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Abstract13

Soil moisture and its dynamics have direct hydrological and ecological impacts, from14
the local field scale to the regional and global scales. Working on a gently-sloping15
vineyard with grassed interrows, this study combines soil moisture monitoring from16
cosmic-ray neutron sensing (CRNS) and soil sensors, geophysical characterizations, and17
CRNS numerical simulations. Multi-scale electrical resistivity tomography and frequency-18
domain electromagnetic mapping highlight a fingering transition from a clayey substrate to19
a fractured-karstic marl, both overlain by a more worked and homogeneous soil. Together20
with ancillary weather data, this spatial information and the associated infiltration21
dynamics explain how CRNS and nearby soil sensors respond differently to precipitation,22
depending on season, soil conditions, and rainfall characteristics. This highlights the critical23
interplay between spatiotemporal soil moisture dynamics and CRNS signal nonlinearity24
and nonuniqueness. CRNS numerical modelling further investigates this interplay,25
specifically in terms of lateral dominance of drier regions and amplified sensitivity to26
moisture changes at the soil surface, here induced by light rainfall events. A theoretical27
generalization of the dry-dominance is provided, based on Jensen’s inequality and a28
third-order Taylor expansion of the CRNS response function. Together, field observations29
and numerical modelling inform a conceptual soil hydrology model that describes the30
observed soil moisture spatiotemporal dynamics. The results reinforce the value of more31
spatially informed, hydrology-based CRNS applications, a key step toward capitalizing32
on recent CRNS methodological advances and achieving a better integration with soil33
moisture networks and multi-methodological hydrological observatories.34

1 Introduction35

Soil moisture and its dynamics have direct hydrological and ecological impacts, from36
the local field scale to the regional and global scales (Vereecken et al., 2008, 2022). Soil37
moisture sensors have been the most common and direct solution to monitor soil moisture,38
and they remain the industry standard (Shafi et al., 2019; Yu et al., 2021). Nonetheless, soil39
sensors have well known methodological weaknesses and conceptual limitations. Above40
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all, they are very sensitive to installation factors and only provide localized information41
(Evett et al., 2008). This contrasts with the increasing understanding and interest in soil42
moisture spatiotemporal variability over the relevant spatial scales, from field to regional43
to global (Babaeian et al., 2019; Beven, 2008). While their point-scale nature is self-evident,44
their interpretation necessarily relies on assumptions regarding the spatiotemporal soil45
properties and water dynamics (Beven, 2008; Binley et al., 2015). These assumptions46
are often implicit and remain rarely supported by additional information or sufficient47
statistical analyses, because of practical and economical constraints (Vereecken et al., 2016;48
Baatz et al., 2017).49

Cosmic-ray neutron sensing (CRNS) is an emerging technology that fills the above50
technological gap and need for moisture measurement at the relevant field scale (Zreda51
et al., 2008; Desilets et al., 2010). With a detector conveniently located above the ground,52
CRNS integrates the soil moisture information over a footprint with a radius of 100 - 250 m53
and a soil depth of a few tens of centimeters (Rasche et al., 2021; Köhli et al., 2015). The54
actual sensitivity distribution is a complex function of above- and below-ground variables55
and properties, including soil water content itself, soil density, other hydrogen sources, and56
air humidity (Köhli et al., 2021; Ruehlmann and Körschens, 2009). Köhli (2026) reviewed57
numerous studies that addressed these and other fundamental aspects. The advances led58
to more accurate theoretical and numerical models regarding the relationship between59
volumetric water content (VWC) and CRNS intensity.60

An important property of this relationship is its nonlinearity, as the function flattens61
towards high VWC. This implies that the CRNS intensity change, for a given VWC change,62
is inversely proportional to the VWC. This has been observed, numerically investigated,63
and understood (Zreda et al., 2008; Köhli et al., 2021). Nonetheless, it contrasts with the64
appealing concept of effective spatial averaging. In the presence of spatiotemporal VWC65
dynamics, the nonlinearity implies that VWC changes in drier regions have a stronger66
impact on the CRNS signals, hereinafter dry-dominance. A few studies explored the main67
possibilities for more spatially-aware CRNS, including roving (Baatz et al., 2017; Schrön68
et al., 2018; Zhang et al., 2024), network solutions (Franz et al., 2015; Brogi et al., 2026;69
Heistermann et al., 2023) at the watershed or field scale, and directional shielding (Francke70
et al., 2022). The same authors discussed, however, how the “field of view of the probe is71
diluted” by the neutron scattering itself. This, combined with common count rates, has72
slowed the methodological advances in this sense (Jakobi et al., 2020; Francke et al., 2022).73
A second aspect is the high, but also variable, CRNS sensitivity to changes at the soil74
surface, e.g., light rain and shallow ET dynamics (Franz et al., 2012; Scheiffele et al., 2020).75
Recent studies investigated and highlighted the importance of visually apparent surface76
features associated with drier regions, such as dry roads in agricultural environments77
(Schrön et al., 2018) and snow-free patches in otherwise snow-covered areas (Schattan78
et al., 2019). While the above aspects have been observed and numerically investigated, the79
associated nonlinearity and nonuniqueness of the CRNS response have been less studied,80
particularly regarding their interplay with subsurface soil heterogeneity and complex soil81
hydrology scenarios.82

Geophysical methods have been used to characterize the subsurface properties and83
heterogeneity (Rubin and Hubbard, 2005; Vereecken et al., 2006). Among geophysical84
methods, electrical resistivity tomography (ERT) and frequency-domain electromagnetic85
mapping (FDEM) have been commonly used in hydrological, ecological, and agricultural86
applications (Binley et al., 2015; Atekwana and Slater, 2009; Garré et al., 2021). Both ERT87
and FDEM measure the electrical conductivity, or resistivity, of the subsurface, interpreted88
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as a proxy for water content, water chemistry, and relevant soil properties. FDEM uses89
pairs of solenoids to induce and measure an electromagnetic response of the subsurface90
and provide convenient mapping (Boaga, 2017; Von Hebel et al., 2021; O’Leary et al., 2024).91
Possibly guided by the FDEM mapping, ERT can further characterize or monitor specific92
areas thanks to its spatial flexibility (Uhlemann et al., 2024; Peruzzo et al., 2024; Mary93
et al., 2018) and control over the data quality (Tso et al., 2017; Binley and Daily, 1995). The94
gained insight can, in turn, enhance and validate the interpretation of the FDEM maps95
(Wang et al., 2015; Peruzzo et al., 2025; Carrera et al., 2024). While ERT and FDEM have96
been increasingly used in this sense, their capability to provide direct and quantitative97
VWC information remains limited, hindered by the complexity of the petrophysical98
relationships and site variability (Glover, 2017). Rare exceptions took advantage of ERT99
monitoring to constrain the resistivity - VWC relationship through hydrological models,100
i.e., hydrogeophysical modelling (Binley et al., 2015; Rossi et al., 2015). Alternatively, they101
relied on laboratory sample calibrations or soil sensors measuring both VWC and electrical102
resistivity (Brunet et al., 2010; Pini et al., 2026). This, however, necessarily reintroduces the103
concerns regarding the spatial heterogeneity and consequent representativeness of the104
samples, as well as non-trivial and time-consuming laboratory work. Hence, an integration105
with more VWC-specific and monitoring methodologies remains desirable (Hubbard et al.,106
2018; Boyd et al., 2024).107

