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Abstract. This study explores the possibility of integrating electromagnetic induction, EMI, measurements with hydrological 10 

modelling to characterize soil hydraulic behaviour during an infiltration process at the transect scale. A controlled 10-hour 

irrigation experiment was conducted on bare sandy soil in Italy, where time-lapse apparent electrical conductivity, σa, readings 

were collected along a 24 m transect. Direct soil water content observations were obtained on soil samples at sites spaced 1 m 

apart and at five depths. Contextually, EMI readings were taken by a CMD Mini Explorer sensor and inverted to estimate bulk 

electrical conductivity, σb, distributions over time, which were subsequently converted to as many water content, θ, 15 

distributions through a site-specific θ–σb calibration relationship derived from independent TDR measurements taken in the 

upper 25 cm of soil during the infiltration experiment. Soil hydraulic properties (SHPs) for the two soil horizons of the soil 

profile were independently measured using the tension infiltrometer method (TIM). Two sets of hydrological simulations were 

carried out using a dynamic Richards-equation-based model, adopting either auger-measured initial water content profiles with 

the original SHPs, or EMI-estimated initial water content profiles with SHPs scaled by adjusting the saturated water content. 20 

Results show that the EMI-estimated water content distributions can effectively reproduce infiltration dynamics when 

appropriately scaling initial conditions and SHPs. Within this framework, scaling the SHPs and assigning initial conditions 

consistent with EMI observations enables the conversion between the high-frequency, microscopic description obtained from 

point-scale measurements and the low-frequency, macroscopic description provided by EMI monitoring. In the proposed 

approach, the hydrological model provides a physically based interpretative framework for understanding what an EMI sensor 25 

observes during infiltration experiments and allows for reconciling nonlinear temporal evolution of θ distributions as observed 

by point scale measurements and estimated by EMI during wetting front propagation without the need for empirical scaling 

relationships. The findings extend the results of Dragonetti et al. (2022), demonstrating that EMI monitoring combined with 

physically based modelling provides a robust framework for interpreting infiltration processes and estimating SHPs non-

invasively at the field scale.  30 
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1 Introduction 

One of the main objectives of hydrologist and soil scientists worldwide is to establish a practical method for estimating soil 

water content near the surface and across the root zone, as well as the water stored along the soil profile and its spatial 

distribution. The soil water distribution is influenced by soil management practices as well as by the complex, nonlinear 35 

dynamics governing water flow and solute transport in soils, which lead to uneven distributions of water (and dissolved 

solutes). Actually, knowing soil water conditions and patterns in the root zone over large areas is essential for many agro-

hydrological applications, for example for managing irrigation, and in large scale hydrological processes such as groundwater 

recharge, infiltration and overland flow (Basile and Coppola, 2019). Given the crucial role of soil water content in land surface 

processes, its spatial and temporal distribution and trends must be evaluated at multiple scales so that it can serve as an effective 40 

tool for the strategic management and protection of water resources (Coppola et al., 2007; Comegna et al., 2010; Vereecken et 

al., 2016) 

However, measuring soil water content across extensive areas is a complex challenge, and there are currently no large-scale 

monitoring networks capable of providing data at the high frequency, multiple depths, and fine spatial resolution required for 

various agricultural and hydrological applications.  45 

Local-scale direct (thermogravimetric approach applied to soil samples) or indirect (Time Domain Reflectometry – TDR; 

Capacitive techniques) methods for measuring water contents are suitable for field plot monitoring (Robinson et al., 2003; 

Basile et al., 2003, 2006; Comegna et al., 2021; 2024) but they are not feasible for the watershed or regional scale, which 

would require many samples and/or sensors to analyse the spatial (and temporal) water content patterns over large scales.  

For large-scale monitoring, non-invasive geophysical techniques are now available that may allow estimation of the soil water 50 

content distribution in soil profiles by relatively fast measurement campaigns on large areas and repeated over time (Hinnel et 

al., 2010; Lavouè et al., 2010; von Hebel et al., 2014; Huang et al., 2016; Coppola et al., 2016; Dragonetti et al., 2018; 2022).  

As an example, Electromagnetic Induction (EMI) sensors are now increasingly used to measure the apparent soil electrical 

conductivity, σa, which is a depth-weighted integrated soil profile response determined by the vertical distribution of depth-

specific bulk soil electrical conductivity, σb, and by the sensor’s depth sensitivity function. σb is controlled by several factors: 55 

(i) soil water content, θ, (ii) the electrical conductivity of the soil solution, σw, (iii) the tortuosity of the pore network, τ, and 

(iv) properties of the solid phase, such as bulk density, clay fraction, and mineral composition. 

Because σa depends on σb, it is inherently sensitive to variations in soil water content (and salinity when salt concentrations 

are high and fluctuate across space and time). Thus, the EMI σa measurements collected during successive EMI surveys can 

be used to infer the temporal evolution of soil water content distribution, even at large scales. 60 

Two main strategies have been used to deal with this problem: 1) The first is based on empirical calibration relationships 

relating integrated σa measurements to either θ or σb values coming from independent methods, such as direct sampling and 

TDR, at specific depth intervals. 2) The second strategy consists of applying inversion techniques to EMI data in order to 

retrieve the vertical profiles of σb, which may thus be converted to as many θ profiles using specific calibration relationships. 
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In this second case, in soils characterized by low and relatively constant salinity, a simple linear correlation between θ and σb 65 

may be easily obtained, based on simultaneous measurements of θ and σb in the field or laboratory,  and reliably used to convert 

EMI measurements (Altdorff et al., 2018; Badewa et al., 2018; Brevik et al., 2006; Huang et al., 2016; Serrano et al., 2013). 

Only when salt concentrations are high and fluctuate across space and time, a single measurement of σb is insufficient to 

simultaneously estimate both θ and σw and a more laborious σb-θ-σw calibration relationship has to be specifically built in that 

case (Coppola et al., 2016; Dragonetti et al., 2022; Farzamian et al., 2021). 70 

Within the empirical strategy, a site-specific empirical calibration can be established using various approaches, including 

multiple regression analysis (Triantafilis et al., 2000; Amezketa, 2006; Yao and Yang, 2010; Coppola et al., 2016), modeled 

coefficients (Slavich and Petterson, 1990), theoretical coefficients based on EMI depth response functions (Cook and Walker, 

1992), or empirical–mathematical coefficients (Corwin and Rhoades, 1984). The first to highlight the potential of EMI sensors 

for detecting variations in θ were Kachanoski et al. (1988), who identified correlations between σa and average θ measured 75 

using TDR. Similarly, simple linear regressions were developed along a transect, linking σa to the total water content measured 

down to 1.5 m depth at different times (Sheets & Hendrickx, 1995), and across a hillslope to a depth of 0.2 m (Sherlock & 

McDonnell, 2003). More recently, Coppola et al. (2016) obtained depth-specific calibration relationships among multi-height 

EMI σa readings and σb readings coming from TDR sensors at different depths. Hedley et al. (2013) and Stanley et al. (2014) 

showed that ECa measurements can effectively track soil water content dynamics and are generally linearly related to 80 

independent moisture measurements.  

All these empirical approaches, though apparently simple, share problems related to the site-specific characteristics of the 

calibration, which also change over time as soil water conditions vary, thus requiring a different calibration each time. 

