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ARTICLE INFO ABSTRACT

Handling Editor - Dr. B.E. Clothier Knowledge of the soil water balance is fundamental for improving crop water use in agricultural fields. Estimates
are normally for representative and homogeneous areas where the variability of soil properties is neglected.
However, this variability significantly impacts soil water dynamics at the field scale. In this study, the MOHID-
Land distributed process-based model was used to compute the spatially explicit soil water dynamics in a 22.6-ha
almond field located in southern Portugal. An electromagnetic induction survey was first performed to obtain
electromagnetic images of the real soil conductivity in depth, which were related to soil texture. Then, pedo-
transfer functions were used to convert soil texture into soil hydraulic data. MOHID-Land results included maps
of the spatial distribution of soil water contents, actual crop transpiration, actual soil evaporation, percolation
below the rootzone, and surface runoff. These allowed identifying preferential flow pathways as well as the main
control factors influencing soil water dynamics at the field scale. Some development needs were identified, and
overcoming them would enhance the significance of contributions such as this study to the field of precision
agriculture.
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1. Introduction

Agriculture, especially irrigation, is responsible for 70% of all
freshwater withdrawals in the world, and for as much as 90% in the least
developed regions (UNESCO, 2020). It is also a key promoter of
important land degradation processes, namely by contributing to the
contamination or depletion of water resources, promoting soil erosion
and soil salinization, being also associated with biodiversity loss (Pereira
et al., 2009). The literature therefore consistently advocates the need to
improve agricultural water management at the field scale. In most cases,
this involves implementing measures and practices to restrict the use of
water, control non-beneficial water consumption, and protect the
environment. Such objectives are typically achieved by considering
representative areas of the field with similar soil and crop conditions
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(Pereira et al., 2020a; Siminek et al., 2016, 2008; van Dam et al., 2004).
However, soil properties, particularly soil hydraulic properties (SHP),
are known to show significant spatial and temporal variability due to
short-range variability in the pore system, and precipitation, wind and
moisture fluxes across the field. They are also impacted by the vari-
ability in agricultural management practices within the field, the vari-
ability of land surface geomorphic features, and variability in land
surface ecology (Vereecken et al., 2007).

Understanding the spatio-temporal dynamics of hydrological fluxes
in soils requires detailed information on the variability of SHP but is
usually limited by lack of data. The characterization of these properties
beyond the local scale remains a key challenge in soil hydrology (Ver-
eecken et al., 2022). Direct characterization of SHP is costly,
time-consuming and involves methods that are impractical for
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large-scale applications requiring many samples to quantify the spatial
and temporal variability of soil-water processes. Electromagnetic in-
duction (EMI) can serve as a viable alternative to such direct methods. It
offers a rapid, repeatable, accurate and non-invasive approach to char-
acterizing the spatial variability of soil properties over large areas at
relatively low cost.

EMI measures the apparent electrical conductivity (EC,) of soil over a
given volume of the soil subsurface and can be used as an approximation
for soil properties. This involves the establishment of location-specific
relationships between the EC, and soil properties (Allred et al., 2008;
Doolittle and Brevik, 2014; Jayawickreme et al., 2014). Examples can be
found for soil moisture (Martinez et al., 2018; Huang et al., 2016),
particle size distribution (Kelley et al., 2017; Huang et al., 2014), cation
exchange capacity (Triantafilis et al., 2009) and soil salinity (Paz et al.,
2020; Corwin and Lesch, 2005). However, a reliable relationship be-
tween EC, and SHP data remains elusive due to the difficulty in accu-
rately portraying the non-linear behavior of SHP. Dragonetti et al.
(2022) is a rare example where the soil hydraulic parameters of the
Mualem-van Genuchten functional relationships (Mualem, 1976; van
Genuchten, 1980) were estimated from inverse modeling of EMI data
collected during an infiltration experiment, but with limited application
to large areas.

Another interesting topic of research is the incorporation of EMI data
into the development and use of pedotransfer functions (PTFs) as pro-
posed by Mohanty (2013), which to our knowledge has not been fully
explored. Nowadays, several PTFs exist relating SHP with basic soil
properties using different mathematical approaches, as reviewed by Van
Looy et al. (2017). An early example of an application of PTFs using soil
basic data derived from EMI survey was given by Wallor et al. (2019). In
this study, the authors employed a one-dimensional (1D) model to
simulate soil water and nutrient fluxes as well as crop yields in 60 lo-
cations spread across a 22-ha field in Germany. Subsequently, the results
were interpolated over the entire field. Similarly, Brogi et al., (2019,
2020, 2021) conducted an EMI survey to obtain a high-resolution soil
map of a 1 km? area in Germany. Afterwards, soil water dynamics, crop
growth, and yields were simulated at multiple locations using 1D
agroecosystem modeling, with the SHP derived from PTFs and the sur-
veyed soil basic data. These studies defined management zones based on
the EMI inputs, which were then used for modeling soil water and crop
growth processes. However, they did not fully capture the within-field
variability of agricultural fields and hydrological fluxes.

Following the same reasoning, high resolution digital SHP maps of
agricultural fields can be developed from EMI data collected during
surveys, the established relationships to basic soil data, and regional
PTFs. They can then feed the need of distributed modeling tools capable
of simulating the spatio-temporal dynamics of hydrological fluxes in soil
at the field scale. Fully distributed models compute the soil water fluxes
in a three-dimensional (3D) grid using Richards’ equation, taking into
account vertical and lateral interactions between cells in the simulated
domain (Fatichi et al., 2016). The accurate representation of the spatial
variability of SHP is crucial for the reliability of the model simulations.
The resolution of the model simulations depends on the details of the
EMI survey and computational capabilities. The immediate result is an
insight into the spatio-temporal variability of the different components
of the soil water balance, namely actual evapotranspiration, surface and
subsurface runoff, soil moisture, and infiltration, with a level of detail
that can hardly be obtained from satellite or unmanned aerial vehicles
measurements. Of course, the validation of such results is a challenge in
itself, but the results would allow going further than simply identifying
areas that are more suitable to crop growth, i.e., soil or irrigation
management zones, as is currently done (Nawar et al., 2017). Wallor
et al. (2019) and Brogi et al., (2020, 2021) have already demonstrated
what is considered the most effective approach for managing these
management zones, i.e., through integration of modeling to enhance
crop production. With distributed three-dimensional modeling, it also
becomes possible to identify preferred flow paths at the field scale,
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which would contribute to minimizing nutrient and contaminant losses.