As introduced, soil sensors and CRNS have distinct advantages and disadvantages, and108
they can potentially complement each other to offer what may be considered the present109
and near-future standard for VWC monitoring. This study combines VWC monitoring110
with soil sensors and CRNS, field geophysical characterizations, and CRNS numerical111
simulations. This study aims to 1) investigate the interplay of natural, complex soil112
hydrological dynamics and CRNS nonlinearity and nonuniqueness, 2) provide a suitable113
geophysical characterization of the subsurface lateral and vertical variability to guide the114
CRNS analysis, 3) investigate such hydrological variability and dynamics with CRNS115
numerical simulations, validating and generalizing the CRNS results, 4) combine the116
geophysical spatial information, VWC temporal information from CRNS and soil sensors,117
and the gained insight on the CRNS sensitivity to define a soil hydrological model, and 5)118
provide a theoretical generalization of the dry-dominance.119

2 Materials and Methods120

The study site is located in Borgo Grignanello, Tuscany, central Italy, in the Chianti wine121
region of the Apennines (43°31’18.4"N, 11°17’04.6"E, WGS84). The land use is dominated122
by vineyards and olive groves, and approximately 60 % of the territory is classified as forest123
(Masnaghetti, 2022). The area is hilly, with elevations ranging from 300 to 500 m above sea124
level, and highest sectors reaching up to 900 m. The study site is a one-hectare vineyard125
located on gentle and north-facing slope, with steepness lower than 5 %. Geologically,126
the study site lies on the grey and brown argillite of the Sillano–Santa Fiora Formation,127
but with a transition to the marls and marly limestones of the Monte Morello Formation128
just south - uphill of the vineyard (Carmignani et al., 2013). The resulting soil has a fine129
texture and variable depth above marly levels, whose presence is also confirmed by nearby130
outcrops.131

The grape vines are mainly the local Sangiovese and Canaiolo varieties. The plants were132
planted in 1977 with a low density of 3000 plants per hectare, against the 6000 plants133
per hectare of more typical modern vineyards. The interrows are managed with shallow134
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Figure 1: Map of the Grignanello field site showing the geophysical survey areas and the
locations of the CRNS probe, soil samples, and soil moisture sensors. Map source: Google
Maps, imagery ©2026 Airbus, Maxar Technologies.
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mechanical weeding alternatively applied to adjacent rows to maintain a thin sward. No135
irrigation is applied, in line with Chianti regulations. Climate in the area is Mediterranean,136
with an average of 800 mm of rainfall per year, typically concentrated in autumn and137
spring. The average temperature ranges from 5 ◦C in winter to about 25 ◦C in summer,138
with respective daily temperature excursions of about 8 and 15 ◦C.139

Figure 1 shows the vineyard plot with its immediate surroundings and the positioning of140
soil sensors, CRNS sensor, soil samples, and geophysical measurements. A pair of 5TM141
sensors by Meter Group for VWC and temperature was installed in 2022 at 10, 25, 50, 75,142
and 100 cm depth. The shallowest installation at 10 cm represents a compromise between143
sensitivity to shallow water dynamics and a reliable installation, also compatible with144
the mechanical weeding. A datalogger CR1000 by Campbell Scientific recorded the VWC145
data with a logging period of 5 minutes. An ATMOS41 weather station with pluviometer146
by Meter Group and an additional Davis pluviometer by Solem were installed on site a147
few meters from soil sensors. Additional precipitation data from a nearby pluviometer of148
the regional network located in Barberino Tavarnelle, 4 km from site, supported the site149
data. A StX S2+ neutron detector by StyX Neutronica was installed in May 2024 about150
20 m north of the soil sensors. This position was chosen as a compromise between the151
proximity to the soil sensors and a more central position within the vineyard plot, deemed152
important for the detector footprint.153

2.1 Soil samples154

Twenty-six samples were collected for the calibration of the CRNS response on November155
15 2024, between 11 am and 2 pm (Fig. 1). The samples were collected with a closed-face156
bucket auger with a diameter of 12.5 cm and a length of 40 cm. The samples were collected157
at 13 locations radially distributed in four opposite directions relative to the cosmic-ray158
sensor, at the distances of 0, 5, 20, and 50 m (Schrön et al., 2017). At each position, two159
samples were collected, the first one from 0 to 15 cm depth and the second from 15 to160
30 cm. The samples were directly moved from the sampler into zip plastic bags, which161
were then sealed to avoid water loss. The wet weight of the samples was measured in the162
field right after sealing the sample bags.163

The samples were analyzed for water content, soil bulk density, texture, and organic164
content. The soil density was estimated after drying the samples at 55 ◦C for two weeks,165
i.e., a few days after reaching constant weight. The water content was calculated from the166
weight loss. The bulk soil density was calculated from the dry weight and known geometry167
of the closed-face bucket auger. The organic matter content was estimated with the168
loss-of-ignition method. Two sub-samples of 5 g were taken from each sample and heated169
to 500 ◦C for 4 h (Heiri et al., 2001). Temperature and duration were chosen to maximize170
the loss of the organic matter while also limiting the concurrent loss of carbonates (Li et al.,171
2017) and clay structural water (Howard and Howard, 1990). Nonetheless, some loss of172
structural water is expected and thus the correction suggested by Hoogsteen et al. (2015)173
was applied, based on the clay content from the soil samples and with the recommended174
factor of 0.075 kg kg−1. In contrast, the overestimation caused by the difference between175
initial oven drying at 55 ◦C and 105 ◦C has been shown to be a smaller factor, <1 % for176
the local soil type (O’Kelly, 2005). Heidbüchel et al. (2016) discussed and included these177
possible sources of errors with regard to the CRNS calibration. For the soil texture, the178
fine earth fraction (smaller than 2 mm) was obtained by drying, crushing and sieving part179
of the samples. The fine earth fraction was then analyzed with a Mastersizer by Malvern180
Panalytical (Callesen et al., 2018).181
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2.2 CRNS182

A StX S2+ detector by StyX Neutronica was used (Ney et al., 2021). The detector consists183
of three 125-cm tubes that use a copper foil with sputter deposited 10B4C as converter,184
and Ar – CO2 as counting gas (Weimar et al., 2020; Heistermann et al., 2023; Köhli and185
Weimar, 2026). The detector casing has length of 146 cm and diameter of 28 cm, and it186
consists of a 25 mm high-density polyethylene moderator and a gadolinium shield for187
thermal neutrons (Brogi et al., 2023; Köhli et al., 2018). The CRNS monitoring started188
on November 14 2024 and lasted until October 21 2025. The detector recorded 15-min189
averages of count per minute. Raw count-per-hour data were considered outliers and190
dropped outside the range 1200 - 2500, based on detector characteristics and initial field191
tests. The data were then further averaged into 4-hour data points for the VWC analysis.192
The CoRNy toolbox for Python was used to filter, process, calibrate and convert the CRNS193
data into VWC (Schrön et al., 2025; Van Rossum and Drake, 2009). CoRNy was configured194
to use the Universal Transport Solution as conversion function (Köhli et al., 2021).195

𝑁 (𝜃, ℎ) = 𝑁D

(
𝑝1 + 𝑝2𝜃

𝑝1 + 𝜃

(
𝑝0 + 𝑝6ℎ + 𝑝7ℎ

2
)
+ 𝑒−𝑝3𝜃 (𝑝4 + 𝑝5ℎ)

)
(1)

Where 𝜃 is the gravimetric or volumetric water content and 𝑁 (𝜃, ℎ) is the above-ground196
neutron flux measured by the CRNS, as a function of the absolute air humidity ℎ (g m−3)197
and water content (Köhli, 2026). The eight parameters 𝑝𝑖 were determined in previous198
numerical investigations (Köhli et al., 2021). The scaling constant 𝑁D was calibrated based199
on the average water content from the soil samples and absolute air humidity at the200
sampling time (Köhli et al., 2021; Schrön et al., 2017; Heidbüchel et al., 2016). After the201
conversion, the data were smoothed using a Savitzky-Golay filter of third order over six202
4-hour periods (Savitzky and Golay, 1964).203

