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ABSTRACT  17 

Soil hydraulic and hydrodispersive properties is crucialare necessary for the sustainable 18 

management ofmodelling water resources and solute fluxes in agricultural land. Due to the local 19 

heterogeneity of soil hydrological properties and the lack of fast in-situ measurement techniques, 20 

it is hard to assess these properties at the field scale. The present study proposes a methodology 21 

based on the integration ofenvironmental systems. Despite the large efforts in developing methods 22 

(e.g., lab-based, PTF), their characterization at applicative scales is still an imperative requirement. 23 

Accordingly, this paper proposes a non-invasive in situ method integrating Electromagnetic 24 
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Induction (EMI) and hydrological modelingmodelling to estimate soil hydraulic and transport 25 

properties at the fieldplot scale.  26 

To this aim, we carried out two sequential water infiltration and solute transport 27 

experiments were carried out over a small field plot. The propagation of wetting front and solute 28 

concentration along the soil profile was monitoredand conducted time-lapse EMI surveys using an 29 

EMI sensor (i.e. a CMD mini-Explorer), Time Domain Reflectometry (TDR) probes, and 30 

tensiometers. Time-lapse apparent electrical conductivity (ůa) data obtained from the EMI sensor 31 

were inverted to estimate the evolution of the vertical distribution of the bulk electrical 32 

conductivity (ůb) over time. The ůb distributions were converted to water content and solute 33 

concentration by using a laboratory calibration, relating ůb to water content (ɗ) and soil solution 34 

electrical conductivity (ůw). The hydraulic and hydrodispersive properties were then obtained by 35 

an optimization procedure minimizing the deviations between the numerical solution of the water 36 

flow and solute transport processes and the estimated water contents and concentrations inferred 37 

from the EMI results. The EMI-based results were finally compared to the results obtained from 38 

the in-situ TDR and tensiometer measurements. 39 

In general, the EMI readings lead to underestimated water contents as compared to the 40 

TDR data. And yet, the water content changes over time detected by the EMI closely followed 41 

those observed by TDR and contain enough information for effective EMI-based reconstructions 42 

of water retention and hydraulic conductivity curves for the soil profile. In addition, this allowed 43 

us to reproduce the solute concentration distributions and thus the hydro-dispersive properties of 44 

the soil profile. Overall, the results suggest that time-lapse EMI measurements could to examine 45 

how well this methodology can be used as a rapid, non-invasive, field-scale method to assess soil 46 
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hydraulic and hydro-dispersive properties, which are critical to hydrological models for agro-47 

environmental applications. 48 

1. INTRODUCTION  49 

Irrigated agriculture plays a crucial role in the food supply in many countries where ecological 50 

conditions are characterized by warm and dry summers with high solar radiation and 51 

evapotranspiration rates. Evaluating spatio-temporal variability of soil water and solute content is 52 

critical for optimalto i) monitor water content dynamic after irrigation scheduling in timing, 53 

quantity, and quality (Coppola et al., 2019) and soil salinization assessment which depends on the 54 

variability of soil hydrological behavior (Chaali et al., 2013; Coppola et al., 2015). Soil 55 

hydrological behavior is generally described by solving the Richardsô equation (RE) for water flow 56 

and the Advective-Dispersive equation (ADE) for solute transport, which is frequently assumed to 57 

apply at different spatial scales, from laboratory to field to larger scales (Sposito, 1998). These 58 

equations require the soil water retention and the soil hydraulic conductivity functions, as well as 59 

the hydro-dispersive properties, to be known at the scale of concern (Basile et al., 2003, 2006; 60 

Zech et al., 2015). Thus, the measurement methods and, consequently, the volumes investigated 61 

must be able to capture the hydraulic functions and and to estimate the soil hydraulic van 62 

GenuchtenïMualem parameters from the water infiltration experiment and ii) to monitor solute 63 

concentration, and to estimate solute dispersivity from the solute transport experiment. We then 64 

compared the obtained results to those estimated by direct TDR and tensiometer probes 65 

measurements. at the appropriate scale.  66 

Yet, laboratory-scale Our results show a good agreement between EMI-based estimation of 67 

soil hydraulic and transport properties with those obtained from the direct TDR and tensiometer 68 

probes measurements. When compared with direct TDR measurements of hydraulic properties and 69 
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dispersivity have been frequently used for field-scale studies (Coppola et al., 2011a; Comegna et 70 

al., 2012). However, one has to be aware that the validity of these lab-based properties for solving 71 

RE and ADE at field scale is essentially, the EMI significantly underestimated the water content 72 

distribution, but the water content evolved similarly over time. This did not have a significant 73 

impact on the hydraulic conductivity curves since the hydraulic conductivity is mainly a function 74 

of water content variation, not its absolute value. On the other hand, this underestimation led to 75 

lower saturated water content, reflected in the water retention curve. The latter can be scaled by 76 

measuring the actual saturated water content at the end of the experiment with TDR probes or even 77 

by weighing soil samples. related to the size of the volume investigated, which has to appropriately 78 

represent the heterogeneity of the medium being studied (Wessolek et al., 1994; Ellsworth et al., 79 

1996; van Genuchten et al., 1999; Inoue et al., 2000; Basile et al., 2003, 2006). An additional 80 

concern in lab-scale measurements is determining the hydrological properties of different soil 81 

horizons separately and then combining these properties to determine the behavior of the entire 82 

soil profile. This is especially important in the case of solute transport, where the transport process 83 

may change significantly depending on the solute travel times correlation among different layers 84 

(Coppola et al., 2011b).  85 

 86 

1. INTRODUCTION  87 

Dynamics agro-hydrological models are more and more used for interpreting and solving agro-88 

environmental problems (Hansen et al., 2012; Coppola et al., 2015; Kroes et al., 2017; Coppola et 89 

al., 2019). The soil hydrological component of these models is frequently based on mechanistic 90 

descriptions of water and solute fluxes in soils. Richards equation (RE) for water flow and 91 

Advection-Dispersion equation (ADE) for solute transport is generally accepted to apply at a local 92 
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scale (plot scale, for example). Solving RE requires the determination of the hydraulic properties, 93 

namely the water retention curve relating the soil water content, ɗ, to the soil water pressure head, 94 

h, and the hydraulic conductivity curve, relating the hydraulic conductivity, K to either the water 95 

content, ɗ or the pressure head, h. Similarly, ADE requires the dispersivity, l, to be also known. 96 

