity surveying is carried out using various field procedures and electrode 

configurations (Reynolds, 1997). Most measurements entail four electrodes, two acting as 

source and sink of the injected low frequency (0 - 20 Hz) current, and the other two as the 

potential electrodes to record the voltage difference. The voltage drop depends on three 

factors: the current density along the path between the two potential electrodes, the true 

resistivity between the electrodes and their distance of separation. The current density 

distribution itself is controlled by the resistivity structure of the subsurface, the surface 

topography and the positions of the current electrodes. The field measurement of voltage 

drop ΔV is generally converted into a quantity called apparent resistivity, ρa, which corrects 

for current strength I and electrode geometry K: 

.          (1.3) 

If the earth is perfectly uniform, then the apparent resistivity is equal to the true 

resistivity. Changes in apparent resistivity with changing electrode positions show departures 

of the earth from being uniform (or flat). It is a useful way to display and interpret field data. 

Buried electrodes, as in crosshole surveys, require consideration of image sources as well to 

compute the apparent resistivity (e.g., Marescot et al., 2006). 
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Resistivity surveying has a long history, dating back to the early 1900’s when the 

Schlumberger brothers in Europe and Frank Wenner in the USA independently developed the 

technique (Kunetz, 1966). The basic four-electrode configurations can be classified into 

rather standard array types, like Wenner, Schlumberger, dipole-dipole, pole-dipole etc. In 

resistivity sounding, the electrode spacing interval is changed while maintaining the centre of 

the electrode spread at a fixed location. Since depth of investigation increases in a general 

way with increasing electrode spacing, resistivity sounding is the preferred approach when 

we wish to learn how resistivity changes with depth. In resistivity profiling, the location of 

the spread is changed while maintaining a fixed electrode spacing interval. Since the depth of 

investigation will remain roughly unchanged from one reading to the next, resistivity 

profiling is the preferred approach when we wish to learn how resistivity varies laterally. One 

extension of the profiling method is to repeat the traverse with one or more different 

electrode spacings. A comparison of results will provide some control over depth. Another 

extension is to run profiles along parallel lines, thus providing coverage of an area rather than 

a line. The field quantities (apparent resistivity) can then be assembled into a contour map or 

image. The interpretation of resistivity sounding data was originally carried out using curve-

matching techniques (Kunetz, 1966; Mooney, 1980), whereas the interpretation of profiling 

data was largely qualitative and semi-quantitative at best (Van Nostrand and Cook, 1966). 

Sounding and/or profiling were the usual way resistivity surveys were conducted up 

until about the mid 1980s. One of the problems of these surveys was that the electrodes had 

to be manually moved after each measurement, implying a significant effort in collecting the 

data. Greater computer power, multi-electrode cables, pre-installed electrodes and computer 

controlled acquisition (Griffiths and Turnbull, 1985; Griffiths et al., 1990), in addition to the 

increased interest on geophysical inverse theory, were the main factors leading the 

progression to what is now commonplace and referred to as resistivity imaging, or electrical 

resistivity tomography (ERT). Even greater improvements in data collection efficiency have 

been achieved in recent years with the development of multi-channel systems (Stummer et 

al., 2002; Zhe et al., 2007; Blome et al., 2009). These instruments now allow the collection of 

thousands of data in a few hours, making 3D resistivity surveys feasible and attractive, 

especially in monitoring applications. All these improvements have stimulated further 

research into new data collection strategies capable of maximally exploiting the linear (2D 

imaging) and areal (3D imaging) electrode arrays, as well as efficiently optimizing the 

recording sequence. (Stummer et al., 2004; Coles and Morgan, 2009; Blome et al., 2011). 
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Parallel developments have occurred in improved 3D data inversion schemes (Günther et al., 

2006; Pidlisecky et al., 2007; Blome et al., 2009,; Plattner et al., submitted). 

1.2.4. Borehole resistivity surveying 

The first attempts at borehole electrical surveying (as opposed to logging) were made 

in the late 70s (Daniels, 1977; Daniels and Dyck, 1984; Sugimoto, 1999). Borehole-to-

surface measurements (Yang and Ward, 1985; Bevc and Morrison, 1991) and cross-hole 

surveys quickly followed (LaBrecque and Ward, 1990; Daily and Owen, 1991; Shima, 1992; 

Kemna et al., 2004). The aim of such measuring strategies is to improve the resolution of 

deep features. For certain problems, borehole measurements are the only viable option when 

the sensitivity of surface measurements is insufficient; conductive structures above the survey 

target may preclude satisfactory imaging using surface arrays. Crosshole and borehole-to-

surface surveying has stimulated further research into new and more appropriate collection 

and imaging schemes that are able to exploit fully the improved sensitivities made possible 

with these geometries (B Zhou and Greenhalgh, 2002; Furche and Weller, 2002; Wilkinson et 

al., 2006a). Several studies have been conducted in order to understand the sources and 

importance of measurement errors for both surface and borehole-based ERT measurements 

(Osiensky et al., 2004; Oldenborger et al., 2005; Wilkinson et al., 2008), and how to best take 

them into account in the inversions (LaBrecque et al., 1996b; Slater et al., 2000; Koestel et 

al., 2008).  

Figure 1.4 provides images of a crosshole electrical survey operation. The middle 

diagram is a schematic of the multi-electrode arrays in each borehole. Voltages V1, V2, etc are 

being measured for the current bipole I. By changing the current bipole location and length 

and repeating the measurements it is possible to accumulate detailed information on the 

resistances (V/I). The top diagram is a photograph of our actual recording system, showing 

the cabling, switch box for electrode selection, DC power source, ammeter, and multi-

channel voltage recording system, which is under computer control. The bottom diagram 

shows the sort of resistivity image that can be obtained with crosshole ERT.  
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Figure 1.4: ERT process: from field data collection (top images) to final inversion model (bottom image 

modified from www.agiusa.com). 

1.3. Resistivity forward modelling  

Early interpretations of resistivity data were based on comparisons of the measured 

data with albums of theoretical curves precomputed for certain idealised structures, such as 

1D layered media, and very simplified laterally varying models, such as vertical contacts, 

steps, faults, and buried spheres. Clearly, this style of interpretation provided only limited 

insights of the subsurface and could not  take into account the multi-dimensional (2D/3D) 

nature of the electrical properties for more realistic scenarios. The next step was improved 

visualization of the data in the form of 2D pseudo-sections (e.g., Hallof, 1957). But this 

approach was not appropriate for crosshole or borehole-to-surface surveying and fells well 



Chapter 1 

 12 

short of yielding a true map of inhomogeneities below the ground. The need for more 

accurate and quantitative 2D interpretation, as well as the possibility of collecting 3D data 

sets, prompted the development of computer-based interpretation tools. The first of these was 

interactive 1D modelling of resistivity sounding data using fast convolution techniques 

(Ghosh, 1971). The earliest electrical resistivity tomography (ERT) approaches for solving 

the 2D resistivity problem were developed around the 1980s (e.g., Inman, 1975; Tripp et al., 

1984). A decade passed before the arrival of the first 3D surface inversion (e.g., S K Park and 

Van, 1991; Ellis and Oldenburg, 1994; J. Zhang et al., 1995) and crosshole inversion 

(LaBrecque et al., 1996a) codes. Amongst the most recent developments in resistivity 

inversion software, I draw attention to the work of Günther et al. (2006).  

All inversion codes require the accurate simulation of the electric potential field in the 

earth. Many modelling algorithms have been developed for this purpose. The most common 

ones are based on the finite-difference (FD) method (Dey and Morrison, 1979; Spitzer, 1995; 

Weller et al., 1996) or the finite-element (FE) method (Coggon, 1971; Pridmore et al., 1981; 

Sasaki, 1994; B Zhou and Greenhalgh, 2001; Li and Spitzer, 2002; Pain et al., 2002; Rücker 

et al., 2006; Blome et al., 2009), although other approaches such as the Gaussian quadrature 

grid technique (Q Y Zhou et al., 2009), the wavelet method (Plattner et al., 2010), and 

integral equation methods (Eskola, 1992) are possible. The FE technique was traditionally 

implemented using structured grids, but more modern versions (e.g., Rücker et al., 2006) rely 

on 2D/3D unstructured grid generators such as Tetgen and Delauney triangulation to fit better 

the topography and internal boundaries. Moreover, such approaches are far more efficient for 

unevenly dense meshes. This is advisable, for example, to model correctly the electrical field 

close to the electrode sources, where the potential gradients are steep and a very fine mesh is 

needed. Conversely, the mesh should be made coarser where the gradients flatten in order to 

reduce computer memory and run time, or a singularity removal scheme for the primary 

potential and an FE approach for the secondary potential (Lowry et al., 1989) should be 

employed.  

1.4. Resistivity static inversion 

The ultimate goal of resistivity surveying is to learn about the system under study by 

analyzing the model of the subsurface resistivity distribution obtained through inversion of 

the measured data. The geoelectrical inverse problem does not have a unique solution, 

because an infinite number of different resistivity models can provide virtually the same 
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voltage response. Moreover, as the collected data sets are, in general, incomplete and always 

have a certain degree of inaccuracy, the number of inversion models that can fit the data is, 

again, infinite. Consequently, if a single solution is sought, some form of regularization 

should be included in the deterministic inversion problem or the inversion should be defined 

in a stochastic framework (Ramirez et al., 2005). Although this second option is promising, it 

is still in the early stages of development, so I will focus on the first, more classical, approach 

(Constable et al., 1987).  

In the deterministic approach for geoelectric problems, f operates on the model 

parameter vector m (of length M) to yield the data vector d (of length N) in a non-linear 

fashion: 

.          (1.4) 

 The usual procedure to solve the problem is to linearise around some starting model 

m0 and to proceed in an iterative fashion to solve for the model updates Δm. Therefore, at 

each inversion iteration k, a new model mk+1 = mk +Δm can be calculated based on the 

previous iteration model parameter vector and the update vector. Using a Taylor series 

expansion to the first order, the predicted data for the current step k+1 can be described as 

   (1.5) 

where J is the Jacobian or sensitivity matrix (B Zhou and Greenhalgh, 1999 Greenhalgh et 

al., 2009). The residuals between the measured and predicted data are defined as: 

.         (1.6) 

The inverse problem can be then treated as an exercise in non-linear optimization, in 

which an objective (or cost) function Φ has to be defined and its minimum found. The 

iterative inversion procedure is finally stopped according to different possible criteria, such as 

reaching a pre-defined threshold (for example a data misfit target level ) or a convergence 

value for Φ. The cost function, in general, comprises two components:  quantifies the 

misfit between the measured and the modelled data and  quantifies the deviation of the 

inverted model from some predefined characteristics.  

Letting di be the measured data and fi(m) the corresponding predicted (simulated) data 

for the current model, the first (data) component of the objective function can be written as: 

        (1.7) 
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where p≥ 1 is the norm type and  is the inverse of the data covariance matrix that gives 

the weighting factors related to the assumed data errors ε. Values for p are typically 1 

(absolute values of the misfit, or robust inversion) or 2 (least squares solution). 

The second (model) term in the objective function can be defined as: 

         (1.8) 

where CM
-1 is the inverse of the model covariance matrix, which contains information on the 

expected model behaviour (e.g., model parameter variability and correlation). For example, 

we may seek to keep the model close to some preferred or reference model m0 obtained from 

a-priori information (Marquardt, 1963). Alternatively, or at the same time, we may wish to 

keep the model “simple” or smooth according to the Occam’s principle (“One should not 

increase, beyond what is necessary, the number of entities required to explain anything.” - 

from William of Occam). This concept of “maximum simplicity” or “parsimony” is often 

interpreted with respect to penalising model roughness, normally measured in terms of the 

first or second derivatives (Constable et al., 1987), but other definitions can also be 

envisaged (Press et al., 1988-1992; Portniaguine and Zhdanov, 1999; Vogel, 2002).  

At the end, the problem to be solved at each iteration k can be described as: 

,          (1.9) 

and, if we consider the damped least squares problem, at each iteration k the following 

equation should be minimized: 

    (1.10) 

Here, λ is the regularization parameter that defines the relative importance of the data 

and model components of the objective function. The choice of this parameter is crucial, 

since it will significantly influences the quality and form of the model. Therefore, many 

different approaches have been developed in order to rationalize its selection (Kilmer and 

O’Leary, 2001; Vogel, 2002; Farquharson and Oldenburg, 2004) and even to vary its value 

during the inversion process (Marquardt, 1963; Loke and Barker, 1996; Kemna et al., 2000). 

For the latter, the regularization weight is normally decreased as the iterations proceed, 

giving greater weight to the minimization of the data misfit term as the solution converges. 

Setting the derivative of (1.9) to zero and using a Gauss-Newton scheme (Park and 

Van, 1991), the final equation required to update the model parameter vector  can be 

written as: 
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.  (1.11) 

It is important to note that the type of model or data transformation employed can 

influence the inversion results. Usually, logarithmic parameters (resistivity or conductivity) 

are used (Tarantola, 2001; Binley and Kemna, 2005), because, for example, such a 

transformation ensures positivity of the inversion results and takes into account the broad 

range of values for earth electrical parameters (see Figure 1.3). It is also often common to use 

the logarithm of the data (apparent resistivity or transfer resistances). Some limitations can 

arise when the logarithm of apparent resistivities are the inverted quantities, because the 

logarithm definition precludes the use of the negative data. The occurrence of negative 

apparent resistivity values is plausible. They may arise due to the sensitivity patterns of each 

measurement or because of the subsurface structure (Marescot et al., 2006; Jung et al., 2009; 

Cho and Kim, 2010). In particular, they are not uncommon in crosshole surveying, especially 

when using fully 3D configurations. In forming the difference between the logarithms of the 

observed and computed apparent resistivities in the cost function, the individual data terms 

take the form: 

       (1.12) 

so the ratio is always positive when both the numerator (observed data) and denominator 

(predicted data) have the same sign (positive or negative). The predicted data become 

negative for certain configurations when the model is reasonably complex. So, the negative 

observed apparent resistivities should be excluded from the starting and very early stages of 

an inversion, when the model is simple and the predicted data are positive, but they can be 

progressively added into the inversion process as iterations proceed and some of the 

calculated data also become negative.  

Besides defining the inversion problem, an error appraisal should also be made 

(Friedel, 2003). Errors come from the numerical modelling itself (e.g., accuracy limitations 

of the finite-difference grid or FE mesh and solver) as well as from the data. The latter 

comprise two parts: (i) systematic errors, such as electrode coordinate mislocations 

(Oldenborger et al., 2005; Wilkinson et al., 2008), contact resistances, and bias in the 

voltmeter, and (ii) random errors, such as the limited precision of the instrument, inductive 

noise, etc. (Daily and Ramirez, 1995; B Zhou and Dahlin, 2003). Error estimation is 

fundamental in order to avoid overfitting the model or obtaining low image resolution 

(LaBrecque et al., 1996b). The inversion should be terminated when the normalised data cost 
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function χ2 (Günther et al., 2006) reaches the expected error level (i.e., χ2 = 1). Several 

different approaches can be used to quantify errors, such as considering the deviations 

between reciprocal measurements (Binley et al., 1996) or considering their repeatability, but a 

precise error estimation that takes into account all possible effects remains an elusive task 

and may not be realistically feasible. 

Finally, it should be remembered that each data point (recording configuration) has 

different sensitivities to different parts of the investigated volume. For example, in crosshole 

ERT, the data are mainly affected by variations close to the boreholes and only weakly by 

features in the central portion of the interwell medium (B Zhou and Greenhalgh, 2000). 

Therefore, in order to assess the reliability of the final inverted models, formal resolution 

analysis (Menke, 1984; Friedel, 2003) should be performed. The resolution matrix for linear 

problems is mathematically described by: 

.        (1.13) 

Diagonal values of this matrix are equal to 1 for perfectly resolved portions of the 

model and 0 for unresolved model parameters. 

From the above definition, it can be seen how model resolution takes into account not 

only the measurement sensitivities, J, but also the inversion process by considering the 

constraint operators CD
-1 and CM

-1
. A faster option than the formal model resolution estimate 

is to compute the cumulative sensitivities (column sum of absolute values of the Jacobian) or 

the depth of investigation index DOI (Oldenburg and Li, 1999). The DOI quantifies the 

reliability of the inversion by effectively comparing inversion results obtained by using 

different background starting models.  

All the above-mentioned aspects should also be taken into account when performing 

time-lapse inversions, which will now be described.  

1.5. Time-lapse inversion  

1.5.1. Approaches 

The above discussion was concerned with static inversions, in which the medium 

properties do not change with time and only a single static image is required. However, for 

monitoring operations, time-lapse inversion is needed to track temporal changes in the 

subsurface properties associated with some process, such as infiltrating river water or 

pollutants into an aquifer. Time-lapse inversion can be implemented inside the general 
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framework of standard (static) inversion codes using several different strategies. The most 

straightforward approach is to run single inversions using the data acquired at the various 

time steps and then display the differences (or ratios) of the inversion results (Ramirez et al., 

1993; Miller et al., 2008). This approach has the advantage of not requiring any modification 

to standard inversion codes. The main limitations are:  (1) It is assumed that the resistivity 

does not change over the duration of the measurement cycle for the full range of electrode 

configurations, otherwise a time-dependence would have to be incorporated into each 

separate inversion.  (2) The resistivity problem is non linear and the inversion is ill-posed, 

which means that the errors propagate differently in each inversion; as a consequence, the 

systematic error component will not necessarily be cancelled by simple subtraction of the 

inverted models.  (3) The smoothest model or most regularized model that fits the data cannot 

be obtained, because subtracting two smooth models creates a less smooth difference 

Another approach is to invert directly for the temporal variations in the data and the 

model perturbations. This can be achieved by using as input the differences (LaBrecque and 

Yang, 2000) or the ratios (Daily et al., 1992) of the data sets, rather than the individual data 

sets directly. The differences or ratios are normally taken with respect to a reference time step 

(initial data set). For the first case, the inverted data  vector is defined as: 

,         (1.14) 

whereas for the second approach it is described as: 

.         (1.15) 

The two approaches are similar but not exactly the same. Each has its advantages and 

disadvantages. Concerning the difference approach, the main advantage is that the systematic 

errors (see above), which are common to all data sets, are cancelled by the process of 

subtraction. On the other hand, the random error component (which is of unknown sign) 

cannot be eliminated. From the theory of random error propagation, the uncertainties 

(absolute or fractional) must be added, depending on whether quantities are added/subtracted 

or multiplied/divided, respectively. Therefore, this approach is appropriate when the random 

errors are likely to be much smaller than the systematic ones. The ratio approach is also 

referred to as normalization approach. The reason is that it is actually an inversion of a 

reference data set weighted by the deviation of the data at a specific time step from that at the 

background time, and expressed as a ratio. This approach is probably more stable when 

dealing with very small variations between the time steps. At the same time, because of the 
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non-linear transformation of the data (taking a quotient), the systematic error component 

cannot be entirely cancelled out, as for the difference method, unless logarithms of the data 

are used. Both approaches require a background model and a reference model. For the ratio 

approach, the reference is often, but not necessarily, a homogeneous half-space. For the 

difference approach, the background and the reference models are the same and not 

necessarily homogeneous (Kemna et al., 2002). Recent developments in time-lapse resistivity 

inversion have also tried to incorporate the time-component in the resistivity inversion 

routine to allow for differences in the resistivity structure between the different 

measurements over a single data set (Kim et al., 2008; Karaoulis et al., 2011).  

1.5.2. Applications 

Time-lapse resistivity imaging has been applied over the past two decades in several 

different fields. At the laboratory scale, it has been used to monitor tracer infiltration in 

saturated and unsaturated soil columns (Binley et al., 1996; Olsen et al., 1999; Koestel et al., 

2008). In some cases, the results have been used to track directly the spatial distribution of 

the temporal variations (Bevc and Morrison, 1991; Daily et al., 1992; Daily et al., 1995; 

Binley et al., 1996; Slater et al., 1997; Slater et al., 2000; H. French and Binley, 2004; 

Clement et al., 2010). In other examples, the purpose was to extract information for 

hydrological model calibration (Binley et al., 2002a; Deiana et al., 2008; Deiana et al., 2007) 

or directly infer some hydrological properties of the investigated volume. Specifically, this 

has included spatial moments (e.g., mass, center of mass, spatial variance) and temporal 

moments (e.g., mean arrival time) (Binley et al., 2001; Sandberg et al., 2002; Kemna et al., 

2002; Slater et al., 2002; Singha and Gorelick, 2005; 2006a; Vanderborght et al., 2005; 

Cassiani et al., 2006; F. D. Day-Lewis et al., 2006; Oldenborger et al., 2007; Looms et al., 

2008; Pollock and Cirpka, 2008).  

Often, the only viable option is to use of an artificial saline tracer or injected water to 

create the necessary electrical property contrasts (Slater et al., 2000; H.  French et al., 2002; 

Kemna et al., 2002; Kemna et al., 2006; Monego et al., 2010; Wilkinson et al., 2010a). 

However, this approach has been shown to have several drawbacks that still need to be 

tackled, such as incomplete mass recovery (Singha and Gorelick, 2006a; Singha and Moysey, 

2006; Singha and Gorelick, 2006b; Singha et al., 2008) or density effects (Slater et al., 2000; 

Cassiani et al., 2006; Müller et al., 2010).  
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In some cases, natural temporal variations of electrical properties could themselves be 

exploited. Even if, as for artificial tracers, they can suffer to problems related to conservative 

electrical properties of the tracers (Singha et al., 2011) and rate-limited mass transfer 

(Cassiani et al., 2006; Singha et al., 2007; Day-Lewis and Singha, 2008; Singha et al., 2008), 

they can overcome some of the other previously mentioned issues. In particular, there is 

considerable potential for such an approach in surface water – groundwater investigations. 

Examples include infiltration of salt water as the target (Fàlgas et al., 2009), investigating 

temperature-related processes (Hauck, 2002; Hilbich et al., 2008; Krautblatter et al., 2010; 

Musgrave and Binley, 2011), mapping volumetric moisture content variations over time 

(Daily et al., 1992; S Park, 1998; Binley et al., 2002b; Yeh and Simunek, 2002; H. French 

and Binley, 2004), and monitoring of pollutant contamination and remediation (Daily and 

Ramirez, 1995; LaBrecque et al., 1996a; Slater and Binley, 2006; Chambers et al., 2010; 

Clement et al., 2010; Kowalsky et al., 2011). 

1.6. The RECORD Project 

My thesis research has been conducted within the framework of the much broader 

multidisciplinary RECORD project (http://www.cces.ethz.ch/projects/nature/Record). This 

four-year (from 2007-2011) research program has involved investigating the effects of river 

restoration on ecological and hydrological processes (RECORD, 2011). It entailed the 

collection of diverse geophysical, hydrological, and biological field data at two study sites 

along the Thur River in northeastern Switzerland. My experimental site was located at the so-

called “reference location” of Widen (near Frauenfeld), where the river is channelized or 

unrestored (Figure 1.5a), whereas most of the other research has taken place along the 

downstream restored section of the river at Neunforn.  

The main reasons for choosing the Widen site were the better field conditions, namely 

a thicker aquifer, the presence of information about the local hydrological conditions from 

previous studies, and, especially, knowledge that there were likely to be strong variations in 

electrical resistivity in the river and the aquifer with appropriate time lags (Cirpka et al., 

2007). 
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Figure 1.5: Catchment of the Thur River in northeastern Switzerland, with the two investigation sites at Widen 

and Neunforn. 

1.7. Thesis Objectives and Outline 

The primary aim of my thesis research was to investigate the use of 3D ERT 

crosshole monitoring to improve our understanding of river water - groundwater mixing 

processes. Natural variations in river and groundwater electrical resistivity was the target 

physical property. This entailed having to develop new methodology to exploit the natural 

tracer as a way of imaging. The structural and dynamic information that I determined for the 

aquifer can now be used as a complement and support for the hydrogeological measurements 

and analyses being undertaken at the same test site (Figure 1.6a). My research work was 

divided into three main phases: 

Phase 1.  To begin the study, I first had to tackle the following two preliminary issues: 

 Properly design and construct an 18-borehole ERT monitoring system (Figure 1.6b-e). 

This is extensively described in Chapter 2, which has been published as an article in the 

journal Geophysics.  

 Investigate possible strategies (optimised experimental design) for recording reliable ERT 

data throughout the investigation volume in a relatively short time (due to the fast 

dynamics of the phenomena being monitored). During the first year of my research, I 

undertook a study aimed at optimizing (in terms of coverage and resolution) ERT 
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crosshole data collection sequences. Due to time constraints of having to install the 

192-electrode monitoring system and start collecting data, I could not extend the 

experimental design research to 3D crosshole field measurements. Therefore, the final 

circulating data collection scheme was developed in a more pragmatic way, as described 

in Chapter 2. The experimental design research, developed for 2D crosshole ERT 

measurements, is presented in Appendix A.  It was published as an extended abstract at 

the 2008 EAGE Near Surface Conference in Cracow. 

Phase 2.  To determine the electrical characterization of the aquifer, the most important 

difficulties were related to the design and application of the most appropriate static 

inversion framework. This phase of the research entailed the following three issues: 

 Investigate by means of synthetic model experiments some of the peculiarities of 

crosshole surveying, such as the effects of the conductive borehole fluid on crosshole 

measurements and the inversion process. Chapter 3 describes this research, in which we 

compare synthetic ERT data and inversion results obtained by ignoring the boreholes and 

explicitly incorporating them (and their fluid) in the inversion. The study was conducted 

for a 3D four-borehole set up using classical electrode configurations. This work has been 

published in the journal Geophysics. 

 Explore how to tackle other field-specific factors that can influence the imaging process, 

such as surface topography and sharp layer boundaries (e.g., water table, gravel/clay 

interface). It was necessary to integrate the known subsurface information in the design of 

the model mesh and the inversion parameterisation for the different zones inside the 

model. This is also described in Chapter 2. 

 Obtain the best 3D resistivity static inversion for the site and make a first preliminary 

structural analysis. This part is again developed in Chapter 2. 

Phase 3.  After more than one-year of continuous monitoring, I started to analyze and 

exploit the acquired data with a view to dynamic aquifer characterization. The main 

challenges I faced and the accomplishments made were as follows: 

 Isolate the natural variations of electrical properties within the investigated volume due to 

the salinity of the infiltrating river water from other time-variable phenomena 

(temperature, groundwater table height) that simultaneously influence the measured ERT 

data. In Chapter 4, I first describe the collected apparent resistivity time series and then 

introduce a novel deconvolution - filtering approach for separating the effects. I then show 

the substantial improvements obtained in the time-lapse inversion results by correcting for 
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groundwater table height and temperature variations prior to inversion. This chapter has 

been submitted as an article to the journal Water Resources Research. 

 Find the best way of using the static and time-lapse inversion results to extract useful 

hydrological information. In Chapter 5, I begin by showing time-lapse inversion images 

for the entire investigated volume using data from all 18 boreholes. Then, I use the time-

lapse inversion models to estimate hydrological traveltimes, flow paths and velocities. The 

ERT models are favourably compared with hydrogeological data collected at the site (i.e., 

groundwater resistivity time series). A paper describing this research will be shortly 

submitted to Water Resources Research. 

As indicated above, the studies presented in chapters 2 to 5 have been published, 

submitted, or about to be submitted for publication to international journals. Each chapter is 

self-contained, with an introduction and a conclusions section. Finally, in Chapter 6 I draw 

some overall conclusions about the main findings of my research and I give an outlook for 

possible future investigations and improvements. 

This thesis contains three additional appendices that comprise published papers that I 

have contributed to and co-authored. Appendix B (Linde et al., 2010) is an overview of 

preliminary hydrogeophysical studies (seismic, radar, resistivity) at the Thur River site. It 

includes the results of both surface and borehole-based measurements and was published in 

the journal First Break. Appendix C (Doetsch et al., 2010a) describes the development of a 

3D joint inversion and zonal classification scheme using data from three different types of 

geophysical data. The method was first tested on synthetic ERT, GPR, and seismic crosshole 

data sets and then applied to the same type of data collected in four of the eighteen boreholes 

at the Widen experimental site. Due to the complementary nature of the geophysical 

measurements, some relevant structural information for the investigated volume was 

obtained. This study was published in the journal Geophysics. Appendix D (Carpentier et al., 

2010) deals with a specialised procedure for suppressing above-ground diffractions in ground 

penetrating radar data, which afflicted GPR observations at the Widen site.  
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Figure 1.6: (a) The channelized Thur River at the Widen experimental site viewed from the waterproof 

instrument hut shown in (b) and toward downstream. (b) The Direct Push machine and the 

waterproof hut. (c) Borehole cleaning and development. (d) Drill core extraction. (e) Trenches for 

electric cables from the borehole electrodes. 
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Abstract 

We are investigating the hydrogeological properties and hydrological responses of a 

productive aquifer in northeastern Switzerland. For this purpose we use 3D crosshole 

electrical resistivity tomography (ERT) to define the main lithological structures within the 

aquifer (through static inversion) and to monitor the water infiltration from an adjacent river. 

During precipitation events and subsequent river flooding, the river water resistivity 

increases. As a consequence, the electrical characteristics of the infiltrating water can be used 

as a natural tracer to delineate preferential flow paths and flow velocities. In this paper we 

focus primarily on the experiment installation, data collection strategy, the structural 

characterization of the site and give a brief overview of the ERT monitoring results. The 

monitoring system comprises 18 boreholes each equipped with 10 electrodes straddling the 

entire thickness of the gravel aquifer. A multichannel resistivity system programmed to cycle 

through various four-point electrode configurations of the 180 electrodes in a rolling 

sequence allows the measurement of ~15,500 apparent resistivity values every seven hours 

on a continuous basis. The 3D static ERT inversion of data acquired under stable 

hydrological conditions provides a base model for future time-lapse inversion studies and the 

means to investigate the resolving capability of our acquisition scheme. In particular, it 

enables us to define the main lithological structures within the aquifer. The final ERT static 

model delineates a relatively high-resistivity low-porosity intermediate-depth layer 

throughout the investigated aquifer volume, consistent with results from well logging, and 

seismic and radar tomography models. The next step will be to define and implement an 

appropriate time-lapse ERT inversion scheme using the river water as a natural tracer. The 

main challenge will be to separate the superposed time-varying effects of water table height, 

temperature, and salinity variations associated with the infiltrating water.  

2.1. Introduction 

Electrical resistivity tomography (ERT) is a popular subsurface imaging technique in 

hydrogeological, environmental, and civil engineering investigations (e.g., Daily et al., 2005; 

Kruse et al., 2006; Robinson et al., 2008; Sjödahl et al., 2009). Crosshole implementations of 

the technique offer improved resolution and depth penetration over surface surveying (e.g., 
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Daily and Owen, 1991; B Zhou and Greenhalgh, 2000, Chambers et al., 2007). Time-lapse 

studies, in which repeat measurements are made at different time intervals to track changes in 

the subsurface properties, have been performed for salt tracer experiments (Slater et al., 

2000; Kemna et al., 2002; Singha and Gorelick, 2005; Cassiani et al., 2006; Wilkinson et al., 

2010a, and references therein) and for the monitoring of steam injection (Ramirez et al., 

1993), environmental remediation (Daily and Ramirez, 1995; LaBrecque et al., 1996a), 

biostimulation (Lane et al., 2006), watershed characterization (Miller et al., 2008) and 

various other processes (Binley et al., 2002a; Deiana et al., 2007; Nimmer et al., 2007).  

In this paper, we describe results of a novel 3D crosshole resistivity monitoring 

experiment designed to investigate the hydrological properties and infiltration patterns of a 

producing gravel aquifer in direct connection with an adjacent river in northeastern 

Switzerland. Rainwater generally contains significantly lower concentrations of total 

dissolved solids (i.e., ions) than river water. As a consequence, strong precipitation in the 

catchment can cause the electrical resistivity of river water to increase. At our experimental 

site, high discharge events cause strong fluctuations of the river water electrical properties 

(increase in electrical resistivity). Therefore the river water which continuously infiltrates the 

aquifer can be used as a natural tracer to delineate the more hydraulically conductive sections 

of the aquifer and, as shown by Cirpka et al. (2007), to determine travel-time distributions.  

Our research is part of a much larger project (RECORD - REstored 

CORridorDynamics) aimed at assessing and modeling coupled hydrological, ecological, and 

biochemical effects of river restoration (http://www.cces.ethz.ch/projects/nature/Record). In 

the project there are two study sites, one along a restored section (Neunforn) and one along 

an unrestored section (Widen) of the Thur River in Switzerland (Figure 2.1). Here, we restrict 

our attention to an initial hydrogeophysical study at the unrestored site. The eventual 4D ERT 

model should provide new constraints for understanding interactions between the river and 

the connected aquifer. As summarized in the following paragraphs, our study differs from 

most earlier investigations in four ways: (i) the full 3D inversion of an extensive crosshole 

data set acquired using electrodes deployed in a large number of boreholes, (ii) an inversion 

strategy that accounts for surface and sediment layer topography, borehole inclinations, and 

the electrical properties of the borehole fluids, (iii) the use of river water as a natural tracer to 

investigate an adjacent aquifer, and (iv) continuously recorded data over a long time period at 

a sufficiently high sample rate to capture the transient process. 

ERT has previously been used for studying the interactions between rivers and their 

surroundings and for improving the modeling of fluvial systems. For example, Crook et al. 
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(2008) used the technique to obtain information about the continuity and structure of 

stream-bed sediments. They employed information provided by a static resistivity model 

obtained from an ERT inversion of surface 2D geoelectrical data. Nyquist et al. (2008) 

identified a zone of groundwater seepage into a river by combining the structural information 

about the site with that provided by the comparison of 2D ERT images along the riverbed at 

low and high river stage conditions. Recently, Ward et al. (2010b) investigated to what extent 

surface 2D time-lapse ERT images, when combined with stream tracer experiments, can 

provide information about temporal and spatial dynamics in the hyporheic zone. Crosshole 

ERT, which is the basis of our work, usually yields more definitive information than surface 

ERT, especially if conducted in a time-lapse fashion. Previous such studies (e.g., Singha and 

Gorelick, 2005; Slater and Binley, 2006; Kuras et al., 2009; Müller et al., 2010; Wilkinson et 

al., 2010a), even if based on 3D inversions, have generally involved sequential 2D 

measurements only (i.e., between just one pair of boreholes at a time). Furthermore, the 

inversions have seldom been performed on data from more than four boreholes, because of 

the inability of standard inversion software to handle large 3D data sets (e.g.). In our study, 

we test a new acquisition and inversion strategy for carrying out a fully 3D crosshole ERT 

experiment using electrodes located in 18 boreholes. We utilize a finite-element modeling 

(FEM) and inversion code based on unstructured meshes that allows us to incorporate typical 

complexities associated with surface topography, sharp boundaries, and the boreholes 

themselves. 

Most previous time-lapse ERT studies have been aimed at improving our 

understanding of subsurface solute transport by using time-varying electrical responses 

related to known injections of saline tracers into aquifers or known injections of water into 

the vadose zone (e.g., Slater et al., 2000; Singha and Gorelick, 2005; Slater and Binley, 

2006; Müller et al., 2010; Wilkinson et al., 2010b). Only a few studies have taken advantage 

of pre-existing electrical contrasts between the properties of subsurface fluids, such as those 

related to movements of contaminant plumes (Slater and Sandberg, 2000; Nimmer et al., 

2007) or those related to salt water - fresh water contacts within coastal aquifers (e.g., 

Acworth and Dasey, 2003; de Franco et al., 2009; Maurer et al., 2009; Ogilvy et al., 2009). 

In other investigations (e.g., Hauck, 2002; Jayawickreme et al., 2008; Yeh et al., 2008) 

natural occurring contrasts have been exploited. But as far as we know, no previous 

researchers have used the electrical properties of river water as a natural tracer to investigate 

aquifer response. 
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Time-lapse ERT usually involves frequently repeated measurements over a short 

period (e.g., Wilkinson et al., 2010a) or sparse measurements at infrequent intervals over a 

long period to determine seasonal variations in some property (e.g., H. French and Binley, 

2004; Hayley et al., 2009; Krautblatter et al., 2010). The present study is one of only a few 

examples (see also de Franco et al., 2009 and Ogilvy et al., 2009) of a long-term ERT 

monitoring study (approximately one year of data have been collected in our case) with short-

period data sampling (one data set of ~15,500 data points is acquired every 7 hours on a 

continual basis). This permits the investigation of aquifer infiltration and solute transport 

following river flooding events. It also enables us to investigate seasonal variations in 

electrical resistivity (e.g., same water height but different water resistivity due to snow melt, 

de-icing chemicals, or water temperature changes).  

We begin by introducing the 18-borehole 180-electrode 3D monitoring system and 

the geology of the site. Next, we describe the different electrode combinations and 

procedures used for remote data acquisition and then show the electrical signature of a typical 

flood event from the summer of 2009, which produces time-series of clear apparent 

resistivity anomalies. Finally, we present the results of a static 3D ERT inversion for 

subsurface structure, incorporating various complexities such as surface and layer 

topography, decoupling of regularization across sharp layer boundaries, the borehole fluid 

effect, and borehole deviations. Such 3D images will be used as initial and reference models 

for future time-lapse inversion investigations. 