Soil bulk density, clay content, and organic matter content from the samples were used for204
the correction of the neutron count time series measured by the CRNS. The correction for205
the organic matter was calculated by multiplying its gravimetric content by 0.556, which206
gives the water content with equivalent hydrogen contribution for a cellulose composition207
(Franz et al., 2015; Nelson and Sommers, 1982). The correction for lattice water was208
obtained by multiplying the clay fraction by 0.18 (Franz et al., 2012; Greacen, 1981). The209
soil bulk density was used in CoRNy to define the model soil density for the simulation210
of the neutron interactions and pathways (Tian et al., 2016; Desilets et al., 2010). The211
correction for the incoming radiation was based on Schrön et al. (2015) with data from212
the Jungfraujoch (CH) neutron monitor station. The air pressure correction was based on213
Zreda et al. (2012), with mass attenuation length of 136 g cm−2.214

2.3 Electrical and Electromagnetic surveys215

Electrical resistivity tomography (ERT) and frequency-domain electromagnetic induction216
(FDEM) surveys were performed to characterize the spatial heterogeneity of the site217
subsurface. A total of eight ERT 2D sections were acquired with a Syscal Terra resistivity218
meter by Iris. Four ERT lines were acquired with an electrode spacing of 1 m on November219
14 2024, three with 72 electrodes longitudinally to the plant lines and one with 48 electrodes220
orthogonal to the plant and crossing longitudinal lines. Four shorter and higher resolution221
lines were acquired on March 25 2025. These lines were positioned on two specific positions222
along the longer longitudinal ERT lines, based on their results and FDEM maps. On each223
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position, two lines were acquired using 72 electrodes with an electrode spacing of 40 and224
20 cm, the short 20-cm one being centered along the longer one to overlap their sensitivities.225
A mixed sequence of 5474 measurements with dipole-dipole skips 3 and 6, and gradient226
configurations was used. The sequences included full reciprocals, which were used to227
estimate the measurement error and filter the dataset (Binley and Daily, 1995; Tso et al.,228
2017). Processing and inversion were carried out with ResIPy (Blanchy et al., 2020) and229
visualized in ParaView (Ahrens et al., 2005).230

FDEM mapping was carried out over the vineyard plot using a CMD Mini Explorer on231
April 4 2024 and November 14 2024, Fig. 1. The Mini Explorer has an operating frequency232
of 30 kHz and three receiving coils with separations of 0.32, 0.71, and 1.18 m. These233
characteristics give a shallow investigation with maximum sensitivity and resolution in the234
top 1 m (Bonsall et al., 2013; Carrera et al., 2024; McNeill, 1980). The surveys were carried235
out in horizontal coplanar modes, with the instrument at a height of 10 cm and a sampling236
interval of 1 s. The survey covered every other plant interrow, walking along its center237
to maximize the distance from the metallic plant supports. This distance was deemed238
sufficient considering the interrow width of 2.8 m, the relatively small footprint of the239
Mini Explorer, and its longitudinal direction (Guillemoteau and Tronicke, 2015). The data240
were first corrected with EMagPy to remove the manufacturer calibration factors and to241
numerically recalculate the apparent conductivities. The data were then calibrated using242
the ERT sections with 20-cm electrode spacing to take advantage of their high resolution243
in the FDEM investigation depth. Although relatively short, the 20-cm ERT sections were244
located in the conductive and resistive regions and thus suitably spanned the resistivity245
range for the FDEM calibration. Finally, the data were inverted using the cumulative246
sensitivity forward model and the default L-BFGS-B optimization algorithm (McLachlan247
et al., 2021; Byrd et al., 1995). The data were interpolated and visualized in QGIS with the248
inverse-distance-weighted method (Dawson et al., 2026).249

2.4 CRNS numerical modelling250

Monte Carlo simulations of neutron transport were performed with URANOS (Ultra251
Rapid Neutron-Only Simulation) to investigate the CRNS response to field-based scenarios252
and the associated footprint characteristics (Schrön et al., 2017; Brogi et al., 2023; Rasche253
et al., 2021). URANOS simulates the neutron transport from a source layer with statistical254
distribution of neutron energy and incoming angles (Sato and Niita, 2006; Sato, 2015, 2016),255
positioned high above the ground. The neutrons are then tracked in the thermal and256
epithermal regime through elastic collisions, inelastic collisions, and neutron emission257
processes, till their detection and absorption (Köhli et al., 2023). The model domain was258
defined as a square with a side of 700 m. The neutron source was defined as a square259
with a side length of 1000 m and a thickness of 30 m, positioned between 50 and 80 m260
above ground. Each simulation generated and tracked 5 × 108 neutrons. A transparent261
virtual cylindrical detector with a radius of 3 m and height of 1.5 m was positioned 1 m262
above ground level at the center of the model. Multiple detections of the same neutron263
and detections of neutrons that had no previous interaction with the soil were ignored.264
The simulated CRNS counts were then converted back to VWC using CoRNy, as for the265
field data.266

Two initial sets of tests, dry and wet, with homogeneous models were performed to test267
the correctness of the forward simulation (VWC to count) and back conversion from count268
to VWC (Tab. 1). After the tests, two sets of VWC scenarios investigated the associated269
CRNS signals and their difference with respect to the soil sensors (Tab. 1). The first set270
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explored the dry dominance deriving from the nonlinear relationship between VWC and271
CRNS intensity (Zreda et al., 2008; Köhli et al., 2021). A two-region model was based on272
the geophysical characterization, measured VWC time series, and geological information273
(Fig. 2). The different VWC and soil bulk densities were assigned to the two regions,274
simulating four time steps along two different drying curves. The VWC was set to 25,275
15, 10, and 5 % for a dry - permeable region, representing a fractured-karstic marl (marly276
region). The corresponding VWC values of the wet - less permeable region were set to 40,277
35, 32.5, and 30 %, representing the VWC dynamics in a clayey fine-textured substrate,278
attributable to the argillite (clayey region). The CRNS was positioned in the dry region279
and about 15 m from the transition of the two regions, as in field setup. The simulations280
were then repeated inverting the dry and wet regions, i.e., with the detector in the wet281
region. Finally, a third and more general test of dry dominance was designed by replacing282
the geophysics-based boundary outline with a straight line and positioning the detector283
right above it, rather than 15 m inside the dry region. These second and third geometries284
aimed to explore the dry-dominance and geometrical contributions observed in the first,285
field-based scenario and field data.286

The second set explored the high sensitivity of the CRNS to light precipitation events, based287
on the recorded time series of CRNS VWC and precipitation at the site. A homogeneous288
model with fixed porosity and VWC water content was used, while the effect of a light289
rain was explored with three scenarios (Tab. 1). In the first, a 7-mm layer of water was290
positioned above the soil to simulate the water held by the grass or hydrophobic - dry soil.291
In the second, the 7 mm were distributed in the topsoil, saturating the first 1.4 cm, reaching292
a VWC of 50 %. In the third, the 7 mm were distributed over the top 2.8 cm, reaching a293
VWC of 25 %.294

Table 1: Description of the 23 scenarios simulated with URANOS. Within each set, the
simulations differ according to the simulated scenarios and VWC values associated to the
scenario regions. In first set, the vertical lines represent the presence of two regions with
different VWC values, which progressively increase on both sides.

