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Abstract

Purpose Climate change, increasing aridity, water scarcity and population growth, enhanc-
ing food demand and irrigated land expansion, are expected to increase the extent of
salinity-affected areas. This study aims to combine the crop-energy-water balance model
FEST-EWB-SAFY with Leaf Area Index (LAI) and Land Surface Temperature (LST) data
from remote sensing to monitor maize development in a field with a shallow water table and
highly affected by salinity.

Methods The FEST-EWB-SAFY model couples the distributed energy-water balance
FEST-EWB model, which computes time-continuous soil moisture and evapotranspiration,
and the SAFY crop model for yield prediction. The model was employed in synergy with
satellite observations of LST and LAI. LST was used for the calibration/validation of the
water and energy balances, whereas LAI was used both for the calibration of crop param-
eters and a data assimilation scheme.

Results The data assimilation scheme was able to reproduce the observed spatial heteroge-
neity in crop development, associated to the uneven water table depth and salinity distribu-
tion, as these effects were picked up from satellite. A good correspondence was also found
between modelled yield and the distributed samplings from a combined harvester equipped
with a yield monitor.

Conclusion The results, comparable to those obtained with the a posteriori calibration,
show that data assimilation of remote sensing observations allow to improve the model
as the agricultural season progresses, including information which is difficult to monitor
continuously in-situ.
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Introduction

The global water crisis, identified as one of the main climatic risks with important socio-
economic and environmental impact (World Economic Forum, 2020), is being exacerbated
by both water scarcity and quality. This crisis is projected to worsen, especially in arid and
densely populated regions (UN-Water, 2020), and considering the impact of climate change
on vegetation in general (Afuye et al., 2022; Morgese et al., 2024; Pravalie et al., 2022) and
agriculture in particular (Furtak & Wolinska, 2023; Wagqas et al., 2025; Yang et al., 2024).
Irrigation plays a critical role in sustaining food production (World Bank, 2017), especially
in regions with limited freshwater resources. However, ensuring the sustainability of irri-
gated agriculture when using low-quality water requires a comprehensive approach that
encompasses soil, water, and crops management to avoid the risk of declining crop produc-
tivity over time.

Soil and water salinity are known to cause major problems in crop development world-
wide. Salt presence may derive either from proximity of saline sources (e.g., nearby salt-
water bodies) or from the use of saline water (e.g., from saline groundwater reserves or
from recycled wastewater) in irrigation activities to overcome the problems of water scar-
city (Demir et al., 2006; Igbadun et al., 2008; Malash et al., 2008; Geerts and Raes, 2009;
Choudhary et al., 2010; Bannayan et al., 2013).

Estimates of worldwide saline soil area range between 833 Mha (FAO, 2021) and 1700
Mha (Negacz et al., 2022), with some studies assessing that 20% of all irrigated arable lands
worldwide is impacted by the phenomenon (Qadir et al., 2014). In some countries, almost
one third of the irrigated area is made up of saline soils (Shahid et al., 2018), as are the cases
of Argentina (35%), Egypt (33%) and Iran (29%). In terms of crop impact, the World Bank
estimated water salinity to be responsible of a reduction in global agricultural production
by 124-10° kcal/year, amounting to the annual calory budget of 170 million people (Russ
et al., 2020).

High salts concentrations in the soil and water have a critical impact on plant growth,
reducing crop water uptake as a consequence of increased the osmotic suction required to
extract water from the soil matrix. This effect hinders plant development, specifically the
growth of leaf and root systems, further curbing the transpiration (Paz et al., 2023). Gener-
ally, the crop damage depends on the salt tolerance of the specific plant, that can be negli-
gible for low salinities and increases with the saline concentration (Ashraf, 2004; Minhas
et al., 2020).

Direct observations of salinity can be performed using a range of devices which exploit
the link between salinity and soil electrical conductivity (EC, dS/m), and this has led to
the common practice of using EC as main proxy for salinity, instead of an actual ion con-
centration. One major issue in characterizing salinization over extended areas is the spatial
representativity (Lopez-Granados et al., 2002). In order to obtain the spatial distribution
of salinity, a network of sensors would be established, which makes the mapping costly
and subject to spatial interpolation uncertainties (Robinson & Metternicht, 2006). Improve-
ments can be achieved by applying geophysical methods to capture the spatial variability
of soil electrical conductivity and drive the traditional soil sampling (Corwin and Scudiero,
2019). Recent developments of Earth Observation (EO) technology have offered new ways
to monitor salinity indirectly, through its effect on plant development. Numerous remotely-
sensed vegetation parameters (e.g., Normalized difference vegetation index, NDVI; Leaf
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area index, LAI) allow to quantify crop health, whose link with salinity can be established
via crop models that can translate salt concentrations into crop impacts (Asfaw et al., 2018;
Dehni & Lounis, 2012; Khan et al., 2005; Salcedo et al., 2022), also considering the com-
bined effect of salinity and water scarcity (Wen et al., 2022).

Many modeling approaches have been developed to analyze the response of crops to
water and/salt stress with a varying degree of complexity, based on different assumptions,
equations and parameters (Brisson et al., 2003; Duchemin et al., 2008; Jones et al., 2003;
Manoli et al., 2015; Steduto et al., 2009). The relationship between salinity and impact on
the crop has traditionally been formulated as piecewise linear (Allen et al., 1998; Maas &
Hoffman, 1977; Ors & Suarez, 2017; Patane et al., 2013), with varying parametrizations
(Grieve et al., 2012). Alternatively, non-linear approaches have also been formulated (Step-
puhn et al., 2005; Van Genuchten & Hoffman, 1984).

However, the calibration of model parameters is usually time-consuming and requires a
large number of high-quality data that can be subjected to changes in climatic conditions,
crop variety and cultivars, or field management (Gupta et al., 2006; Seidel et al., 2018; Wal-
lach, 2011). In addition, the calibration procedure could not provide an equivocal outcome
(Seidel et al., 2018).