In the last decades several laboratory and in-situ methods have been developed for characterizing 97 

soil hydraulic properties (e.g. Dane and Topp, 2020) and dispersive properties (e.g. Vanderborght 98 

and Vereecken, 2007). Lab-based characterizations may be carried out under more controlled 99 

conditions. Nevertheless, for simulating water and solute dynamics in the real field context, the in-100 

situ methods are obviously more representative than the lab ones. This is firstly related to the size 101 

of the volume investigated, which has to appropriately represent the heterogeneity of the medium 102 

being studied (Wessolek et al., 1994; Ellsworth et al., 1996; van Genuchten et al., 1999; Inoue et 103 

al., 2000In situ methods also provide the proper properties to solve RE and ADE at the field scale. 104 

In ). Actually, a water flow process observed in situ will be influenced by the heterogeneities 105 

(stones, macropores, etc.) found in the field. This is the main limitation of the relatively small soil 106 

columns generally analysed in the laboratory. By contrast, an in-situ characterization method, for 107 

example the well-known instantaneous profile method (Watson et al., 1966), can catch the 108 

hydraulic properties which are effective in describing the flow process observed in-situ. This will 109 

also depend on the measurement scale (the size of the plot) and on the observation scale of the 110 

sensors used. These issues have been dealt with in detail for example in Coppola et al. (2012; 111 

2016) and in Dragonetti et al., (2018). Besides, the experimental boundary conditions used to carry 112 

out the hydraulic characterization in lab and in-situ may also induce a different shape of the 113 

hydraulic properties as determined in the lab and in-situ (Basile et al., 2006).  114 
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In-situ methods typically evaluate soil hydrologicalhydraulic properties by monitoring an 115 

infiltration and/or a redistribution water flow processes, andprocess (Watson et al., 1966). 116 

Similarly, in situ methods for determining hydro-dispersive parameters byare generally based on 117 

monitoring of mixing processes following pulse or step inputs of a tracer on aeither large plotplots 118 

or a longalong field transect (Severino et al., 2010; Coppola et al., 2011b).2011; Vanderborght and 119 

Vereecken, 2007). Inverse modelingmodelling is then frequently used to estimate the hydraulic 120 

and transport parameters simultaneously (ĠimŢnek et al., 1998; Abbasi et al., 2003; Groh et al., 121 

2018). Tension infiltrometers are also commonly used to monitor infiltration processes in situ for 122 

inverse-modeling of parameters (Simunek et al., 1998; Coppola et al., 2011a; Wang et al., 2013); 123 

however, the measurement volume is too small to accurately characterize the behavior of aYet, 124 

even by shortening the measurement procedure by simplified assumptions (e.g., Sisson and van 125 

Genuchten 1991; Basile 2006) all in-situ methods for the characterization of the whole soil profile. 126 

Thus, in general, for larger scale studies, in situ methods looking at the whole soil profile are 127 

generally desirable. Yet, where a large number of field locations have to be characterized, all the 128 

in-situ methods  remain extremely difficult to implement and it remains critical to finding 129 

alternative methods of characterization of soil hydrology, which are fast enough and actually 130 

represent the in-situ behavior of the soil.also because they generally require installing sensors at 131 

different depths (e.g. TDR probes, tensiometers, access tubes for neutron probe) which are 132 

cumbersome and may induce soil disturbance, unless the installation is made much earlier than the 133 

experiment, to at least partly allowing the soil to recover through several wetting-drying cycles its 134 

natural structure.  135 

GeophysicalIn this direction, geophysical non-invasive methods such asbased on the electrical 136 

resistivity tomography (ERT) technique are used as and Electromagnetic Induction (EMI) 137 
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techniques represent a promising alternative to traditional techniquessensors for soil hydraulic and 138 

transport parameters assessment. Many researchers have used the time-lapse ERT data (Binley et 139 

al., 2002; Kemna et al., 2002; Singha and Gorelick, 2005; Farzamian et al., 2015a) to monitor 140 

temporal water content and solute concentration changes for the estimation of soil hydraulic and 141 

transport properties in flow and transport models. The electrical conductivity of any subsurface 142 

material is a complex function of different soil properties such as soil texture (Farzamian et al., 143 

2020). However, the dependence of variations of soil electrical conductivity on changes in soil 144 

water content and concentration is the key mechanism that permits the use of time-lapse ERT to 145 

monitor water and solute movementdynamics in time-lapse mode along a soil profile, by relating 146 

resistivities to water contents and solute concentration distributions through empirical or semi-147 

empirical relationships (e.g. Archie, 1942) or established in-situ relationships (e.g. Binley et al., 148 

2002; Farzamian et al. 2017). While this method is still widely used for soil hydraulic parameters 149 

assessment, the efficiency of this method is limited in the root-zone investigation on a field scale, 150 

given the large number of electrodes that need to be installed for shallow investigation.).  151 

To improve soil electrical conductivity surveying over large areas and within the root zone for 152 

agricultural and environmental applications, electromagneticElectromagnetic induction (EMI) 153 

cansensors may be used as an alternative to the ERT technique as it allows for rapid survey atthey 154 

allow for monitoring water and solute propagation through a relatively low cost for shallow 155 

investigation. Apparentsoil profile by simply moving the sensor above the soil surface without the 156 

need to install electrodes. An EMI sensor provides measurements of the depth-weighted apparent 157 

electrical conductivity (ůa) data,according to the specific distribution of the bulk electrical 158 

conductivity (ůb), as well as the depth response function of the sensor used (McNeill, 1980). ůa 159 

obtained from EMI sensors at field-scale hashave been used to map the geospatial and temporal 160 
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variability of the soil water content and salinity (Corwin and Lesch, 2005; Bouksila et al. 2012; 161 

Coppola et al., 2016; Saeed et al., 2017). However, monitoring the usefulnesspropagation of ůa is 162 

limited when studying the variation of the soil parameterswater and solutes with depth,  along a 163 

soil profile (as ůa is a depth-weighted, average conductivity measurement and does not represent 164 

the soil bulk electrical conductivity (during a water infiltration or a solute transport experiment) 165 

requires the distribution of the ůb) distribution with depth (to be known over time, which can be 166 

obtained by inversion of the ůa observations from the EMI sensor (see for example, Borchers et 167 

al., 1997; Hendrickx et al., 2002; Lavoué et al., 2010; Mester et al., 2011; Deidda et al., 2014; Von 168 

Hebel et al., 2014;  Dragonetti et al., 2018; Moghadas et al., 2019; Farzamian et al., 2019a; Zare 169 

et al. 2020; Mclachlan et al. 2020). More recently, technological advances have seenthis inversion 170 

has been facilitated by the development of multi-coil EM sensors which are designed to collect ůa 171 

at multiple coil spacing and orientations simultaneously in one pass.sensor reading. This allows a 172 

rapid investigation of the soilôs electrical conductivity at several depth ranges. In addition, several 173 

inversion methods have been proposed to obtain the distribution of the ůb from ůa measurements 174 