Scenarios Porosity % VWC %
Initial tests

Homogeneous dry 30 5, 10, 15, 20, 25
Homogeneous wet 50 20, 30, 32.5, 35, 40

I Set, dry dominance
Symmetric 30 50 5, 10, 15, 25 30, 32.5, 35, 40
Field, detector in the dry region 30 50 5, 10, 15, 25 30, 32.5, 35, 40
Field reversed 50 30 30, 32.5, 35, 40 5, 10, 15, 25

II Set, thin top water layer
Homogeneous, no top water 50 15
14 mm topsoil layer at 50 % VWC 50 15
28 mm topsoil layer at 25 % VWC 50 15

The URANOS simulations return a count of detected neutrons for each scenario of soil295
density and VWC. The additional dependence on the total number of simulated neutrons296
was removed by converting the count into count rate (count per second). The conversion297
factor was derived by matching the simulated counts to the field count rates when both298
field and simulation model have a VWC of 20 %. This ensured the comparability of the299
simulations with one another and with the field values, but also allowed the successive300
conversion from count rate to VWC using the UTS model in CoRNy. The 𝑁D for the UTS301
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function was calibrated with the tests datasets, as their homogeneous conditions of soil302
density and VWC provide an unambiguous target for the calibration. Two 𝑁D values303
were estimated by minimizing the misfit between the VWC inputs in URANOS and UTS304
inverted VWC, considering the five VWC values in each of the two homogeneous scenarios.305
This is equivalent to the 𝑁D calibration for the field data, described above, with the known306
URANOS VWC values serving as “ideal” field samples. The two 𝑁D were used for the307
conversion of the homogeneous tests, while their average was used for the successive308
scenarios in sets I and II.309

3 Results310

3.1 FDEM and ERT311

The FDEM surveys collected 4216 measurements in April and 1746 in November 2024.312
The data quality was generally good, the ERT-based calibration had 𝑅2 of 0.96, 0.94 and313
0.89, and the inversion misfits were 4, 5, and 2 % (root mean square percentage error),314
respectively for the 0.32, 0.71, and 1.18 m coil separations. Figure 2 shows a shallow315
(25 cm) and a deep (1 m) slice from the inverted FDEM model obtained on April 12 2024.316
The two slices highlight the difference between shallow and deep spatial heterogeneity.317
The deep slice shows the presence of an irregular, fingering transition to a more resistive318
subsurface to the west, with the apparent resistivity increasing from 15 to about 45 Ω m.319
In particular, a more conductive intrusion (<20 Ω m) reaches and surrounds the region of320
the soil sensors, while the CRNS detector remains on the more resistive domain, about321
12 m north. In contrast, the shallow slice is more homogeneous, the intrusions are still322
visible and have similar resistivity values (15 Ω m) but there is no clear transition to the323
more resistive domain.324

The eight ERT datasets, 5474 measurements each, had high data quality and were filtered325
with a 2 % reciprocal threshold, which removed between 0.0 and 0.4 % of the measurements.326
The same 2 % error was also used for the ERT inversions. Figure 3 shows the four 2D ERT327
sections acquired with an electrode spacing of 1 m, while Fig. 4 shows the successive high-328
resolution sections (0.4 and 0.2 m electrode spacing). The large-scale sections captured329
the presence and geometry of the conductive intrusion, which reaches and surrounds330
the soil sensors. The conductive intrusion interests the uphill - south part of the three331
longitudinal sections. In section L1, the conductive intrusion surfaces for the entire first332
part of the section, where it remains shallow and rests on top of a well visible resistive333
substrate. This substrate becomes shallower and surfaces around meter 35 of the section,334
thus confining the conductive body. In section L2, the surface exposure shrinks as the335
conductive body becomes deeper and covered by a shallower resistive layer to the south.336
The conductive layer remains well visible below this shallower layer and then surfaces337
between meters 15 and 30. In section L3, this shrinking and covering further progresses,338
the conductive body remains covered until meter 25, from where it surfaces for only about339
5 m. The transversal section T confirms the continuity of this conductive intrusion across340
the longitudinal sections, showing fairly constant resistivity values (15 Ω m) and depth of341
about 3 m. A particularly conductive region (10 Ω m) between meters 2 and 6, and covered342
by the thin resistive layer well matches the L3 profile at the section crossing.343

The high-resolution sections in Fig. 4 confirm the differences between the conductive region344
associated with the intrusion (c, d) and the surrounding resistive region (a, b). In addition,345
they also capture the presence of a shallow layer attributable to a more homogeneous -346
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Figure 2: Shallow (a, 25 cm) and deep (b, 1 m) slices of the FDEM inverted model. The deep
slice reveals irregular, fingering transition to a more resistive subsurface to the west, while
the shallow slice remains less resistive and is thus more homogeneous. The markers show
the individual data points over their inverted and interpolated model (inverse distance
weighted interpolation function in QGIS). ERT lines (arrows), soil sensors, CRNS probe,
and soil sampling locations are also shown for spatial reference (Fig. 1). Background map
source: Google Maps, imagery ©2026 Airbus, Maxar Technologies.
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Figure 3: ERT inverted sections from the arrays with an electrode spacing of 1 m. As
in Fig. 1, (a), (b), and (c) are the longitudinal lines with 72 electrodes, L1, L2, and L3,
respectively. (d) shows the transversal T line, with 48 electrodes. The purple-black vertical
markers indicate the crossing position of the transversal section along the longitudinal
ones (a, b, c), and vice versa (d). The purple-black alternation is scaled to indicate 1 m
depth intervals. The pink rectangles indicate the positions of the 40-cm ERT sections
(Fig. 4).
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Figure 4: ERT inverted sections from the arrays with an electrode spacing of 40 cm (a
and c) and 20 cm (b and d). (a) and (b) show the sections acquired along L3 (western and
more resistive region), and (c) and (d) the ones along L1 (eastern and less resistive region),
Figs. 2 and 3. The pink rectangles indicate the position of the short ERT sections (20-cm
electrode spacing) along the longer sections (40-cm electrode spacing).
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worked soil, which was not resolved by the 1-m spacing sections. In the high-resolution347
sections along L3 (a, b), the soil layer has a thickness of about 25 cm and covers the entire348
section, extending beyond the transition point captured by L3. This soil layer is here349
resolved with values of about 20 Ω m, while it appears mixed and smoothed with the350
underlying resistive domain in the 1-m section L3. Finally, the high-resolution section also351
better resolves the spatial heterogeneity below this soil layer, for example the two resistive352
anomalies in Fig. 4b and the particularly thick and conductive region at the beginning of353
Fig. 4d. This subsurface heterogeneity and the relatively homogeneous soil layer on top354
support the FDEM inverted model: the soil layer would control the shallow model slice,355
and the heterogeneity underneath the deep model slice.356

3.2 Soil samples357

All the twenty-six shallow soil samples were fully augered to the expected depth of 15 cm.358
In contrast, the collection of the deep samples (15 to 30 cm depth) was locally hindered by359
the rocky - marl substrate, which limited the manual augering depth. This occurred near360
and west of the CRNS detector, i.e., in the resistive domain identified by the FDEM and361
ERT surveys. The average bulk density was 1.28± 0.29 g cm−3, with an average 1.18 g cm−3362
for the shallow and 1.38 g cm−3 for the deep samples. These bulk density values agree with363
literature values on vineyards and grassland (Panagos et al., 2024), also considering the soil364
organic matter and clay contents (Robinson et al., 2025; Ruehlmann and Körschens, 2009),365
and the limited - light use of agricultural machinery (Van Dĳck and Van Asch, 2002; Raper,366
2005). The average VWC was 29.0 ± 6.4 %, with an average 27.5 % for the shallow and367
30.5 % for the deep samples. The spatial distribution of VWC and density did not present368
significant spatial patterns, the main exception being the two lowest VWC values 20.4 %369
on the westernmost and shallow samples. The textural analysis of the samples yielded a370
silt loam texture with and average 19 % of clay and 74 % of silt, with no significant spatial371
pattern. The loss-of-ignition analysis resulted in an average soil organic matter of 6 ± 1 %,372
in good agreement with literature values for comparable soil textures and vegetation373
conditions (Guillaume et al., 2021; Loveland, 2003; Lugato et al., 2021).374

