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ABSTRACT

Purpose Process-based crop models are increasingly combined with satellite data to support
agronomic management, but the implications of choosing different remotely sensed biophysical
variables for data assimilation are still not fully understood. This study aimed to identify the most
effective variables among leaf area index (LAI), aboveground biomass, and canopy nitrogen content
for assimilation into the DSSAT CERES-Wheat model, by comparing single and multivariable

schemes and testing their application at pixel scale for yield mapping.

Methods An optimization-based data assimilation framework was first tested in a synthetic
experiment with different soils, growing seasons, and nitrogen fertilization levels. The same
framework was then evaluated in winter wheat fields in Central Italy using Sentinel-2 derived LAI,
aboveground biomass and canopy nitrogen content, first across 10 experimental sampling units and
then at plot scale with 10 x 10 m resolution. Model performance was assessed using standard accuracy
and agreement metrics and by analysing the spatial correspondence between simulated and observed

yield.

Results Under synthetic conditions, assimilation reduced errors in simulated yield and grain nitrogen
compared with the open-loop model. With field Sentinel-2 data, schemes including above-ground
biomass improved yield prediction, whereas LAI-only and canopy nitrogen content-only schemes
were less effective or even degraded performance. At pixel scale, assimilation produced realistic 10
x 10 m yield maps, reducing RMSE from 1415.40 to 576.53 kg DM ha™! and increasing codispersion
with the observed yield map from —0.11 to 0.57.
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Conclusion These results highlight above-ground biomass as the most robust remotely sensed
variable for constraining the model and underline the key role of satellite product quality in
multivariable data assimilation. Assimilating multiple satellite-derived biophysical variables into a
process-based crop model can improve wheat yield prediction and yield mapping at field scale,

providing practical guidance for crop-model—satellite integration in precision wheat management.
Keywords:

Data assimilation; DSSAT-CERES-Wheat; Sentinel-2; Leaf Area Index; Aboveground biomass;

Canopy Nitrogen content
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1.INTRODUCTION

Wheat (Triticum aestivum L.) is the most widely cultivated cereal crop worldwide and represents a
fundamental component of global food security due to its high contribution to human caloric and
protein intake (Shiferaw et al. 2013). In this context, predicting accurate yield and grain quality before
key agronomic decisions is essential for supporting the agronomic management decisions (e.g. in-
season nitrogen fertilization). However, their estimation at field scale remains challenging due to the
complexity of interaction among crop, environment and management, and the limited availability of
spatially detailed observation(Basso and Liu 2019; Hao et al. 2021). Different methods have been
developed for crop yield and quality estimation, differing in data requirements and model complexity.
For example, empirical approaches, such as regression models, offer simplicity but often fail to
capture yield variability under changing weather conditions. Machine learning (ML) techniques,
ranging from random forests to deep learning, have shown high accuracy in data-rich settings by
modeling nonlinear interactions among variables (Kamir et al. 2020; van Klompenburg et al. 2020).
However, because they are largely data-driven, their predictive skill may decline when applied to
conditions that are poorly represented in the training data, such as rare or extreme weather events,
failing to estimate crop responses correctly under those circumstances (Morales and Villalobos 2023).
In contrast, functional process-based models like DSSAT (Decision Support System for
Agrothecnology), APSIM (Agricultural Production System sIMulator) or STICS (Simulateur
mulTIdisciplinaire pour les Cultures Standard), simulate growth, development and yield using
biophysical equations that simulate interactions between soil, plants, weather, management,
quantifying water, nitrogen, and carbon balances as well as growth and yield stresses (Jones et al.
2017; Rosenzweig et al. 2014; Van Ittersum et al. 2013). These have been extensively applied to
climate change impact assessments, gene-based modelling, agronomic trials, and precision
agriculture (Basso et al. 2000; Cammarano et al. 2021; Messina et al. 2006) Their ability to predict
yield under different “what-if” scenarios has expanded applications to areas such as precision farming
(Fabbri et al. 2023) and risk assessment in the insurance sector (Weiss et al., 2020). However,
uncertainties in input data and their high spatial variability still limit model accuracy(Asseng and Van
Herwaarden 2003). Moreover, deterministic crop growth models are typically point-based (or field-
based if inputs are considered uniform) and fail to take into account agricultural fields spatial
variability unless particular and data demanding spatialization procedures are carried out (Pasquel et
al. 2022). To overcome these issues, data assimilation has been proposed to improve consistency
between simulated and observed data by integrating external measurements into crop models
(Delrcolle et al. 1992; Maas 1988). Remote sensing data have proven useful for updating state

variables or adjusting model parameters during the crop cycle. Assimilation methods and application
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with crop growth models have been reviewed by (Dlamini et al. 2023; Huang et al. 2024; Jin et al.
2018; Luo et al. 2023) and can be classified as sequential and optimization techniques. Sequential
techniques such as Kalman filters and its variants, e.g. Ensemble Kalman Filter or Particle Filter
(Khodarahmi and Maihami 2023; Welch and Bishop 1997), involve updating the model during the
simulation by using observation collected during the season and improving final predictions
(Silvestro et al. 2021; Wang et al. 2024). Numerical optimization based approaches aim instead on
minimizing the differences with the observed variable over a defined time window. One of the
methods widely used for this approach is the Particle Swarm Optimization (PSO), which explores the
parameter space using a population of candidate solutions (“particles”), each representing a specific
set of model parameters. At each iteration positions are updated according to the best position found
that minimize the difference with the observed variable, so the swarm progressively moves towards
that position, trying to find better values (Wagner et al. 2020; Wang et al. 2018). Another commonly
used scheme is the Nelder-Mead simplex algorithm, a local optimization method “derivate-free”
which works on a small group of candidate solutions. These solutions from the vertices of a simplex
in the parameter space, which is iteratively transformed until it converges to a local minimum (Nelder
and Mead 1965). Both categories have shown potential to improve the consistency between
simulation and observation, even when integrating satellite-derived information (Luo et al. 2023).
Satellite observations are especially relevant for precision agriculture, as they provide spatially
explicit and temporally frequent information on within-field variability. State variables such as the
Leaf Area Index (LAI) have been often successfully assimilated with high accuracy (Richetti et al.
2019). Previous studies have focused on a single variable, typically LAI, for assimilation (Dlamini et
al. 2023). However, combining multiple biophysical variables in assimilation processes, can capture
complementary aspects of crop growth and physiology, enhancing model prediction performance (Li
et al. 2015; Yu et al. 2022). Aboveground biomass, for example, integrates cumulative growth and is
closely linked to yield, but its use in assimilation has been limited, mainly due to the difficulty of
retrieving it accurately from remote sensing (Luo et al. 2023). Including biomass, along with LAI and
canopy nitrogen content, could improve predictions by constraining multiple dimensions of crop
development. Sentinel-2 imagery offers an optimal combination of frequency and resolution suitable
for the retrieval of biophysical variables such as LAI. Hyperspectral sensors like PRISMA and
ENMAP (Shaik et al. 2023), and the forthcoming CHIME mission (Nieke et al. 2023), enable
improved remote sensing of variables like aboveground biomass and canopy nitrogen content due to
their high spectral resolution. For example, (Wocher et al. 2022) , developed a hybrid retrieval
workflow using EnMAP-like spectra to estimate crop canopy carbon content and aboveground