The objectives of this study are: (i) to assess EC, across a 22.6 ha
almond field; (ii) to establish a relationship between the surveyed EC,
and soil texture data; (iii) to derive high resolution maps of soil texture
for different soil layers of the study field; (iv) to upgrade the soil texture
maps to digital maps of SHP and use them as input to a fully distributed
three-dimensional soil hydrological model; and (v) to simulate the
spatial variability of soil water balance components over two growing
seasons. During the development of this study, limitations in the
approach became clear. These limitations are discussed in detail, while
further research needs are identified to make the approach more feasible
and relevant for precision agriculture applications.

2. Material and methods
2.1. Description of the study field

This study was performed on a 22.6-ha almond field in Montes
Velhos, southern Portugal (37.94°N, 8.15°W, 111 m a.s.l.) from January
1st, 2019 to December 31st, 2020 (Fig. 1). The climate in the region is
classified as semi-arid. The mean annual air temperature is 16.3 °C,
ranging from a minimum of 9.8 °C in January to a maximum of 23.1 °C in
August. The mean annual precipitation is 454 mm, concentrated mainly
between October and May. The mean annual reference evapotranspi-
ration (ET,) computed using the FAO56 Penman-Monteith (PM) equa-
tion (Allen et al., 1998) is 1363 mm for the period 1979-2020 (Hersbach
et al., 2018). Meteorological data for the study period were collected at
the local weather station and included daily values of maximum and
minimum air temperatures (T, and Tgy, °C), minimum and maximum
relative humidity (RHpin, RHmax, %), solar radiation (R;, MJ m2 day’l),
wind speed measured at 2 m height (uz, m s™1), and precipitation (P,
mm). A brief characterization of the weather conditions during the study
period is presented in Fig. 2. In 2019, annual P totalized 336 mm and the
ET, summed 1263 mm. In 2020, annual P reached 470 mm and the ET,
summed 1248 mm.

Six years old almond trees (Prunus amygdalus Batsch cv. Monterey)
were planted at a distance of 3.7 m within rows and 7.0 m between
rows, resulting in a plant density of about 391 plants ha~!, with
northwest-southeast orientation. The soil was classified as Chromic
Abruptic Luvisol (IUSS Working Group WRB, 2014). The soil profile was
studied in two locations (hereafter denoted as P1 and P2). The main soil
physical and chemical properties are given in Table 1. Particle size
distribution was obtained using the pipette method (Gee and Or, 2002)
for particles with a diameter of < 0.002 mm (clay) and 0.02-0.002 mm
(silt), and by sieving for particles of 0.2-0.02 mm (fine sand) and
2.0-0.2 mm (coarse sand). These texture classes follow the Portuguese
classification system (Gomes and Silva, 1962) and are based on the In-
ternational Soil Science Society (ISSS) particle limits (Atterberg scale).
Dry bulk density (pp) was obtained by drying volumetric soil samples
(100 cm®) at 105°C for 48 h. Soil hydraulic properties were measured
also in undisturbed 100 cm? soil cores. Volumetric soil water content at
field capacity (0pc) was measured using suction tables at — 10 kPa
matric potential (Romano et al., 2002). Volumetric soil water content at
the wilting point (@yp) was measured using a pressure plate extractor at
— 1500 kPa matric potential (Dane and Hopmans, 2002). The pH was
measured on a suspension of soil and distilled water (1:5 soil/water)
using a potentiometric method. Organic carbon (OC, %) content was
determined by the Walkley-Black method (Nelson and Sommers, 1982).
Exchangeable cations (Na*t, Ca%t, Mg?*, K*) and the cation exchange
capacity (CEC) were determined by a modified Melich method (Melich,
1948) using a solution of BaCly +triethanolamine at pH 8.1. The elec-
trical conductivity of the soil saturation paste extract (EC,) was deter-
mined potentiometrically. The exchangeable sodium percentage (ESP)
was determined from the ratio of exchangeable Na' and the CEC (U.S.
Salinity Laboratory Staff, 1954).

Management practices, including irrigation and fertilization, were
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Fig. 1. Location of the study area (P1 and P2 refer to the location of the monitoring sites).
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Fig. 2. Daily reference evapotranspiration (ET,), precipitation (P), and irrigation (I) applied in monitoring sites P1 and P2 during the 2019 and 2020

growing seasons.

performed according to the standard practices in the region and were
decided by the farmer. Trees were irrigated by drip irrigation, with one
trickle line placed along rows and drippers spaced every 1 m. Irrigation
was also monitored at P1 and P2 using flowmeters. Irrigation depths per
irrigation event ranged from 1.0 to 10.5 mm at P1 and from 1.1 to
13.0 mm at P2 (Fig. 2). The average irrigation depths per irrigation
event were similar (4.2-4-3 mm), but seasonal values differed between
P1 and P2. Table 2 presents the monthly values of irrigation depths
monitored in locations P1 and P2 during the two growing seasons. Soil
water content was also continuously monitored at 0.1, 0.3, 0.5, and
0.7 m depth in both sites using EnviroPro MT capacitance probes (MAIT

Industries, Australia). Probes were installed in the tree rows at approx-
imately 0.16 m from the nearest drippers and 0.68 m from the trees. For
more details on irrigation management, calibration of capacitance
probes, and monitoring see Ramos et al. (2023a).

2.2. EMI survey and mapping of soil texture

The EC, was measured in December 2019 using a DUALEM-21
(Dualem Inc., Milton, Ontario, Canada) EMI sensor. The equipment
operates at a low frequency (9 kHz) and contains two horizontal co-
planar (HCP) and two perpendicular (PRP) receiver arrays. The
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Table 1

Physical and chemical characteristics at location 1 (P1) and 2 (P2) of the almond field.
Location P1 P2
Depth (m) 0.0-0.3 0.3-0.5 0.5-0.8 0.8-1.0 0.0-0.2 0.2-0.4 0.5-0.7 0.7-1.1
Texture class SaL CL C C SaL CL C L
CS (2 - 0.2 mm, %) 46.0 35.2 29.7 25.5 41.0 27.8 12.5 35.6
FS (0.2 - 0.02 mm, %) 23.7 16.6 12.4 13.8 28.0 20.0 20.5 31.8
Si (0.02 - 0.002 mm, %) 15.4 13.2 13.0 13.1 17.1 13.4 12.0 15.9
C (< 0.002 mm, %) 149 35.0 44.9 47.6 13.9 38.8 55.0 16.7
pp (g cm™>) 1.33 1.41 - - 1.48 1.41 - -
Opc (cm® cm™3) 0.225 0.215 - - 0.195 0.202 - -
Owp (cm® cm™3) 0.067 0.135 - - 0.080 0.080 - -
pH (H0) 5.7 6.3 6.2 5.3 6.3 6.3 6.6 6.7
oC (gkg™ 12.7 4.6 2.3 - 11.6 6.4 45 -
CEC (cmol, kg’l) 10.54 13.55 14.90 30.38 11.58 24.34 39.02 41.37
EC, (dSm™1) 0.21 0.29 0.34 0.29 0.20 0.18 0.19 0.47
ESP (%) 1.44 1.34 3.03 2.70 1.19 1.83 3.42 4.84

Texture classes (SaL, sandy loam; CL, clay loam; C, clay; L, loam); CS, coarse sand; FS, fine sand; Si, Silt; C, clay; pb, dry bulk density; OFC, soil water content at field
capacity; OWP, soil water content at the wilting point; OC, organic carbon content; CEC, cation exchange capacity; ECe, electrical conductivity of the saturation paste

extract; ESP, exchangeable sodium percentage.