2.2. Widen field experiment 

2.2.1. Site description 

The Widen study site (Figure 2.1) is located in northeastern Switzerland along the 

Thur River (a tributary of the Rhine River), which has a total length of ~127 km and a 

catchment area of ~1750 km². Due to the pre-alpine character of the upper Thur catchment 

that includes Mount Säntis (2502 m above sea level) and because of the absence of any 

natural or man-made reservoirs, the Thur River exhibits fluctuations in discharge and water 

table height similar to unregulated alpine rivers. Base flow has its maximum during snowmelt 

in spring, but flow peaks can occur at any time of the year in response to rainfall in the upper 

catchment (low discharge: 3 m3/s; mean discharge: 20–50 m3/s; peak discharge: up to 1000 

m3/s; Federal Office for the Environment, http://www.bafu.admin.ch/publikationen/01005).  
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Figure 2.1: Location of the Thur catchment, Thur valley aquifer, and Nuenforn and Widen test sites in 

northeastern Switzerland. Modified from a figure prepared by Swisstopo (Swiss Federal Office of 

Topography). 

Our study site is located within the central Thur floodplain (altitude ~ 400 m above 

sea level, 2 km wide, and 30 km long), where the Thur River flows from east to west along 

the northern edge of a valley (Figure 2.1) that formed during the Pleistocene period by 

glaciers cutting into the underlying Tertiary bedrock. After the glaciers retreated, a lake was 

left behind and subsequently filled with fine silt and clay sediments were deposited in a lake. 

These sediments now constitute the aquitard at this location. The productive aquifer above 

the clay comprises a 6.5- to 7-m-thick layer of gravel and sand that is overlain by ~3 m of 

alluvial loam (see Figure 2.2b). During the 1890s, this area of the Thur River was 

channelized. The main channel is about 40 to 45 m wide. There is no overbank on the 

northern side because of a prominent hillslope that acts as a natural barrier at high discharge, 

whereas on the southern side there is a levee ~130 m from the river. Behind this levee, a side 

channel has been constructed to capture discharge from tributaries and drain the nearby 

agricultural land. There is a pumping well ~80 m from the levee that produces ~9000 m3/d of 

drinking water for the 30,000 inhabitants of a nearby town (Frauenfeld in Figure 2.1).  

At our local study site, the Thur River infiltrates year-round into the aquifer (Cirpka 

et al., 2007), with a shallow local flow component at the top related to the infiltration of river 

water and a regional flow component in the lower sections following the main direction of 
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the valley. The overall direction of groundwater flow, influenced also by pumping well 

activity, is from northeast to southwest with fairly high velocities ranging between 1 and 50 

m/day. The hydraulic conductivity of the aquifer is estimated from pumping and slug tests 

(Diem et al., 2010) to range between 10-3 m/s and 10-2 m/s. Depending on the water table 

position, the aquifer displays unconfined and confined behavior.  

2.2.2. Experimental setup and field instrumentation 

The main direction of groundwater flow, the hydrogeological parameters described in 

the previous section and surface ERT surveys to delineate the major vertical and horizontal 

resistivity variations at the site, guided the design of the electrical monitoring experiment. 

Eighteen boreholes at a nominal spacing of 3.5 m (Figure 2.2a) were installed with depths 

varying from 10 - 12 m. Four of them (B2, B3, C2, C3) are located at the corners of a square 

with 5 m side lengths and have 11 cm diameters to enable crosshole seismic and radar 

measurements to be made (Doetsch et al., 2010a) and to obtain samples in the coarse grain 

sedimentary formation (Diem et al., 2010). The remaining 14 boreholes with 5 cm diameters 

were drilled using a direct-push machine. The entire borehole installation covers a surface 

area of 10 m ×  15 m, which together with the 6.5 - 7 m thickness of the aquifer defines an 

investigation volume of ~1000 m3. All 18 boreholes are lined with PVC or HPDE casing that 

is slotted along the aquifer section. (see Figure 2.2b). Each borehole contains 10 stainless 

steel cylindrical electrodes, spaced 0.7 m apart. The electrodes are each equipped with rubber 

disk packers fixed above and below (Figure 2.3c) to reduce as much as possible the vertical 

flow of water and partially focus the electric current flow outwards into the formation. The 

electrodes are connected via waterproof cables to the recording system (Figure 2.3d). The 

lowest 9 electrodes are usually below the water table, providing good electrical connection to 

the sedimentary formation through the borehole water and slotted casing. The top electrode 

can only be used when it makes electrical contact during periods of high water level. 



Chapter 2 

 32 

 

Figure 2.2: (a) Plan view of part of the Widen site showing borehole positions in Swiss grid coordinates with 

respect to the river and flood-proof hut (square). (b) Vertical section A' - A through the test site 

showing electrode installations, stratigraphy, groundwater table, and flow direction. Location of the 

section is shown in (a). 

A flood-proof hut at the site houses the recording system (Figures 2.2b and 2.3a and 

e) and provides access to mains power and a wireless link for data transmission to ETH 

Zurich. The resistivity instrument provides 10 channel recording capability and is interfaced 

to a switching unit that allows up to 192 electrodes to be connected and automatically 

selected according to a pre-determined sequence. Software is used to control the recording 

unit from a field computer also housed in the elevated flood-proof hut. It is possible to pre-

program the sequence of measurements at user-defined timing intervals and to store the 

recorded voltage data (and other information, such as current strength, electrode geometry) 

directly on the PC hard disc. Wireless connection to the field computer enables the 

measurements to be controlled in real time and the data downloaded from the PC disc to a 

computer back at ETH Zürich for back up, quality control, and processing purposes. 
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Figure 2.3: (a) Direct-push drilling rig and, on the right, flood-proof hut. (b) Underground pipes connecting the 

geoelectric cables in the 18 boreholes with the measuring system inside the flood-proof hut. (c) 

Electrode with “packers”. (d) Geoelectric cable equipped for a 5 cm borehole. (e) Field computer 

and components of the geoelectric acquisition system with a modem for wireless connection (top) 

inside the flood-proof hut. 

Geophysical well logs (natural gamma, gamma-gamma, and neutron-neutron) run in 

each borehole define the gravel - clay interface in a more precise way than just using the 

disturbed cores retrieved during the borehole drilling campaign. The logs are useful in 

evaluating the static inversion model results. To reduce systematic errors associated with 

incorrect positions of the electrodes, the trajectories of each borehole were determined by a 

three-axis magnetometer and three-axis accelerometer downhole system. In addition to the 

electrodes, 14 multisensor devices and integrated data loggers are installed in 6 of the 

boreholes at different depths. These multisensors measure temperature, electrical 

conductivity, and hydraulic head of the groundwater every 15 minutes. This information will 

be vital for meaningful interpretations of the time-lapse ERT data.  
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2.2.3. ERT data collection scheme  

To have a fast and fully 3D data-capture sequence, we designed, after some 

preliminary synthetic studies and taking into account the borehole fluid effect (Doetsch et al., 

2010b), a circulating 4-point measurement scheme with the current and potential bipoles split 

between multiple boreholes. The data collection sequence operates as follows (Figure 2.4). 

One current electrode (A) occupies only one of 2 allowed positions in the 2 central boreholes 

C1 and C2 (i.e., the third electrode position in borehole C2 or the sixth electrode position in 

borehole C3 - see Figure 2.2 for the borehole locations), and the other current electrode (B) is 

always in the same borehole as one potential electrode (M). This second current electrode can 

be at any one of 3 different depths (counting from the top: the second, fifth, and eighth 

electrodes), whereas the potential electrode in the same hole moves through 3 other depths 

(counting from the top: the third, sixth, and ninth electrodes). Finally, the remaining potential 

electrode (N) scans all the positions in the boreholes immediately surrounding the one where 

the bipole BM is located (Figure 2.4b). This data collection scheme is repeated until all 

boreholes have been occupied once by the bipole BM and the remaining mobile potential 

electrode N has created all possible electrode combinations as described above (see Figure 

2.4c).  

 

Figure 2.4: Illustration of how the configurations of the current electrodes A and B and potential electrodes M 

and N used in the geoelectric data acquisition system are circulated. (a) The 4 electrodes are always 

located in 3 different boreholes with A in only 2 possible positions in the two central boreholes. B 

and M always share a borehole and N is always in one of the boreholes immediately adjacent to 

them. (b) Movement of the electrodes is repeated for each borehole occupied by the 

current - potential (B - M) bipole. (c) Scheme repeated throughout the electrode array until the 

roving bipole has occupied all boreholes not occupied by the fixed current electrode. 
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This scheme is optimized to take advantage of the 10 independent channels of the 

recording system. A complete circulating sequence of ~15,500 data values (different 

electrode configurations across all 18 boreholes) is collected in 7 hours. The process is then 

repeated so that the aquifer is being continually monitored. 

2.2.4. The river water as a natural electrical tracer 

The hydrological regime of the Thur River is characterized by rapid undamped 

fluctuations of water level along its entire course after precipitation in the upper catchment. 

Associated with these fluctuations are significant changes to the electrical resistivity of the 

river water. As it infiltrates the aquifer, it acts as a resistivity anomaly that can be used as a 

natural tracer in time-lapse ERT imaging. 

Figure 2.5 provides an example of the monitoring capability of the ERT system to 

track the magnitude and changing nature of this propagating resistivity anomaly. The 

presented data are for a flood event in the summer of 2009. When the river discharge 

increases, the river water resistivity increases. This can be readily observed by comparing the 

curve that represents the average water table height variation in the aquifer (Figure 2.5c) with 

the two curves that represent changes in water resistivity in the boreholes measured by the 

point loggers (Figure 2.5a). We show results from two loggers, one in borehole P3 close to 

the river and the other in borehole P12 some distance from the river (for locations see Figure 

2.2a). Note the time delay between the peaks on the dotted and dashed curves (Figure 2.5a), 

clearly showing the transient nature of the infiltrating anomaly. It hits the borehole closest to 

the river half a day earlier than that 15 m further away, and the signal magnitude is damped 

with increasing distance from the river. Figure 2.5a also shows the apparent resistivity time 

series (black circles) measured using the electrode configuration depicted in Figure 2.5b. This 

is a typical example of the ERT data trend during and following all flood events. The effect 

of the higher resistivity of the infiltrating water is readily apparent from the 15% anomaly 

over a period of several days. 
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Figure 2.5: Comparison between time series of relative apparent resistivity variations (Figure 2.5a, black 

circles) during a strong hydrological event, relative electrical-resistivity variations of the water at 

two locations (Figure 2.5a, dotted and dashed curves - P3 and P12 near and far from the river, 

respectively), and mean variations of the water-table position within the electrode array together with 

minimum and maximum discharges during the event (Figure 2.5c). (b) ERT configuration used to 

record the apparent resistivity data shown in (a). 

2.3. Full 3D crosshole static inversion 

2.3.1. Static inversion approach and features 

Our 3D static inversions were performed using the open-source code BERT that is 

based on an unstructured finite-element framework (Günther et al., 2006; Rücker et al., 2006; 

www.resistivity.net). It enabled all important aspects of the study site to be modeled in detail, 

including the surface topography, boreholes, and main geological boundaries (Figure 2.6).  



3D crosshole ERT for aquifer characterization and monitoring 

37 

 

Figure 2.6: (a) Modeling domain with topography and the embedded inversion domain for the different regions 
(see Table 2.1), which shows the geometry of the input model for the inversion. (b) Unstructured 

parameter mesh, tilted boreholes and input topography of the saturated - unsaturated gravel and 

gravel - clay interfaces of the inversion domain. 

The boreholes were explicitly modeled, taking into account their inclinations and 

declinations to correctly position all electrodes and reduce geometrical errors, which 

otherwise could be significant (Figure 2.6b). Doetsch et al. (2010b) showed that the 

conductive borehole fluid has a strong effect on crosshole electric measurements for most 

standard AM-BN and AB-MN electrode configurations. They also demonstrated that this 

effect can be removed by explicitly including the boreholes in the modeling and inversion. 

This is especially important if the boreholes are closely spaced, the borehole diameters are 

large, and the resistivity contrasts between the fluid and host rock are high.  

The overall stratigraphy at the site is well established. The approximate layer 

thicknesses are known from the boreholes and geophysical well logs, and the average layer 

resistivities are estimated from surface resistivity surveys. Under low river water conditions, 

the unsaturated part of the aquifer is approximately 1 m thick. It presents a significant 
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resistivity contrast with the underlying saturated part of the aquifer that strongly influences 

the voltage measurements. As a consequence, the actual height of the water table should be 

determined from the borehole data loggers and fixed in the inversion, without imposing 

smoothness constraints (regularization) across what is known to be a sharp boundary (i.e., the 

very thin capillary fringe of gravel). From synthetic tests, we ascertain that the presence of 

the unsaturated gravel makes the sensitivities of the crosshole ERT measurements to the 

surface loam layer almost negligible. Therefore, the surface loam is not included in the initial 

model, allowing us to reduce slightly the number of inversion parameters. In analogy with the 

saturated - unsaturated interface, the clay - gravel interface is a boundary across which there 

is an order of magnitude resistivity contrast, such that it is desirable not to impose 

smoothness constraints across it.  

The unsaturated and saturated zones of the aquifer, the gravel and clay layers, and the 

boreholes themselves constitute different regions in the inversion domain shown in Figure 

2.6. This allows us to assign different initial values and different inversion parameters to each 

zone and to disconnect the regularization between the zones (see Table 2.1). A layered 1D 

model of unsaturated gravel (ρm0 = 700 Ωm) underlain sequentially by saturated gravel 

(ρm0 = 250 Ωm) and clay (ρm0= 25 Ωm) constitutes a reasonable starting model for the 

inversions (Figures 2.2 and 2.6b). 

 

Region 
Initial model 

resistivity 
ρ  [Ωm] 

Regularization 
type 

Relative strength 
of the 

regularization 
(λ*n) 

Bounding values 
(min and max 

allowed ρ) 

Unsaturated 
aquifer 700 Anisotropic 

smoothing 1 50-2000 

Saturated 
aquifer 250 Anisotropic 

smoothing 1 50-500 

Aquitard 25 Anisotropic 
smoothing 1 5-45 

Boreholes 22 Isotropic 
smoothing 10 10-50 

Table 2.1: Inversion parameters used for each region of the model shown in Figures 2.7. 

The inversion domain (Figure 2.6b), in which the above-mentioned initial model is 

defined, is embedded within a much larger forward modeling domain (Figure 2.6a). The 

former is kept small to reduce the size of the inversion problem; it extends horizontally ~2 

meters outward from the most external boreholes and vertically to include the unsaturated 
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gravels and ~2 meters of the clayey aquitard (Figure 2.2b). The latter needs to be large to 

avoid boundary effects and, for the same purpose, has internal boundaries controlled by 

mixed boundary conditions (Rücker et al., 2006). At each iteration of the inversion routine, 

the resistivity values defined in the inversion domain are laterally extrapolated into the 

forward modeling domain.  

The ~205,500 tetrahedra of the mesh for the inversion domain were generated using 

the meshing code Tetgen (http://tetgen.berlios.de/). This code allowed different mesh 

properties to be defined in each region of the domain. To delineate the structures precisely, 

we imposed a maximum volume of 0.05 m3 on all tetrahedra within the saturated aquifer 

(Figure 2.6b). The forward mesh created by the code BERT refined the inversion mesh 

(Rücker et al., 2006) to have ~1,800,000 elements corresponding to ~300,000 nodes. Some of 

the cells (9%) were very small (less than 5 cm side length) in order to represent the boreholes 

around which abrupt resistivity changes occurred. Accordingly, singularity removal (Blome 

et al., 2009) was not required. This was recognized after running several modeling and 

inversion tests, which demonstrated that the very fine mesh allowed the high potential 

gradients around the borehole sources to be accurately modeled.  

We inverted for a logarithmic model function of the resistivity described as (Günther, 

2004): 

m = log(ρ − ρlower ) − log(ρupper − ρ) ,        (2.1) 

where ρlower and ρupper are lower and upper bounds defined for each region (see Table 2.1). 

Within the aquifer, we employed anisotropic smoothing that penalized variations in 

the horizontal directions more than in the vertical direction to enhance the expected sub-

horizontal layering in this region (see also Linde et al., 2006b). This was achieved by 

calculating a weighting factor W for the roughness matrix based on the vertical component of 

the normal vector nz on each boundary between each tetrahedron of the mesh. The 

formulation for each tetrahedron boundary i is given by: 

Wi = 1+ (wz −1) ⋅nz ,          (2.2) 

where wz is a user-defined factor that can vary in each region of the model. This along with 

all other parameters used in each region of the inversion model are listed in Table 2.1.  

The data set selected for determining a static 3D resistivity model of the site was 

collected on 15 November 2009, during a period of stable hydrological conditions. The water 

level in the river was low and the groundwater table was ~4.2 m below the surface. 
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Consequently, ~1 m of the aquifer was unsaturated. The ~22 Ωm electrical resistivity and 

~8°C temperature of the water was similar on all the borehole sensors.  

First we only considered configurations having electrode geometrical factors K ≤ +/- 

1000, as a protection against probable low signal-to-noise data. Then, from the raw apparent 

resistivity data, we excluded all data values having standard deviations > 1% based on repeat 

measurements or voltages < 1 mV. After that, we eliminated all data based on electrode 

configurations in which one or more of the electrodes were above the water table (i.e. those 

that had very high contact resistances). We also discarded all the negative apparent 

resistivities because of the limitation of the inversion code in handling negative values. 

Furthermore, we rejected any apparent resistivities greater than 500 Ωm or smaller than 30 

Ωm. These upper and lower limits were set after first observing the frequency distribution 

(histogram) of apparent resistivities and considering the likely range of resistivities for 

saturated sandy gravel. Finally, ~12,000 data points (~77% of the original data set) were used 

in an initial inversion aimed at defining the remaining outliers in the data set not removed in 

the previous data selection sequence (see later). 

Finally, we apply an error model for weighting the data and the elements of the 

Jacobian matrix (sensitivities) during the inversion. The error (or uncertainty) for each 

voltage measurement is considered to consist of two parts (see LaBrecque et al., 1996b): a 

fixed absolute value of 0.1 mV (set by the instrument precision) and a relative error of 2 % of 

the measured value (although we did experiment with other values in the range 1 – 4 %). This 

yields an uncertainty of δU=(0.1+0.02U) mV, where U is the recorded voltage in mV. When 

considering resistance or apparent resistivity as the input data, one should ideally take into 

account sources of errors related to the current strength and electrode positions, but these are 

judged to be much smaller than the voltage uncertainties. Moreover, the inversion code that 

we employ uses the logarithms of apparent resistivities , rather than voltages or 

apparent resistivities themselves, therefore the estimated errors in these quantities used in 

data weighting matrix should be computed from the calculus of small changes (i.e., 

). Although time consuming, we recalculate the 

Jacobian matrix (slightly less than 20 GB) after each iteration of the inversion and apply a 

robust reweighting of the data according to their misfit. For this reason, the initial median 

data error (2.02%) was, at the end of the inversion, slightly increased to 2.04%. 

For all regions we apply a regularization parameter λ equal to 100 with an upscaled 

smoothness factor for the borehole region of the model (see Table 2.1). Tests were conducted 
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with other λ values in the range 5-200. Conventional wisdom is to opt for the largest value 

consistent with being able to fit the data within a specified tolerance (say 2%). Smaller values 

of λ can introduce more detail in the model, some of which might be spurious, whereas 

overly large values yield excessively smooth models. We found that using values larger than 

100 removed a small conductive feature that was independently known from the borehole 

logging (for further details about the error model and the choice of the regularization see also 

Günther, 2004). 

After an initial inversion, we plotted the frequency distribution of data misfits and 

excluded those measurements lying outside a threshold given by 5 times the standard 

deviation of the distribution. The final data set, corresponding to almost 11,000 data points, 

was inverted using the same parameters as for the initial inversion. The inversion run time on 

a 2.66 GHz quad-core computer with 32 Gb of RAM was approximately 15 hours and it 

converged to the specified tolerance level (χ2 = 1) in 6 iterations. 

2.4. Results 

Figure 2.7 shows two vertical slices through the final 3D model volume 

corresponding to the saturated part of the aquifer, one close and mainly parallel to the river 

(Figure 2.7a) and the other mainly along the principal diagonal (Figure 2.7b). The top and 

bottom layers (not shown) of the entire model correspond to the unsaturated gravel and the 

clay aquitard, respectively.  

A central zone within the saturated gravel that is roughly 50 % more resistive (up to 

320 Ωm) than the upper and lower parts (120 - 220 Ωm) is clearly delineated in the 

tomogram. It has an average thickness of ~2 m and lies in the 5-5.5 to 7-7.5 m depth range. It 

appears to be horizontal and continuous throughout the investigated volume. Earlier 

inversions, which were run without horizontal smoothing, show slightly inferior continuity of 

the resistive layer but still recover the layer.  

In the plane containing the line of boreholes that lie close to the river (Figure 2.7a), 

the tomogram contains a more conductive zone (in blue) of ~1 m thickness. This zone is 

characterized by resistivities of ~130 Ωm. It corresponds to a lens of fine sediments observed 

in the drill core of nearby boreholes (P2 and P3). The resistive zone above this conductor 

appears less continuous, but this is probably caused by the resolution pattern in this area, 

which is strongly influenced by the presence of the conductive zone; being relatively 
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conductive, the current is drawn into the zone, thereby decreasing current density and hence 

sensitivity elsewhere.  

Further from the river, a decrease in the resistivity of the lower part of the aquifer is 

observed (Figure 2.7b). This could represent a higher percentage of fine material in proximity 

to the underlying clay. 

 

Figure 2.7: Resistivity cross sections extracted from the final inverted 3D model viewed from the river looking 

to the (a) south (green dashed line) and (b) southeast (violet dashed line). (c) The locations of 

boreholes corresponding to the 2 slices in (a) and (b) are light blue. 

2.5. Discussion 

2.5.1. Inversion aspects 

The distances between the boreholes are rather small (3.5 m), such that any borehole 

deviations need to be considered. Given the maximum tilt of some boreholes (3o), electrode 

mis-positioning can be as much as 0.5 m if the boreholes are incorrectly assumed to be 

vertical. The tomograms would be adversely affected by such an error. We undertook some 

tests on a subset of data from 8 of the boreholes and found that the central more resistive 
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layer within the aquifer becomes noticeably less continuous when the boreholes are taken to 

be uniformly vertical instead of slightly tilted. 

Doetsch et al. (2010b) investigate the borehole fluid effect, whereby the resistivity 

contrast between the borehole fluid and host rock can introduce false structure in the medium 

after inversion if the boreholes are not explicitly modeled. We have established from a series 

of inversion tests that for the particular unconventional electrode configurations that we 

employed (see section “ERT data collection strategy”), the borehole effect is minor. Very 

similar images (not shown) were obtained by ignoring the boreholes in the inversion process. 

This was partly a consequence of the relatively low resistivity contrast between the borehole 

fluid and the formation (8:1) and the fact that for most of the data collected with our 

unconventional configurations, the electrodes were placed in small diameter holes (5 cm); 

there would be significant artifacts in the images if classical electrode configurations 

(especially those having either the current electrodes or the potential electrodes in the same 

borehole) were to be employed, as in the study of Doetsch et al. (2010b). Inversions without 

including the boreholes require substantially fewer cells, thus reducing the memory 

requirements and the under-determined nature of the problem.  

Another important technical consideration is decoupling the regularization across the 

layers and preserving the sharp boundaries where they are known to exist (e.g., at the water 

table and at the clay - gravel interface). This entails setting the weight of the individual model 

cells to zero in the presence of a known boundary, resulting in sharp gradients at this 

position. Failure to do so produces significant smearing and artifacts in the images. For 

example, since the clay is 10 times less resistive than the wet gravel, without layer 

decoupling the inversion produces an interface much shallower than that defined by the drill 

core and well-log data. This is illustrated in Figure 2.8, which shows inversion results along 

the section presented in Figure 2.7a adjacent to the river. The two plots correspond to 

inversions with (Figure 2.8a) and without (Figure 2.8b) decoupling the regularization 

between the layers. Notice the distortion of the clay interface and the disappearance of the 

low resistivity lens when no decoupling is applied. We performed several tests to confirm the 

importance of incorporating the correct positions of the known resistivity discontinuities. 

Surface topography should also, as a general rule, be incorporated in the inversion process, 

but from various synthetic tests we were able to establish that the zone of interest (saturated 

aquifer) is far enough away (i.e., at sufficient depth) that the measurements are only weakly 

sensitive to the sloping river bank topography. 
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Figure 2.8: Cross sections extracted from inversion models in which the regularization between the layers is (a) 

decoupled (same as Figure 2.7a) and (b) not decoupled. 

We have also compared our inversion model with that obtained at the site by Doetsch 

et al. (2010a) who focused on jointly inverting seismic, radar, and ERT data sets acquired in 

the 11-cm-diameter boreholes (see Figure 2.2a for locations). The resistivity structures 

observed in the two studies were very similar. 

A.1.1. Comparison between the inversion model and other data 

Neutron-neutron, gamma-gamma, and natural-gamma well logs are available for all 

18 boreholes. To compare the electrical variability of the aquifer with the well-log 

information, we compute average vertical resistivity profiles for each borehole. For this 

purpose, the average resistivity is calculated for a 40-cm-diameter 20-cm-high cylindrical 

volume centered about the borehole and about each point. Assuming that the highest number 

of counts of the neutron-neutron logs represents 50 % porosity and the lowest represents 12% 

porosity, corresponding to values estimated at the geologically similar Boise 

hydrogeophysical research site (Barrash and Clemo, 2002), the raw logs can be converted to 

approximate porosity estimates. The natural gamma log (not calibrated) gives information 
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about the clay content (Revil et al., 1998). Figure 2.9 shows a comparison of the average 

vertical profile through the resistivity tomogram of borehole P3 with the relevant neutron-

neutron (converted to porosity) and the natural gamma logs. The correlation coefficients 

between the average resistivity profile and well logs are  -0.88 and -0.94, respectively. The 

central high resistivity zone of the aquifer has a relatively low porosity and low clay content 

(see also Doetsch et al., 2010a), whereas the lower resistivity region at the base of the aquifer 

is characterized by relatively high porosities and high clay content, consistent with the lens of 

fine sediments located in this depth range (see Figure 2.7a and section “Results”). 

 

Figure 2.9: For borehole P3, comparison between vertical profiles of (a) resistivity extracted from the final 

inverted 3D model around the borehole, (b) the neutron-neutron log converted to porosity, and (c) 

the natural gamma log. 

Electrical conductivity logs were also recorded at the site using a direct-push machine 

(Schulmeister et al., 2003). This system incorporated a Wenner array with an electrode 

spacing of 10 cm. The measurements were progressively made as the tool was hammered into 

the ground. Such resistivity logs were acquired at a total of 10 different locations between the 

boreholes. The instrument measured the average resistivity of the earth to a radius of 

approximately 10 cm (one third the current electrode spacing) centered about the borehole, 

whereas the vertical resolution was estimated to be approximately 10 cm. Measurements 

were taken at 2-3 cm depth intervals. Before each data set was acquired, the system was 

tested and calibrated. Figure 2.10 shows a representative vertical resistivity profile extracted 

from the inversion model at the same location where an electrical conductivity log was 

recorded. To be comparable with the lower resolution ERT profile, the log data were 
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averaged over 40-cm-depth intervals using a running average smoother. The trends of the two 

data sets are similar with a correlation coefficient of 0.73.  

 

Figure 2.10: Example of a vertical resistivity profile extracted from the final ERT inversion model (dashed line) 

and a coincident resistivity log obtained with a Direct Push probe system (full line). 

2.6. Conclusions 

We have installed a resistivity monitoring system to study the hydrogeological 

properties of a gravel aquifer using flood events of an adjacent river as a natural electrical 

tracer. Eighteen boreholes equipped with total of 180 electrodes allow continuous collection 

of crosshole ERT measurements that can be used in both a static and dynamic sense to 

characterize the lithological sub-units and hydraulic properties of the aquifer. We utilize an 

unconventional fully 3D data acquisition sequence that enables the collection of ~15,500 

voltages (apparent resistivities) every 7 hours, of which roughly 11,000 are retained for the 

final inversions. 

Approximately one year of ERT time series have now been acquired. They show the 

natural fluctuations of the water electrical properties of the adjacent infiltrating river. We 

have presented one example of a flood event, which produces a 15 % apparent resistivity 
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anomaly, clearly showing how the geoelectrical data contain valuable information about the 

river infiltration process.  

We have investigated problems related to inverting a very large static crosshole ERT 

data set. Disconnecting the regularization across the known sharp layer boundaries (water 

table and gravel - clay interface) and correct positioning of the electrodes were necessary to 

obtain meaningful results. Including the boreholes in the inversion (i.e., the borehole-fluid 

effect) would have avoided generating artifacts when using more classical electrode 

configurations. For the unconventional circulating 3D electrode acquisition scheme employed 

in this study, we determined that the borehole-fluid effect was not significant. Accordingly, 

this scheme is a viable option when computing limitations are an issue or when unstructured 

FEM codes are unavailable.  

The 3D inversion of the chosen static ERT data set yielded a roughly 3-layer gravel 

aquifer model with superimposed minor variations. The central zone of the model, 

corresponding to roughly one third of the aquifer thickness, is 50 % more resistive than the 

upper and lower regions. The inverted model correlates with the geophysical well log data at 

the site. In particular, we observe strong correlations between the resistivity and neutron-

neutron (representing porosity) and natural gamma (representing clay content) logs. From 

these comparisons, we interpret the relatively high-resistive central zone as being of lower 

porosity and the relatively low-resistive lower part of the aquifer as containing a larger 

proportion of fine sediments. These results are consistent with those previously obtained from 

jointly inverted crosshole seismic, radar and ERT data acquired over a sub-volume of the 

experimental site. 

This research forms the basis for future time-lapse ERT inversion that will be used to 

track preferential flow paths in the aquifer delineated by the infiltrating river water with 

different electrical properties and flow rates. A key challenge for the 4D imaging will be to 

separate the temporal effects of water table height, resistivity (salinity), and temperature 

variations. In fact, these three state variables, which are simultaneously sensed by the ERT 

data, can even have opposing effects on the data and make difficult the interpretation of the 

time-lapse results. To this end, we plan to investigate in detail the observed correlation 

between the input time series of the water height, resistivity and temperature in the river and 

the output ERT time series, and then filter the data in order to isolate the signal of interest 

related to the infiltrating less saline river water. 
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Abstract 

Fluid that fills boreholes in crosswell electrical-resistivity investigations provides the 

necessary electrical contact between the electrodes and the rock formation, but it is also the 

source of image artifacts in standard inversions that do not account for the effects of the 

boreholes. The image distortions can be severe for large resistivity contrasts between the rock 

formation and borehole fluid and for large borehole diameters. We have carried out 3D finite-

element modeling using an unstructured-grid approach to quantify the magnitude of borehole 

effects for different resistivity contrasts, borehole diameters, and electrode configurations. 

Relatively common resistivity contrasts of 100 : 1 and borehole diameters of 10 and 20 cm 

yielded, for a bipole length 5 m, underestimates of apparent resistivity by ~12% and ~32% 

when using AB-MN configurations and overestimates of apparent resistivity by ~24% and 

~95% when using AM-BN configurations. Effects are generally more severe at shorter bipole 

spacings. We report here the results obtained by either including or ignoring the boreholes in 

inversions of 3D field data from a test site in Switzerland, where ∼10,000 crosswell 

resistivity tomography measurements were made across 6 acquisition planes between 4 

boreholes. Inversions of raw data that ignored the boreholes filled with low resistivity fluid 

paradoxically produced high resistivity artifacts around the boreholes. Including correction 

factors based on the modeling results for a 1D model with and without the boreholes did not 

markedly improve the images. The only satisfactory approach was to use a 3D inversion code 

that explicitly incorporated the boreholes in the actual inversion. This new approach yielded 

an electrical resistivity image that was devoid of artifacts around the boreholes and that 

correlated well with co-incident crosswell radar images. 

3.1. Introduction 

Crosswell and borehole-to-surface electrical resistivity tomography (ERT) is a 

popular and powerful method of subsurface imaging in engineering and environmental 

investigations (LaBrecque et al., 1996a; Slater et al., 2000; Linde et al., 2006c; Wilkinson et 

al., 2010a, and references contained therein). The boreholes used for such ERT investigations 

are usually partially filled with water, either naturally if below the water table or artificially if 

measurements are made in the unsaturated zone. The water provides electrical contact 

between the suspended electrode string and the surrounding rock formation (i.e., the rock 

matrix with its associated pore-filling fluids). There are other methods of installing the 
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electrodes that are less common, but still provide adequate electrode coupling. As examples, 

electrodes can be mounted on the outside of a PVC tube that is lowered down the well and 

held in firm contact with the borehole wall (mandatory in air-filled holes), or the borehole 

can be back-filled with mud or moist sand after the electrode string is deployed.  

In most common near-surface geological settings, the rock has a higher electrical 

resistivity than its contained fluid (Keller and Frishchknecht F., 1996). Regardless of the 

method of electrical contact used (fluid-filled or soil-filled holes), there is usually a 

substantial contrast between the resistivity of the rock formation  and that of the borehole 

fluid . This contrast usually results in a narrow cylindrical conductive anomaly that 

influences the ERT measurements. The current from a borehole source will preferentially 

flow within the more conductive fluid rather than out into the rock. The  contrast, and 

hence the associated borehole effect on ERT measurements, will be particularly large if the 

borehole is filled with saline fluid or clay and the host material is hard rock. In a later section 

of this paper we investigate an ERT field example involving a saturated gravel aquifer. Using 

Archie's law (Archie, 1942), and assuming a porosity of 0.25, a cementation factor of 1.5, and 

the same salinity water in the borehole as in the pore space of the rock, the expected 

resistivity contrast  between the saturated gravel and water-filled borehole is about 

8 : 1. Even such a modest contrast has a significant effect on the cross-hole apparent 

resistivities. It should be remarked that a resistive air-filled borehole also constitutes a 3D 

anomalous structure that will affect the measurements (when electrodes are held in direct 

contact with the formation), but not as severely as in the conductive case. 

The borehole fluid effect is well known in electric-well logging, in which the 

influence of not only the borehole fluid but also that of the mud cake and mud filtrate 

surrounding the borehole are taken into account (Darling, 2005). Special focused well-

logging resistivity tools incorporate additional guard electrodes to force the current to flow 

radially outwards into the formation, rather than axially within the conductive fluid. 

In ERT investigations, the borehole effect is rarely considered. Data are generally 

inverted and interpreted without due account for the resistivity contrast between the rock 

formation and borehole fluid. Yet, a number of studies (Daily and Ramirez, 1995; Osiensky et 

al., 2004; Daily et al., 2005; Nimmer et al., 2008) have demonstrated that this approach can 

produce serious artifacts (i.e., fictitious features in the inverted resistivity images). One 

reason why this effect is often ignored in crosswell ERT is that to adequately incorporate the 
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boreholes in both the forward modeling and inversion codes requires a 3D representation of 

the subsurface that allows the narrow boreholes and adjacent regions to be very densely 

meshed. This can only be achieved satisfactorily with an unstructured finite-element mesh, 

such as described by Rücker et al. (2006), Günther et al. (2006), and Blome et al. (2009). 

Most ERT forward modeling and inversion codes are based on structured (regular) grids or 

meshes that cannot adequately or efficiently represent boreholes, particularly when they 

deviate from the vertical or horizontal. With structured meshes, it is computationally 

prohibitive to use very fine grids, especially in 3D. As a consequence, most ERT 

reconstructions are based on 2.5D modeling that treats the boreholes (if at all) as infinite 

sheets (2D structures) rather than as cylinders (3D structures).  

Osiensky et al. (2004) compute by means of a regular 3D finite-difference modeling 

approach the equipotential pattern surrounding a current source placed at the bottom of a 

square borehole located within a homogeneous rock formation. They present results for the 

borehole being either fully air-filled (i.e., more resistive than the host formation) or partially 

liquid-filled with fresh or saline water (i.e., more conductive than the host formation). The 

air-filled hole yields quasi-circular equipotential contours, whereas in the case of a 

conductive fluid the equipotentials are more elliptical and elongated in the direction of the 

borehole. The ellipticity increases with the resistivity contrast. Voltage levels in the rock 

formation differ substantially for the two cases (air-filled versus saline-fluid-filled) in the 

near-vicinity of the borehole, but the equipotentials appear quite similar in shape and 

magnitude at a distance of 2-3 times the borehole depth. Osiensky et al. (2004) suggest that 

failure to consider this “noise” in crosswell or borehole-to-surface measurements can lead to 

incorrect interpretations of the apparent resistivities. 

Nimmer et al. (2008) used a structured finite-element method (FEM) approach to 

numerically compute the spatial variations of voltage ratio for a downhole current electrode 

in either an air-filled or a partially liquid-filled borehole. The ratio was taken relative to the 

situation of no borehole at all (i.e., current electrodes buried in a half-space). They show that 

the increased current density in the liquid-filled borehole results in lower current density in 

the formation and therefore anomalously reduced voltages (i.e., ratios of < 1). Conversely, 

the air-filled hole results in slightly higher voltages in the formation (i.e., increased current 

density) due to the resistive cylinder. They also present inversion results for synthetic 

tomography experiments involving roving bipoles of 3 m length in two 15-m-deep boreholes 

placed 10 m apart. Each 10 x 10 cm square borehole, which is represented by a regular FEM 
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grid of 2 x 2 x 30 cells, is occupied by 16 electrodes. Nimmer et al. (2008) consider  

values of 10 : 1 and 100 : 1. Inversion results based on the lower contrast differ little from 

those obtained for a medium without boreholes (i.e., current electrodes buried in a half-

space), whereas the results based on the higher contrast contain significant artifacts. They 

repeated the experiments for 20 x 20 cm square boreholes (using four times as many cells to 

represent each borehole) and found the artifacts to intensify. The image discrepancy 

compared to the no-borehole case was a consequence of the inversion algorithm trying to 

compensate for increased current density in the liquid-filled borehole. 