 

This is why, due also to the advances in geophysics sensors (single frequency multi-coil sensors, for example) and the 85 

increasing availability of very advanced nonlinear forward modelling developed in the last decades (Monteiro-Santos, 2004; 

Deidda et al., 2003; 2014; Lavoué et al., 2010; Triantafilis et al., 2013; von Hebel et al., 2014), EMI inversion approaches have 

become widespread in the investigation of water content and salinity in soil, allowing estimation of vertical σb profiles starting 

from the integrated σa readings. Single frequency multi-coil sensors are especially effective and practical for accurate 

reconstruction of vertical conductivity profiles from σa data. This is because each coil setup investigates a different, partially 90 

overlapping soil volume and, thus, provides a different σa reading for the same profile due to the different sensitivity function 

of the sensor at different coil configurations. As an example, the well-known CMD Mini-Explorer EMI sensor (GF 

Instruments, Czech Republic) may take σa measurements over six different depth sensitivity ranges. Using more σa readings 

in an inversion procedure for the same profile enhances inversion reliability. Of course, this can also be obtained by using 

multiple sensors simultaneously or by collecting measurements with a single sensor at different heights above the ground, but 95 

a multi-coil sensor is far more practical.  

Unfortunately, when inverting the EMI σa data to obtain σb profiles, one invariably finds discrepancies, at various degree, 

between EMI-based σb spatial distributions and those coming from local scale direct sampling or TDR measurements (Coppola 
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et al., 2016; Dragonetti et al., 2018; 2022; Farzamian et al., 2021; Autovino et al., 2026) or other geophysical approaches, such 

as Electrical Resistivity Tomography (ERT) (Von Habel et al., 2014). These differences have been attributed to different 100 

reasons, related to the sensor electronic or to the observation volume.  

Firstly, frequency-domain EMI measurements, like all physical observations, are inherently influenced by noise. Systematic 

variations in apparent conductivity may also arise from instrumental drift, calibration inaccuracies, or environmental factors, 

including temperature fluctuations, solar radiation, power supply instability, operator proximity, zeroing procedures, nearby 

conductive objects, or specific field deployment conditions. All issues that cannot be fully identified and systematically 105 

corrected. Consequently, the reliable interpretation of σa data requires comprehensive and well-structured calibration 

procedures (von Habel et al., 2014).  

 

However, apart from the drift issues inherent in the EMI measurements, many papers in the literature have discussed the 

dominant role of the different observation volume of EMI sensors and that of the local scale observations coming for TDR or 110 

direct sampling (Coppola et al., 2016; Dragonetti et al., 2018; 2022; Farzamian et al., 2021; Autovino et al., 2026). The 

observation volume of an EMI sensor for soil studies is approximately 105 – 106 cm³, whereas a typical soil core has a volume 

of 100–150 cm³ and a TDR probe explores a volume of ~10³ cm³. Due to their relatively small observation volume, soil samples 

or TDR sensors provide quasi-point measurements and are therefore more effective at capturing small-scale variability in soil 

quantities, such as water content and solute concentrations, arising from natural heterogeneity. Consequently, variability within 115 

a set of samples or TDR readings reflects both small- and large-scale heterogeneities, corresponding to high- and low-spatial-

frequency components. In contrast, EMI measurements, owing to the instrument size and underlying physical principles, 

inherently integrate over small-scale variability observed at the TDR scale. It is thus obvious that one cannot expect perfect 

matching at point scale. In a correct approach, one should first upscale sample measurements or TDR estimations to EMI 

support volume before comparison. In this direction, Coppola et al. (2016) and Dragonetti et al. (2018) applied a low-pass 120 

filter based on the Fourier transform to the point-scale TDR series, effectively removing high-spatial-frequency components 

and making the TDR data comparable with EMI measurements. 

Another issue is related to the reliability of the inversion of the EMI σa data. Converting profile-integrated EMI measurements 

into a vertical distribution σb is an ill-posed problem, characterized by non-uniqueness, i.e., multiple possible solutions and 

instability. Small data errors or incomplete information can cause large variations in the estimated parameters (see, for 125 

example, Tarantola, 1987). Ill-posed problems are typically addressed through regularization of the inverse solution. However, 

the choice of regularization approach and its parameters can strongly influence the outcomes (e.g., Dragonetti et al., 2018; 

Zare et al., 2020). In fact, it has been noted that this type of regularization may not accurately represent actual hydrologic 

conditions and can reduce the reliability of soil hydrological quantities and properties estimates derived from geophysical data 

(Hinnel et al., 2010).  130 
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In general, the result of the inversion process’s different observation volumes and regularization is a smoother response in the 

electrical conductivity. The inversion partially shades thin wet layers or the sharp changes in water contents, e.g., at the 

propagation of a wetting front.  

Some strategies were developed to calibrate EMI without inversion by using the conductivity models obtained from Electrical 

Resistivity Tomography, ERT, as inputs for EMI forward simulations (von Habel et al., 2014). The resulting simulated σa is 135 

compared to those measured by EMI to calibrate it (see figure 7 in von Habel et al., 2014). This data-space calibration, however, 

strongly depends on the ERT inversion accuracy, which, like EMI, is an ill-posed problem. Both EMI and ERT inversions are 

highly sensitive to data quality and the regularization framework. They should incorporate prior constraints like known profile 

discontinuities. Also, ERT measurements are time and effort consuming at large scales. Moreover, EMI data still need 

inversion if the goal is to obtain σa distributions. Therefore, model-space calibrations are more widely used, where the 140 

calibrations are carried out on the σb distributions coming from preliminary inversion of σa series (Coppola et al., 2016; 

Dragonetti et al., 2018; 2022; Farzamian et al., 2021; Autovino et al., 2026) rather than on the original σa series themselves.  

All the efforts to make EMI readings comparable to local scale measurements remain largely empirical, sometimes speculative, 

without a well-identified physical basis explaining the different distributions of soil water content, θ, or σb obtained from the 

two measurement types. Additionally, calibration relationships are site-specific and vary over time and depth due to non-linear 145 

hydrological processes and the non-linear EMI response during infiltration and redistribution. 

From this perspective, soil hydrologic modelling may provide a physically based interpretation of what geophysical 

measurements are looking at. Indeed, numerical simulations of the same hydrological processes monitored by an EMI sensor 

can provide insight into the likely direction of the EMI inversion, as they help anticipate the expected sensor response and its 

spatial and temporal variability (Hinnel et al., 2010; Farzamian et al., 2020).  150 

In this direction, hydrological models may be used in different approaches for interpreting EMI data. On one side, the EMI 

data may be used as input data in a soil hydrological model to optimize the soil hydraulic properties of the system under study, 

by forcing the hydrological model to reproduce the time-lapse EMI σa data observed over time during a water infiltration 

process. Within this framework, either coupled or uncoupled approaches may be used (Camporese et al., 2015). The pros and 

cons of the two different approaches to identify water and/or solute propagation have been discussed, for example, in in Hinnel 155 

et al. (2010), Camporese et al. (2015) and Dragonetti et al. (2022).  