3.3 Volumetric water content375

The CRNS monitoring provided 2046 4-hour data points, with associated data of tempera-376
ture, humidity, and pressure for the CRNS corrections. The average soil bulk density of377
1.28 g cm−3 was used in CoRNy. Similarly, the average VWC of 29 % was used to calibrate378
the scaling constant 𝑁D of the universal transport solution (Eq. 1). The corrections for379
clay lattice water and soil organic matter resulted in a 3.4 % and 3 % of water equivalents,380
respectively. The average depth of the footprint calculated by CoRNy was 21 ± 4 cm, with381
a maximum depth of 35 cm in summer.382

Figures 5, 6, and 7 show VWC time series from the CRNS and the shallow soil sensors,383
supported by precipitation, humidity, and temperature data. The CRNS and sensor VWC384
time series respond to the precipitations and seasonal changes, but also have significant385
differences. Figure 5 shows the time series over the winter period, in which the VWC from386
soil sensors remain homogeneous and stable with values about ≈45 %. In contrast, the387
CRNS time series shows stronger fluctuations, responding also to light precipitations. In388
addition, the VWC values range between 20 and 35 %, i.e., significantly lower than the389
soil sensors. Figure 6 shows a late-spring period when the soil dries in the absence of390
precipitation and with a temperature increase of 10 ◦C in less than a month. The CRNS391
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Figure 5: Time series in winter 2025. During this cold period, the soil sensor time series
show higher and more stable VWC values compared to the CRNS estimates, with a limited
response to precipitation inputs.
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Figure 6: Time series in spring 2025. In this precipitation-free period, the VWC measured
by the CRNS decreases earlier and more rapidly, while the soil sensors converge to similar
VWC values as the temperatures increase.
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series shows lower initial values reflecting the initial differences observed in winter and392
also faster than the sensor series, stabilizing by the first days of June, about two weeks393
before the soil sensors at 25 and 50 cm. In contrast, the soil sensor at 10 cm has a dry394
curve comparable to the CRNS series and also stabilizes by early June. Apart from these395
differences, the figure shows how all the time series tend to converge after a sufficiently396
long and hot period, indicating more homogeneous VWC field conditions.397

Figure 7 shows the summer and fall periods, which presents a hot and dry period in early398
August and precipitation events of variable duration and intensity both before and after399
it. All the VWC series consistently respond to the more intense precipitation (>20 mm).400
However, the soil sensors are less consistent with regard to lighter precipitations. For401
example, the 10 mm of rain of July 13 are captured by the CRNS series but have no effect402
on the soil sensors, even though the sensors at 25 and 10 cm depth match the calculated403
depth of the footprint for this period (≈30 cm). Similarly, the soil sensors do not respond to404
the light rains that occurred in the second half of August, but only to the successive strong405
precipitation of August 29 (38 mm). This and two successive strong precipitations, although406
all different, also show how the drying-phase curves of soil sensors and CRNS change407
with decreasing temperatures and radiation. The soil sensor series flatten progressively.408
This is well visible for the 25-cm sensors because of their linear paths but the 10-cm seems409
affected too. As a consequence, the precipitation events and drying curve extend and start410
to overlap, giving an increasing VWC base line. In contrast, the steepness of the CRNS411
series remains similar over the three events, whose drying-phase curves remain distinct412
and return to VWC of about 20 % after each drying phase.413

3.4 Numerical models414

Figure 8 shows the results of the CRNS numerical simulations performed with URANOS415
and CoRNy to explore different scenarios of lateral and vertical VWC variability (Tab. 1).416
The initial dry and wet tests had homogeneous domains to evaluate the correct use of417
URANOS and CoRNy, and provide VWC references for the heterogeneous scenarios. The418
test results show a good agreement between the true VWC values (URANOS inputs) and419
the inverted VWC values obtained by converting the URANOS counts into VWC values420
with Corny. The simulated 5 × 108 neutrons ensured a minimum of 10 000 detections in all421
simulations, after excluding multiple and no-soil detections. Hence, the tests confirm the422
sufficient accuracy and statistical stability of the numerical procedure, assuming a Poisson423
distribution and thus a coefficient of variation of 𝑛−1/2 (Zreda et al., 2012).424

Figure 8a also shows the simulation results of the first set, exploring the CRNS sensitivity425
to lateral variation of VWC. The figure shows where the VWC values obtained from the426
three scenarios lie relative to the two reference dry and wet models. The Grignanello427
scenario used the two-domain simplification of the geophysics-based model (Fig. 8c), with428
the detector positioned within the dry region but near the boundary (red dot, Fig. 2).429
Hence, this simulation reproduced both the field geometry and expected VWC of the430
marly and clayey regions. The similarity between Dry and Grignanello results shows how431
the dry region dominates the overall behavior of this field-based model. The Reverse432
scenario maintained the same geometry and detector position, but it inverted the dry and433
wet domains so that the detector is in the wet domain. This set lies approximately half-way434
between the dry and wet tests, despite the detector now being 15 m inside the wet region,435
suggesting a balance between dry-dominance and detector proximity. The Symmetric436
scenario had a straight outline between the marly and clayey region, and the detector437
was positioned at the center, along the boundary, to isolate the dry-dominance from the438
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Figure 7: Time series from July to October 2025. The black segments highlight the
changing drying rate with decreasing temperature and radiation. The linear segments for
the CRNS series appear shifted but not rotated, highlighting how the drying rates (the
angles) did not change over the three periods.
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Figure 8: CRNS numerical simulations of different scenarios with lateral (a) and vertical
(b) VWC variability (Tab. 1). (a) The Dry and Wet sets represent the initial homogeneous
tests. The dashed lines are the true input VWC values (URANOS), and the solid lines
show the VWC values resulting from the URANOS-CoRNy simulations. The Grignanello
(Gri), Reverse (Rev), and Symmetric (Sym) heterogeneous scenarios (VWC values on
x-axis) illustrate the high sensitivity to the dry region, even when the detector is near the
boundary (Gri, Sym) or within the wet region (Rev), see text. (b) shows the high sensitivity
of the CRNS to increasing VWC at the soil surface (d, e, f). The continuous line shows the
VWC values returned by the URANOS-CoRNy simulations. The dashed lines show the
VWC calculated by distributing 7 mm of water over the estimated depths of the footprints,
considering the background model (blue, 29.1 cm) or scenarios with top water (red, 22.6
and 14.4 cm, respectively). (c) Two-domain model derived from the geophysical results.
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geometrical aspects. Despite the symmetry, the CRNS response remains significantly439
closer to the curve of the dry region. Together, the scenarios quantify the dominance of440
the dry region, even when the detector is near the boundary (Gri, Sym) or within the wet441
region (Rev).442