Nimmer et al. (2008) caution against ignoring the borehole-fluid effect whenever the 

distances involved are small, when the borehole diameters exceed 20 cm, or when the  

approaches 100 : 1. In such situations they recommend measuring the borehole fluid 

resistivity and incorporating it in the forward modeling as part of the inversion. However, 

they suggest that the borehole effects are far less severe in time-lapse tomography 

investigations, such that they can possibly be ignored if the ratios of voltage (or apparent 

resistivity) data acquired at different times are inverted, rather than the individual data sets 

themselves. In this way, the problem of creating biased time-lapse inversion results is 

effectively hidden. 

In this contribution, we demonstrate that accurate forward modeling using a 

singularity removal technique for the borehole sources and an unstructured mesh for 

representing narrow boreholes are essential for reliable inversions of crosswell-ERT data. 

Our study differs from that of Nimmer et al. (2008) in that we (i) only consider borehole-

related artifacts in the forward modeling of a homogeneous half-space and not other models, 

(ii) consider a wider range of bipole electrode configurations, (iii) invert an extensive field 

data set rather than a synthetic one, and (iv) explore the possibility of eliminating the 

borehole-fluid effects from the apparent resistivity data by calculating and applying 

correction factors. 

After describing the homogeneous model, assumed borehole geometry, and very brief 

details on the computer code, we present simulated apparent resistivities and related statistics 

for a range of  ratios, borehole diameters, electrode configurations, and bipole 

separations. We then introduce our observed 3D crosswell-ERT data (Coscia et al., 2008) 

and show, for the very first time, the results of inverting data with the boreholes explicitly 

included. For comparison, we also show the results of inverting the data without accounting 

for the boreholes (i.e., the common practice in crosswell-ERT experiments). In an attempt to 
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minimize the computational effort, we next examine whether correction factors based on 

forward modeling studies enable corrected data to be inverted without the need to include the 

boreholes in the models. 

3.2. Modeling the borehole-fluid effect 

To investigate the borehole-fluid effect, we used a 100 Ωm homogeneous half-space 

model penetrated by two 10-m-deep vertical boreholes separated by 5 m (Figure 3.1). This 

geometry matched that of the crosswell-ERT experiment at our field test site described later 

in the paper. Modeling was performed for borehole diameters of 5, 10, and 20 cm and various 

resistivities of the borehole fluid, such that the   
ρr : ρ f  contrasts ranged from 1 : 1 to 600 : 1. 

Depending on the objectives of the simulation, electrodes were placed at regular intervals of 

0.25 or 1 m along the length of each borehole. Two basic recording configurations were 

simulated (Figure 3.1). Either both current electrodes A and B were placed in one hole and 

both potential electrodes M and N were located in the other hole (i.e., the so-called AB-MN 

configurations) or the current electrodes were placed in separate holes, as were the potential 

electrodes (i.e., the so-called AM-BN configurations). The spacings between the active 

electrodes were varied from 1 - 9 m.  

 

Figure 3.1: Model and crosswell recording geometries used in computing synthetic borehole responses. (a) AB-

MN configuration: both current electrodes in one hole and both potential electrodes in the other. (b) 

AM-BN configuration: each hole contains one current electrode and one potential electrode. 
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The modeling is carried out with the versatile 3D FEM library DCFEMLIB (Rücker 

et al., 2006), which uses an unstructured finite-element mesh. To achieve sufficient accuracy, 

a singularity removal technique is employed to accommodate the rapid decay of electric 

potential around each point source position and a high density of elements is automatically 

meshed around the boreholes (Figure 3.2). The singular potential can be calculated either 

analytically for homogeneous flat-topography models or numerically using a boundary-

element method when surface topography is significant. The singular potential is based on 

the true resistivity at the point source position (i.e., the borehole-fluid resistivity). The non-

singular potential is then computed numerically by the finite-element method. Details on the 

procedure are given by Rücker et al. (2006) and Blome et al. (2009). Final results are 

presented as apparent resistivities. 

 

Figure 3.2: Typical unstructured mesh used to represent the subsurface within, around, and between boreholes 

in a crosswell-ERT experiment. 

We begin by examining apparent resistivity distributions for the 3 borehole diameters, 

each  contrast considered, and all possible recording configurations of the AB-MN and 

AM-BN types (with electrode spacings incremented progressively by 1 m). If the borehole-

fluid effect is negligible, then the apparent resistivities would equal the true 100 Ωm 

resistivity, such that differences from 100 Ωm are a measure of the borehole-fluid effect. 

Figure 3.3 shows, in a simplified frequency-polygon form, illustrative data corresponding to a 

contrast  equal to 10 : 1. The spread of apparent resistivities around the true rock-

formation resistivity of 100 Ωm increases with increasing borehole diameter. Even for this 



Chapter 3 

 56 

narrow borehole-diameter, the variation in values is significant (of the order of 10%) at this 

modest resistivity contrast. The discrepancies grow to 40% for the large diameter case. 

Clearly, some recording geometries are more sensitive to the borehole-fluid effect than 

others, as indicated by the outliers on the frequency polygon plot. The variations become 

larger as the resistivity contrast increases (not shown). We found that the apparent 

resistivities can become negative for certain asymmetric AB-MN configurations. Negative 

apparent resistivities are neither uncommon nor unphysical and have been reported in 

previous studies (e.g. Marescot et al., 2006; Jung et al., 2009). 

 

Figure 3.3: Frequency polygons of apparent resistivities obtained for all possible recording configurations (i.e., 

all combinations of A, B, M, and N electrode depths) and   
ρr : ρ f  = 10 : 1. The three curves 

correspond to borehole diameters 5, 10, and 20 cm. 

Figure 3.4 shows apparent resistivities for electrodes at fixed depths of 1 m and 6 m in 

both boreholes and varying  contrasts. The 5 m bipole length and 5 m hole separation 

equate to 25 times the largest borehole diameter that we tested. The borehole-fluid effect 

produces anomalously low apparent resistivities for the AB-MN configurations (Figure 3.4a), 

which means that the voltages are smaller than if the boreholes were not present. The effect is 

substantial (i.e., apparent resistivities too low by up to 80 %) for large resistivity contrasts 

and large borehole diameters. Even for  contrasts of just 100, the effects are ~12% and 

~32% for the 10 and 20 cm borehole diameters. The reason for the decrease in apparent 

resistivity over the no-borehole situation is that current density is increased in the source 
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borehole and reduced elsewhere, including within the borehole containing the potential 

electrodes. Since the measured voltage is proportional to both the current density and the true 

resistivity in the immediate vicinity of the potential electrodes, having the potential electrodes 

in the low resistivity borehole fluid remote from the current source and sink results in 

anomalously low voltages and hence anomalously low apparent resistivities. 

 

Figure 3.4: Apparent resistivity as a function of  contrast (log scale) for electrode configurations (a) AB-

MN and (b) AM-BN (see Figure 3.1). Depths to the upper and lower electrodes are kept constant at 1 

and 6 m. The three curves shown in each diagram correspond to borehole diameters of 5, 10, and 

20 cm. 
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For the AM-BN configurations (Figure 3.4b), the apparent resistivities are 

anomalously high relative to the no-borehole situation. For a  contrast of 100, the 

effects are ~24% and ~95% for the 10 and 20 cm borehole diameters, markedly higher 

deviations than for the AB-MN configurations. The reason for the increase in apparent 

resistivity is that each potential electrode shares the same hole as either the current source or 

the current sink where current density is increased because of the conductive fluid. The 

increase in current density overwhelms the effect of the low resistivity of the borehole fluid, 

such that it is sensed by the potential electrodes as anomalously high voltages and apparent 

resistivities. 

Plots of apparent resistivity versus bipole size for a 10 cm borehole diameter and a 

resistivity contrast of 30 : 1 are displayed in Figure 3.5 for the AB-MN and AM-BN 

configurations; an electrode spacing of 0.25 m was used to generate these plots. The bipoles 

were centered at the midpoint of the holes and their common sizes were varied. This figure 

reveals that the borehole-fluid effect increases with decreasing bipole size (AB, MN, AM, 

and BN). It is more pronounced for the AM-BN configurations, with apparent resistivities 

anomalous by as much as 36 % for a bipole spacing of 1 m. We also examined the influence 

of bipole-midpoint depth in each hole. There is essentially no difference (not shown) for 

symmetric configurations, as in normal scanning where each bipole is at the same depth, but 

there are effects associated with the bottom and top of each hole. For asymmetric 

configurations, in which the two bipoles do not share the same depth, the pattern is fairly 

stable for AM-BN configurations but erratic for AB-MN configurations, with negative 

apparent resistivities appearing when the depth difference between the two bipoles exceeds 

half the borehole depth. This means that the AB-MN configurations can produce singularities 

in the geometric K factor, which is defined as K =
4π

1
AM + 1

A 'M − 1
AN − 1

A 'N − 1
BM − 1

B 'M + 1
BN + 1

B 'N

 

and is thus a function of the distances between the potential electrodes M and N, and the true 

underground sources A and B as well as the above ground mirror image sources A' and B' 

(Günther, 2004, page 45). Physically this means that the voltage differences are very small 

(i.e., potential electrodes lie close to the same equipotential surface) and can even change 

sign. 

The information contained in Figures 3.3 – 3.5 together with the results of earlier 

synthetic studies by Osiensky et al. (2004) and Nimmer et al. (2008) demonstrate that 

apparent resistivities in crosswell-ERT experiments are significantly influenced by the 
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borehole fluid. Unless the effects of the borehole fluids are accounted for, either by explicitly 

including the boreholes in the finite-element mesh or possibly by applying correction factors 

to the raw data, regularized tomographic inversions are likely to yield images contaminated 

with artifacts. Some of the artifacts will be obvious (e.g., anomalous features along the 

lengths of the boreholes), whereas others may not be easy to identify. In the following, we 

explore both approaches for handling the borehole-fluid effect, namely: (i) explicitly 

including the boreholes in the computational mesh, and (ii) determining correction factors 

that can be applied to the raw data, so that the boreholes can be ignored in the inversion 

process. 

 

Figure 3.5: Apparent resistivity versus bipole length (the same in each borehole) for a 10 cm borehole diameter 

and  = 30 : 1. The bipoles are centered at a depth of 5 m in each hole. Results are given for 

the two recording configurations AB-MN and AM-BN. 

3.3. Multi-hole 3D ERT data set 

As part of a multidisciplinary effort to map changing aquifer conditions associated 

with flood events in an adjacent river, we have recorded a large number of crosswell-ERT 

data sets at a test site in Switzerland. The geology at this location includes a 3-m-thick 

surface layer of alluvial sandy loam successively underlain by 1 m of unsaturated gravel, 6 m 

of water-saturated gravel, and lacustrine clay of considerable thickness. The electrical 

characteristics are listed in Table 3.1. 
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During a period of stable hydrological conditions when no flood events occurred (and 

thus no temporal changes in electrical properties of the subsurface), we acquired one large 3D 

crosswell-ERT data set using four vertical boreholes located at the corners of a 5 x 5 m 

square. The 11.4-cm-diameter boreholes penetrated the entire geological section down to the 

upper part of the clay-rich aquitard. Ten electrodes equally spaced at 0.7 m intervals were 

installed along the screened part of each borehole that passed through the gravel aquifer. At 

the time of the experiment, 9 of the electrodes were located within the water-saturated part of 

the aquifer. The primary purpose of this experiment was to define resistivity variations within 

the water-saturated part of the aquifer and to investigate the resolving capabilities of different 

electrode configurations. Complementary crosswell radar and seismic experiments were 

carried out between the same boreholes over the same depth range for hydrogeophysical 

characterization of the aquifer (Doetsch et al., 2009). 

Electrodes within the saturated zone of the gravel aquifer were used to give 3D 

coverage across the 6 possible acquisition planes provided by the 4 boreholes (see sketches at 

the top of Figure 3.6). Of the 10,224 electrode combinations we employed, 2,464 

configurations were of the AB-MN type and 7,760 configurations were of the AM-BN type. 

The recording instrument allows the repeatability of each voltage reading to be determined 

from multiple measurements over each current cycle. Data having measurement deviations of 

more than 1% were eliminated, reducing the data set to 10,035 measurements. We also 

eliminated potentially noisy data acquired with electrode configurations distinguished by 

geometric K factors > 1000; in fact electrode configurations with high K factors usually have 

low signal levels, because the two potential electrodes are close to the same equipotential 

contour. The remaining 9,203 raw measurements formed the full dataset. 

Although it is possible to invert data sets with >9000 values, it is relatively time-

consuming. For this reason, we employed an optimized experimental-design procedure to 

reduce the number of values without significantly reducing the resolution capabilities of the 

data set. The sensitivities for each electrode configuration were first calculated using a 4-

layered earth model (Table 3.1) derived from previously acquired surface- and crosswell-

ERT data. The rows of the Jacobian matrix of sensitivities, each one corresponding to a 

particular configuration, were then compared and used in an optimized experimental-design 

procedure. Those configurations having the greatest degree of linear independence were 

added to the base set of 1,000 most sensitive combinations. Details about this optimization 

approach are described by Stummer et al. (2004) and Coscia et al. (2008). In this way, we 
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selected the 5,000 most independent measurements. Our inversions were based on this 

reduced data set of 5,000 measurements. 

 

Unit Thickness [m] Resistivity [Wm] 

Loam 3 40 

Unsaturated gravel 1 1000 

Saturated gravel 6 250 

Clay > 20 

Table 3.1: Layered (1D) model at the test site. 

3.4. 3D inversion results with and without boreholes  

We first inverted the 3D data set using the BERT code (Günther et al., 2006) with an 

unstructured mesh that incorporated an adequate representation of the boreholes. Each 

borehole was treated as an independent inversion region with spatial regularization 5 times 

stronger than for other inversion regions, but there were no assumptions regarding the 

electrical resistivity of the borehole fluid (for a discussion on region constraints, see Günther 

and Rücker, 2009). Although the active electrodes were limited to the water-saturated part of 

the gravel aquifer, the resistivities of the overlying and underlying units as well as the 

resistivities of immediately adjacent regions outside the cuboid defined by the boreholes will 

influence the inversion results (Maurer and Friedel, 2006). Accordingly, the inversion 

domain was defined to be a cuboid of 10 x 10 m horizontal extent and 13.0 m depth. 

For reliable and consistent inversion results, it was necessary to decouple the 

smoothness constraints between the different layers, separating the unsaturated zone and the 

clay layer from the principal zone of interest. The boundaries at the top and bottom of the 

saturated zone were known to be sharp, such that smoothing across such boundaries can 

introduce spurious features. It was therefore important to preserve the abrupt nature of the 

known lithological and hydrological boundaries (based on the borehole geological logs) to 

allow subtle but important 3D variations in resistivity within the gravel aquifer to be mapped. 

Inversions in which the sharp boundaries were not enforced yielded highly variable and 

unrealistic resistivities within the aquifer. By adopting this inversion approach, data misfit at 

the 3-4% error level was achieved after four iterations. The starting model for the inversions 
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was a 1D layered sequence (Table 3.1), based on the average resistivities determined from 

surface ERT and borehole logs. 

Results of the inversion are depicted in 3D perspective view in Figure 3.6a and 6b for 

the 4 outer observation planes. To take advantage of the full color spectrum to represent the 

relatively narrow but significant 100-270 Ωm range of resistivities in the water-saturated 

aquifer (the primary target of our investigations), the results for the overlying and underlying 

layers are not presented in Figure 3.6. The inverted values for the lumped loam-unsaturated 

zone are in excess of 500 Ωm and those for the clay are less than 50 Ωm. The former are 

consistent with results from companion surface ERT surveys, which yielded values of 60 Ωm 

for the loam and ∼1000 Ωm for the unsaturated gravel. Figure 3.6a and 6b reveal 

quasi-subhorizontal resistivity layering near three of the boreholes and a rather diffuse 

relatively high resistivity feature near the fourth borehole. The resistivity of the borehole 

fluid has an average value of 27 Ωm, only 8 times lower than the average for the rock 

formation. 

Results of the unstructured BERT inversion with layer decoupling of the gravel-clay 

and the saturated-unsaturated gravel interfaces, but completely ignoring the boreholes (i.e., 

by not including them in the mesh generation) are shown in Figure 3.6c and 3.6d. Even 

though the data misfit is similar to runs that included the boreholes, this image is visually 

different to Figure 3.6a and 6b; the correlation coefficient between the log resistivities in the 

two models across the six borehole planes is 0.88. This coefficient might at first sight seem 

rather high but it should be appreciated that the actual resistivity variations in the aquifer are 

quite small, and the differences are further compressed when taking logarithms. The 

quasi-subhorizontal resistivity layering seen in Figure 3.6a and 3.6b is not evident in Figure 

3.6c and 3.6d. Paradoxically, artificial high resistivity zones have been introduced at and 

around the borehole locations, where in fact the resistivities are low. This is a consequence of 

the majority of measured apparent resistivities being of the AM-BN type, which have 

anomalously high values because of the increased current density within the borehole fluid 

(Figure 3.4b). When the boreholes are not taken into account, the inversion algorithm cannot 

differentiate whether an increased voltage is due to an increase in current density or an 

increase in ground resistivity. 
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Figure 3.6: Crosswell-ERT data were acquired between 4 boreholes located at the corners of a 5 x 5 m square (a 

total of 6 planes; see sketches at the top) and inverted using the program BERT with an unstructured 

mesh. (a) and (b) Two perspective views of a model derived from a 3D inversion that explicitly 

incorporates the boreholes (the outer 4 planes are shown). (c) and (d) Corresponding views for a 3D 

inversion that did not incorporate the boreholes. Note the high resistivity artifacts along the 

boreholes in (c) and (d). Note that the color bar is clipped at each end so that any resistivities lower 

than 100 Wm remains blue and any resistivity higher than 270 Wm remains red. The actual 

recovered borehole resistivity is 27 Wm. 
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We have compared the two 3D ERT models in Figure 3.6 with the coincident but 

independently derived 3D radar and seismic velocity models of Doetsch et al. (2009). There 

is excellent correspondence between the resistivity pattern depicted in Figure 3.6a and 3.6b 

and the radar and seismic velocity patterns. The quasi-subhorizontal layering near three of the 

boreholes and the diffuse feature near the fourth borehole are characteristics of all three 3D 

tomograms. We can quantify the correlations. For example, since electrical resistivities likely 

decrease and radar permittivities likely increase with increased porosity within the saturated 

gravel, we expect these two parameters to be strongly anti-correlated in the region of interest 

(even though spatial variations of clay content will probably decrease this anti-correlation). 

Cross-correlations of the radar permittivity model with the resistivity models based on the 

ERT inversions with and without the boreholes yield correlation coefficients of -0.66 and 

-0.52, demonstrating that the ERT inversion with boreholes produces a model that 

corresponds more closely to the radar permittivity model than that produced by the inversion 

that ignores them. These results indicate that the model that ignores the borehole is of limited 

value to make inferences about internal lithological variations within the gravel aquifer. 

3.5. The inadequacy of correction factors  

To avoid the extra computational effort and sophistication that results from including 

the boreholes in the finite-element meshes, we now investigate the possibility of calculating 

and applying borehole-fluid correction factors to the data prior to inversion. If this approach 

proves to be viable, standard schemes based on structured meshes that do not incorporate the 

boreholes could be used to invert the corrected crosswell-ERT data. We determine the first 

suite of correction factors by applying the forward component of the BERT software to the 

1D layered model shown in Table 3.1 with the boreholes and then without the boreholes. The 

correction factors are the ratios of apparent resistivities from the two forward modeling runs. 

They are shown in frequency polygon form by the dashed line in Figure 3.7 for the various 

electrode configurations. The values range from 0.7 to 1.15.  

These correction factors were applied to the observed apparent resistivity data and the 

corrected data were then inverted using the BERT code and an unstructured mesh that 

ignored the boreholes. The inverted model shown in Figure 3.8a and 8b is quite different to 

both the model obtained incorporating the boreholes (Figure 3.6a and 3.6b) and the one 

obtained without applying correction factors (Figure 3.6c and 3.6d). The correlation 

coefficient between this model and the model that explicitly incorporates the boreholes is 
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0.93. The artifacts along the boreholes in Figure 3.8a and 3.8b are not as pronounced as in 

Figure 3.6c and 3.6d, but they are sufficiently strong to obscure the pattern of resistivities 

between the boreholes. This result clearly shows that corrections based on a layered model 

are inadequate for this data set. 

 

Figure 3.7: Frequency polygons of borehole-correction factors based on apparent-resistivity ratios computed for 

each electrode configuration with and without the boreholes. The two curves are for the layered (1D) 

model of Table 3.1 and the actual 3D inverted model in Figure 3.5c and 3.5d. The difference in the 

patterns is quite large. 

We repeated the calculation and application of correction factors, but this time we 

replaced the 1D model (Table 3.1) with the final 3D model of Figure 3.6a and 3.6b. The 

distribution of these correction factors is shown by the solid line in Figure 3.7. The shape of 

this histogram is notably different from that generated for the 1D model. These 3D-model-

based correction factors were then applied to the field data and an inversion was performed 

ignoring the boreholes. The resultant model displayed in Figure 3.8c and 3.8d is very similar 

to that presented in Figure 3.6a and 3.6b, with a correlation coefficient of 0.98 between the 

two models.  

Of course, in practice, the true model is not known in advance, so using correction 

factors based on the final 3D model is not feasible. Since correction factors based on a 1D 

starting model are demonstrably insufficient, the only satisfactory approach to account for the 

borehole-fluid effect is to represent the boreholes in an appropriate unstructured mesh and 

explicitly include them in the inversion process. 
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Figure 3.8: (a) and (b) 3D inversion result using the program BERT with an unstructured mesh after first 

correcting the input data for the borehole effects according to the layered model of Table 3.1 and 

then ignoring the boreholes in the actual inversion. Note the high resistivity artifacts around the 

boreholes compared to Figure 3.6a and 6b. (c) and (d) As for (a) and (b), but first correcting the input 

data for the borehole effect according to the 3D inversion result of Figure 3.6a and 3.6b. The result is 

quite similar to that of Figure 3.6a and 6b. Of course, one would not have the true model (i.e., Figure 

3.6a and 3.6b) to make such corrections in practice, so the only purpose of doing it here is to 

emphasize the inadequacy of corrections based on the 1D model (albeit with the approximately 

correct background resistivity). Note that the color bar is clipped at each end so that any resistivities 

lower than 100 Wm remains blue and any resistivity higher than 270 Wm remains red. 

3.6. Conclusions 

We have undertaken a systematic investigation of the influence of fluid-filled 

boreholes on the modeling and inversion of crosshole-ERT data. Our study is the first to 
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include the boreholes and their fluid fill in the inversion process. This was achieved by 

representing the borehole by a dense network of elements in an unstructured mesh. The most 

important conclusions to emerge can be summarized as follows: 

The electrical resistivity structure of the ground, the resistivity contrast between the 

rock formation and borehole fluid, as well as survey design/geometrical factors (e.g., the 

borehole diameter, depth, hole spacing, electrode recording configuration) all play an 

important role in the borehole-fluid effect. This effect intensifies as the resistivity contrast 

 and borehole diameter increase, and as the bipole spacing decreases. For AB-MN 

configurations, the apparent resistivities are underestimated whereas for AM-BN 

configurations they are overestimated. 

At our field study site, a very low resistivity contrast of 8 : 1 between the rock 

formation and the borehole fluid in the 11.4-cm-diameter boreholes produces artifacts that are 

much more significant than predicted by synthetic modeling; the effect appears to be severe 

even for the 5-cm-diameter boreholes used in complementary time-lapse ERT investigations 

at the site (results not presented here). Our results show that the effect is minor for forward 

modeling borehole diameters < 10 cm and a resistivity contrast of 10 : 1, but the effect 

greatly intensifies for inversions, such that significant artifacts can be produced in an 

inversion model; such error amplification effects are well known in seismic tomography. 

 Correction factors based on simulations for a 1D resistivity model with and without 

boreholes does not allow an inversion procedure that ignores the boreholes to recover the 

subsurface resistivity distribution.  

 Trustworthy models of minor electrical resistivity variations based on ERT data acquired 

in fluid-filled boreholes can only be achieved by including the boreholes in the inversion. 

This is not really feasible with structured grids and necessitates an unstructured mesh 

approach. Time-lapse inversion utilizing ratios or differences of apparent resistivities or 

voltages is likely to be less influenced by the borehole effect and could be a partial remedy 

to the problem. However, this requires further investigation. In a strict theoretical sense, 

the sensitivity kernels required in the inversion-parameter updates at each iteration to 

resolve subtle electrical resistivity variations should be based on an accurate model that 

incorporates the boreholes. 

 Since the inclusion of particularly small boreholes increases the number of tetrahedral, this 

could increase the memory and run time of the inversion process considerably. In the case 
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of a constant borehole fluid conductivity one could easily combine the inversion cells of 

each borehole to one unknown, which is possible with the code used. 

 If unstructured-mesh numerical modeling and inversion capability is not available to 

practitioners, then our advice would be to use an alternative to fluid coupling of the 

electrodes in the boreholes. Examples would include electrodes mounted on the outside of 

a PVC pipe in an air-filled hole and held in firm contact with air-filled borehole walls. 
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Abstract 

We have used land-based crosshole ERT (electrical resistivity tomography) 

monitoring data acquired in 18 boreholes and temporal fluctuations of river-water electrical 

resistivity to characterize the dynamics of groundwater in a gravel aquifer as it is infiltrated 

by river water. Temporal variations of the raw ERT apparent-resistivity data were mainly 

sensitive to the resistivity (salinity), temperature and height of the groundwater, with the 

relative contributions of these effects depending on the time and the electrode configuration. 

To resolve the changes in groundwater resistivity, we first expressed fluctuations of 

temperature-detrended apparent-resistivity data as linear superpositions of (i) time series of 

river-water-resistivity variations convolved with suitable filter functions and (ii) linear and 

quadratic representations of river-water-height variations multiplied by appropriate 

sensitivity factors; river-water height was determined to be a reliable proxy for groundwater 

height. Individual filter functions and sensitivity factors were obtained for each electrode 

configuration via deconvolution and then the predicted contributions related to changes in 

water height were removed prior to inversion of the temperature-detrended apparent-

resistivity data. Applications of the filter functions and sensitivity factors accurately predicted 

the apparent-resistivity variations. Furthermore, the filtered ERT monitoring data and 

resultant time-lapse resistivity models correlated closely with independently measured 

groundwater electrical resistivity monitoring data and only weakly with the groundwater-

height fluctuations. We observed resistivity increases of up to 10% and the arrival time peaks 

in the time-lapse resistivity models matched those in the groundwater resistivity monitoring 

data. 

4.1. Introduction 

Growing scientific and regulatory interest in interactions between surface water and 

groundwater has led to the increased use of geophysical methods for characterizing hyporheic 

processes and aquifer systems that are connected to the sea, lakes, and rivers. Geophysical 

methods are used to derive conceptual models of contact zones (e.g., river beds), define the 

interior structure of connected aquifers (e.g., Acworth and Dasey, 2003; Crook et al., 2008; 

Nguyen et al., 2009; Hatch et al., 2010; Doetsch et al., 2010a; Slater et al., 2010), and obtain 

information about surface water - groundwater interactions. The latter is achieved by 
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analyzing geophysical time series or time-lapse inversion models following natural (e.g., 

Nyquist et al., 2008; de Franco et al., 2009; Fàlgas et al., 2009; Ogilvy et al., 2009; Slater et 

al., 2010) or artificial perturbations of the system, for example, in the form of saline tracers 

injected into a river (Ward et al., 2010b).  

There are numerous hydrological methods for studying river water - groundwater 

interactions (e.g., Kalbus et al., 2006; Cook et al., 2003). Many of them exploit natural 

fluctuations of state variables (e.g., temperature) or isotope concentrations. One well-

established approach is to compare river and groundwater heights to determine if a river is 

losing or gaining water. Similar information is obtained at larger scales by analyzing 

differences in discharge between river cross sections (Harvey and Wagner, 2000). 

Temperature variations in a river and in adjacent groundwater can be used to identify 

recharge or discharge zones and to quantify water fluxes at the river - aquifer interface 

(Anderson, 2005); fiber-optic-distributed sensors now make it possible to obtain temperature 

data at very high spatial and temporal resolutions (e.g., Selker et al., 2006; Slater et al., 

2010). As for temperature measurements, electrical resistivity time series of river water and 

groundwater can be used to infer traveltimes of water moving from rivers to groundwater 

observation boreholes (e.g., Cirpka et al., 2007; Vogt et al., 2010). However, using these 

techniques alone makes it extremely difficult to delineate the evolution of three-dimensional 

(3D) groundwater flow patterns in the vicinity of rivers. Geophysical methods may provide 

key complementary 3D information. 

Natural sources offer several advantages over artificial ones when studying surface 

water and groundwater dynamics using geophysical techniques. The resultant data provide 

more integrated information because they are unaffected by local heterogeneities close to the 

injection points, the field experiments are less expensive, and permits are easier to obtain. 

Furthermore, using natural sources is the only viable option for obtaining meaningful 

geophysical responses when working in large rivers or catchments (Yeh et al., 2008).  

A major complication of geophysical monitoring based on natural-source signals is 

that the effects of interest are often superimposed on other unwanted signals. As a 

consequence, geophysical monitoring can only provide spatial and temporal distributions of a 

time-varying property if the corresponding geophysical signal dominates or if it can be 

isolated from signals originating from other time-varying phenomena (Rein et al., 2004). 

Electrical resistivity tomography (ERT) monitoring data used in this study are not only 

affected by resistivity (salinity) variations in the pore water (i.e., the natural tracer of 

interest), but also by variations in groundwater temperature and height. ERT methodology is 
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treated by Binley and Kemna (2005) and the relationships between electrical and 

hydrogeological properties and state variables are reviewed by Lesmes and Friedman (2005).  

Different approaches for removing unwanted temporally-varying contributions from 

ERT data or inversion models have been proposed. For example, Olofsson and Lundmark 

(2009) performed long-term ERT monitoring to evaluate how de-icing salt affects the 

roadside subsurface. They evaluated temporal variations by comparing them with models 

obtained in areas with similar geological characteristics, but where no de-icing salt had been 

applied. Hayley et al. (2009), Hayley et al. (2010) and Hayley et al. (2007) sought to image 

variations in pore-water salinity. This task was complicated by variations in temperature and 

water content that also affected the ERT measurements. They evaluated two possible ways to 

remove the unwanted effects. The first approach was to apply post-inversion corrections to 

the inversion models and thereby convert them to reference temperature and saturation 

conditions (Hayley et al., 2009; Hayley et al., 2007). This method required specific 

petrophysical relationships between the unwanted variables (temperature and water 

saturation) and the electrical properties, together with measurements of these variables at 

discrete locations. A better performing approach involved applying pre-inversion corrections 

to the data based on differences between simulated data from unreferenced and referenced 

inversion models obtained from the first approach (Hayley et al., 2010). 

Only a few geophysical studies have exploited natural variations to characterize 

river - groundwater interactions. Nyquist et al. (2008) investigated such interactions by 

performing an electrical resistivity survey within a river; two ERT profiles collected at 

different river stages were compared and the differences in the resistivity models were 

interpreted in terms of groundwater discharge patterns. Slater et al. (2010) provided 

constraints to a conceptual model describing flow pathways of contaminated groundwater 

leaking into a river by combining continuous waterborne electrical imaging with high-

resolution temperature monitoring; static inversion of the ERT and time-domain induced 

polarization data provided a general hydrogeologic zonation, whereas the temperature 

variations indicated the locations of river and groundwater exchange.  

We have acquired more than one year of 3D crosshole ERT monitoring data close to 

the Thur River in Switzerland (Figure 4.1a). The electrical stratigraphy of the aquifer is 

known from an earlier study (Coscia et al., 2011). Here, we investigate the extent to which 

infiltrating river water can be used as a natural tracer for imaging aquifer dynamics. Electrical 

resistivity fluctuations in the river water and groundwater have previously been used at this 

site to infer traveltime distributions (Cirpka et al., 2007). In contrast, we focus on ERT 
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apparent-resistivity data that we eventually want to use to image 3D groundwater flow 

patterns.  

To achieve this ultimate goal, we develop here a methodology to minimize the effects 

of seasonal variations in temperature and relatively rapid groundwater-height fluctuations on 

our ERT data before performing time-lapse inversions. Minimizing these effects is crucial for 

obtaining time-lapse images that are primarily related to changes in groundwater resistivity. 

Our method involves expressing the temperature-detrended ERT data as the sum of filtered 

representations of variations in river-water resistivity and height; river-water height at our 

location is a reliable proxy for groundwater height. Deconvolution allows us to decompose 

the ERT time-lapse signals into the resistivity and height contributions. A one month period 

of data was used for calibrating the model used to predict the system response. 

After introducing the study site and the various data sets, we outline how we correct 

the river-water and groundwater resistivities and ERT apparent resistivities for seasonal 

temperature variations. We then concentrate on our method for minimizing the effects of 

changing groundwater height on the temperature-detrended apparent resistivities before 

describing the time-lapse inversions and initial comparisons with groundwater monitoring 

data.  

4.2. Study site, experiment, and data 

4.2.1. Study site and experimental description 

Our study site is located at Widen in the Thur catchment of northeastern Switzerland 

(Figure 4.1a). At this location, the Thur River infiltrates an adjacent aquifer consisting of silty 

gravel (Cirpka et al., 2007; Diem et al., 2010). The aquifer is approximately 7 m thick. It is 

embedded between an overlying 3-m-thick layer of loam and an underlying aquitard of fine 

lacustrine clay (Figure 4.1c).  

Details on the site, instrumentation, installation, and our recording strategy are given 

by Coscia et al. (2011). Only a summary of this information is provided here. The 

experimental set-up includes eighteen ~11-m-deep boreholes evenly spaced at 3.5 m intervals 

(Figures 4.1b and c). They each contain a slotted plastic casing and a geoelectric cable with 

10 electrodes spaced 0.7 m apart along the length of the aquifer section. An ERT measuring 

device, a computer that controls the measurements, and a wireless system that allows the 

computer and recorded data to be accessed remotely are installed in a flood-proof hut. A 
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number of boreholes are also equipped with sensors and loggers at three different depths 

(~4.6 m, ~6.6 m, and ~8.6 m) to measure groundwater height, temperature, pressure, and 

resistivity every 15 minutes. Sensors and a logger are also installed at a river station ~50 m 

downstream of the study site. 

Under normal river conditions (i.e., river discharge ~ 47 m3/s; data from 

www.hydrodaten.admin.ch), the upper ~ 1 m of the gravel aquifer is unsaturated.  

Under very high discharge conditions (i.e., > 500 m3/s), the aquifer is fully saturated and it 

behaves as a confined system. The geometric mean of the aquifer's hydraulic conductivity 

estimated from borehole slug tests is 4.2 × 10-3 m/s (Diem et al., 2010). 

Using an innovative circulating 3D electrode measuring scheme (Coscia et al., 2011), 

one apparent-resistivity measurement was made for each of 15,500 different electrode 

configurations every ∼7 h. The internal structure of the aquifer was studied in detail through 

static 3D ERT inversions of one of these 7-h data sets collected during stable hydrological 

conditions (Coscia et al., 2011). The aquifer was characterized by a central 2-m-thick more 

resistive middle layer that corresponded to a zone of lower porosity. In the lower part of the 

gravel aquifer and away from the river, the resistivity decreased, implying an increase of fine 

sediments at these locations. Further information on the aquifer structure, deduced not only 

from ERT, but also from crosshole ground-penetrating radar and seismic investigations, is 

provided by Doetsch et al. (2010a), Doetsch et al. (2010b), Klotzsche et al. (2010a), and 

Coscia et al. (2011). 
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Figure 4.1: a) Location of the Thur River catchment, Thur valley aquifer, and the Widen test site in northeastern 

Switzerland (modified from a figure prepared by the Swiss Federal Office of Topography). (b) Plan 

view of part of the Widen site showing borehole positions with respect to the river and flood-proof 

hut (rectangle between boreholes P2 and C2). Note the orientation of this diagram. (c) Vertical 

section A'A through the test site (location shown in b) showing electrode installations, stratigraphy, 

and groundwater level. 

4.2.2. ERT apparent-resistivity and hydrological time series 

ERT apparent-resistivity data were acquired from March 2009 until December 2010. 

The ERT data set has several gaps, mainly because of instrumental problems. Nevertheless, 

more than one year of apparent-resistivity data are available, with several periods of 

continuous recordings exceeding one month.  

The apparent-resistivity data are intended to image natural variations in the aquifer 

related to the changing characteristics of the infiltrating river water at different temporal 

scales: seasonal, diurnal, and individual rainfall-runoff events (i.e., about a week). Such data 

could be used to investigate river-water infiltration rates, mixing processes, residence times, 

3D permeability structure of the aquifer, and flow-path geometry. In this study, we focus on a 



Chapter 4 

 76 

new method to distinguish fluctuations in apparent resistivity caused by variations in 

groundwater resistivity ρgw from those due to variations in groundwater height hgw at the 

time-scale of rainfall-runoff events (see Table 4.1 for definitions of the variables used in this 

contribution). We begin by describing the hydrological variables that are expected to have an 

impact on the raw apparent resistivities ρa
raw.  