In an effort to provide a physical interpretation of what is really captured by local-scale measurements and by electromagnetic 

induction data during time-lapse monitoring of an infiltration process, Dragonetti et al. (2022) investigated an artificial rainfall 

experiment conducted on a soil plot, which was interpreted through an uncoupled framework, and the reliability of the approach 

was assessed by comparison with TDR and tensiometer measurements. The uncoupled approach followed a three-step 160 

procedure, where the θ distributions deduced by the EMI readings were employed as measurements in an iterative procedure 

to estimate the soil hydraulic parameters required to simulate the wetting front dynamics during the infiltration experiment in 

a Richards equation-based numerical modelling framework. In parallel, the soil hydraulic properties were also obtained using 

the θ and pressure heads monitored in the soil profile by TDR probes and tensiometers, respectively, serving as the reference  
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measurements for estimating the hydraulic parameters. It is worth noting that, in their approach, the authors intentionally chose 165 

not to scale the original EMI σa nor the σb derived from the EMI inversion, as the aim was just to assess how the TDR direct 

measurements and the EMI observations captured the same infiltration process. Obviously, the two simulations differed in 

their initial conditions, with the TDR-derived water content and the EMI-derived water content used respectively for each 

case. 

 170 

The inversion of the soil hydrological model under the two scenarios produced TDR- and EMI-based water retention curves 

simply scaled according to the ratio between the saturated water contents estimated from TDR and EMI data, whereas hydraulic 

conductivity curves were largely overlapping, reflecting the overall similar shape of the water retention curves. These findings 

indicated that the TDR measurements and EMI sensor essentially observed the same infiltration process, with differences 

arising only from the distinct saturated water contents and initial conditions. By adjusting the water retention curves according 175 

to the saturated water content ratio and applying sensor-specific initial conditions, the authors were able to accurately reproduce 

the temporal evolution of the infiltration process observed by both measurement methods, despite differences in the spatial 

distributions of water content measured by TDR and EMI.  

To us, this seems an interesting interpretative key and has important implications for understanding what an EMI sensor and 

local-scale measurements can actually observe in a hydrological process, such as the propagation of a wetting front during 180 

infiltration. Indeed, if the results above were confirmed, there would be no need to empirically scale the EMI measurements 

to match point-scale data. Instead, the hydrological model itself could provide a consistent framework to reconcile the two 

seemingly different observations from TDR and EMI by appropriately scaling the initial water contents observed by the two 

techniques and the saturated water contents of their respective water retention curves. In other words, the model itself would 

provide the scaling tool to directly reconcile the two seemingly different hydrological processes, rather than empirically 185 

adjusting the σb or θ time series observed by the local-scale techniques and the EMI at each time and depth.  

 

The findings in Dragonetti et al. (2022), however, are based on a limited experiment conducted on a silty loam soil over a 

relatively small plot. Further validation through larger-scale experiments and across different soil types is required. In this 

context, the present study examines an experiment performed at the transect scale, extending the analysis to a broader spatial 190 

domain and a different soil type. Therefore, this paper aims at extending the findings of Dragonetti et al. (2022) by using the 

FLOWS physically-based agrohydrological model to understand what EMI sensor observes, in terms of water contents and 

the soil hydraulic properties, in sandy soils at transect scale. The paper also aims at comparing between the spatio-temporal 

distributions of the water contents calculated by the agrohydrological model using the initial conditions obtained by auger 

sampling and those estimated by EMI. Another objective of this study is to scale the EMI-estimated initial conditions to those 195 

obtained by auger samples and use the scaled initial conditions in the agrohydrological model to analyse the resulting simulated 

water content spatio-temporal evolution. 
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The paper is based on time-lapse EMI σa measurements collected along a 24 m transect during a controlled 10-hour irrigation 

experiment conducted on a bare sandy soil in Italy. The propagation of the wetting front was monitored using continuous EMI 

and simultaneous water content measurements at sites spaced 1 m apart and at five different depths, which were used as a sort 200 

of replicated soil profile observations. Both measurement series were also simulated using independently measured soil 

hydraulic properties for the two layers identified in the soil profile. The simulations were performed using initial water content 

conditions obtained respectively from direct sampling and EMI, with the main aim of validating, extending and generalizing 

the results of Dragonetti et al. (2022), with a view to a more applicative scale transferability of the approach. 

2 Materials and Methods 205 

2.1 The experimental transect 

The study site is located in Arborea Plain in the province of Oristano, Sardinia Island, Italy (Geographic coordinates: 39o 45’ 

54.47” N, 8o 34’ 37.92” E) as shown in Figure 1. Arborea area is a hydraulically reclaimed area and is utilized in intensive 

livestock activities. This is why it is mostly cultivated by fodders, in particular, corn and ryegrass.  

The investigated soil profile is mostly sandy (even more than 90% sand) and consist of two main horizons: the first, more 210 

structured, from 0 to 30 cm containing organic matter coming from manure fertilization (A horizon); the second one, from 30 

to the groundwater, very loose (C horizon). The soil has been classified as Arenosol (IUSS Working Group WRB, 2022). 
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Figure 1: Schematic view (not to scale) of the experimental transect, along with a vertical section showing the 

sampling and measurement positions. The open circles at the soil surface represent measurement sites at 1-meter 

distances that were used for TDR measurements at the soil surface, as well as for irrigation uniformity assessment. 

These measurement points were numbered consecutively from 0 to 24; The dashed centerline indicates the path for 

continuous EMI measurements; The solid circles indicate auger sampling, which was carried out at five different 

depths. The auger sampling at different times was taken along different lines lying in the band indicated by the 

dashed rectangle (about 1.3 m width); The shadowed area in the vertical section was only sampled for the initial 

characterization, even if EMI measurements were still performed during the second monitoring day. The details are 

given in the text. The map at the top shows the Arborea Plain (blue borders) on top of a Google satellite image of 

the area (Imagery ©2026 Airbus, CNES / Airbus, Maxar Technologies, Map data ©2026). 
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The experiment was carried out along a 24 m x 1.3 m transect, which covers the distance between two sprinklers, as shown in 215 

Figure 1. A sprinkler applies irrigation at a nominal rate of 10 l/s on a range of 10 m. A piezometer installed close to the 

transect was used to monitor the depth to groundwater, which was at about 120 cm at the beginning of the experiment. The 

experiment took place on May 13th and 14th, 2024, when the soil was relatively dry and there was no crop cultivated. It lasted 

about 10 hours and consisted of an infiltration process induced by a controlled rainfall coming from sprinklers, which was 

monitored by direct soil sampling, as well as by TDR and EMI measurements (see the Figure 1). The first day was devoted to 220 

defining the initial water content conditions of the soil profile, whereas the infiltration test was carried out during the second 

day. During this second day, half of the transect was covered with waterproof plastic sheet, to serve as a reference for evaluating 

the goodness of EMI inversion in the irrigated half-transect. 

Thus, the sprinkler irrigation was activated five times, each time lasting one hour. After each hour of sprinkler irrigation, 

irrigation stopped for one hour to carry out a round of measurements. Therefore, a total of six rounds of measurements were 225 

taken. Table 1 summarizes the experiment’s timeline and the measurements taken during each round.  