Figure 8b shows the simulation results of the second set, exploring the CRNS sensitivity443
to increasing VWC at the soil surface. To simulate a light rainfall event, a thin topsoil444
layer with higher VWC was added at the top of a homogeneous background model with445
15 % VWC (Fig. 8d). This top layer contains 7 mm of water distributed over a thickness446
of 28 mm in Fig. 8e (VWC of 25 %) and 14 mm in Fig. 8f (full saturation, VWC of 50 %).447
The dashed lines show the VWC calculated by distributing the 7 mm of water over the448
estimated footprint depths from URANOS, considering the background model (blue,449
29.1 cm) or scenarios with top water (red, 22.6 and 14.4 cm, respectively). While the450
depth-integrated VWC of the three models is similar, the CRNS response is highly sensitive451
to the near-surface VWC, resulting in amplified differences and overestimated VWC values452
of 18 % and 19 %. This scenario shows how a light rain may be well captured by the CRNS453
time series, but has no effect even on relatively shallow soil sensors, particularly under454
strong ET or with dry and low-permeability soil (Fig. 7).455

4 Discussion456

The geophysical characterizations of the study site agree on the presence of two domains,457
with an irregular, fingering transition to a more electrically resistive region to the west.458
This distinction appears similar in both November and April results, suggesting a relevant459
contribution from the subsurface properties, beyond the temporary VWC conditions. Based460
on the electrical resistivities and geological information, the lower resistivities (10 to 15 Ω m)461
suggest higher clay contents, attributable to the argillite or resulting clayey sediments462
(Fig. A.1). The higher resistivities suggest a more cemented, rockier substrate with lower463
clay content. Excluding a dominant sandy component, these values are attributable to the464
marls and marly limestones, but with significant fracture-karstic porosity, as the resistivity465
(≈45 Ω m) remains low for a more compact rock (Casado et al., 2015; Mebrahtu et al., 2020).466
In addition to the resistivity values, their spatial patterns captured by the ERT sections467
strongly resemble the karstic soil-rock interface imaged by Cheng et al. (2019).468

The combination of FDEM and multi-scale ERT offered significant advantages over the469
individual solutions. The FDEM survey conveniently mapped the entire field using a small470
and light instrument such as the Mini-Explorer. The multi-scale ERT enabled a robust471
calibration of the Mini-Explorer maps by covering both the lateral resistivity changes and472
the high-resolution vertical variability in the topsoil. In turn, the ERT-calibrated FDEM473
extended the geophysical interpretation to the whole plot (Fig. 2). Together, they captured474
the lateral variability between the two domains at the tens of meters, and the vertical475
variability at tens of centimeters, from a more homogenized-worked layer to a deeper layer476
with stronger resistivity contrasts. While the concept of “field-scale” has been central in477
environmental geophysics (Binley et al., 2015), the possible need for multiple scales often478
remains undervalued, for example, preferring a single compromise between ERT lateral479
coverage and vertical resolution (Romero-Ruiz et al., 2025). Instrument characteristics480
and methodological habits, often attributable to other geophysical applications, still481
influence the difficult trade-off between number of methods, surveys, and scales (Vereecken482
et al., 2006), and thus the targeting of scale-specific questions and subsurface processes483
(Rentschler et al., 2020; Brogi et al., 2019; Carrera et al., 2024).484
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The soil sensors were installed within an intrusion of the clayey domain. This installation485
reflected an initial assumption of relatively homogeneous conditions, driven by the visual486
appearance of the topsoil, and convenient access from the south side of the plot. In contrast,487
the CRNS detector was located in the marly domain, although just about 18 m north of488
the soil sensors. This different location was chosen by balancing the proximity to the489
soil sensors and a more central position within the plot, in light of the detector footprint490
(Brogi et al., 2023; Köhli et al., 2015). While this is a study-specific issue, it highlights how491
different groups within a multidisciplinary project may prioritize different aspects and492
locations, unless informed otherwise (Cocozza and Penna, 2022).493

The results motivated a deeper discussion of the VWC time series and their differences.494
In winter, the higher and more stable VWC values from the soil sensors contrast with495
the lower and more responsive CRNS time series. Because of the low winter ET, the496
fluctuations of the CRNS are likely dominated by infiltration processes. On the contrary,497
the high (≈45 %) and stable VWC of the soil sensors suggest lower permeabilities and high498
water holding capacity, compatible with higher clay contents (Carsel and Parrish, 1988;499
Wösten et al., 1999). In June, the CRNS series drops earlier and faster, even in the first500
and cooler week, while the soil sensors decrease later and more slowly, better matching501
the temperature increase. This difference appears consistent with the winter period, i.e.,502
contrasting ET-driven and infiltration-driven dynamics. In summer and fall, the CRNS503
series maintains lower VWC values but the soil sensors show stronger dynamics in this504
period. Because of the high ET, the response of the soil sensors is compatible with an505
upper and more permeable layer above a low-permeability substrate. Together, the two506
layers would allow the water to infiltrate to the sensors but then hinder deeper infiltration,507
resulting in the strong increases of VWC. The drying curves would then be dominated by508
the ET, as possibly indicated by the diminishing steepness from September onwards. In509
contrast, the CRNS series is compatible with a more permeable substrate.510

The combination of VWC monitoring and geophysical results depicts a conceptual model511
that distinguishes a homogeneous-worked soil above a more heterogeneous substrate. The512
shallow layer of about 30 to 50 cm is more homogenized, with permeability typical of a513
silt loam with low-normal compaction, given by light machinery and natural porosity514
associated with macro organisms and roots (see also Fig. A.1). In contrast, the deeper515
substrate distinguishes a karstic-fractured marl and clay domains (i.e., the marly and clayey516
regions), with the expected strong permeability contrasts. While this study limited its focus517
to textural differences, several other aspects can lead to spatiotemporal soil variability, for518
example rocky fragments and substrates (Zhang et al., 2016), plant roots, and morphology519
(Hubbard et al., 2021). This conceptual model motivated the numerical analyses of the520
CRNS sensitivity to its relative position within the marly domain, and to light rain and521
associated water layer on soil or vegetation surface.522

The numerical simulations (Tab. 1 and Fig. 8) provided insight into the nonlinearity and523
nonuniqueness of the CRNS data (Zreda et al., 2012). The simulations exploring the lateral524
dry-dominance (Set I) support the observed differences between the VWC time series of525
the soil sensors and CRNS. Such differences characterized the VWC series over the entire526
year of monitoring, reaching up to 20 % VWC. Furthermore, the above conceptual model,527
even in its simplicity, suggests that the captured complexity of the VWC dynamics goes528
beyond the simple dry-dominance and average discrepancy. For example, CRNS and529
soil sensors responded differently to precipitations, depending on season, soil conditions,530
and precipitation characteristics (Figs. 5, 6, 7). From a CRNS viewpoint, this reflects the531
complex interplay of CRNS lateral and vertical sensitivities, and spatiotemporal VWC532
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dynamics under variable drainage efficiency (e.g., marly and clayey regions) and ET (i.e.,533
seasonality).534

This aspect was already noted by Schrön et al. (2017), who highlighted how inappropriate535
averaging approaches could hinder CRNS interpretations. The authors focused on surface536
aspects, such as vegetation and soil ponding, to make the relationship between CRNS and537
soil moisture dynamics more physically based. Subsequent studies further highlighted538
the importance of other surface features, including dry roads in agricultural environments539
(Schrön et al., 2018) and snow-free patches in otherwise snow-covered areas (Schattan et al.,540
2019). Our study aligns with the above and shows how CRNS may be significantly affected541
even in the absence of clear surface clues, i.e., with relatively homogeneous soil texture and542
vegetation types. The results also highlight how different field heterogeneity or installation543
setups would have equally challenged the VWC monitoring. For example, the reverse544
scenario (Rev in Fig. 8) suggests that apparent inconsistencies would have been faced even545
if the CRNS had been positioned together with the soil sensors. In addition, co-positioning546
and relative soil homogeneity around the installation may undervalue similar concerns547
and investigations regarding the spatial heterogeneity. These observations motivated548
the numerical and theoretical generalization of the dry-dominance presented in Section549
5.550