(Monteiro Santos, 2004; Farzamian et al., 2015b; Moghadas et al., 2019; Zare et al. soilThe EMI 175 

survey and inversion algorithm has now led to significant improvement in soil digital mapping and 176 

equipped soil scientists with a field-scale and cost-effective technology to obtain soil moisture and 177 

salinity (Koganti et al., 2018; Dragonetti et al., 2018; Farzamian et al., 2019; Paz et al., 2019; 178 

2020a) with depth over large areas quickly and cheaply. Most recently, time-lapse EMI surveys 179 

and inversion modeling have been also used to study the dynamic of water content (Huang et al., 180 

2016; Whalley et al., 2017) and soil salinitysolute concentrations (Paz et al. 2020b; Farzamian., 181 

2020; Gomez Flores et al. 2021).., 2022) quickly and cheaply. However, the potential of this 182 

method in assessingEMI sensors to assess soil hydraulic and hydro-dispersive parameters has not 183 
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been yet studied due to the lack of high-resolution and well-controlled experiments, required to 184 

catch the complexity of water flow and transport process during infiltration eventsexperiments.  185 

With these premises, in this paper we propose a procedure based on a sequence of water 186 

infiltration and solute transport experiments, both monitored by an EMI sensor, with the objective 187 

of estimating fieldin-situ the parameters of soil hydraulic properties and solutethe dispersivity 188 

parameters of a soil profile with a non-invasive EMI sensor and relatively short field experiments 189 

at the plot scale. The sequence of water and solute infiltration has the main aim to discriminate the 190 

contribution of the water content and the soil solution electrical conductivity to the EMI-based ůb. 191 

This issueAll the EMI data will be clarifiedanalysed by a hydrological model within a so-called 192 

uncoupled framework, which will be discussed in detail in the Hydro-Geophysical uncoupled 193 

approach section. The goodness of these parameter estimationsthe adopted approach will be 194 

evaluated by comparing the EMI-based hydraulic and hydrodispersive properties to those obtained 195 

from in-situ TDR and tensiometer measurements. Our aim is to explore an approach that doesnôt 196 

need sensors installation and minimise data necessary for the in-situ assessment of soil hydraulic 197 

and hydrodispersive properties. 198 

 199 

2. HYDRO-GEOPHYSICAL UNCOUPLED APPROACH 200 

A Figure 1 provides a schematic view of a six-step (+ one step for comparison) procedure, 201 

schematizedbased on an uncoupled approach (Camporese et al., 2015) which will be adopted in 202 

Fig. 1, was taken in order to investigate the potential of the EMI method in estimating the this 203 

work to estimate the soil hydraulic and hydro-dispersivehydrodispersive properties: 1) inversion 204 

using the data obtained from the EMI sensor. All the steps summarised below will be described in 205 

detail in the Materials and Methods section.  206 
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(i) Inversion of time-lapse ůa EMI data obtained during two experiments(i) a water infiltration 207 

experiment, hereafter 1st experiment, and (ii) a subsequent solute transport experiment, 208 

hereafter 2nd experiment, to generate EMI-based ůb distributions for each experiment; 2) 209 

laboratory 210 

(ii)  Laboratory calibration of the relationship ɗ-ůb-ůw in order to convert ůb distributions to water 211 

content (first, ɗ, (1st experiment) and to soil solution electrical conductivity, ůw, and therefore 212 

solute concentrations, [Cl-], (secondC, (2nd experiment); 3) converting 213 

(iii)  Converting the ůb distributions obtained from the first1st experiment to as many water 214 

content distributions, using the ɗ-ůb-ůw relationship, to be used in the next step; 4) numerical 215 

simulation (step; 216 

(iv) Numerical simulation, by using the HYDRUS-1D model) (ĠimŢnek et al., 1998), of the first 217 

water infiltration process1st experiment in order to estimate the van Genuchten-Mualem 218 

model (vG-M) parameters through an inversion procedure based on the water contents 219 

inferred from step 3; 5) converting (iii) ; 220 

(v) Conversion of the ůb distributions inferredobtained from the second2nd experiment to [Cl-221 

]solute concentration distribution in order to estimate longitudinal dispersivity., l. In this 222 

step, the soil solution electrical conductivity (ůw)ůw distribution was estimated by using the 223 

laboratory ɗ-ůb-ůw calibration. The ɗ distribution in the second2nd experiment was simulated 224 

based on the vG-M parameters obtained in step 4.(iv). This is a crucial step in the proposed 225 

procedure, as thisit allows to discriminate the contribution of the soil water electrical 226 

conductivity to the EMI-based ůb., and thus of the solute concentration, to the ůb EMI 227 

readings during the 2nd experiment. The ůw distributions were thus converted to [Cl-]solute 228 
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concentration by a calibration ůw-[Cl-]; 6) numericalsimple standard lab-based solute 229 

specific ůw-C relationship;  230 

(i)(vi) Numerical simulation of the second solute infiltration process in order to estimate 231 

dispersivityl through an inversion procedure based on the concentrations comingobtained 232 

from step 5.(v).  233 

(ii) (vii)  An alternative dataset of ɗ and ůb obtained from direct TDR measurements, as well as 234 

tensiometer pressure head (h) readings, collected during the two experiments, allowed us to 235 

obtain independent hydraulic and hydrodispersive properties (hereafter TDR-based for sake 236 

of simplicity) to be used as a reference to evaluate the EMI-based parameter estimation. (see 237 

the horizontal grey box in Fig. 1).  238 

 239 

Figure 1: Schematic diagram of the proposed Hydro-Geophysical uncoupled approach 240 
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 241 

3. MATERIAL AND METHODS  242 

3.1. Study area 243 

The experiment was performed at the Mediterranean Agronomic Institute of Bari (CIHEAM-244 

IAM), south-eastern coast of Italy. The study area is located at an altitude of 72 m with 41° 3' 245 

13.251" N, thea longitude of 16° 52' 36.274" E, and an elevation of about 68 m a.s.l. with a typical 246 

Mediterranean climate with rainy winters and very hot dry summers. The soil is a Colluvic Regosol 247 

consisting of silty loam layers of an average depth of 70 cm on a shallow fractured calcareous 248 

rock. The soil is frequently tilled at 25Two main horizons on the calcareous rock may be identified: 249 

an Ap horizon (depth 0-30 cm,) and scattereda Bw horizon (depth 30-70 cm). Scattered calcareous 250 

fragments are present due to the frequent breaking and grinding of the bedrock operated in the past 251 

by using heavy machinery in order to improve the soil structure and increase the soil depth for 252 

plantation. 253 

3.2. Experimental set-up 254 

A layout of the experimental setup is shown in Fig. 2. The plot sizessize is 4 × 4 m. Water was 255 

applied by using a drip irrigation system consisting of 20 lines, with drippers spaced 0.20 m and 256 

delivering a nominal flow rate of 10 l h-1. Thus 400 drippers were installed, capable of delivering 257 