 

Table 1. A timeline of the rounds of measurements taken during the experiment 

Day Time Irrigation Measurements 

May 

13th, 

2024 

Initial conditions  

(t = 0) 
Off 

− TDR surface measurements 

− Auger samples 

− EMI measurements along the transect 

May 

14th, 

2024 

t = 0 – 1 h On − Cylinders for irrigation depth  

t = 1 – 2 h Off 
− TDR surface measurements 

− Auger samples 

− EMI measurements along the transect 

t = 2 – 3 h On No measurements 

t = 3 – 4 h Off − TDR surface measurements 

− EMI measurements along the transect 

t = 4 – 5 h On − Cylinders for irrigation depth  

t = 5 – 6 h Off 

− TDR surface measurements 

− Auger samples 

− Cylinders for irrigation depth  

− EMI measurements along the transect 

t = 6 – 7 h On No measurements 

t = 7 – 8 h Off − TDR surface measurements 

− EMI measurements along the transect 

t = 8 – 9 h On − Cylinders for irrigation depth  

t = 9 – 10 h Off − TDR surface measurements 

− Auger samples 
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− EMI measurements along the transect 

 

Several measurements were taken along the transect at each monitoring round, included the characterization of the initial 230 

condition: 1) TDR measurements at the soil surface. Two different probes were used, both inserted vertically at the soil surface, 

with a length of 15 cm and 25 cm, respectively; 2) Disturbed auger samples, taken at 1 m distance and at five different depth 

intervals: 0 – 20, 20 – 40, 40 – 60, 60 – 80, 80 – 100 cm. 3) EMI measurements acquired, in a continuous mode, by using a 

CMD Mini explorer sensor.  

For the characterization of the initial conditions, TDR measurements and auger sampling were carried out along the entire 235 

transect. On the second day, these measurements were conducted only along the irrigated half of the transect (twelve sites), 

whereas EMI measurements were still performed along the entire transect. Three times during the experiment, the irrigation 

depth was sampled by cylinders to characterize the irrigation uniformity along the transect. 

2.2 Building of the site-specific σb-θ relationship 

As known, TDR measurement technique allows for measuring simultaneously both θ and σb in the same observation volume 240 

(Heimovaara et al., 1995; Robinson et al., 2003, among others). The device used in this study was TDR200 (Campbell 

Scientific, Logan, UT, USA). The TDR200 device releases an electromagnetic pulse into a coaxial system including the probe. 

The wave is then reflected, and the reflectometer samples the reflected wave. The reflected wave is then analysed by the 

software PC-TDR (Campbell Scientific, Utah, USA).  

For each monitoring time, immediately after the EMI survey, direct measurements of θ and σb were collected in the surface 245 

soil horizon (0–30 cm). A TDR probe was inserted vertically at the soil surface at each monitoring site. Two different three-

rod probes were used, to have two observation volumes each time at each site, one of 15 cm length and 5 cm outer rod spacing, 

the other of 25 cm length and 10 cm outer rod spacing. Both the probes were connected to a 200-cm-long RG58 antenna cable 

(50 Ω characteristic impedance and 0.2 Ω connector impedance) 

The apparent dielectric constant of the soil, Ka, was derived from the propagation velocity, v, of the electromagnetic wave 250 

traveling through the soil: 

 

𝐾𝑎 = (
𝑐

𝑣
)
2

 (1) 

 

where c is the velocity of electromagnetic waves in free space, and v is calculated from the time interval between the arrival 

of the two reflected signals, accounting for the round-trip travel length of the probe, as recorded by the sampling oscilloscope 255 

of the cable tester. 

Soil water content, θ, was then estimated from Ka using the empirical relationship proposed by Topp et al. (1980): 
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𝜃 = −5.3 × 10−2 + 2.92 × 10−2𝐾𝑎 − 5.5 × 10
−4𝐾𝑎

2 + 4.3 × 10−6𝐾𝑎
3 (2) 

 

The Tektronix 1502C measures the total resistance (Rt) of the transmission line as: 

𝑅𝑡 = 𝑍𝑐 [
1 + 𝜌∞

1+ 𝜌∞
] = 𝑅𝑠 + 𝑅𝑐 (3) 

where Rs represents the soil contribution to the total resistance, Rc accounts for the series resistance of the cable and connector, 260 

Zc is the characteristic impedance of the transmission line, and ρ∞ is the reflection coefficient at long times, once the waveform 

has stabilized. 

The bulk electrical conductivity normalized to 25°C (σb,25°C) was calculated according to Rhoades and van Schilfgaarde (1976) 

and Wraith et al. (1993): 

 265 

𝜎𝑏,25°C =
𝑓𝑐
𝑅𝑠
. 𝑓𝑇 (4) 

 

where fc is the cell constant of the TDR probe and fT is a temperature correction factor applied when measurements are taken 

at temperatures other than 25°C. Both Rc and fc were determined by measuring Rt with the TDR probe immersed in a solution 

of known electrical conductivity. 

Each of the two TDR probes was not permanently installed within the soil surface in order to avoid interference between the 270 

metallic TDR rods and the EMI measurements.  

All the TDR-based θ and σb data taken during all the infiltration test duration were used to build an independent soil-specific 

calibration relationship to be used for converting the σb coming from the EMI inversion to as many θ values.  

2.3 Auger samples analysis 

As said, disturbed soil samples were collected from the surface down to a depth of 90 cm at 1 m intervals along the transect 275 

and at five different depths. Due to the destructive nature of the sampling procedure, subsequent auger sampling lines were 

positioned within 0.25 m of one another along the transect. These samples were sealed in a bag and transported to the laboratory 

for the gravimetric water content, θg, measurement. In addition, five undisturbed samples were collected at an excavation pit 

from the five depth intervals (e.g., every 0.2 m). The undisturbed samples were then used to obtain the dry bulk densities, ρb, 

of the different depth intervals, and thus the volumetric water content, θ, from θg, as well as to determine the saturated water 280 

content, θs. 

2.4 Inversion of EMI σa data 

The propagation of the wetting front during the irrigation was tracked using a CMD mini-explorer EMI sensor (GF Instruments, 

Brno, Czech Republic). Measurements started immediately after the irrigation stop. They were first taken in vertical coplanar 
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(VCP; horizontal magnetic dipole) mode and then in horizontal coplanar (HCP; vertical magnetic dipole) mode by rotating the 285 

probe of 90°. The sensor operates at 30 kHz and features three receiver coils located 0.32, 0.71, and 1.18 m from the transmitter 

coil, referred to as “ρ32,” “ρ71,” and “ρ118.” As a result, six different σa values were obtained (three coil offsets × two 

orientations), each corresponding to a specific depth sensitivity. 

Time-lapse ρa measurements acquired during the experiments were inverted to obtain ρb distributions in time. The inversion 

relied on the algorithm introduced in Deidda et al. (2014) and later extended in Deidda et al. (2020) to process both the in-phase 290 

and quadrature components of the instrument’s complex response, as well as to incorporate a regularization term encouraging 

sparse solutions. 