Data assimilation (DA) techniques have been widely used to improve the performances of
agro-hydrological modelling, especially for large areas analyses in conjunction with remote
sensing data (Casa et al., 2016; Dorigo et al., 2007; Huang et al., 2019; Lu et al., 2021; Near-
ing et al., 2012; Silvestro et al., 2017, 2021). The uncertainties in model parameters are con-
strained by assimilating observations to update modeled state variables, which are directly
connect to crop growth or yield production, as the leaf area index (Chen et al., 2018; Tewes
et al., 2020; Wang et al., 2013), canopy cover (Lu et al., 2021), together with soil moisture
(Ines et al., 2013; Zhang et al., 2020) and evapotranspiration (Huang et al., 2015). However,
to the best of the authors’ knowledge, no studies are available on the assimilation of satellite
LAI data into a complete crop-water-energy balance model, improve crop growth modeling
under salinity stress conditions and changing water availability.

In this work, a data assimilation procedure was developed to improve the simulation
of maize growth and yield production on a farm characterized by saline soils, originating
from seawater intrusion. The farm is located in a coastal area in North-East Italy. The high
salt concentration in water and soil is favored by the vicinity of the Venice Lagoon and
the Adriatic Sea and the elevation of the land surface from 2 to 3 m below mean sea level.
The FEST-EWB-SAFY model (Corbari et al., 2022), which couples the distributed energy-
water-balance model (FEST-EWB) and the crop model (SAFY), was used. LAI information
derived from Sentinel 2 was assimilated into the model, aimed at enhancing model perfor-
mance in the absence of a priori knowledge of salinity distribution.

This allowed to account for missing information about some processes that can alter the
dynamics of water movement into the soil or crops growth. The results were compared with
those obtained from the implementation of a calibration procedure of the crop growth model
parameters, using salt distribution data from local measurements. The models were applied
over the 4 crop seasons between 2019 and 2022.

The objectives of this study are: a) to evaluate the capability of a data assimilation proce-
dure to update the model state values (e.g., LAI) overcoming the knowledge gap of salinity
distribution, and b) to understand the possibility of limiting the need for complex calibration
tasks to improve the simulation of maize growth and yield.
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Methodology

The methodology that was implemented to quantify the impact of soil salt concentration on
crop growth and yield can be divided into two main steps (Fig. 1): 1) standard model cali-
bration of soil hydraulic and crop parameters and validation against independent observed
data. For this strategy, salinity information is assumed to be known a priori and steady
during the time of the simulation (Minhas et al., 2020). The second strategy is based on the
assimilation through the ensemble Kalman filter (EnKF) technique of satellite-observed
LAI maps to update the state of the model. In this case, soil salinity concentration is con-
sidered to be unknown, and it is obtained only indirectly through the crop development as
observed from satellite.

The FEST-EWB-SAFY model

The crop-energy-water balance FEST-EWB-SAFY modelling approach (Corbari et al.,
2022) couples the distributed energy-water balance FEST-EWB model (Corbari et al.,
2011), which allows computing soil moisture and evapotranspiration (ET) fluxes continu-
ously in time and distributed in space, with the SAFY (Duchemin et al., 2008), simple model
for yield prediction and plant development.

More specifically, FEST-EWB solves the system of energy and water balances equa-
tions, linked through the evapotranspiration-latent heat connection. Both equations depend
on land surface temperature, meaning that this variable is computed internally by the model
without the need of any external input and can be directly compared with the remotely
sensed LST. The SAFY model (Simple Algorithm for Yield Estimates) is a parsimonious
agronomical model that simulates the Green Area Index (GAI) and Dry Aboveground Mass
(DAM) at a daily time step (Duchemin et al., 2008), combining Monteith's light-use effi-
ciency theory (Monteith, 1977) with a leaf partitioning function.
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Fig. 1 The scheme of the methodology, highlighting the two approaches: (1) model calibration and (2)
data assimilation (DA)

@ Springer



Precision Agriculture (2025) 26:91 Page 5 of 26 91

Soil water balance is formulated over two soil horizons (i.e., a superificial and a deeper
layer) and its system with the energy balance and the biomass evolution equation is formu-
lated pixel-wise:

%oAzl =P+ 1+ Cuy— Pepy— ET()
S
M<2) o Azy = Pe(py + 0(2) C(l) — Pe(g) — ET () (1)
Rn -G — =0

ADAM = APAR o PL’IL@ L4 f (TCL) Kwaters L KsaltS

where SM;, and SM ) refer to the soil moisture of the superficial and deep layers, respec-
tively (-), P is the precipitation rate (mm h™"), / the irrigation (mm h™!), Pe, the drainage flux
from the shallow layer to the deeper one (mm h™!), while Pe, the drainage from the deeper
one (mm h™!), ET the evapotranspiration (mm h!), Az, and Az, are the superficial and deep
soil depth (m), respectively, C, is the capillary rise between the two layers (mm h™') and C,
between the deep layer and the groundwater table (mm h™"), Rn (W m™?) is the net radiation,
G (W m?) the soil heat flux, # (W m~?) the sensible heat flux and LE (W m ) the latent heat
flux. The total evapotranspiration from the soil layers is partitioned into the shallow-layer
(ET,) and the deep-layer (ET,) components.

The DAM production is a function of the effective light-use efficiency (LUE), the daily
temperature (T,) and the daily photosynthetically active radiation absorbed by the canopy
(APAR). Its evolution can be impacted and reduced by air temperature and/or stress due to
water scarcity (through the coefficients f(7a) and K, .., respectively). A complete descrip-
tion of the model is provided in Corbari et al. (2022).