Recent studies explored more spatially-aware CRNS solutions (Rasche et al., 2021; Köhli,551
2026), including roving (Baatz et al., 2017; Schrön et al., 2018; Zhang et al., 2024) and552
network solutions (Brogi et al., 2026; Heistermann et al., 2023) at the watershed or field scale,553
and directional shielding (Francke et al., 2022). However, the “field of view of the probe is554
diluted” by the neutron scattering itself, and common sensor count rates further limit easy555
spatial resolution gains (Jakobi et al., 2020). Hence, while our study supports similar CRNS-556
based advances, the integration of field geophysical characterizations remains relevant to557
inform CRNS models and their interpretations (Brogi et al., 2019). In directional, roving,558
or network solutions, the model complexity would need to be balanced against CRNS559
acquisition times, network optimization, and rover logistics (Franz et al., 2015; Jakobi et al.,560
2020). Data assimilation approaches integrating soil and weather data would likely be561
advantageous and address spatiotemporal VWC dynamics that would otherwise remain562
elusive, even with better constrained models (Baatz et al., 2017). For example, the coupling563
with precipitation and ET data could help interpret the amplified CRNS sensitivity to564
VWC dynamics in dry regions and light precipitation events (Franz et al., 2012). While the565
resulting VWC estimates are overestimated (Figs. 7 and 8), they capture surface moisture566
dynamics that soil sensors typically miss, and thus remain physically meaningful when567
interpreted within a soil hydrology model. Beyond the focus on footprint heterogeneity,568
this study shifts the focus toward CRNS nonlinearity and consequent dry-dominance,569
which remains even when the footprint weighting is accounted for. Dry-dominance is570
further explored and generalized beyond the study site in the next section.571

Regarding the CRNS vertical sensitivity, Scheiffele et al. (2020) proposed a vertical profile572
correction to rescale the CRNS vertical sensitivity using moisture profiles obtained from573
nearby soil sensors. Based on their work on four distinct sites and literature review,574
the authors recommended using one profile location near the CRNS probe (<100 m),575
while also discussing the possibility of additional point measurements for field sites576
with pronounced heterogeneity. On the one hand, our study provides new numerical577
and field-based evidence of the implications of the CRNS sensitivity, supporting the578
motivation and findings of Scheiffele et al. (2020), even when the significance of the579
lateral and vertical variability is less apparent. On the other hand, this work highlights580
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that improving, comparing, and correcting CRNS and soil sensors must go hand in581
hand with the understanding of site-specific spatiotemporal hydrological dynamics. This582
way, soil sensors and CRNS data can effectively complement each other, mitigating the583
unavoidable effects of natural complexity and the biases introduced when correcting584
integrated measurements with point measurements. For example, Scheiffele et al. (2020)585
also reported how their correction was especially relevant for pronounced wetting and586
drying fronts. While our seasonal results agree on this, they also highlight how the587
relevance of CRNS corrections is inherently linked to the site complexity, and thus588
challenges in defining a suitable and representative correction.589

In their opinion paper, Nasta et al. (2025) advocated for more in-depth hydrological590
investigations addressing the complexity of nonlinear processes modulated by scale-591
dependent feedback and multiscale spatiotemporal variability. This study reinforces the592
above rationale, even with the relatively small field scale and simple conceptual model.593
Regarding the economical and organizational aspects considered by Nasta et al. (2025), our594
results show that geophysical characterizations would valuably contribute to the proposed595
hydrological observatory at the catchment scale. The geophysical surveys occupied three596
people for three days, with instrumentation cost ranging between 100 000 and 130 000 euros,597
to be amortized over more than a decade. Such costs would often be justified given the598
resource investment for establishing and capitalizing the proposed long-term hydrological599
observatories (Bogena et al., 2018; Nasta et al., 2025; Köhli, 2026). The recent development600
of open-source and low-cost ERT instruments will further support the integration of ERT601
characterizations, but especially monitoring, in hydrological studies and observatories602
(Blanchy et al., 2024; Watlet et al., 2023; Clement et al., 2020).603

5 Numerical and theoretical generalization of dry dominance604

By Jensen’s inequality, the strictly decreasing and convex shape ( 𝑓 ′(𝜃) < 0, 𝑓 ′′(𝜃) > 0)605
of the UTS function implies that averaging in soil-moisture space is not equivalent to606
averaging in neutron-intensity space. That is, it implies that the resulting CRNS estimate607
is systematically biased toward drier moisture values. This physical bias is distinct from608
the geometric bias arising from the CRNS sensor position and footprint sensitivity. While609
the footprint-geometric bias can be positive, negative, or null, the dry-dominance bias is610
strictly negative, and vanishes only under homogeneous conditions. Considering the three611
numerical scenarios (Gri, Rev, Sym), Gri has both biases negative and thus additive, Sym612
has only the dry-dominance bias, and the geometric bias becomes positive in Rev.613

Let 𝑤𝑖 be the normalized footprint weight of compartment 𝑖, and let 𝑁(𝜃𝑖) be the neutron614
intensity associated with its VWC 𝜃𝑖 (Eq. 1). In the following, 𝑁−1 denotes the inverse of615
the UTS function, with the same parametrization. The effective CRNS signal is616

𝑁eff =
∑
𝑖

𝑤𝑖𝑁(𝜃𝑖) . (2)

The corresponding signal contribution of compartment 𝑖 is617

𝑐𝑖 =
𝑤𝑖𝑁(𝜃𝑖)∑
𝑗 𝑤 𝑗𝑁(𝜃𝑗) . (3)

The distinction between 𝑤𝑖 and 𝑐𝑖 quantifies the difference between footprint-geometric618
and dry-dominance biases. The weights 𝑤𝑖 describe where the signal originates in the619
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geometric footprint space. The contributions 𝑐𝑖 describe how strongly each compartment620
contributes to the detected neutron intensity after the nonlinear neutron-moisture transfer621
function 𝑁(𝜃) has acted. Consequently, a dry compartment has 𝑐𝑖 > 𝑤𝑖 .622

The CRNS-derived effective soil moisture 𝜃eff is obtained by applying the inverse of the623
UTS function 𝑁−1 to the effective CRNS signal 𝑁eff624

𝜃eff = 𝑁−1(𝑁eff) . (4)

If the moisture-neutron transfer function were linear, 𝜃eff would be equal to the footprint-625
weighted mean of the soil moisture,626

𝜃fpw =
∑
𝑖

𝑤𝑖𝜃𝑖 . (5)

Because 𝑁(𝜃) is not linear but convex627

𝜃eff < 𝜃fpw (6)

in heterogeneous conditions.628

The dry-dominance bias is therefore defined as629

𝐵dry = 𝜃eff − 𝜃fpw , (7)

and persists even after the geometric footprint weighting has been accounted for.630