 

Description Symbol 

River-water height and its variation relative to the yearly median value hrw and Δhrw 
River-water temperature and its variation relative to the yearly median 
value Trw and ΔTrw 

River-water resistivity and its variation relative to the yearly median 
value ρrw and Δρrw 

Groundwater height and its variation relative to the yearly median value hgw and Δhgw 
Groundwater temperature and its variation relative to the yearly median 
value Tgwand ΔTgw 

Groundwater resistivity and its variation relative to the yearly median 
value ρgw and Δρgw 

Raw apparent resistivity and its variation relative to the yearly median 
value ρa

raw
 and Δρa

raw 

Temperature-detrended apparent resistivity and its variation relative to 
the yearly median value ρa and Δρa 

Temperature- and groundwater-height-detrended (filtered) apparent 
resistivity and its variation relative to the yearly median value ρa

f and Δρa
f 

Simulated change in ρa due to changing hrw Δρa
h, rw

 

Simulated change in ρa due to changing ρrw Δρa
ρ, rw 

Model-predicted apparent resistivity  
Variation in groundwater resistivity relative to the value at the beginning 
of the calibration period δr gw

 

Time-lapse resistivities δρ, δρf
 

Sensitivity factors for apparent resistivity temperature corrections (1 
factor per ERT electrode configuration) k 

Filter functions for river-water-resistivity and linear component of river-
water-height variations (1 function per ERT configuration) f ρ, f h 

1st and 2nd order filter coefficients for instantaneous response of 
groundwater-height to river-water-height variations (2 coefficients per 
ERT electrode configuration) 

a, b 

Regularization parameter for groundwater-height filter-coefficient 
estimation λr 

Estimated relative error of the data ε 

Regularization parameter for time-lapse inversion λ 

Table 4.1: Summary of variables used in the text. 
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The bulk electrical resistivity of an aquifer is largely determined by pore-water 

resistivity ρgw, which is controlled by the volume of dissolved solids (e.g., salts) in the water, 

as well as water saturation, porosity, and clay content (Lesmes and Friedman, 2005). Bulk 

resistivity decreases with increasing concentrations of dissolved solids and increasing water 

saturation, whereas the porosity term includes not only the volume fraction of pore space in 

the rock but also the shape and connectivity of the pores. Temperature also has an influence 

on bulk electrical resistivity, with resistivity tending to decrease as temperature increases.  

Heavy precipitation in the Thur catchment results in large volumes of rainwater 

rapidly entering the river system, either directly or via short travel paths on the surface or 

through the ground. This water tends to have a low salinity and, as a consequence, have a 

higher resistivity than river water under low- to moderate flow conditions (Cirpka et al., 

2007). Accordingly, significant periods of precipitation result in strong and rather sharp 

increases in river-water electrical resistivity ρrw (Figure 4.2a). Because the resistive river 

water constantly infiltrates the adjacent aquifer at the study site, it can be used as a natural 

tracer for estimating groundwater traveltimes from the infiltration point to observation or 

water-supply boreholes at distances up to hundreds of meters from the river (Cirpka et al., 

2007; Vogt et al., 2010). Figure 4.2a shows that variations in groundwater resistivity ρgw are 

markedly damped (e.g., by a factor of ~6) and delayed relative to ρrw for the 1-month period 

that we use for calibration. 

Following precipitation in the upper part of the catchment, the unregulated Thur River 

is subject to rapid variations in discharge and river height along its entire course. As 

examples, intense precipitation caused the discharge to increase from 25 to 750 m3/s during 

the most extreme event of Summer 2009 and from 42 to 232 m3/s during the first significant 

rainfall-runoff event during the calibration period. Figure 4.2b demonstrates that the latter 

event resulted in fast and practically coincident variations of river-water height hrw and 

groundwater height hgw, but that the maximum variations of hgw were roughly half those of 

hrw. Variations of hgw strongly affect ρa
raw, because hgw determines the fractional volume of 

the aquifer that is saturated. As a consequence, variations in hgw lead to practically coincident 

variations in ρa
raw that can mask the responses related to changes in the groundwater 

resistivity ρgw caused by the resistive river water ρrw infiltrating the aquifer. 
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Figure 4.2: Variations of river-water and groundwater (a) electrical resistivity, (b) height, and (c) temperature 

for the one-month calibration period (12/06/09 - 01/06/10). The groundwater data were recorded in 

borehole P3, approximately 10 m from the river (see Figure 4.1 for the location). Time-lapse 

inversions were computed for the 14-day period (12/07/09 - 12/21/09) delineated by the dark gray 

background. 

Every hydrological event also creates variations of river-water temperature Trw (solid 

line in Figure 4.2c). In contrast, variations in groundwater temperature Tgw (dashed line in 

Figure 4.2c) appear to be dominated by seasonal trends (best observed in the one year of 

temperature data displayed in Figure 4.3a) and only weakly affected by river-water 

temperature fluctuations associated with changes in river-water discharge. The maximum 

variation of groundwater temperature Tgw during the one-month calibration period is ~4 °C 

(Table 4.2), corresponding to an ~8% variation of ρgw (Lesmes and Friedman, 2005). 
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Figure 4.3: (a) Groundwater temperatures recorded over a one-year period in 2009-2010. (b) Apparent-

resistivity time series for one typical ERT electrode configuration out of a possible 15,500 

configurations. Raw ρ a
raw values and temperature-detrended ρ a values are represented by the closely 

spaced gray and black dots, respectively. The one-month calibration period (12/06/09 - 01/06/10) is 

delineated by the two shades of gray background and time-lapse inversions were computed for the 

14-day period (12/07/09 - 12/21/09) delineated by the dark gray background. 

It thus appears that variations of ρgw and hgw at the scale of single hydrological events 

are the most important causes of natural fluctuations of ρa
raw. Nevertheless, it is necessary to 

account for the effects of seasonal temperature fluctuations before attempting to separate the 

ρgw and hgw contributions because they would otherwise have an effect on the final resistivity 

model time series. Our complete processing scheme is summarized in Figure 4.4. 
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Figure 4.4: Flow diagram of the processing applied to the river-water resistivity and height time series and 

apparent-resistivity data sets. 

  Period 
20/08/2009-20/08/2010 

Period 
06/12/2009-06/01/2010 

  Median Min  
(Δmin) 

Max  
(Δmax) Median Min  

(Δmin) 
Max  

(Δmax) 
Resistivity  
ρrw

 (Ω.m) 
32.3 18.1  

(-14.2) 
65.8  

(33.5) 28.2  21.5  
(-6.7) 

48.1  
(19.9) 

Height  
hrw (m.a.s.l.) 392.1 391.7  

(-0.4) 
395.0  
(2.9) 392.2 391.9  

(-0.3) 
394.0  
(1.7) River water 

Temperature  
Trw (°C) 9.0 0  

(-9) 
26.8  

(17.8) 9.3 5.9  
(-3.4) 

12.4  
(3.1) 

Resistivity  
ρgw(Ω.m) 30.6 22.3  

(-8.3) 
40.1  
(9.5) 28.2 25.6  

(-2.6) 
30.6  
(2.4) 

Height  
hgw(m.a.s.l.) 392.2 391.9  

(-0.3) 
393.0  
(0.8) 392.2 392.0  

(-0.2) 
393.0  
(0.8) Groundwater 

Temperature  
Tgw(°C) 10.7 4.2  

(-6.5) 
20.0 
(8.7) 6.6 4.8  

(-1.8) 
8.7  

(2.1) 
Apparent resitivity  

ρa (Ω.m) 205.4 144.1  
(-61.3) 

267.0  
(61.6) 198.3 170.3  

(-28) 
214.0  
(15.7) 

Table 4.2: For the one-year period (08/20/2009 - 08/20/2010) and the one-month calibration period (12/06/2009 

- 01/06/2010), statistics of river-water and groundwater resistivity, height, and temperature together 

with apparent resistivity. Each apparent resistivity shown in the lower row is determined from the 

median values calculated for the complete suite of electrode configurations (e.g., the median, 

maximum, and minimum of the median values for the one-year period are 205.4, 144.1 and 267.0 

Ω.m, respectively). Note, that the river-water measurements were made approximately 50 m 

downstream of the study site. 
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4.3. Preprocessing 

Before considering the effects of changing river-water and groundwater heights and 

resistivities on ρa
raw, it was necessary to apply some preprocessing to the different data sets 

(Figure 4.4 and Table 4.2). We first removed variations in the input signals at periods shorter 

than the 7-h period used to acquire a single complete ERT apparent-resistivity data set. To 

achieve this, the ρrw, ρgw, hrw, and hgw time series (data series and filter functions are marked 

bold in the following) were passed through an appropriate low-pass Butterworth filter.  

Long-term variations in ρrw and ρgw were mainly due to snow melting in the upper 

part of the catchment and effects of temperature variations in Trw and Tgw. The original ρrw 

values (Department of the Environment, Canton Thurgau) and ρgw values had been 

automatically corrected to a constant temperature of 25 oC according to procedures described 

in ISO7888 (1985). Clearly, this temperature was too high for our study (Figure 4.3a and 

Table 4.2). Therefore, each estimate of ρrw and ρgw in the respective time series was adjusted 

from their values at 25 oC to the yearly median temperatures at our site (Trw = 9.8 °C and Tgw 

= 10.7 °C) using correction factors provided in ISO7888 (1985). 

The effects of seasonal variations of Tgw (Figure 4.3a) on the apparent resistivities 

were minimized by multiplying the ρa
raw data for each ERT electrode configuration by a 

diagonal matrix with entries (1 + kΔTgw), where ΔTgw were values relative to the yearly 

median of Tgw measured at one of the groundwater loggers. For each ERT electrode 

configuration, we used the value of k that minimized the correlation between the temperature-

detrended apparent resistivities ρa and ΔTgw. Typical values of k were in the 0.01 - 0.03 °/C 

range, with a mean of 0.017 °/C. These values, one for each ERT electrode configuration, 

were close to coefficients used to relate apparent resistivity to temperature in several other 

studies (e.g., Rein et al., 2004; Hayley et al., 2010). Note, that this correction approach is 

based on the assumption that phase differences of ΔTgw perturbations within the aquifer are 

negligible when considering yearly variations. The results of applying our temperature-

correction scheme to a ρa
raw time series recorded by a typical ERT electrode configuration are 

shown in Figure 4.3b.  
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4.4. Accounting for groundwater-height variations 

Changes in hgw cause changes in apparent-resistivity ρa that depend on the particular 

electrode configuration used. Increases in hgw mostly, but not always, result in decreases in 

ρa, because part of the more resistive unsaturated zone of the aquifer is replaced by a less 

resistive saturated zone. There are several different approaches for minimizing the effect of 

changes in hgw on ρa.  

One approach would be to include  hgw as a known temporally varying interface 

within the time-lapse inversion process. Unfortunately, such an approach would require 

remeshing the forward and inversion grids at each time step, which would make it difficult to 

distinguish numerical errors from small changes in ρgw. A strong motivation for adopting 

time-lapse inversion procedures is that modeling errors largely cancel. Because modeling 

errors are sensitive to the forward mesh, this advantage would be lost if frequent remeshing 

was required.  

A second approach would be to numerically model the effects of hgw variations and 

then remove them from the ρa data sets. The main problem with this approach is that detailed 

information on the electrical resistivity structure of both the saturated and unsaturated parts of 

the aquifer would be needed. Figure 4.5 displays simulated apparent resistivities as functions 

of changes in hgw for two electrode configurations used in this study, assuming an idealized 

two-layered model in which the electrical resistivities of the saturated and unsaturated zones 

are 250 and 600 Ω.m, respectively. Note, that the curves are weakly non-linear (e.g., 

parabolic) and that ρa can either increase or decrease with increasing hgw, depending on the 

electrode configuration and placement. Results from other models (not shown) indicate that 

the slope of the relationship (i.e., the sensitivity function) is strongly dependent on the 

typically poorly known electrical resistivity of the unsaturated zone. 

The third approach is to use measured time-series of the relevant variables to estimate 

the influence of hgw on ρa. We have adopted this approach and developed and tested the 

necessary methodology. 
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Figure 4.5: Results of forward modeling the effects of changing groundwater height on apparent resistivity for 

two electrode configurations (pluses and crosses; see text for details on the model parameters). 

4.4.1. Hypotheses and formalism of the filtering method 

In the following, we relate variations in temperature-detrended apparent resistivity 

Δρa to variations in temperature-detrended river-water resistivity Δρrw and river-water height 

Δhrw (the Δ values are deviations from the yearly median estimates; see Tables 4.1 and 4.2). 

River-water resistivity and height are recorded at the same location ~50 m downstream of our 

study site. Figure 4.2b demonstrates that Δhrw is a dependable proxy for Δhgw; there are no 

appreciable phase differences between the two signals at our study site (a few seconds 

compared to the sampling interval of 7 h), only amplitude differences, with the river signal 

being the larger. Note that using Δhgw directly would be a better choice if sources other than 

the river affected Δhgw or if Δhgw is significantly delayed with respect to Δhrw.  

Our method is based on the assumption that changes in apparent resistivity Δρa for a 

given electrode configuration and specified time can be viewed as a weighted average of 

present and past Δρrw values and present Δhrw and (Δhrw)2 values. The quadratic term is 

added to account for the slightly non-linear relationship between Δρa and Δhgw (see Figure 4.5 

and the corresponding section on modeling the hgw effect). No such quadratic terms are 

needed for Δρrw, because the relationship between Δρa and Δρgw is close to linear as a 

consequence of the small relative changes in Δρgw and the close to linear relationship between 

ρgw and bulk resistivity. Furthermore, Cirpka et al. (2007) found a linear relationship between 

Δρrw and Δρgw using data from the river and borehole loggers. Accordingly, Δρa for a given 

electrode configuration can be described by a convolution of the Δρrw time series with 

smoothly varying causal impulse response functions f ρ, where the superscript ρ refers to 
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river-water resistivity variations, and the multiplication of present values of Δhrw and (Δhrw)2 

by sensitivity factors a and b. 

We assume that variations in Δρgw have a negligible influence on the Δhgw effect, 

since variations in Δρgw are on the order of 10%, whereas electrical resistivity variations in 

the vicinity of the fluctuating groundwater table are expected to exceed 100% due to the 

strong influence of water content. 

The input function Δρrw can be written as: 

  Δρ
rw = (...Δρ−3

rw ,  Δρ−2
rw ,  Δρ−1

rw ,  Δρ0
rw ,  Δρ1

rw ,  Δρ2
rw ,  Δρ−3

rw ,  ...)T ,    (4.1) 

where superscript T denotes the transpose operator, zero subscript refers to when the first ρa 

value is measured, negative subscripts refer to earlier times, and positive subscripts to later 

times. The output apparent-resistivity time series is given by: 

  
Δρa = (Δρa , 0 , Δρa ,1, Δρa , 2 , Δρa , 3, Δρa , 4 ,...)T .

      (4.2) 

Because the filter f ρ is causal, it only comprises entries for positive times. It can be 

written as: 

    f
ρ = ( f0

ρ , f1
ρ , f2

ρ , f3
ρ...... fM

ρ )T ,         (4.3) 

where M is the filter length that needs to be chosen such that the whole transient phenomenon 

is represented. We can now write out Δρa for each electrode configuration in terms of the 

convolution rwρ ∗Δf ρ  and the multiplications aΔhrw and b(Δhrw)2  for a given time j as: 

  
Δρa, j≈ fk

ρΔρ j− k
rw + aΔhj

rw +b Δhj
rw( )2

j = 0,1,2,3.....
k=0

N

∑     (4.4) 

The effects of Δhrw and Δρrw can be expressed and generalized for each ERT 

electrode configuration as:  

   Δρa ≈ f ρ ∗ Δρrw + aΔhrw + b(Δhrw )2 = Δρa
ρ, rw + Δρa

h, rw ,     (4.5) 

where only the   f
ρ ∗ Δρrw =Δρa

ρ, rw  term requires past inputs. We emphasize that each of the 

15,500 electrode configurations yields a different ∆ρa time series and therefore needs its own 

suite of filter coefficients f ρ and sensitivity factors a and b. 

We estimate the coefficients of the filter function f ρ and the a and b terms by 

deconvolving the output data (apparent resistivity) with the input data (river-water resistivity 

and river height). This amounts to solving a linear inverse problem for each electrode 

configuration, in which the filter function f ρ is regularized by first-order smoothness 
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constraints. For this study, we define the regularization parameter λr as the median of 

parameters estimated from an L-curve analysis (Aster et al., 2005).  

Estimation of all parameters requires a period of continuous measurements. For 

testing the filtering method, we determine f ρ, a, b, and λr for the one-month calibration 

period 12/06/09 - 01/06/10 (Figs. 2 and 6; Table 4.2). To obtain the apparent-resistivity time 

series that we subsequently wish to time-lapse invert, we subtract the contributions caused by 

variations in the river-water height, Δρa
h,rw in eq. (4.5), from the Δρa time series. The 

resulting filtered apparent-resistivity time series Δρa
f, where: 

Δρa
f = Δρa - Δρa

h, rw,          (4.6) 

are expected to be dominated by the time-varying resistivity of the groundwater caused by 

the infiltrating river water. Application of our method using Δhgw and (Δhgw)2 instead of Δhrw 

and (Δhrw)2 in eq. (4.5)  yields practically the same estimates of Δρa
f.  

4.4.2. Stability and predictive capability of the estimated filters 

To evaluate the reliability of the filtering method, we first investigate correlations 

between the temperature-detrended measured Δρa values and Δρa values simulated using the 

Δρrw time series convolved with f ρ and the Δhrw and (Δhrw)2 time series multiplied by a and 

b, respectively, where the filter and sensitivity factors are estimated from eq. (4.5). Figure 

4.6a displays the results for an example electrode configuration for which Δρa (median of ρa 

is 147 Ω.m) is clearly affected by Δhgw; note how rapid increases in Δhgw (Figure 4.6c) cause 

strong decreases in apparent resistivity Δρa (open circles Figure 4.6a). The f ρ, a, and b values 

used to simulate the Δρa data shown by solid circles in Figure 4.6a are presented in Figure 

4.6d. The correlation coefficient between the measured and simulated Δρa time series is 0.98 

and the root-mean-square difference is 0.86 Ω.m.  

The dashed and dashed-dotted lines in Figure 4.6a show the separate contributions of 

river-water resistivity ( rw rw
a

ρ ρ, ∗Δ = Δf ρ ρ ) and river-water height 

( rw rw 2 h, rw
a( )Δ + Δ = Δh ha b ρ ) to the simulated Δρa time series. Notice the more pronounced 

contributions of Δρa
h, rw relative to Δρa

ρ, rw during the significant rainfall-runoff events, the 

strong anticorrelation of Δρa
h, rw (Figure 4.6a) with Δhgw (Figure 4.6c), and the strong 

similarity between Δρa
ρ, rw (Figure 4.6a) and Δρgw measured directly by the loggers in 

boreholes P3 and P12 (Figure 4.6b). 
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Figure 4.6: In all diagrams, the one-month calibration period (12/06/09 - 01/06/10) is delineated by the two 

shades of gray background and time-lapse inversions were computed for the 14-day period 

(12/07/09 - 12/21/09) delineated by the dark gray background. (a - c) Variations of Δρ a
 (for one 

example electrode configuration out of the 15,500 measured ones), Δρgw, and Δhgw during the 

calibration period (values are with respect to the respective yearly median values). (a) Measured Δρ a 

(open circles), and simulated Δρ a (solid circles) as the sum of Δρ a
h, rw (dashed dotted line; simulated 

changes in Δρ a due to changes in river-water height) and Δρ a
ρ, rw (dashed line; simulated changes in 

Δρ a due to changes in river-water resistivity). (b) Δρgw at two loggers installed in boreholes, one 

close to the river (continuous line) and the other 15 m further away (dotted line). (c) Δhgw. (d) 

Quadratic equation represents Δρ a
h, rw in terms of the Δhrw time series, whereas the graph shows the 

filter function f ρ that is convolved with the Δρ rw time series to give Δρ a
ρ, rw (see Figure 4.4 and text). 

We calculated the mean differences between the measured and simulated Δρa values 

for each of the time-series during the calibration period. The distribution is centered close to 

0 Ω.m (the median in -0.2 Ω.m), with 96% of the configurations having mean absolute 

differences smaller than 5 Ω.m; this corresponds to a 2.9% error for the relevant apparent-

resistivity median value (see Table 4.2 for these values). 

To evaluate the applicability of the filter coefficients defined in Figure 4.6d for a 

different time period, we apply them to the Δρrw and Δhrw time series recorded during the 
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three weeks starting 5/27/10 and compare the resultant simulated Δρa time series to the Δρa 

time series recorded using the same electrode configuration as in Figure 4.6. As shown in 

Figure 4.7, the simulated Δρa data are a good representation of the measured data; the 

correlation coefficient between the two time series is 0.92 and the root-mean-square 

difference is 2.40 Ω.m. Although these values are not as good as for the calibration period, 

they nonetheless suggest that the system response described by eq. (4.5) and the estimated 

parameters are essentially stationary over time.  

 

Figure 4.7: (a) Comparison between the measured (open circles) and simulated (solid circles) ρ a time series for 

a period outside of that used for the calibration. (b) Δρgw at two point loggers, one close to the river 

(continuous line) and the other 15 m further away (dotted line). (c) Δhgw. Values in all diagrams are 

relative to the respective yearly median values. 

4.4.3. Sensitivities 

We display the estimated variations of the ERT electrode configurations to changes in 

Δhrw and (Δhrw)2 in Figure 4.8. This is achieved by plotting at the centroid positions of the 

respective 4-electrode configurations the variations in Δρa
h, rw caused by a 1 m rise in river 

water as predicted by the a and b factors for each of the electrode configurations. As 

expected, the most affected configurations are those having electrodes located close to the 

groundwater table. Sensitivities to water-height variations are less pronounced for 
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configurations with electrodes closer to the river due to the particular style of electrode arrays 

used. No electrodes are installed in the immediate vicinity (<0.5 m) of the groundwater table 

in the region close to the river.  

 

Figure 4.8: (a) Variations of apparent resistivities Δρ a
h, rw due to a 1 m increase in hrw. The data are plotted at 

the centroid positions of the respective electrode configurations. Note that the scale is clipped at 0 to 

emphasize the negative sensitivities  (see Figure 4.9). 

4.4.4. Effectiveness of the filtering method 

We now examine the effectiveness of the method in correcting for the unwanted 

apparent-resistivity component due to Δhgw. Figure 4.9a shows the distributions of correlation 

coefficients at zero lag between the two apparent-resistivity series (Δρa and Δρa
f) and Δhgw 

for the calibration period, whereas Figure 4.9b shows the distributions of correlation 

coefficients at zero lag between the two apparent-resistivity series (Δρa and Δρa
f) and Δρgw. 

Apparent resistivities constitute volumetric averaged measurements; different electrode 

configurations can, for a given phenomena, exhibit sign reversals for the sensitivity 

coefficients. Therefore, correlations with opposite sign are also possible.  
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Because there is an approximate 0.5 correlation between Δhrw and Δρrw (e.g., compare 

the solid curves in Figures 4.2a and b), some degree of correlation is expected between Δhgw
 

and the filtered apparent resistivities Δρa
f. Nevertheless, very few large correlation 

coefficients are found between these latter two time series. For example, whereas 16.7% of 

the correlation coefficients between Δhgw and Δρa lie in the -0.8 to -1 range, only 3.8% of the 

coefficients between Δhgw and Δρa
f have negative amplitudes of comparable magnitude. 

Particularly noteworthy is the fact that the magnitude of the mean correlation coefficient for 

Δhrw and Δρa
f
 is less than half that for Δhrw and Δρa (see legend at the top left of Figure 4.9a). 

There is a noticeable increase in the influence of Δρgw after water-height filtering (i.e., 

compare the correlation coefficients between Δρgw and Δρa with those between Δρgw and 

Δρa
f in Figure 4.9b) that parallels the decrease in influence of Δhgw. 

 

Figure 4.9: For the calibration period and for all ERT electrode configurations, distribution of correlation 

coefficients between the raw and filtered apparent resistivities Δρ a and Δρ a
f and (a) Δhgw and (b) 

Δρgw.  
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4.5. Time-lapse inversion of the ρa and ρa
f data sets 

We have inverted the 51 ρa
f data sets acquired during the first 14 days starting 

12/07/09 highlighted by the dark gray background in Figs. 2, 3, and 6. Static inversion 

(Günther et al., 2006; Coscia et al., 2011) of the first of these data sets yielded the reference 

model. It was recorded under stable hydrogeological conditions. The groundwater height hgw 

at that time was 392.2 m.a.s.l. and the groundwater resistivity ρ gw varied according to the 

position of the loggers from 26.9 to 27.8 Ω.m for the 10.7 °C reference temperature. A time-

lapse inversion procedure was then applied to the remaining 50 ρa
f data sets.  

4.5.1. 1 Data selection 

Due to the fast dynamics of the aquifer, the apparent resistivities at each electrode 

configuration vary slightly during the 7-h data acquisition period. In an attempt to avoid 

temporal smearing of the time-lapse images (Day-Lewis et al., 2003), the smoothly varying 

apparent-resistivity time series were resampled using spline interpolation to 51 equally 

spaced time frames, so that the measurements for all electrode configurations each refer to 

the same times.  

All data sets used in the inversions contained measurements for the same selected 

suite of electrode configurations. A number of criteria were used for the selection. If an 

estimate of ρa
f for any one of the 51 apparent-resistivity time series failed one of the criteria, 

then all ρa
f values for the relevant electrode configuration were eliminated from the time-

lapse inversion process. A data point was eliminated if it had:  

 any electrode above the groundwater table, since the corresponding data have a 

near-infinite contact resistance;  

 a standard deviation based on repeat measurements > 1%; 

 an absolute electrode geometrical factor (Binley and Kemna, 2005) > 1000 to protect 

against probable low signal-to-noise data; 

 anomalously low or high apparent-resistivity values: < 30 Ω.m or > 500 Ω.m. 

After the first inversion run to establish the reference model, we also eliminated 

electrode configurations for which the apparent resistivities had data misfits > 10 defined as: 
f model

f

−

⋅

ρ ρ
ρ ε
a a

a
,           (4.7) 
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where modelρa  is the model-predicted apparent resistivity and ε is the estimated relative error 

of the data. At this final data selection stage, we had 11,000 ρa
f values in each of 51 data sets.  

4.5.2. Time-lapse inversion procedure 

Time-lapse inversions were performed using the finite-element modeling and 

inversion code BERT based on the GIMLi library (Günther et al., 2006; Rücker et al., 2006; 

www.resistivity.net) with models represented by unstructured meshes created using the 

Tetgen software package (http://tetgen.berlios.de). 

We assumed that the surface of the installation field was planar and horizontal at an 

altitude of 396.26 m.a.s.l., corresponding to the average ground elevation measured at the 

eighteen boreholes (maximum difference ±0.25 m), and the riverbank was planar and 

northward dipping at ~40° (Figure 4.1c). The topography of the main geological interfaces 

(i.e., loam - gravel and gravel - clay) was defined by information obtained from drill cores 

and geophysical logs (neutron-neutron mainly) in each borehole. 

The inversion model was defined as a subvolume (∼67,400 cells) of the forward-

model primary mesh (∼694,000 cells). It was divided into four quasi-layered regions 

corresponding to the loam, unsaturated gravel, saturated gravel, and clay (Figure 4.1c). The 

interface between the unsaturated and saturated gravel was defined by hgw at background 

conditions. No model regularization was imposed across regions. The type and degree of 

regularization λ we employed together with the limits within which resistivities were allowed 

to vary in each region are defined in Table 4.3 (see Günther et al., 2006) and Coscia et al., 

2011) for further details on our inversion strategy). 

After several inversion tests, we decided not to explicitly include the borehole 

geometries in our time-lapse computations. The borehole fluid effect described by Doetsch et 

al. (2010a) at the same field site is important for standard 2D electrode configurations, but is 

only of minor importance for our non-standard circulating 3D ERT configurations (see also 

Coscia et al., 2011) and is generally less important in time-lapse inversions. In addition, the 

roughness operator used to regularize the inversion (Günther et al., 2006; Rücker et al., 2006) 

does not account for variations in the mesh size. This results in reduced regularization where 

the mesh elements are small, such that the smoothing constraints are effectively weaker close 

to the boreholes. Consequently, when including boreholes in the parameterization and using 

this type of regularization in time-lapse inversions, erroneously strong resistivity variations 
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appear near the boreholes and erroneously small variations are imaged in between the 

boreholes.  

We use a modified version of Daily et al. (1992) to time-lapse invert our data, 

whereby we invert the logarithms of apparent resistivities recorded at each time step relative 

to corresponding apparent resistivities recorded at the beginning of the calibration period and 

obtain models of electrical resistivity variation with respect to the reference model. In the 

following, we refer to the time-lapse inversion outputs as the δρ f time-lapse models. We use 

a noise model ε based on a fixed absolute value of 0.1 mV and a relative error of 1 % . The  

regularization parameters (initial value λ=30,000 - see Table 4.3) are successively decreased 

by a factor of 0.5  at each iteration.  

For selecting the final inversion models used in subsequent analyses, we picked for 

each time frame the models for which either: 

 the χ2 decrease of the data misfit at the subsequent iteration was < 0.1, 

 a maximum of 5 iterations. 

The final data misfits for the different time-lapse models varied between 0.4% and 

2.4%, with a median value of 1.6% (see Coscia et al., 2011 for details on how the data are 

reweighted and errors are redefined during the inversion process). The time-lapse inversions 

are performed on a 2.66 GHz quad-core computer with 32 GB of RAM. 

 

Region Regularization  
type 

Scaling factor n for the 
regularization parameter λ 

Bounding values 
ρlower - ρupper (Ω.m) 

Loam Damping 10 10-2000 
Unsaturated 

gravel aquifer Smoothing 1 50-2000 

Saturated gravel 
aquifer Smoothing 1 10-1000 

Aquitard 
(clay layer) Damping 10 5-45 

Table 4.3: Inversion parameters used for each region of the model (see Figure 4.1c and Coscia et al., 2011). 

4.5.3. Time-lapse inversion of the ρa data sub-sets 

A useful means to assess the efficacy of the new filtering method is to compare time-

lapse models that result from inverting ρa
f with (i) time-lapse models that result from 

inverting ρa and (ii) direct measurements of changing groundwater resistivity ρ  gw. 

Accordingly, we have applied the processes described above to the equivalent 50 ρa data sets 
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from the 18 boreholes. Because the river-water and groundwater heights at the beginning of 

the time-lapse inversion period were practically the same as the yearly median values 

(compare heights in Figure 4.2b and Table 4.2), the reference model for the ρa data sets was 

virtually identical to that for the ρa
f data sets. Electrode configurations and all inversion 

parameters chosen for the time-lapse inversion of ρa
f were also employed for the time-lapse 

inversion of ρa. We refer to this second suite of time-lapse inversion outputs as the δρ time-

lapse models, which again represent resistivity variations relative to the reference model. The 

final data misfits for the different δρ time-lapse models varied between 1.0% and 3.6%, with 

a median value of 1.8%. 

4.6. Time-lapse inversion results 

In this section, we begin by comparing selected δ ρ, δρ f, and δ ρ gw time series at 

different locations. To facilitate the comparison, we present all three time-series as percent 

changes relative to the respective values at the start of the inversion period (Figures 4.10a - 

b). To construct δρ and δρf at a given position, we calculated the mean values within 0.5 m 

high cylinders of 1 m radius centered at the positions of interest. We then examine vertical 

slices of the δρ f and δρ models at three selected times (Figure 4.11). 

4.6.1. Comparison of resistivity time series 

Figure 4.10a displays the δρ f, δρ and δρ gw resistivity time series at 4.6 m depth in 

borehole P3 located close to the river (see Figure 4.1b). Both δρ f and δρ are correlated with 

δρ gw and they have similar peak magnitudes, which indicate that both types of inversion 

explain the main temporal variations of δρ gw at this location. The δρ f curve in Figure 4.10a 

closely mimics the δρ gw curve, thus demonstrating that δρ f is a valid parameter for mapping 

groundwater resistivity changes associated with infiltrating river water. By comparison, the 

pattern of δρ variations frequently deviates from that of the δρ gw variations during periods of 

rapid groundwater-height changes.  

We anticipate that major changes in the time-lapse models should occur at roughly the 

same time as the loggers start to sense significant δρ gw variations. This is approximately the 

case for the δρ f models (compare the crosses in Figure 4.10a with the solid curve in Figure 

4.10b). By comparison, the δ ρ models contain variations at much earlier times that are 
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unrelated to changes in δρ gw (compare the open circles in Figure 4.10a with the solid curve in 

Figure 4.10a), but instead are correlated with changes in δh gw (compare the open circles in 

Figure 4.10a with Figure 4.10b). Models obtained by inverting ρa
raw (i.e., not temperature-

detrended) are similar to those obtained by inverting ρa, but the peak magnitude is 

overestimated and the resistivity decrease after the peak value decreases more slowly. 

The above observations hold for the majority of δρ f and δρ resistivities reconstructed 

throughout the aquifer. They highlight the need to account for changing water-level heights 

before time-lapse inverting the apparent resistivity data.  

In the following we investigate how the Δhgw effect shows up throughout the 

inversion models at specific times. 

 

Figure 4.10: (a) Time series of resistivities extracted from the δρ (open circles) and δρf (solid circles) time-lapse 

models at 4.6 m depth in P3 together with percent changes in groundwater resistivity δρgw relative to 

the respective values at the beginning of the calibration period. Dashed vertical lines identify times I 

- III for which vertical slices are shown in Figure 4.11. (b) Δhgw. 

4.6.2. Analysis of hydrologically relevant time frames 

Figure 4.10 allowed us to evaluate the performance of our data correction procedure 

and the inversion results at specific locations. To better evaluate the differences between the 
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δρ and δρ f models, we now examine entire time-lapse inversion models at early times when 

Δhgw is large. Figure 4.11 shows vertical slices that have been extracted from the δρ f models 

(left series of diagrams) and the δρ models (right series of diagrams) at three time steps (see 

dotted lines in Figure 4.10):  

I. well before any δρ gw variations associated with this event but after the beginning of 

significant Δhgw variations,   

II. immediately after the beginning of δρ gw variations and approximately at the peak of the 

Δhgw time series,  

III. during an initial period of increasing δρ gw (i.e., the first peak) when Δhgw has decreased 

significantly. 

At time I, the δρ f model (Figure 4.11a) shows no variations within the aquifer, except 

for some increases along the main diagonal to the south, while the δρ model (Figure 4.11b) 

also shows strong negative changes both in the region close to the groundwater table and 

close to the clay aquitard. At time II, the δρ f model (Figure 4.11c) doesn’t change 

appreciably compared to time I, whereas the δρ model (Figure 4.11d) displays an oscillating 

behavior with alternating increasing and decreasing resistivities throughout the aquifer. 

Times I and II represent times when no appreciable changes are expected in δρ gw. We thus 

find that δρ f display some artifacts, but they appear to be stable with time and localized, 

while δ ρ indicate an unstable behavior with significant inversion artifacts throughout the 

aquifer volume at times of high Δhgw.  

At time III, we expect significant variations in δρ gw throughout the aquifer (see 

Figure 4.10a and b), which is in agreement with increases of above 5% in δρf and δρ in most 

of the aquifer volume. In the bottom part of the inverted model, δρf show only minor positive 

values, while negative values on the order of -5% are seen in δρ. All the available δρgw time 

series at 8.5 m depth (not shown) indicate only small deviations from zero at this time.  

Figures 10 and 11 confirm that our new deconvolution - filtering procedure results in 

significantly improved imaging of the infiltrating river water into the aquifer at times of 

significant Δhgw variations. Interpretations based on inverting the uncorrected data would lead 

to erroneous arrival-time estimates of the infiltrating river water and other incorrect 

interpretations. 
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Figure 4.11: Vertical slices of resistivity variations extracted from the δρ and δρf time-lapse models at times I – 

III shown in Figure 4.10a - c: (a) and (b) time (I), (c) and (d) time (II), (e) and (f) time (III). Diagram  

(g) indicates the position of the slices with respect to the river. Left and right columns of diagrams 

are for the δρ and δρf time-lapse models. 
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4.7. Discussion 

Our filtering method for removing unwanted signals could be adapted for other 

geophysical monitoring situations, provided the main underlying assumptions are satisfied. 

The most important being that: (1) the input terms can be clearly identified and monitored, 

(2) the effects of the different signals add linearly, (3) any cross-terms in the input signals can 

be ignored, (4) the system response is stationary during the time period of interest, and (5) the 

available time-series are longer than the time scales of interest.  

The resistivity of the infiltrating river water is higher than that of the groundwater at 

our study site, but our approach does not depend on the resistivity of the natural source being 

higher, only different. Essentially the same approach could be used to trace the effects of 

large volumes of highly polluted low resistivity fluids being accidently released into rivers 

and their migration into adjacent aquifers. It could also be applied in seawater intrusion 

investigations and in some artificial tracer experiments. Indeed, fluctuations in the 

groundwater height may often make it difficult to resolve changes in groundwater resistivity 

following artificial injection tests, because the injected fluid becomes diluted with time and 

its salinity is deliberately set at moderate levels in order to decrease density effects. 

Obviously, our filtering approach would not work at locations where the infiltrating water has 

the same physical and chemical characteristics as the groundwater.  

Although our results suggest that it is possible to remove most of the effects related to 

groundwater temperature and height, smaller remaining components may continue to affect 

the data. Unfortunately, it is difficult to account for these remaining components in the 

inversion process, because they provide bias in the data that cannot be captured in typical 

uncorrelated zero-mean noise models. Our approach has therefore been to define a target 

misfit and the smallest possible regularization weight that provides models that appear 

largely unaffected by inversion artifacts. This was achieved by gradually decreasing the 

regularization weight between iterations and by evaluating the resulting inversion models and 

convergence characteristics at each iteration. The minimum λ was chosen to ensure that all 

resolved features were larger than roughly half the borehole spacing. 