Table 2
Crop development stages, crop coefficients (K.), and monthly irrigation depths
applied at P1 and P2 monitoring sites.

Month Crop stage K, P1 (mm) P2 (mm)
2019 2020 2019 2020

Jan. initial 0.60 0 0 0 0
Feb. development 0.60 0 0 0 0
Mar. mid-season 0.65 12 31 19 89
Apr. mid-season 0.65 18 14 42 29
May mid-season 0.65 45 15 82 68
Jun. mid-season 0.65 109 95 122 121
Jul. mid-season 0.65 177 123 157 139
Aug. mid-season 0.65 124 140 110 143
Sep. late-season 0.60 51 125 69 127
Oct. late-season 0.60 50 47 31 37
Nov. non-growing 0.20 22 6 13 20
Dec. non-growing 0.20 9 0 5 0
Total - - 617 596 649 772

distance from the transmitter to the center of the PRP 1mPcon and
2mPcon receivers is 1.1 and 2.1 m, respectively, while the distance from
the transmitter to the HCP 1mHcon and 2mHcon receivers is 1.0 and
2.0 m, respectively. When the sensor is positioned on the soil surface,
the 1mPcon and 2mPcon receivers provide theoretical exploration
depths of 0.0-0.5 m and 0.0-1.0 m, respectively, while the HCP 1ImHcon
and 2mHcon receivers provide deeper depths of exploration, 0.0-1.5 m
and 0.0-3.0 m, respectively. The DUALEM-21 was mounted on a PVC
sled at approximately 0.10 m above the soil surface and towed by an all-
terrain vehicle. The DUALEM-21 position was measured using a real-
time kinematic differential GPS receiver (Trimble, Sunnyvale, CA,
USA) and an Allegro-TK6000 computer (Juniper Systems, Logan, UT,
USA). To ensure accuracy, the raw georeferenced EC, data were cor-
rected for positional errors that may have arisen from delays in data
transmission, reception, or logging during field measurement. This
correction was done using the method outlined in Gonzalez Jiménez
et al. (2022). Subsequently, the corrected EC, data were interpolated
into a 5 x 5 m grid using the inverse distance method implemented in
Surfer (Golden Software, LLC in Boulder, CO, USA), similar to other
studies (e.g., Gomez Flores et al., 2022).

The EC, data were inverted using the EM4SOIL software (Triantafilis
et al., 2013a) by applying a quasi-3d (q-3d) inversion algorithm. In this
software, the lateral constrained inversion algorithm developed by
Monteiro Santos (2004) was used. The subsurface model is created by
distributing a set of 1-D models according to the locations of the EC,
measurements. The inversion algorithm, Sy (Sasaki, 2001), was used in
this study, which is based on the Occam regularization (DeGroot-Hedlin
and Constable, 1990). The forward modelling was based on the full

solution (Monteiro Santos et al., 2010). The misfit function applied is
determined as the square root of the sum of the squares of the differ-
ences, divided by the number of measurements and expressed in mS
m

In addition, the algorithm requires a damping factor that regulates
the smoothness of the model. As the inversion progresses, the damping
factor is gradually decreased to determine more detailed model pa-
rameters. Generally, larger values produce smoother inversion results
(Farzamian et al., 2019). To determine the best value for the damping
factor, inversions with different damping factor values are usually per-
formed (e.g., Zare et al., 2020). The inversion of the EC, data was carried
out by implementing an initial model with seven layers (i.e., 0.2, 0.4,
0.6, 1.0, 1.5, 3.0 m), held fixed during the inversion process. The first
three layers correspond to the depth of the soil samples where real in-
formation of the real soil electrical conductivity (¢) was required for
calibration, validation, and generation of soil properties from EMI data.
Based on the variation of the measured EC, at different depths, the initial
model was determined with an electrical conductivity of 50 mS m™~! for
the first two layers, 100 mS m~! for 0.6 and 1 m, 200 mS m~"! for the
deeper layers at 1.5 m, and 300 mS m ™ for the 3.0 m and deeper layers.

Soil was also sampled at 12 locations, at a depth of 0.0-0.2 and
0.2-0.4 m, along the DUALEM-21 survey transects. Due to the presence
of rocks (coarse elements), samples could be collected to the maximum
depth of 0.6 m (i.e., 0.4-0.6 m) at few locations. The locations for soil
sample collection were selected after conducting the EMI survey, guided
by the visual observation of the EC, data. A total of 21 samples were
collected and all samples were air-dried, crushed, passed through a
2 mm sieve, and analyzed in the laboratory for particle size distribution.
The correlation between ¢ and particle size distribution (i.e., sand, silt,
and clay fractions) was then investigated (see section 3.4).

2.3. Soil hydrological modeling

2.3.1. Model description

The MOHID-Land model (Ramos et al., 2017) was used to solve the
equation for the soil water balance in a grid defined over the case study
area:

ET,+RO+DP—I—-P—AS=0 (@)

where AS is the change in soil water storage (mm), ET, is the actual
evapotranspiration (mm), RO is the surface runoff (mm), DP is the deep
percolation (mm), I is the irrigation depth (mm), and P is the precipi-
tation amount (mm), all computed between time steps, and summed for
the intended analysis for the total length of each growing season. As a
fully distributed model, MOHID-Land organizes the simulation domain
in a regular structured grid, quadrangular or rectangular in the
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horizontal plane, and cartesian in the vertical plane. The model then
considers the interactions between cells in the vertical or lateral direc-
tion, formulating the fundamental processes at a fine spatial (cells) and
temporal scale, contributing to the overall dynamics at a higher level of
organization such as the field scale. A finite-volume approach is
adopted.