biomass over cultivated areas, demonstrating the feasibility of biomass mapping from operational
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imaging spectroscopy. (Verrelst et al. 2021) showed that PRISMA data can be used to map canopy
nitrogen content at landscape scale with hybrid radiative transfer-machine learning approach and
highlighted its relevance in the context of future missions such as CHIME. The hypothesis of this
study is that by assimilating Leaf Area Index (LAI), aboveground biomass, and canopy nitrogen
content into an existing wheat model the accuracy of the simulated yield will increase. The objective
is to assess which biophysical variables, retrievable from satellite remote sensing, are most suitable
for yield and grain nitrogen content estimation and whether assimilating multiple biophysical
variables improves model predictions as compared to the assimilation of a single variable.
Additionally, the objectives were also to assess the potential of this approach to generate a high-

resolution yield map prediction at the field scale using satellite-derived biophysical variables.
2.MATERIALS AND METHODS
2.1 Experiment workflow

The proposed framework was tested under both under synthetic and real-world conditions, in the
latter case using biophysical variables retrieved from remote sensing Sentinel-2 images using hybrid
approaches based on physically based canopy reflectance models and machine learning algorithms
(De Clerck et al. 2024; Verrelst et al. 2019), as the primary data source. The study was organized into
three sequential phases. In the first phase, an in-silico experiment with synthetic data was carried out
to assess the proposed data assimilation framework in ideal (controlled) conditions. The second phase
involved evaluation of the approach using field data collected during the 2024 wheat season across
multiple plots in the Rieti plain in Central Italy, by using Sentinel-2 derived observations for the
assimilation. Finally, the third phase focused on generating a yield prediction map for a selected field
by applying the assimilation framework at the pixel scale. The overall workflow of the study,
including the synthetic experiment, the field validation and the yield mapping step, is summarized in

Figure 1.
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Figure 1 The framework consists of three main steps: (i) a synthetic data experiment to test the

assimilation setup, (ii) validation with ground data and Sentinel-2 observations in the Rieti plain
(2024 season), and (iii) pixel-scale yield mapping. In each step, pre-calibration was performed,

followed by data assimilation (open-loop vs assimilated simulations) and evaluation of model

efficiency.
2.2 Study Area

The study area is located in the Rieti Plain, Central Italy (lat. 42°25' N, long. 12°52" E, alt. 400 m
a.s.l.), and covers approximately 90 km?. It is a predominantly agricultural zone situated on an alluvial
plateau, with soils primarily derived from alluvial deposits. The soils are classified as Eutric Fluvic
Cambisols, Calaric Cambisols and Regosols, according to the World Reference Base for Soil
Resources (WRB). Sampling was conducted during the 2024 wheat growing seasons across three
different fields which were all cultivated with winter wheat Figure 2. These included fields coded as:
1) LIDA15 of about 14 ha, characterized by loam to clay loam soils with about 32% clay; 2) TA7 of
about 5.7 ha, presenting lighter texture, sandy loam to loam, with ~26% clay; 3) GITOG6, of 26 ha,
with more clay-rich soils, about 39.6% clay. Soil data were collected in a previous study, and the data
used were obtained from Zanini et al. (2025), who performed point sampling at various sites across
the plain and generated spatial soil maps through geostatistical techniques. Historical meteorological
data (2011-2021) were obtained from the ARSIAL Rieti weather station (alt. 379 m a.s.l., lat.
42°25'22" N, long. 12°48'46" E), while for the 2023—2024 seasons, data were obtained from the GIAS
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platform from Agronica S.R.L., through the Hypermeteo (https://www.hypermeteo.com) station
(code IT0014244N1282E), which provided daily interpolated data from nearby stations.

Figure 2. Study area in the Rieti Plain (Central Italy) showing the location and boundaries of the
three experimental plots: A — (LIDAIS, ~14 ha), B — (TA7, ~5.7 ha) and C — (GITO6 ~26 ha) (red
outlines) and the Experimental Sampling Units (ESUs) where ground measurements were collected

during the 2024 growing seasons.

2.3 DSSAT model

The crop model used in this study was the DSSAT v4.8 (Decision Support System for Agrotechnology
Transfer; (Hoogenboom et al. 2019) and within the suite of available wheat model, the CERES-Wheat
model was chosen to simulate crop growth, development and yield. The model is composed by
different and interconnected modules that simulate daily interactions between soil, plants, climate and
agronomic management, including soil water balance, crop water stress and nitrogen uptake. Soil
water balance is simulated by partitioning water into evaporation, rooting uptake, and drainage using
a tipping-bucket method. Crop water stress is calculated based on the ratio between potential
transpiration and plant-available water (Jones et al. 2003), while nitrogen uptake is simulated by
matching crop demand and soil supply following the framework described by Godwin and Singh
(1998). For each module, DSSAT requires daily weather data (minimum and maximum air
temperature, incoming solar radiation, rainfall), soil properties (texture, organic matter, mineral