To account for soil salinity in the model calibration strategy, a salt stress coeffiecent
(K,q5) Was introduced as an additional multiplicative factor, based on the definition by
Allen et al. (1998), to enforce a linear decrease of the crop yield depending on salinity:

b
Koang =1— Ky 100 (EC — ECrow) 2

where EC is the electrical conductivity of the soil water (dS m™"), EC; - is the EC threshold
until which the crop yield is unaffected by salt presence, b is the slope of the yield decrease
due to salinity increase and Ky is a yield reduction factor. These parameters are crop-spe-
cific, as characteristic of each crop’s response to salinity, and are provided in the FAO Irri-
gation and Drainage Papers No. 33 (Doorenbos et al., 1979) and 48 (Rhoades et al., 1992).

FEST-EWB-SAFY has been demonstrated to be able to simulate LAI evolution and crop
yield at local and Irrigation district scales, when compared to satellite LAI maps and statisti-
cal yield data (Corbari et al., 2022). The baseline energy-water balance FEST-EWB model
had previously been applied in several contexts, verifying modeled ET and SM at local
scale against measurements from eddy covariance stations (Paciolla et al., 2021) as well as
at irrigation consortium scale in comparison to satellite land surface temperature (LST) data
(Corbari & Mancini, 2023).

For this study, the FEST-EWB-SAFY model was implemented during the crop seasons
between 2019 and 2022, at a 1-h temporal resolution and 5 m spatial resolution.

The main input parameters to the model are: (1) meteorological forcings: air temperature
and relative humidity, incoming shortwave radiation, wind speed and rainfall; (2) maps of
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soil hydraulic parameters; (3) vegetation parameters; (4) groundwater level; (5) salinity
concentration (if needed).

Model calibration

The model was calibrated and validated by comparison with various ground and satellite
data, to verify multiple component of the soil-plant-atmosphere water cycle. The year 2020
was used for calibration, while the remaining years (2019, 2021 and 2022)- for validation.

Firstly, the water-energy budget dependent parameters were calibrated pixel-wise, look-
ing for the minimization of the Root Mean Square Error (RMSE) between simulated and
observed LST using the procedure developed by Corbari and Mancini (2014). The param-
eters relative to each pixel are modified independently from the values in the other pixels.
The main soil hydraulic parameters to be involved in this procedure are the soil saturation
water conductivity, the pore size distribution Brooks-Corey index, and in addition the resis-
tances to evaporation as the vegetation minimum stomatal resistance and the aerodynamic
resistance. These parameters have been selected after multiple analyses of the model results
sensitivity to them and the amplitude of their possible correction during the calibration
process, thoroughly discussed in previous applications of the FEST-EWB model (Corbari &
Mancini, 2014; Corbari et al., 2015; Corbari et al., 2022; Corbari et al., 2011).

The same approach is adopted for the pixel-wise calibration of the crop growth param-
eters, in which the calibration goal is to minimize the difference between modeled and
remotely-observed LAI (Corbari et al., 2022).

Finally, the model was validated locally against ground measurements of soil moisture at
different depths and distributedly against crop yield maps recorded by a combaine harvester
equipped with a yield monitor.

LAl data assimilation

The employed DA approach is based on EnKF (Evensen, 2003, 2009), a recursive Bayesian
estimation technique. This method estimates the true probability density function of model
states, given corresponding observations. It is a modified version of the linear Kalman filter
utilizing Monte Carlo simulations. The state probability distribution is represented by an
ensemble, propagated forward in time and updated upon the availability of new observa-
tions. Whenever an observation is available, the EnKF independently updates each member
of the ensemble, combining observations and knowledge concerning temporal evolution,
along with the state error covariance. The mean of all the ensembles corresponds to the
updated estimates. The definition of the errors on the observations is crucial for the perfor-
mance of the EnKF.

In this specific application, 100 ensemble members are used, and model errors are
included through errors in the model initial conditions, on the meteorological forcing data
(radiation and air temperature), and on LAI observations. The former two are perturbed with
a normally distributed function, with null mean and observation errors equal to the average
standard deviation. On the other hand, perturbations on LAI are done using a lognormal
error distribution instead of the Gaussian one to account for the constrain of non-negative
values (Kondrashov et al., 2011). The observation error is equal to the standard deviation
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over the years. Thus, in the DA scheme, the LAI variable is assimilated through its loga-
rithm (A4):

LAI ~ Ln(ppar,opar) — A =1log(LAI) ~ N (urn(Lan: OLN(LAT)) (3)

where the LAI variable has a logarithmic distribution with average y; ,; and standard devia-
tion o, ,;, meaning that its logarithmic transform (A1) is normally distributed, with mean
Hineap and standard deviation o,y 4)-

Whenever new observations are available, the model state update will be performed on
the logarithmic transform, between the logarithms of modelled and measured LAI. Finally,
the updated logarithmic transform variable (A(*??)) will be reverted to the original mod-
elled one (LAI (up d')) to be reintegrated into the model. The state updates in the DA process
correspond to the local satellite overpass time. The model was finally validated against the
crop yield maps obtained from the combined harvester machine.

Case study and data

The study area is located at Ca’ Bianca, Chioggia (North-East Italy), in the lower reaches
of the Po Valley along the southern margin of the Venice Lagoon (Fig. 2). The focus is on
a 21-ha field, highly affected by soil and water salinity caused by seawater intrusion (Zan-
canaro et al., 2020). This salinity is further exacerbated by interactions between the native
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Fig. 2 The Ca’ Bianca experimental site location in Italy. (a) Map of the study area and location within
Italy, with piezometers and relative water table depth measurement; (b) map of average electrical conduc-
tivity (EC) with the five soil moisture measurement points (S1 through S5) and the two points extracted
for the analysis on extreme soil salinity (A and B); (¢) map of soil sand content; (d) map of soil clay
content
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salts and the peaty soil, a condition stemming from the relatively recent reclamation of the
area just a few decades ago (Zancanaro et al., 2024; Bevington et al., 2019; Scudiero et al.,
2013). Indeed, the soil is predominantly silty clay with the presence of acidic peat and sandy
drifts (paleochannels), like the one identified by a strip with soil sand contents above 60%,
clearly visible in Fig. 2¢ (Bevinghton et al., 2016). The site lies below mean sea level (from
—1.0 to —3.3 m), with a pumping station and a dense network of open ditches controlling the
depth of the water table, which is maintained fairly shallow in summer in order to promote
sub-irrigation. Water table level ranges from —0.5 to —1.8 m below ground level, with little
vertical variation (~5 cm) during the year. For this field, uptake from the groundwater table
is the only source of irrigation for the crop.