The atmosphere provides the necessary data for the imposition of
surface boundary conditions that may be spatially and temporally var-
iable. In this study, these were daily irrigation and precipitation depths
as well as crop evapotranspiration rates (ET., L T~1). Irrigation and
rainfall depths were user defined. The ET, was obtained from the
product of the single crop coefficient (K.) and the reference evapo-
transpiration (ET,, L T~!) computed by the FAO PM equation (Allen
et al., 1998). ET, values were then partitioned into potential soil evap-
oration (Ep, L T 1) and crop transpiration (Tp, L T~ 1) as a function of
simulated leaf area index (LAI, m?>m 2 following Ritchie (1972). The
LAI, as well as other crop growth state variables (total biomass, root
depth, crop height) were simulated using a modified version of the EPIC
model (Williams et al., 1989; Neitsch et al., 2011). This model is based
on the heat unit theory, which assumes that all heat above the base
temperature accelerates crop growth and development. The main factors
affecting the development of LAI, the most relevant crop state variable
for this application, are the cumulative heat units during the crop sea-
son, crop stage, and crop stress (temperature and water) (Neitsch et al.,
2011).

Infiltration and surface runoff were partitioned from rainfall and
irrigation data using a Darcian based approach. The variable saturated
flow in the porous medium was then computed using Richards equation
as follows:

0 0 oh 9
%=, (K(H) ( s aD,) ) —S(h) @

where 0 is the volumetric water content (L> L’3), t is time (T), D is the
distance between two points (L), i represents the xzy directions (-), h is
the soil pressure head (L), K is the hydraulic conductivity (L T1),and S
is a sink term accounting for water uptake by plant roots (L3 L= T™1).
The unsaturated soil hydraulic properties were described using the
Mualem-van Genuchten (MvG) functional relationships (Mualem, 1976;
van Genuchten, 1980):

o -0, 1
S(-(h) - 05 _ Hr - (1 + \ah\” )m (3)
K(h) = Ksi[1- (1 fsj/'")’"r )

where S, is the effective saturation (-), 8, and ; denote the residual and
saturated water contents (L3 L’3), respectively, K is the saturated hy-
draulic conductivity (L T_l), a (LY and n (-) are empirical shape pa-
rameters, m= 1-1/5, and A is a pore connectivity/tortuosity parameter
(-). The Richards equation was used in the whole subsurface domain and
simulates saturated and unsaturated flow using the same grid that de-
fines the porous medium.

The sink term (S) in the Richards equation was computed following
the macroscopic approach proposed by Feddes et al. (1978). In this
approach, potential transpiration (Tj, L T~1) is linearly distributed over
the root zone, resulting in the function T,(z), which is diminished as a
function of soil pressure head (Skaggs et al., 2006; Simunek and Hop-
mans, 2009). The piecewise linear model proposed by Feddes et al.
(1978) was adopted for computing actual transpiration rates (T, L T™1).
In this approach, the water uptake is assumed to be equal to the potential
rate when the pressure head is between hy and hg, drops off linearly
when h > hy or h < h3, and becomes zero when h < hy or h > hy (sub-
scripts 1-4 denote for different threshold pressure heads). Actual soil
evaporation (Eg, L T 1) was obtained by limiting E, values using a
threshold pressure head (American Society of Civil Engineers ASCE,
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1996).

Finally, surface runoff or overland flow, which results from the
amount of water that does not infiltrate into the soil, was simulated at
the surface of the porous medium domain by solving a Saint-Venant
equation in its conservative form that accounts for advection, pres-
sure, and frictional forces for two horizontal directions (Trancoso et al.,
2009).

2.3.2. Model setup

The MOHID-Land model was implemented in the study area
(22.6 ha) using a 5 m square horizontal grid. This resolution was chosen
to better incorporate the detailed information from the EMI survey. The
digital terrain model (DTM) was obtained from the interpolation of
elevation data collected during the field soil survey using inverse dis-
tance weighting (Fig. 3). The vertical grid was discretized into nine
layers, ranging in thickness from 0.1 m at the surface to 0.5 m at the soil
bottom. A coarse discretization of the soil domain was necessary to
maintain the computational time within reasonable limits. Each grid
column was also divided into three soil horizons (by grouping the layers
of the vertical grid) to best match the soil layers in the EMI data. The first
horizon was defined from the soil surface to 0.2 m depth, included the
two top layers of the vertical grid, and corresponded to the information
provided by the EMI sensor at 0.2 m. The second horizon was defined
from 0.2 to 0.4 m depth, also included two grid layers, and was made to
correspond to the EMI data at 0.4 m. The third soil horizon was defined
from 0.4 m to soil bottom (2.5 m), included five grid layers, and incor-
porated the information provided by the EMI sensor at 0.6 m depth.

The MvG soil hydraulic parameters (6,, 6, a, 1, K;) were estimated for
each cell of the simulation domain from the soil particle size distribution
maps produced from EMI data using the pedotransfer functions (PTFs)
listed in Table 3. The pore connectivity/tortuosity 4 parameter was
simply set to 0.5 following Mualem (1976). The adopted PTFs were
developed using the content of the PROPSOLO database (Goncalves
et al., 2011; Ramos et al., 2013, 2014a), which includes data on soil
basic and hydraulic properties of 697 horizons/layers of 330 soil profiles
studied in Portugal. The PTFs were established using multiple regression
analysis, with the equations for each MvG parameter determined indi-
vidually using particle size distribution and the average depth of the soil
layer as inputs. This was done to match the available information pro-
vided by the soil texture maps. For each equation, the dataset was split
into a calibration set comprising 75% of the data, and a validation set
with the remaining 25%. The random split and subsequent model
development and validation were performed 10 times. Each time, the
data that were used in the development of the PTFs was not used in
validation, and vice versa. The PTFs were then established by averaging
the regression coefficients of each argument obtained for each of the 10
randomly generated datasets (Ramos et al., 2013, 2014b).

The multiplying factor (fy) to obtain the horizontal saturated hy-
draulic conductivity from K (f, = K horizontat/Ks vertical) Was set to a value
of 10 following Oliveira et al. (2020). For the initial conditions, the soil
water content was set to the field capacity. The bottom and lateral
boundaries of the grid domain were left open for free drainage. The
development of the crop was simulated using the default vegetation
growth parameters for orchards in Neitsch et al. (2011). The root depth
was assumed to follow a linear distribution up to a maximum depth of
1.0 m. The Manning coefficient (0.043 s m /3) was adapted from van
der Sande et al. (2003). The precipitation and the FAO56 ET, data (Allen
et al., 1998) presented in Fig. 2 were used. The FAO56 ET, data were
combined with a K, value to compute the daily ET, value. The K, values
for the initial, mid, and end season stages were defined according to
Rallo et al. (2021), while a value of 0.2 was assumed for the non-growing
period (Table 2). K. values were updated only monthly considering the
different crop stages of a growing season. Irrigation data were obtained
from field monitoring and expressed as daily values (Fig. 2). It was
assumed that P1 data represented irrigation in the southern part of the
field, while P2 data described irrigation in the northern side (Fig. 1). The
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Fig. 3. Digital terrain model of the study area: elevation (a), and slope (b).