4000 l h-1 on the whole plot. The dripper's grid spacing and the flow rate were selected to ensure 258 

that a 1D flow field rapidly developed after starting irrigation. The drip irrigation system was 259 

placed on a metallic grid to be easily moved away from the plot and whenever EMI measurements 260 

were taken on the ground soil. The experimental plot was covered with a plastic sheet about four 261 

months prior to the experiment to keep the experimental plot under dry and a uniform water content 262 

condition at the beginning of the experiment. 263 
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Prior to the water infiltration experimentsSeveral months before starting the 1st experiment, 264 

after digging a small pit, eight three-wire TDR probes, 7 cm long, 2.5 cm internal distance, and 265 

0.3 cm in diameter, were inserted horizontally at 2 depths ī 20 and 40 cm, corresponding to the 266 

Ap and the Bw horizon ī in the 4 corners of the experimental plot (at 1 m distance from the plot 267 

edge), as shown in Fig. 2. A Tektronix 1502C cable tester (Tektronix Inc., Baverton, OR) was used 268 

in this study, enabling simultaneous measurement of water content, ɗ, and bulk electrical 269 

conductivity, ůb, of the soil volume explored by the probe (Robinson et al., 2003; Coppola et al., 270 

2011a, b2011; 2013). Furthermore, eight tensiometers were vertically inserted near each TDR 271 

probe to acquire water potentials by a Tensicorder sensor (Hydrosense3 SK800). Both TDR probes 272 

and tensiometers were installed for the evaluation of the EMI-based parameter estimation (step 273 

(vii)) . 274 

The experimental plot was firstly irrigated by using tap water with an electrical conductivity 275 

of about 1 dS m-1. Eleven irrigation supplies were applied at regular intervals during one day at a 276 

1 h frequency. Overall, an average water volume of 2000 l was supplied. (1st experiment). We 277 

applied eleven irrigations, each lasting about 3 minutes to deliver about 180 l on the whole 16 m2 278 

plot for each irrigation (the volume was measured by a flowmeter). Irrigations were separated by 279 

about a 1-hour shutoff. At each irrigation starting, due to the short inertia of the irrigation system 280 

just after its switching on, for some seconds drippers delivered less than 10 l h-1. For each irrigation 281 

an average flow rate of about 0.375 cm min-1 was applied, which generated a small ponding at the 282 

soil surface for a short time. Overall, an average water volume of 2000 l was supplied.  283 

The propagation of the wetting front along the soil profile was monitored by using an EMI 284 

sensor (i.e. CMD mini-Explorer, GF Instruments, Czech Republic), positioned horizontally in the 285 

middle of the plot (see Fig. 2) in order to measure the apparent electrical conductivity, ůa, in the 286 
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soil profile in VCP (vertical coplanar, i.e., horizontal magnetic dipole configuration) mode and 287 

then HCP (horizontal coplanar, i.e., vertical magnetic dipole configurations) mode by rotating the 288 

probe 90° axially to change the orientation from VCP to HCP mode. The CMD Mini-Explorer 289 

operates at 30 kHz frequency and has three receiver coils with 0.32, 0.71 and 1.18 m distances 290 

from the transmitter coil, referred to hereafter as ɟ32, ɟ71, and ɟ118. The manufacturer indicates 291 

that the instrument has an effective depth range of 0.5, 1.0 and 1.8 m in the HCP mode, which is 292 

reduced to half (0.25, 0.5, and 0.9 m) by using the VCP orientation. As a consequence, this EMI 293 

sensor returns six different ůa values (utilizing three offsets with two coil orientations) with each 294 

corresponding to different depth sensitivity ranges. All measurements were performed five 295 

minutes after each water pulse application by temporarily removing the irrigation grid. and placing 296 

the EMI sensor in the middle of the plot. The infiltration was also monitored by TDR probes and 297 

tensiometers in order to monitor the space-time evolution of water content, ɗ, pressure head, h, as 298 

well as bulk electrical conductivity, ůb. The distance of the TDR probes and tensiometers to the 299 

middle of the plot was specifically designed to avoid any interference with the EMI measurements.  300 
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 302 

Figure 2. Layout of the experimental and monitoring set-up. HCP (horizontal coplanar) and VCP 303 

(vertical coplanar) are the vertical and horizontal dipolar orientations of the CMD probes, 304 

respectively. 305 

 306 

At the end of the 1st water infiltration experiment, the soil was allowed to dry again (by 307 

drainage and evaporation)and then covered with a plastic sheet to bring the distribution of water 308 

content along the profile similar to the initial one (observed before the water infiltration test). 309 

Afterward, a similar infiltration experiment (2nd) was carried out but using saline water at an 310 

electrical conductivity of 15 dS m-1, and obtained by mixing CaCl2 into the tap water. Again, 311 

eleven saline water supplies were provided at intervals of 1habout 1 h apart. In the 1st experiment, 312 

an average saline water  and a total volume of 2000 liters l saline water was supplied for all 313 
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irrigation eventsduring the experiment. The propagation of the water and chloride during the 2nd 314 

infiltration experiment was monitored similarly to the 1st experiment using TDR probes, 315 

tensiometers, and the CMD Mini-Explorer sensor.  316 

3.3. Site-specific calibration ɗ-ůb-ůw-ůb 317 

The relationship amongbetween the bulk electrical conductivity (ůb), the electrical 318 

conductivity of the soil solution soil water (ůw)), and the water content, were obtained by using the 319 

model proposed by Malicki and Walczak, (1999):  320 

„
Ȣ Ȣ  

          (1) 321 

where Ůb (-) is the dielectric constant, which is related to the water content. and S is the sand content 322 

in percent. The parameters a = 3.6 d SmdS mī1; and b = 0.11 were obtained in a laboratory 323 

experiment reported in Farzamian et al. (2021). The lab experiment for such a calibration is quite 324 

simple, fast, and standard procedure on reconstructed soil samples. An additional linear 325 

calibration, obtained by using solutions at different concentrations of calcium chloride was used 326 

to relate soil water concentrations of chloride, Cl-, to ůw.  327 

3.4. Forward modeling and  Inversion of time-lapse inversion of EMI ůa data 328 

Time-lapse (TL) ůa data obtained during the experiments were inverted using a modified 329 

inversion algorithm proposed by Monteiro Santos et al. (2004) to obtain ůb distribution in time. 330 