nitrogen), and agronomic practices as inputs. These inputs determine the environmental and
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management conditions under which crop growth and soil water and nitrogen dynamics are simulated
throughout the season. In addition, an important set of inputs is the soil initial conditions (mineral
nitrogen and available water) that need to be specified when the simulation starts (which might differ
from the planting date). In this study, the initial conditions were determined by analysing historical
weather data derived from the “Carlo Jucci” Apennine Centre (Rieti) managed by University of
Perugia, and by conducting soil analyses during the 2023-2024 season, as reported by Zanini et al.
(2025). Since the initial soil water and nitrogen status at the start of the experiment could not be
directly reconstructed with sufficient detail, the model was initialized at least one year before sowing.
This spin-up phase allowed DSSAT to simulate the temporal evolution of soil water and nitrogen
under site-specific weather and soil conditions, thereby reducing dependence on arbitrary
initialization values and providing more consistent initial states for the assimilation experiment. In
the present study, cultivar-specific genetic coefficients were calibrated to reproduce observed
phenology, biomass accumulation, and yield. These parameters govern key crop processes such as
development rate, leaf appearance, and grain formation within the DSSAT CERES-Wheat

framework.
2.4 Trial-and-error pre calibration process

Before the assimilation step, a calibration was performed to align key phenological and growth
parameters of the DSSAT-CERES-Wheat model with the observed crop development under the
specific environmental and management conditions of the study site. The calibration phase aimed to
provide a realistic starting point for parameterization of the cultivar files ensuring that model
simulation matched field or synthetic reference data before assimilation. This step is crucial in crop
modelling workflows as it reduces the search space during the optimization and minimizes the risk
of unrealistic parameter combinations (Seidel et al. 2018; Wallach et al. 2024). The parameters that
were calibrated were the ones controlling phenology, leaf growth dynamics, photosynthetic
efficiency, and biomass partitioning traits, not all of which were later included in the assimilation
phase (Table 9). The synthetic-data and real-data experiments were conducted separately, as they used
different reference information and had distinct objectives. The real-data experiment was adjusted to
reproduce the average phenological and growth behaviour observed across the Experimental Sample
Units (ESUs) in 2024 (see section 2.7 for details), whereas the synthetic-data experiment was tuned
to generate plausible reference trajectories under the assumptions adopted for the multi-season
synthetic setup. Consequently, different pre-calibrated cultivar parameter sets were retained for the
two experiments. For real-data experiment, since measurements were collected across multiple ESUs,
the aim of the calibration was to adapt model simulations to the average growth pattern across

locations rather than overfitting to a single site. The pre-calibration relied on both ground-based
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measurements (phenology, final yield) and remote sensing observations (LAI, aboveground biomass
from Sentinel-2). Parameters were adjusted manually through a trial-and-error approach, aiming at
reducing errors for simulated phenology and then growth. Specifically for phenology, the parameters
controlling sensitivity to vernalization and photoperiod (P1V and P1D in DSSAT) were adjusted to
minimized observed and simulated anthesis, while maturity the thermal sum from anthesis to maturity
(P5) was adjusted. For growth, PHINT was first adjusted to improve the timing and magnitude of the
simulated LAI curve. Then, ecotype coefficients controlling the duration of leaf growth (particularly
P1, P2 and P3) were modified to better reproduce the shape of the observed canopy development.
Finally, parameters related to radiation-use efficiency and grain formation (PARUE, PARU2, G1 and
G2) were refined to improve the agreement with observed biomass accumulation in final yield, while
retaining a parametrization able to reproduce the average growth trajectory observed across multiple
ESUs without overfitting any of them. This adjustment involved a broader set of coefficients than
those subsequently optimized during assimilation. Table 9 reports the subset of parameters retained

for the assimilation step.

For the synthetic-data experiment, calibration was guided primarily by Sentinel-2 LAI curves
extracted from ESUs located in winter wheat fields in Rieti plain over multiple seasons. ESUs were
selected in each year to correspond to parcels where winter wheat was present, as indicated by field
information and by the typical temporal pattern of LAI. Phenological stages in earlier seasons were
interfered from field observations collected in 2023 — 2024 and applied consistently across years.
Because detailed fertilization records were not available for all seasons, an assumed nitrogen
fertilization level of 210 kg N ha™ was used during the trial-and-error calibration of the synthetic-
data experiment to obtain LAI trajectories consistent with the multi-year Sentinel-2 observations.
Under these constraints, the trial-and-error pre-calibration focused mainly on phenology and LAI
dynamics, applying a compromise-based adjustment to avoid overfitting a single time series and to

reproduce the typical multi-year LAI behaviour of wheat in the study area.
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Table 9 Default values refer to DSSAT-CERES-Wheat standard settings for the reference cultivar;

te.c. (trial-and-error calibration) values were obtained through the trial and error calibration process

described in Section 2.4, separately for the real-data and synthetic-data experiments. The te.c. values

are those applied during the assimilation process.

Parameter Description Default te.c. values te.c. values
Values (Real Data) (Synthetic data)
P1D Photoperiod response (% reduction in 75 150 50
rate/10 h drop in photoperiod)
P1V Days, optimum vernalizing temperature, 5 60 15
required for vernalization
PS Grain filling phase duration (°C.d) 450 600 230
PHINT  Interval between successive leaf tip 70 45 45
appearances (°C.d)
G1 Kernel number per unit canopy weight at 30 30 30
anthesis (#/g)
G2 Standard kernel size under optimum 35 40 35
conditions (mg)
PARUE  PAR conversion to dm ratio, after last leaf 1.0 1.5 4.1
(gMJ)
PARU2 PAR conversion to dm ratio, before last 6.0 2.5 1.8

leaf stage (g/MJ)

2.5 Assimilation setup

Synthetic data are defined here as model-generated observations obtained under well-defined

simulation scenarios. These data were used in this context to test the assimilation system and to assess

the model’s sensitivity and effectiveness by following the procedure used by (Curnel et al. (2011).