Table 3
Pedotransfer functions used in this study.
Parameter Equation
0, (m®>m™3) 0.025 + 0.002 Clay
0 (m®> m~3) 0.556 — 0.002 Sand — 0.000253 Z
log (@) () -1.164 - 0.018 Silt + 0.01 Clay — 0.001 Z

n 1.417 - 0.006 Clay + 0.001 Z - 0.002 Silt
log (K,) () 2.329 - 0.011 Silt

Note: ¢,, residual water content; 6, saturated water content; « and 5, empirical
shape parameters; K, saturated hydraulic conductivity; Z, mean soil layer
depth. Sand (coarse sand + fine sand), Silt, and Clay are defined according to
the International Soil Science Society particle limits.

northern (10.3 ha) and southern (12.3 ha) sides were thus assumed to
represent two distinct irrigation blocks of the same almond field. The
soil pressure heads for computing T, reductions due to water stress were
adapted from Phogat et al. (2018), with hj= —0.10 m, h,= —0.25 m,
hs= —8.0 m, and hy= —150 m.

2.4. Calibration and validation procedures

The combined use of EMI sensing and distributed three-dimensional
hydrological modelling proposed in this study was evaluated in three
ways: (i) the relationship between ¢ and particle size distribution; (ii)
the capability of the hydrological model in simulating soil water con-
tents at different depths, specifically at locations P1 and P2, and esti-
mating the soil water balance at the field scale; and (iii) the relationship

between model estimates of T, and biomass and the Normalized Dif-
ference Vegetation Index (NDVIL; Rouse et al., 1973).

Firstly, the correlation between ¢ and particle size distribution (i.e.,
sand, silt, and clay fractions) was investigated. Subsequently, calibration
equations were developed using a linear regression (LR) between ¢ and
the soil properties that exhibited significant correlation. To assess the
prediction ability of the calibrations, a cross-validation procedure was
conducted utilizing the leave-one-out method (LOOCV). In LOOCV, one
soil sample at a specific depth was removed, and a calibration was
established based on the remaining samples to predict the desired soil
property at the removed sampling point. This iterative process was
repeated for each of the 21 soil sampling points (from the 12 sampling
sites) being removed once.

The prediction ability of the calibrations was evaluated using the
root mean square error (RMSE), the mean error (ME), and Lin’s
concordance (CCC), respectively given as (Legates and McCabe, 1999;
Lin, 1989):

5)
1 n
ME:;Z(O./*PJ ) (6)
Jj=1
2Sor @

:S§,+S§,+(5—TJ)Z
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where O; and P; are the observed and predicted soil property at location
j, respectively, n is the number of observations, O and P are the means for
the observed and predicted soil property, respectively, S3 and S5 are the
corresponding variances, and Spp is the covariance between the two,
which is computed as follows:

Sor =331, (0,~0) (7, P) ®
RMSE represents the square root of the mean of the squared differences
between the measured and predicted soil properties, indicating the
concentration of data around the LR. A smaller RMSE suggests higher
precision in the prediction. ME calculates the mean of all differences
between the measured and predicted soil properties and assesses
whether the LR consistently over- or underestimates the predicted
values. A ME closer to zero implies less bias in the prediction. Lin’s
concordance measures the agreement between the measured and pre-
dicted values and ranges from — 1-1, with perfect agreement at 1 (Lin,
1989). A higher Lin’s concordance indicates a closer alignment of the LR
to the 1:1 relationship, signifying better agreement between measured
and predicted values. McBride (2005) suggests that the prediction
agreement can be categorized according to the Lin’s whereby it is
excellent (> 0.9), strong (0.8 — 0.9), moderate (0.65 — 0.8), and poor (<
0.65).

Regarding the hydrological modeling, the MOHID-Land model sim-
ulations were run from January 1st, 2018 to December 31st, 2020. The
first year was used as a “warm-up” period for the model and the results
were not included in the analysis. This was done to assure that initial
conditions would not affect estimates of the soil water balance computed
with the MOHID-Land model. The variability of the components of the
soil water balance was then assessed on annual basis considering the
length of the almond growing season. The following seasonal maps were
calculated at the field scale:

o Infiltrated water (mm);

e Potential (T, mm) and actual (T, mm) crop transpiration, and

respective To/T), ratio;

Potential (E,, mm) and actual (E;,, mm) soil evaporation, and

respective E,/E) ratio;

e Deep percolation (DP, mm) computed from fluxes at 1.5 m depth;

o Surface runoff (RO, mm);

Mean soil water storage in the 0.0 — 1.5m layer (6ieqn, mm),

computed by averaging simulated daily soil water storage values (i.

e., the sum of the product of soil water contents in different soil

layers and respective layer thicknesses);

Relative soil water storage in the 0.0 — 1.5 m layer (6y,), computed

as the fraction between 0peqn, and maximum soil water storage (i.e.,

the sum of the product of soil water contents at saturation in different

soil layers and respective layer thicknesses);

e Variance of daily soil water storage (Oyariance, mm?) in the
0.0 — 1.5 m layer, computed as the variance of simulated daily soil
water storage values.

This hydrological modelling application did not include a standard
calibration/validation as the primary objective was only to test the use
of EMI data as a proxy for soil properties variability. Nevertheless, the
performance of the MOHID-Land model was assessed by directly
comparing model simulations of soil water content with the dataset
measured at P1 and P2 at the 0.0-0.2, 0.2-0.4, and 0.4-0.6 m soil layers
during 2019 and 2020. The goodness-of-fit indicator used for this
comparison was the RMSE (Eq. 5). The main difference from Eq. 5 was
that, for this assessment, O; and P; are the observed and predicted soil
water contents at time j, respectively.

Lastly, model estimates of T, and biomass were correlated with the
NDVI (Rouse et al., 1973), computed from Sentinel-2 red and infra-red
bands (10 m resolution) acquired from the Copernicus Open Access
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Hub (Copernicus, 2023) from March to August of the 2019 and 2020
growing seasons. The Pearson correlation coefficient was used in the
analysis, and no downscaling of the NDVI images to the resolution of the
model domain (5 m) was done.

3. Results and discussion
3.1. Spatial distribution of soil electrical conductivity and soil properties

Fig. 4 shows the spatial distribution of the real soil electrical con-
ductivity (o) at the depths of 0.0-0.2, 0.2-0.4, and 0.4-0.6 m, after the
inversion of the EC, data. In the surface layer (0.0-0.2 m), ¢ was
generally less than 50 mS m ™!, except near the eastern boundary of the
field where o was greater than 50 mS m ™. This area corresponded to the
lowest elevations. The ¢ values increased significantly in depth, reaching
up to 180 mS m ™! at 0.4-0.6 m depth in the eastern and north-eastern
parts of the field. The southern zone, in contrast, showed lower &
values and less variation with depth. More samples were taken in the
northern part of the field due to the greater variability of EC, (Fig. 4).