The forward modelling used to compute the nonlinear electromagnetic response of a layered half-space excited by a dipole 

source is well established (Hendrickx et al., 2002; Wait, 1982; Ward and Hohmann, 1988). Thanks to the cylindrical symmetry 

of the system, the magnetic field detected by the receiver is independent of rotations of the tool around its vertical axis. Model 295 

predictions, expressed as the ratio between secondary (HS) and primary (HP) magnetic fields for both HCP and VCP coil 

configurations, are given by: 

{
 
 

 
 𝑀𝐻𝐶𝑃(𝝈, 𝝁; ℎ, 𝜔, 𝜌) = −𝜌3∫ 𝑒−2𝜆ℎ𝜆2𝑅𝜔,0(𝜆)𝐽0(𝜌𝜆)𝑑𝜆

∞

0

𝑀𝑉𝐶𝑃(𝝈, 𝝁; ℎ, 𝜔, 𝜌) = −𝜌2∫ 𝑒−2𝜆ℎ𝜆𝑅𝜔,0(𝜆)𝐽1(𝜌𝜆)𝑑𝜆
∞

0

 (5) 

 

where 𝝈 and 𝝁 represent the conductivity and the magnetic permeability vectors related to soil layers,  is an integration 

variable representing the depth below the ground, normalized by the inter-coil distance r, 𝐽0 and 𝐽1 are Bessel functions of the 300 

first kind of zeroth and first orders, respectively, and 𝑅𝜔,0(𝜆) is the response kernel. The kernel 𝑅𝜔,0(𝜆), which is a complex 

value function of the parameters that describe the layered subsurface (conductivity, magnetic permeability, and layer thickness) 

besides the frequency and , can be written as: 

𝑅𝜔,0(𝜆) =
𝑁0(𝜆) − 𝑌1(𝜆)

𝑁0(𝜆) + 𝑌1(𝜆)
 (6) 

where 𝑌1(𝜆) and 𝑁0(𝜆) = 𝜆/(𝑖𝜔𝜇0) are the surface admittance and the intrinsic admittance of the free space, respectively; in 

the latter, i is the imaginary unit,  is the angular frequency, and 𝜇0 is the magnetic permeability of the free space. Setting 305 

𝑌𝑛(𝜆) = 𝑁𝑛(𝜆), 𝑌1(𝜆) can be obtained using Wait’s back-recursive formula: 

 

𝑌𝑘 = 𝑁𝑘
𝑌𝑘+1+𝑁𝑘 𝑡𝑎𝑛ℎ(𝑑𝑘𝑢𝑘)

𝑁𝑘+𝑌𝑘+1 𝑡𝑎𝑛ℎ(𝑑𝑘𝑢𝑘)
, 𝑘 = 𝑛 − 1, . . . ,1 (7) 

where 𝑑𝑘 represents the kth layer thickness and 

𝑁𝑘 =
𝑢𝑘(𝜆)

𝑖𝜔𝜇𝑘
  (8) 
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is the intrinsic admittance of the kth layer, with 310 

𝑢𝑘(𝜆) = √𝜆
2 + 𝑖𝜎𝑘𝜇𝑘𝜔𝑁𝑘 =

𝑢𝑘(𝜆)

𝑖𝜔𝜇𝑘
  (9) 

If the objective of the survey is to reconstruct the vertical profile of electrical conductivity 𝜎𝑘   (k = 1, …, M) from 

electromagnetic measurements collected at n coil spacings (such as those provided by the CMD mini-explorer), the best 

approximation 𝛔̂ can be found minimizing the Euclidean norm of the complex residual vector 𝐫(𝛔) between the complex data 

𝐛(𝑟𝑖) (i = 1, …, n) and the complex model prediction 𝑀(𝛔), that is, 

 315 

𝛔̂ = 𝑎𝑟𝑔 min
𝛔∈ℝ𝑀

1

2
‖𝐫(𝛔)‖2  (10) 

The nonlinear optimization problem is solved through a damped and regularized Gauss-Newton scheme, described in detail 

by Deidda et al. (2023). At each iteration, the problem is linearized using a first-order Taylor expansion. The method benefits 

from an exact Jacobian (Deidda et al., 2014), which increases both speed and accuracy compared to finite-difference 

approximations. The damping factor is chosen to guarantee convergence and to maintain physically meaningful (positive) 

conductivity values. Each linear subproblem is stabilized using truncated generalized singular value decomposition (TGSVD; 320 

Díaz de Alba and Rodriguez, 2016) with multiple options for regularization. Alongside classical first- and second-derivative 

operators, we also tested a nonlinear stabilizer designed to emphasize block-like features (Zhdanov et al., 2006; Ley-Cooper 

et al. 2015; Vignoli et al. 2015; Vignoli et al. 2017). This more recent regularization approach can reduce the over-smoothing 

common in traditional inversions, particularly when sharp contrasts are expected, and thereby enhance the subsequent 

calibration of EMI-derived results against TDR measurements. For this reason, the EMI reconstructions employed in this work 325 

correspond to those obtained using this “sharp” inversion strategy. 

Electromagnetic observations alone do not allow us to identify the optimal model unambiguously. In our study, we assumed 

that immediately after irrigation the effect of water is largely confined to the shallowest layers. Under this assumption, the 

sharp inversion approach produced results that appeared more realistic. Nevertheless, since the calibration process targets the 

EMI-inferred models rather than the original data, the final calibrated results inherently reflect the regularization choices 330 

adopted during inversion. 

The reliability of the inversion strategy was also checked by examining the σb distributions retrieved from the area of the 

transect covered by a plastic sheet. The inversion was considered reliable if the σb pattern in the non-irrigated region remained 

temporally stable. 

Finally, the spatiotemporal distributions of σb values obtained from the inversion of EMI data collected during the infiltration 335 

process were then converted into corresponding θ distributions using the site-specific ρb–θ relationship described above. From 

these distributions, twelve profiles of EMI-based θ values were resampled for each of the sampling times, to be compared to 

the twelve θ profiles obtained by auger sampling.  
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2.5 Soil hydraulic properties 

A pit was excavated in the study area to characterize the pedological horizons, along with their textures and hydraulic 340 

properties. Two soil horizons were observed and their Soil Hydraulic Properties, SHP, were characterized using the Tension 

Infiltrometer Method (TIM) (Ankeny et al., 1988; Hassan et al., 2022; 2025).  

Initially, the soil surface was carefully levelled. A ring was then positioned on the ground, and a thin layer of uniform fossil 

sand was spread over the surface to ensure proper contact with the 10-cm-radius infiltrometer disc. 

At each location, infiltration tests were conducted sequentially under four water pressure head values (−15, −10, −5 and −1 345 

cm). The applied pressure was regulated by adjusting the height of the tube in the bubble tower. Soil samples were collected 

both before and after infiltration to determine the initial and final water content. 