The approach presented here could be improved in different ways, but the main 

results are likely to be similar. For example, we corrected the raw apparent-resistivity data for 

seasonal temperature variations, but we neglected the smaller variations (1-2 °C) associated 

with individual rainfall-runoff events. This latter time-varying effect could be included as a 



Chapter 4 

 98 

further component in the filtering approach. It would also be preferable to use longer time-

periods for estimating the filter function coefficients, but this was not possible due to frequent 

breakdowns of the data acquisition system. Nevertheless, estimates of filter parameters were 

similar when our approach was applied to other data acquisition periods.  

Because we record a proxy for the natural influence of a massive time-varying line 

source (the river) and not a punctual or line injection within a borehole, we need to recognize 

that the spatial resolution of any scheme based on the infiltration of river water will be 

limited by the distribution of the source.  

4.8. Conclusions 

We investigate to what extent ERT apparent resistivity monitoring can be used to 

investigate groundwater flow patterns by exploiting temporally variable electrical resistivities 

of infiltrating river water. On the scale of a single rainfall-runoff event, two main phenomena 

affect variations in temperature-detrended ERT measurements: groundwater-height 

fluctuations and river water resistivity variations. The first phenomenon determines the 

saturated portion of the aquifer and the second controls the time-varying electrical properties 

of the infiltrating river water, which we wish to use as a natural tracer. Unfortunately, the first 

phenomenon can completely mask the second during times of large groundwater height 

variations.  

To minimize this problem, we have developed a filtering method that separates the 

temperature-detrended apparent-resistivity data into contributions due to the different input 

signals. We have used the method to minimize contributions associated with groundwater-

height fluctuations. The resulting filtered ERT data were less correlated with the groundwater 

height and more correlated with the groundwater resistivity than the unfiltered data. 

Three-dimensional time-lapse inversions of the unfiltered and the filtered apparent-

resistivity data demonstrate that the inversions of the filtered data result in significantly fewer 

inversion artifacts. This will make the hydrogeological interpretation of the time-lapse 

models clearer and helps, for example, to reduce errors related to arrival-time estimations.  

In a follow up study, we will use the inversion models together with other relevant 

geophysical and hydrogeological information to determine 3D flow velocities, flow 

directions, and arrival times of the infiltrating river water within the groundwater system. 
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Abstract 

The infiltration of river water into aquifers is of high relevance for drinking water 

production and is a key driver of biogeochemical processes in the hyporheic and riparian 

zone, but the distribution and quantification of the infiltrating water are difficult to determine 

using conventional hydrological methods (e.g., borehole logging and tracer tests). By time-

lapse inverting crosshole ERT (electrical resistivity tomography) monitoring data, we image 

groundwater flow patterns driven by river water infiltrating a peri-alpine gravel aquifer in 

northeastern Switzerland. This is possible because the electrical resistivity of the infiltrating 

water changes during rainfall-runoff events. Our time-lapse resistivity models indicate rather 

complex flow patterns as a result of spatially heterogeneous bank filtration and aquifer 

heterogeneity. The upper part of the aquifer is most affected by the river infiltrate, and the 

highest groundwater velocities and possible preferential flow occur at shallow to intermediate 

depths. Time series of the reconstructed resistivity models match groundwater electrical 

resistivity data recorded on borehole loggers in the upper and middle parts of the aquifer, 

whereas the resistivity models display smaller variations and delayed responses with respect 

to the logging data in the lower part. This study demonstrates that crosshole ERT monitoring 

of natural electrical resistivity variations of river infiltrate can be used to image and quantify 

3D bank filtration and aquifer dynamics at a high spatial resolution. 

5.1. Introduction  

Pumping wells close to many rivers produce large quantities of drinking water (e.g., 

40% of Swiss drinking water is produced by such wells; BUWAL, 2004). In addition,  

infiltrating river water delivers nutrients to the hyporheic and riparian zones (Triska et al., 

1993). Maintaining adequate water supply and quality is clearly essential for both human 

survival and the biodiversity of many terrestrial and aquatic ecosystems. An understanding 

and quantification of infiltration rates and associated groundwater flow and transport 

mechanisms are necessary for effective water management and protection. The groundwater 

residence times after river water infiltration for drinking water production are legally 

imposed in many countries (e.g., BUWAL, 2004), such that reliable methods are needed to 

determine these times. This is challenging due to the large spatial and temporal variations of 

the underlying processes (Fleckenstein et al., 2006). Furthermore, improved understanding of 
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hyporheic flow dynamics will help to resolve other questions, such as the potential of the 

surface water - groundwater mixing region to attenuate pollutants (Schwarzenbach and 

Westall, 1981) or enhance denitrification (Ranalli and Macalady, 2010).  

 Conventional hydrological field methods for studying river 

water - groundwater interactions (Kalbus et al., 2006) usually provide data representing 

limited support volumes (e.g., from borehole logging) or data with inadequate spatial 

resolution (e.g., from tracer tests), which makes it difficult to gain a detailed understanding of 

groundwater flow patterns in the vicinity of rivers. In this regard, geophysical techniques 

offer a valuable complement to hydrological methods. In addition to being non-invasive (e.g., 

airborne and surface surveys) or minimally invasive (e.g., borehole and crosshole surveys), 

geophysical techniques supply information that partially fills the gaps in scale and resolution 

associated with traditional hydrological investigations (S S Hubbard and Rubin, 2000). 

Geophysical techniques have provided useful information for building conceptual models 

that improve our understanding of river water - groundwater exchange processes at scales 

ranging from meters (Nyquist et al., 2008) to kilometers (Slater et al., 2010). Numerous 

investigations have also demonstrated the efficacy of geophysical methods in analyzing 

hyporheic exchange mechanisms (Ward et al., 2010b; Cardenas and Markowski, 2011; 

Singha et al., 2008; Acworth and Dasey, 2003) and in exploring the influence of surface 

water salinity or pollution on groundwater quality (Kirkegaard et al., 2011; de Franco et al., 

2009; Fàlgas et al., 2009; Ogilvy et al., 2009; Nguyen et al., 2009; Viezzoli et al., 2010; 

Slater and Sandberg, 2000; Hatch et al., 2010). Electrical and electromagnetic methods have 

been the most popular geophysical techniques in studies related to surface 

water - groundwater interactions. A major reason for their popularity is that electrical 

resistivity is closely linked to porosity, pore structure, water content, and pore fluid salinity 

through relatively well-understood petrophysical relationships (Lesmes and Friedman, 2005). 

Tracking the effects of natural stimuli has been the most appropriate means for 

obtaining measurable hydrological or geophysical responses in large-scale surface 

water - groundwater studies (e.g., those associated with sea water intrusion, large rivers, or 

catchments; Yeh et al., 2008). Several studies have demonstrated the advantages and efficacy 

of using natural fluctuations of state variables (e.g., temperature, electrical resistivity, water 

height, or isotope concentrations) within river-aquifer systems. For example, temperature and 

electrical resistivity time series of river water and groundwater have been used to calculate 

traveltimes of infiltrating river water in groundwater (Sheets et al., 2002; Hoehn and Cirpka, 

2006; Cirpka et al., 2007; Constantz, 2008; Vogt et al., 2010). However, most studies have 
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been limited to a few observation-well measurements that may not be representative due to 

the inherent heterogeneity of, for example, alpine and peri-alpine fluvial deposits 

(Huggenberger et al., 1998). 

In this paper, we investigate to what extent 3D crosshole ERT monitoring of 

temporally varying electrical resistivity of infiltrating river water can be used to image how 

the river water propagates into an adjacent aquifer. We rely on ERT data acquired during and 

subsequent to a rainfall-runoff event in the vicinity of a peri-alpine gravel aquifer in 

northeastern Switzerland. Our aim is to assess in detail the arrival times and transport of the 

infiltrating river water throughout the study site, which cannot be resolved using point 

measurements in observation wells alone.  

Coscia et al. (2011) have described the dense crosshole ERT monitoring network at 

our study site, demonstrated the sensitivity of the recorded monitoring data to groundwater 

electrical resistivity and groundwater height fluctuations, and provided a 3D electrical 

stratigraphy model of the region. In addition, Coscia et al. (submitted) have presented 

filtering methods for minimizing the effects of temperature and groundwater height 

fluctuations on the apparent resistivity data. The present contribution builds on these previous 

studies by focusing on the imaging and quantification of groundwater dynamics.  

After reviewing essential details of our study site and data acquisition strategy, we 

summarize how the data were processed using the methods developed by Coscia et al. 

(submitted). We then briefly describe the time-lapse inversion scheme we use, together with 

the results of applying this scheme to the filtered crosshole ERT monitoring data. By 

analyzing time series of electrical resistivity values extracted from the inversion models at 

chosen locations, we then obtain information about the groundwater flow arrival-time 

distribution, its speeds and directions, and mixing processes. 

5.2. Study site and data acquisition 

At our study site in northeastern Switzerland (Figure 5.1a), the Thur River is 

constantly infiltrating a highly permeable gravel aquifer (Cirpka et al., 2007). Detailed 

investigations reveal that the 7-m-thick aquifer is overlain by a 3-m-thick surface layer of 

loam and underlain by a lacustrine clay aquitard (Figure 5.1c; Diem et al., 2010; Doetsch et 

al., 2010aa; Klotzsche et al., 2010b; Coscia et al., 2011). The fluvial sediments of the aquifer 

were deposited after the last glaciation at the beginning of the Holocene (Naef and Frank, 

2009). Gravel is the dominant constituent, followed by sand and silt. According to the USCS 
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classification of sediments (SN670008a, 1997), the aquifer can be defined as GM (silty 

gravel).  

Multi-level slug tests suggest that the hydraulic conductivity of the aquifer has a 

geometric mean of 4.2 × 10-3 m/s (Diem et al., 2010). It appears to be more permeable at 

shallow to intermediate depths than at greater depths. The upper ~1 m of the aquifer is 

unsaturated under normal discharge conditions of ~ 47 m3/s (www.hydrodaten.admin.ch), but 

fully saturated under high discharge conditions of > 500 m3/s (Diem et al., 2010). According 

to catchment modeling (Baumann et al., 2009), the groundwater close to the river flows in a 

40°- 50° direction away from the river to the southwest. Cirpka et al. (2007) identify a 

stratified groundwater body with a local flow component at the top associated with the 

infiltrating river water and a regional flow component at the bottom of the aquifer. A 

horizontal pumping well located about 200 m inland from the study site produces 

approximately 9000 m3/d of water.  

For our experiments, eighteen ~12-m-deep boreholes which are located close to the 

river were utilized (Figure 5.1b). Each borehole is slotted and equipped with a geoelectric 

cable and 10 electrodes spaced at 0.7 m intervals through the gravel aquifer. The cables are 

connected to a flood-proof hut, where the ERT recording device and a computer are installed. 

The latter controls the measurement sequence, stores the data, and allows the entire 

monitoring system to be remotely checked and the data downloaded (see Figure 5.1b and c). 

Fourteen sensors and integrated data loggers are installed in selected boreholes (marked by 

diamonds in Figure 5.1b) at depths of ~ 4.6 m, ~ 6.6 m, and ~8.6 m. The sensors provide 

continuous measurements of water electrical resistivity, height (hydraulic head), and 

temperature. Errors of single measurements according to the manufacturer’s manual are ± 2% 

for resistivity, ± 0.1% for head, and ± 0.25 oK for temperature. The same types of sensor 

record data at a river gauging station ~50 m downstream of the boreholes.  

We employed a circulating fully 3D ERT collection scheme that yielded ~15,500 data 

values every 7 h. The ERT monitoring started in March 2009 and terminated in December 

2010. Despite various technical problems, more than one-year of apparent resistivity data 

were acquired, with the longest continuous period of measurements covering ~3 months. 

Further details on the site, instrumentation, installation, and the ERT recording strategy are 

given by Coscia et al. (2011). 
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Figure 5.1: (a) Location of the Thur River catchment, Thur valley aquifer, and the Widen study site in 

northeastern Switzerland (modified from a figure prepared by the Swiss Federal Office of 

Topography). (b) Plan view of part of the Widen site showing borehole positions with respect to the 

river. The black arrow in the upper right corner represents the groundwater flow direction under low 

water conditions estimated from the hydraulic heads measured by loggers in the boreholes. The 

boreholes containing groundwater loggers are marked with diamonds. Note the orientation of this 

diagram. (c) Vertical section A'A through the study site (see location in b) showing electrode 

installations, stratigraphy, groundwater level, and river water flow direction. 

5.3. Processing the crosshole ert data 

Our time series of raw ERT apparent resistivities (ρa
raw) are affected by variations of 

groundwater resistivity, height, and temperature (ρgw, hgw, and Tgw), which in turn are 
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influenced by fluctuations in river water resistivity, height, and temperature (ρrw, hrw, and 

Trw). The processing that we apply to the various time series is described in detail by Coscia 

et al. (submitted). 

5.3.1. Accounting for temperature effects 

We begin by filtering out variations in the different time series at periods smaller than 

the ~7 h required to acquire a single complete ERT apparent resistivity data set. 

Subsequently, we correct ρgw and  ρrw to the yearly median values of groundwater and river 

water temperature using a method described in ISO7888 (1985). Seasonal trends in river 

temperature Trw are responsible for maximum changes of ~16°C in groundwater temperature 

Tgw and an associated ~29% variation of ρgw. To remove the effects of seasonal temperature 

trends on ρa
raw, we apply a linear regression procedure that minimizes the correlation between 

output apparent resistivities ρ a and variations in Tgw. In this way, we obtain temperature-

detrended ρa values that mostly depend on ρgw and hgw. 

5.3.2. Accounting for water height effects 

Rapid increases in ρrw are caused by the dilution of total dissolved solids in the river 

water after rainfall events, which after a certain time delay (as the river water infiltrates the 

aquifer) generate increases in ρgw. Maximum effects of the dilution process on ρgw are 

typically on the order of 10-15 % with respect to values under normal flow conditions, which 

translate to similar relative changes of the aquifer's bulk resistivity ρ. Increasing discharges 

following rainfall also create significant increases in river-water height, which induce near-

instantaneous increases in groundwater height. These increases affect the ERT apparent 

resistivity data due to changes in the relative proportions of the unsaturated (electrically more 

resistive) and saturated (electrically more conductive) zones of the aquifer. A rise in 

groundwater height causes a decrease in apparent resistivity for most, but not all, electrode 

configurations. Thus, variations in hrw and hgw usually have the opposite effect to variations in  

ρrw and ρgw on the ERT data, with the water height components tending to partially or totally 

mask the water resistivity components during periods of large water height fluctuations (e.g., 

> 0.5 m with respect to normal conditions). 

Before we time-lapse invert the apparent resistivity data for variations in the aquifer's 

bulk resistivity and, by inference, variations in groundwater resistivity, we need to account 

for the effects of the water height fluctuations. In principle, this could be achieved by either 
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(i) including the water height fluctuations as known parameters in the inversion process, (ii) 

numerically modeling the effects of the fluctuations and subtracting them from ρa before 

inversion, or (iii) estimating the effects of the fluctuations from the various recorded time 

series and again subtracting them from ρa before inversion. Of these three possibilities, (iii) is 

the most practical. Our approach, detailed by Coscia et al. (submitted), is based on the 

assumption that temporal variations of ρa for each electrode configuration can be described as 

a linear superposition of two contributions: 

A. water resistivity time series convolved with a smoothly varying causal filter 

function of finite length, and  

B. linear and quadratic representations of water-height variation multiplied by 

appropriate sensitivity factors.  

The quadratic term in contribution (B) is required to account for a slightly non-linear 

relationship between apparent resistivity and groundwater height Coscia et al. (submitted). 

Since each of the ~15,500 electrode configurations yields a different ρa time series, they each 

require a uniquely defined filter function and pair of sensitivity factors. The coefficients of 

each filter function and the sensitivity factors are estimated by deconvolving the temperature-

detrended apparent resistivities (output data) with the river water resistivities and heights 

(input data) for a specified calibration period, which amounts to solving a linear inverse 

problem for each electrode configuration. For this study, the calibration period is shown in 

Figure 5.2. 

To obtain filtered apparent resistivity time series ρa
f dominated by the aquifer's bulk 

resistivity, it is simply necessary to subtract contribution (B) from ρa. Figure 5.2a shows ρa 

and  ρa
f values relative to the apparent resistivities at the onsets of the displayed time series 

(δρa and δρa
f ; small open and closed circles, respectively) for a typical ERT configuration 

that is strongly affected by the variations in the water height, which is  shown in Figure 5.2c. 

Note the pronounced anticorrelation between the δρa and the hrw and hgw time series. The 

effectiveness of the filtering procedure is evaluated in detail by Coscia et al. (submitted), but 

can be appreciated by observing the high correlation between δρa
f and ρgw (dotted line in 

Figure 5.2b). In the following sections, times are expressed in days from the beginning of the 

time-lapse inversion period (dark gray in Figure 5.2), chosen to be just before the first strong 

variations in water height. 
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Figure 5.2: (a) Variations in unfiltered and filtered apparent resistivity δ ρa
 and δ ρa

f (values are relative to 

apparent resistivities at the beginning of the calibration period) for one example electrode configuration 

out of the 15,500 measured ones during the calibration period 12/06/09 - 01/06/10. (b) Resistivity ρw of 

river water (rw) and groundwater (gw), the latter measured in borehole P3 (see location in Figure 5.1b) 

at ~6.6 m depth. (c) River water and groundwater heights hrw and hgw during the calibration period. 

Filter coefficients used to estimate ρa
f are based on data collected over the entire displayed calibration 

period. The time-lapse inversion period is marked in dark gray. 

5.3.3. Resampling and editing the data 

Because of the fast rainfall-runoff dynamics and the high flow velocities in the gravel 

aquifer relative to the ~7 h needed to record each ERT data set, the apparent resistivities 

acquired during a single acquisition period did not reflect a snapshot of the groundwater 

conditions; inverting these data could have resulted in temporal smearing of the time-lapse 

inversion images (Day-Lewis et al., 2003). To minimize this effect, the smoothly varying ρa
f 

data for each electrode configuration were resampled to the same equally spaced times using 

spline interpolation. A consistent editing procedure to eliminate potentially low quality ρa
f 

data was our final step prior to the time-lapse inversions (see Coscia et al. (submitted) for 

details). After this selection stage, we had ~11,000 ρa
f values for each of 54 data sets (time 

frames) spaced at ~7 h intervals. 
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5.4. Time-lapse inversion of ert data sets 

5.4.1. Forward and inverse modeling 

The ERT inversions are performed using the open-source finite-element modeling and 

inversion codes of the Gimli library (www.resistivity.net; Rücker et al., 2006; Günther et al., 

2006), which uses unstructured meshes created with the Tetgen software package 

(http://tetgen.berlios.de). The unstructured mesh allows 3D topography and internal 

boundaries to be represented in a flexible manner. The parameter mesh is built to represent 

the geometry of the inversion domain. Based on this mesh, refined meshes are created for the 

forward calculations (Rücker et al., 2006). We define separate inversion regions across which 

model regularization is disconnected; for each region we assign different inversion parameter 

values (Table 5.1; Günther et al., 2006). This decoupling is important to avoid smearing 

associated with the relatively resistive gravel aquifer being in contact with the underlying 

conductive clay aquitard (Coscia et al., 2011).  

 

Region Regularization  
type 

Scaling factor n for the 
regularization parameter λ 

Bounding values 
ρlower - ρupper (Ω.m) 

Loam Damping 10 10-2000 
Unsaturated 

gravel aquifer Smoothing 1 50-2000 

Saturated gravel 
aquifer Smoothing 1 10-1000 

Aquitard 
(clay layer) Damping 10 5-45 

Table 5.1: Inversion parameters used for each region of the time-lapse inversion model. 

The time-lapse inversion is performed using a general formulation of the ratio 

approach (see Daily et al., 1992), in which we invert: 

         (5.4) 

where  are the temperature-detrended, water-height-corrected apparent resistivities at time 

t,  are the apparent resistivities at the beginning of the time-lapse period t = 0, and g(mbk) 

are the computed apparent resistivities for the background model obtained by inverting . 

The error models are adapted iteratively using robust data reweighting (J.F. Claerbout and 

Muir, 1973). 
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5.5. Time-lapse inversions of a rainfall-runoff event 

5.5.1. The rainfall-runoff event 

The ERT time-lapse inversion procedure was applied to the 54 ρa
f data sets acquired 

during the 15 days starting on December 7, 2009. This corresponded to the dark gray area in 

Figure 5.2a of the calibration period used to estimate the filter functions and sensitivity 

factors. At the beginning of the time-lapse inversion period, the hydrological conditions were 

stable, hgw was 392.2 m.a.s.l., and ρgw varied (according to the position of the borehole 

loggers) between 26.9 and 27.8 Ω.m for the yearly median groundwater reference 

temperature. During the time-lapse period, hgw varied by a maximum of 0.8 m (dashed line in 

Figure 5.2c) and ρgw varied by a maximum of 2.4 Ω.m (dashed line in Figure 5.2b), which 

corresponded to an increase of ~10% with respect to the background values.  

5.5.2. Time-lapse inversion of the studied event 

For the ERT modeling, we assumed that the surface of the installation field was 

planar and horizontal at an altitude of 396.26 m.a.s.l., corresponding to the average ground 

elevation measured at the eighteen boreholes (maximum difference ±0.25 m), whereas the 

riverbank was taken to be planar and northward dipping at ~40° (Figure 5.1c; Coscia et al., 

2011). The forward model domain had primary and secondary meshes of ~86,800 and 

~694,000 elements, respectively. The inversion model domain was a ~67,400 element subset 

of the forward model primary mesh.  

The main geological interfaces (i.e., the loam - gravel and gravel - clay boundaries) 

delineated the separate inversion regions in the initial model. The coordinates of these 

slightly undulating interfaces were determined from information provided by drill cores and 

geophysical logs in each borehole. The interface between the saturated and unsaturated gravel 

aquifer was defined by the groundwater height at the beginning of the time-lapse inversion 

period. After several inversion tests, we decided not to explicitly include the boreholes as 

separate inversion regions in the time-lapse computations. The borehole fluid effect described 

by Doetsch et al. (2010b) at the same field site is important for standard 2D electrode 

configurations, but is only of minor importance for our non-standard circulating 3D ERT 

configurations (see also Coscia et al., 2011, Coscia et al. (submitted)) and is generally less 

important in time-lapse inversions. In addition, the roughness operator used to regularize the 
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inversion (Günther et al., 2006) does not account for variations in the mesh size. This results 

in reduced regularization where the mesh elements are small, such that the smoothing 

constraints are effectively weaker close to the boreholes. Consequently, when including 

boreholes in the parameterization and using this type of regularization in time-lapse 

inversions, erroneously strong resistivity variations can appear near the boreholes and 

erroneously small variations can be imaged in between the boreholes.  

We used a value of 30,000 for the initial regularization strength (i.e., the weighting 

factor λ that determines the trade-off between the data misfit term and the model roughness 

penalty term in the objective function) for all regions of the gravel aquifer. It was 

successively decreased at each iteration step by a factor of 0.5. Table 1 lists the type of 

regularization adopted for the different inversion regions, the n scaling factors used to 

enhance or reduce (in a relative sense) the regularization strength λ within each region, and 

the lower and upper permissible bounds of the model parameters. 

The initial error model for the time-lapse inversions comprised two terms: an absolute 

error component of 0.1 mV and a relative error component of 1 % of the measured voltage. 

For selecting the final inversion models used for further analysis, we picked for each time the 

models for which either: 

 the χ2 decrease of the data misfit at the subsequent iteration was < 0.1, 

 λ < 1900, corresponding to a maximum of 5 iterations. 

The final data misfits for the different time-lapse models varied between 0.4% and 

2.4%, with a median value of 1.6%. 

5.6. ERT time-lapse inversion results 

To visualize the spatial and temporal variations in the ERT time-lapse resistivity 

models, we extract 6 vertical slices between the boreholes in Figure 5.3a, three oriented 

north-south (NS1, NS2, and NS3) and three oriented east-west (EW1, EW2, and EW3). The 

δρgw and δhgw time series provided by loggers at ~6.6 m depth in boreholes P3 and P12 are 

shown for comparison in Figure 5.3b and 3c. Like δρ, the δρgw time series are percent 

changes relative to the ρgw values at the beginning of the time-lapse period, whereas δhgw are 

absolute height differences. The six vertical slices at the six chosen time frames marked by 

green dashed lines in Figure 5.3b and 3c are presented in Figure 5.3d - i. The chosen time 

frames correspond to: 
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I. immediately after the beginning of δρgw variations and approximately at the peak of the 

δhgw time series,  

II. during an initial period of increasing δρgw (i.e., the first peak),  

III. during a period of increasing δρgw, but when δhgw has returned to its background level, 

IV. at a maximum of δρgw, 

V. near the beginning of the period of decreasing δρgw,  

VI. towards the end of the period of decreasing δρgw. 

Despite the large increase in groundwater height (Figure 5.3c), the δρ model at time I 

(Figure 5.3d) reveals generally small (<1%) variations, with a few regions along EW2 

displaying more significant increases of up to 3%. Less than a day later (Figure 5.3e), δρ 

throughout most of the gravel aquifer displays increases on the order of 4-5%, very similar to 

the percent increases of δρ gw over the same time period (Figure 5.3b). There is a volume in 

the western part of the δρ model with even stronger increases. The volume at the intersection 

of EW2 and NS2 and several zones at depth are practically unchanged. The uppermost meter 

of the saturated gravel at time III has high δρ values of up to 10% (Figure 5.3f), except at the 

intersection of EW2 and NS2. The highest values appear in the eastern part of the aquifer 

(NS1 and the eastern regions of EW1 and EW2), in which a thicker part of the aquifer (the 

upper two thirds) is sensing the propagating resistivity signal. The lowermost region furthest 

from the river shows no resistivity changes at this stage. 

During the period of maximum δρgw (Figure 5.3b), the upper two thirds and most of 

the lower gravel aquifer show increased δρ values (Figure 5.3g). In the western part of the 

study site far from the river (e.g., EW3), the effect is barely visible in the lower part of the 

aquifer. Notice that the NS2 slice contains strong variations throughout the aquifer thickness, 

whereas the neighboring slices NS1 and NS3 contain smaller variations in the lower part. At 

time V (Figure 5.3h), only the most shallow part of the gravel aquifer (upper meter) displays 

δρ values greater than 7%. The highest values are seen at the western end of EW2. Finally, 

the zone between EW1 and EW2 is the first to approach the original background conditions 

(Figure 5.3i). The part of the aquifer more distant from the river (e.g., slice EW3) still shows 

δρ >2% through most of the aquifer thickness. 
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Figure 5.3: (a) Plan view of the boreholes (dots) and locations of 6 vertical slices EW1, EW2, EW3, NS1, NS2, 

and NS3 extracted from the time-lapse resistivity inversion models. Note the orientation of this 

diagram. (b) Time variations of groundwater resistivity δρgw recorded by two point loggers at ~6.6 m 

depth. (c) Time variations in groundwater height δhgw. (d-i) 3D representations of the time-lapse bulk 

resistivity changes δρ (see locations in a) at the I - VI times marked by green dashed lines in (b) and 

(c). The lengths and depths of the vertical slices are shown in red in d. 
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5.6.1. Resistivity time series 

Figure 5.4a presents δρ time series for three depths at three locations within the gravel 

aquifer. These time series represent mean δρ values within 0.5-m-high cylinders of 1 m 

radius centered at the positions of interest. Locations 1 and 2 are situated in the east and west 

close to the river, and location 3 is in the west far from the river. For each of these locations, 

we display the time series at 4.6 m, 6.6 m, and 8.6 m depths, corresponding to the 

approximate depths of the groundwater resistivity loggers. The median δρ of the entire 

saturated aquifer is also plotted in Figure 5.4a.  

Generally, the signal is more damped and the peak is delayed with increasing depth. 

Moreover, the time series are different for the two locations close to the river. Location 2 has 

a first peak approximately two days before the main peak. This first peak is almost absent in 

the time series at locations 1 and 3. Finally, the arrival times of the maxima vary from 4 - 8 

days (gray area), with the earliest arrivals at shallow depths close to the river and the latest 

arrivals in the lower part of the aquifer most distant from the river. 



Chapter 5 

 114 

 

Figure 5.4: (a) Time-lapse bulk resistivity changes δρ for three different depths at the three locations indicated 

in (b). Solid, dotted, and dashed lines correspond to locations 1, 2, and 3, respectively. The black line 

shows the median δρ value for the entire saturated aquifer. The gray area highlights the temporal 

range of the peak arrivals. (b) Plan view of the three locations with respect to the river and the 18 

boreholes. Note the orientation of this diagram. 
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5.6.2. Temporal variations of δρ throughout the depth of the saturated gravel aquifer 

The spatial distribution of δρ time variations along vertical profiles at 16 different 

locations is shown in Figure 5.5. The magnitudes of δρ generally decrease with depth, but to 

differing degrees. High δρ values occur at locations 5, 10, 14, and 16 along a zone that 

extends from the river towards the southwest. The vertical extent of large changes decreases 

along this zone. Locations 3 and 4 close to the river and locations 6 and 7 in the west also 

have relatively high δρ values in the upper part of the aquifer. 

Figure 5.6 is the same as Figure 5.5, except that the time series have been normalized 

by assigning, at each location, values of 0 and 1 to the background and peak magnitudes at 

each depth, respectively. These plots highlight temporal signal variability. They reveal that 

the peak traveltimes generally increase with depth and that delays with depth increase with 

distance from the river (see lines of locations that trend towards the southwest). This behavior 

is not found everywhere. The peak arrives first at intermediate aquifer depths at location 8, 

and it arrives first in the deeper parts at locations 2, 3, and 9. In addition, secondary peaks are 

clearly observed at locations 1 and 6. 
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Figure 5.5: (a) Temporal variations of bulk resistivity δρ through the saturated aquifer at the 16 locations shown 

in b. (b) Plan view of the locations with respect to the river. Note the orientation of this diagram. 
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Figure 5.6: As for Figure 5.5, but with the temporal variations of bulk resistivity δρ normalized to a maximum 

value of 1 at each depth. 
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5.6.3. Comparison of ERT and groundwater resistivity time series 

A comparison of the δρ and the δρgw time series allows us to evaluate the extent to 

which the ERT time-lapse inversion models represent changes of groundwater resistivity and 

thereby image flow patterns. Figure 5.7 displays the δρ time series and corresponding δρgw 

time series recorded on eleven loggers located along the main diagonal line of boreholes (P3, 

C2, C3, and P12 in Figure 5.1b) at three different depths. To pick the maxima of both time 

series, we first apply a low-pass 14 h moving average filter and then interpolate both suites of 

values to 155 equally spaced points over the 14 days of the inverted time series.  

The general shapes and amplitudes of the δρ and the δρgw time series are alike in the 

upper and middle parts of the gravel aquifer, but differ somewhat in the lower part. In 

particular, the amplitudes of the δρ and the δρgw maxima are comparable in Figure 5.7a - h, 

but the δρ maxima are uniformly much smaller than the δρ gw maxima in Figure 5.7i - k. 

Most importantly, the arrival times of the δρ and the δρgw maxima are similar in the upper 

and middle regions of the aquifer (e.g., no arrival-time differences for Figure 5.7a, a 

maximum difference of 0.8 days for Figure 5.7c, and a mean difference of 0.3 days), whereas 

the δρ maxima are markedly delayed relative the δ ρgw maxima in deeper parts of the 

investigated volume (e.g., arrival times are delayed by 0.7 - 2.7 days). 
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Figure 5.7: Time series of bulk resistivity δρ and groundwater resistivity δρgw throughout the inversion period. 

The plots are for the P3, C2, C3 and P12 boreholes (see locations in Figure 5.1b) and the depths at 

which the loggers are installed. The horizontal dashed black lines mark the background level. The 

tmax,log and tmax,ert are the times (in days since the beginning of the time-lapse inversion period) at 

which the maxima of δρgw and δρ are observed. 
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5.6.4. Background resistivities, traveltimes, and flow velocities 

After demonstrating that the ERT-derived time series image infiltrating river water in 

the groundwater, we extracted time-lapse resistivities at points distributed on a grid (1 m 

spacing between nodes) at depths approximately corresponding to those of the borehole 

sensors (i.e., at 4.6, 6.6, and 8.6 m). The resulting δρ time series were scaled by assigning 0 

and 1 to the background and maximum values, respectively, and the traveltimes were picked 

at amplitudes equal to 0.5. Background resistivities (i.e., those of the initial model used for 

the time-lapse inversions) are displayed in Figure 5.8a - c, whereas traveltimes relative to the 

start of the time-lapse period are presented in Figure 5.8d - f. 

Since we do not know the infiltration locations and flow paths of the infiltrating river 

water, we can only estimate a local velocity (i.e., speed and direction) at any desired point 

based on traveltimes within a specified distance of that point. A local velocity is calculated 

by assuming that the flow is approximately horizontal and can be described by a local planar 

front out to a distance of 3 m from the desired point. Based on arrival-time differences 

between the desired point and points within 3 m of it, local velocities are estimated using a 

grid search procedure in which the speeds and flow directions are varied until the smallest 

misfit in a least square sense is obtained between the computed and ERT-derived arrival-time 

differences. The resultant velocity estimate is only valid when the curvature of the changes in 

the time-lapse resistivity model is negligible for the scales considered. Note that the approach 

is not mass conservative, such that non-physical results may be obtained (e.g., accumulations 

of mass and apparent local flow directions that are much more variable than in reality). 

Consequently, the local velocity estimates shown in Figure 5.8g - i should be viewed with 

some caution. 

Natural gamma, gamma-gamma, and neutron-neutron logs recorded along the lengths 

of all boreholes (Coscia et al., 2011) provide important constraints on the interpretations of 

the background resistivities, traveltimes, and local velocities in Figure 5.8. In addition, 

electrical resistivity logs were recorded at 10 locations between the boreholes using a direct-

push system. The nuclear logs indicate that the low resistivities dominating the southern part 

of the 4.6 m depth slice (Figure 5.8a) correspond to a high porosity zone that probably 

contains clean gravels with relatively high hydraulic conductivities. Low resistivities close to 

the river at 8.6 m depth (Figure 5.8c) are caused by clean fine sands, whereas low values in 
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the south at this depth are caused by higher concentrations of clay / silt and associated higher 

surface conductivities. The uniformly high resistivities at intermediate depths (Figure 5.8b) 

are a consequence of low clay / silt content and relatively low porosities (Doetsch et al., 

2010aa; Coscia et al., 2011).  

Traveltimes in Figure 5.8d-f vary both laterally and vertically. They are generally 

shortest in the upper part of the aquifer. The most important features at 4.6 m depth are the 

anomalously early arrivals in the south some distance from the river and the “bull’s eye” of 

late arrivals near the center. The early arrivals in the south correlate with the prominent low 

resistivities in Figure 5.8a. The geophysical logs provide no direct information as to the 

source of the delays near the center. At 6.6 m depth, the traveltimes are regular (compare 

Figure 5.8e with Figure 5.8d and f), increasing systematically with distance from the river. 

This regularity correlates with the uniform high resistivities in Figure 5.8b and the associated 

low clay / silt content and low porosities in this depth range. The longest traveltimes in this 

depth slice occur in the southern corner of the site. It also appears that arrivals are somewhat 

earlier in the west than in the east. In the deeper part of the gravel aquifer at 8.6 m (Figure 

5.8f), the traveltimes are earliest close to the river in the west and increase with distance from 

the river toward the south and southwest.  

The highest speeds occur in the middle of the aquifer and the lowest speeds in the 

bottom part (Figure 5.8g-i). The mean speeds and flow directions are 2.1 m/d and 66o (with 

respect to the river flow direction) at 4.6 m depth, 5.2 m/d and 67o at 6.6 m depth, and 1.6 

m/d and 53o at 8.6 m depth. Estimated flow speeds vary throughout the study volume from 

1 - 25 m/d, with the strongest variations in the shallow ground (4.6 m). The local horizontal 

flow directions are variable too. Although the overall flow is directed southwest from the 

river, locally strong departures exist. For example, in all three depth intervals we observe 

elongated regions of higher speeds. At 4.6 m depth in the northwest region, we observe a 

non-physical feature (a sink attracting water), which is a result of our velocity estimation 

approach (no mass conservation constraints and exclusion of vertical flow components). The 

low local speeds in this region correlate with the late arrivals at the same location. The low 

speeds in the bottom part of the aquifer are consistent with the late arrivals displayed in 

Figure 5.8f. High speeds are observed over the entire aquifer depth in the northeastern region 

of the investigated volume.  
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Figure 5.8: (a - c) Horizontal slices showing background resistivities at depths of (a) 4.6 m, (b) 6.6 m, and (c) 

8.6 m. (d - f). Horizontal slices showing traveltimes of the 50% peak values of bulk resistivity at the 

same depths. (g - i) Horizontal slices of the estimated local flow velocities at the same depths. Colors 

represent speeds and white arrows indicate directions. 

5.7. Discussion 

The fast responses of the groundwater height (head) to river height variations are a 

consequence of the rapid propagation of pressure pulses into the aquifer. It demonstrates that 

there is a good hydraulic connection between the river and groundwater. By comparison, the 

electrical resistivity signal caused by the rainfall-runoff event propagates much more slowly. 
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The time-shift and transformation of this relatively abrupt river signal into a smooth 

groundwater signal reflects the solute transport processes in which we are interested.  