Fig. 5a and b show the LR between the clay content and ¢ and be-
tween the sand content and o for all the sampling points, respectively.
The figure shows that site-specific LR to predict clay and sand content
could be developed with coefficients of determination (R?) of 0.73 and
0.71, respectively, according to the following equations:

clay (%) = 0-193 6 + 14-67 ©)
sand (%) = —0-162 6 + 66:32 10)

No good correlation was found between silt content and ¢. Fig. 5¢ and
d show the results of the LOOCV of the developed LR described above. In
the case of clay content estimation, the ME was — 0.03% and the RMSE
was 5.68%, which indicates a satisfactory prediction ability given the
large range of clay content (11-52%). The CCC of 0.85 showed a strong
accord between the measured and predicted clay content. For sand
prediction and given the large range of sand content (31-74%), the
statistical results were similar to those obtained for clay, with a slightly
lower RMSE of 5.05% and a lower ME of — 1.31% compared to clay. ME
values indicate that, for both clay and sand predictions, the developed
LR slightly underestimated them; however, with clay, the ME values
were so small as to be almost zero. The CCC for sand estimation was also
slightly lower at 0.82, yet it still indicates a good accord between the
measured and predicted sand content, according to McBride (2005).
Since silt and ¢ did not correlate, silt content was calculated by closing
the mass balance between sand, clay, and silt. The resulting maps
showed sand contents ranging from 50.5% to 64.5% and from 26.8% to
63.2% in the 0.0-0.2-m and 0.4-0.6-m layers, respectively. The clay
content ranged from 17.0% to 33.5% and from 18.4.9% to 61.4% in the
layers of 0.0-0.2-m and 0.4-0.6-m, respectively (Fig. S1 and S2 in the
supplementary material).

Fig. 6 presents maps of the MvG soil hydraulic parameters obtained
after applying the regional PTFs from Table 3. The EMI-derived texture
maps presented in Fig. S2 were used as input, along with the inclusion of
the silt map (not shown), which was obtained by closing the mass bal-
ance. The additional input was the mean depth of each soil layer (2).
Histograms showing the relative frequency of values for each parameter
are given in Fig. S3. As expected, higher 65 and lower a and 5 corre-
sponded to higher clay content. Lower 6; and higher o and 5 corre-
sponded to higher sand contents. Higher K values were also observed in
areas with higher clay content, but the range of variation for this
parameter was quite reduced (133-158 cm d™'). These maps, which
further include the map with the distribution of 6, were then used as
input to the MOHID-Land model for the computation of the soil water
balance during the 2019 and 2020 growing seasons.
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Fig. 4. Maps of the real soil electrical conductivity (¢) surveyed at 0-0.2 m (a), 0.2-0.4 m (b), and 0.4-0.6 m (c) depths and soil sampling locations.

3.2. Variability of the soil water balance at the field scale

Fig. 7 shows the spatial distribution of seasonal beneficial (actual
transpiration, Tg) and non-beneficial (actual soil evaporation, E;) water
use on the almond field during the 2019 growing season. The T, and E,
ratios in relation to their potential values are also represented. The re-
sults for 2020 were similar to those for 2019 and are therefore not
shown. The seasonal T, values summed up to about 340 mm in most of
the field in both seasons. Seasonal E, values ranged roughly from 183 to
212 mm, with a small difference between the northern and southern
parts of the field because of the different irrigation depths in P1 and P2.

In most of the field, the crop was never affected by water stress, i.e.,
the seasonal T, values corresponded to the T}, values. However, in areas
with steeper slopes and lower elevations in the eastern and north-eastern
part and in the northern half of the field, the seasonal T, values were
lower than the potential T, values. Water stress in slope areas corre-
sponded to water deficits as a result of surface or subsurface water flow.
Water stress in low elevation areas corresponded to the locations where
water accumulated, leading to apparent waterlogged conditions. As
consequence, E, was higher in these areas, and E,, values (620-630 mm)
were often reached.

Fig. 8 shows the spatial distribution of infiltration, runoff, and deep
percolation in the almond field. Although trends were similar, the results
are presented for both seasons as the wetter conditions in 2020 help to
clarify the infiltration process and the appearance of surface and sub-
surface water patches. Total annual infiltration of rainfall and irrigation
water was relatively homogeneous in most part of the field and ranged
from 954 to 986 mm and from 1080 to 1255 mm in 2019 and 2020,
respectively. In 2020, the greater difference in infiltration between the
northern and southern part of the field compared to 2019 was mainly
due to larger difference in irrigation depths measured in P1 and P2
(Table 2). As a result of the distributed three-dimensional modelling
approach, which accounts for vertical and lateral interactions between
cells in the simulated domain, water that did not infiltrate in one cell of
the surface domain generated surface runoff (RO) and eventually
increased infiltration in the adjacent downslope cells. This was observed
in the RO estimates, which were only relevant in slope areas where the

annual total RO summed 364-377 mm at certain locations. In the lower
parts of the field, the accumulation of water resulted in greater total
infiltration than that possible by the sum of seasonal precipitation and
rainfall values. Deep percolation (DP) from the root zone layer was also
consistent with these results. In most of the field, DP was similar, ranging
from 413 to 426 mm and from 522 to 645 mm in 2019 and 2020,
respectively. DP was higher in the depressed areas (>800 mm), although
infiltration was lower at some of these sites (i.e., the rate of water
percolation exceeded that of water infiltration in these locations). This
shows that subsurface runoff processes played an important role in the
soil water dynamics simulated in this modeling application.

Finally, Fig. 9 presents the spatial variability of mean (6yeqn) and
relative (6, soil water storage in 2019 and 2020. Also depicted are the
spatial distribution variances in soil water content (6,4,) in both seasons.
The maps of Opmeqn Show clear agreement with other modeling results, i.
e., higher values in areas where water tends to accumulate and where
the values of E, and DP were higher. However, as Opeqq is strongly
dependent on the soil hydraulic properties, 6., may be a more appro-
priate variable for assessing the trends associated with water storage in
the soil. Nevertheless, the same observations can be made. The distri-
bution of 6,4 show that the values in the lower areas are closer to
saturation, where water tends to accumulate, and then evaporate, or
percolate. This was confirmed by 6,,. The low variance values were
found at the same locations because there was small variation in soil
water storage since the soil was kept largely saturated throughout the
simulation periods.