To generate synthetic data, several simulation scenarios were setup (Figure 20), with eleven nitrogen

(N) fertilization rates ranging from 0 to 300 kg N ha™', with 30 kg N ha™! increments. In addition,

simulations were performed across three growing seasons, representing different rainfall conditions

based on cumulative precipitation during the wheat growth cycle: 2011-2012 (dry, 282 mm), 2014—

2015 (average, 403 mm), and 2022-2023 (wet, 904 mm). Across all scenarios, the growth season was

defined as winter wheat sown on January 5™ to maturity which corresponding to the maturity date

simulated by DSSAT. Additionally, three distinct soil types with a maximum depth of 2 m were used
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for the parametrization of the model: clay soil (60% clay, 30% silt), loam (32% clay, 25% silt), and
sandy soil (30% clay, 10% silt).

A total of 99 factorial simulations were performed, covering all combinations of factors, i.e. nitrogen
fertilization, meteorological and soil conditions (11x3x3). For each simulation, final yield and grain
nitrogen content were retained and treated as the “synthetic reference” values. Each of these simulated
datasets was accompanied by the corresponding simulated time series of LAI, aboveground biomass,
and canopy nitrogen content (LAID, CWAD, CNAD in DSSAT notation), which were considered as
synthetic state variables. From these daily simulations, data were extracted every 15 days (to match
a realistic satellite observation frequency) and perturbed with random noise to simulate observation

uncertainty. The perturbation followed the formula:
StateVariablesyn 1= StateVariablegue i (1+ 1) with ni ~ N (0;0.3%)

Where “StateVariablesyn;” is the synthetic state variable at time i, StateVariableuue; is the
corresponding “true” state obtained from the previous simulation at time i and n; is the relative random
error term added at time i. The random error followed a normal distribution with zero mean and
standard deviation equal to 0.3 corresponding to a coefficient of variation (CV) of 30%. This value
was adopted as a pragmatic and standardized uncertainty scenario for the synthetic-data experiment,
in order to compare the different assimilation setups under controlled conditions rather than to

reproduce the exact empirical uncertainty of each variable.

Assimilation was performed using a calibration-based approach, always starting from the phenology,
growth, and yield parameters. The scenario with 150 kg N ha™ was used as the baseline for
calibration, as it represents an intermediate fertilization level and was considered agronomically
reasonable to use this methodology. The assimilation was tested using different sets of variables:
LAID only (Leaf Area Index), CNAD only (Canopy Nitrogen Content), CWAD (Aboveground
biomass) only, LAID + CWAD, LAID + CNAD, CWAD + CNAD, and LAID + CWAD + CNAD.
An additional “open-loop” simulation (without assimilation) was also performed using the same 150
kg N ha™! scenario, in order to serve as a baseline for comparison and to isolate the contribution of

the assimilation process.
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Figure 20 Workflow of the synthetic data experiment. The DSSAT CERES — Wheat model was run
across factorial combinations of seasons, soils, and nitrogen rates to generate “true” yield and state
variables (LAID. CWAD, CNAD). Synthetic observations were created by adding random noise to
these variables, and assimilation was tested on a baseline scenario using different variable

combinations to evaluate the model performance

2.7 Evaluation with ground data

A validation using real data was conducted using measurements from three different plots across the
Rieti plain during the 2024 wheat season. The plots were subject to heterogeneous management
practices, reflecting the specific choices and strategies adopted by each farmer. Three fertilizations
events were performed using Variable Rate Application (VRA), adjusting the standard dose by +25%
according to agronomic needs as shown in Table 2. Management zones were defined using the
algorithm proposed by Holland and Schepers (2010), which is based on the calculation of a
Sufficiency Index (SI) derived from Sentinel-2 imagery. The SI was computed using the CAB index,
a proxy of canopy chlorophyll content, to assess spatial variability in nitrogen status and guide site-

specific fertilization. summarizes the specific agronomic management practices adopted in each field.
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Table 2. Agronomic management practices in the three experimental fields during the 2024 wheat
season, including tillage, sowing, fertilization (with VRA where applied), and harvest date. Dates are

expressed as month/day/year (mm/dd/yyyy).

Field Tillage Sowing Fertilization Fertilizer details (dose) Harvest
(mm/dd/yyyy) dates
TA7 Subsoiling  12/24/2023 — 02/08/2024 Urea ammonium 07/22/2024
0.45 m, 280 kg ha ! phosphate
cultivator 200 kg ha'-38% N
0.3m 03/20/2024 Urea
200 kg ha'-46% N
LIDA 15 Subsoiling  12/16/2023 — 02/25/2024 Ammonium phosphate 07/18/2024
0.4 m, 280 kg ha! 150 kg ha! -27% N
rotary 03/21/2024 Calcium nitrate
harrow 150 kg ha'-27% N - VRA
0.25m 04/10/2024 Urea
200 kg ha'-46% N - VRA
GITO 6  Subsoiling  01/05/2024 — 02/22/2024 Urea ammonium nitrate 07/18/2024
0.4 m, 300 kg ha'! 300 kg ha!—33% N - VRA
rotary 04/06/2024 Urea
harrow 0.1 200 kg ha'-46% N
m

Across the crop cycle, measurements of LAI, biomass, and canopy nitrogen content were carried out
through field sampling in 10 Experimental Sample Units (ESUs) of 30 x 30 m distributed across the
experimental plots (Figure 2). For LAI, in each ESU three representative sub-areas were selected
along the diagonals to capture within-plot variability. In each sub-area, LAl was measured non-
destructively using an LAI-3100 area meter (LI-COR Biosciences, USA) on a composite sample of
fully expanded green leaves collected from the canopy top. Aboveground biomass and yield
components were determined destructively by harvesting four 0.25 x 0.25 m quadrats placed along
the ESU diagonals, avoiding plot borders. Fresh biomass was weighed in the field, then samples were
oven-dried at 65 °C until constant weight to determine dry matter. At maturity, grain yield and its
components (spike number, grain number, thousand-grain weight) were measured from the same
ESUs. For canopy nitrogen content, subsamples of the oven-dried biomass were finely ground and

analysed in the laboratory using a portable near-infrared (NIR) spectrometer.
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In order to generate a spatially continuous yield map for comparison with model simulations, an
additional sampling campaign was conducted in the LIDA 15 plot (Lat. 42°27'9" N, Long. 12°46'48"
E). Samples were collected every 30 m across the entire field, resulting in a total of 137 measurement
points, each 0.25 m x 0.25 m in size. The data were interpolated using Block Kriging, following the
construction of a variogram, and processed with the VESPER software (Whelan et al. 2002),resulting

in a 10 x 10 m resolution yield map that is consistent with the Sentinel-2 spatial resolution.
2.8 Remote sensing data