The climate is sub-humid, with annual rainfall around 670 mm. In the median year,
rainfall is highest in autumn (190 mm) and lowest in winter (130 mm). Reference evapo-
transpiration (ET,) is 850 mm, with a peak in July (4.8 mm d "), and exceeds rainfall inputs
from May until October.

Ground data

A field experiment was conducted in the years between 2019 and 2022 to test a novel miti-
gation technique against salt water contamination (Zancaro et al., 2024). Rainfed maize was
cultivated in these four years: 2019 (planting date 3/24, harvest date 10/1), 2020 (planting
date 3/23, harvest date 9/11), 2021 (planting date 3/25, harvest date 9/10), and 2022 (plant-
ing date 4/5, harvest date 9/3).

A weather station (Atmos 41, METER Group, Inc., Pullman, WA, USA) was installed
near the experimental field to record hourly data of air temperature, precipitation, relative
humidity, wind speed and incoming shortwave solar radiation.

A network of 5 permanent field stations was installed in different locations within the
field: stations S1, S2 and S3 monitored a mainly sandy paleoriver crossing the field from
southwest to northeast, whereas stations S4 and S5 monitored the fine texture area border-
ing the paleoriver (Fig. 2b). Every monitoring station was equipped with four TEROS-12
sensors (METER Group, Inc., Pullman, WA, USA). Data were hourly recorded by ZL6
dataloggers (METER Group, Inc., Pullman, WA, USA). The sensors were placed at depth of
10, 30, 50 and 70 cm for measuring soil moisture (m> m ), bulk electric conductivity (mS
cm™ 1), temperature (°C) and matric potential (kPa).

Piezometers were also installed at 2-m depth 5, 10 and 20 m close to the S2 monitoring
station, on both sides, and water level and salinity were measured by a freatimeter and by
a portable conductivity meter Cond 3110 (Xylem Analytics, Germany), respectively. The
locations of the piezometers are shown in Fig. 2a, and they provided periodic readings
(roughly once a week) to monitor the evolution of the water table depth.

Soil electrical conductivity (EC) had been measured in 2012, at the depths of 0—15 cm,
1545 cm, 45-80 cm and 80-120 cm, over 123 sampling points, whose data was interpo-
lated to obtain a map of salinity distribution (Fig. 2b).

LAI measurements were collected nearby the five soil moitsure monitoring stations, three
times in 2019 (25/07, 02/08, 25/08), five times in 2020 (29/05, 12/06, 25/06, 16/07, 31/07),
four times in 2021 (07/06, 18/06, 12/07, 10/08) and 2022 (10/06, 04/07, 21/07, 04/08). In
addition, prior to harvesting, maize kernel and plant biomass were separatly collected to cal-
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culate the harvest index. LAI was measured using a ceptometer (Accupar LP-80, Decagon
Devices Inc., Pullman, WA, USA), averaging the values of 3 sub-repetitions.

Yield data was recorded using a Claas Lexion 780 (Claas Group, Dissen Germany)
equipped with a yield monitor and a differential global positioning system. Raw yield
data were retrieved by using a digital data transfer system (i.e., TELEMATICS) cleaned to
exclude field-edge effects and harvester manoeuvres using the methodology described in
Vega et al. (2019). Yield data are expressed as grain dry matter per hectare (t DM ha™') and
have been collected only in the northern part of the field (Scudiero et al., 2014). In addition,
yield data was not available in 2022.

Satellite data
Land surface temperature

Land surface temperature data were obtained from the Landsat 8 (L8) and Sentinel 3
satellites.

The Landsat 8 LST data have been directly obtained from the Landsat level 2 product
(Cook, 2014), with a spatial resolution of 30 m and a temporal frequency of 16 days.

Sentinel 3 LST data have been obtained from the Sea and Land Surface Temperature
Radiometer (SLSTR) sensor (Polehampton et al., 2023), which has a spatial resolution at
nadir of 1 km. LST data were obtained employing the split window (SW) technique, based
on the differential atmospheric absorption of two thermal channels typically located at 10.5
and 12 pm (Sobrino et al., 1996). The SW equation reads:

LST =T; +ap — a1 (T; — Tj) + ax(T; — Tj)2 + (az + aqw) (1 — €) + (as + agw) Ae  (4)

where 7; and 7; are the at-sensor brightness temperatures at the SW bands i and j (measured
in Kelvin), ¢ is the mean Land Surface Emissivity (LSE), £=0.5 (¢g;+¢)), 4¢ is the LSE dif-
ference, de=¢;—¢;), w is the total atmospheric water vapor content (in g/cm?) and a,-a, are
the coefficients from Sobrino et al. (2016).

The LST data at 1-km spatial resolution were downscaled at 10 m resolution, through
the Nearest Neighbor Temperature Sharpening (NNTS) method, based on a linear regres-
sion between LST and NDVI accounting for similar pixel properties and relative distance
(i.e., more weight is assigned to the closest similar pixels). The NDVI was obteined at 10 m
of resolution from Sentinel-2 MultiSpectral Instrument (MSI). For more information see
Skokovic (2017) and Corbari et al. (2020).