Based on the three scenarios (Gri, Rev, Sym) and increasing VWC contrasts between631
the two domains, Fig. 9 shows the differences between the geometric mean VWC 𝜃geo,632
the footprint-weighted VWC 𝜃fpw, and the CRNS-inverted 𝜃eff. The footprint radii were633
estimated from the homogeneous URANOS simulations by fitting the 𝑅86 radius (the 86th634
percentile of the signal distribution) at the simulated VWC values. The footprint weights635
as a function of the radial distance 𝑟 were then calculated with 𝑊(𝑟, ℎ, 𝜃) ≈ 𝑒−2𝑟/𝑅86(ℎ,𝜃)636
(Köhli, 2026). The figure shows how the bias between 𝜃eff and the unweighted geometric637
mean increases superlinearly with increasing moisture contrasts and decreasing moisture638
baseline (global moisture arithmetic mean). The 𝜃eff bias (colored lines) is negative and639
reaches values of about −8 % VWC for a moisture contrast of 25 % and a moisture baseline640
of 15 % (i.e., domains with 2.5 and 27.5 % VWC). Extending the moisture contrasts to 30641
and 35 %, beyond the hydrology-based URANOS simulations (Tab. 1), yields 𝜃eff biases642
larger than 10 %. In contrast, 𝜃fpw (gray lines) shows a linear behavior dominated by the643
increasing moisture contrasts. As expected, its bias values are negative, positive, and null644
for Gri, Rev, Sym, respectively, and remain lower than 1 % VWC. Because the 𝜃eff bias645
combines both the geometric and dry-dominance biases, it can become positive when the646
geometric bias is positive and sufficiently large, i.e., when the dry regions do not have647
enough footprint weight or are not sufficiently dry for the nonlinearity effects to dominate.648
This was confirmed by moving the sensor location 25 meters into the wet region in the649
symmetric scenario (Fig. 9d).650

The third-order Taylor expansion of the UTS function allows generalizing the dry-651
dominance DD to statistical distributions of soil moisture, expressed in terms of variance652
and skewness.653

23

https://doi.org/10.5194/egusphere-2026-5633
Preprint. Discussion started: 11 November 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 9: CRNS effective bias (colored lines) and its footprint-geometric (gray colorscale)
component for moisture contrasts ranging from 0.1 to 35 % over the possible range of
moisture baseline. The percentage bias is calculated relative to the unweighted arithmetic
mean of the moisture over the entire model. The geometry of the models (Gri, Rev, Sym)
corresponds to the URANOS simulations (Fig. 8 and Tab. 1). (d) shows an additional
symmetric scenario with the sensor moved into the wet region, at 25 m from the interface
with the dry domain. This scenario shows large positive footprint biases that exceed the
nonlinearity dry-dominance effect for relatively wet moisture baselines.
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DD ≈ DD2 + DD3 (8)

≈ 1
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𝑁
′

∑
𝑖

𝑤𝑖(𝜃𝑖 − 𝜇w)2 + 1
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𝑁

′′′

𝑁
′

∑
𝑖

𝑤𝑖(𝜃𝑖 − 𝜇w)3 (9)

≈ 1
2𝐾2𝜎

2
w + 1

6𝐾3𝛾w𝜎3
w (10)

where DD2 and DD3 are the second- and third-order bias terms, 𝜇w the footprint-weighted654
mean moisture, 𝜎2

w is the weighted variance, and 𝛾w the weighted skewness. 𝐾2 and 𝐾3655
quantify the nonlinearity effect through the second and third derivatives (𝑁′′ and 𝑁′′′),656
and thus the dependence on the moisture baseline. (𝜃𝑖 − 𝜇w)2 and (𝜃𝑖 − 𝜇w)3 generalize657
and parameterize the moisture distribution through its second and third moments. The658
second-order term directly expresses Jensen’s inequality and is central to the generalization659
of the dry-dominance. Nonetheless, the third-order term and its skewness dependence is660
included here because it physically captures the effect of relatively very dry (e.g., roads)661
and very wet (ponding, snow) on the moisture distribution.662

Figure 10: Statistical generalization of the dry-dominance combining three beta dis-
tributions (dry, central, wet) of soil moisture. The resulting combination spans a wide
range of moisture distributions, in terms of mean moisture, variance, and skewness.
The second-order bias term (DD2) is negative and its magnitude increases toward the
bottom-left corner, i.e., with increasing variance (moisture variability) and slope of the
UTS function. The contour lines show how the third-order term varies with the skewness
and thus has negative values on the right and positive on the left (see text).

Figure 10 visualizes the analytical generalization using three beta distributions, represent-663
ing a central soil moisture distribution (central, 𝛼 = 𝛽 = 3), a dry region (𝛼 = 2, 𝛽 = 25),664
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and a wet region (𝛼 = 25, 𝛽 = 2). The beta distribution was chosen because it is intrinsically665
bounded and its statistical moments can be calculated analytically. Rescaling between 0666
and 0.5 yielded 𝜇 = 0.250 for the central distribution, 𝜇 = 0.037 for the dry, and 𝜇 = 0.463667
for the wet, as shown in the figure. The ternary weights vary over the plot to encompass a668
wide spectrum of field conditions, including unimodal, symmetric, skewed, and strongly669
bimodal moisture distributions. For example, the mean moisture increases left to right,670
while the variance increases downward as the dry and wet distributions get more weight.671
Along the central bisector, a relatively even distribution of the moisture is obtained when672
the central distribution has a weight of 0.7. In contrast, the bottom edge reproduces673
bimodal dry-wet distributions and thus the maximum values of variances and DD2. While674
the variance is maximum at the center of the bottom edge, the DD2 bias further increases675
to the left because of its 𝐾2 dependence. The dry-dominance estimates observed for676
bimodal distributions are comparable and consistent with the numerical results for the677
Sym scenario in Fig. 9, both reaching values larger than 10 %. On the right side, the678
negative skewness of the distribution results in a negative DD3 which marginally adds to679
the total DD. The opposite DD3 effect is observed on the left side, where DD3 subtracts680
from DD2. The DD3 range was limited and its values are not shown at low VWC because681
the UTS model has a mathematical pole close to zero, causing the third- and higher-order682
derivatives to grow superlinearly as the moisture approaches zero.683

The numerical and analytical generalizations demonstrate that the CRNS count rate is not684
a footprint-weighted average in soil-moisture space, but a footprint-weighted mixture in685
neutron-intensity space followed by nonlinear inversion. While the URANOS-CoRNy686
simulations are numerically more rigorous (e.g., irregular footprint shapes), this section687
provides a conceptually streamlined and general framework to couple spatial information688
and CRNS, with potential for guiding future correction and inversion approaches.689

6 Conclusions690

This field study combined VWC monitoring with soil sensors and CRNS, geophysical691
characterizations, and CRNS numerical simulations, to compare and understand soil692
moisture dynamics in a Mediterranean vineyard. The multi-scale ERT and FDEM mapping693
highlighted a fingering transition from a clayey substrate to a fractured-karstic marl, both694
overlain by a more worked, homogeneous soil. Together with ancillary weather data,695
this spatial information and associated infiltration dynamics explained how CRNS and696
nearby soil sensors responded differently to precipitation, depending on season, soil697
conditions, and rainfall characteristics. This highlighted the critical interplay between698
spatiotemporal soil VWC dynamics and CRNS signal nonlinearity and nonuniqueness.699
CRNS numerical modelling further investigated such interplay, specifically in terms of700
lateral dry-dominance and amplified sensitivity to light rainfall events. The dry-dominance701
bias was further generalized numerically and theoretically, showing that the CRNS count702
rate is not a footprint-weighted average in soil-moisture space, but a footprint-weighted703
mixture in neutron-intensity space followed by nonlinear inversion. This bias is strictly704
negative and scales with the variance and skewness of the soil moisture distribution.705
Together, field observations and numerical modelling informed a conceptual soil hydrology706
model describing the observed VWC spatiotemporal dynamics. The results reinforce the707
value of more spatially informed, hydrology-based CRNS applications, a key step toward708
capitalizing on recent CRNS methodological advances and achieving a better integration709
with soil moisture networks and multi-methodological hydrological observatories.710
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Appendix711

Figure A.1: Trench in the clayey domain. The picture shows a thick and fine-textured
substrate and a possibly less compacted soil. This supports the geophysical interpretation
of the low electrical resistivities (15 Ω m).
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