Sentinel-2 imagery (ESA Copernicus program) was used to extract biophysical variables during the
growing season and to provide input for the assimilation framework. For each Experimental Sampling
Unit (ESU), cloud-free Sentinel-2 scenes were processed to derive time series of Leaf Area Index
(LAI), canopy nitrogen content, and aboveground biomass at 10 % 10 m resolution. LAI was
calculated from Sentinel-2 images under clear sky conditions using the BV-NET algorithm (Weiss
and Baret, 2016), a robust neural-network-based method integrated in the ESA SNAP toolbox,
implemented within the EO Browser / Copernicus Algorithm Thematic Platform, specifically trained

to convert bottom-of-atmosphere reflectance into LAI values.

The canopy nitrogen content was estimated using the PYEOGPR package (De Clerck et al. 2024)
available within the openEO Algorithm Plaza of the Copernicus Data Space Ecosystem. The package
implements a Gaussian Process Regression (GPR) model trained on synthetic data and optimized
with a Euclidean-based Diversity Active Learning (EBD-AL) algorithm. The method showed good
agreement with field measurements in validation. For this study, the pre-trained model for canopy
nitrogen content was applied to Sentinel-2 surface reflectance data and to a set of vegetation indices
sensitive to canopy N. Predicted values represent canopy nitrogen content on a dry biomass basis,

obtained by multiplying predicted nitrogen concentration by biomass estimates.

Aboveground biomass was estimated using a Monteith-type model (Monteith 1972) implemented on
the Tethys platform, which combines Sentinel-2-derived FAPAR and the evaporative fraction from
SEBAL to account for water stress (Gobbo et al. 2019). Daily biomass accumulation was computed
from absorbed PAR and adjusted for radiation use efficiency under water-limited conditions. More
specifically, daily dry matter production was estimated from absorbed photosynthetically active
radiation and reduced when water stress, derived from evaporative fraction, limited crop growth. For
each ESU, a time series of these variables was extracted from Sentinel-2 images under clear-sky
conditions through these different algorithms. The temporal integration of daily biomass

accumulation provides a time series of aboveground biomass for each pixel. In addition to the ESUs,
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for each pixel in the yield map (10 x 10 m), the whole time series of biophysical variables was

extracted, creating a pixel-specific time series used for assimilation.
2.9 Statistical Analysis

Biophysical variables were assimilated into the DSSAT model following the same method used with
synthetic data. The accuracy of the assimilation framework was evaluated by comparing model
outputs with simulated and observed reference values, both in synthetic and real data. In the synthetic
data experiment, the Root Mean Square Error (RMSE) was used to compare the synthetic “true
values” of yield and grain nitrogen content and the values after the assimilation. RMSE was calculated

by applying the formula:

Equation 1 Root Mean Square Error

1
RMSE = \/;Z?zl(Pi — 0;)?

where P; is the predicted (assimilated) value, O; is the observed (true) value, and n is the number of
observations. RMSE provides a measure of the average deviation between predicted and actual
values, expressed in the same units as the variable considered. Lower RMSE values indicate better
model accuracy. In addition, a linear regression analysis was conducted to evaluate the agreement
between satellite-derived biophysical variables (aboveground biomass, LAI and canopy nitrogen
content) and field observations across all ESUs. The coefficient of determination (R?) and the RMSE

were used to quantify the quality of fit.

In real-data analysis, the performance of model in predicting yield and grain nitrogen content was
assessed by using the RMSE (Equation 1), the coefficient of determination (R?), which quantifies
the proportion of the variance explained by the model, and the Willmott and Wicks (1980) index of
agreement or D-index evaluate how closely model predictions matched observed data by following

the formula:
Equation 2 D-Index

Zn:(Pi - Oi)z/i(lpill +10;D)?

d=1-

Where O; = 0; — O and P{ =P; — 0. The D-index can range from 0 (no agreement) to 1 (perfect

agreement).



395
396
397
398

399

400

401
402
403

404
405
406

407
408
409
410
411
412

413

414

415
416
417
418
419
420
421
422
423
424

In both synthetic and real-data experiments, it’s been calculated the Assimilation Efficiency (AE)
based on RMSE to quantify the relative improvement of given assimilation scenario compared to a
baseline simulation (simulation without assimilation process) following a concept similar to the

improvement measure used in (Curnel et al. 2011). The value of AE was calculated as follows:
Equation 3 Assimilation Efficiency (AE) - RMSE

RMSEassim)

0, — X —
AEgyse(%) = 100 (1 RMSE,

Where RMSEassim 1s the RMSE of the assimilation scenario and RMSE; is the RMSE of the reference
simulation. Positive AE values indicate improved accuracy, zero indicates no change, and negative

values indicate worse performance compared to the reference simulation.

In the real-data experiment, instead of representing changes in R? and Willmott’s index of agreement
(D-index) as percentages relative to the baseline, the overall enhancement was assessed by

determining the absolute difference between open-loop and calibrated values.