The aim of the inversion is to minimize the penalty function that consists of a combination 331 

between the observationsô misfit and the model roughness (Farzamian et al., 20192019b). The 332 

earth model used in the inversion process consists of a set of 1D models distributed according to 333 

the number of time-lapse measurements. All the models have the same number of layers (i.e. 7) 334 

whose thickness is kept constant. The selected thickness of layers is 10, 20, 30, 40, 55, 75 and 180 335 

m. The number and thickness of layers were selected based on several factors including the number 336 
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of ůa measurements (i.e., 6), effective depth range of HCP and VCP modes (i.e., 5 of 6 337 

measurements have an effective depth of less than 1m), and site specifications (i.e., the large 338 

variability of conductivity of the soil profile over a resistive bedrock). The parameters of each 339 

model are spatially and temporally constrained using their neighbours through smooth conditions. 340 

The forward modelling is solved based on the full solution of the Maxwell equations (Kaufman 341 

and Keller, 1983) to calculate the ůa responses of the model. The inversion algorithm is Occam-342 

regularization and the objective function was developed based on Sasaki, (2001). Therefore, the 343 

corrections of the parameters, in an iterative process are calculated solving the system: 344 

[(JT J + ɖCT C)] ŭp = JT b         (2) 345 

where ŭp is the vector containing the corrections applied to the parameters (logarithm of 346 

block conductivities, pj) of an initial model, b is the vector of the differences between the logarithm 347 

of the observed and calculated ůa [bi = ln(ůa
o/ůa

c)i], J is the Jacobian matrix whose elements are 348 

given by (ůj/ůai
c) (Öůai

c Öůj), the superscript T denotes the transpose operation, and ɖ is a Lagrange 349 

multiplier that controls the amplitude of the parameter corrections and whose best value is 350 

determined empirically. The elements of matrix C are the coefficients of the values of the 351 

roughness of each 1D model, which is defined in terms of the two neighbourôs parameters and the 352 

constraint between the parameters of the different models on time. In this regard and in our 353 

temporal 1D experiment, each cell is constrained spatially by its vertical neighbours, while the 354 

temporal constraints are imposed using its lateral neighbours. An iterative process allows the final 355 

models to be obtained, with their response fitting the data set in a least-square sense. In terms of 356 

ɖ, generally, large values will produce smooth inversion results with smoother spatial and temporal 357 

variations.  358 
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We performed several syntenic tests to determine how well the proposed inversion algorithm 359 

can predict spatiotemporal variability of ůb and to fine-tune the regularization parameters. The 360 

syntenic scenarios were selected based on spatiotemporal variability of ůa in the HCP and VCP 361 

modes, the site specification (e.g., shallow bedrock) and the expected evolution of conductive zone 362 

due to water and saline water infiltrations.  363 

3.5. Numerical simulation of water flow and chloride transport in soil  364 

The water and the chloride propagation monitored during the experiments were also simulated 365 

by using the HYDRUS-1D model (ĠimŢnek et al., 1998). HYDRUS-1D simulates water flow and 366 

solute transport by solving the Richards equation and the Advection-Dispersion equation, 367 

respectively.  368 

Richards equation can be written for one-dimensional, unsaturated, non-steady state flow of 369 

water in the vertical direction as follows: 370 

ὅ — ὑὬ ὑὬ         (3) 371 

where Cw(ɗ), the water capacity, is the slope of the water retention curve, ɗ is the volumetric water 372 

content [L3L-3], h is the soil water pressure head [L], K(h) is the unsaturated hydraulic conductivity 373 

[LT -1]. 374 

The Advection-Dispersion equation governing the transport of a single non-reactive and non-375 

adsorbed (a tracer, chloride in our case) ion in the soil can be written as: 376 


—Ὀ ήὅ         (4) 377 

where q is the darcian flux, C is the solute concentration in the liquid phase [ML-3], D (L2T-1) is 378 

the effective dispersion coefficient, which can be assumed to come from a combination of the 379 
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molecular diffusion coefficient, Ddiff (L
2T-1) and the hydrodynamic dispersion coefficient, Ddis 380 

(L2T-1): 381 

Ὀ Ὀ Ὀ           (5) 382 

where the hydrodynamic dispersion is the mixing or spreading of the solute during transport due 383 

to differences in velocities within a pore and between pores. The dispersion coefficient can be 384 

related to the average pore water velocity v=q/ɗ through: 385 

Ὀ ‗ὺ           (6) 386 

where ɚ [L] is the dispersivity, a characteristic property of the porous medium. To solve the 387 

Richards equation (Eq. 3), the water retention function, ɗ(h), and the hydraulic conductivity 388 

function, K(h), must be defined. In this paper we adopted the van Genuchten-Mualem model (vG-389 

M), (Van Genuchten, 1980): 390 

Ὓ ρ ȿὬȿ          (7) 391 

ὑὬ ὑὛ ρ ρ Ὓ Ⱦ
        (8) 392 

In the EquationsEqs. 7 and 8, Ὓ  is the effective water saturation, ɗs the saturated water 393 

content, ɗr the residual water content, Ŭ, n and m are fitting parameters with m taken as m=1-1/n, 394 

Ks is the saturated hydraulic conductivity and Ű is the pore-connectivity parameter.  395 

 396 

3.6. Inverse estimation of soil hydraulic and solute transport parameters  397 

The obtained EMI-based spatiotemporal distribution of ůb during the water infiltration 398 

experiment (the 1st experiment) was converted to athe ɗ distribution in order to estimate the 399 
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temporal evolution of ɗ during the infiltration process. These water content data were then used in 400 

an optimization procedure by using the HYDRUS-1D model, in order to estimate the hydraulic 401 

properties of the different horizons in the soil profile. The simulations were carried out by using 402 

the actual top boundary flux conditions during the experiment, including the irrigation events. For 403 

the bottom boundary, free drainage was considered. A simulation domain of 150 cm depth was 404 

considered. The same procedure was repeated using the direct measurements of ɗ (and h inferred 405 

from TDR) and pressure head (Tensiometers)tensiometers, respectively, in order to obtain 406 

independent hydraulic parameters (TDR-based estimation) to be compared to those inferred from 407 

EMI. A three-layer soil profile (0-25; 25-70; 70-150 cm), reflecting the actual pedological layering 408 

(i.e. Ap, Bw, and bedrock) were used in all simulations.Ap, Bw, and bedrock) was used in all 409 

simulations.  In terms of the initial condition, a hydrostatic distribution of the pressure heads, h, 410 

was considered for the TDR-based simulations. On the other hand, the water content distribution, 411 

inferred from the first EMI survey (before irrigation) was considered for the EMI-based 412 

simulation.  413 

As for the solute transport experiment, a HYDRUS-1D simulation was carried out with the 414 