Vegetation indices

Vegetation indices have also been obtained from Landsat8 data. The Fractional Vegetation
Cover (FVC) has been computed following Gutman and Ignatov (1998), as:

NDVI—-NDVIg 5
NDVIy —NDVIg )

FVC =
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where NDVIs and NDVIv are representative NDVI values for bare areas and green vegeta-
tion, respectively. For our study area, the maximum and minimum NDVT are 0.2 and 0.9,
respectively, following the algorithm hypotheses of Gutman and Ignatov (1998). The Leaf
Area Index (LAI) data has then been retrieved as a function of the FVC, following Choud-
hury (1987):

B —In(1 - FVC(C)
LAI = 7k(9) 6)

where k(6) is the light extinction coefficient for a given solar zenith angle (¢). The solar
zenith angle depends on terrain geometry, solar declination, solar elevation angle, latitudinal
location and day of the year. The light extinction coefficient is a measure of attenuation of
radiation in the canopy, which for our test site, it was calibrated according to ground LAI
measurements to 0.5.

Albedo has been calculated based on the relation proposed by Ke et al., (2016), as:

g2 = 0.130b; + 0.115b2 + 0.143bs + 0.180b4 + 0.281b5 + 0.108bg + 0.042b7  (7)

where b, is the surface reflectance observed for band x.

Results

This work focuses on 4-years study period, covering the agricultural seasons of 2019 to
2022, which showed quite heterogeneous meteorological conditions. In 2019, the cropping
season experienced significant rainfall, totalling 524 mm between April and September,
with the exception of June, which had an average temperature of 24.7 °C and only 2 mm of
rainfall. In contrast, the cropping seasons of 2020, 2021, and 2022 had similar cumulative
rainfall amounts, with 249 mm, 227 mm, and 264 mm, respectively, during the same period.
The 2022 season was notably the driest due to exceptionally low rainfall and high tempera-
tures recorded from June to August.

Water-energy balance calibration and validation

The FEST-EWB-SAFY model produces as outputs the hourly land surface temperature
maps, which have been used for calibrating the model parameters linked to the water-energy
balance. Since Landsat LST images have a resolution of 30 x 30 m, the modeled LST have
been aggregated from the original resolution of 5% 5 m to the Landsat one, by an arithme-
tic mean of the simulated values of each pixel included in the bigger pixel of the satellite
images.

During the 2020 calibration year, a mean pixel-by-pixel absolute error (MAE) of 3.0 °C
and a RMSE of 3.5 °C are obtained for the whole crop season (Table 1). Similar errors are
found during the validation years (2019, 2021 and 2022), with a MAE of 3.5 °C and a mean
RMSE of 2.9 °C, with small differences among the years. The spatial distribution of the
errors is shown below in Fig. 3, where it is possible to identify spatial trends in the field,
highlighting underlying soil salinity patterns. For instance, for year 2022, the area within the
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Table 1 Pixels average surface
temperature errors between
model outcome and satellite ob-
servations for both Landsat8 and
Sentinel3 data. (MAE=Mean
Average Error, RMSE=Root
Mean Square Error, R?=coef-
ficient of determination)
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Landsat8 2019 13 2.5 3.0 091
2020 (calibration) 12 3.0 35 0.61
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Fig.3 Mean Absolute Error (MAE, left-hand column), Root-Mean Square Error (RMSE, middle column)
and coefficient of determination (right-hand column) between the FEST-EWB-SAFY model outcomes
and the Landsat observations of Land Surface Temperature over the 2019-2022 period

north-west corner of the field with relatively higher model errors is also an area with higher
soil salinity (Fig. 2b, just north-west of point B) and lower soil sand content than the rest of
the field. In this case, the model might have struggled to properly identify the effect of a high
salinity, potentially overestimating it as opposed to the water stress and leading to sparser
vegetation and generally higher surface temperatures. This effect may have been amplified
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Fig.4 Soil moisture dynamic at 10 cm and 70 cm as obtained from ground observations and FEST-EWB-
SAFY model for the stations S2 and S4 in 2019, and for the stations S1 and S4 in 2021

Table 2 SM errors at the 5 Years Superficial (10 cm) Deep (70 cm)

monitoripg stations between field RMSE [m® MAE RMSE MAE

observations and FEST-EWB- m3 mm? [mm?d  [m

SAFY model outcomes m
2019 0.053 0.041 0.047 0.038
2020 (calibration)  0.070 0.057 0.062 0.042
2021 0.104 0.078 0.087 0.072
2022 n/a

by a secondary consequence of high salinity levels, i.e., the creation of micro-fractures and
soil cracking (Feng et al., 2024; Lima & Grismer, 1992), which might increase the effective
soil water permeability as opposed to the undisturbed value obtained for the same soil in
laboratory analyses. This effect, favoring percolation, could exacerbate water scarcity, but
the model could underestimate it, causing higher local errors.

A similar comparison was done against the downscaled LST images obtained from the
Sentinel 3 data (Table 1), resulting in a MAE of 3.4 °C and a determination coefficient of
the linear regression equal to 0.85. It’s worth to notice that the number of available images
from Sentinel 3 is more than ten times the one from Landsat.

The energy-water balance component has then been locally validated against observed
ground soil moisture data (Fig. 4). Four plots have been selected to showcase the good
correspondence in terms of soil moisture temporal dynamics, both considering the surface
and deeper soil moisture. The general trends are well captured, while some biases between
model and observations of the deeper SM have been found for 2021 or some difference in
the oscillation amplitude for the superficial SM.

An overview of the overall model errors at both sampling depths is shown in Table 2,
with the best performances observed in 2019. No significant difference has been observed
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for the sensors placed within the paleoriver area (S1, S2 and S3) and those on the border of
this area (S4 and S5).

Crop growth component

Once the water and energy balance parameters have been calibrated, the focus has been
shifted to the crop growth component of the modelling structure.