For spatial comparison between simulated and observed yield map (10 x 10 m resolution, LIDA 15
field) the pixel-wise RMSE is calculated. In addition, the spatial association between the two maps
was evaluated using the codispersion coefficient, which measures the degree to which two spatial
variables vary together as a function of distance. Positive values indicate similar spatial patterns;
negative values indicate opposite spatial patterns. Statistical significance of the codispersion

coefficient was assessed using the modified t-test of Dutilleul (1993).
3. RESULTS
3.1 Synthetic data

The assimilation of synthetically generated state variables significantly improved the simulation of
both yield and grain nitrogen content compared to the open-loop simulation. In the open-loop setup,
RMSE was 2004 kg DM ha™! for grain yield and 0.681% for grain nitrogen content. Across all variable
combinations, RMSE decreased significantly: the corresponding AE ranged from 64.4% to 76.2% for
yield and from 59.8% to 65.8% for grain nitrogen content. However, the magnitude of the
improvement depended on the specific assimilated variable(s) (Table 3). Among single-variable
setups, LAID showed the best individual performance for yield (RMSE = 481.3 kg DM ha™),
followed by CWAD (RMSE = 501 kg DM ha™). Instead CNAD alone was less accurate (RMSE =
714 kg DM ha™). For grain nitrogen content, the best performance was obtained when assimilating

LAID + CNAD (RMSE = 0.233%), while CNAD alone yielded the highest error (RMSE = 0.274%).
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Overall, multivariable configurations that include biomass (CWAD) tended to minimize yield errors
(with LAID + CWAD providing the lowest yield RMSE, 477.28 kg DM ha™), whereas coupling
structural and nitrogen-related information (LAID + CNAD) benefited grain N predictions. These

outcomes are consistent with the scatterplots in the summary reported in Table 3.

Table 3. Results of the tests of DSSAT assimilation with synthetic data, using either a single
biophysical variable or combinations of two or three biophysical variables. The table reports absolute
RMSE values, as well as the assimilation efficiency (AE), i.e the improvement compared to the open-

loop simulation in which no assimilation was performed.

Variable used in the Grain yield Grain nitrogen content
o (kg DM ha') (%)
assimilation
RMSE AE (%) RMSE AE (%)
None (Open-Loop) 2004 - 0.68 -
LAI 481.3 76 0.24 64.3
Canopy N 713.9 64.4 0.27 59.8
Biomass 501.5 47.9 0.26 62.3
LAI + Canopy N 513.6 74.4 0.23 65.8
LAI + Biomass 477.3 76.2 0.25 63.3
Biomass + Canopy N 527.3 73.7 0.25 63.4
LAI + Biomass + Canopy N 497.8 75.2 0.26 62

3.2 Remote Sensing data validation

Satellite-derived biophysical variables were validated against field observations across all ESUs
using linear regression analysis (Figure 4). Biomass estimates showed a very strong agreement with
measured values (R?~0.943, RMSE = 96.7 g DM m?), with points closely distributed around the 1:1
line and minimal dispersion across the full range of values. LAI estimates exhibited a moderate but
consistent agreement (R* = 0.855, RMSE = 1.12 m?*/m?) with a generally linear trend across
observations. For canopy nitrogen content, the agreement was weaker (R? = 0.405, RMSE = 30.1 kg
N ha'!) with a visibly wider dispersion and a lower correspondence with the 1:1 line. These results
provide a quantitative assessment of the accuracy of the remote sensing variables and support their

integration into the data assimilation framework adopted in this study.
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Figure 4 Validation of Sentinel-2-derived biophysical variables against field observations: biomass
(A), Leaf Area Index - LAI (B), and canopy nitrogen content — CNC (C). Solid line: 1:1 line; dotted
line: regression line; R? and Root Mean Square Error (RMSE) quantify the agreement.

3.3 Field data

Figure 5 shows the comparisons between simulations for Leaf Area Index (LAI) and aboveground
biomass (CWAD), using the Q1 Experimental Unit (ESU). This ESU was selected as an illustrative
case because it showed one of the clearest responses to assimilation at temporal trajectory level,
particularly for biomass under locally observed stress conditions. The purpose of this figure is not to
summarize all ESU-level behaviours, which are quantitatively compared in Table 4, but to provide an
example of how assimilation affected the seasonal dynamics of the simulated variables. In this case,
assimilation was performed using a variable combination of LAI, CWAD, and CNAD. The
assimilated CWAD curves demonstrate improved agreement with the observed Sentinel-2-derived
data, particularly in the final stage of the season. For LAI, both simulations generally follow the
observed data’s trend; however, assimilation helped refine the timing and peak of the curve. While
this example highlights a visible improvement, it is important to declare that this behaviour was also
observed in other ESUs where the same combination of assimilated variables was applied, showing

similar trends and improved consistency between simulations and observed data.

Figure 6 shows two scatterplots representing the correlation between the observed yield data and
simulated data before (A) and after (B) the assimilation with the same variable combination described
in Section 2.5. We can see an overall improvement on the several indices after the assimilation with
a reduction of 31.47% on RMSE value, while the R? increased from 0.11 to 0.56 and the D-index
from 0.30 to 0.69.

Results for different combinations of assimilated variables were reported in
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Table 4. CWAD was the variable that minimize the errors in simulated results: RMSE is reduced by
32 %, R? improvement (+0.48), and D-index increase (+0.41) compared to the open-loop simulation.
Conversely, isolated assimilation of LAI or CNAD showed counterintuitive performance, worsening
yield prediction with higher RMSE (3164 kg DM ha™ and 2661 kg DM ha 'respectively) and lower
R? values (-0.04 and -0.06 respectively). The D-index values however showed in general a better
performance with no increasing (+0 for LAI variable alone and + 0.22 for CNAD). Combining

variables for the assimilation improved the yield prediction only when the CWAD variable is used.

|A Comparison Abovegrouond dry biomass trend - Q1 B Comparison Leaf Area Index trend - Q1

14000 A5

. == == Assimilated
— = Assimilated

ass - CWAD (kg DM ha 1)

Open Loop

Open Loop

® Observed
data

© Observed
data

Leaf Area Index - LAID (m?/m?)

Aboveground dry biom

Figure 5. Comparison between default DSSAT simulations, assimilated simulations using LAID +
CNAD + CWAD variable combination, and Sentinel-2 observations for CWAD (aboveground
biomass, A) and LAID (leaf area index, B) during the 2024 growing season in Q1 ESU. Assimilation
improved the agreement with observations more clearly for biomass, while also reducing LAI

overestimation around the peatk.
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Figure 6. Comparison between simulated and observed yield of 10 ESUs before (4) and after (B) the
assimilation using LAID + CNAD + CWAD variable combination.