EMI-based hydraulic properties obtained from the 1st experiment to simulate the water content 415 

distributions in correspondence with the EMI measurement times. The simulations of water 416 

infiltration and solute transport in the 2nd experiment waswere carried out by using the top 417 

boundary fluxes conditions usedapplied during the 2nd experiment along with the same simulation 418 

domain, three-layer soil profile, and the bottom boundary and equilibrium initial conditions 419 

described above. Thus, for each monitoring time, we had available the ůb distributions obtained 420 

from the EMI and ɗthe ɗ distributions coming from the HYDRUS-1D simulations. These 421 

distributions allowed us to estimate as many ůw (and thus C) distributions by using the ɗ-ůb-ůw 422 
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relationship obtained in the laboratory. These C distributions were used in a new HYDRUS-1D 423 

simulation to estimate the longitudinal dispersivity of the investigated soil. The simulated 424 

concentrations, with the optimized dispersivity, ɚ, were compared to those obtained from the TDR 425 

and tensiometer data.  426 

 427 

4. RESULTS AND DISCUSSION 428 

4.1. Water infiltration ï 1st experiment 429 

4.1.1. Time-lapse ůa data and estimation of ůb distribution 430 

Figure 3 shows the ůa values observed during the water infiltration experiment. Both VCP 431 

and HCP modes show a relatively similar pattern of ůa values with ɟ32 and ɟ118 being the highest 432 

and lowest respectively. HCP mode shows higher values compared to the VCP mode in the same 433 

receivers. This pattern of ůa distribution suggests the presence of a conductive zone over a resistive 434 

zone which is expected in this experiment as a result of the waterfront being infiltrated into the 435 

soil profile and the presence of a resistive bedrock. In terms of temporal ůa variabilities, the ůa 436 

increases consistently in both VCP and HCP modes during the first three hours of the experiment. 437 

Afterward, ůa did not change significantly toward the end of the experiment. The range of ůa 438 

variations is relatively small in both VCP and HCP modes with the former in the 10-30 mS m-1 439 

range and the latter in the 10-50 mS m-1 range. 440 
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Figure 3: ůa values observed during the water infiltration experiment. (A) VCP, (B) HCP. The 

symbols represent the measured data whereas the lines represent the values calculated after the 

inversion. 

 

Fig.Prior to the inversion of ůa data we fine-tuned the regularization parameter, ɖ, as 441 

discussed in 3.4. the results of several synthetic tests (not shown here) suggest that a value of ɖ 442 
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between 1 to 5 provides a better result in resolving the spatio-temporal ůb distributions in both 443 

experiments. Figure 4 depicts the time-lapse ůb modelingmodelling results of ůa shown in Fig. 3. 444 

The model shows clearly the evolution of the conductive zone into the soil profile shortly after the 445 

irrigation started as expected from the ůa data. The resistive zone beneath a conductive zone 446 

corresponds to the bedrock layer in the experimental plot. The ůb of the resistive zone remains 447 

below 5 mS m-1 and does not vary significantly during the experiment, while, in contrast, the ůb of 448 

the upper layers increased significantly from an average of 20 mS m-1 at the beginning of the 449 

experiment to more than 50 mS m-1 after the 5th irrigation. The conductivity of this zone does not 450 

increase largely since then, suggesting that the soil is fairly saturated after the 3rd irrigation. upper 451 

soil is fairly saturated after the 5th irrigation. The calculated response of this model was shown in 452 

Fig. 3. There is a fairly good agreement between ůa measurements and model response, however, 453 

a slight shift can be noticed in the ɟ32- VCP mode and ɟ71- HCP mode between data and model 454 

response. This shift can be due to several reasons such as i) the instrumental shift of one or more 455 

channels, ii) the large spatiotemporal variability of soil electrical conductivity in this experiment 456 

as well as smoothness constraint performed in the inversion process to stabilize the inversion 457 

process which make it difficult to resolve the sharp changes, and iii) the choice of initial model. 458 

 459 



 

26 

 460 

 461 

Figure 4. Time evolution of bulk electrical conductivity (ůb) distribution with depth during the 462 

water infiltration experiment.  463 

 464 

4.1.2. Comparison between TDR measurements -based and EMI-based ůb and ɗ 465 

distributiondistributions 466 

Figure 5 shows the temporal ůb changes inferred from TDR and EMI observations at two 467 

depths, 20 and 40 cm, where the TDR probes monitored the water infiltration experiment.. As 468 

reported by manysome authors (e.g. Coppola et al., 2016; Dragonetti et al., 2018), both techniques 469 

provide ůb estimations but a direct comparison between ůb by TDR and EMI is not straightforward 470 

due to different volumes of sensor investigation as well as the different nature of 471 
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measurements.observation volumes of the two sensors. As argued by Coppola et al. (2016), 472 

ñbecause of its relatively small observation volume, a TDR probe provides a quasi-point-like 473 

measurements and do not integrate the small-scale variability (in soil water content, solute 474 

concentrations, etc.) induced by natural soil heterogeneity. By contrast, EMI data necessarily 475 

overrule the small-scale heterogeneities seen by TDR probes as they investigate a much larger 476 

volumeò. However, this comparison can be used as a means to investigate the consistency of the 477 

ůb trends and to provide an insight into the uncertainty associated with the EMI survey and 478 

inversion process in resolving the water infiltration process into the soil profile. Note that the 479 

average of TDR measurements in four corners at depths of 20 and 40 cm were considered both in 480 

this comparison and in the inversion procedure. The average values and the standard deviation of 481 

TDR measurements were presented in Fig. 5.  482 

Focusing on the ůb series inferred from both TDR observations and EMI inversion, a 483 

similar time pattern of ůb variability is evident, but in general, the EMI model underestimates the 484 

ůb obtained by TDR. A better agreement was observed at 20 cm in terms of both absolute ůb values 485 

and trend (r=0.94; Mean Error=10.1 mS m-1). In contrast, at 40 cm, the mismatch between TDR 486 

observations and EMI inversions becomes larger at the end of the experiment, but still in an 487 

acceptable range (r=0.54; Mean Error=16.1 mS m-1).. The EMI ůb values ï especially at 40 cm 488 

depth ï remain rather invariant in the last part of the infiltration experiment. The general outcome 489 

that for both layers the EMI ůb values underestimate the TDR ůb measurements has been frequently 490 

found in the literature (e.g. Coppola et al., 2015; Dragonetti et al., 2018; Visconti and De Paz, 491 

2021). von Hebel et al. (2014) also found a similar behaviorbehaviour when comparing their EMI 492 

results with ERT surveys. In that case, the ůa values measured by EMI systematically 493 

underestimated the ůa generated by applying EMI forward modelingmodelling to the ůb 494 
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distribution retrieved from the ERT surveys. Furthermore, TDR measurements show a low local 495 

variability, as depicted in Fig. 5 by ERT. the error bars reporting the standard deviation of the ůb 496 

as measured by the four TDR probes. 497 

Figure 6 shows the evolution of ɗ at the same two depths, 20 and 40 cm as observed by 498 