We find the strongest electrical resistivity signal in the upper part of the aquifer and 

the weakest signals in the bottom part. We attribute this to a higher portion of freshly 

infiltrated river water in the upper part of the aquifer. As expected, traveltimes increase with 

increasing distance from the river throughout the study site, but this is especially pronounced 

in the bottom part of the aquifer. Moreover, this is the zone where the traveltimes are 

generally the longest. As the groundwater flow is generally directed towards the southwest, 

lower hydraulic conductivity in the bottom part of the aquifer is the likely cause of this 

difference in traveltime behavior.  

Cirpka et al. (2007) calculated traveltime distributions from more than one year of 

river and borehole resistivity time-series. They also observed increasing traveltimes with 

increasing depth and increasing distance from the river. In contrast to their study, we have 

estimated traveltimes related to specific rainfall-runoff events, but the results of the two 

investigations are in general agreement. Unlike the Cirpka et al. (2007) study, we have 

assessed in detail the spatial distribution of arrival times and transport of river water 

infiltrating riparian groundwater. Besides the vertical differences of traveltimes and flow 

speeds, we could also determine horizontal differences covering the entire study volume, 

which would remain undetected using point measurements restricted to a few boreholes.  

By comparing our results with background resistivities obtained during stable 

hydrological conditions, we can relate flow features to aquifer properties and heterogeneity. 

The flow speed results are generally consistent with our interpretation of background 

resistivities and traveltimes. The broad region of high local speeds at 4.6 m depth (Figure 

5.8g) is characterized by low resistivities (Figure 5.8a) and relatively early arrivals (Figure 

5.8d), suggesting that this part of the gravel aquifer has a relatively higher hydraulic 

conductivity and could be a path of preferred or focused flow. The low local speeds near the 

center at this depth correlate with the late arrivals at the same location. We speculate that the 

preferential flow path diverts the early arriving river water away from this central location. 

The extensive high speed zone at 6.6 m depth in the eastern to southern parts of the aquifer 

(Figure 5.8h) could link to the broad high speed zone at 4.6 m depth (Figure 5.8g). The 

relatively high and low local speeds in the east and west of Figure 5.8g are not readily 

explained by the relatively late and early arrivals in Figure 5.8e at these respective locations. 

In the deeper part of the aquifer, late arrivals indicate the presence of sediments with lower 

hydraulic conductivity, possibly the clay / silt-rich gravels represented by the low resistivities 
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in the southern part of Figure 5.8c. The low speeds at this depth (Figure 5.8i) are consistent 

with the late arrivals displayed in Figure 5.8f and our interpretation of low permeability 

material in the lower parts of the aquifer.  

The estimated mean speeds and flow directions (2.1 m/s and 66o at 4.6 m, 5.2 m/s and 

67o at 6.6 m, and 1.6 m/s and 53o at 8.6 m) imply that the flow speeds and hydraulic 

conductivities are rather heterogeneous, but that the flow direction is relatively uniform 

throughout the depth range of the aquifer. The calculated flow directions and speeds are 

overall in agreement with the 40°- 45° flow directions based on hydraulic head measurements 

during low flow conditions in the river. 

In the upper and middle parts of the aquifer, the δρ and the δρgw time series agree. In 

the bottom part, there are differences in the shape of the signal and the arrival times of the 

peaks. We suggest three possible explanations for the differences between the δρ and δρgw 

time series in the lower parts of the gravel aquifer:  

1. Vertical flow or diffusion in the boreholes could smooth out and bias the signals sensed 

by the groundwater resistivity loggers. 

2. Geophysical logs recorded in the boreholes suggest that some deeper parts of the aquifer 

have higher amounts of clay / silt and associated higher surface conductivities than the 

shallower regions (Coscia et al., 2011), such that changes in groundwater electrical 

resistivity translate to smaller relative changes in bulk resistivity in the deeper regions 

(i.e., a larger component of the bulk resistivity is not affected by the groundwater 

conditions). Surface conductivity effects are usually ignored in geophysical monitoring 

studies, but may influence transport property estimates (Singha et al., 2011). 

3. The δρ time series are volume-averaged estimates that account for resistivity variations 

in regions of low to high hydraulic conductivity, whereas the δρgw time series are flux-

averaged estimates that are mainly affected by transport processes in comparatively high 

permeability zones. 

We do not know the relative importance of the above effects at this stage of our 

investigation, but effects 2 and 3 likely play important roles.  

5.8. Conclusion 

The main advantage of using 3D time-lapse crosshole ERT to image infiltrating river 

water after a rainfall-runoff event is the high resolution of the information provided 
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throughout the investigated aquifer volume. Our results show that the heterogeneity of the 

gravel aquifer requires such detailed observations. High discharge events like the studied 

ones are critical for pumping wells close to rivers due to higher groundwater flow velocities 

and higher loads of contaminants and particles.  

To obtain hydrologically relevant information from ERT apparent resistivity data at 

the study site, it was necessary to correct for the significant effects of groundwater height and 

temperature variations. The corrected apparent resistivity data were time-lapse inverted using 

a versatile finite-element modeling and inversion scheme based on unstructured meshes. 

After important rainfall-runoff events, the resultant time series of percent bulk resistivity 

differences δρ in the inversion models were found to closely match percent groundwater 

resistivity differences δρgw measured in boreholes distributed throughout the study site; the 

trends and shapes of the two types of time series as well as the timing and amplitudes of the 

principal features were very similar in the upper and central parts of the aquifer. These results 

demonstrate that time-lapse variations of bulk resistivity caused by temporally changing 

properties of the infiltrating river water can be used to track arrival times and flow patterns in 

riparian groundwater systems. 

For the rainfall-runoff event of our investigation, δρ changes from zero (background 

value) to ~10 % (one or more maxima) and then back to near zero throughout the 

~15 × 10 × 5 m studied volume in approximately 12 days. Variations in the timing and 

amplitude of δρ changes demonstrate that the river water infiltration at our study site is 

unevenly distributed and that the aquifer is generally heterogeneous. The traveltimes of the 

δρ peak amplitudes vary by up to 4 days, depending on location and depth. They are earliest 

at shallow depths close to the river and latest at greater depths far from the river. Generally, 

the effect of river water infiltration decreases with depth. Our investigation indicates that the 

highest portion of freshly infiltrated river water mostly flows through the shallow parts of the 

aquifer. Furthermore, they suggest that hydraulic conductivity decreases in the bottom part of 

the aquifer. To explain the distribution of the δρ values and the traveltimes and local speeds 

of the δρ peak amplitudes, a distinct shallow- to intermediate-depth zone of higher 

permeability and associated preferential flow paths is required within the eastern to southern 

regions of the study site. This zone is distinguished by lower resistivities, lower 

concentrations of clay / silt, and higher porosities than the surroundings. 

In the future, it would be interesting to investigate to what extent surface-based ERT 

data could provide these types of information (albeit with lower sensitivity at greater depths 
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compared to crosshole data) on larger scales and without the need for costly boreholes. The 

ability to invert these data using a fully-coupled hydrogeophysical model is a long-term goal 

of our research. 
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6.1. Summary and Conclusions 

The primary objective of my thesis was to investigate to what extent crosshole 3D 

ERT monitoring could be used to characterize aquifer dynamics by exploiting the natural 

time-varying electrical resistivity of infiltrating river water and its mixing with groundwater. 

To this end,  I installed a multi-borehole semi-permanent resistivity monitoring system 

adjacent to the Thur River in northeastern Switzerland. This allowed me to continuously 

measure the electrical properties of a gravel aquifer constantly affected by infiltrating river 

water with time-varying physical properties. I developed an innovative circulating fully 3D 

collection scheme, with which I could make ~15,000 ERT measurements every  ~7 hours .  

I studied by means of classical synthetic and field data examples, the effects of 

conductive borehole fluid on inversion models. The results showed the importance of 

explicitly considering the boreholes in the inverse model parameterization to avoid image 

artefacts that would otherwise appear as more resistive or conductive zones in the vicinity of 

the  boreholes.  

I also examined other possible sources of image artefacts. In particular, I analyzed the 

effects of strong resistivity contrasts at boundaries between well-known zones at the 

experimental site (e.g., the unsaturated and the saturated parts of the gravel aquifer and the 

clay aquitard).  Borehole cores and logs were used to delineate the depths and relief of these 

boundaries. Defining each zone as a separate region in the inversion model and disconnecting 

the regularization across their boundaries strongly reduced the related artefacts. In addition,  

the trajectories of the boreholes were measured and their accurate coordinates were used to 

locate each electrode in the inverse modeling. 

In the light of the results of our studies of the borehole fluid effect, I decided to 

include the boreholes as separate zones in the investigated volume of the static inversion. But 

from a comparison of the inversion model obtained by including the effects of the boreholes 

with one that did not include them, it appeared that the borehole fluid effect had only a 

minimal influence when using the unconventional electrode configurations that I had 

adopted. Therefore, such a data collection scheme is a good alternative to including the 

effects of the boreholes in the inversion process, particularly if computer capabilities are 

limited or if only structured meshes can be used. In this latter case, the number of elements 

necessary to correctly model the boreholes and their associated fluid would make the number 

of inversion parameters prohibitively large.  
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The static inversion of data acquired during a period of stable hydrological conditions 

showed the adequacy of the ERT data collection scheme for image reconstruction. I showed 

that the electrical structure of the aquifer varied primarily with depth. The resistivity model or 

tomogram contained a continuous layer throughout the intermediate depth range of the 

aquifer, which was 50% more resistive than zones above and below. I was also able to 

recognise smaller features in the tomogram, such as a fine sand lens that was also detected  in 

geophysical logs and drill cores. From the inversion model, I identified an increasing amount 

of fine sediments in the lower part of the aquifer most distant from the river. Last but not 

least, the static inversion results provided a reliable background model for the subsequent 

time-lapse investigations.  

A first analysis of the ERT time series showed that river and groundwater resistivity 

variations due to individual rainfall-runoff events could be detected and that they produced 

apparent resistivity variations up to 15%. This confirmed that the monitoring system was 

sufficiently sensitive to the natural fluctuations and therefore that the ERT signals could be 

exploited in attempts to extract aquifer dynamics information.  

For individual rainfall-runoff events, I recognised two principal effects on the 

apparent resistivity data that overlapped and usually counteracted each other. First, increases 

in water resistivity generally produced a correlated increase in ERT apparent resistivities. 

Second, a rise of the groundwater table during flood events caused an increase in the 

saturated volume fraction of the gravel aquifer that usually translated into anti-correlated 

changes (decreases) of the apparent resistivities. Since this second effect was strong enough 

to mask the signal associated with groundwater resistivity variations, it was necessary to filter 

it out before subsequent time-lapse analysis and inversions.  

However, prior to applying corrections for the groundwater table fluctuations, it was 

necessary to detrend the time series for seasonal temperature drifts,  because even though 

they were of secondary importance compared to the two principal effects, they could 

negatively affect the hydrological interpretation of the final time-lapse models. Moreover, for 

longer time-scale analyses, temperature variations played an important role that could not be 

neglected.  

To separate the apparent resistivity components related to the two principal effects, I 

developed a novel deconvolution - filtering method. The method was applied and evaluated 

by inverting filtered data acquired in a subset of the aquifer volume. A comparison of the 

results for the filtered and non-filtered data sets confirmed the importance and effectiveness 
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of the deconvolution - filtering procedure. Many artefacts related to groundwater table 

variations disappeared or were minimized when the filter was applied.  

Finally, I considered a typical major hydrological event. I time-lapse inverted the 

corresponding ERT data sets that included information acquired at electrodes in all 18 

boreholes corrected for temperature and groundwater table variations. The analysis of the 

resulting time-lapse models and extracted resistivity time series confirmed that ERT 

crosshole monitoring of natural resistivity fluctuations of the river water infiltrating the 

aquifer provided valuable 3D hydrological information. I was able to estimate the vertical 

and lateral distribution of arrival times of the infiltrating river water signal throughout the 

volume. From these arrival times, I estimated velocities (speeds and flow directions) at 

different depths. Using these results, it was possible to identify preferential flow paths that 

agreed with inferences from the static inversion model and other geophysical data (i.e., 

borehole geophysical logging). The resistivity time series extracted from the time-lapse 

models agreed favourably with groundwater resistivity time series measured with borehole 

loggers. Differences in the two types of time-series were attributed to the fact that the flux-

averaged borehole logging data were strongly affected by high permeability zones, whereas 

the time-series extracted from the ERT models represented volume-averaged estimates. 

6.2. Outlook and recommendations   

Based on the insights I have gained throughout my research, I propose some 

recommendations and an outlook for future research in this direction. 

6.2.1.  Experimental design 

A careful experimental design prior to borehole installations and monitoring can be 

very beneficial for: (1) capturing the desired phenomena, (2) assuring that the information 

content in the data is high enough for the processes under study, (3) being sure that available 

time and money are not wasted. In this perspective, I recommend: 

  At an early stage, collect and analyze reconnaissance data, previously acquired data, and 

the results of investigations at the site or similar sites elsewhere. 

 Conduct a small pilot geophysical survey, involving for example, a series of surface ERT 

profiles densely spaced above the area of interest.  

 After this, drill a few boreholes along a transect that corresponds to the expected flow 

direction. A relatively short period of ERT crosshole monitoring and groundwater 
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electrical resistivity monitoring could be used to gain some general insights about the 

measured signals, such as their amplitudes and delays with respect to perturbations in the 

system under study. This will provide an idea of the time-scales involved in the 

groundwater processes. 

 Based on results of the above, design the 3D monitoring experiment in terms of borehole 

locations and data collection scheme. 

 Develop appropriately optimized 3D borehole collection schemes, specific for time-lapse 

experiments and the processes of interest. This will help to maximize the information 

content in the data. The procedure could be done in two steps. First, apply “a priori” 

experimental design procedures for static inversion based on linear independence criteria. 

This approach needs sensitivity calculations that could be obtained either from the 

inversion of data collected with a standard ERT scheme or using a homogeneous - or 1D - 

model. This data set can be quite large and used to estimate the static model of the site. 

Then, one could perform an “a posteriori” experimental design taking into account the 

subsurface electrical structure and, according to this, define an optimized smaller (but then 

faster to be collected) data set for the monitoring.  

 Relatively early in the project, perform complementary high-resolution geophysical 

logging measurements; at least, neutron-neutron, natural gamma ,and electrical 

conductivity. Such data are very useful for resolving geological features and layer 

boundaries that can be considered when defining the inverse problem and in interpreting 

the results. 

 Before ordering the geoelectric cables, it is wise to seek information on the water table 

position and the exact thickness of the zone of interest. This would help in choosing the 

number of electrodes and spacing. 

 To limit the loss of time, consider in advance possible sources of problems related to long-

term borehole installations. Among the most important, I would cite sedimentation in the 

boreholes. This process can be more or less strongly dependent on the geology of the site, 

the borehole design and development, the groundwater dynamics, and other experiments 

that are performed in the same place (e.g., pumping tests may accelerate and enhance this 

phenomenon). A strategy to limit the sedimentation is to install rubber disks along the 

geoelectric cable. These would collect the sediments. They should be cleaned every time 

the cable is extracted. 
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6.2.2.  Data analysis and processing 

Aspects of the raw data analysis and processing could be further developed to 

improve the inversion results. Some possibilities are listed in the following. 

 Develop general error models (data and model space) for time-lapse 3D borehole ERT. 

Define procedures to evaluate the different error components. Design a multi-criteria 

method to select the initial error model.  

 Improve the deconvolution-filtering approach in order to obtain more reliable water 

resistivity filter (transfer) functions and project their usability for longer time periods. For 

example, different filter lengths could be tested and filter functions based on multiple time 

series could be considered. This might improve the generality of the estimated functions 

and reduce the influence of the characteristics of any specific rainfall-runoff event or 

season. 

 Remove the imprint of the river source signal. The estimated river water resistivity 

transfer functions are specific for each ERT configuration. They allow apparent resistivity 

time series due to any input signal (e.g., a step or a Dirac function) to be simulated. This 

makes it possible to analyze the system response without the imprint of the river source 

signal, which can be rather complex. This would facilitate, for example, the picking of 

arrival times and making estimates of dispersion and attenuation to be more quantitative. 

6.2.3.  Inversion and Interpretation 

The topics of this section are probably the ones where most improvements can be 

achieved. Below I suggest some relevant future developments in order of increasing 

complexity. The first developments could have been included within this thesis had more 

time been available and the latter ones are rather suggestions for long-term future research. 

 The inversion of other rainfall-runoff events would enable the consistency of the results to 

be tested and the stationarity of the hydrological system to be assessed.  

 A more quantitative evaluation of differences between the hydrological and the 

geophysical results (e.g., differentiating between more and less mobile zones) would help 

to quantify better their complementary nature. This could include additional hydrological 

analyses (e.g., considering the hydraulic heads measured in the boreholes and analyzing 

tracer tests).  
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 Groundwater modelling aimed at investigating the validity of our results could be 

incorporated. One of the challenges for such studies is to define the temporally-varying 

boundary conditions. 

 After extending the approach developed by Pollock and Cirpka (2010) from 2D to 3D, it 

should be possible to test their fully-coupled inversion model using the transfer functions 

related to the groundwater resistivity.  

 Other approaches exist for directly retrieving hydraulic parameters from geophysical 

observations without the need to invert for geophysical properties (Kowalsky et al., 2005; 

Hinnel et al., 2010). A major challenge in such studies is to define or estimate the 

petrophysical models that link the geophysical and hydrological quantities. 

 The resolution of ERT inversion models is a limiting factor. This is caused by the type of 

measurements (potential field) and the commonly employed deterministic smoothness-

constrained inversion approaches in which prior information is only rarely used. Research 

towards other kinds of regularization (for the deterministic approach) or new inversion 

approaches (for example in a stochastic framework) could be very beneficial. 
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A.1 Introduction 

Crosshole electrical resistivity tomography (ERT) is an important tool in many 

hydrological, engineering and environmental investigations. Electrode arrays and automated 

multichannel data acquisition systems provide the possibility to collect large data sets with 

broad spatial coverage at high resolution. However, if the time or the number of 

measurements allowed for a survey is limited or if the approximate location of a target 

structure is known, it would be useful to define a set of electrode configurations that optimize 

the resolution of the tomographic image for a given limited number of measurements or 

specified subsurface region (Stummer et al., 2004; Wilkinson et al., 2006b).  

Our study is part of a project aimed at improved imaging of 3D time-lapse 

phenomena associated with fast hydrological processes. We employ an experimental design 

technique to establish a method for rapidly and efficiently collecting ERT data that can be 

used to estimate variations in groundwater resistivity. In our synthetic study, we consider two 

boreholes BH1 and BH2 that are 5 m apart. Each borehole contains 10 electrodes with a 1 m 

separation.  

Grup: 2-2 Group: 3-1 Group: 4-0 

BH1 BH2 BH1 BH2 BH1 BH2 

AM BN A MNB AMNB  
AM NB A BMN AMBN  

AB MN A MBN ABMN  
  MNB A  AMNB 
  BMN A  AMBN 

  MBN A  ABMN 

Table A.1: All possible configurations of non-equivalent and non-reciprocal 4-electrode measurements that can 

be made in 2 boreholes. 

A.2 Theory and methods 

In the following, A and B are current electrodes and M and N are potential electrodes. 

All possible non-equivalent and non-reciprocal 4-electrode configurations in boreholes BH1 

and BH2 can be divided into 3 groups (Table A.1; B Zhou and Greenhalgh, 2000). Each 

group is defined by the distribution of electrodes in the two boreholes (e.g. 2-2 indicates that 

two measurement electrodes are located in each borehole). The amount of data that can be 
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collected using each configuration differs for each group, but is equal for each configuration 

type inside the group. For 10 electrodes per borehole, we can collect 2025 values using each 

configuration of group 2-2, 1200 values using each configuration of group 3-1 and 210 values 

using each configuration of group 4-0, thus providing a comprehensive data set of 14535 

values (Noel and Xu, 1991). 

In inversion theory as applied to geoelectric problems, the Jacobian or sensitivity 

matrix G is a measure of the perturbation in the measured field quantity (logarithm of 

apparent resistivity in this case) to a perturbation in the logarithm of the true model 

resistivity. It shows the sensitivity for each portion of the model space to a given electrode 

configuration. The model resolution matrix R quantifies the degree to which each model 

resistivity cell can be theoretically resolved by the observed data (assuming linearity and 

error-free data). The relationship between the sensitivity and model resolution matrices is 

defined by: 

        (A.1) 

where C is the regularization matrix that is the sum of a damping operator I and a smoothing 

operator S, which together are multiplied by the regularization parameter λ: 

C = λ ⋅ (I + S)           (A.2) 

We use λ = 10 ⋅median(diag(G tot
T G tot )) , where Gtot is the Jacobian of the 

comprehensive data set. High values in the diagonal elements of R arise when the elements 

of G are large and the rows of G are linearly independent (Menke, 1984). This second 

requirement is the basis of our experimental design algorithm, which is a further development 

of the work of Stummer et al. (2004). The steps of our optimization routine are:  

 The sensitivities Gpp of all possible pole-pole combinations are calculated. using the 

adjoint field approach  (S K Park and Van, 1991), which is valid for arbitrary resistivity 

distributions. To ensure that the generated sets of configurations are applicable to general 

resistivity surveys, we choose a homogeneous half-space, which also increases the speed 

and simplicity of the sensitivity calculations.  

 The sensitivities Gpp are combined to produce the sensitivities of the comprehensive data 

set Gtot (Stummer et al., 2004) for all possible 4-electrode configurations (Figure A.1).  

 From the comprehensive data set Gtot, we select the configuration that has the highest 

average sensitivity in the region of the model between the boreholes. This configuration is 

the basis for selecting the optimal set of configurations Gsel. All other configurations of Gtot 

comprise the set of candidate configurations Gcand.  



Appendix A 

 138 

 To achieve a high level of orthogonality in an optimal set, we assess the inner product of 

each configuration i in Gsel with each configuration k in Gcand. This is achieved by 

calculating the inner product LI of their sensitivities:  

LIk (i) =
Gij
selGkj

cand

j=1

M

∑
⎛

⎝⎜
⎞

⎠⎟

Gi
selGk

cand         (A.3) 

 where M is the number of cells in the model space. 

 If the inner product LIk(i) is higher than a pre-defined threshold, the respective candidate 

configuration is discarded.  

 For each remaining candidate configuration k, the sum of all LIk(i) values over the i 

configurations in Gsel is computed, and the candidate configuration with the lowest 

summed value of LIk(i) is moved from the candidate set to the optimal set.  

 The process is repeated until all candidate electrode configurations are tested and then 

either included in Gsel or discarded.  

 

Figure A.1: Sensitivity patterns for typical (a) A-BMN and (b) AM-BN (Table A.1) configurations obtained by 

combining individual pole-pole sensitivities. Bars show the locations of the boreholes.  
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A.3 Results and discussion  

Before applying the experimental design procedure, we analyse the information 

content and electrode geometrical factor K of each data set (see Table A.1). The information 

content is obtained by calculating the average model resolution R for each configuration type 

of each group in the area between the boreholes. Figure A.2 demonstrates that the 2-2 

configurations AM-BN and AM-NB, with current source and sink in opposite boreholes, 

provide higher resolution than the others, and that the dipole-dipole configurations AB-MN, 

with the two current electrodes in the same borehole, provide the least resolution.  

 

Figure A.2: (a) Comparison of average model resolutions for all configurations of a given type.  

This information needs to be combined with that concerning the geometrical factors K 

of the various configurations; high K values correspond to small voltages. As shown in 

Figure A.3, some configuration types (e.g. AB-MN) provide a high percentage of data with 

high K values that are, therefore, highly vulnerable to noise (Wilkinson et al., 2006b). For the 

example experimental design procedure described here, we only consider the 2025 AM-NB 

configurations and we choose a threshold of 0.96 for the linear dependence of the 

configurations. This yields 1200 optimised configurations.  
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Figure A.3: Percentiles of the geometrical factors K (10%, 50% and 90%).  

The average relative model resolutions for progressively larger numbers of data points 

using this optimised approach are compared to the average relative model resolutions 

obtained by taking random values from the 2025 AM-NB configurations in Figure A.4a, and 

the model resolutions in each cell for the 1200 optimised and randomly selected 

configurations are shown in Figure A.4b. 

From these figures, we see that the experimental design routine provides (i) better 

resolution than a random approach and (ii) more focused resolution in the central zone of the 

model while assuring good resolution close to the boreholes. 

a) 

�

b) 

�

Figure A.4: (a) Comparison of average optimized data set resolution with average random data set resolution 

(both normalised relative to the complete data set resolution). (b) Ratio of optimized data set 

resolution to random data set resolution in the area between the boreholes. 
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A.4 Conclusions  

An analysis of possible crosshole ERT configurations provides initial insight into the 

potential quality of data with respect to the amount of information they contain and their 

reliability. The experimental design algorithm, based only on the degree of linear 

independence of each configuration, provides superior global model resolution than that 

supplied by a random selection approach. Moreover, the optimal configurations yield a more 

homogeneous distribution of resolution between the boreholes. This improvement is 

particularly important for crosshole geoelectric tomography, in which, without experimental 

design, good resolution is achieved close to boreholes but not in the central part of the model. 

Our optimisation algorithm will soon take the geometrical factors into account, thus 

improving its robustness for real data sets. We also plan to study the 3D case and apply an 

optimised design for the monitoring of ERT data in an investigation of groundwater-river 

interactions. 
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Abstract 

Dynamic hydrological systems are challenging targets for geophysical investigations, 

but they have the advantage that natural stimuli (e.g. fluctuations in river and groundwater 

height, salinity and temperature) may be used to infer system responses (e.g. infiltration rates 

and flow patterns). Three dimensional (3-D) high resolution crosshole and surface based 

ground penetrating radar (GPR) and electrical resistance tomography (ERT) studies have 

been carried out at unrestored and restored sections of the Thur River in Switzerland to 

improve our understanding of how lithological heterogeneities affect river - groundwater 

interactions. Hydrological and apparent resistivity time series acquired between 18 boreholes 

located close to the river at the unrestored section are found to be very sensitive to infiltration 

processes. Information that can be retrieved from geophysics at the two sites are different 

primarily because (i) a surficial 3 m thick low resistivity loam layer at the unrestored site 

precludes the application of surface based GPR and ERT methods and (ii) because the 

frequently flooded gravel bars at the restored section make long term monitoring very 

challenging. Since it is extremely difficult and costly to retrieve undisturbed cores in coarse 

gravel deposits, we argue that geophysics should form an integral part in investigations of the 

internal structures and porosity variations of gravel bars in restored river corridors. We 

recommend that geophysical surveys and geophysical monitoring be included in larger scale 

river restoration projects both before and after restoration to determine how river restorations 

affect aquifer morphology and infiltration patterns. 

B.1 Introduction 

Most major European rivers were channelised over the past two centuries, primarily 

to facilitate transport of goods and people, gain arable land and decrease the risk of flooding. 

Unfortunately, these measures have had adverse effects on ecological diversity, the self-

cleaning capacity of river systems, fish stocks and recreation possibilities. Channelisation 

may even be an ineffective approach to flood protection at some locations, since it creates 

very fast response times that may lead to catastrophic events in the case of levee failure. 

Alternative engineering measures, such as re-creating floodplain wetlands, might moderate 

flow variability while cleaning pollutants (Palmer et al., 2005).  
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Many rivers worldwide are being restored to enhance water quality, improve in-

stream habitat, facilitate fish passage, increase bank stabilization, reconnect floodplains, 

modify flows, improve aesthetics or recreation possibilities, and reconfigure river channels 

(Bernhardt et al., 2005). In the USA alone, river restoration is a billion dollar industry with 

huge growth during the past decade (Bernhardt et al., 2005). A similar situation exists in 

Europe where river restoration offers one strategy for obtaining good ecological states of the 

freshwater bodies as required by the EU Water Framework Directive (WFD, 2008).  

It is often tricky when designing a river restoration programme to strike a balance 

between the objectives stated above while accounting for existing infrastructure (e.g. houses, 

roads and water extraction wells) and the associated remediation costs. Past restoration 

programmes have been poorly monitored. For example, only 10% of river restoration projects 

in the USA have included some form of assessment or monitoring, implying that 

opportunities to learn from past successes and failures have been lost (Bernhardt et al., 

2005). As a consequence, the performance of different river restoration designs remains 

largely speculative and there is little agreement on what constitutes successful river 

restoration (Palmer et al., 2005). 

We present here some preliminary results from ongoing geophysical characterization 

and monitoring at both an unrestored channelised section (Widen) and a restored section 

(Neunforn) of the Thur River in Switzerland (see Figure B.1), in which subsurface fluid flow 

takes place in a 6 - 7 m thick highly permeable gravel aquifer. This work is performed within 

the framework of the RECORD project (see http://www.cces.ethz.ch/projects/nature/Record 

for more detail), a multidisciplinary research programme aimed at developing a mechanistic 

understanding of ecological - hydrological - geochemical processes in river corridors. The 

Thur River is the largest Swiss river without natural or artificial reservoirs. It exhibits 

discharge and river stage fluctuations similar to unregulated alpine rivers.  

We have been determining the background structural, lithological and hydrological 

framework at the two sites and monitoring changes to these properties. A dense array of 

boreholes with permanent geophysical and hydrological monitoring equipment has been 

installed at the first study site across rarely flooded overbank deposits in an unrestored 

channelised section of the river. The dynamic nature of the restored river section and 

associated sediment transport at the second study site makes it very challenging to install 

permanent monitoring stations in the river or on the surrounding gravel bars (Schneider et al., 

2011). Consequently, geophysical work at this second site has been largely limited to periods 

of low flow stable hydrological conditions.  
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Figure B.1: Location of the Thur catchment, Thur valley aquifer and unrestored channelised (Widen) and 

restored (Neunforn) test sites in NE Switzerland. 

Our framework studies have included detailed crosshole geophysical characterization 

at the unrestored channelised site through 3-D individual and joint inversions of electrical 

resistances and seismic and radar traveltimes (Doetsch et al., 2010a), whereas our larger scale 

surface-based framework investigations at the restored site have involved 3-D GPR and ERT 

surveys (Doetsch et al., 2011). A 3-D framework is needed, because 3-D geological 

heterogeneity controls river groundwater interactions (e.g. distribution of seepage, 

groundwater table configurations and the connections between the river and the aquifer; 

Fleckenstein et al., 2006), which in turn is important for modelling biochemical reactions in 

catchments (Wriedt and Rode, 2006). 

For surveillance of the unrestored section, we monitor the response of multi-borehole 

ERT data to natural forcing that is mainly caused by variations in river height and electrical 

resistivity of the river water and a relatively minor contribution due to temperature 

fluctuations. We intend to obtain information about preferential infiltration patterns from the 

monitoring data. Time series of groundwater electrical resistivity in these settings can be used 

to calculate traveltime distributions at both unrestored and restored sites (Cirpka et al., 2007; 

Vogt et al., 2010), but the application of these concepts remains to be tested for ERT data that 

have large support volumes (e.g., at our study sites). Geophysical surveillance on the gravel 

bar consists of self-potential (SP) monitoring under natural flow conditions and ERT 

monitoring following saline tracer injections.  
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Preliminary results from a small subset of these investigations are presented here to 

demonstrate that it is possible using a combination of geophysical and borehole techniques to 

(1) obtain 3-D models of the gravel aquifer structure and properties and (2) monitor 

groundwater flow and infiltration processes through the effects of natural forcing.  

B.2 Site descriptions and instrumentation 

The lower Thur River was originally a braided river that was channelised in the 

1890s. It was converted into a double channel (trapezoidal cross sections) with a 45 m wide 

low water channel (flow capacity 230 m3s-1) that had stabilised banks and overbanks on both 

sides (total flow capacity 1100 m3s-1) bounded by levees with a 160 m spacing between the 

levee crowns. The vertical distance between the river bed and levee crown averaged 6 m. 

One research facility was established at an unrestored section of the river (Widen, see 

Figure B.1) that was known to display significant temporal fluctuations in the groundwater 

electrical resistivity (Cirpka et al., 2007) and that allowed equipment to be permanently 

installed. Following initial investigations based on several parallel 2-D surface ERT profiles, 

the dense borehole array was installed on an agricultural site close to the river. The 10 × 15 m 

array comprises eighteen 12 m deep monitoring boreholes spaced 3.5 m apart that completely 

penetrate the 7 m thick gravel unit (Figure B.2). The underlying thick lacustrine clay layer 

can be considered to be impervious to flow. The borehole array pattern is sketched in Figure 

B.2a and photographs of the installation process are displayed in Figure B.3. Our borehole 

layout has the advantage that in addition to full 3-D studies, it is also possible to perform 

dedicated high resolution geophysical and hydrological 2-D studies in four different 

directions (i.e., parallel and perpendicular to (1) the river and (2) the expected flow 

direction). 
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Figure B.2: Crosshole ERT monitoring system at the unrestored channelised (Widen) site with the flood 

protected housing of the ERT system. (a) Plan view and (b) profile view. The resistivity image 

shown in Figure B.5 was extracted from the full 3-D inversion model along the line of boreholes P1 - 

P4 shown in (a). 

Each borehole has been instrumented with ten 0.7 m spaced electrodes that span the 

thickness of the aquifer. A multichannel geoelectrical system programmed to cycle through 

various 4 point electrode configurations of the 180 electrodes in a rolling sequence allows 

~15 000 measurements to be made every ~7 hours. In addition to the electrodes, 6 of the 

boreholes are equipped with sensors at different depths that provide time series (every 15 

minutes) of groundwater table height and groundwater resistivity and temperature.  
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Figure B.3: Borehole and ERT monitoring installation at the unrestored channelised (Widen) site. Location of 

the site is shown in Figure B.1. 

In 2002, a 2 km long section of the Thur River near Neunforn (see Figure B.1) was 

restored by completely removing the northern overbank, so that a nearby forest (Figure B.4) 

became part of the active floodplain again. This widening increased sediment deposition and 

re-established dynamic fluvio-morphological processes with frequently forming and 

alternating gravel bars that provide habitats for fauna and flora. This river section was chosen 

as the research site representing a restored river (Schneider et al., 2010). Figure B.4 displays 

the gravel bar that is of primary interest together with some photos taken during GPR data 

acquisition campaigns. 
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Figure B.4: (a) Areal photograph of the gravel bar (North of arrow) where most of the research on the restored 

part of the river section is focussed. Blue arrow identifies the water flow direction. (b) Acquisition of 

surface based GPR and (c) calibration for crosshole GPR data on the gravel bar. Location of the site 

is shown in Figure B.1. 

B.3 Investigations at the unrestored channelised site 

At the unrestored channelised river site, joint inversion of 3-D crosshole electrical 

resistances and seismic and radar traveltimes have revealed that the typically 6 m thick 

saturated part of the gravel unit is composed of a middle lower porosity layer (relatively high 

resistivity and high seismic and radar wavespeeds) embedded in higher porosity formations 
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(Doetsch et al., 2010a; Linde and Doetsch, 2010). The conductive borehole fluid was found 

to create significant artefacts. Doetsch et al. (2010b) showed that including the boreholes and 

their fluids explicitly in the inversion process using an unstructured finite element mesh 

(Günther et al., 2006) largely removes these artefacts. Neutron - neutron and 

gamma - gamma logs provided information about total porosity and natural gamma logs that 

are related to the clay content were acquired in all boreholes. 

Initial 3-D ERT inversions were performed on data acquired during low flow stable 

conditions. The inversions accounted for topography and the boreholes (including their 

lateral deviations) and the regularization was disconnected across the known groundwater 

table level and gravel - clay boundary. It was important to disconnect the smoothness 

constraints at these interfaces, since failure to do so generated false structures. For example, 

the low resistivity of the clay "created" artificial low resistive anomalies that spread into the 

more resistive gravel.  

Figure B.5 shows a resistivity section extracted from a 3-D ERT model along the line 

of boreholes closest to the river (for location see Figure B.2a). The lower (blue) layer 

corresponds to the clayey aquitard. The saturated part of the aquifer displays an upper central 

zone two to three times more resistive than the overlying and underlying parts (i.e. the red -

 orange zone bounded above and below by the yellow regions; Doetsch et al. (2010b). We 

also observe a less resistive block (green) with resistivities of ~100 Ωm that corresponds to a 

lens of clayey silt and sand sediments seen in neutron - neutron well logs and encountered in 

drill core from neighbouring boreholes.  

The neutron - neutron data were converted to approximate porosity estimates using 

the approach of Barrash and Clemo (2002), in which the highest number of counts in all 18 

boreholes corresponds to a porosity of 50% and the lowest to 12%. The deduced porosities 

over the saturated section (Figure B.5) match values obtained for the three-layer aquifer 

(26%, 19%, 23%) by means of traveltime (Doetsch et al., 2010a) and full waveform 

(Klotzsche et al., 2010a) inversion of crosshole GPR data. Both the GPR and 

neutron - neutron determined porosity estimates correlate closely with the aquifer's electrical 

variability defined by our ERT model. 

The temporal variations in apparent resistivities at this site are mainly affected by 

groundwater table variations and changing pore water resistivity and less so by temperature. 

Figure B.6 displays time series of apparent resistivity and groundwater resistivity measured 

in the boreholes during a period of strong variation in river stage following heavy 

precipitation in the catchment (Coscia et al., submitted). Clearly, there is a strong correlation 
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between these parameters. Our initial results suggest that apparent resistivities based on 

certain electrode configurations are highly sensitive to variations in groundwater resistivity 

(e.g. Figure B.6), whereas others are dominated by the effects of groundwater table height. 

We are currently investigating how to correct the apparent resistivity data for the effects of 

groundwater table fluctuations and temperature before inverting the corrected apparent 

resistivity time series to image the flow patterns of the infiltrating river water. 