Table 4 Performance metrics of yield simulations under different assimilation scenarios (real data).
The table reports RMSE, coefficient of determination (R?), and Willmott’s D-index for yield

predictions, along with their differences (A) relative to the open-loop simulation

Variable Used RMSE AE RMSE R? AR? D-Index AD-Index
(kg ha-1) (%)

Open-Loop 1987.95 - 0.11 - 0.30 -
LAID 3164.29 -59.2 0.07 - 0.04 0.30 +0
CWAD 1350.78 +32.1 0.59 +0.48 0.71 +0.41
CNAD 2661.66 -33.9 0.05 - 0.06 0.52 +0.22

LAID + CWAD 1337.30 +32.8 0.58 +0.47 0.70 +0.40

LAID + CNAD 2557.08 -28.6 0.01 - 0.10 0.38 +0.08

CWAD + CNAD 1348.95 +32.2 0.57 +0.46 0.71 +0.41

LAID + CWAD 1362.39 +31.5 0.56 +0.45 0.69 +0.39
+ CNAD
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3.4 Yield Map

Based on the results reported in

Table 4, spatial assimilation was performed using LAID, CWAD and CNAD combination, selected
as a robust multivariable configuration for pixel-scale application. Figure 7 shows the observed yield
map (A), the simulated map without assimilation (B), and the calibrated map after assimilation (C).
The open-loop map shows a segmented yield distribution directly reflecting the variable rate
fertilization treatments applied in the field, with three distinct nitrogen fertilization levels. However,
this pattern does not match the actual distribution, as indicated by the interpolated map from the 137
ground truth sampling points. Moreover, absolute yield values in the open-loop simulation are
overestimated, often exceeding 7000 kg DM ha™'. In contrast, the assimilated map shows a more
continuous spatial pattern and better agreement with the observed field-scale yield. Absolute values
are also more in line with field observations, ranging from 4500 to 5400 kg DM ha™'. Supporting the
visual evidence, statistical performance indices also show a clear improvement following
assimilation: RMSE decreased from 1415 to 576 kg DM ha™, and the codispersion coefficient (Figure
8) increased from -0.11 to 0.57. In particular, the codispersion analysis highlighted clear differences
in the spatial agreement between measured and simulated yield maps. In Figure 9A, the codispersion
coefficient between the observed yield map and the open-loop map was weakly negative and only
marginally significant, indicating poor spatial consistency between the two maps. In contrast, Figure
8B showed a strong and highly significant positive codispersion after calibration, demonstrating that
the assimilation procedure substantially improved the spatial correspondence between simulated and

observed yield patterns.
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514  Figure 7 Yield maps for the LIDAIS field (2024 season) comparing measured and simulated yields at
515 10 x 10 m resolution. (A) Observed yield map interpolated. (B) Simulated yield map without
516  assimilation. (C) Simulated yield map after assimilation of LAID, CWAD, and CNAD.
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Figure 8 Codispersion analysis of spatial agreement between simulated and observed yield maps in
the LIDAILS field. (A) open-loop simulation vs. observed yield. (B) Assimilated simulation vs.
observed yield.

DISCUSSION

The objectives of this work were to assess which remotely sensed biophysical variables, in particular
LAI, above-ground biomass and canopy nitrogen content, are most suitable for assimilation into the
DSSAT-CERES-Wheat model in order to improve its predictive performance for a wheat crop. We
examined the advantages of a multivariate approach compared with approaches that use a single
variable, testing it with synthetic data and then using field data. Finally, the possibility of reproducing
the framework at pixel scale over a specific field to produce a simulated yield map was assessed and

evaluated.

The experiments with synthetic data confirm the expectations outlined in the introductory section:
the integration of external observations into the model considerably improves the simulation of yield
and grain nitrogen content compared with the “open-loop” simulation (Dlamini et al. 2023; Huang et
al. 2024; Jin et al. 2018). It must be noted, however, that this experiment was conducted under
idealised conditions in which the “true state” of the system is known and the observational uncertainty
is simulated by adding a controlled error to the assimilated variables. In this way, the assimilation
process can fully exploit the information contained in the observations, thus providing very marked

improvements, with assimilation efficiency between 48 and 76 % for yield and 60-66 % for grain
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nitrogen content. The differences between the various configurations of assimilated variables show
that LAI and biomass are particularly effective in guiding growth dynamics and yield formation,
while information related to canopy nitrogen becomes more relevant when the qualitative component
of production is considered, especially when combined with LAI, as indicated by the lowest RMSE
for grain nitrogen in the LAI + canopy N scheme. Given the role of these variables in controlling crop
growth and nutritional status, the observed behaviour is overall coherent with expectations. In this
synthetic experiment, multivariate combinations of structural and nutritional variables achieved
performances that were comparable to the best single-variable schemes for yield and slightly
improved grain nitrogen simulations, particularly for the LAI + canopy N configuration. This
behaviour is consistent with what has already been reported in the literature, namely that the joint
assimilation of multiple variables can represent crop growth and development better than the use of

LAI alone (Dlamini et al. 2023; Li et al. 2015; Yu et al. 2022).

The shift to real data introduces the typical complexities of an operational scenario in which the
assimilated variables are derived from actual Sentinel-2 images and are therefore unavoidably
affected by estimation errors (Huang et al. 2024; Luo et al. 2023; Richetti et al. 2019). In this context,
the importance of above-ground biomass clearly emerges. Among the variables considered, it is the
one showing the best agreement with the measurements collected in the field. This characteristic
translates into better model performances when this variable is used in the assimilation. On the other
hand, setups that relied only on LAI or canopy nitrogen content didn’t show results as good for
predicting yield, and sometimes these approaches were even less efficient than the "open-loop"
model. This behaviour is open to multiple interpretations: for example, aboveground biomass
represents an integrated measure of growth and, in the model, is closely linked to yield, which to a
first approximation can be seen as a fraction of it; constraining the model on this variable therefore
means acting on a quantity that is very close to the target. In contrast, LAI and canopy nitrogen
content, while describing essential aspects of crop structure and nutritional status, provide more
indirect information on yield, as they do not directly quantify the amount of dry matter transferred to
the grain. The LAI in DSSAT is also simulated as expansive growth process of individual leaves, that
is if phenology is well simulated the accumulated biomass is partitioned among organs at different
degrees. The simulation of biomass accumulation and individual leaf area/growth is made by
equations that consider potential conditions, following the Wageningen concepts of production (Van
Ittersum et al. 2003). Then the actual biomass and leaf area are minimized by stress factor like water,
nitrogen, temperature and CO2. Therefore, LAl is not a value that is directly simulated but it is scaled
up from individual leaf growth that depends on the accumulated biomass and the environmental

stressors. For example, expansive growth processes (like the individual leaf growth) are very sensitive