TDR and EMI sensors. While TDR provides the direct measurementsin-situ measurement of ɗ,. In 499 

contrast in order to estimate ɗ from EMI observation, ůb values extracted at these depths (Fig. 4) 500 

were converted to ɗ by the calibration performed in the laboratory, as detailed in Farzamian et al., 501 

(2021). A rapid increase of ɗ is visible shortly after injection in both EMI-based and TDR-based 502 

measurements. The EMI-based ɗ estimation is able to detect the similar water content evolution 503 

(similar water content differences over time) observed by direct TDR measurements but at a 504 

slightly different water content level. Specifically, EMI water contents were mostly lower than the 505 

TDR ones but the two series showed a quasi-parallel evolution at 20 cm depth (r=0.98; Mean 506 

Error=0.09 cm3 cm-3), while diverging for longer times at 40 cm depth (r=0.60; Mean Error=0.17 507 

cm3 cm-3).  508 

 509 

 510 
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 511 

Figure 5. ůb evolution estimated from the TDR and EMI measurements at 20 cm (A) and 40 cm 512 

(B) depths. The vertical bars represent the standard deviation of the measurements obtained by the 513 

four TDR sensors. 514 

 515 
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 516 

 517 

Figure 6. Evolution of ɗ measured by TDR (circles) and estimated from EMI measurements 518 

(triangles) at 20 cm (A) and 40 cm (B) depths. Continuous lines for TDR and dashed lines for EMI 519 

refer to the estimation obtained by the inversion procedure of the water infiltration process (see 520 

Sect. 4.1.3 below). 521 

 522 

4.1.3. Estimation of hydraulic properties  523 

In order to estimate hydraulic properties parameters, an inversion procedure was performed 524 

using the carried out applying HYDRUS-1D model. The first set of hydraulic parameters was 525 

obtained by optimizingusing the soil water contentcontents measured by TDR and the pressure 526 

headheads measured by tensiometers (hereafter as measured data in the objective function for the 527 

optimization procedure (TDR-based for sake of simplicity).). The second set of hydraulic 528 

parameters was obtained by optimizingusing the soil water contentcontents estimated by EMI 529 

measurements (hereafter as measured data (EMI-based). The inversion simulations were carried 530 

out by fixing ɗr=0 and Ű=0.5, while ɗs, Ŭ, n and Ks were optimized for allboth the Ap and the Bw 531 

layers considered. The hydraulic properties of the bedrock were already known and fixed to 532 
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ɗr=0.068, ɗs=0.354, Ŭ=0.055, n=3.67, Ű=0.5 and ksKs=19.02 according to Caputo et al. (2010; 533 

2015). We want to stress here that an a-priori characterization of the bedrock layer is not essential 534 

and the proposed procedure holds independently on the presence of bedrock. We could have 535 

treated the bedrock layer as any other layer in the soil profile, but inserting TDR probes and 536 

tensiometers into bedrock presents difficulties. Therefore, we decided to fix the bedrock 537 

parameters to the values already available from independent measurements. In different soils with 538 

either deeper or absent bedrock, we could have inserted TDR probes into deeper layers of the 539 

profile and applied the procedure to any of them. 540 

In the inversion procedure, the parameters were determined separately for each horizon of 541 

the profile. First, the parameters for the topsoil were estimated and these parameters were then 542 

treated as known for the second layer estimation. According to Abbaspour et al. (1999), this 543 

approach makes parameter estimation of multi-layered profiles more feasible and accurate. It 544 

should be noted that in the case of the TDR-based estimations, optimization involved both 545 

measured water contents and pressure head data, whereas the EMI-based estimations only involved 546 

ñmeasuredò water contents.  547 

Figure 6 reports a comparison between water contents measured (symbols) and estimated 548 

(lines) by the inversion procedure. The ɗ distributionevolution was properly estimated at 20 cm 549 

depth in both approaches. However, aIt is worth noting here that, despite the differences in the 550 

absolute value of the water contents, a clear parallel behaviour of the two curves was observed, 551 

suggesting similar water content changes over time. A lower agreement was obtained at 40 cm but 552 

still acceptable. reproduced similar water content changes over time. This is a crucial point in this 553 

paper, as it is the main reason for the shape of the hydraulic properties we found for the TDR and 554 

EMI-based estimations.  555 
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 556 

 557 

Figure 7. Evolution of pressure head at 20 and 40 cm depth measured by tensiometers (symbols) 558 

and estimated by the inversion procedure (lines) of the water infiltration process. The vertical bars 559 

represent the standard deviation of the measurements obtained by the four tensiometers.  560 

 561 

Similarly, in Fig. 7 the measured (points) and estimated (lines) values of pressure heads 562 

are shown. The simulated values of pressure head well follow the measured one (r=0.950 at 20 cm 563 

and r=0.986 at 40 cm depth). Furthermore, the error bars, reporting the standard deviation of the 564 

pressure head as measured by the four tensiometers, overlap when the profile is wet (i.e. after the 565 

6th irrigation) and separate during the wetting process. 566 

Table 1 reports the parameters of the hydraulic functions, estimated for the first two 567 

horizons. Figure 7 and Fig. 8 reports the water retention curves and the hydraulic conductivity 568 

curves corresponding to the parameters shown in table 1 for a better comparison between TDR-569 

based and EMI-based hydraulic properties assessment. Note in the table the high values of n and 570 

Ks for the bedrock, which indicate a high conductive porous medium. It is possible to explain this 571 
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by considering that the bedrock is fractured calcareous, which, contrary to expectation, does not 572 

impede water flow. 573 

 574 

Table 1. vG-M Hydraulic parameters (Eqs. 7 and 8) and dispersivity, ɚ (Eq. 6) as estimated for Ap 575 

and Bw horizons, and fixed for the bedrock layer.  576 

Soil hydraulic and 

transport parameters* 

Ap Bw Bedrock 

TDR-

based 

EMI-

based 

TDR-

based 

EMI-

based 

Fixed a-priori 

ɗs [cm3 cm-3] 0.54 0.45 0.52 0.45 0.354 

Ŭ [cm-1] 0.006 0.003 0.009 0.007 0.055 

n [-] 1.70 1.54 1.50 1.41 3.67 

ks [cm min-1] 0.06 0.02 0.28 0.29 19 

ɚ [cm] 10 12 0.5 0.8 30 

* For all horizons ɗr=0 and t=0.5. 577 

As for water retention, the TDR and EMI water retention curves showed similar shapes but 578 

with slightly different saturated water contents. As discussed earlier, the lower saturated water 579 

content is not surprising for the EMI-based estimation due to the overall underestimation of water 580 

content. The two curves almost overlapped once scaling the EMI curve by the ratio of the saturated 581 

water contents. Obviously, this result is consistent with the underestimation of EMI-based ɗ 582 

distributions as shown in Fig. 6. 583 

As for the hydraulic conductivity, TDR-based and EMI-based hydraulic conductivity 584 

curves at both 20 and 40 cm appear to almost overlap, with similar saturated hydraulic conductivity 585 

and curve shape. This result is expected because the hydraulic conductivity is mainly a function of 586 

the variation of ɗ and not the absolute value of ɗ itself. It is worth mentioning that the same top 587 

boundary flux and different water contents in the soil profile provided similar EMI-based and 588 