Cumulative infiltration data served as input for an inverse solution of the 3D Richards equation for water flow using DISC 

software (Simunek and van Genuchten, 1996), allowing the estimation of the hydraulic parameters through a parameter 

optimization procedure. The SHP were parameterized by using the van Genuchten-Mualem model (van Genuchten, 1980; 350 

Mualem, 1976):  

𝑆𝑒 =
𝜃−𝜃𝑟

𝜃𝑠−𝜃𝑟
= [1 + |𝛼𝑉𝐺ℎ|

𝑛]−𝑚  (11) 

 

𝐾𝑟(𝑆𝑒) =
𝐾(𝑆𝑒)

𝐾0
= 𝑆𝑒

𝜏 [1 − (1 − 𝑆𝑒
1
𝑚⁄ )

𝑚

]
2

  (12) 

In the equations above, 𝑆𝑒is the effective water saturation, 𝜃𝑠is the saturated water content, 𝜃𝑟is the residual water content, and 

𝛽 , n, and m are fitting parameters, with m=1-1/n. Finally, Ks is the saturated hydraulic conductivity, and τ is the pore-

connectivity parameter. The parameters for the two horizons considered in this paper are summarised in the Table 2. As shown 355 

in the table, the residual water content was assumed to be zero because the soil is sandy, which typically displays low negligible 

residual water content values (Schaap and Bouten, 1996). 

Table 2. The soil hydraulic parameters of the two soil horizons in the study site 

Horizon 
Depth 

(cm) 
ρb (g/cm3) θs θr αVG (cm-1) nVG Ks (cm/h) 𝜏 

1 30 1.90 0.270 0 0.064 1.220 12.500 0.5 

2 100 1.80 0.302 0 0.060 1.200 2.083 0.5 

 

2.6 Soil hydrological simulations 360 

Richards’ equation-based soil hydrological simulations were carried out to describe the propagation of the wetting front during 

the infiltration experiment along the transect. Since the soil is very sandy, lateral fluxes, potentially induced by horizontal 

variability in soil hydraulic properties or by spatially variable rainfall at the surface, are expected to be negligible. On one side, 

this assumption implies that each of the twelve θ profiles coming from the auger sampling is mostly independent on the 
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surrounding ones. Related to this, the assumption also justifies the use of a 1D soil hydrological modelling approach to describe 365 

the water flow in each of the twelve sampling sites.   

The physically based model FLOWS (Coppola et al., 2025) was used for these 1D simulations. FLOWS is a dynamic model 

simulating water flow and solute transport within the soil–plant–atmosphere system by numerically solving the one-

dimensional Richards equation for water movement and the one-dimensional advection–dispersion equation. It has been 

previously presented in several studies (Coppola et al., 2019, 2024; Fusco et al., 2024; Hassan et al., 2024; Porru et al., 2024; 370 

2026a, b) and is now incorporated into a client–server architecture that allows users to interact directly with the model through 

a web browser (https://flows.unica.it/). 

FLOWS requires specifying the top boundary, bottom boundary and initial conditions, as well as the SHP for the soil horizons 

to be simulated. We assumed that SHPs obtained by infiltrometer characterization of each of the two soil horizons identified 

apply for all the 1D soil profiles considered, by thus neglecting their possible variability along the transect. The top boundary 375 

conditions were set as variable fluxes corresponding to the measured irrigation depths using the cylinders. The bottom 

boundary conditions were set as variable soil water pressure head equal to the difference between the profile depth and the 

measured depth to groundwater table. The bottom boundary pressure head was considered positive when the groundwater table 

was above the bottom of the flow field, and negative when below the bottom of the flow field. The initial conditions were set 

as the measured water contents at different depths, in the case of the auger, and at the estimated water contents at the same 380 

depths, in the case of EMI. Appropriately setting the initial conditions is a very important issue in the context of this paper, as 

will be discussed later in the results, because of the short simulation duration, during which the influence of the initial soil 

water distribution remains significant. 

For each of the twelve sites, the simulated θ profiles were compared to each of the simulated soil profiles. Specifically, the 

simulated θ profiles to be compared to the observed θ profiles coming from the auger soil samples were obtained by using the 385 

original SHPs obtained by the infiltrometer method. By contrast, the simulated θ profiles to be compared to the estimated θ 

profiles coming from EMI were obtained by simply scaling the saturated water content of the water retention curves, as 

suggested by Dragonetti et al. (2022).  

The simulation domain extended to a depth of 100 cm, with two different soil layers (0-30 cm and 30-100cm), and was 

discretised in 100 simulation nodes.   390 

2.7 A summary of the hydro-geophysical approach 

Overall, twenty-four FLOWS simulations were performed. Twelve simulations used the auger-measured water contents as 

initial conditions together with the original SHPs for the two soil horizons. The remaining twelve simulations used the EMI-

estimated water contents as initial conditions and water retention curves scaled through a saturated water content scaling factor. 

In the second case, different scaling factors were tested in order to achieve the best agreement between the simulated and EMI-395 

estimated θ profiles. 

https://doi.org/10.5194/egusphere-2026-1414
Preprint. Discussion started: 4 May 2026
c© Author(s) 2026. CC BY 4.0 License.



16 

 

Figure 2 provides a schematic view of the approach followed in the paper. First, SHP were measured using TIM for the two 

identified soil horizons. Then, throughout the experiment, TDR surface measurements were carried out, at the initial conditions 

and after each irrigation, to calibrate a θ-σb relationship and to obtain a top-boundary condition for the time-lapse inversion of 

EMI data. Time-lapse inversions of σa measured by EMI at different depths led to the estimation of spatio-temporal distribution 400 

of σb, which in turn was converted to θ using the calibrated θ-σb relationship obtained by TDR data.  

Auger samples were collected at five different depths at each of the twelve sites to obtain baseline θ data. Thus, two 

distributions of θ values were obtained: one is directly measured by auger sampling, and the other is estimated by EMI.  

Using the SHP measured by TIM, two sets of FLOWS simulations were conducted: one using the EMI-estimated θ data as 

initial conditions and the other using the auger-measured θ data as initial conditions. The auger-measured θ values were 405 

compared to those simulated by FLOWS using auger-measured initial conditions. Similarly, the EMI-estimated θ values were 

compared to those simulated by FLOWS using EMI-estimated initial conditions. Then, the initial conditions estimated by EMI 

were scaled to those obtained by auger. This scaling was done by multiplying the EMI-estimated initial conditions by a scaling 

factor which was variable by depth, so that, at each depth, the average EMI-estimated initial water contents were equal to the 

average auger-measured initial water contents. Then, the new scaled initial conditions were used to carry out new FLOWS 410 

simulations whose results were compared to those carried out using auger-measured initial conditions. 

 

 

Figure 2: Schematic view of the hydro-geophysical approach followed in this paper. An explanation is provided in 

the text. 
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3 Results and discussion 

3.1 Obtaining σb distributions from the inversion of the EMI σa readings 

Figure 3 shows the spatial distribution of the EMI σa under the VCP configuration and HCP configuration for the three receiver 415 

coil spacings (ρ32, ρ71, and ρ118) measured at the beginning (t=0) and during the water infiltration experiment after the 3h 

(after 2nd irrigation), 5h (after 3rd irrigation) and 9h (after 5th irrigation). The σa values are relatively low, mostly ranging from 

5 to 35 mS m⁻¹. Note that σa series tend to remain approximately in the initial range in the non-irrigated half transect. For the 

remaining half transect, a similar spatial pattern is observed in both VCP and HCP configurations, with values progressively 

higher from ρ32 to ρ118, which is coherent with the presence of the water table at relatively low depth. For the same receiver 420 

spacings, the HCP configuration shows higher σa values than the VCP configuration, which indicate the presence of a 

conductive zone at shallower depths, and is consistent with the propagation of a wetting front increasing soil conductivity as 

water infiltrates into the soil profile. 
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Figure 3: spatial distribution of the EMI σa under the VCP configuration and HCP configuration for the three 

receiver coil spacings (ρ32, ρ71, and ρ118) measured at the beginning (t=0) and during the water infiltration 

experiment after the 3h (after 2nd irrigation), 5h (after 3rd irrigation) and 9h (after 5th irrigation) 
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In terms of temporal variability, σa values clearly increase in both VCP and HCP configurations during the first five hours of 

the experiment. After this period, σa values remain relatively stable until the end of the experiment.  425 

In the inversion of the σa data, the regularization parameter λ was optimized, as described in Section 2.4. Results from several 

tests (not shown here) suggested that λ values between 1 and 5 provide the best performance for resolving the spatiotemporal 

distribution of σb in the context of the infiltration experiment under study. 