It is important to note that the apparent waterlogged conditions
described above were artificially and unintentionally created through
the implementation and parameterization of the model in the study
field. However, these areas do refer to locations where crop growth was
less favorable as observed in the field. Specifically, these areas corre-
spond to field depressions, where the clay content is higher, particularly
at a depth of 0.4-0.6 m. As a consequence of the higher clay content, the
soil hydraulic properties in these areas correspond to increased soil
water storage capacity. Furthermore, the use of a coarse discretization in
the soil domain, which was necessary for three-dimensional modeling at
the field scale to ensure reasonable computational efficiency, had a
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Fig. 5. Scatterplots of (a,c) the soil electrical conductivity (6, mS m™ 1) and the measured clay and sand contents (%) (the dashed line corresponds to the linear
regression (LR) of the calibration equation), and (b,d) validation results of the LR calibration equation calculated for clay and sand contents using LOOCV method.

notable impact on the infiltration process, as it reduced hydraulic gra-
dients and fluxes between grid cells. As a result, not only were grid cells
capable of storing more water, but fluxes between cells were also
diminished. Another factor contributing to the accumulation of water in
the depressed areas was the simplified approach used in MOHID-Land to
represent soil anisotropy. By relating horizontal and vertical soil hy-
draulic conductivities with a multiplying factor (fy) of 10, subsurface
flow was partially promoted towards the depressed areas.

3.3. Validation and development needs

Inversion of the interpolated EC, data provided high-resolution maps
of ¢ across the almond field. Simple linear relationships were then
established between ¢ and clay and ¢ and sand, using a relatively small
number of samples. Soil texture and ¢ were thus highly collinear. High ¢
values corresponded to high clay and low sand contents. Other ap-
proaches such as neural networks have been proposed to reduce this
collinearity dependence and better distinguish the relationships be-
tween ¢ and soil texture from the confounding effects of other soil
properties that influence ¢, such as soil salinity, pH, and CEC (e.g., Cockx

et al., 2009; Kelley et al., 2017). However, such approaches would
require more field data than that available in this study.

The DUALEM-21 sensor has relatively low sensitivity to variations in
topsoil conductivity (< 0.5 m), in accordance with its sensitivity func-
tion and theoretical depth of investigation. Moreover, a smoothness
constraint was imposed in the modelling to stabilize the inversion and
smooth conductivity variations over short depth increments (e.g., Far-
zamian et al., 2021). To improve the prediction of topsoil texture, other
EMI multi-coil sensors such as DUALEM-1S or CMD Mini Explorer 6 L
can be used. These sensors are designed for detailed investigation of the
topsoil as they have multiple receivers at a short distance from the
transmitter, thus providing more detailed EC, data for the topsoil. In the
absence of such a sensor, multi-height EC, measurements (e.g., Farza-
mian et al., 2023) might also help to better resolve topsoil conductivity
variations in short depth increments.

Soil hydraulic properties maps were produced from soil texture maps
using regional PTFs (Table 3). The relationships between ¢ and soil
hydraulic data were also highly collinear, while other issues arise when
using PTFs. It is well known that PTFs using particle size distribution
data as the only input perform poorly. Information on soil structure is
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Fig. 7. Spatial distribution of actual transpiration (T,), actual soil evaporation (E,), and To/T, and E,/E, ratios in 2019. Similar maps were observed for 2020

(not shown).
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Fig. 8. Spatial distribution of infiltration (Inf.), surface runoff (RO) and deep percolation (DP) in 2019 (top) and 2020 (bottom).

equally important to reduce the unexplained variability in soil hydraulic
data (Weihermiiller et al., 2021; Van Looy et al., 2017; Wosten et al.,
2001). However, soil structure can hardly be assessed with EMI. Also,
using the total sand content (2.0 — 0.02 mm) instead of the corre-
sponding partitioned fractions, namely coarse (2.0 — 0.2 mm) and fine
sand (0.2 — 0.02 mm), as commonly employed in inferring particle size
limits of the Atterberg scale, has resulted in further increased model
errors. As shown in Ramos et al. (2023c), this results in RMSE values
ranging from 0.057 to 0.097 cm® cm™2 for estimates of soil water
retention data at different matric heads and 0.860 for log (K;), which are
generally worse than when adopting PTFs that use coarse and fine sand

12

fractions as arguments (RMSE of 0.038-0.055 cm® em 3 for soil water
retention data and 0.588 for log(K;)). More specific relationships be-
tween ¢ and the granulometric fractions than those established in Eqgs.
(9) and (10) are therefore needed to reduce model errors. Considering
the further partitioning of the coarse and fine sand components into
smaller fractions would likely be helpful in improving the accuracy of
estimates. This can be achieved using data already stored in the
PROPSOLO soil database (Goncalves et al., 2011), and seems preferable
to using external PTFs since estimates from regional PTFs usually
outperform the former at the field scale (Horta et al., 2023; Van Looy
et al., 2017).
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Fig. 9. Spatial distribution of the mean (peqn) and relative (6,.) soil water storage and variance of soil water storage simulations (6,,) in 2019 (top) and
2020 (bottom).

The errors of the used PTFs were assumed to greatly influence the
agreement between model simulations and soil moisture measurements
taken at P1 and P2, resulting RMSE of 0.124 and 0.155 cm® em3,
respectively (Fig. 10). However, most of the error appeared to be sys-
tematic PTFs, since the difference between measurements and estimates
could be averaged to 0.12 (P1) and 0.15 (P2) cm? em 2 for the different
soil depths and along both crop seasons. By reducing these systematic
errors, e.g., with more accurate PTFs, RMSE of 0.035 and 0.029 cm®
cm™ could be obtained at P1 and P2, which correspond mainly to the

random errors of both datasets. Such RMSE values are comparable to
those obtained in 1D applications of the MOHID-Land model (Ramos
et al., 2017, 2018, 2021; Simionesei et al., 2018). To unravel this issue
further, a functional assessment of the regional PTFs should be per-
formed, namely for a and K;, which might justify the noted deviation
between measured and simulated values.