 

Figure B.5: Vertical section extracted from the 3-D ERT inversion model (logarithmic scale) along the 

boreholes located closest to the river (P1 - P4 in Figure B.2). The high resistivity (low porosity) zone 

in the upper middle part of the section can be traced throughout the resistivity volume. Location of 

the site is shown in Figure B.1.  
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Figure B.6: For the unrestored channelised (Widen) site, comparison between time series acquired in July 2009 

of (a) percent variation of apparent resistivity (∆ρa - black dots), percent variation of groundwater 

electrical resistivity (∆ρw - two green curves) and (b) variation of the groundwater table height 

(∆Hw  - blue curve). Our studies demonstrate that for this particular electrode configuration the 

variations in apparent resistivity are mostly caused by changes in the electrical properties of the 

infiltrating river water. For other electrode configurations, the apparent resistivity variations are 

dominated by changes in groundwater table height.  Location of the site is shown in Figure B.1 and 

the geometry of the boreholes is presented in Figure B.2. 

B.4 Investigations at the restored site 

The main experiments conducted on the gravel bar (for location see Figure B.4a) 

involved 3-D surface GPR and ERT surveys covering a total area of approximately 240 × 40 

m (Doetsch et al., 2011). We used a commercial GPR system with 100 MHz antennae 

mounted on a sledge together with a GPS tracking unit (Figure B.4) to acquire data 

continuously along lines spaced 0.5 m apart. Figure B.7 displays a chair type plot of a sub-

section of the processed 3-D GPR data on one of the gravel bars. The processing included 

time zero shifts, gridding and applications of gain functions, frequency filters, topography 
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corrections and f-xy deconvolution. The time-to-depth conversion was achieved using a 

constant velocity based on averaged common midpoint profiles. The lowermost prominent 

reflection in Figure B.7 originates from the interface between the gravel aquifer and 

underlying clay layer. Other laterally continuous structures that can be traced throughout the 

gravel bar are probably reflections from interfaces between gravel sheets. Smaller scale 

dipping features represent foreset bedding (Beres et al., 1999). 

 

Figure B.7: Chair plot of processed GPR data acquired across the western part of the gravel bar within the 

restored site. Resistivities shown on the right side of the model represent average values for the 

gravel- and clay-rich layers derived from an inversion of 3-D surface ERT data constrained by the 

boundaries defined by the GPR data. Location of the site is shown in Figure B.1.  

Our surface ERT data were acquired using 522 electrode positions along 22 lines, 

with each suite of 3-D measurements taking advantage of 6 lines. The total ERT data set 

includes > 100 000 measurements made over two days. We are currently exploring how to 

use the GPR sections to guide the 3-D inversion of the ERT data (Doetsch et al., 2011). An 

initial 3-D ERT inversion constrained by the boundaries defined by the 3-D GPR image 

indicates a 100 - 400 Ωm range of resistivities for the gravels and ~40 Ωm for the underlying 

clay at the restored site. We also plan to investigate (1) how the different depositional 
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features displayed in Figure B.7 affect groundwater flow and transport and (2) how this 

information can be used to build hydrogeological models. 

The groundwater level, electrical resistivity and temperature display both small 

(daily) and large scale fluctuations due to precipitation or snowmelt (Vogt et al., 2010). These 

fluctuations make it challenging to monitor saline tracer experiments with time lapse ERT, 

since it is difficult to assess to what degree observed changes are due to the tracer mass vis-à-

vis natural river fluctuations. One could consider time lapse ERT monitoring using natural 

fluctuations in a similar manner to the investigations at the unrestored channelised section. In 

all cases, it appears necessary to acquire ERT time lapse data prior to tracer injection to better 

differentiate between induced and natural variability.  

We have also explored the use of self-potential (SP) monitoring data in these settings. 

The SP data are of high quality, displaying a strong correspondence with the hydrological 

data. Unfortunately, interpretation of the SP data is complicated because they are sensitive to 

several variables (e.g. variations in the groundwater table height, flow in the vadose zone, the 

hydrological flow regime and the pore water electrical resistivity). A dedicated modelling 

analysis should help us assess the influence of these possible effects on the data. For a 

quantitative hydrogeological understanding in this type of dynamic environment, we suggest 

that it is necessary to develop 3-D groundwater flow and transport models in which the 

geophysical data, images and models are used for calibration purposes.  

B.5 Discussion 

Comparisons between the results obtained at the unrestored and restored sections of 

the Thur River are difficult because the geophysical methods employed at the two sites are 

different. Surface based GPR and ERT methods are of only limited value along the 

unrestored section as a result of the low resistivity surface loam layer. At this site, we rely on 

crosshole geophysical investigations and long term autonomous ERT monitoring. Our 

geophysical models (electrical resistivity and radar and seismic wavespeeds) demonstrate that 

the gravel aquifer is made up of three layers. The middle layer having a lower porosity and a 

lower content of fines, which is in qualitative agreement with the higher permeabilities found 

by Diem et al. (2010). The amplitudes of the apparent resistivity time series agree with those 

of the pore water resistivities. We intend to investigate how such time series can be used to 

investigate infiltration processes and the permeability structure of the site. Because of the 

different resolution characteristics, it is going to be challenging to compare the results of the 
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lower resolution static and time lapse geophysical experiments with those of the borehole 

logging and hydrological testing (Day-Lewis et al., 2005). 

The situation at the restored river section is quite different from that at the unrestored 

section, since surface-based geophysical measurements can be performed in close proximity 

to the gravel aquifer of interest. Geophysical characterization can be achieved non-invasively 

at high spatial resolution over much larger volumes than is possible with crosshole data 

alone. In particular, the surface GPR data provide detailed images of the sedimentary 

structure that can hardly be obtained from the crosshole data. Since frequent flooding 

precludes permanent installations along the restored section, time lapse studies are more 

challenging in this environment. 

B.6 Conclusions 

Geophysical methods provide detailed 3-D information on the lithological sub-units 

of the gravel aquifers at both the unrestored and restored sections of the Thur River. A 

combination of crosshole GPR and ERT techniques at the unrestored section makes it 

possible to obtain high resolution images and models of the gravel aquifer underlying a low 

resistivity 3 m thick surface loam layer. At the restored section, where there is only very 

limited conductive overburden or none at all, surface-based measurements can be made 

literally on the groundwater table. At this location, surface-based 3-D GPR and ERT 

techniques provide very high resolution images and models throughout the full thickness of 

the gravel aquifer. These images and models will now be correlated with results from detailed 

biogeochemical, water chemistry and ecological sampling to improve our understanding of 

how variations in geophysical properties might facilitate the interpretation of such results. We 

expect that time lapse monitoring of natural variations in the apparent resistivity data can be 

used to better understand river - groundwater interactions and to determine preferential flow 

paths. We have also performed targeted saline tracer experiments (not shown here) to image 

specific flow paths and to understand the origin of SP signals. A future goal is to develop 

hydrogeological models that are consistent with the diverse geophysical and hydrological 

data at the two sites. 
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Abstract 

Predictive groundwater modeling requires accurate information on aquifer 

characteristics. Geophysical imaging is a powerful tool for delineating aquifer properties at 

an appropriate scale and resolution, but it suffers from problems of ambiguity. One way to 

overcome such limitations is to adopt a simultaneous multi-technique inversion strategy. We 

present a methodology for aquifer characterization based on structural joint inversion of 

multiple geophysical data sets followed by clustering to form zones and subsequent inversion 

for zonal parameters. Joint inversions based on structural cross-gradients constraints require 

less restrictive assumptions than, say, applying predefined petrophysical relationships, and 

generally yield superior results. We introduce the first application of this approach to 3D 

using three different geophysical data types. A classification scheme using maximum 

likelihood estimation is used to determine the parameters of a Gaussian mixture model that 

defines zonal geometries from the joint inversion tomograms. The resulting zones are used to 

estimate representative geophysical parameters of each zone, which are then used for field-

scale petrophysical analysis. A synthetic study demonstrates how joint inversion of seismic 

and radar traveltimes and electrical resistance tomography (ERT) data greatly reduces 

misclassification of zones (down from 21.3% to 3.7%) and improves the accuracy of 

retrieved zonal parameters (from 1.8% to 0.3%) compared to individual inversions. We apply 

our scheme to a data set collected in northeastern Switzerland to delineate lithological 

subunits within a gravel aquifer. The inversion models resolve three principal sub-horizontal 

units along with some important 3D heterogeneity. Petrophysical analysis of the zonal 

parameters indicates ~30% variation in porosity within the gravel aquifer and an increasing 

fraction of finer sediments with depth. 

C.1 Introduction 

Aquifer characterization is a prerequisite for predictive groundwater modeling. 

Traditionally, small-scale aquifer properties are derived from geological and hydrological 

investigations at a limited number of boreholes. These investigations may include simple 

lithological interpretations of drill chips/cuttings and laboratory determinations of physical 

properties (e.g., hydraulic conductivity) of retrieved cores. The sampling volume for such 

measurements is very limited, being restricted to the actual borehole positions. Furthermore, 
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the assumption that laboratory-determined physical properties represent in-situ conditions 

may not be valid because of significant scaling effects, differences in confining pressure, 

strain, and fracturing, and a natural sampling bias towards intact specimens. Geophysical well 

logging overcomes some of these problems and extends the sampling distance up to a 

maximum of ~1 m from the borehole. Nevertheless, upscaling information derived from 

laboratory measurements and well logs to help construct fluid-flow and transport models of 

heterogeneous formations does not always lead to accurate predictions (Scheibe and Chien, 

2003).  

Hydrologists often perform in-situ pumping tests, which together with certain 

assumptions about aquifer homogeneity and isotropy, enable the aquifer to be characterized 

on a much broader scale. This constitutes the other extreme end member solution to the 

spatial scaling problem. 

An intermediate scaling approach involves constraining hydrological models using 

appropriate crosshole and/or surface geophysical data. Geophysical imaging is particularly 

useful (and complementary) because it interrogates a much greater volume of the aquifer than 

simple drilling and logging, provides almost continuous subsurface sampling, and is capable 

of delineating heterogeneity. For example, Scheibe and Chien (2003) produce accurate 

predictions of bromide breakthrough curves using a combination of crosshole radar 

tomograms and flow-meter and slug-test data, whereas traditional hydrological data alone 

yield poor predictions. The success of this approach is attributed to the large spatial coverage 

and 0.1-1 m resolution of the radar tomograms combined with a strong correlation between 

radar wavespeed and effective porosity. For such approaches to produce meaningful results, 

there must be a strong empirical relationship between the tomographic (geophysical) 

parameter and the hydrological properties (Day-Lewis and Lane, 2004; Linde et al., 2006a). 

Unfortunately, petrophysical relationships are often site-specific, such that they cannot be 

easily extrapolated to other locations or geologic conditions. Likewise, simplified theoretical 

relationships between geophysical parameters and hydrological properties have limited 

ranges of applicability and cannot always be directly applied to geophysical tomograms 

based on standard inversions (Day-Lewis and Lane, 2004). 

Although tomograms obtained from a single geophysical data type may help to 

improve hydrological models, ambiguity often remains. The conventional way to reduce such 

non-uniqueness is to introduce external constraints, such as à priori geological information, 

smoothing, stochastic regularization, or inversion for a specific model type. An alternative 

approach for reducing model ambiguity is joint inversion of two or more different types of 
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co-located geophysical data to produce a single integrated model. The power of this approach 

lies in the complementary nature of the data and models that can be exploited to constrain the 

range of plausible hydrological interpretations. Since different geophysical methods (e.g., 

seismic and radar transmission and electrical resistance tomography (ERT)) are sensitive to 

different physical properties of an aquifer, joint inversion is traditionally achieved by 

imposing petrophysical relationships; multiple models are linked during the inversion by 

petrophysical equations with known parameter values (e.g., Tryggvason et al., 2002). For 

example, since resistivity and dielectric permittivity both depend on porosity (e.g., Pride, 

1994; Revil et al., 1998; Linde et al., 2006b), this style of joint inversion could directly yield 

porosity estimates. A drawback of such schemes is that general petrophysical models 

typically involve many parameters that are likely to vary spatially and are usually poorly 

known. 

A less restrictive approach to joint inversion, presented independently by Haber and 

Oldenburg (1997) and Jie Zhang and Morgan (1997), is to impose structural similarity 

between models during the inversion process without any explicit assumptions about 

petrophysical relationships, except that the geophysical parameters are assumed to vary at 

common locations. Gallardo and Meju (2003; 2004) developed this structural approach into a 

methodology for joint inversion by advocating that the gradients of a model could be used to 

quantify structures. They introduced the idea that the vector cross product of the gradients of 

two models should be forced to zero (implying similar directions of the gradient vectors) at 

each iterative step of a joint inversion. Changes in the two parameters at a given location 

must then be either zero, parallel, or anti-parallel. Gallardo and Meju (2003) applied this 

approach to field data and used the final models for visual zonation and interpretation. One 

key advantage of the structural approach to joint inversion is that scatter plots between 

different models provide less biased information about petrophysical parameters than those 

obtained using direct petrophysical approaches to joint inversion (Tryggvason and Linde, 

2006). Several researchers have further modified and applied the cross-gradients joint 

inversion approach (e.g., Gallardo and Meju, 2007; Linde et al., 2008), and it has recently 

been applied to more than two data types (Gallardo, 2007) and to 3D data sets (Linde et al., 

2006c; Tryggvason and Linde, 2006; Fregoso and Gallardo, 2009). We extend here the 

methodology developed by Linde et al. (2006c) to three different types of 3D data. 

Rather than using inverted tomograms to delineate the detailed structure of an aquifer 

(e.g., S S Hubbard et al., 1999), it is often useful to integrate the information to define zones 

on a scale significantly larger than the inherent resolution of each tomogram. This allows us 
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to determine “effective” geophysical parameters that are only weakly affected by the original 

regularization constraints. The zones thus identified are assumed to have similar 

petrophysical characteristics (Hyndman and Gorelick, 1996; Hyndman and Harris, 1996; 

Eppstein and Dougherty, 1998) and hence are more useful in flow and transport modeling. 

Whereas applications of zonation and classification techniques are common in medical 

imaging and remote sensing, they are still in their infancy in geophysics (Avseth et al., 2001; 

Bedrosian et al., 2007). In near-surface investigations, Tronicke et al. (2004) and Paasche et 

al. (2006) have applied K-means and fuzzy c-means clustering techniques to crosshole 

traveltime and attenuation tomograms. Neither method is well suited for zone identification 

and classification of strongly correlated parameters, which is a fundamental requirement 

when applied to structurally constrained joint inversions. By using maximum likelihood 

estimation to find the parameters of a Gaussian mixture model, our preferred clustering 

approach incorporates the covariance between the various parameters (Dempster et al., 1977; 

Mitchell, 1997). As a consequence, this approach is explicitly aimed at determining zones for 

which there are strong correlations between the various parameters (e.g., Figure C.4 in 

Gallardo and Meju, 2003). 

In this contribution, we begin by explaining our inversion and clustering techniques 

and introducing the field test site in northern Switzerland. We then determine zonal models 

based on parameters estimated from structurally constrained joint inversions of comparable 

synthetic and field data sets, each comprising three different types of 3D geophysical data 

(crosshole seismic, radar, and ERT). By fixing the zone boundaries defined by the joint 

inversion and clustering algorithms and re-inverting the same three data sets for uniform 

zonal parameter values (i.e., seismic and radar wavespeed and electrical resistivity), the 

effective parameters of each zone are established. As a final step, we use the estimated zonal 

parameters for the field example to infer hydrologically relevant properties, such as formation 

factor and relative variations in the distributions of fine materials (silts and clays). 

C.2 Methodology 

In this section we describe the main components of our scheme (i.e., joint inversion, 

cluster analysis and zonation, and zonal inversion). Figure C.1 shows a flow-chart of the 

entire process from raw field data and à priori information to the final petrophysical 

properties of the aquifer. 
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Figure C.1: Workflow designed to locate aquifer zones and determine their petrophysical properties. Crosshole 

geophysical data - seismic, radar and ERT - are used as input to this scheme. 

C.2.1 Joint inversion 

Our formulation and implementation of the inverse problem is illustrated in Figure 

C.2 and follows closely the scheme outlined by Linde et al. (2008) and Linde et al. (2006c). 

Forward solvers are used to calculate seismic and radar traveltimes, electrical resistances, and 

the corresponding sensitivities. The traveltimes and raypaths are calculated in the high 

frequency limit using a finite-difference algorithm (Podvin and Lecomte, 1991; Tryggvason 

and Bergman, 2006), and the electrical responses and related sensitivities are computed using 

a finite-element solver implemented by Rücker et al. (2006). 
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Figure C.2: Flowchart of the joint inversion scheme using cross-gradients constraints. Φd and Φm represent the 

sole contributions to the objective function Φ (equation C.1) in individual inversions. For joint 

inversion, coupling between the models is introduced by penalizing deviations of the cross-gradient 

function t from zero during model optimization. 

The objective function Φ for K different data sets is defined as 

      (C.1) 

with Φd(k) and Φm(k) being the data misfit and regularization term for data set k, and Tkl is the 

sum of the absolute values of the cross-gradient function tkl between the models 

corresponding to data sets k and l (see below). The parameters wk, ε and λ are the weighting 

factors for each data set, the regularization term, and the cross-gradients term, respectively. 

When individually inverting a single data set, only Φd(k) and Φm(k) contribute to the 

objective function (see equation C.1 and Figure C.2): Φd(k) is the misfit between the observed 

data and the data predicted by the wavespeed- or resistivity-models and Φm(k) quantifies the 

model regularization that penalizes model structure in some sense. We use a stochastic 

regularization operator (having weight 10ε relative to the data fit term) based on an 



Appendix C 

 164 

exponential geostatistical model that penalizes model complexity and deviations from the 

initial input model (Linde et al., 2006c). 

Joint inversion of two co-located data sets (e.g., radar and ERT) using a structural 

approach adds the third component to the objective function that enforces structural similarity 

(Haber and Oldenburg, 1997). The structural similarity of two models mk and ml is 

quantified by calculating a normalized version of the cross-gradients function introduced by 

Gallardo and Meju (2003) at each location as (Linde et al., 2008) 

.      (C.2) 

The normalization of equation C.2 is with respect to the à priori models  and 

. Note that the denominator never goes to zero. By normalizing the cross-gradients 

function, the constraints for each model combination have, for a given relative change in the 

model properties, the same weight in the optimization. The linearized normalized cross-

gradients function of mk and ml is added as a constraint at each iterative step by giving it a 

large weight in the linear system of equations (Linde et al., 2006c). Paige and Saunders 

(1982) iterative conjugate gradient algorithm LSQR is used to minimize the objective 

function in a least-squares sense. 

For three-method joint inversion, we calculate the cross-gradients function for every 

possible model combination to give three cross-gradients fields. These linearized cross-

gradients constraints are imposed at each iterative step. Gallardo and Meju (2007) introduced 

an alternative approach that is based on the cross-product of a reference gradient (defined at 

each location as the strongest model gradient of all models in the previous iteration) and the 

gradients of each of the models being inverted for in the process. 

C.2.2 Zonation 

We employ an unsupervised zonation algorithm to group model cells into zones 

distinguished by common physical characteristics, such that two or more zones with uniform 

properties are used to describe the distribution of geophysical parameters in a region of 

interest (e.g., an aquifer). 

Defining the zones is a four-step process: 

1. Preprocessing: The values of each input model (3D tomogram) are scaled to a 

mean of 1 to avoid effects associated with the model units (e.g., km/s). The logarithm of 

electrical resistivity is used to compress the typically large range of values for this parameter. 
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Classification needs reliable information from at least two methods for each cell and only 

model cells with ray coverage in either the seismic or radar forward models are used for the 

classification. This is guaranteed by sufficient ray coverage in one or both of the ray-based 

models plus the non-zero sensitivity of the ERT throughout the entire inversion domain. The 

decision of which cells to use for the cluster estimation could probably be improved by model 

appraisal (e.g., using the model covariance matrix) and might have to be adapted for surface-

based data with generally coarser data coverage. 

2. Cluster estimation: The clusters are modeled as a mixture of Gaussian functions 

with parameters that are automatically estimated on the basis of an expectation maximization 

algorithm (Bouman, 1997). This algorithm maximizes the probability of each cell belonging 

to a given set of clusters with optimized cluster parameters. The probability  that a cell  

with model values  belongs to the kth cluster is given by 

,    (C.3) 

where  is the - dimensional spectral mean and  is the covariance matrix of cluster k.  

The cluster parameters are optimized as follows: 

1. begin with a large number of clusters (e.g., 100); 

2. classify all model cells and update statistics of the clusters; 

3. combine the two statistically nearest neighbor clusters; 

4. perform expectation maximization to update the mean and covariance of each cluster. 

Steps 2 to 4 are repeated until a user-defined number of clusters is reached.  

3. Classification: Each aquifer zone is represented by a single cluster and each cell is 

assigned to the zone for which  is maximal (see equation C.3). 

4. Zone interpolation: All poorly resolved cells not classified in step 3 are assigned 

to a zone based on interpolation/extrapolation of the well-resolved cells. The indicator 

kriging routine of the geostatistical software library GSLIB (Deutsch and Journel, 1998) is 

used for this purpose. The output of the indicator kriging is a zonal model of the entire model 

domain. 

C.2.3 Zonal inversion 

After obtaining a geometrical model of the zones, we perform an overdetermined 

inversion to find the optimum parameter values (i.e., the seismic and radar wavespeeds and 

electrical resistivity) of each zone. The zonal inversion uses the same forward operators and 
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preprocessed data as used for the joint inversion (shown by the dashed arrow in Figure C.1), 

but instead of inverting for many thousands of model parameters it only inverts for one 

parameter value of each geophysical method in each zone. Starting from a homogeneous 

initial model, a linearized iterative inversion scheme is used to optimize the zonal parameters. 

There is no need for additional regularization, because the inverse problem is strongly 

overdetermined (e.g., 5000 data points to define 3 parameters). The parameter update is 

slightly reduced at each iterative step to stabilize the non-linear inverse process. 

Convergence of this inversion process is both fast and robust. The final data misfit 

can be used as an indicator of how well the zonal model can explain the geophysical data. If 

only a few model parameters in the zonal model can describe the data almost as well as 

relatively complex seismic, radar and ERT models with many thousands of parameters, then 

a zonal model is justified. 

The inverted zonal parameters and any derived petrophysical properties are effective 

values on the scale of the zones, thereby providing a simple form of upscaling for use in 

future hydrological modeling. In most applications, it is highly unlikely that the underlying 

physical property distribution is made up of zones with uniform properties or overly smooth 

distributions. Constructing two end-members of inversion models can help to understand the 

characteristics of the system under study. 

C.3 Field site, parameters and procedures common to the synthetic and 

field examples 

We have applied our methodology to a field site beside the Thur River in northern 

Switzerland, where the hydrological, ecological and biochemical effects of river restoration 

are currently being investigated (see http://www.cces.ethz.ch/projects/nature/Record). Our 

experiment is one component of a hydrogeophysical pilot study that targets a gravel aquifer 

in direct contact with an unrestored section of the river. We wish to estimate the spatial 

variability of geophysical and hydrogeological properties of the ancient river sediments 

forming the aquifer and to derive a 3D zoned representation of the subsurface as a basis for 

future hydrogeophysical inverse modeling. 

In this section we describe the following details that are common to the synthetic and 

field examples: geological/geophysical model, borehole geometry, recording configurations 

and processing parameters. The synthetic example helps to validate our new approach and 

guide the interpretation of the field data and associated models. 
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C.3.1 Experimental setup 

Cores from boreholes across the field site reveal a laterally extensive three-layer 

structure with a 3-m-thick silty sand layer at the top, an intermediate-depth 7-m-thick gravel 

aquifer, and a thick impermeable clay aquitard at the base. The water table is normally at 4 m 

depth except during river flood events. For our experiment, the aquifer is accessed by four 

11.4-cm-diameter fully-slotted PVC-cased boreholes located at the corners of a 5 x 5 m 

square, approximately 10 m from the river (Figure C.3). Our analysis is concerned with this 

5 x 5 m section of the 6-m-thick saturated part of the aquifer. 

 

Figure C.3: Cross section of the field site located close to the Thur River in northeastern Switzerland (see 

inset). The gravel aquifer is intersected by four boreholes located at the corners of a 5 m x 5 m 

square approximately 10 m from the river. Our inversion domain has horizontal dimensions of 

7 m x 7 m for all data and a vertical extent of 6 m for the seismic and radar data (solid red rectangle) 

and 12 m for the ERT data (dashed red rectangle). 

For the inversion of all three data sets, the area of interest is represented by a 

7 m x 7 m x 6 m volume containing a cubic mesh with 0.25 m edge lengths. The ERT model 

includes additional layers above and below this volume, but no regularization is applied 

across the boundaries to these layers. This is done because the boundaries are known to be 

sharp and because continuous regularization across these boundaries causes inversion 

artifacts within the gravel unit. A finer cubic mesh with 0.0625 m edge lengths is employed 

for the forward modeling of the seismic and radar traveltimes, whereas tetrahedra with 
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0.25 m edge lengths are used for the ERT forward modeling. Boundary effects in the ERT 

forward modeling were avoided by using a much larger domain than for the inversion and by 

using mixed type boundary conditions (Rücker et al., 2006). 

Crosshole seismic, radar, and ERT data were acquired across all six planes between 

the four boreholes. Seismic data were recorded using source and receiver spacings of 0.25 m, 

whereas radar data were collected with source and receiver spacings of 0.5 m and 0.1 m, 

respectively. To ensure full symmetric radar coverage, the source and receiver antennas were 

interchanged and the experiment repeated for each plane. For the ERT survey, 9 electrodes at 

0.7 m intervals were deployed in each borehole. We used two different types of electrode 

configuration (B Zhou and Greenhalgh, 2000): the AB-MN configuration with two current 

electrodes (A, B) in one borehole and two potential electrodes (M, N) in a second borehole, 

and the AM-BN configuration with one current and one potential electrode in a common 

borehole and the other two electrodes in a second borehole. Data using all possible 

combinations of bipole size and position were acquired in each plane, resulting in a total of 

2464 AB-MN and 7776 AM-BN measurements. To speed up the inversions, the 10240 

measurements were reduced to the 5000 most information-rich values using an experimental 

design procedure (for details see Doetsch et al., 2010b). 

C.3.2 Inversion parameters 

During inversion, stochastic regularization was used with an exponential model 

(Deutsch and Journel, 1998). To honor the subsurface layering evident in the borehole cores, 

without imposing excessive constraints, we used 1.5 and 0.75 m integral scales in the 

horizontal and vertical directions, respectively. Because no detailed geostatistical analysis 

had been carried out at this site, the integral scales were chosen in a pragmatic manner to be 

comparable to the resolving capabilities of the geophysical data but smaller than the borehole 

spacing. The integral scales were varied about the chosen values without significant changes 

in the final inversion results. The same geostatistical model was used for the indicator 

kriging. 

Initial homogeneous input models were seismic wavespeed α = 2.05 / 2.05 km/s, 

radar wavespeed vr = 76 / 76 m/µs and electrical resistivity ρ = 250 / 180 Ωm for the 

synthetic / field examples. The standard deviation of the stochastic regularization was 10% of 

the input models for the seismic and radar experiments, corresponding to the expected 

variations in the field example and the variations used in the synthetic model. The ERT data 
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were inverted for the logarithm of the resistivity, assuming a 20% standard deviation for the 

stochastic regularization. 

Strong regularization (high ε, see equation C.1) was employed for the initial inversion 

step and then progressively decreased with a specified step length after each iteration until 

the normalized root mean squared (rms) misfit reached a predefined threshold (see Figure 

C.2). Successively decreasing ε stabilizes the linearized inversion compared to using the final 

ε throughout the inversion process. To compare the results between individual and joint 

inversion as well as between the different methods, the target normalized rms misfit was set 

to a uniform 1.2. It was possible to invert for a normalized rms misfit of 1.0, corresponding to 

the actual error level in the synthetic example, but this led to inversion artifacts that adversely 

affected the subsequent cluster classification. 

All inversions reached the target misfit after 10-19 iterations. Convergence could be 

achieved with fewer iterations by decreasing ε at a higher rate, but this resulted in higher 

values of the cross-gradients function in the final model (see Linde et al., 2008). The value of 

the ∑ was the same for all data sets during joint inversion, but each data set was weighted 

differently in the objective function and when calculating the model updates. The data set 

weights w1 - w3 were applied to the data misfit and the regularization of the corresponding 

model (see equation C.1). They were initialized to compensate for the different number of 

measurements in each data set (in inverse proportion) and varied until the 3D tomograms of 

all methods predicted the data equally well. Figure C.4 illustrates the process we used to 

determine w1 - w3 and Table C.1 shows the final inversion parameters for the synthetic and 

field examples. Tests using all possible combinations of two-method joint inversions and 

varying the inversion parameters gave very similar results to what is presented below for the 

three-method joint inversion, thus demonstrating the robustness of the methodology and each 

sequential part of it. 
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Figure C.4: Flow chart of the procedure to determine the relative weights w1 - wK of the K different data sets 

for joint inversion. The threshold of the normalized rms was set to 1.2 and the tolerance between the 

methods was chosen as tol = 0.04. 
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R  1  1.20 10  1.21  1.21 
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SRE 1.5 1.2 1.0 0.88 19 1.20 1.16 1.20 1.19 

Table C.1: Inversion parameters for the synthetic and field examples. In the column and row headers: S - 

seismic; R - radar; E - ERT individual inversions; SRE - joint inversion of all three methods. The 

weight of the regularization ε (in logarithmic units, see equation C.1) is slightly lower for the joint 

inversions in order to reach the same rms misfit threshold of 1.2. 

C.4 Synthetic example 

The synthetic input model (Figure C.5) was chosen to mimic the field situation. It 

consists of three sub-horizontal layers, of which the middle layer has the highest seismic and 

radar wavespeeds and resistivity. Its thickness varies from 2.5 m in one corner to 1 m in the 

opposite corner. The seismic wavespeed α and resistivity ρ are lowest in the bottom layer, 
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whereas the radar wavespeed vr is lowest in the top layer. For the ERT modeling, an 

additional top layer with a resistivity of ρ = 1000 Ωm representing the unsaturated zone, and 

a bottom layer with a resistivity of ρ = 25 Ωm representing the clay aquitard, are added. 

Source, receiver, and electrode positions, as well as the measuring configurations 

were identical to the field example. The synthetic data were created with the same forward 

solvers and grid as used for the inversions. The 2661 seismic and 5584 radar traveltimes were 

contaminated with 1% and the 5000 apparent resistivities with 3% uncorrelated Gaussian 

noise prior to inversion. 

 

Figure C.5: Input model used to create the synthetic data. It consists of three layers, the middle one of which 

has high seismic and radar wavespeeds (a and vr) and a high resistivity (r) relative to the others. The 

thickness of this middle layer varies between 1 and 2.5 m at opposite corners. The synthetic data 

were contaminated with Gaussian noise (1% for seismic and radar traveltimes, 3% for apparent 

resistivities) before inversion. The boreholes used for the measurements are located at the four 

corners of the input model. 

C.4.1 Individual and joint inversion results 

The three data sets are inverted separately and jointly. All resulting 3D tomograms 

(Figure C.6) recover the main features of the synthetic input models (Figure C.5), albeit with 

somewhat gradual rather than abrupt transitions between the layers. The seismic and radar 

models obtained by individual inversion (Figure C.6a and 6b) clearly resolve the high 

wavespeed center region. Low wavespeed parts are less well resolved, especially for the radar 
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model. This is mainly due to the limited ray coverage, particularly crossing rays, in the top 

and bottom regions of the model. The individual ERT inversion (Figure C.6c) resolves the 

two low resistivity zones, but the high resistivity layer in the middle is not continuous, as it 

should be. This poor performance in the center is attributed to current channeling in the high 

conductivity zones above and below and to the much higher sensitivities around the 

electrodes. 

 

Figure C.6: Results of (a-c) individual and (d-f) joint inversions of the synthetic data sets. All models fit the 

data with a normalized rms misfit of 1.2 (1.0 corresponds to the error level). The main layering of 

the input model (see Figure C.3) is observed in all models. The two seismic (a and d) and two radar 

(b and e) models are very similar, but a clear improvement is observed in the ERT model obtained 

by joint inversion (f) compared to the individual inversion model (c). 

The 3D seismic and radar tomograms resulting from joint inversion (Figure C.6d and 

C.6e) are very similar to the individual inversion tomograms, but the values of the low 
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wavespeed regions are closer to the true values. The improvement in the joint inversion ERT 

tomogram (Figure C.6f) is more pronounced, because the radar and seismic data help to 

constrain the geometry of the more resistive middle layer. Despite the restriction of rays to 

the acquisition planes and the concentration of ERT sensitivities around the boreholes, the 

homogeneous layers are well retrieved in 3D, including the regions between the acquisition 

planes. The values of the cross-gradients function between the models were decreased by 

more than a factor of 100 compared to the individual inversions. 

An informative view of the difference between models obtained from the individual 

and joint inversions is supplied by the scatter plots of Figure C.7a-c and C.7e-g. Whereas the 

scatter plots derived from the individual inversion show no evidence of clustering (Figure 

C.7a-c), those from the joint inversion are sharply defined and relatively easy to classify 

(Figure C.7e-g). 

 

Figure C.7: Scatter plots for the models obtained by (a-c) individual and (e-g) joint inversion together with 

visualizations of the automatically determined clusters used for zonation of the models obtained by 

(d) individual and (h) joint inversion. The larger triangles and circles in (a-c) and (e-g) show the true 

parameter values of each zone in the input model. The colors of the symbols in the scatter plots and 

cluster representation correspond to the respective zonal model in Figure C.8. 

C.4.2 Classification 

The scatter plots are now used for cluster estimation and zonation. The final number 

of zones was set to the true value of three for the synthetic study. Differences in the scatter 

plots are reflected in the classifications. The 50% confidence ellipsoids for each cluster are 

much smaller and more needle-like for the joint inversion (Figure C.7h) than for the 
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individual inversion results (Figure C.7d). Outputs of the classification algorithm are the 

zonal models shown in Figure C.8. The zonation based on the joint inversion tomograms 

(Figure C.8c) is a much better reconstruction of the input model (Figure C.8a) than that based 

on the individual inversion models (Figure C.8b). Misclassification is only 3.7% for Figure 

C.8c compared with 21.3% for Figure C.8b. It is remarkable that the zones defined from the 

joint inversion tomograms are geometrically continuous, even though the positions of the 

cells are not considered during classification. 

C.4.3 Zonal inversion 

The inverted zonal parameters and rms misfits are shown at the base of Figure C.8. 

The parameter values for each zone are much better retrieved through zonal inversion than by 

averaging the models in Figure C.6 for each zone. The zonal model from joint inversion 

predicts the data with similar rms misfits as for the 3D tomograms (1.1-1.5), but the zonal 

model from individual inversions fails to do so (rms misfits of 1.6-3.0). 

The inverted zonal parameters reproduce the true values with a deviation of only 

0.3% when using the zones derived from the joint inversion tomograms, whereas the 

deviation is 1.8% when using the zones derived from the individual inversion tomograms. A 

deviation of almost 2% in the parameter estimation is quite significant when compared to the 

10-20% variation in the parameters of the synthetic input models (Figure C.5). 

The misclassification rates and matches of the geometry and parameter values (see 

images and tables in Figure C.8) for the synthetic study demonstrate the superior 

performance of the joint inversion scheme vis-à-vis the individual inversion approach. For 

field data with unknown zone geometries and parameters, the zonation has to be judged on 

the basis of the rms data misfit and by visual inspection. The performance of the method 

applied to field data is investigated in the next section. 
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Figure C.8: The (a) true zonal model (see Figure C.5) and those derived by (b) individually and (c) jointly 

inverting the synthetic data. The zonal models derived from the individual and joint inversions have 

misclassification rates of 21.3% and 3.7%, respectively. 

C.5 Field example 

C.5.1 Measurements 

Our field data were acquired with state-of-the art equipment. A sparker source was 

used to generate seismic waves with a center frequency of about 1 kHz, and hydrophones and 

a GEODE system were used to record the seismic data at a sampling rate of 21 µs. Very 

strong signals caused the seismic waveforms to be clipped, but the first arrivals could clearly 

be identified (e.g., Figure C.9a). Crosshole radar data at a 0.4 ns sampling rate were acquired 

using a RAMAC 250 MHz system, which at our site had a center frequency of ~100 MHz 

with energy in the 50-170 MHz frequency range (e.g., Figure C.9b). ERT resistances were 

recorded using a Syscal Pro resistivity meter. Borehole deviations were measured with a 

deviation probe using a three-axis fluxgate magnetometer for bearing and a three-axis 

accelerometer for inclination. Corrections for the borehole deviations were critical for the 

traveltime inversions. 
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Preprocessing of the seismic and radar data included manual traveltime picking and 

assignment of the correct source-receiver positions in the deviated boreholes. A total of 2661 

seismic and 5584 radar traveltimes could be reliably picked. Seismic traveltimes ranged 

between 2.2 and 4.3 ms and radar traveltimes ranged between 60 and 116 ns, with estimated 

picking errors for both data sets of ~1%. 

The ERT data were strongly influenced by the resistivity contrast between the 

borehole fluid and the formation, such that correction factors derived from modeling with and 

without the boreholes had to be applied (for details see Doetsch et al., in print). A 2.5% error 

in the apparent resistivity data was assumed in the subsequent inversions. A frequency 

polygon plot of apparent resistivities before and after application of the borehole-fluid 

corrections is displayed in Figure C.9c. 