Figure 4 shows the σb distributions coming from the time-lapse inversion of the σa data presented in figure 3. The model can 

predict the propagation of a wetting front in the irrigated half of the transect, as indicated by the gradual formation and 430 

deepening of a more conductive zone within the soil profile after irrigation begins, in agreement with the information provided 

by the σa measurements. Beneath this conductive layer, a resistive zone is evident where σb values remain around 20 mS m⁻¹. 

At the bottom, a soil layer with relatively higher conductivity (about 30 mS m⁻¹) appears, resulting from the assignment of 

higher conductivity in the inversion to account for the presence of a water table at approximately 120–130 cm.  

Note that the model is also able to predict a temporally stable σb pattern in the non-irrigated half transect, which was considered 435 

as an indirect way to check the reliability of the inversion strategy.  

 

 

Figure 4: σb distributions coming from the time-lapse inversion of the σa data presented in figure 3. Four times from 

the start of irrigation were selected (t = 0, 1, 3, 5 and 9 h), where the propagation of the wetting front is clearly 

evident. 
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3.2 Converting σb to θ distributions  

Figure 5 shows the soil-specific σb-θ calibration obtained by the TDR readings, as described in the section 2.2. Building of the 

site-specific ρb-θ relationship. A clear linear relationship was found, has expected in a soil characterized by an initially low 440 

and relatively constant salinity. The graph also reports the corresponding coefficients of the linear relationship, together with 

the coefficients of determination, R². 

 

Figure 5: The σb-θ relationship obtained by TDR measurements carried out in the surface soil layer during the 

transect infiltration experiment. The label σb,TDR has been used to avoid confusions with the σb coming from the EMI 

inversion. 

Figure 6 shows the distributions of θ coming from the conversion of the EMI estimations of σb, based on the site-specific σb-

θ relationship. Again, only three times from the start of irrigation were selected, where the propagation of the wetting front is 

clearly evident. The maps refer only to the irrigated half transect. For the sake of comparison, the figure also reports the θ 445 

distributions obtained by the auger sampling.  
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Figure 6: Left panel: θ distributions obtained from the conversion of the EMI estimations of σb, based on the site-

specific σb-θ relationship; Right panel: θ distributions obtained by the auger sampling. Only three times from the 

start of irrigation were selected, where the propagation of the wetting front is clearly evident. The maps refer only 

to the irrigated half transect. 

Both maps clearly show a gradual propagation of the wetting front during the irrigation experiment. However, it is immediately 

evident that the EMI-based estimates indicate relatively uniform water contents within a limited range (0.17–0.27), overlooking 

the lower water contents (the red layers in the auger maps). This behaviour confirms what has been frequently found in the 450 

literature. Compared to point-scale measurements, EMI sensors average out local-scale variations in water content due to their 

larger observation volume and signal processing. As a result, EMI sensors effectively capture broader spatial and temporal 

trends in soil water content, whereas auger sampling is more sensitive to localized changes and short-term fluctuations, 

producing more variable but precise measurements at specific points. This, combined with the smoothness constraint applied 

in the inversion process to stabilize the solution, also limits the ability to resolve sharp water content variations observed in 455 

the auger-based measurements. In other words, auger samples capture the infiltration process in detail, including high-

frequency effects from local heterogeneities that influence the horizontal fluctuation of the wetting front. In contrast, EMI 

measurements spatially smooth these small-scale effects and describes the macroscopic behaviour of the process across the 

entire transect. To an extent, it might be deduced that EMI measurements observe the same infiltration process as the auger 

samples but at a coarser support scale. Trying to scale empirically the two water content distributions at different time would 460 

be cumbersome, as it would require complex time- and depth-dependent corrections due to the varying sensitivity (and 

response) of the EMI sensor with the varying position of the wetting front. It would also hide the physical basis behind this 

behaviour.  

As suggested by the results in Dragonetti et al. (2022), EMI- and auger sampling-based processes could be interpreted as two 

scaled representations of the same infiltration process, which could thus be reconciled within a physically based Richards-465 

equation framework, by appropriately scaling the hydraulic parameters and initial conditions, to align the macroscopic 
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behaviour observed by EMI to that deduced from auger observations. This approach would provide a relatively simple, 

physically based, scaling methodology that explicitly accounts for the intrinsic nonlinearity of both the infiltration process and 

the EMI response. In other words, this implies scaling the whole infiltration process rather than attempt to empirically rescale 

individual measurements. 470 

The graphs in the Figure 7 show six of the twelve θ profiles observed by auger sampling and simulated by FLOWS with the 

SHP measured in the two soil horizons by infiltrometer and reported in table 2. The profiles refer to three different times (1h, 

5h and 9h) from the beginning of the infiltration experiment infiltration experiment. As already mentioned in the Materials 

and Methods section, we assumed that the SHPs determined from infiltrometer measurements of the two identified soil 

horizons are representative for all 1D soil profiles along the transect, thus neglecting any SHP spatial variability. By contrast, 475 

the initial conditions were set to the measured water contents at various depths for each auger data profile, while the top 

boundary conditions were defined by the irrigation rates actually measured using the rain sampler cylinders during the 

irrigation applications. The Root-Mean-Square Error, RMSE, between the auger-measured and the simulated water contents, 

was calculated for each site. A generally good agreement between measurements and simulations can be observed, with RMSE 

ranging between 0.025 and 0.053, even considering that the simulations were performed without any adjustment of the soil 480 

hydraulic parameters and that a single set of SHPs was used to describe infiltration behaviour along the entire transect. It is 

also important to note potential uncertainties in the water content measurements, arising from difficulties in accurately 

sampling the correct depth intervals with the auger and from partial collapse of soil at shallower depths during sampling.  
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Figure 7: Six of the twelve θ profiles observed by auger sampling (symbols) and simulated by FLOWS (lines) with 

the SHP measured in the two soil horizons by infiltrometer and reported in table 2. The profiles refer to three 

different times (1h, 5h and 9h) from the beginning of the infiltration experiment. 

 

The good agreement between measurements and FLOWS simulations along the whole transect may be deduced by observing 485 

the corresponding θ maps obtained at four different times during the infiltration experiment (see Figure 8). Note how the 

simulated distributions closely match the measured ones, providing essentially the same description of wetting front 

propagation observed in the measurements. These results indicate that the model can be regarded as a reliable tool for 

continuously describing the infiltration process represented by the discrete direct observations. 