As shown in Fig. 10, the simulated soil water content in both P1 and
P2 was kept close to saturation during both growing seasons, which is
consistent with the 6, maps (Fig. 9). This condition did not affect crop
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Fig. 10. Evolution of measured and simulated soil water contents in P1 and P2. The working hypothesis refers to the systematic errors (soil water content constant

gap of 0.12-0.15 cm® cm™ ®) that are associated with the regional PTFs used.

evapotranspiration estimates, with T, = T, in most of the field, i.e., no
water stress was observed in these areas. However, the seasonal T,
estimated by MOHID-Land (about 340 mm in both seasons) was much
lower than the T, obtained with SIMDualKc (377-655 mm; Ramos et al.,
2023a) and HYDRUS-1D (593-648 mm; Ramos et al., 2023b) for the
same study area and growing seasons. The latter estimates were cali-
brated and validated using soil water balance approaches. On the other
hand, the adopted K. and the ET, values for the different crop stages
(Table 2) agreed quite well with those estimated by Ramos et al. (2023a)
for the almond orchard using the dual-K. approach (Allen et al., 1998,
2005). The low T, (and T,) values obtained with MOHID-Land can
therefore be attributed to the vegetation parameters affecting the par-
titioning of the ET; into T}, and E, during the crop season, i.e., the pa-
rameters describing the development of LAI. Also, the value of
accumulated heat units used to describe the whole growing season
affected those estimates. As no calibrated parameters for almond crop
growth were available for the study region, the values used in this study
were taken from the literature (Neitsch et al., 2011), leading to the
underestimation of the length of the crop season and the seasonal T,
values. Therefore, a better assessment of crop growth parameters is
essential to improve the reliability of model estimates. This becomes
even more important when considering the complexity and the vari-
ability observed in orchard systems where surfaces are heterogeneous,
the soil is incompletely covered, and varying planting density, canopy
height, training system, inter-row management and irrigation manage-
ment affect the amount of energy available for both the transpiration
and soil evaporation processes and soil water fluxes (Pereira et al.,
2020b; Volschenk, 2020; Fereres et al., 2012). The same limitations have
already been reported when using MOHID-Land for grapevine in
southern Portugal (Ramos et al., 2021).

Water that was not used by the crop eventually evaporated or
percolated to depths below the root zone. Since crop water use was
lower than that determined by Ramos et al. (2023a,b), the seasonal
percolation was higher. Besides crop water use, seasonal percolation
was also influenced by the division of precipitation into surface runoff
and water infiltration. Vereecken et al. (2019) have detailed all the
factors that influence the infiltration process in soils. In MOHID-Land,
infiltration was estimated by solving the Richards equation, and was
thus dependent on soil moisture conditions in the surface layer. These
conditions were maintained high throughout simulations because of
factors such as the coarse vertical discretization in the soil domain that
further influenced the infiltration process. Furthermore, the soil hy-
draulic conductivity data used to generate PTFs were limited and did not
reflect the flow conditions at the land surface - atmosphere interface,

mainly because they were derived from measurements on soil cylinders
collected below the soil surface; thus, not affected by soil crusting. This
may have led to higher simulated values of infiltration and percolation
than in reality. Other factors such as the temporal resolution of precip-
itation data (daily) influenced the partition of precipitation data. For
instance, Batalha et al. (2018) demonstrated how using hourly meteo-
rological data can lead to significantly different results in infiltration and
runoff calculations compared to using data averaged over daily, weekly,
monthly, and yearly timeframes. Since no significant runoff is expected
from drip irrigation, the observed RO values were mainly a result from
rainfall. Due to the use of daily precipitation data, the RO values were
likely underestimated.

Model validation attempts to correlate the spatial distribution of T,
and biomass with maps of NDVI were inconclusive, with positive and
negative correlations observed in 2019 and 2020, respectively. Despite
correlations were considered significant at P < 0.01 for most of the
available images, the Pearson correlation coefficients were less than
0.26 and greater than — 0.20 in 2019 and 2020, respectively. These low
correlations are explained by the dynamics of grass and weeds in the
field, which cannot be simulated by the MOHID-Land model. In 2019,
the best positive correlations were found in March, during the winter dry
season, when the presence of weeds was probably lowest. In 2020, the
best negative correlations were found in June (Fig. S4). As the year was
wetter in 2020, more weeds grew along waterlines and in the lower parts
of the field where the model predicted water accumulation and wetter
soil conditions. These had a large impact on NDVI, while MOHID-Land
simply considered these areas unsuitable for crop development,
returning a negative correlation with NDVI.

Despite the obvious difficulties in fully validating model results, this
application demonstrates that EMI sensing can be useful in indirectly
mapping spatial variability in soil properties (Taylor et al., 2003; King
et al., 2005; Kelley et al., 2017), which is useful in precision agriculture
for crop management planning, agrochemical applying, and irrigation
scheduling. It also improves knowledge of soil water dynamics and
identifies preferred flow paths at the field scale. Literature shows that
EMI data have already been used to identify preferred pathways at the
field scale (Zhu and Lin, 2009; Zhu et al., 2010; Triantafilis et al., 2013b;
Doolittle et al., 2013), usually by assigning corridors or lines of higher
EC, to concentrations of seepage plums. EMI data has also been inte-
grated with physical-based models to simulate the spatial variability of
soil water dynamics, crop growth, and yields across management zones
(Brogi et al., 2021, 2020; Wallor et al., 2019). As far as we know, EMI
data have not yet been used with a distributed three-dimensional model
to simulate soil water dynamics at field scale. In this study, the
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integration of EMI data and three-dimensional modeling has helped to
define a conceptual model of water dynamics at the field scale, that may
ultimately be useful for defining better management practices to control
soil erosion, runoff, and nutrient leaching from the study field.

Guo and Lin (2018) used a literature review to precisely define the
factors affecting preferential flow at different scales. On the almond
field, soil heterogeneity (soil texture and soil hydraulic properties),
topography, and water input characteristics (precipitation regime and
irrigation method) were identified as dominant factor affecting prefer-
ential flow. Soil stratification/structure (including soil cracks) and soil
management could probably also be important controlling factors, but
they could not be identified in the model simulations. The former
because no information on soil structure was provided to the model with
the assumed PTFs. The latter because the MOHID-Land model is still far
from such advances.

4. Conclusions

This study aimed to evaluate the spatial variability of the soil water
balance and fluxes at the field scale using the distributed model MOHID-
Land. An EMI survey was performed over a 22.6-ha almond field and the
inverted soil conductivity model was then related to the total sand and
clay contents and used to calculate maps of soil hydraulic parameters.
The model was used to simulate soil water dynamics at the field scale
during two growing seasons (2019 and 2020). Maps were calculated
with the spatial distribution of the components of the soil water balance,
namely actual crop transpiration (T,), actual soil evaporation (Eg),
percolation below the root zone (DP), and surface runoff (RO). Maps of
soil water contents were also calculated.

The results of the three-dimensional hydrological model made it
possible to identify the areas more suitable for crop development and the
preferred flow paths at the field scale. The main control factors influ-
encing preferential flow paths were also identified, namely soil hetero-
geneity, topography, and water input characteristics. Despite justifying
some estimates, these results were subject to considerable uncertainty,
mainly due to limitations in characterizing soil hydraulic properties
using available data and pedotransfer functions. Furthermore, the
parametrization of the model (e.g., describing the crop growth process)
and the coarse discretization of the soil domain were identified as factors
that influenced the reliability of the estimates. As a result, certain areas
requiring development were addressed and discussed. Nevertheless,
there is a strong interest in further pursuing and improving a method
that can enhance the combined use of EMI sensing and distributed
modelling. Such contributions are of particular interest to the field of
precision agriculture.
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