572
573
574
575
576
577
578
579
580
581
582

583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601

602
603
604
605

to water stress. Therefore, the initial conditions like the initial soil water content and soil mineral
nitrogen becomes important input because if they are not correct the model would simulate the wrong
water balance causing more or less stress affecting leaf growth. In addition to this, uncertainties also
affect the estimation of remotely sensed variables: biomass showed the closest agreement with field
measurements, whereas LAI and canopy nitrogen content showed weaker correlations (Figure 4).
This aspect is particularly relevant for LAI, which is also affected by uncertainty in both field
measurements and satellite retrievals. Optically derived vegetation signals may become less sensitive
under dense canopies, so that LAI estimation becomes more uncertain when canopy development is
high (Gao et al. 2023). This combination of modelling and observational uncertainty may partly
explain why LAI alone provided a weaker constraint on model trajectories than aboveground

biomass.

Another aspect that may help explain the real-data results is illustrated by the graph in Figure 5, where
the biomass fit improves considerably after assimilation. Q1 was chosen as an illustrative case
because it showed a distinct assimilation response at the trajectory level under field conditions likely
influenced by local heterogeneity not fully captured by the model inputs. Since the soil information
used in this study was derived from previously spatialized soil maps rather than a dedicated ESU-
scale soil characterization (Zanini et al. 2025), small-scale differences affecting water dynamics may
not have been fully represented in the model inputs. In addition, unobserved differences in local initial
soil condition, including soil water status, may also have contributed to the mismatch between
simulated and observed biomass, as these initial states are known to influence crop model simulations
under water limited conditions (Yao et al. 2025). However, because common input assumptions were
adopted across all ESUs, this factor alone is unlikely to explain the pattern observed only in Q1 and
may instead have interacted with local heterogeneity not represented in the available inputs. This
uncertainty in the soil input data may have contributed to the difficulty of DSSAT-CERES-wheat in
representing anomalous or severe stress conditions. In our case, the improved fit after assimilation
should be interpreted with caution, since part of the mismatch may have originated from uncertainties
in the available inputs rather than from the assimilated variables themselves. However, these results
suggest that aboveground biomass can be a particularly informative variable for assimilation under
real-field conditions, especially in situations where local variability may not be fully represented by

the available inputs (Dlamini et al. 2023; Huang et al. 2024).

Moving from these point-based cases to the scale of the entire field, the pixel-level assimilation
experiment shows that a similar contrast between open-loop and assimilated simulations also emerges
in the representation of spatial variability. In the open-loop simulation, the yield map reflects mainly

the differences among nitrogen fertilization levels, with strong contrast between management zones
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and limited variability within each zone. This results in a rigid spatial pattern that does not reproduce
the more complex variability observed in the field (Pasquel et al. 2022). By contrast, the assimilation
of remotely sensed biophysical variables makes the simulated map more consistent with the spatial
pattern of measured yield, reducing dominant effect of fertilization differences and recovering part of
the variability (Basso and Liu 2019; Fabbri et al. 2023). This improvement should nevertheless be
interpreted as the effect of stronger observational constraints on simulated crop states, rather than

evidence that all underlying field-scale processes were fully represented.

These results should be interpreted considering several limitations. The study was conducted in a
single area and over only one growing season, so the robustness of the proposed framework remains
to be tested under different conditions and pedoclimatic contexts. Only one crop model and one
optimization-based assimilation scheme were evaluated, without exploring the potential of alternative
models or sequential approaches better suited to in-season updating (Jin et al. 2018). Third, the
uncertainty associated with the remotely sensed variables was not explicitly incorporated into the
assimilation process, even though the results clearly indicate that differences in retrieval quality
among biomass, LAI and canopy nitrogen content strongly affected the performance of tested
schemes. Future developments should include multi-year and multi-site applications, comparison
among different crop models and assimilation algorithms, and the explicit integration of observational
uncertainty, for example through differentiated weighting strategies or Bayesian approaches (Dlamini
etal. 2023; Luo et al. 2023). A further direction concerns the use of sequential schemes to dynamically
update yield forecasts during the season, exploiting satellite observations as they become available
(Khodarahmi and Maihami 2023; Silvestro et al. 2021; Wang et al. 2024). Finally, linking the
simulated maps to decision rules for nitrogen management will make it possible to assess to what

extent the benefits at the modelling level translate into concrete advantages for precision agriculture

(Fabbri et al. 2023)
CONCLUSION

Overall, the results obtained provide some useful indications for the combined use of crop models
and remote sensing data in wheat management. It appears that the choice of variables to be assimilated
cannot be based only on their availability but must consider both their physiological link with the
outputs of interest and the quality of their remote sensing estimates (Li et al. 2015; Yu et al. 2022). In
this study, above-ground biomass proved to be the most suitable variable to constrain the model and
improve yield estimation. The experiments with synthetic data indicated that, under idealised
conditions, some multivariable schemes can slightly improve the joint prediction of yield and grain

nitrogen compared with the best single-variable configurations. When the framework was applied to
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real Sentinel-2 products, however, the additional benefit of multivariable assimilation over the
scheme based solely on biomass was limited and not systematic, reflecting the lower quality and
higher noise affecting LAI and canopy nitrogen in this dataset. These findings support the central role
of aboveground biomass in assimilation schemes for yield prediction, while highlighting that
contribution of LAI and canopy nitrogen content depends strongly on the quality of their satellite
retrievals. The extension of the framework to the pixel scale and the possibility of obtaining high-
resolution yield maps from a limited number of ground measurements indicate that this type of
approach can support the delineation of management zones and the ex post evaluation of
differentiated fertilisation strategies and, in perspective, the design of variable-rate applications

(Dlamini et al. 2023; Luo et al. 2023).
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