 

Figure 8: Left panel: θ distributions obtained by the auger sampling; Right panel: θ distributions simulated by 

FLOWS. Only three times from the start of irrigation were selected, where the propagation of the wetting front is 

clearly evident. The maps refer only to the irrigated half transect. The scale in for θ values. 

Following the suggestions by Dragonetti et al. (2022), we tried to simulate the θ profiles estimated by the EMI by adopting for 490 

each of the twelve profiles the corresponding estimated water content values provided by the EMI readings at t = 0. The 

boundary conditions were again set at the rainfall rate applied by irrigation in the different parts of the transect. The SHP were 

adjusted by simply reducing the saturated water content by a factor varying in the range 0.7-0.9. To identify the value of that 

factor, three values were used, 0.7, 0.8 and 0.9, and the value 0.8 was found to be the most suitable choice as it led to simulated 

water contents close to those estimated by EMI, as shown in figure 9. Thus, the scaling factor value was selected empirically. 495 

It is worth noting that the choice of this scaling factor is the only empirical step of the whole procedure, which remains mostly 

physically based. 

Figure 9 shows six of the twelve EMI-based θ profiles alongside the corresponding simulations obtained with FLOWS under 

the conditions described above, using a scaling factor of 0.8 for the saturated water content in both horizons. The simulated θ 

distributions reproduce quite satisfactorily the measured profiles, providing a very similar representation of the wetting front 500 
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propagation. The graphs corresponding to site 1 include also the simulated water contents using reduction factors of 0.7 and 

0.9 for the saturated water content. The graphs corresponding to site 1 demonstrate the reasoning behind selecting the reduction 

factor value of 0.8. This value was found to give similarly satisfying results, in terms of simulated water contents, for the other 

profiles as well. However, we opted to show those results for site 1 only to maximize the visibility of the figure. 

The θ maps in Figure 10 confirm the agreement between EMI estimations and FLOWS simulations along the whole transect. 505 

From both the profiles and the maps, only at 9 hours the model predicts some thin layer of water accumulation at around 50 

cm depth, which is smoothed out by EMI for the reasons already discussed.  

The RMSE between the EMI-based and the simulated water contents was calculated for each site. Overall, as expected, the 

model reproduces the EMI-estimated θ patterns quite accurately, with RMSE ranging between 0.013 and 0.018, implicitly 

suggesting that EMI actually observes at the same infiltration process as that described by point-scale measurements but 510 

confined in a narrower water content range and starting from a different initial condition.   
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Figure 9: Six of the twelve θ profiles estimated by EMI (symbols) and simulated by FLOWS (lines) with the SHPs 

scaled using a reduction factor of 0.8 for the saturated water content and with initial conditions for each profile set 

to the water content values estimated by the EMI at t = 0.  The profiles refer to four different times (1h, 3h, 5h and 

9h) from the beginning of the infiltration experiment. 

 

 

Figure 10: Left panel: θ distributions estimated by EMI; Right panel: θ distributions simulated by FLOWS. The 

maps refer only to the irrigated half transect 

The hydrological model can therefore be used as a physically based interpretative tool to understand what an EMI sensor 

observes. In this context, simply scaling the SHP and assigning the initial conditions consistent with the EMI observations 

effectively provide the conversion tool needed to relate the two representations of the process; through the hydrological model, 515 

this scaling allows the conversion between the high-frequency, microscopic description obtained from auger sampling or other 

point-scale measurements and the low-frequency, macroscopic description provided by EMI measurements of the same 

infiltration process. This way, the differences in the θ distributions, which change nonlinearly over time as the wetting front 

propagates, are automatically reconciled without the need for empirical scaling. 

This is clearly confirmed in the Figure 11. The left panel in figure shows the maps of the θ distributions simulated by using 520 

the original SHP and the auger-based initial conditions. Similarly, the maps in the right panel of the figure were obtained by 

simulations with the same SHPs and by scaling the initial water content conditions estimated by EMI to match those obtained 

from auger measurements. This was achieved by multiplying the EMI-estimated initial conditions by a depth-dependent scaling 

factor, ensuring that at each depth, the average EMI-estimated water content was equal to the corresponding average measured 

by the auger. The high similarity of the two simulations clearly demonstrates that simulations based on EMI-scaled initial 525 
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conditions and SHPs can effectively be used to reproduce what one would have seen by monitoring the same process through 

point-scale measurements. 

 

Figure 11: Left panel: maps of the θ distributions simulated by FLOWS using the original SHPs and the auger-based 

initial conditions; Right panel: θ distributions simulated by FLOWS with the same SHPs and by scaling the initial 

water content conditions estimated by EMI to match those obtained from auger measurements. Only three times 

from the start of irrigation were selected, where the propagation of the wetting front is clearly evident. The maps 

refer only to the irrigated half transect 

4 Conclusions 

In general, the results of this paper strengthen and extend the results anticipated by Dragonetti et al. (2022). The paper 

emphasizes the potential of integrating EMI measurements with hydrological modelling in providing a robust physically based 530 

framework for interpreting what an EMI sensor observes during a water infiltration experiment, as well as to estimate soil 

hydraulic properties noninvasively at the field scale.  

A relationship between σb and θ was built, allowing to estimate the spatio-temporal distribution of the water contents from 

EMI readings, following an inversion procedure, in an infiltration experiment. This relationship, however, was developed in a 

sandy soil with negligible clay content and salinity. Nevertheless, the findings of the paper have very relevant practical 535 

implications for using the EMI for soil hydraulic characterizations. The proposed method demonstrates that the EMI sensor 

observes SHP similar to those obtained using point-scale measurements, e.g., by auger samples, with the only difference is 

that EMI observes θs reduced by a factor of 0.8. 
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In practice, a short infiltration experiment can be monitored at high temporal resolution using an EMI sensor, and the resulting 540 

water content estimates can be used in an inversion procedure to determine EMI-based SHPs. Contextually, an initial soil 

water content profile could be also obtained by direct sampling or by point-scale probes. These well-defined initial conditions, 

which capture high-frequency variations due to local heterogeneities, can then be used to scale the smoothed initial conditions 

detected by the EMI. Additionally, the saturated water content of the different soil horizons should be known, allowing the 

EMI-based soil hydraulic properties to be scaled to match those that would be obtained from local-scale measurements of the 545 

same infiltration process. The scaled SHPs and initial conditions could thus be used to reproduce what one would have seen 

by monitoring the same process through point-scale measurements.  

Importantly, the proposed methodology does not require prior calibration of EMI readings due to unknown shift and large 

observation volume, as these effects are implicitly incorporated into the EMI-based derived water content distributions and in 

the SHPs coming from hydraulic inversion of these water contents. Only after the completion of the entire procedure, these 550 

EMI-based SHPs, which are able to describe the infiltration process at a macroscopic scale, may be appropriately scaled to 

provide all the sharp water content changes which would be detected by local scale sensors.  

Code, data, or code and data availability 

Details on FLOWS model theory, user interface and numerical solutions are provided in Coppola et al. (2025). Data utilized 

in this study can be available upon request. We are unable to publish the complete datasets collected for this study, as they will 555 

be included in a forthcoming follow-up paper, where all datasets will be made publicly available. 
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