Calibration of the crop component

The same calibration procedure, applied in Sect."Water-energy balance calibration and
validation"on the LST data for the soil parameters, has been performed for the crop param-
eters, comparing the modelled and observed LAI from Landsat pixel by pixel. Thus, the
model parameters have been modified in each pixel independently one from the others.
The effect of salinity on the crop is here reproduced using soil salinity data (in terms of soil
absolute EC) as input information, with a temporally constant map for the whole field. In
Fig. 5, the LAI seasonal dynamic is reported for two selected points. The yellow dots iden-
tify the satellite observations, while the blue line represents the calibrated model estimates.
A positive agreement has been found in both the calibration and validation years. It is pos-
sible to observe how the model is able to simulate the overall trends in growth, maturation
and senescence.

In Fig. 6, LAI maps for some example dates in 2020 are shown, with the left-hand column
showing the satellite observations and the central one the corresponding model simulations.
The LAI spatial variability displays a strong impact from the EC distribution (Fig. 2), with
larger LAI values in the south-west corner of the field, characterized by lower salinity. The
model performs equally well across all crop growth stages, showing some higher-resolution
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Fig. 5 Temporal evolution of LAI from model calibration (blue line) and data assimilation (interquartile
range in grey, median in black) against satellite retrievals (yellow dots) for points P4 and PS5, during years
2019-2022 (2020 highlighted as calibration year)
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Fig. 6 Maps of LAI from satellite observation (left-hand column), model calibration (central column) and
model data assimilation (right-hand column) in three example dates in 2020

Table 3 Average model errors Year Model Calibration Data Assimilation
against remote sensing observa-

2 2
tion of LAI over the whole MQE [ RI\;[SE_Z M_é E [m RB;[SE
m | [m*m™] m™] [m

field area, for years 2019-2022. m?|

Ther performance indices are

provided for the calibration and 2019 0.79 0.95 0.51 0.75

DA model 2020 (calibration) 0.83 1.09 1.19 1.66
2021 1.19 1.39 1.20 1.93
2022 0.86 1.07 0.83 1.14

details with respect to the satellite observations, as the model is run at 1/36 of Landsat’s spa-
tial resolution (5 x 5 m? against 30 x 30 m?). LAI map on May, 27th shows a smaller spatial
variability than that of August, 15th. This is due to the fact that, with time, higher salinity
and coarser soils impact on plant growth and differentiate crop development within the field.
By senescence (which occurs in August), these effects have reached their peak and the sub-
areas with different salinity and soil texture within the field are clearly visible from satellite.

The average error statistics for the whole field over the four investigated years are shown
in Table 3. Considering that peak LAI can exceed 8 m? m™2, the values of MAE and RMSE
are relatively low, with average values of 0.83 m> m ™2 and 1.09 m? m™2, respectively, for the
calibration year (2020). The validation years show similar statistics, with 2019 displaying a
slightly stronger performance than 2020.
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Combined Harvester Calibration Data Assimilation

2019

2020

2021

Fig. 7 Crop yield maps from the combined harvester (left-hand column) and model results, both cali-
brated (middle column) and after data assimilation (right-hand column)

Table 4 Average model errors against ground observations of final yield over the whole field area, for years
2019-2022. The performance indices are provided for calibration and DA model

Year Model Calibration Data Assimilation
MAE [ton/ha] RMSE [ton/ha] R? MAE [ton/ha] RMSE [ton/ha] R?
[-] [-]

2019 1.9 2.5 0.07 2.1 2.7 0.10
2020 (calibration) 1.7 2.2 0.10 1.3 1.7 0.09
2021 1.7 2.2 0.03 29 33 0.22
2022 n/a

Finally, the FEST-EWB-SAFY yield estimates were compared to the crop yield mea-
sured by the combined harvester machine (Fig. 7). Generally, the observed data shows an
average yield equal to 5 t ha™! in the northern part, during 2019 with a significant decrease
in 2021. Simulated crop yield shows a consistent estimate and spatial distribution, appear-
ing significantly affected by groundwater table depth and EC distribution, with some yield
patterns showing some correlation to the salinity map in Fig. 2. The global error statistics
are shown in Table 4, with model calibration yield showing an average RMSE of 2.5 t ha™!
for 2019 and 2.2 t ha™! for 2020 and 2021.
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Assimilation of observed LAl maps

The second implemented approach was based on the assimilation of satellite LAI informa-
tion and on the assumption that the model had no information regarding salt concentration.
By picking up the satellite observations of LAI as the simulation proceeds, the model is
expected to acquire information about salinity indirectly, via the effect on the crop observed
from satellite.

The temporal evolution of the data-assimilation LAI is shown in Fig. 5. Among the
100-elements wide ensemble, the dark grey band represents the interquartile range (25th-
75th percentiles) and the black line the median. The ensemble of simulated LAI follows
the observed data, with the largest ensemble divergence in the period with the highest LAI
value. In this case, it is worth noting that, whenever a new satellite observation becomes
available, the model corrects not only its instantaneous LAI estimate, but also the plant
growth stage. In 2021, for example, the first satellite image was available only around mid-
June. By this time, the model (running on its own) had already reached the LAI growth
plateau, but at a lower value (roughly 5 m? m2) than the actual observation. In this case,
the DA process not only corrected the LAI estimate but also re-calibrated the phase of plant
development, continuing growth in the following weeks. Year 2021 is a clear example of the
problems that arise when few observations are available.

The comparison between the original satellite data and the results produced through DA
is shown in Fig. 5 (left-hand and right-hand columns, respectively). The interpretation of
LAl evolution is fairly good, with the DA model outperforming the calibrated one over some
areas (e.g., in the north-eastern field sector). In other areas, where lower saline concentra-
tion is present (south-west field corner), the calibrated model seems closer to the observa-
tions, even though the DA model performs nicely in identifying the general in-field patterns.
The different performances of the calibrated and DA models across the years are shown in
Table 3, with the errors by the latter similar, or even lower, than those by the former.

An equally good performance is displayed by yield maps (Fig. 7), where the DA model
is able to capture spatial singularities sometimes more clearly than the calibration model,
especially in 2020 and 2021. The areal error statistics in Table 4 confirm this positive result,
with the values in 2020 better than those for the calibrated model.