TDR-based hydraulic conductivity. These conditions leadled to two different water flow processes, 589 
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with simulations predicting higher water stored in the soil profile and lower downward fluxes (data 590 

not shown) when TDR-based results are compared to the EMI-based results.  591 

 592 

Table 1. vG-M Hydraulic parameters (Eqs. 7 and 8) and dispersivity, ɚ (Eq. 6) for Ap and Bw 593 

horizons  594 

Soil hydraulic and 

transport parameters 

Ap Bw 

TDR-based EMI-based TDR-based EMI-based 

ɗr [cm3 cm-3] 0.00 0.00 0.00 0.00 

ɗs [cm3 cm-3] 0.54 0.45 0.52 0.45 

Ŭ [cm-1] 0.006 0.003 0.009 0.007 

n [-] 1.70 1.54 1.50 1.41 

ks [cm min-1] 0.06 0.02 0.28 0.29 

Ű [-] 0.5 0.5 0.5 0.5 

ɚ [cm] 10 12 0.5 0.8 

 595 

(a) (b)
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 596 

Figure 78. Soil water retention (A) and unsaturated hydraulic conductivity (B) curves, estimated 597 

from the TDR and EMI measurements at 20 cm and 40 cm depths. 598 

 599 

 600 

 601 

4.2. Solute Infiltration ï 2nd Experiment 602 

4.2.1. Time-lapse ůa data and estimation of ůb distribution 603 

Figure 89 shows the ůa data collected during the solute infiltration experiment. Again, as 604 

for the water infiltration1st experiment, both VCP and HCP modes show a relatively similar pattern 605 

of ůa values with ɟ32 and ɟ118 being the highest and lowest respectively. HCP mode shows higher 606 

values on average compared to the VCP mode. Similarly, to the water infiltration experiment, ůa 607 

increases consistently during the first three hours of the experiment, then it does not change 608 

significantly or consistently until the end of the experiment. Much higher ranges of ůa variations 609 

were measured in both VCP and HCP configurations, with ůa values ranging in 20-200 and 50-610 

250 mS m-1 respectively.  611 

(a) (b)



 

36 

 612 

 613 

Figure 8: ůa values observed during the solute infiltration experiment. (A) VCP, (B) HCP. The 614 

symbols represent the measured data whereas the lines represent the values calculated after the 615 

inversion. 616 

 617 

FigureFigure 910 depicts the ůb evolution for the solute infiltration2nd experiment, obtained 618 

by time-lapse inversion of ůa data. ůa measurements and model response agrees fairly as shown in 619 
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Fig. 9, however a slight shift can be noticed in the ɟ71- VCP mode between data and model 620 

response. The results show the rapid evolution of the conductive zone to the soil profile shortly 621 

after the irrigation started. In comparison to the obtained ůb in the 1st experiment, the results reveal 622 

significantly higher soil conductivity in topsoil but a much slower evolution. The conductivity of 623 

the top layer exceeds 300 mS m-1 shortly after the irrigation. The higher topsoil conductivity results 624 

from injection of high-saline water (about 15 dS m-1) that dramatically increases soil conductivity 625 

whereas the smaller evolution of the conductive zone is caused by significantly slower 626 

concentration propagation into the soil profile.  627 

 628 
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 630 

Figure 9: ůa values observed during the solute infiltration experiment. (A) VCP, (B) HCP. The 631 

symbols represent the measured data whereas the lines represent the values calculated after the 632 

inversion. 633 

 634 

 635 
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 636 

Figure 10. Time evolution of bulk electrical conductivity (ůb) during the solute infiltration 637 

experiment.  638 

 639 

4.2.2. Comparison between TDR measurements -based and EMI-based ůb and [Cl-] 640 

distributiondistributions 641 

Figure 1011 shows the comparison between the ůb values obtained by the TDR 642 

measurements and those obtained from the EMI inversion (Fig. 910) during the 2nd experiment. 643 

As discussed above, this comparison is to provide an insight into the potential of the EMI survey 644 

and inversion process in monitoring a solute transport experiment into a soil profile. The 645 

comparison shows a similar time pattern of ůb variability, but in general, the EMI model slightly 646 

underestimates the ůb obtained by TDR. The results of this comparison agree with the 1st 647 

experiment where, again, the EMI-based ůb are lower compared to those measured by the TDR. In 648 

contrast to the 1st experiment, the differences between the two techniques and in terms of the 649 

absolute ůb values are of minor concern. This is expected tocould be due to the larger conductivity 650 

contrast that tracer introduced into the soil profile in the 2nd experiment which became easier to 651 

detect by using the EMI sensor. On the other hand, the TDR probes show more fluctuations in ůb 652 

measurements, especially at 20 cm. We attribute these fluctuations to the smaller volume of 653 
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investigation of the TDR probes which are very sensitive to the process taking place very close to 654 

the probe and, therefore, strongly influenced by small-scale local variabilityheterogeneities.  655 

 656 

Figure 11. ůb evolution estimated by TDR and EMI measurements at 20 cm (A) and 40 cm (B) 657 

depth. 658 

 659 

The next step in the procedure allows us to determine the distribution of Cl- concentrations 660 

by both TDR and EMI sensors. (Sect. 4.2.3.) used for estimating the longitudinal dispersivity of 661 

the two soil layers investigated. For the sake of comparison, TDR-based [Cl--] distributions were 662 

obtained directly in the field from a direct measurement of the impedance Z along the TDR 663 

transmission line embedded in the soil. As for the EMI-based Cl- concentrations, a forward 664 

HYDRUS-1D simulation was carried out using the EMI-based hydraulic properties obtained from 665 

the 1st experiment and reported in Table. 1 to estimate the water content distributions in 666 

correspondence with the EMI measurement times of the 2nd experiment. These water contents, 667 

combined with the available ůb distribution obtained from the EMI inversion, allowed us to obtain 668 

the ůw distributions (through the ɗ-ůb-ůw calibration relationship) for both depths and, 669 