 

Figure C.9 Typical raw (a) seismic and (b) radar source gathers for a source depth of 6.75 m. Red dots in (a) 

and (b) represent calculated forward responses of the final models obtained by joint inversion (see 

Figure C.10d and 10e). (a) Although the seismic data were clipped, first arrivals could be reliably 

picked. (b) Picked first arrivals in the radar data do not include refracted waves through the 

unsaturated high wavespeed layer above 4 m; for the displayed source gather this means neglecting 

data collected above 5 m depth. (c) Frequency-polygon (histogram) of apparent resistivities plotted 

for raw and borehole-effect-corrected data. 
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C.5.2 Individual and joint inversion results 

The models for the three parameter types obtained from the individual inversions 

contain very similar features, the most prominent being the high wavespeed and high 

resistivity layer in the middle of the domain (Figures C.10a-c and C.11a-c). Correlations 

between the models are relatively high (correlation coefficients > 0.6), even though each 

inversion is fully independent. This strong correlation indicates that all three methods sense 

the same geological/hydrological units, thus justifying the application of joint inversion to 

these data sets. 

 

Figure C.10: Results of (a-c) individual and (d-f) joint inversions of the field data set. All models fit the data 

with a normalized rms misfit of 1.2 (1.0 corresponds to the error level). Note how the middle layer in 

the resistivity model obtained by joint inversion is more continuous than for the individual inversion. 
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Seismic and radar tomograms from the three-method joint inversion (Figures C.10d-e 

and C.11d-e) are very similar to the individually inverted ones (Figures C.10a-b and C.11a-

b), whereas resistivities in the jointly inverted ERT tomogram (Figures C.10f and C.11f) are 

noticeably more continuous than in the individually inverted one (Figures C.10c and C.11c). 

In similar fashion to the synthetic case, the magnitude of the cross-gradients between the 

models were reduced by more than a factor of 100 compared to the individual inversions. 

Although the images in Figure C.10 are layered, when viewed from different directions (e.g. 

Figure C.11) some pronounced 3D heterogeneity is apparent. This heterogeneity is evident in 

all individual inversion tomograms (see Figure C.11a-c), even though the sensitivity patterns 

of the traveltime and ERT data are fundamentally different with respect to location relative to 

the borehole. 

 

Figure C.11: As for Figure C.10, but viewed from a different direction. There are clear 3D structures and the 

individual inversions (a-c) show that all main features are detected independently by the three 

methods. 
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The field example scatter plots in Figure C.12 reveal the same variations between 

individual and joint inversion results as seen in the synthetic example (Figure C.7). Although 

the scatter plots in Figure C.12a-c show a general positive correlation between the 

geophysical parameters, the evidence for clusters is weak. By contrast, the joint inversion 

scatter plots in Figure C.12e-g reveal distinct linear features. 

 

Figure C.12: Scatter plots for the models obtained by (a-c) individual and (e-g) joint inversion together with 

visualizations of the automatically determined clusters used for zonation of the models obtained by 

(d) individual and (h) joint inversion. The scatter plots obtained from the individual inversion models 

are rather diffuse. They demonstrate a generally positive correlation between the geophysical 

parameters. In contrast, the scatter plots from the joint inversion models show well-defined linear 

correlations. (d) and (h) The different character of the scatter plots is also observed in the cluster 

visualizations. The large yellow cluster in (h) “collects” all of the poorly defined scatter points. 

These cells are reclassified by geostatistical interpolation (indicator kriging). 

C.5.3 Classification and zonal inversion 

Application of the classification algorithm to the scatter plots in Figure C.12a-c and 

subsequent zonal inversion yields a high wavespeed and high resistivity zone in the center of 

the aquifer, but it cannot distinguish the regions at the top and bottom of this zone from each 

other (Figure C.13a and C.13d). Increasing the number of clusters does not improve this 

result. 

To achieve the most meaningful classification of the scatter plots in Figure C.12e-g, 

the results for different numbers of clusters were compared. We obtained the best result using 

four clusters, three of which are meaningful. The fourth is a “collector” cluster (yellow region 
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in Figure C.13b and C.13e) in which most poorly resolved cells are placed. These poorly 

resolved cells are mostly found along the top or bottom of the inversion domain. Rather than 

leave gaps in these regions, we interpolate/extrapolate values from adjacent areas using the 

indicator kriging method. The resulting three zones in Figure C.13c and C.13f (referred to as 

model 1) are overall spatially aligned and this model is used in the subsequent interpretation. 

The rms misfits that result from the zonal inversion (see tables at the base of Figure 

C.13) are very similar for all zoned models; the relatively low 1.4-1.5 misfit for the seismic 

and radar wavespeeds and 2.8 - 3.5 for the ERT resistivities is largely controlled by the 

common definition of the high wavespeed/resistivity zone in the center. Separating the top 

and the bottom layer does not significantly improve the misfit, even though the vr and ρ 

values vary between these layers. The low rms misfit for the ray-based methods indicates that 

a zoned wavespeed model is reasonable, whereas the higher rms misfit for the ERT values 

indicates that smaller scale resistivity variations are necessary to fit the data adequately. 

 

Figure C.13: Zonal models based on the (a and d) individual and (b and e) joint inversions shown in Figures 

C.10 and C.11 viewed from two different directions. The final zonation based on the models 

obtained by joint inversion (model 1) in (c) and (f) is described in the text. 
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C.6 Hydrogeophysical interpretation 

C.6.1 Petrophysical analysis 

The radar and resistivity values of model 1 (Figure C.13c and C.13f) for each zone 

(see table at the base of Figure C.13f) are used as input to our petrophysical analysis along 

with the following parameters: (i) the resistivity of the pore water  Ωm (established 

from measurements in a nearby borehole at the time of the survey), (ii) the relative 

permittivity of the matrix , which we cannot determine exactly but is unlikely to have 

strong variations within the gravel aquifer (see later), and (iii) the cementation factor m which 

we take to be 1.5-1.6 (Lesmes and Friedman, 2005). 

Seismic wavespeed is not explicitly included in the analysis. In unconsolidated 

environments, both seismic and radar wavespeeds are a function of porosity, but porosity 

estimates from seismic wavespeed are not as well constrained as those from radar wavespeed. 

Comparison of the seismic and radar wavespeeds with the Hashin-Shtrikman bounds (Hashin 

and Shtrikman, 1963) indicates a very well connected pore space (Linde and Doetsch, 2010) 

and thus motivates our choice of a relatively low cementation factor. 

We use the petrophysical model of Pride (1994) to relate the relative permittivity 

(  = 300 m/µs)        (C.4) 

to the formation factor F and porosity φ, linked by  

F = Φ−m           (C.5) 

in the following way: 

.        (C.6) 

Here  is the relative permittivity of water at 10°C (Eisenberg and Kauzmann, 

1969) and is the relative permittivity of the solid matrix. In the presence of fine-grain 

sediments (e.g., clays and silts), the electrical resistivity  can be related to  through a 

modified form of Archie's law (Linde et al., 2006c) 

,        (C.7) 

where  is surface conductivity. Surface conductivity occurs as a result of the electrical 

triple layer that forms at the interface between grains that comprise the sediment matrix and 
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water. It is most prominent in materials with large specific surface areas such as clays and 

silts (e.g., Revil et al., 1998). 

We solve equation C.6 for  (and φ using equation C.5) and then use equation C.7 to 

estimate . To estimate  and φ we have to assume a value for . We use  to 

force surface conductivity  in all three zones. The value of  is not established at this 

site, although it is known to lie within a restricted range for the lithologies under 

consideration. It is also reasonable to assume that variations of  within the gravel aquifer 

are likely to be quite small. Whatever value is used should not affect the relative variations in 

the deduced petrophysical parameters, but absolute values should be interpreted with caution. 

The range for φ in Table C.2 corresponds to the likely variation in cementation factor m. 

 

layer	  
F	  
	  

ss	  
[mS/m]	  

φ 	  
[%]	  

top	  (green)	   7	   0.2	   26	  -‐	  29	  

center	  (red)	   12	   0.6	   19	  -‐	  21	  
bottom	  (blue)	   9	   2.1	   23	  -‐	  26	  

Table C.2: Result of the petrophysical analysis. Combining vr and r (table below Figure C.13f)  for the different 

zones according to equations 6 and 7, we see a ~30% variation of porosity and find that surface 

conductivity ss only contributes significantly in the bottom layer, close to the clay aquitard. The 

parameters in the petrophysical analysis were ks = 8.0, rw = 27 Ωm and m = 1.5 - 1.6 (see text for 

the definition of these parameters). 

C.6.2 Interpretation 

Two main findings result from this analysis (Table C.2): (i) there is a distinct increase 

in surface conductivity  with depth and (ii) porosity φ is significantly lower in the middle 

layer. The bottom layer was found to have a total average conductivity of 6 mS/m (167 Ωm), 

of which surface conductivity  is predicted to contribute about one third (2.1 mS/m). The 

increase in can be attributed to a higher clay/silt fraction, demonstrating that it cannot be 

neglected in this sedimentary setting. Application of the conventional Archie’s law (Archie, 

1942) to the resistivity values for the bottom layer would over-estimate φ by ~25%. 

A ~30% variation of φ between the middle and the top and bottom layers is quite well 

resolved. Small scale variations are expected to be even larger. In contrast, the differences 
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between φ in the top and bottom layers are not very well defined. For example, the 

differences in radar wavespeed can be explained by variations in the cementation factor (see 

Table C.2). This possibility is supported by the very small differences in seismic wavespeed 

between the upper and lower zones, which imply similar porosities assuming that there are no 

major differences in lithology (e.g., Carcione et al., 2007). 

Although porosity is not well defined by our data and analysis, the more relevant 

parameters as far as fluid transport is concerned are the well-constrained formation factor F 

and surface conductivity  (e.g., Revil and Cathles, 1999). The hydrological implications of 

our results are being investigated with ongoing time-lapse ERT measurements. 

C.7 Discussion 

The tomographic models from the joint inversion and the corresponding zonal models 

are complementary representations of the situation at our field site. Models obtained from 

joint inversion display small-scale variability, but these variations are strongly affected by the 

regularization applied. As a consequence, they cannot be used directly to determine 

quantitative petrophysical values from theoretical models such as those described by 

equations 6 and 7 (Day-Lewis and Lane, 2004). By comparison, the zonal inversion based on 

structures determined from clustering the joint inversion results yields physical parameters 

(e.g., seismic wavespeed) for relatively large zones. Such effective parameters are suitable 

for petrophysical analysis at field scales, but because small-scale variability is neglected the 

results are only meaningful if large-scale zones dominate the physical property fields.  

The data misfit of the zonal parameter estimates is a measure of confidence in the 

zonal representation. For our field example, this implies that there are only minor seismic and 

radar wavespeed variations within the zones, because the zonal models can fit the data 

relatively well with a normalized rms misfit of 1.4. In contrast, additional small-scale 

variability or vertical trends are probably needed to improve the fit to the ERT data (rms 

misfit is a comparatively poor 3.5 for the zonal inversion values). This high misfit can also 

partly be caused by small errors in the assumed location of the water table and the clay 

aquitard, because no electrodes were located outside the saturated gravel. 
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C.8 Conclusions 

We have presented a methodology for hydrogeophysical aquifer characterization 

based on cross-gradients joint inversion of 3D crosshole seismic, radar, and ERT data 

followed by classification of zones and an over-determined inversion for zonal parameters. A 

zonation approach based on Gaussian mixtures was used to identify zones in the inversion 

models. Our synthetic example demonstrates how joint inversion reduces the 

misclassification rate from 21.3% for the individual inversions to 3.7% for the three-method 

joint inversion. The joint inversion zonal models also provide much better estimates of the 

zonal parameters (0.3% error compared to 1.8% using the individual inversion tomograms). 

Our strategy of jointly inverting three types of 3D data was applied to an active gravel 

aquifer adjacent to the Thur River in northern Switzerland. Clustering of the joint inversion 

tomograms produced noticeably better results than clustering of the individual inversion 

tomograms, primarily because of the clearer scatter plots obtained from the joint inversion 

models; the Gaussian mixture cluster estimation technique capitalized on this decreased 

scattering. The joint inversion and zonation models are complementary. The smooth joint 

inversion tomograms include information about lateral variability and general trends (e.g., 

decreasing resistivity with depth). The zonal representation summarizes important 

geometrical information about the aquifer and it enables petrophysical analysis at the field 

scale. The validity of the zonation can be assessed by zonal inversion for each method. 

At our field site, we found three different sub-units within the gravel aquifer. The 

relative variation in porosity was estimated to be ~30% and the percentage of fine materials 

was found to increase with depth. The geometries and properties of the aquifer subunits 

determined here will be the starting point for hydrogeophysical modeling that will include 

data from extensive ongoing time-lapse ERT experiments at the same field site.
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Abstract 

Diffractions from above-surface objects can be a major problem in the processing and 

interpretation of ground-penetrating radar (GPR) data. Whereas methods to reduce random 

and many other types of source-generated noise are available, the efficient suppression of 

above-surface diffractions (ASDs) continues to be challenging. We present a scheme for semi-

automatically detecting and suppressing ASDs. Initially, an accurate representation of ASDs is 

obtained by (i) Stolt F-K migrating the GPR data using the air velocity to focus ASDs, (ii) 

multichannel filtering to minimize other signals, (iii) setting an amplitude threshold that targets 

the high amplitude ASDs and effectively eliminates other signals, and (iv) Stolt F-K demigrating 

the ASDs using the air velocity and remigrating them using the ground velocity. By excluding 

the obliquity correction in the Stolt algorithms and avoiding intermediate amplitude scaling, we 

preserve the ASDs' amplitude and phase information. The final step involves subtracting this 

image of ASDs from a standard migrated version of the original data. This scheme, which 

includes a number of important extensions to a previously proposed method, makes it possible 

to semi-automatically process large volumes of GPR data characterized by numerous highly 

clustered and overlapping ASDs. The user has control over the trade off between ASD 

suppression and undesired removal of useful signal. It achieves nearly complete removal of 

ASDs in synthetic data and significant suppression in field data. Once ASDs have been 

suppressed, their influence can be further reduced by applying relatively gentle multichannel 

filters. It is neither possible to remove line diffractions that resemble subhorizontal reflections 

nor retrieve subsurface signals from data saturated by ASDs, such that some blank regions may 

be left after applying the suppression scheme. Nevertheless, subsequent processing and 

interpretation of the GPR data benefit significantly from the suppression of ASDs, which 

otherwise would clutter the final images. 
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D.1 Introduction 

Above surface diffractions (ASDs) or scatter can pose serious problems in the 

processing and interpretation of ground-penetrating radar (GPR) data. These undesired events 

are usually superimposed on the target subsurface reflections and diffractions. ASDs may 

severely limit the utility of GPR surveying at some urban and rural locations, especially when 

it is necessary to employ low frequency (≤ 100 MHz) unshielded antennas. Since radar 

signals travelling through air experience little attenuation, diffractions from power lines, lamp 

posts, trees, fences, buildings, vehicles, boulders and even people may be very prominent in 

GPR sections (Van der Kruk and Slob, 2004). The high velocity of radar waves in air may 

cause strong ASDs from distant objects to arrive together with reflections and diffractions 

from the shallow subsurface (e.g., an ASD that travels 30 m from a tree to a GPR survey line 

at 0.3 m/ns arrives at the same time as a reflection travelling at 0.1 m/ns from a 10-m-deep 

subsurface horizon). Under favorable circumstances, subsurface reflections of interest may be 

only partly obscured by ASDs . In worst case scenarios, they may be overwhelmed by ASDs. 

The limited dynamic range of common GPR acquisition systems may preclude the recording 

of useful signal in areas where very strong ASDs are generated. Regardless, it is worthwhile 

to suppress ASDs in order to reduce problems in the subsequent processing and interpretation 

phases of a project. 

Before surveying in potentially difficult regions, acquisition strategies that minimize 

the recording of ASDs should be considered. One obvious way is to maintain a sufficient 

distance from any surface objects (i.e., choose appropriately located survey lines and move 

vehicles and people), but this is often impractical. Since the orientation of the antennas 

relative to the orientation of the surface objects has a marked impact on ASD amplitude, it is 

also possible to minimize the influence of ASDs by recording the GPR data using optimally 

aligned antennas (Van der Kruk and Slob, 2004). As an example, for a line of trees parallel to 

the recording direction, Van der Kruk and Slob (2004) found that ASD amplitudes recorded 

using an antennas pair aligned parallel to the profile direction (i.e., parallel broadside 

configuration) were only 7 - 17 % of those recorded using the more conventional antenna pair 

aligned perpendicular to the profile direction (i.e., perpendicular broadside configuration). Of 

course, the orientation and shape of commonly encountered surface scatterers can vary along 

a profile, such that it is not always possible to optimize the antenna orientation. Finally, if one 
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has the luxury of being able to record multi-component and/or multi-offset data, directional 

or polarity filters can be designed to separate ASDs from subsurface events. 

In this contribution, we are primarily interested in suppressing the influence of 

numerous highly clustered and overlapping ASDs that may contaminate conventional single-

component common-offset GPR data. Two general suppression approaches are reported in the 

literature: (i) multichannel filtering and (ii) migration- or semblance-based detection followed 

by modeling of the ASDs. An example of approach (i) is presented by Nuzzo and Quarta 

(2004). They employ a linear τ -p transformation method to identify and remove a single 

hyperbola generated at an overhead telephone cable. This approach works well for isolated 

ASDs, but we found it to be impractical for suppressing numerous overlapping ASDs. 

Multichannel filtering (e.g., τ-p, F-K and K-L) has the following general drawbacks:  

 strong filters have to be used to remove the high amplitude hyperbolas, resulting in 

significant artifacts;  

 the filters do not distinguish between ASD tails and subsurface diffractions and dipping 

reflections;  

 some apexes of ASDs are not removed by the filters, such that they could be mistaken for 

real reflections.  

Sun and Young (1995) were the first to state explicitly that ASDs and subsurface 

events could be distinguished on the basis of their very different migration velocities; this 

rather obvious fact was well known, but had not been previously described in the literature. 

Like the multichannel filtering methods, Sun and Young (1995) technique of flattening the 

diffraction hyperbolas, subtracting a 30-trace running average and removing the flattening 

was successful in suppressing isolated ASDs in our data, but it produced generally 

unsatisfactory results for multiple overlapping ones. In contrast, we found that several subtle 

but critical modifications to the approach introduced by Bano et al. (1999) resulted in a semi-

automated and tunable scheme that can simultaneously suppress numerous highly cluttered 

and overlapping ASDs.  

After describing the basic steps of this migration-based scheme with the help of 

synthetic GPR data, we demonstrate its general utility on two field data sets that are highly 

contaminated with ASDs. 
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D.2 Methodology and application to noise-free synthetic data 

A flow chart that explains the essential processes for semi-automatically detecting and 

suppressing ASDs in GPR data is displayed in Figure D.1 (see also Bano et al., 1999) and the 

results of applying these steps to noise-free synthetic data are presented in Figure D.2.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure D.1: Flow chart of the semi-automated scheme for suppressing ASDs from preprocessed GPR data. 

Effects of individual steps are illustrated on synthetic GPR data in Figures D.2 - 4 and on GPR field 

data in Figures D.5 and 6. In the bottom right corner of each box, 2a - 2h refer to GPR synthetic 

sections in Figure D.2. 
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Figure D.2: Application of the semi-automated scheme for suppressing ASDs to noise-free synthetic 50 MHz 

data. (a) Preprocessed GPR section. (b) Stolt-migrated version of (a) using 0.1 m/ns subsurface 

velocity. (c) Stolt-migrated version of (a) using 0.3 m/ns air velocity. (d) Subtraction of 3-trace 

running average from (c). (e) Binary mask determined from the envelope of (d) for a threshold of 

0.03 (see main text). (f) Application of the mask in (e) to (c). (g) A section representing only ASDs 

is produced by Stolt demigration of (f) using a 0.3 m/ns velocity followed by Stolt remigration using 

a velocity 0.1 m/ns. (h) Subtraction of (g) from (b) results in ~85 % of ASD energy being removed. 

Vertical exaggeration is ~3. 

D.2.1 Noise-free synthetic data  

A finite-difference time-domain code was used to simulate 500 ns of noise-free zero-

offset GPR data acquired with 50-MHz antennas at 0.2 m intervals along a 200-m-long 

profile. The ground velocity model included four layers with dipping boundaries (Figure 

D.2a). Velocities within each constant-velocity layer decreased progressively from 0.12 m/ns 

at the surface through 0.11 m/ns and 0.10 m/ns to 0.09 m/ns at the base. ASDs (air velocity 

Va = 0.3 m/ns) from 5 scatterers located at varying distances were superimposed on the 

reflections from the subsurface boundaries. The direct airwave and groundwave were not 

simulated.  
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D.2.2 Semi-automated suppression of ASDs 

• Two migrations 

Our semi-automated scheme for suppressing ASDs begins by migrating the 

preprocessed GPR section (Box 1 in Figure D.1; Figure D.2a) twice, once using the ground 

velocity Vg (Box 2 in Figure D.1; Figure D.2b) and once using the air velocity Va (Box 5 in 

Figure D.1; Figure D.2c). By employing the F-K algorithm (Stolt, 1978; J. F. Claerbout, 

1985) without the standard obliquity correction (Chun and Jacewitz, 1981), the migration and 

demigration processes are straightforward inverse processes, such that F-K demigration of an 

F-K migrated section produces the original unmigrated section. This straightforward 

reversibility of the migration process (Santos et al., 2000) is an important component of our 

modified ASD suppression scheme.  

Subsurface reflections are correctly located in the standard Vg migrated image (Figure 

D.2b), but the ASDs are substantially undermigrated. In contrast, the ASDs are focused at 

their apexes in the Va migrated section (Figure D.2c), whereas the subsurface reflections 

appear diffuse with markedly reduced amplitudes. 

• Defining the mask 

We now wish to isolate the collapsed ASDs observed in Figure D.2c by semi-

automatically defining a mask that has a value of 1 in the direct vicinity of the collapsed 

ASDs and 0 elsewhere. This is achieved by applying the operations listed in Box 8 of Figure 

D.1.  

By subtracting a simple 3-trace running averaged version of the section in Figure 

D.2c from the same section, the amplitudes of the subsurface events are substantially reduced 

relative to the amplitudes of the collapsed ASDs (Figure D.2d). To produce robust estimates 

of the energy contained in each region of Figure D.2d, we compute the energy or trace 

envelope via the Hilbert transform and then subject the resultant section to a 5-point 2D 

median filter that operates in time and distance. Despite the AGC applied during the 

preprocessing, the later arrivals in our observed data tend to have lower amplitudes than the 

earlier arrivals, primarily because they have lower signal-to-noise ratios (the lower signal-to-

noise ratios affect the migration process). Simple time-variant scaling (i.e., amplitude 

multiplication factor of 1 from the top to half-way down the traces and then increasing 

linearly to a factor of 2 at the base of the traces) enhances these lower amplitude regions at 

later times. The processes and parameters defined up to this point produce satisfactory results 
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for all data that we have tested (>31 km of field data), such that user intervention is not 

required. In contrast, the definition of the amplitude threshold, above which all points in the 

mask are set to 1 and below which all points are set to 0, needs to be defined by the user. It is 

the only tunable parameter in our semi-automated scheme. An excessively high threshold 

results in less effective suppression of the ASDs and an excessively low threshold results in 

some subsurface reflections being removed. A satisfactory threshold for the noise-free 

synthetic data of Figure D.2a produces the mask in Figure D.2e (black and gray areas have 

values of 1 and 0, respectively). Further details on how to choose the mask are provided after 

the complete ASD-suppression process is explained. 

• Applying the mask and suppressing the ASDs 

Multiplying the Va migrated section of Figure D.2c by the mask in Figure D.2e yields 

the section in Figure D.2f (Box 6 in Figure D.1), which is overwhelmingly populated by 

collapsed ASDs. Note, that these diffractions have not been distorted by the processes (Box 8 

in Figure D.1) that yielded Figure D.2d. To obtain ASDs equivalent in amplitude and phase 

to those in Figure D.2b, we need to demigrate the section in Figure D.2f using Va and then 

remigrate the output using Vg. These two processes can be combined by simply demigrating 

the section in Figure D.2f using the residual velocity Vres defined by (Box 7 in Figure D.1; 

Rothman et al., 1985): 

 
Vres = Va

2 - Vg
2 = 0.32 - 0.12 = 0.283 m/ns       (D.1) 

For our scheme, such demigration is the exact inverse of Stolt F-K migration without 

the obliquity correction (Figure D.2g). Subtraction of the section in Figure D.2g from the Vg 

migrated section in Figure D.2b (Box 3 in Figure D.1) produces the largely ASD-free section 

in Figure D.2h.  

• Choosing the threshold 

The sections in Figure D.3 help clarify the process of choosing a satisfactory 

threshold. Figure D.3a is an amplified version of Figure D.2d and Figure D.3b is the 

corresponding envelope map. Amplitudes in the envelope map in the regions of the ASDs 

range from 0.0000083 to 0.81. Two masks based on plausible end-member threshold values 

and the envelope map of Figure D.3b are presented in Figure D.3c (threshold of 0.06) and 

Figure D.3e (threshold of 0.005). Figure D.3d and f are obtained by multiplying the Va 

migrated section of Figure D.2c by the masks of Figure D.3c and e, respectively. Our 

preferred threshold of 0.03 produces the mask of Figure D.2e and the masked section of 
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Figure D.2f. Clearly, not enough of the ASDs are included in the masked representation when 

the threshold is chosen to be too close to 0.81 (compare Figure D.3c and d to Figure D.2e and 

f), whereas key parts of the reflections would be included in the masked representation when 

the threshold is chosen to be too close to 0.0000083 (compare Figure D.3e and f to Figure 

D.2e and f). Choosing the threshold is similar in many respects to selecting filter parameters. 

Every processor is likely to choose the threshold within a sensible range, but the specific 

threshold chosen will vary according to the processor's preferences concerning the trade-off 

between not eliminating enough of the ASD signal and eliminating too much of the 

subsurface reflections. 



Appendix D 

 194 

 

Figure D.3: Selecting the threshold. (a) As for Figure D.2d but with the amplitudes amplified. (b) Envelope 

map of (a). (b) Amplitudes of envelope map in the vicinity of the ASDs range from 0.0000083 to 

0.81. (c) Binary mask determined from the envelope map of (b) for a threshold of 0.06. (d) 

Application of mask in (c) to Figure D.2c. (e) Binary mask determined from the envelope map of (b) 

for a threshold of 0.005. (f) Application of mask in (e) to Figure D.2c. 
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• Application of the semi-automated ASD suppression scheme to unmigrated GPR data 

In principle, it is possible to minimize the effects of ASDs in the unmigrated images 

(i.e., the process in Box 2 of Figure D.1 would be eliminated and the demigration in Box 7 

would be based on Va rather Vres). In practice, some gaps left by suppressing the ASDs in the 

unmigrated images result in artifacts after migration. 

D.2.3 Comments on the application of the semi-automated ASD suppression scheme to the 

noise-free synthetic GPR data 

Several features in Figure D.2 deserve further comment. The apparent undermigration 

of the ASDs in Figure D.2c is a consequence of omitting the obliquity correction in the Stolt 

F-K migration. This is not a problem since the obliquity correction is also omitted from the 

subsequent demigration process.  

The faint residual hyperbolas on the two sides of Figure D.2h are a combination of 

two effects. Although we have applied amplitude tapers along the boundaries of the section 

(note the attenuated edges), the partial nature of the original diffraction hyperbola (Figure 

D.2a) undoubtedly affects the migration-demigration process. In addition, the mask has not 

completely isolated the diffraction from the reflections, such that the latter are partially 

included in the demigration process. 

Figure D.2h demonstrates that the AS scatter has been largely removed from the 

noise-free synthetic data. Close inspection reveals that ~85 % of the original AS diffracted 

energy has been removed; this percentage represents the ratio between the total energy of the 

ASDs contained in Figure D.2g and that contained in Figure D.2a. The ~15 % difference can 

be traced to the residual hyperbolic energy seen on the two sides of Figure D.2h. 

D.2.4 Application of the semi-automated ASD suppression scheme to noisy synthetic GPR 

data 

To test the sensitivity of our methodology to random noise, the radar section of Figure 

D.2a was contaminated with uncorrelated white noise, varying in level per trace, which 

simulated typical laterally varying recording conditions. Application of the semi-automated 

ASD suppression scheme yielded results (Figure D.4) that were comparable to those obtained 

using the noise-free synthetic data (Figure D.2). 
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Figure D.4: As for Figure D.2b, g and h, but with random white noise (signal-to-noise ratio varies between 0 

and 1) added to each trace of the original section in Figure D.2a.  

D.3 Application of the semi-automated and suppression scheme to field 

data 

D.3.1 Example 1: Northwest Canterbury Plains 50 MHz data (New Zealand) 

As part of an ongoing series of GPR studies of potentially active faults in New 

Zealand (e.g.,  Gross et al., 2004; McClymont et al., 2009a; McClymont et al., 2009b; 

McClymont et al., 2010; McClymont et al., 2008a; McClymont et al., 2008b), we have 

acquired extensive GPR profiles along rural roads within the northwest Canterbury Plains. 

High-resolution seismic reflection data recorded along these same roads have imaged a 
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complex network of relatively young reverse faults and associated fault-propagated folds 

hidden beneath astonishingly flat and featureless Quaternary sediments and soils (Dorn et al., 

2010a; Dorn et al., 2010b). Our GPR data were recorded using a pair of 50 MHz antennas 

that were oriented perpendicular to the profile direction (i.e., perpendicular broadside 

configuration) and separated by 2.0 m. Unfortunately, a significant percentage of the data 

was contaminated with ASDs from trees, fence posts, power lines, telephone poles, and 

telephone lines located alongside the roads (e.g., Figure D.5a). Since we were only allowed to 

record the seismic data along the roads and it was highly desirable to have coincident GPR 

and high-resolution seismic reflection data, ASDs were inevitable (in hindsight, we should 

have tested the unconventional parallel broadside recording configuration).  

With a nominal recording interval of 0.2 m and a total line length of ~31 km, we 

needed a highly efficient means to minimize the effects of ASDs on the ~155 000 recorded 

traces. Our semi-automated ASD suppression scheme was originally designed for these GPR 

data. Once the scheme was optimized for a sample section of one of the profiles (i.e., the 

processes listed in Box 8 of Figure D.1), it was semi-automatically applied to all profiles. 

Only the amplitude threshold needed to be adjusted to produce satisfactory results for the 

entire data set. Once a threshold was selected for any line of data, it was kept constant. The 

threshold varied between only 0.040 and 0.045 for the Canterbury Plains data set. ASDs were 

successfully suppressed along many sections of the profiles and those sections that were 

originally free of ASDs were not affected by the suppression scheme. 

Figure D.5 shows the results of applying the semi-automated ASD suppression 

scheme to a sample section of the northwest Canterbury Plains GPR data. The preprocessing 

steps applied to these data are listed in Box 1 of Figure D.1, and the processes illustrated for 

the noise-free synthetic section in Figure D.2a - h are duplicated for the observed section in 

Figure D.5a - h. It is immediately obvious that the focusing of ASDs in Figure D.5c is far 

from the ideal situation depicted in Figure D.2c. Indeed, the optimum value of Va = 0.29 m/ns 

yields highly focused to overmigrated ASDs in Figure D.5c compared to the apparently 

undermigrated ASDs in Figure D.2c. Nevertheless, the suppression scheme is sufficiently 

robust that it successfully isolates the ASDs (Figure D.5d) and when an appropriate threshold 

is defined (Figure D.5e) it produces a relatively accurate representation of the highly clustered 

and overlapping above-surface scatter (Figure D.5f and g). Simple subtraction of Figure D.5g 

from Figure D.5b yields the section containing ASDs with greatly reduced amplitudes in 

Figure D.5h. Relatively standard F - X filtering is then capable of eliminating most remnants 

of the ASDs in Figure D.5i. One exception is the tail of an ASD marked A - B. The blank 
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zone C - D - E results from the suppression of strong ASDs. Other arrivals in Figure D.5i 

appear to be genuine subsurface reflections that are typical of largely unsaturated braided 

river sediments (Beres et al., 1999), which are known to dominate the shallow subsurface 

beneath the northwest Canterbury Plains (Forsyth et al., compilers 2008). 

	   	  

Figure D.5: Application of the semi-automated scheme for suppressing ASDs to 50 MHz GPR field data 

recorded across the Canterbury Plains in New Zealand. ASDs originate from trees, fence posts, 

power lines, telephone poles, and telephone lines located alongside the roads. (a) to (h) are the same 

as Figure D.2a - h, but for the field data. (i) To remove the final traces of AS energy, gentle F-X and 

K-L filters have been applied to section (h). Vertical exaggeration is ~3. 

D.3.2 Example 2: Thur River 100 MHz data (Switzerland) 

The second field data set was acquired on a gravel bar within the Thur River of 

northeastern Switzerland (Linde et al., 2010). For this survey, we employed a pair of 100 

MHz antennas separated by 1 m. Multiple overlapping ASDs along the 160-m-long profile 

(Figure D.6a) originated from a nearby group of trees and a river bank characterized by 

numerous exposed large boulders. The preprocessing steps and amplitude threshold were 

adjusted to accommodate the higher antenna frequency and different geological setting (i.e., 

fully saturated braided river sediments), and again once a threshold was selected it was 

sufficient for an entire line. As shown by Figure D.6b, the large number of ASDs appear to 

be well represented by the modeled diffractions, such that their amplitudes are substantially 
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reduced in the difference section of Figure D.6c. Again, gentle multichannel filtering 

successfully removes most of the residual ASDs in Figure D.6d. The prominent reflection 

package F - G also appears in an adjacent parallel GPR section that is markedly less affected 

by ASDs. Accordingly, we judge that it is a real feature. By comparison, the curved event H 

in Figure D.6c and d appears to be the remains of the strong ASD marked H' in Figure D.6b. 

Clearly, it is necessary to be cautious when interpreting GPR data that have been subjected to 

such an extensive sequence of multichannel processes. 



Appendix D 

 200 

 

Figure D.6: Application of the automated scheme for suppressing ASDs to 100 MHz GPR data recorded across 

a gravelbar in northeastern Switzerland. ASDs originate from trees and a river bank. (a), (b) and (c) 

are as for Figure D.2b, g and h, but for the recorded field data. (d) To remove the final traces of AS 

energy, gentle F-X and K-L filters have been applied to section (c). Vertical exaggeration is ~4. 
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D.4 Discussion 

D.4.1 New aspects of the semi-automatic ASD suppression scheme 

The fundamental idea of the ASD suppression scheme was introduced by Bano et al., 

1999). Our semi-automatic version differs from that of Bano et al., 1999) in the:   

 preservation of the ASD amplitude and phase information in the various migrated sections 

by employing the Stolt F-K migration and demigration algorithms without the obliquity 

correction and by avoiding any intermediate amplitude scaling;  

 use of the energy envelope to isolate the focused ASDs in a robust fashion;  

 introduction of a tunable threshold parameter that is chosen according to the data. 

It is the preservation of the ASD amplitude and phase information that is the most 

important new aspect of the modified scheme. Our ASD models provide better 

representations of the original ASDs than those of Bano et al. (1999), thus yielding superior 

suppression capabilities. This is especially true for highly clustered and overlapping ASDs 

that exhibit complicated amplitude and phase patterns. Bano et al., 1999) state that "the 

amplitude and the shape of the signal in the synthetic data (their diffraction model) are 

different from the one in the real data, so a simple subtraction would not give a good result". 

For this reason, their final products are comparisons between the diffraction models and the 

observed data (Bano et al., 2000 and Bano et al., 1999). In contrast, we obtain excellent 

suppression by simply subtracting the ASD models from the observed data to yield sections 

dominated by subsurface diffractions and reflections. 

D.4.2 Some words of caution 

The method presented here has some inherent limitations. First, subhorizontal 

reflections and diffractions from surface objects with long dimensions parallel to the 

recording profile cannot be distinguished from subhorizontal subsurface reflections. Second, 

when the threshold for detecting and isolating the ASDs is set too low, suppression of nearby 

subsurface reflections and diffractions may occur. Such suppression may be unavoidable at 

locations where the subsurface events overlap with the ASD apexes and thus become part of 

the mask. Third, suppression of high-amplitude ASDs may result in blank or featureless 

regions in the GPR sections.  
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D.5 Conclusions 

We have developed a semi-automated scheme for detecting and suppressing above-

surface diffractions (ASDs) in ground-penetrating radar (GPR) data that is based on 

principles introduced in the late 1990's. To optimize the efficiency of the scheme in terms of 

ASD suppression and data throughput, we used Stolt F-K migration and demigration without 

the obliquity correction and without any amplitude scaling together with a tunable threshold 

parameter and a variety of single-channel and multichannel filters. The scheme was initially 

tested on synthetic data and limited field data contaminated with numerous clustered and 

overlapping ASDs. It has since been successfully applied to >31 km of field data. To 

suppress ASDs from 1 km of highly contaminated data required on average ~20 seconds on a 

relatively high-end PC (2.66 GHz quadcore processor). 

Application of the scheme to GPR data that are saturated with ASD hyperbolas (e.g., 

as a result of their strong amplitudes and the limited dynamic range of the acquisition system) 

will not reveal subsurface reflections or diffractions. Saturation usually occurs at the apexes 

of the ASDs. At these locations, blank zones appear in the images. Nevertheless, it is 

preferable to have blank zones than ASDs that either overwhelm the subsurface events or are 

falsely interpreted as subsurface features.  Since all processing components (i.e., Stolt F-K 

migration and demigration, running averages, median filters, Hilbert transforms) are ready 

available in 3D forms, it should be relatively straightforward to extend our semi-automated 

ASD suppression scheme from profile to volumetric GPR data. 
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