Salinity and water effect

A focus on the effect of salt concentration on the DA model run is shown in Fig. 8 for two
selected pixels, with diametrically opposite saline concentrations. Their positions are high-
lighted in Fig. 2: Point A, with a low salinity (0.3 dS/m) and Point B, with a very high one
(5.8 dS/m, almost 20 times higher). This difference in salinity already emerges from the
satellite LAI data, with bigger values of LAI (roughly + 15%) over the site with the lowest
saline concentration. The model, initially unaware of the salinity distribution, starts from the
same conditions at both points. However, through DA of satellite observations, the model
successfully reproduces the observed temporal evolution of LAI, which is influenced by
salt concentration. The figure clearly shows the significant influence exerted by the satellite
retrievals on the model outcomes, with sharp variations in modelled LAI whenever a new
image is available.
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Fig. 8 LAI temporal dynamics for two control points, as obtained from the DA results (grey area and
black line), the calibrated model results (blue line) and the satellite observations (yellow dots)

Extending the focus to the whole study area, Fig. 9 (upper row) shows the comparison
between the modelled estimates of LAI at its peak in 2020 (recorded around July, 6th)
and cumulated ET versus the observed root-zone EC. For the calibrated model (Fig. 9a),
the salinity effect is very clear, with a marked decrease in maximum LAI for pixels with
salinity higher than the lower threshold tolerated by the crop (EC; ), which is 1.7 dS/m.
The colours identify the cumulated yearly ET, showing how the pixels with less-developed
crops (lower peak LAI) contribute less to the global field ET. On the other hand, the most
pixels with higher ET values are located in the top-left corner of the plot, corresponding
to the lowest saline concentrations (generally associated with higher soil sand contents,
as shown in Fig. 2) and to the highest LAI values. These results reflect the structure of the
FEST-EWB-SAFY model in the description of the salinity effect, when EC information is
used as input. In Fig. 9b, the same plot is replicated for the results from the DA scheme. In
this case, the data points are clustered in horizontal lines, characterized by few similar peak
LAI values. This is a direct consequence of the DA process: the correction of LAI model
estimates with observations resets the temporal evolution of plant development to the value
of the EO retrieval (accounting for the measurement error). In addition, as the resolution of
the Landsat images is lower than that of the model (30 x 30 m? against 5 x 5 m?), numerous
pixels share common LAI values. During the investigated period 14 satellite images were
available, corresponding roughly to a new image every 11 days (or less, in clear-sky periods
like summer, when the peak leaf density is reached). This means that there was not enough
time between two successive satellite overpasses for the modelled plant development to
diverge clearly from the previous EO-driven correction. In this setup, the correction from
satellite dominates over the modelled crop dynamic. For the same reason, the distribution of
ET values is less evident than for the calibrated model: the single pixels are reset multiple
times during the simulations, leaving only those less affected by salinity (thus with con-
sistently high LAI values during the whole season) to provide the highest cumulative ET
values. Finally, as the model is uninformed about salinity content and crop tolerance thresh-
olds, the effect of EC; ) is less marked than in the calibrated model and heavily reliant on
the salinity impact on LAI and its visibility from satellite.
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Fig. 9 Three-variable scatter plots showing EC and modelled peak LAI against modelled cumulated ET,
for the calibrated model (a) and the data assimilation model (b). In the lower row, plots between modelled
peak LAI and sand soil content against cumulated ET, for the calibrated model (¢) and the DA model (d).
The plots refer to the year 2020

Finally, Fig. 9.c-d shows the effect of soil water fluxes on peak LAI and cumulative
ET, via the proxy of soil sand content. Although this parameter is representative of the
hydraulic characteristics of the soil texture, its effective value could be altered by salinity,
via phenomena like salinity-induced soil cracking (as discussed in Sect."Water-energy bal-
ance calibration and validation"). In this case, both calibrated model and DA model show a
weaker trend. Generally, the pixels associated with high peak LAI and cumulated ET values
also have higher soil sand content. This condition favors capillary rise and water uptake
from the groundwater table, and it is generally correlated with lower salinity (see Fig. 2). On
the other hand, the higher soil conductivity in sandy soils is also associated with increased
percolation losses and enhanced vulnerability to water stress condition, so the final distri-
bution of points in Fig. 9c¢ is the result of a trade-off between a series of opposing effects.
On the opposite end, low-ET points (red values) are associated with low peak LAI and soil
sand contents. These plots suggest that soil salinity is the main limiting condition for crop
growth in this field, showing a stronger effect on leaf development and ET activity than soil
hydraulic properties. This may descend from the high water availability in this field, due to
the very close proximity of the shallow groundwater table, which may decrease the potential
threat posed by water scarcity. However, the distributions showed in Fig. 9 are the result of
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a complex juxtaposition of different phenomena, like the fact that higher soil permeability,
which at the same time favors groundwater uptake and causes percolation losses (and water
stress), is associated with lower salinity concentrations and so less salinity-induced stressful
conditions for the crop. On the contrary, high salinity on low permeability soils may con-
tribute to improve the conditions for the crop (i.e., soil cracking with consequent increase
in local permeability).

Discussion

Monitoring the effect of salinity and water availability on crop productivity in saline-prone
areas is critical to improve field and irrigation management and optimize final yield.

Most approaches available in literature for modeling the effect of salinity on crop growth
and development can be broadly categorized into two types: 1) field-scale calibration, where
parameters for the specific crop varieties are calibrated using detailed field-scale data, ensur-
ing accurate and site-specific results (Rosa et al., 2016; van Dam et al., 2008), 2) regional to
continental scales applications, where standard parameters values without specific calibra-
tion are used, allowing for broader applications but with reduced accuracy at finer scales
(Kramer & Mau, 2023).

The approach shown in this work offers an effective solution for simplifying the model-
ling of salinity impacts on crop yield. It bypasses the need for detailed local observations
of salt concentration and instead directly focuses on the influence of salinity on crop per-
formance. This allows for broader applicability across different regions and reduces the
reliance on site-specific data, enhancing the model’s utility in varied agricultural settings.

The results showed that the assimilation of satellite LAI data into the FEST-EWB-SAFY
model allows for improvement in the representation of crop growth dynamic and production
under salinity stress conditions and changes in water availability. This approach effectively
captures spatial variability within the field, significantly reduces the effort needed for model
calibration, and removes the necessity for direct salinity input data.

From the operational point of view, this might be extremely useful, as it can be applied
during the agricultural season itself and without the need for extensive salinity measure-
ments. This makes the approach feasible also for applications over large irrigation consortia,
where specific information on salinity distribution and on crop variety and cultivars are dif-
ficult to obtain (Jégo et al., 2010).

However, as this approach is strongly reliant on remote sensing imageries of vegeta-
tion status, their spatial resolution and temporal frequency have critical importance for the
quality of the results. Satellite observations in the visible range can attain resolutions up
to 10x 10 m?: this may be too coarse to capture singularities in the salinity field, but the
impact of salt on crop production is clearly visible, as shown in Fig. 6. On the other hand,
the number of satellite overpasses bears a much more critical weight on the final accuracy
(Pauwels et al., 2007; Tupin et al., 2014; Xie et al., 2017). An example of this is clearly
visible in the point plots of Fig. 5, where the EO data scarcity recorded in 2021 has clear
impacts on model performance. With only one Landsat satellite image available between
mid-April and early August, ensemble runs are greatly dispersed, with the median LAI
reaching considerably high values around the period of peak development. Based on this
observation, satellite-based approaches are more viable for regions with limited cloud cover
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during the period of plant development. Consequently, its accuracy may be uncertain over
very humid areas or for crops cultivated during the fall-winter period in temperate climates,
where cloud cover is more frequent and could interfere with data acquisition. On the other
hand, uncertainties in the satellite observation itself are dampened across the width of the
simulation ensemble during the data assimilation process.

In contrast, the standard model calibration approach provided consistent accurate results
in terms of LAI, crop yield, soil moisture dynamics and spatial variability, but it required
several iterative simulations for calibrating the key model parameters (Corbari & Mancini,
2014, 2023; Corbari et al., 2020). However, these are specific for the crop variety or cultivar
of the analyzed field which are not transferable to larger areas (Morell et al., 2016; Lopez-
Granados et al., 2002; Gaso et al., 2019). The implemented linear relationships between
EC,, crop yield and K, may also pose some limitations, especially for very high salinity
areas, or the use of a single seasonal value for K¢, although the effect of salinity on crop
growth varies during the crop season (Minhas et al., 2020; Kiremit et al., 2016; Payo et al.,
2017).

In addition, the need for salinity map as input data can pose another limitation to the
model applicability, as salinity information are usually gathered only through costly and
time-consuming measurement campaigns (Corwin & Lesch, 2013; Scudiero et al., 2012).
In this study, 123 sampling points were used to create a salinity map, with a density of
roughly 1 point every 3 m%. Such measurements can be justified for research purposes, but
can hardly be feasible for operational applications in the day-to-day farmer work or over
large areas.

When comparing the obtained results in this study from the application of the DA strat-
egy, they align with previous works in terms of accuracy in reproducing crops yields (Chen
et al., 2018) and soil moisture at the local field scale (Dong et al., 2012; Kumar et al., 2019;
Silvestro et al., 2021). However, these prior studies did not account for the effects of salini-
zation (Huang et al., 2019; Nearing et al., 2012), which adds complexity to the analysis and
impacts crop growth and soil behavior. This strengthens the importance of this application,
and the capacity of the proposed methodology to study the effect of salt and the variation
of available water on vegetation dynamics. This opens up opportunities for upscaling the
approach to larger areas where the salt concentration data are unavailable.

The reduction of model errors might be pursued by using DA techniques that incorporate
multiple variables. For instance, Lu et al. (2021) assimilated soil moisture and canopy cover
to improve maize yield simulation, while Montaldo et al. (2022) assimilated SM and LAI in
a heterogeneous ecosystem area. Similarly, Rahman et al. (2022) assimilated SM and LAI
both independently and jointly, to enhance accuracy across the continental US. Another
potential source of model error is the accuracy of the soil parameters, which can affect the
final results both directly and indirectly (e.g., the salinity-induced soil-cracking effect dis-
cussed in Sect."Water-energy balance calibration and validation").

Conclusions
In this work, a method based on the assimilation of satellite LAI data into the FEST-EWB-

SAFY model was developed to enhance the representation of crop growth dynamics while
accounting for saline stress and variations in water availability. This approach addresses
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two of the main limitations of traditional calibration of model parameters, which is time-
consuming and generally site specific.

The results demonstrated that the data assimilation scheme effectively captured within-
field heterogeneities in crop development. Satellite observations were instrumental in
detecting the impacts of water table levels and soil salinity, and these factors were suc-
cessfully integrated in the modelling structure. The results were shown to be comparable
to those obtained from a model that employed direct knowledge of soil salinity, provided
through a measurement map and calibrated a posteriori based on satellite retrievals. This
means that comparable results are reachable by simply adopting in-season remote sensing
data, without the need for challenging continuous monitoring of salinity and groundwater
levels. The reliance of this procedure on satellite data would allow to improve crop yield
estimates over large areas, without the need for intensive measurement campaigns. This
exportability is critical to extend these analyses to regions affected by salinity stress and/or
influenced by shallow groundwater tables. Furthermore, the use of data assimilation for this
procedure could allow a direct employment in real-time schemes, as the model would be
continuously updated as new satellite images become available. This would also guarantee
a quicker model adaptation to the impacts of external agents (e.g., pests) and hydro-climatic
extremes, which are becoming progressively more frequent due to global climate change.
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